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Highlights

e Our systematic review (N=129) shows AIFB research surged post-2018, driven by
large language models.

o AIFB effectively supports multiple feedback domains (task, process, self-regulation,
self) and complexity levels.

e Evidence indicates generally positive impacts on learner perceptions, actions, and
outcomes.

e Limited transparency about Al algorithms calls for improved reporting.

e Our new conceptual model synthesizes these insights and guides future AIFB

research.



Journal Pre-proof

Title:
Unraveling the mechanisms and effectiveness of Al-assisted feedback in education: A

systematic literature review

Author names and affiliations:
Shen Ba?, Email: bas@eduhk.hk

Lan Yang?, Email: yanglan@eduhk.hk

Zi Yan?, Email: zyan@eduhk.hk

Chee Kit Looi?: cklooi@eduhk.hk

Dragan Gasevié®: dragan.gasevic@monash.edu

4Department of Curriculum and Instruction, The Education University of Hong Kong, Hong

Kong SAR, China.

®Faculty of Information Technology, Monash University, Clayton, VIC, Australia.

Corresponding author:

Lan Yang, Block D, Department of Curriculum and Instruction, The Education University of

Hong Kong, 10 Lo Ping Road, Hong Kong SAR, China. Email: yanglan@eduhk.hk

Abstract

Rapid advancements in Artificial Intelligence (Al) have prompted growing interest in
leveraging Al for educational feedback. Yet, the centrality of the learner in this process is
often overshadowed by technological excitement, and a broad understanding of Al-assisted
feedback (AIFB) in education remains evolving. To address this gap, we conducted a
systematic review of 129 peer-reviewed journal articles (2014-2023) based on widely used

Al-related search terms to examine how Al, especially generative Al, supports feedback
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mechanisms and influences learner perceptions, actions, and outcomes. Our analysis
identified a sharp rise in AIFB research after 2018, driven by modern large language models.
We found that Al tools flexibly cater to multiple feedback foci (task, process, self-regulation,
and self) and complexity levels (basic, intermediate, and elaborated). Our findings
demonstrate that AIFB can effectively enhance targeted learning outcomes. By employing a
transparent and field-aligned methodology, we synthesized recent advances and offers
actionable insights for both research and practice. While the focus on widely recognized Al-
related search terms ensures strong comparability and relevance, some specialized subfields
(e.g., Automated Writing Evaluation), are less prominent in this synthesis. The study also
highlights the ongoing need for clearer reporting of underlying Al algorithms. Building on
these findings, we propose an original conceptual model that synthesizes current progress and
offers a roadmap for future explorations. By illuminating the affordances and constraints of
AIFB, we highlight the necessity for transparent methodological reporting and underscores
the importance of integrating pedagogical and technological insights to promote meaningful,

learner-centered feedback.

Keywords: Artificial intelligence, feedback, education, systematic literature review
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1. Introduction

Artificial intelligence (Al) can be defined as “systems that display intelligent behavior
by analyzing their environment and taking actions (with some degree of autonomy) to achieve
specific goals” (Sheikh et al., 2023, p. 16). Generative Al (GAI) includes specific Al models,
such as large language models or generative adversarial networks, that generate new outputs
(text, images, or other formats) resembling the data on which they were trained (Sengar et al.,
2024; Goodfellow et al., 2014). The rapid evolution of GAI has sparked a wide array of
imaginations, expectations, and concerns regarding its prospective impact on education
(Hooda et al., 2022; Hwang & Chen, 2023).

On the one hand, GAI is promising for providing learners with immediate feedback,
overcoming the restrictions of time, space, and human workload (Ba et al., 2025; Hwang &
Chen, 2023). This advancement constitutes a significant step toward educational goals
including lifelong learning (Belcadhi, 2016), seamless learning (Wong & Looi, 2011), and
equitable access (Jemeli & Fakandu, 2019). On the other hand, there are valid concerns about
the accuracy of machine-generated content, the method of information delivery, and how
learners interact with GAIl (Chan & Hu, 2023; Yang et al., 2024). Even when the content is
accurate, the instructional design for content delivery is crucial to stimulate cognitive
engagement and foster critical thinking (Ayanwale et al., 2024; Mayordomo et al., 2022). The
delivery approach can also affect whether learners utilize GAI tools responsibly and ethically
(Hwang & Chen, 2023). Thus, the key challenge is to integrate Al-driven tools while ensuring
that learner needs, ethical considerations, and pedagogical value remain paramount.

In this study, we adopt a clearer definition of feedback to underscore its role in
shaping learner understanding and performance. Rather than referring to feedback exclusively
as a “process,” we emphasize that feedback is information presented to learners concerning
the accuracy, quality, or effectiveness of their work. This information can correct

misunderstandings (Wambsganss et al., 2022), offer actionable advice for skill development
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(Jiang et al., 2023), and bolster motivation and confidence (Ouyang et al., 2023), all of which
likely lead to a more efficient learning process (Morris et al., 2021).
1.1 Educational feedback

Hattie and Timperley (2007) describe four distinct focus levels of educational
feedback. Task-level feedback addresses the correctness or quality of learners” work on a
specific task (e.g., highlighting grammatical errors). Process-level feedback considers the
strategies and methods learners adopt, often suggesting method adjustments. Self-regulation
feedback targets the enhancement of metacognitive and self-regulation skills. Lastly, self-
level feedback concerns learners’ confidence and self-esteem rather than a specific task.

Educational feedback can also vary in complexity (Fu et al., 2024; Shute, 2008).
Drawing on Shute’s (2008) taxonomy, feedback can be synthesized into three levels: basic,
intermediate, and advanced. Basic feedback offers minimal information, such as verifying
correctness or providing the right answer without explanation. It supports procedural accuracy
but lacks instructional depth. Intermediate feedback includes forms like error flagging,
attribute isolation, and topic-contingent feedback, which guide learners by drawing attention
to task-relevant features without diagnosing specific misconceptions. Advanced feedback is
highly elaborated and personalized, including response-contingent explanations, strategic
hints, and informative tutoring, which actively scaffold learners’ reasoning and address
underlying misconceptions. This continuum reflects increasing cognitive support and is useful
for aligning feedback design with learner needs and instructional goals (see Shute, 2008, pp.
160-161 for details; Based on Shute’s work, see also Appendix C for our synthesized
descriptions of feedback levels). By synthesizing these dimensions of feedback focus and
complexity with Al capabilities, our review aims to clarify how GAI can be harnessed to
enrich learning outcomes while maintaining a balanced, learner-centered pedagogical

approach.
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1.2 Al-assisted feedback

In this review, we define Al-assisted feedback (AIFB) as the use of Al technologies to
analyze learning environments, tasks, and learner data in order to provide supportive actions
that help learners progress toward specific learning goals. This perspective builds on
extensive research into feedback theories, methods, and outcomes, as well as the integration
of Al technologies in educational settings. Early intelligent tutoring systems offered feedback
based on preprogrammed responses and rigid algorithms, thus delivering only limited
adaptivity and personalization (Mousavinasab et al., 2021; Nye et al., 2014). Nonetheless,
these pioneering systems laid the groundwork for more advanced approaches utilizing
generative Al (GAI). For instance, Hooda et al. (2022) examined Al and machine learning
algorithms used to support higher education assessment and feedback, focusing on
algorithmic performance and its link to learning outcomes. Similarly, Deeva et al. (2021)
proposed a classification framework for systems designed to provide automated feedback,
highlighting predominantly technical aspects. Moving into writing-specific domains, Fu et al.
(2024) and Shi and Aryadoust (2024) reviewed how automatic writing evaluation can shape
writing performance and learners’ perceptions of feedback. In digital learning contexts,
Bimba et al. (2017), Cavalcanti et al. (2021), and Maier and Klotz (2022) collated information
on the generation of automatic, personalized feedback, examining its various purposes and
reported effects. Despite these contributions, there is still a lack of cohesive synthesis on how
GAlI can be strategically integrated into feedback practices in a way that prioritizes both
learner-centered and pedagogically sound approaches.

Previous reviews have also largely focused on the technical performance of Al
algorithms (Deeva et al., 2021; Hooda et al., 2022) or have been confined to specific learning
contexts (Bimba et al., 2017; Cavalcanti et al., 2021; Fu et al., 2024; Law, 2024; Maier &
Klotz, 2022; Shi & Aryadoust, 2024). While some studies have explored aspects of learner

perceptions or performance (Shi & Aryadoust, 2024), an integrative analysis that synthesizes
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how Al-assisted feedback (AIFB) is associated with learner perceptions, actions, and
outcomes across diverse Al technologies remains limited. Addressing this gap is important for
developing a more nuanced and evidence-informed understanding of AIFB’s effectiveness
from the learner’s perspective.

Given the mixed expectations, uncertainties, and concerns surrounding GAI, a
retrospective review summarizing recent applications of Al in educational feedback is both
timely and necessary. Importantly, the true measure of any technology's value in education
lies not in its technical sophistication but in its impact on learners—the ultimate beneficiaries.
A review focused on learner experiences offers significant potential to inform and improve
the design, implementation, and evaluation of AIFB tools:

2. Aims and objectives

The primary aim of this review is to systematically investigate how Al, particularly
GAl, can enhance educational feedback in ways that maintain a strong learner-centered focus.
This objective is informed by the Seli-System Model of Motivational Development (SSMMD)
(Connell & Wellborn, 1991; Skinner et al., 2008), which provides a conceptual foundation for
examining the interaction between Al-assisted learning environments and learner outcomes.
Central to this model are the principles that learning environments directly influence learners'
perceptions of competence, autonomy, and relatedness. These perceptions subsequently guide
learners' actions and behaviors, ultimately impacting educational outcomes such as
performance, knowledge acquisition, and skill development.

Drawing on the SSMMD, this review pursues four interrelated objectives that frame our
research questions:

1) To contextualize the landscape of AIFB research by analyzing the bibliometric and
methodological profiles of existing studies. This addresses how AIFB functions as an

educational environment—a core tenet of the SSMMD.
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2) To identify and classify the mechanisms of AIFB across macro (e.g., data sources
and Al models), meso (focus levels of feedback), and micro (complexity levels) dimensions.
These mechanisms represent the structural components of the Al learning environment that
influence learner perceptions.

3) To examine the influence of AIFB on learners’ perceptions, actions, and outcomes,
in alignment with the SSMMD’s proposition that learner behavior is shaped by perceived
competence, autonomy, and relatedness within a given environment.

4) To explore the interconnections between AIFB mechanisms and their educational
effectiveness, thereby modeling the dynamic and reciprocal pathways outlined in the
SSMMD.

These objectives guide a theory-informed synthesis of the empirical literature, aiming
to inform educational researchers and practitioners about the nuanced roles of AIFB in
shaping learner experiences and outcomes.

3. Methods
3.1 Research Questions and Rationale

Figure 1 operationalizes the SSMMD as a guiding analytical framework by delineating
two interrelated components: the mechanisms of AIFB and the indicators of its effectiveness.
On the left, the framework outlines three levels of feedback mechanisms—macro, meso, and
micro—coded in alignment with research questions RQ2a to RQ2d. The macro level focuses
on the data and algorithms that drive Al decisions (e.g., deep learning and chatbot models),
while the meso level draws on established pedagogical feedback constructs (e.g., Hattie &
Timperley’s four levels), and the micro level refers to task-specific feedback complexity
(Shute, 2008). This layered structure reflects the complex characteristics of AIFB as an
environmental input that interacts with learners, consistent with the SSMMD’s environmental

influence dimension.
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The right side of Figure 1 aligns with RQ3a to RQ3c and RQ4, mapping how AIFB

mechanisms influence learners' perceptions, actions, and outcomes. The framework traces

these learner-centered responses that could be shaped by perceptions such as cognitive and

emotional responses, actions such as self-regulation and collaboration, and learning outcomes

including achievement and skills development. This progression captures the pathways

articulated in the SSMMD: from environmental input (AIFB mechanisms) through internal

processes (learner perceptions) to behavioral engagement and ultimate academic results.

Hence, Figure 1 serves as an integrative conceptual tool to explore how diverse Al feedback

mechanisms intersect with learner processes in a manner that is theoretically coherent with the

SSMMD maodel.

Figure 1

An integrated conceptual framework adapted from the SSMMD
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The SSMMD model delineates the following core tenets:

1) Environmental influence: The characteristics of educational environments (e.g., Al-

assisted feedback) significantly shape learner perceptions.

2) Learner perceptions: Learners develop cognitive, social, and emotional perceptions

based on their interactions within the learning environment.

3) Learners’ actions: Learners' perceptions directly influence their engagement and

regulatory actions, including self-, co-, and socially-shared regulation.
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4) Learning outcomes: Learners’ actions are the primary determinants of educational
outcomes, such as performance improvement and skill development.
Building on these tenets, our review is guided by four overarching research questions
(RQs) designed to systematically explore how Al-assisted feedback (AIFB) functions as an
environmental input and influences various learner outcomes.
RQ1: What are the bibliometric and methodological profiles of the reviewed
studies on AIFB in education?
RQ2: What are the mechanisms of AIFB in education?
e RQ2a: What types of data and evidence inform AIFB?
e RQ2b: What types of Al models and algorithms are employed?
e RQ2c: What are the focus levels of AIFB?
e RQ2d What are the complexity levels of AIFB?
RQ3: What are the effects of AIFB on iearners?
e RQ3a: How is AIFB associated with learner perceptions?
e RQ3b: How is AIFB associated with learner actions?
e RQ3c: How is AIFB associated with learning outcomes?
RQ4: What are the associations between AIFB’s mechanisms and effects?
3.2 Research design and procedures
Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) statement (Page et al., 2021), this review involved six phases (Figure 2): 1)
defining the research objectives and questions; 2) conducting focused searches in major
databases; 3) screening articles based on pre-determined inclusion and exclusion criteria and
conducting citation tracking; 4) extracting and coding data; 5) synthesizing and analyzing

data; and 6) deriving interpretations and conclusions.



Journal Pre-proof

Figure 2
Procedures of the systematic literature review

Phase 1: Research objectives and questions
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T &
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3.3 Inclusion and exclusion criteria

The publication time was set to range from January 2014 to December 2023, aligning with the
introduction of generative adversarial networks (GANS), a milestone widely recognized as the
foundation of modern generative Al research (Chiu et al., 2023; Goodfellow et al., 2014).
Articles were required to be written in English, published in peer-reviewed journals, and to
explicitly employ artificial intelligence (Al) technologies, including but not limited to
generative adversarial networks (GANS), large language models (e.g., GPT, BERT), machine
learning, deep learning, neural networks, intelligent tutors, expert systems, and chatbots, to
assist feedback processes in educational contexts. The selection of these search terms was
rigorously informed by established practices in the field, as evidenced by recent, high-impact
systematic reviews in Al and education (see Cavalcanti et al., 2021; Gonzéalez-Calatayud et

al., 2021; Hopcan et al., 2023; Salas-Pilco et al., 2022; Sun et al., 2023; Zhai et al., 2021,
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Zhao, 2024). This approach ensured methodological consistency and comparability with the
international literature, enabling our findings to be situated within the broader trajectory of

Al-in-education research synthesis.

For this review, Al-assisted feedback was defined broadly, encompassing systems
that demonstrate intelligent behavior by interpreting data from their environment and taking
autonomous or semi-autonomous actions to support pedagogical goals (Sheikh et al., 2023).
To operationalize this definition, the search strategy targeted studies that clearly described the
use of Al-related technologies in feedback applications, using keywords directly associated
with these models in educational contexts (see Appendix A) (Roll & Wylie, 2016; Zawacki-

Richter et al., 2019;).

Consequently, studies that focused solely on rule-based, automated, or traditional Al
feedback systems (e.g., automated writing evaluation tools or expert systems) were excluded
unless they incorporated the Al-related technologies specified above. While this search
strategy ensured consistency and replicability, it may have excluded otherwise relevant
studies that did not explicitly reference Al-related terminology in their titles, abstracts, or
keywords, consistent with the scope and limitations observed in other leading systematic
reviews (e.g., Feng, 2022; Stevenson & Phakiti, 2014). Additionally, the articles had to have
empirical data on learners’ perceptions, actions, and/or outcomes in response to Al-assisted

feedback. Articles that did not meet the abovementioned criteria were excluded.

3.4 Searching and screening strategies

This review searched Web of Science, Scopus, ERIC, and ACM, ensuring broad yet
methodologically consistent coverage of journal articles across multiple fields (e.qg.,
education, educational technology, computer science, and engineering), guided by the search

strategies of established systematic reviews in Al in education (Cavalcanti et al., 2021; Deeva
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et al., 2021). The search terms were drawn from three categories (“artificial intelligence,”
“feedback,” and “education”) as detailed in Appendix A, and were refined to reflect widely
accepted Al-related terminology and to emphasize alignment with the inclusion and exclusion
criteria described in Section 3.3. Boolean operators were used to combine these terms for
systematic and targeted searches in each database. Metadata, including titles, abstracts, and

authors, was extracted and stored for all retrieved records.

Following the initial search, this review employed a three-round screening process,
systematically filtering the articles by title, abstract, and full text, according to the clearly
defined inclusion and exclusion criteria in 3.3. This process (see also Figure 3) was
specifically designed to identify studies explicitly describing the use of Al technologies in
feedback applications as operationalized in the review, and to exclude those limited to rule-
based or non-generative Al systems. To enhance reliability and reduce subjectivity, one
researcher performed the screening primarily, while another researcher randomly checked
20% of the articles. Their decisions were consistent for over 90% of the checked articles, and
agreement was reached on the rest after discussion. Afterward, citations associated with the
remaining articles were examined to minimize the risk of overlooking relevant articles.

Figure 3
PRISMA flow diagram
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Identification of studies via databases

Records identified from:

Web of Science (n = 443) Records removed before screening:
Scopus (n=2,712) ’ Duplicate records removed
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ERIC (n = 195)

Records screened > Records excluded

(n=2.827) (n=2,549)

Reports soughl for retrieval Réports not retrieved
>

(n = 278) (n=13)

.

Reports assessed for eligibility
(n=265) Reports excluded (n = 136):
Unclear feedback type

No empirical data

No leamning related measures

: Studies included in review
(n=129)

3.5 Extracting and coding information

Two researchers with considerable experience in Al and education conducted data
extraction and coding, following the scheme detailed in Table 1. The researchers utilized
established frameworks for certain data elements, including feedback focus categories from
Hattie and Timperley (2007) and feedback complexity classifications from Shute (2008).
Classification of feedback focus and complexity was based either on direct examination of the
feedback content or on the authors’ descriptions within the reviewed studies when explicit

feedback content was not provided. Meanwhile, codes for perceptions, actions, and outcomes
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emerged as variables in the reviewed studies and were formed into different categories
inductively.

The coders first collectively worked on 5% of the articles to build a baseline
consensus. Subsequently, they independently coded a randomly selected 20% of the data,
after which, the inter-rater reliability was calculated using Cohen’s kappa (Cohen, 1960).
Specifically, Cohen’s kappa values were calculated for each coding category. The values
ranged from 0.81 to 0.87 across categories (see Table 1), indicating substantial to almost
perfect agreement. Once an acceptable kappa score was achieved and disagreements were

resolved, the coders divided the remaining data equally for independent coding.

Table 1
Data extraction and coding scheme
Extracted data Description/Example codes Cohen’s kappa
Publication year - -
Research methodology I g . . 0.87
(Creswell, 2009) 1) quantitative, 2) qualitative, 3) mixed methods.
Sample size 1) small (size < 30), 2) medium (30 <= size < 50), 3) 0.82
RQ1 (Fuetal., 2024) large (50 <= size <100), 4) very large (size >= 100).

1) elementary, 2) secondary, 3) undergraduate, 4) 0.85

Education level postgraduate, 5) others.

Educational context e.g., language, science, and personal development. -

Data and evidence Types of learning data collected and input to Al 0.84
models.
Al model and . 0.81
algorithm e.g., chatbot, deep learning, and large language models.
RQ 2 Focus level 0.86

1) task-level feedback, 2) process-level feedback, 3)

(Hattie & Timperley, self-regulation level feedback, 4) self-level feedback.

2007)
Complexity level 1) basic feedback, 2) intermediate feedback, 3) 0.83
(Shute, 2008) elaborated feedback.

e.g., perceived cognitive development, satisfaction, and 0.85

Learner perception technology usability.

RQ 3 Learner action e.g., idea generation, number of revisions, and social 0.84
interaction.
Learning outcome e.g., test performance, writing skills, and artistic skills. 0.82

3.6 Data analysis
After completing the coding, descriptive and thematic analyses were conducted to

answer each research question. For RQ1, bibliometric and methodological profiles were
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analyzed by categorizing studies based on publication trends, research designs, sample sizes,
participant demographics, educational domains, and learning contexts. For RQ2, data
modalities, Al models, AIFB focus, and AIFB complexity were examined. Frequencies and
distributions were calculated to identify patterns. For RQ3, the associations between AIFB
and learner perceptions, actions, and outcomes were explored through categorical analysis of
reported findings. Studies were grouped by perception types (e.g., cognitive, social/emotional,
technological), action categories (e.g., self-regulation, co-regulation), and learning outcomes
(e.g., cognitive achievement, skill development). Finally, RQ4 synthesized associations
between AIFB’s mechanisms (e.g., feedback levels and complexity) and its reported effects,
emphasizing trends such as the alignment of task- and process-level feedback with cognitive
and actionable perceptions, as well as the role of intermediate and elaborated feedback in
fostering both individual and collaborative learning outcomes.

4. Results

4.1 RQ1: What are the bibliometric and methodological profiles of the reviewed studies on
AIFB in education?

The number of publications on AIFB in education has increased drastically, from
fewer than 10 annual publications before 2019 to over 35 in 2023 (Figure 4). The reviewed
studies exhibited an even distribution between quantitative (n = 61) and mixed methods (n =
60) approaches. Meanwhile, the number of pure qualitative research (n = 8) was found to be
much smaller.

Figure 4
Number of publications yearly
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The reviewed studies varied in sample sizes, with 31 studies involving 50 to 100
participants (“large”), while 49 had more than 100 (“very large”). “Medium” (30 to 50
participants) and “small” (less than 30 participants) sample size studies were also well
represented, with 21 and 24 occurrences, respectively. Besides, three studies incorporated
multiple sample groups, and seven did not specify their sample size. Most studies (n = 75)
recruited undergraduate students, followed by 15 studies involving postgraduate students and
another six having a mix of both. Only a few studies involved elementary (n = 12) and
secondary (n = 10) school students. The remaining 11 studies either described their
participants generally (e.g., adults) or did not specify.

Around one-third of the studies (n = 44) were conducted in educational domains
related to language, communication, and writing. Slightly fewer studies (n = 31) focused on
STEM subjects (science, technology, engineering, and mathematics), followed by areas
related to personal development, professional skiils, and general education (n = 27).
Moreover, 16 studies were about health science education, while arts, creativity, and design
were the least studied (n = 9).

In terms of learning contexts, the majority of studies were conducted in digital or
online environments (n = 66), reflecting the growing adoption of technology-mediated
learning platforms. Classroom-based implementations were reported in 19 studies, while 32
studies employed a blended learning approach that combined face-to-face and online
components. A smaller number of studies were conducted in laboratory settings (n = 9) or
informal learning contexts (n = 3), such as self-directed or extracurricular environments.

4.2 RQ2: What are the mechanisms of AIFB in education?
4.2.1 RQ2a: What types of data and evidence inform AIFB?

The synthesis of data modalities revealed a predominant reliance on textual data (n =

73), such as student essays, conversations with chatbots, and discussion threads. Performance

and interaction data (n = 26) was a common input for informing or generating feedback. This
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data modality consisted of quantifiable metrics such as attendance, quiz scores, and system
interaction logs. Audio and visual data, including speech recordings, artwork images, and
facial expressions, were considered in 15 studies. Besides, 10 studies modeled movement data
for feedback, such as physical gestures and interactions within virtual spaces. Notably, five
studies combined multiple data modalities to build AIFB models.

4.2.2 RQ2b: What types of Al models and algorithms are employed?

The summary of Al models and algorithms showcases a range of specialized
technologies tailored to assist feedback. Conversational agents, such as IBM Watson (2
studies), Google’s Dialogflow (4 studies), CSIEC chatbot, Virtual Operative Assistant, Bilge,
and Rasa, were particularly prevalent, with 24 studies emplioying them to simulate human-like
conversations and provide tailored feedback to learners. In this review, conversational agents
generally refer to conventional rule-based or retrieval-based systems developed prior to the
wide application of GAI tools. Deep learning techniques, including convolutional neural
networks, long short-term memory networks (LSTM), and OpenPose, were adopted in 17
studies. This is the same number as those that employed traditional machine learning models,
such as support vector machines, decision trees, and hidden Markov models. As a distinct
category, large language models (LLMs), including bidirectional encoder representations
from transformers (BERT), generative trained transformers (GPT), and ResNet50, were used
in 14 studies. Unlike earlier conversational agents, LLMSs represent a more advanced class of
transformer-based models, which were initially used for natural language processing tasks
such as semantic analysis and text classification, rather than interactive conversation. That
said, there is some overlap, as four studies in this review specifically employed LLM-based
chatbots (e.g., ChatGPT), reflecting the growing integration of GALI. In addition, 12 studies
examined automatic writing evaluation systems (IntelliMetric, Pigai, Juku, Willow). As for
the remaining studies, 17 investigated specialized Al tools (e.g., iFlyRec), while 28 did not

specify the details of Al tools or models.
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4.2.3 RQ2c: What are the focus levels of AIFB?

Results have demonstrated two distinct AIFB strategies, namely single-level and
multi-level feedback. For single-level feedback, task-level feedback has been more commonly
studied (n = 29), followed by process-level feedback (n = 18). Meanwhile, no studies have
solely adopted self-regulation level or self-level feedback.

For multi-level feedback, many studies (n = 55) investigated AIFB manifested at both
task and process levels. An even more holistic approach was observed in 16 studies,
synergizing feedback across three levels (task, process, and self-regulation). The other
combinations of feedback levels were less common, including process and self-regulation
levels (n = 7) as well as task and self-regulation levels (n = 2).

4.2.4 RQ2d What are the complexity levels of AIFB?

In general, there has been an inclination toward detailed feedback. Specifically, AIFB
at the basic level, which typically only includes indicators for correctness, was very rare
among the reviewed studies (n = 1). in comparison, 81 studies implemented intermediate
feedback, which carries more information such as explanations, hints, and suggestions for
improvement. Furthermore, elaborated feedback, consisting of detailed explanations, tailored
advice, and constructive scaffolding, was observed in 46 studies.

4.3 RQ3: What are the effects of AIFB on learners?
4.3.1 RQ3a: How is AIFB associated with learner perceptions?

The reviewed studies on learner perceptions in response to AIFB were roughly
categorized under cognitive perceptions, social/emotional/motivational/competent
perceptions, and usability/technological perceptions (Table 2). The full list of research output
(RO) can be found in Appendix B.

In the cognitive domain, 21 studies examined outcomes on perceived cognitive
development (e.g., perceived skill mastery and understanding), with 20 of them indicating

positive associated effects of AIFB. Additionally, 10 out of 14 studies reported favorable
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perceptions regarding the accuracy and personalization of AIFB. Twelve studies reported an
increase in learners’ perceived performance. Furthermore, nine out of 10 studies indicated that
AIFB did not increase cognitive load among learners. The associated effects of AIFB on
learners’ perceived metacognitive and higher-order thinking skills was also explored in eight
studies, with only one reporting no change.

Regarding social/emotional/motivational/competent perceptions, most studies focused
on learner satisfaction (n = 29). Seventeen studies explored learners” motivation and attitude,
with positive findings. Thirteen studies also confirmed the positive relationship between
AIFB and learners’ self-efficacy and confidence. As for perceived emotions, 11 out of 12
studies found increased positive emotions among learners, while six studies demonstrated that
AIFB helped reduce negative emotions. Social interaction (e.g., social learning and isolation)
was less commonly investigated in only three studies.

Al-assisted and actionable perceptions centered on actionable learning experiences
with Al-assisted tools (e.g., attention and engagement), with 21 studies reporting favorable
experiences. Technology usability and reliability were assessed in 19 studies, with 17
confirming positive outcomes. The perceived timing of AIFB was assessed and considered
suitable by 10 studies. Additionally, five studies explored the potential for AIFB to enhance

self-regulated learning.
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Table 2
AIFB on learner perceptions

21

Cognitive perceptions

Cognitive development evaluation (n = 21)

Increased (n = 20): RO16; RO22; RO24; RO32; RO34; RO43; RO49; RO58; RO63;
RO65; RO68; RO75; RO78; RO81; RO83; RO90; RO98; RO108; RO116; RO123

No change (n =1):
RO108

Content accuracy and personalization
analysis (n = 14)

Increased (n = 10): RO2; RO8; RO14; RO16; RO47; RO80; RO93; RO9%4; RO111;
RO117

No change (n=1):
RO76

Decreased (n = 3):
RO53; RO66; RO93

Performance evaluation (n = 12)

Increased (n = 12): RO4; RO8; RO20; RO43; RO47; RO52; RO60; RO66; RO106;
RO112; RO118; RO128

Cognitive load analysis (n = 10)

Increased (n = 1): RO61

No change (n = 4):
RO26; RO121;
RO124; RO126

Decreased (n = 5):
RO6; RO12; RO105;
RO114; RO118

Evaluation of metacognitive and higher-order
thinking skills (n = 8)

Increased (n = 7): RO30; RO40; RO49; RO68; RO78; RO114; RO116

No change (n =1):
RO37

Satisfaction (n = 29)

Increased (n = 26): RO5; RO10; RO15; RO16; RO17; RO18; RO23; RO24; RO27;

RO28; RO43; RO45; RO63; RO65; RO66; RO67; RO70; RO75; RO77; RO84; RO87;

No change (n =2):

Decreased (n = 1):

Al-assisted self-regulated learning (n = 5)

Increased (n = 4): RO43; RO61; RO74; RO129

=
c
2 RO89; RO90; RO100; RO112; RO118 ROS7; RO8S ROS8

-

i . . _ Increased (n = 17): RO15; RO23; RO29; RO34; RO40; RO44; RO50; RO56; RO62;

© = - -

S 5 @ Motivation and attitude (n = 17) RO70; RO75; RO76; RO78; RO93; RO99; RO112; RO114

S5 .6 - ffi " - Increased (n = 13): RO15; RO16; RO30; RO56; RO61; RO66; RO73; RO75; RO84; No change (n=2): :

gcg Self-efficacy and confidence (n = 15) RO89; RO107; RO112: RO116 RO37; RO102

o _- @ - . . N N . N N N N N —1)

> = 8 . . _ Increased (n = 11): RO4; RO23; RO26; RO32; RO37; RO59; RO70; RO80; RO9Y; No change (n = 1):

] g g_ Positive emotions (n = 12) RO119: RO129 RO24

S 2 Decreased (n = 6):

@ g Negative emotions (n = 6) - - RO6; RO12; RO14;
5 RO34; RO41; RO74
S Social interaction (n = 3) Increased (n = 3): RO24; RO43; RO78 - -

increased (n = 21): RO4; RO16; RO18; RO31; RO32; RO43; RO44; RO49; RO50;

° Actionable learning experience (n = 21) RO59; RO63; RO70; RO73; RO75; RO79; RO81;RO83; RO85; RO98; RO109; - -

c @@ RO114

Tag ™ P Increased (n = 17): RO4; RO5; RO9; RO15; RO23; RO27; RO31; RO32; RO35; No change (n =1): Decreased (n = 1):

D ®© & : ) ; s s H ) H ] 1 . :

% 8 Technology usability and reliability (0= 19) " gos,. Roso: Ro72: ROBO; ROB2: ROB4; RO%: RO99 RO102 RO24

s 2 8 10V ROB- - - - - - - - -

28 5 Timing of AIFB (n = 10) Increased (n = 10): RO6; RO16; RO29; RO32; RO40; RO47; RO84; RO94; RO111; i

L © g RO117

<

Decreased (n = 1):
RO39
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4.3.2 RQ3b: How is AIFB associated with learner actions?

Around one-third of the reviewed studies captured learners’ actions in response to
AIFB. Given the locus of control of these actions (i.e., individual, interpersonal, and group),
this review categorized them under self-regulation, co-regulation, and socially shared
regulation (Hadwin & Oshige, 2011; Zimmerman, 2008), which helped distinguish the

context in which changes of actions occurred (Figure 3).

Table 3
AIFB on learners’ actions
Forethought phase - -
Idea/argument/explanation generation (n = 4) EgﬁéRon; RO102;
Engagement in activities (n = 3) RO20; RO89; RO101
-(_%, Eﬁ;i%raagcfz) Task/assignment completion (n =3) RO4; RO9; RO104
% Usage of learning strategies (n = 2) ?:; (‘:]‘Z’e;eo”& (No
= Dashboard usage (n = 1) RO2
» RO55; RO80; RO101;
Self-reflection Number/duration of drafts/revisions/attempts (n = 7) Egﬂg; Egig;
phase (n = 10) (Decreased)
Self-reflection and self-correction (n = 3) RO64; RO80; RO95
Interaction efficacy (n = 1) RO18
-% Carefulness and truthfulness in peer submission reviews (n = 1) RO38
% Open-ended questioning (n =1) RO85
e
8 Co-regulated behavioral sequences (h = 1) RO126
Response frequency and polarity (n = 1) RO96
Collaborative knowledge building (n = 2) R0O120; RO122
Social interaction (n = 2) RO78; RO126
-% Information sharing (n = 1) RO78
% Engagement in discussions (n = 1) RO124
§ Depth and quality of forum posts (n = 1) RO104
E Constructive behaviors (n = 1) RO104
é Depth and complexity in knowledge elaboration (n = 1) RO126
':é Knowledge convergence (n = 1) RO126
Metacognitive regulation (n = 1) RO121
Behavioral transitions (n = 1) RO121

In the reviewed studies, 22 studies capturing learner actions were within individual

learning contexts (i.e., self-regulation). Among these, 12 measures were recorded during the

performance phase (e.g., dashboard usage), while 10 measures pertained to the self-reflection
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phase (e.g., number of revisions). Notably, none of the studies considered learner actions
related to the forethought phase.

Regarding co-regulation (n = 5) and socially shared regulation (n = 8), where learning
involves interactions among multiple individuals, there have been relatively fewer studies
exploring the associated effects of AIFB. The actions examined across these studies also
varied. Despite the diversity, most of the reviewed studies indicated positive effects of AIFB
on learner actions.

4.3.3 RQ3c: How is AIFB associated with learning outcomes?

Around half of the reviewed studies investigated the association between AIFB and
learning outcomes (Table 4). The most commonly examined outcomes were cognitive in
nature, with 36 studies evaluating learners’ academic achievement. Notably, all but one of
these studies reported positive effects, suggesting that AIFB generally contributes to
improved learning performance, often assessing conceptual understanding or memory of
subject content over time.

Beyond cognitive outcomes, a considerable number of studies explored the role of
AIFB in supporting skill development. Writing skills were the most frequently studied (n =
13), particularly in language and communication contexts, where feedback targeted textual
coherence, grammar, or argumentation. Speaking skills were examined in five studies, often
in pronunciation or oral presentation tasks. For these two skill areas, we also examined the
linguistic and geographic contexts in which the studies were conducted, as these factors have
important implications for the interpretation and transferability of findings. Among the 13
studies on writing, most involved learners using English as a second language, with studies
conducted in Mainland China, Hong Kong, Iran, and Norway. Others took place in English-
dominant contexts such as the USA and Canada, while two studies involved German-speaking

learners in Germany and Western Europe, and one study used Chinese as the medium of
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instruction. Similarly, the five studies focusing on speaking skills were largely situated in East
Asian contexts, including Taiwan and Mainland China, and all employed English as the target
language. These patterns suggest that AIFB systems for writing and speaking are frequently
deployed in English as a second language learning environments. Other domain-specific skills
included surgical (n = 3), kinematic or motor coordination (n = 3), and artistic skills (n = 3). A
small number of studies also addressed additional competencies such as communication
skills, punctuation accuracy, and self-diagnosis ability.

Social and collaborative dimensions of learning were addressed in seven studies that
examined how AIFB influenced group processes and outcomes, such as the quality of co-
constructed artefacts (e.g., knowledge graphs). These studies suggest that AIFB can support

not only individual learning gains but also the enhancement of collective cognitive outcomes.
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Table 4
AIFB on learning outcomes

RO1; RO8; RO9; RO10; RO15; RO17; RO19; RO21; RO22;
RO25; RO27; RO28; RO29; RO33; RO36; RO41; RO42 (No
change); RO45; RO52; RO53; RO54; RO55; RO56; RO67;
RO79; RO80; RO87; RO88; RO92; RO97; RO100; RO103;
RO105; RO114; RO115; RO129

RO18; RO26; RO37 (No change); RO44; RO46; RO72; RO98;
RO117

Group knowledge graph scores (n=7) RO120; RO121; RO122; RO123; RO124; RO125; RO126

RO11 (China, English); RO57 (HK, English); RO60 (Canada,
English); RO61 (China, English); RO62 (China, English); RO64
(USA, English); RO71 (Norway, English); RO78 (China,
Chinese); RO83 (Iran, English); RO86 (Germany, German);
RO102 (Western Europe, German); RO106 (China, English);
RO107 (USA, English)

RO12 (Taiwan, English); RO14 (No change) (Taiwan, English);

Test performance and learning achievement (n =
36)

Acquisition of knowledge (n = 8)

Writing skills (n = 13)

Speaking skills (n = 5) RO48 (Increased + No change) (China, English); RO58
(Taiwan, English); RO128 (Zou, English)

Surgical skills (n = 3) RO25 (Increased + No change); RO68; RO69
Skills  Kinematic skills (n = 3) RO34; RO50; RO51

Artistic skills (n = 3) RO7; RO13; RO117

Critical thinking skills (n = 1) RO10

Communication skills (n = 1) RO3 (Increased + No change)

Punctuation skills (n = 1) ROY9

Presentation skills (n = 1) RO77

Prosocial skills (n = 1) RO91

Self-diagnosis accuracy (n = 1) RO86 (No change)
Others Comprehension abilities (n = 1) RO110

Simulation training effectiveness (n = 1) RO82

4.4 RQ4: What are the associations between AIFB’s mechanisms and effects?

This review first explored the associations between feedback foci and learner
perceptions (Figure 5). Overall, there has been a predominant trend of employing task-level
and process-level feedback to support most learning perceptions. Specifically, task-level
feedback was frequently associated with cognitive development evaluation (n = 20),
satisfaction (n = 24), and actionable learning experience (n = 17). Meanwhile, the number of
studies leveraging process-level feedback was relatively higher regarding perceived
performance evaluation (n = 10), cognitive load analysis (n = 10), and negative emotions (n =
5). While self-regulation level feedback was less common overall, it was proportionally more
prominent in studies examining perceived cognitive load (20%) and self-regulated learning

(25%), compared to its frequency across the full set of outcomes.
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Figure 5

The focus levels of AIFB on learner perceptions
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Figure 6 presents associations between various feedback complexity and learner

perceptions. Under the cognitive dimension, the reviewed studies more often adopted

intermediate feedback, except for cognitive load. Studies commonly took cognitive load into

account when using Al-assisted elaborated feedback (n = 8).

Regarding social/emotional/motivational/competent perceptions, the distribution for

intermediate feedback was found to be similar across perception variables. However, a

deviation was observed for negative emotions, which were more frequently associated with

elaborated feedback.

As for Al-assisted and actionable perceptions, the percentage of intermediate feedback

was high for actionable learning experiences (n = 16). Meanwhile, the usage of intermediate

and elaborated feedback was roughly equal among other perception measures in this

dimension.
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The complexity levels of AIFB on learner perceptions
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Figure 7 presents the associations between feedback focus levels and learner actions.
Process-level feedback has been adopted the most frequently across scenarios (self-regulation
n =17, co-regulation n = 6, socially shared regulation n = 7). Meanwhile, task-level feedback
was 2 to 3 occurrences less frequent on average. A small proportion of studies have employed
Al-assisted self-regulation level feedback.

Figure 7
The focus levels of AIFB on learner actions
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Regarding AIFB’s complexity levels (Figure 8), the reviewed studies mainly
examined the association between intermediate feedback and learners’ actions within self-
regulation and co-regulation contexts. In socially shared regulation scenarios, studies
employing intermediate feedback (n = 3) and elaborated feedback (n = 4) were almost even.

None of the reviewed studies considered basic feedback for altering learner actions.
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Figure 8
The complexity levels of AIFB on learner actions
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For AIFB foci and learning outcomes, Figure 9 depicts a similar distribution among
the four focus levels. Feedback was primarily manifested at task and process levels. In terms

of self-regulation level feedback, it was adopted more frequently for test performance and

learning achievement.

Figure 9
The focus levels of AIFB on learning outcomes
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As for AIFB complexity and learning outcomes, intermediate and elaborated feedback
were implemented almost equally to enhance various outcomes except for skill development

(Figure 10). The proportion of intermediate feedback is larger than elaborated feedback for

fostering various skills.
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Figure 10
The complexity levels of AIFB on learning outcomes
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5. Discussion
This review revealed meaningful findings regarding the mechanisms and effectiveness
of AIFB. Based on the conceptual model (Figure 1), findings were categorized and

summarized accordingly (Figure 11). This section discusses the findings and their

implications.
Figure 11
Overview of findings mapped to the integrated conceptual model
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5.1 Bibliometric and methodological profiles
The growth of publications is consistent with observations by Fu et al. (2024) on
automatic writing evaluation feedback and the general development of Al in education (Chen

et al., 2022). One explanation could be that the evolution of Al technologies motivated
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explorations of educational applications. Several modern large language models were
proposed around 2018, such as generative pre-training (GPT 1.0) (Radford et al., 2018) and
bidirectional encoder representation from transformers (BERT) (Devlin et al., 2019).

Methodology-wise, the broad adoption of quantitative (n = 61) and mixed methods (n
= 60) approaches echoes the data-driven nature of AIFB. Quantitative data, such as logs and
test scores, are not only crucial for Al modeling but may also be parts of the research results.
While doing so is technologically straightforward, it calls for attention and rigor in terms of
research ethics (Guan et al., 2023).

Although there have been few pure qualitative studies, the substantial number of
mixed methods research indicates that qualitative insights into the “how” and “why” behind
the effectiveness of AIFB have been valued. With GAI's advanced capabilities for in-depth
interaction and communication, qualitative methods such as content analysis can be crucial
for revealing human-Al interaction dynamics (Wang et al., 2023). That being said, with
increasing data generated, qualitative analysis may also benefit from automatic approaches
(Ba et al., 2023; Shaffer et al., 2016).

The review revealed that more than half of the studies involved large (50 or more
participants) or very large (100 or more participants) samples. This prevalence of large
samples is attributable not only to the primary adoption of quantitative methods but also to the
integration of digital platforms. Since AIFB needs to be hosted by platforms that can process
data, analyze patterns, and generate data-based insights, the deployment of such platforms
could make AIFB more accessible and scalable.

As for participants’ education levels, the finding is not surprising that 90 studies
recruited undergraduate or graduate students. Besides the factor that tertiary students are more
autonomous and accessible, another factor might be the suitability of Al technologies for

younger students. When designing AIFB for less mature learners, especially in the GAI era,
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researchers need to consider both the potential benefits and risks, such as younger learners’
abilities in discerning GAI hallucinations (Williams et al., 2023).

The distribution of studies across subject fields is relatively even, except for slightly
more studies on language, communication, and writing (n = 44). This disparity may be
attributed to the development of large language models, which enable sophisticated analyses
of text data and the generation of accurate and constructive feedback in language-related
disciplines (Xiao & Zhi, 2023).

5.1.1 Data and evidence informing AIFB

This review identified the predominant use of textual data (n = 73) in AIFB, largely
due to advancements in natural language processing technigues (Shaik et al., 2022). The
reliance on textual input may also stem from many learning outcomes being inherently textual
or translatable into text, such as written reports and discussion transcripts (Smith et al., 2020).

Other reviewed studies indicated a shift towards a multimodal approach in Al
applications (e.g., Fazlollahi et al., 2023; Yamamoto et al., 2023; Zou et al., 2023). This
approach is crucial for developing Al systems that offer personalized, context-aware feedback
and accommodate various learning activities.

5.1.2 Al models and algorithms

The results on computational models and algorithms varied widely regarding both
techniques employed and their descriptions. While some studies provided detailed
descriptions of the Al models (e.g., long short-term memory model), others only mentioned a
broad category (e.g., deep learning) or simply the software (e.g., Grammarly). This
inconsistency poses challenges when comparing Al models across studies.

Future studies are recommended to provide systematic and specific descriptions of Al

models and algorithms. This specificity is particularly worthwhile as we enter the GAI era,
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where each iteration and model can present very different capabilities (e.g., ChatGPT 3.5 vs.
ChatGPT 4) (Farhat et al., 2023).
5.1.3 Focus levels of AIFB

Regarding AIFB focus levels, some studies concentrated on a single level (n = 37),
while others incorporated multiple levels (n = 55). Among studies implementing single-level
feedback, task level was the most frequent, followed by process level. This distribution may
be explained by the complexity behind data collection and modeling. Specifically, providing
task-level feedback is relatively straightforward, where the Al models are confined to
identifying errors and offering corrective suggestions. Conversely, process-level feedback
requires the Al models to not only process learners’ action data but also analyze the
associations hidden within actions (Cerezo et al., 2020). Such analyses entail a deeper
understanding of how various actions collectively reflect learners’ cognitive, social, and other
states.

Despite these challenges, many recent studies have integrated multiple feedback levels
(e.g., Chaiprasurt et al., 2022; Ouyang et al., 2023; Zheng et al., 2023). By combining task,
process, and self-regulation feedback, these studies highlight AI’s potential to help
stakeholders build a well-rounded understanding of the learning processes.
5.1.4 Complexity levels of AIFB

The scarcity of studies using basic feedback, coupled with the prevalence of
intermediate feedback, suggests a shift towards offering learners more than right-or-wrong
indicators. Intermediate feedback, which includes not only correctness indicators but also
some explanations, hints, and/or suggestions, signifies a balance between providing learners
with basic information and overwhelming them with non-personalized details. That is to say,

while details in feedback can be informative, excessive details may also distract learners from
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the core feedback (Ferguson, 2011). The capacity to deliver detailed yet personalized
feedback is highly reliant on the affordance of Al models.

In this sense, the adoption of elaborated feedback in 46 studies reflects the fast-
growing capabilities of Al to provide detailed, tailored, and constructive feedback. Such
feedback aligns with constructivist learning theories that emphasize the importance of active
learner engagement and the construction of knowledge through personalized learning
experiences (Bada & Olusegun, 2015). Elaborated feedback demonstrates the potential of Al
to serve as interactive and responsive agents, capable of adapting to individual learner needs
and fostering higher-order thinking skills.

5.2 Associations between AIFB and learner outcomes
5.2.1 Association with learner perceptions

The synthesis of learner perceptions towards AIFB has revealed primarily positive
results across dimensions. The distribution among cognitive perceptions has indicated a focus
on perceived learning gains (i.e., cognitive development evaluation (n = 21) and performance
evaluation n = 12)). Meanwhile, AiFB would not increase learners’ perceived cognitive load
in most cases. This suggests that quality AIFB can reduce uncertainty and confusion about a
topic and facilitate cognitive processing (Wang et al., 2019). Furthermore, the results have
demonstrated a need to continue exploring the associated effects of AIFB on fostering
metacognitive and higher-order thinking skills.

On social/emotional/motivational/competent perceptions, learner satisfaction emerged
as the primary outcome, with 26 studies that highlighted learners’ favorable responses to
learning with AIFB. The enhancement of motivation, attitude, self-efficacy, and confidence
has further underscored the potential of AIFB in creating a supportive and worthwhile
learning environment. Moreover, studies measuring learning emotions indicated that AIFB

effectively relieves negative emotions and promotes positive ones. This finding confirms the
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good practices of AIFB in maintaining a positive stance (Ryan & Henderson, 2018). The
perceived social interaction remains underexplored, suggesting a potential gap in
understanding how AIFB influences group dynamics and collaboration effectiveness.

Regarding Al-assisted and actionable perceptions, the positive actionable learning
experiences across studies have confirmed that Al-assisted tools can actively engage learners.
Moreover, the favorable perceptions of technology usability and reliability have indicated that
current Al-assisted educational systems are accessible and stable, which is crucial for future
applications in educational practices. Studies on the timing of AIFB have further highlighted
the advantage of Al in providing immediate feedback (Ba et al., 2023).
5.2.3 Association with learner actions

Learner actions were the focus in only a small subset of the reviewed studies, with a
tendency to focus on individual learning scenarios rather than social or collaborative learning.
This tendency may partially be attributed to the importance of self-regulated learning, which
is pivotal across various learning activities (Booth et al., 2018). In that sense, despite the
popularity of collaborative learning at all education levels, there is a notable lack of studies
examining AIFB in group-based learning contexts. This scarcity may stem from the
complexities associated with the dynamic nature of collaborative learning, with multiple
learners sharing information and exchanging ideas (Cress et al., 2019). It remains to be
understood whether current or forthcoming large language models can effectively manage
these complexities and provide high-quality feedback in collaborative learning settings.
5.2.4 Association with learning outcomes

The reviewed studies shed light on several outcome dimensions. A majority of the
studies (n = 36) concluded that AIFB was positively associated with test performance and
learning achievement. The findings of these studies have suggested that the benefits of AIFB

are broadly applicable to various educational settings.
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The reviewed studies also extensively explored the development of various skills
facilitated by AIFB. The notable emphasis on writing skills is likely due to the objective
metrics for writing evaluation and the clear delineation of improvement areas where Al can
offer precise and actionable feedback (Deeva et al., 2021; Fu et al., 2024). In more specialized
domains, studies investigating the association of AIFB with surgical, kinematic, and artistic
skills have reflected the adaptability of Al feedback mechanisms to diverse and practical skill
sets. Nevertheless, more evidence is necessary to better understand the effectiveness of AIFB
in enhancing various skills.

5.3 Associations between AIFB mechanisms and effects
5.3.1 Associations between feedback focus and learner perceptions

According to Figure 5, task-level and process-level feedback assisted by Al have been
predominantly used to shape learner perceptions. The frequent association of task-level
feedback with cognitive development evaluation, satisfaction, and actionable learning
experience suggests that task-specific feedback has often been considered suitable for
enhancing both the quality of learning and learners’ engagement with the content (Butler &
Woodward, 2018). Meanwhile, Al-assisted process-level feedback has been diversely
associated with performance evaluation, cognitive load analysis, and negative emotions,
highlighting the feasibility of employing Al to scaffold the learning process by breaking down
complex information and assisting learners through challenging tasks. Despite the relatively
sparse focus on self-regulation feedback assisted by Al, it is shown to be significantly tied to
managing cognitive load and fostering self-regulated learning. The complexity of
implementing this type of feedback with Al might contribute to its sparse usage (Molenaar,
2022). Addressing these barriers in future studies could enrich our understanding of how Al

can support sustained learning efforts.
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5.3.2 Associations between feedback complexity and learner perceptions

The observed trend has indicated a preference for intermediate feedback with regard to
cognitive perceptions, except for cognitive load, where there is a shift towards elaborated
feedback (Figure 6). This finding has indicated that researchers have been cautious when
employing detailed feedback, which might require additional cognitive processing.

A similar inclination towards intermediate feedback remains for
social/emotional/motivational/competent perceptions. However, the domain of negative
emotions stands out, with more studies employing elaborate feedback. Combined with the
association between negative emotions and process-level feedback, the results have suggested
that existing studies tended to address learners’ negative emotions with more intricate and
detailed feedback assisted by Al. Moreover, while that feedback might not be directly
emotional, its level of detail and clarity could help learners decompose complex questions and
thus reduce their negative emotions (Lang et al., 2022; Wang et al., 2019).

5.3.3 Associations between feedback focus and learner actions

The linkages between the focus levels of AIFB and learner actions have presented a
slight predilection for process-level feedback. This suggests that AIFB targeting learning
approaches and strategies might be considered more impactful on individual learner actions
compared to other focus levels. Despite the critical role of self-regulation in guiding learner
actions (Yamada et al., 2017), AIFB operationalized at the self-regulation level has been
underrepresented, pointing to a potential research gap. This gap may stem from the
complexities involved in designing and delivering self-regulation level feedback with Al
(Molenaar, 2022).

5.3.4 Associations between feedback complexity and learner actions
The reviewed studies have mainly employed intermediate AIFB to adjust learner

actions in self-regulation and co-regulation scenarios (Figure 8). This trend may represent a
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common practice of feedback designs in educational settings (Garcia-Jiménez et al., 2015;
Labuhn et al., 2010). Notably, elaborated feedback has been adopted more often for socially
shared regulation actions. While the overall number of studies in this category is small, the
relative prevalence of elaborated feedback echoes a trend of utilizing detailed and nuanced
feedback assisted by Al in collaborative learning contexts (Guasch et al., 2013; Han et al.,
2021).
5.3.5 Associations between feedback focus and learning outcomes

The examination of AIFB focus and learning outcomes has revealed a consistent
pattern in the wide deployment of task- and process-level feedback. This close-to-equal
distribution between the two focus levels has indicated that both the specificities of tasks and
the underlying learning processes were considered crucial for enhancing academic
performance (Wisniewski et al., 2020). Meanwhile, this distribution may also represent a shift
from task- to process-level AIFB as a result of the development of Al technologies (Zhai et
al., 2021).
5.3.6 Associations between feedhack complexity and learning outcomes

The complexity of AIFB In relation to learning outcomes has highlighted a balanced
application of intermediate and elaborated feedback across most outcome metrics. This
observation may be explained by the fact that both types of feedback could be beneficial for
promoting academic achievement. Nevertheless, it remains unclear which complexity level of
AIFB may be more effective in promoting learning outcomes. Furthermore, the balanced
distribution shifts when focusing particularly on skill development, where intermediate
feedback has been employed more often than elaborated feedback. This shift suggests that
learners may better assimilate and apply skills when feedback is concise and actionable rather

than excessively detailed (Ferguson, 2011). This trend has further emphasized the



Journal Pre-proof

consideration required to calibrate the complexity of AIFB to the nature of the targeted
learning outcome.
5.4 Implications

The ongoing advancement of Al in education presents both opportunities and
challenges regarding the immediacy, focus, complexity, and personalization of AIFB.
Building on a seminal review on formative feedback (Shute, 2008), many studies have
advocated for the importance of timely and actionable feedback to boost learners’
metacognition and engagement (Morris et al., 2021; Zhan et al., 2022). However, a major
challenge remains regarding the difficulty for a single instructor to effectively support a large
group of learners (Ba et al., 2023). With Al’s data processiiig affordance, the reviewed studies
have consistently supported AIFB’s efficiency. Future efforts may focus on fine-tuning the
content and delivery formats of AIFB.

The four levels of focus carry diverse roles and are appropriate for different learning
tasks, goals, and contexts (Hattie & Timperley, 2007). While a majority of the reviewed
studies have examined Al-assisted task- and process-level feedback, how Al may assist with
other feedback levels awaits to be examined. Moreover, it is an emerging and promising path
to explore the potential of multilevel feedback.

The results examined via the lens of Shute (2008) in this review indicated that Al
could dynamically adapt the complexity of feedback. While this study took consideration of
Shute’s work, it also went beyond Shute’s relatively static categorization by showing that
feedback can be fluid and evolve during learning based on ongoing assessments of learner
performance and engagement assisted by Al tools.

Hence, personalization is central to AIFB. Given particular learning objectives (i.e.,
perceptions, actions, and outcomes), researchers and practitioners may thoughtfully consider

the type of learning data they can collect (macro), the type of Al models available to them
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(macro), the areas of improvement they focus on (meso), and the level of feedback
complexity that is necessary. By synergizing the above considerations with the advancements
of GALI, it is promising to establish a learner-centered and AIFB approach for future learning.

To sum up, conceptually, we made a unique contribution to combine feedback focus
levels (task, process, self-regulation, and self; Hattie & Timperley, 2007) with feedback
complexity (basic, intermediate, elaborated; Shute, 2008), providing an integrated model of
feedback (meso and micro levels) in examining AIFB’s mechanisms. This extended
conceptual model (Figure 1) has suggested that the effectiveness of feedback would be
contingent not just on the focus of the feedback but also on its complexity. This integrated
conceptual model contributes to a more nuanced understanding of how different types of
feedback interact with perceptions, actions, and outcomes in learning (see Figure 11). The
findings of our study have also highlighted the need for dynamic feedback systems in the age
of Al that adapt both the focus level and complexity of feedback based on real-time
assessments of learners’ understanding of task requirements and task complexity in digital
contexts.

Practically, our findings encourage the adoption of Al tools in educational settings to
explore the mechanisms of AIFB. For instance, Al tools can be used to analyze learners’
responses and automatically adjust the complexity and focus of feedback to address
individual-based needs. This could lead to more personalized learning experiences and
potentially higher engagement and achievement. Our findings on task and process-level
feedback in Al applications have also practical implications for software developers and
educational technologists aiming to create Al that supports deeper learning.

The integration of Al in feedback systems represents a key area of innovation in
education. The conceptual model developed in this study provides a foundation for future

research and the development of dynamic feedback systems that can adapt both focus levels
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and complexity in real time, addressing the evolving needs of learners in increasingly
complex digital contexts. As Al continues to advance, the potential for anticipatory feedback,
where systems predict and address learning gaps before they manifest, represents a critical
direction for the field. This highlights the ongoing relevance of this review, as it informs the
design of next-generation Al tools that support personalized, predictive, and adaptive learning
experiences, contributing to deeper engagement and enhanced outcomes in education.

5.5 Limitations

This review has several limitations to acknowledge. First, to ensure the quality and credibility
of the included studies, the review was restricted to peer-reviewed journal articles. While this
criterion enhances methodological rigor, it may have excluded relevant and innovative work
found in conference proceedings, technical reports, or preprints, particularly given the rapid
development of Al in education. Second, the search strategy relied on a defined set of
keywords related to Al, feedback, and education. Consistent with established practices in
leading systematic reviews in Al and education (e.g., Cavalcanti et al., 2021; Gonzélez-
Calatayud et al., 2021; Hopcan et al., 2023; Salas-Pilco et al., 2022; Sun et al., 2023; Zhai et
al., 2021; Zhao, 2024), our approach prioritized broad and widely recognized Al-related
terminology, rather than subfield-specific terms such as "automated feedback" or "automated
writing evaluation™ (AWE). This methodological decision was made to ensure
methodological consistency, credibility, and comparability within the scholarly community.
Nevertheless, we acknowledge that this approach may have led to the underrepresentation of
studies specifically focused on AWE and similar subfields, as well as studies that did not
explicitly reference Al-related keywords in their titles, abstracts, or indexing. As a result,
certain relevant research domains within Al-assisted feedback may be less visible in the
current synthesis. Third, given the substantial variations in research designs, feedback

implementations, learning contexts, and outcome measures, this review did not aim to draw



Journal Pre-proof

generalizable conclusions about the overall effectiveness of AIFB. Instead, its primary goal
was to synthesize how AIFB has been implemented and what kinds of processes and
outcomes have been associated with its use. Accordingly, any interpretations of impact should
be understood as descriptive and exploratory rather than causal. Finally, the review may be
subject to publication bias, as studies reporting significant or positive findings are more likely
to be published in peer-reviewed venues, whereas null or negative results may remain
unpublished or appear in less prominent sources. This could lead to an overrepresentation of

favorable outcomes in the evidence base.

5.6 Future directions of research

Based on the aforementioned limitations and insights derived from our findings on
AIFB, as summarized in the conclusion section, we propose three significant directions for
future research as follows: First, there is a critical need for standardized reporting of Al
models and algorithms to enhance transparency and replicability in feedback research.
Exploring the advantages and limitations of different Al tools available for educators and
researchers worldwide could potentially lead to more tailored feedback mechanisms. Future
studies should also aim to optimize AIFB, assessing how different feedback strategies (e.qg.,
different combinations of feedback focus and complexity levels) affect various learning
outcomes and how they can be best implemented to balance cognitive load and enhance
learners’ engagement without overwhelming them. Second, future research could endeavor to
broaden the methodological approaches employed in investigating AIFB, integrating
qualitative analyses alongside the prevalent quantitative and mixed methods. This would
enrich or provide a deeper understanding of the nuanced impacts of Al feedback on learning.
For measures of learning outcomes, greater emphasis should be placed on incorporating
objective measures, such as assessments of actual cognitive skills, engagement, and learning

behaviors, to complement self-report data. This would help mitigate the inherent limitations
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of self-reported perceptions and provide a more well-rounded understanding of the effects of
AIFB. Additionally, research needs to extend to a broader range of educational levels and
diverse subject fields to validate the effectiveness of AIFB across various learning stages.
Aside from textual data, it is also meaningful for researchers to expand the range of data
sources used in Al decision-making, including audio, video, and physiological data. Doing so
would enrich the analysis, offering a more comprehensive perspective on learners’
interactions and responses to Al tools. Thirdly, future systematic reviews should consider the
inclusion of subfield-specific terminologies, such as “automated feedback” and “automated
writing evaluation” (AWE), as well as related domains. This would contribute to a
comprehensive coverage of the rapidly evolving landscape of Al-assisted feedback and
address potential gaps identified in the current synthesis, particularly the underrepresentation
of AWE-focused studies. Fourthly, Long-term studies are essential to assess the impacts of
AIFB on learning perceptions, actions, and skill development (for skill development, there
could also be different levels [e.g., low vs. high] to explore further), helping to understand
how learners’ interactions with Al influence their outcomes. Additionally, there is a need to
focus on how AIFB can be designed to help learners manage their cognitive and emotional
loads effectively. Future research can also explore the relationships between learners’
perceptions of AIFB and their learning actions, particularly in contexts of self-regulation and
collaborative learning, to better understand the efficacy and applicability of Al in empowering

feedback for maximizing productive learning.
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Appendix A. Search term list

Avrtificial Intelligence Feedback Education
Machine learning Recommendation Teaching
Deep learning Instruction
Neural network Teacher
Intelligent tutor Instructor
Expert system Learner
Chatbot Student

Search query (formatted for the Web of Science)
((((((TS=("artificial intelligence™)) OR TS=("machine learning")) OR TS=("deep learning")) OR
TS=("neural network™)) OR TS=("intelligent tutor")) OR TS=("expert system")) OR TS=("chatbot")
AND
(TS=("feedback™)) OR TS=("recommendation")
AND
((((((TS=("education™)) OR TS=("teaching")) OR TS=("instruction™)) OR TS=("teacher")) OR
TS=("instructor")) OR TS=("learner")) OR TS=("student")
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Appendix C. Synthesized definitions/descriptions of feedback levels based on Shute

(2008)
Feedback level  Synthesized definition/description by the Examples Shute
authors of this systematic review (2008)
Pages
Basic feedback  Provides minimal information, typically - Verification (right/wrong)  160-161
indicating correctness without explanation. - Correct response
This level supports recognition but not - Try again
understanding or repair of errors.
Intermediate Offers moderate elaboration that highlights - Error flagging 160-161
feedback errors or revisits relevant content but stops - Attribute isolation
short of full diagnostic explanation. It may - Topic contingent
address task features or provide cues
without deep personalization.
Advanced Provides detailed, targeted information - Response contingent 160-161
(Elaborated) aimed at addressing learners' - Hints/cues/prompts
feedback misconceptions or guiding their reasoning. - Bugs/misconceptions
Often includes scaffolding, strategic hints, - Informative tutoring

and personalized feedback without
necessarily giving the answer.
Note. No feedback in Shute's (2008, pp. 160-161) Table was omitted intentionally as it is absence of feedback.
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