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A B S T R A C T

Formative feedback is a central component of learning and a key feature of digital learning systems. Since late 
2022, instruction-tuned large language models (LLMs) have enabled scalable generation of elaborated, formative 
feedback for text-based student assignments across domains. Existing reviews do not adequately reflect these 
developments. To address this gap, we conducted a qualitative systematic literature review following PRISMA 
guidelines, synthesizing evidence from 47 peer-reviewed empirical studies including 121 distinct research 
questions, published between 2022 and 2026. The review was guided by three research questions examining (1) 
theoretical framings and dominant research questions, (2) methodological and contextual characteristics, and (3) 
technological trends and empirical findings related to feedback quality, feedback processing, and learning out
comes. The reviewed literature is primarily grounded in formative feedback theory, self-regulated learning, 
feedback literacy, and human–AI interaction frameworks. Methodologically, studies are dominated by short-term 
experiments, quasi-experimental classroom studies, and expert evaluations of feedback quality, mostly situated 
in higher education. Technologically, most studies employ proprietary, pre-trained GPT-3.5 or GPT-4 models 
with context-enriched, role-based zero-shot prompting or few-shot prompting, while fine-tuned, open-source, 
and multi-agent approaches are beginning to emerge. Empirical findings indicate that LLM-generated formative 
feedback consistently outperforms no-feedback conditions and often improves revision quality, motivation, and 
short-term learning outcomes, sometimes approaching teacher feedback under well-designed prompting. How
ever, recurring risks include hallucinations, over-positivity, and misclassification of student work. Emerging 
evidence suggests that instruction fine-tuning, grounding prompts in student artifacts, and teacher-in-the-loop 
oversight can mitigate these issues.

1. Introduction

Formative feedback is widely recognized as a core part of learning 
across behaviorist, cognitivist, and socio-constructivist perspectives and 
can support error correction, knowledge construction, self-regulated 
learning, and motivation [1–4]. Compared to summative feedback 
(exam scores, grading, marks), formative feedback reflects a students’ 
ongoing learning process and is informative for further instructional 
adjustments. Meta-analyses consistently show that formative feedback 
can produce substantial learning gains [5–8], yet also highlight large 
variability. Some feedback improves performance, while poorly 
designed or individually misaligned feedback is either ignored by stu
dents or can impair motivation and learning [9,10]. Understanding 
when and why feedback is effective remains a challenge.

Digital formative feedback has long been explored as a scalable 

means to enhance learning and reduce teacher workload [5,11–13]. 
However, early systems were mostly limited to correctness-based re
sponses in domains with well-structured tasks [14,15], and automated 
feedback for open-ended assignments required costly Natural Language 
Processing (NLP) pipelines and large training datasets [16,17]. Conse
quently, much empirical evidence and many theoretical models were 
grounded in studies using simple tasks and simple feedback types. The 
advent of large language models (LLMs) represents a fundamental shift 
to generate contextualized, and individualized formative feedback for 
open-ended written student responses [18]. This capability has triggered 
rapid growth in applications and research examining the quality, use, 
and effects of LLM-generated feedback (e.g., [19–21]). Educators and 
researchers are now asking whether this technology offers high-quality 
feedback across diverse learning domains.

However, the research field of LLM-generated formative feedback is 
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highly dynamic and heterogeneous, both in research methodology and 
in the technical approaches used to integrate LLMs into learning envi
ronments (e.g., [21–23,130]). Moreover, several types of research 
questions recur: the accuracy and pedagogical value of LLM-generated 
feedback (e.g., [24]), learners’ perception and use of such feedback (e. 
g., [25]), and the cognitive and motivational effects of LLM-generated 
feedback (e.g., [21]). We also found that the existing qualitative liter
ature reviews [26–29] and meta-analyses [30] on feedback and artificial 
intelligence (AI) do not adequately capture these developments. While 
these reviews provide valuable overviews of AI-based feedback more 
broadly, they either aggregate heterogeneous AI systems under a single 
umbrella, focus on pre-LLM technologies, or specific contexts such as 
higher education writing. Consequently, they do not systematically ac
count for the conceptual and technological shift following the public 
release of general purpose, instruction-tuned LLMs in late 2022. Given 
the rapid acceleration of empirical studies since then, an updated and 
focused synthesis is needed. The goal of this systematic literature review 
is therefore to map research questions, research methodology and 
empirical evidence in the current field of LLM-generated formative 
feedback research. The remainder of the paper presents (2) theoretical 
background and open issues, (3) research questions, (4) the 
PRISMA-based methodology, (5) results, and (6) discussion with limi
tations and implications.

2. Theoretical background

2.1. Feedback and learning

Across major learning paradigms, the conceptualization of feedback 
has shifted substantially. In behaviorist frameworks, feedback operated 
primarily as reinforcement that strengthened correct behavior [1,31,
32]. With the rise of cognitivism, feedback came to be understood as 
information that helps learners verify, correct, or reorganize knowledge 
structures [3,33]. Constructivist and socio-constructivist perspectives 
further broadened this view by positioning feedback as part of a dia
logic, sense-making process through which learners actively interpret 
errors, regulate their learning, and co-construct meaning [34–37].

A major concept across learning theories is the productive role of 
errors. Research in cognitive science consistently shows that errors are 
not harmful when followed by corrective feedback [3,38]. To leverage 
errors as learning opportunities, feedback must be sufficiently infor
mative [4,13,39,40]. Elaborated feedback provides learners with re
sources to correct their misconceptions either by retrieving the correct 
response or by deriving it from the explanation [14,4]. Importantly, 
instructional negative feedback that includes guidance on how to 
improve is significantly less demotivating than evaluative negative 
feedback lacking such information [6,41].

In educational contexts, the distinction between formative and 
summative feedback is crucial. Summative feedback provides diagnostic 
information on student performance at the end of a learning process, 
primarily for purposes of grading or certification. In contrast, formative 
feedback aims to support ongoing learning by offering task-specific in
formation that helps students improve performance, correct errors, and 
refine strategies for subsequent tasks [2,4]. Fig. 1 presents an integrative 
conceptual framework of formative feedback and synthesizes the key 
categories of variables examined in formative feedback research, 
including moderators and outcome variables. The framework concep
tualizes formative feedback as embedded within an instructional context 
and linked to explicit learning goals. Within this context, elaborated 
formative feedback may be generated by different agents—teachers, 
peers, or automated systems—typically in response to a formative 
assessment activity (e.g., a diagnostic task, test, or writing assignment).

A persistent problem is that many learners do not effectively process 
the formative feedback they receive [42,43]. Studies in digital learning 
environments show that low-achieving students often ignore or only 
superficially engage with elaborated feedback, even though they would 
benefit most from it [10,44]. Even when students do attend to feedback, 
they may misinterpret it, lack strategies for applying it, or feel over
whelmed by its complexity [37,45]. These difficulties have prompted 
scholars to highlight the importance of feedback literacy, which involves 
the dispositions learners need to appreciate feedback, make informed 
judgments, regulate the affective discomfort it may trigger, and translate 
information into action [35].

Moreover, research highlights also the role of feedback choices and 

Fig. 1. Integrative conceptual framework of the elaborated formative feedback research.
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feedback seeking in digital learning systems. Studies show that students 
with active error feedback seeking had better revision performance 
[46–48]. Furthermore, students’ mindset to deal with negative feedback 
is crucial in feedback processing. Students with a growth mindset are 
more likely to engage with errors and subsequently perform better [49]. 
Research also revealed the potential of external stimuli that help stu
dents generate and learn from internal error feedback loops [50].

The Interactive Two-Feedback-Loop (ITFL) model is an empirically 
grounded, integrative theory framework for formative feedback in 
learning environments [51,52]. This model conceptualizes feedback as a 
dynamic regulatory process in which learning emerges from the inter
action of an external feedback loop and an internal feedback loop. The 
external loop comprises feedback provided by an external source (e.g., 
teacher, digital system) that conveys information about task perfor
mance relative to predefined goals or criteria, while the internal loop 
refers to learners’ own processes of monitoring, interpreting, and 
regulating their cognition, metacognition, and motivation. Central to 
the model is the assumption that feedback effects are not direct but 
mediated by learners’ internal reference values, prior knowledge, and 
self-regulatory skills. Feedback functions are therefore multidimen
sional, encompassing cognitive (e.g., error identification), meta
cognitive (e.g., monitoring and strategy adjustment), and motivational 
(e.g., effort regulation) components. The model further emphasizes that 
discrepancies between internal and external feedback are common and 
that learning outcomes depend on how successfully learners resolve 
these discrepancies.

2.2. Feedback in digital learning technologies

Digital technologies have expanded the possibilities for providing 
timely, individualized, and scalable, elaborated formative feedback (see 
Fig. 1). Digital learning systems incorporate automated or semi- 
automated feedback mechanisms intended to guide learners’ task per
formance and self-regulatory processes [53,54]. Across these systems, 
several core digital feedback types can be distinguished, typically 
aligned with Shute’s [4] taxonomy: (1) Knowledge of Results (KR), 
indicating whether a response is correct or incorrect; (2) Knowledge of 
Correct Response (KCR), providing the correct solution; and (3) Elabo
rated Feedback (EF), which provides explanations, hints, worked ex
amples, or strategy guidance.

Digital formative feedback is embedded in diverse learning systems 
that differ in the timing, granularity, and adaptivity of feedback [55]. 
Intelligent tutoring systems typically provide step-level feedback, 
enabling fine-grained corrective guidance during problem solving [40,
53,56]. Learning analytics-based systems often deliver feedback at the 
task, course, or behavioral level by analyzing trace data and highlighting 
progress, engagement patterns, or self-regulatory gaps [45,57]. Auto
mated writing evaluation (AWE) tools offer feedback on textual features, 
linguistic accuracy, or discourse organization [16]. Many digital 
learning systems also integrate formative mastery tests, where feedback 
is delivered after multi-item assessments and includes item-level ex
planations, goal-level summaries, and recommendations for next steps 
[12,58].

Across these systems, research has consistently shown that digital 
formative feedback improves learning, especially when it is informative 
and supports error correction (e.g., [41]). Meta-analytic work shows 
medium positive effects of digital feedback on learning outcomes, with 
elaborated feedback outperforming KR and KCR, especially for 
higher-order learning goals [8,11,13,39]. Brummer et al. [11] demon
strated that feedback focus is a central determinant of effectiveness: 
feedback targeting learning processes and underlying reasoning was 
consistently more effective than feedback focused solely on task cor
rectness. At the same time, combining multiple feedback foci (e.g., 
task-level and process-level feedback) tended to reduce effectiveness, 
suggesting that excessive or poorly aligned elaboration may overload 
learners and diminish learning benefits.

Research also shows that metacognition, particularly calibration 
accuracy, monitoring, and self-regulated learning skills, mediate the 
effects of elaborated digital feedback on learning. Kuklick et al. [41]
found that simple and more informative feedback types improved cali
bration accuracy, reducing over- or underestimation of performance. 
Improved calibration accuracy is assumed to reflect deeper engagement 
with errors in the feedback message resulting in deeper revisions and 
improved performance in subsequent learning tasks. At the 
meta-analytic level, research shows that elaborated feedback explicitly 
targeting metacognitive regulation showed particularly strong effects on 
learning performance [11,13].

Learners’s emotional and motivational responses to corrective error 
feedback also play an important role in mediating the effects of elabo
rated feedback on learning performance. Fong et al. [6] demonstrated 
that instructional negative feedback, which provides guidance for 
improvement, was consistently associated with less negative motiva
tional effects and outperformed non-instructional criticism. 
Criterion-referenced feedback was also less demotivating than norma
tive, socially comparative feedback. Additionally, Kuklick et al. [41]
found that KR had a negative effect on students’ motivational state, 
whereas elaborated feedback had a less negative impact, suggesting that 
explanatory information can buffer motivational costs associated with 
error feedback. De Sixte et al. [133] showed that warm elaborated 
feedback, which combined cognitive information with motivational at
tributions (e.g., recognizing competence and attributing errors to 
controllable causes), led to substantially more revision activity than 
elaborated feedback alone, even though overall performance did not 
differ across conditions.

Characteristics of the educational context, the learning domain, and 
the types of the formative assessment tasks also moderate feedback ef
fects. Both Van der Kleij et al. [13] and Brummer et al. [11] found larger 
effects of digital feedback in higher education than in primary educa
tion, and stronger effects in structured domains such as mathematics and 
science than in less structured domains. Moreover, Wang et al. [59]
demonstrated that detailed explanatory feedback improved transfer 
performance only when students worked on constructed-response items, 
not multiple-choice items. These effects were mediated by longer feed
back processing time, higher perceived usefulness of feedback, and 
increased germane cognitive load. Elaborated feedback reduced extra
neous cognitive load and promoted productive cognitive effort, which in 
turn supported learning.

2.3. LLMs and prompt engineering

The rapid advancement of LLMs from 2017 (publication of the 
Transformer architecture) to late 2022 (publicly accessable general 
purpose, instruction-tuned LLMs) has opened new opportunities for 
applying AI in education, particularly for generating elaborated 
formative feedback. LLMs are advanced neural networks based on the 
Transformer architecture, trained on vast text corpora to understand, 
generate, and reason with human language [60]. They typically undergo 
two main training stages: first, pretraining on large general-purpose 
datasets to learn linguistic patterns and world knowledge, and second, 
fine-tuning on domain-specific data or via reinforcement learning from 
human feedback (RLHF) to specialize in particular tasks or improve 
alignment with user intent. These models can be deployed in different 
ways, either through cloud-based APIs that provide access to both pro
prietary and open-source LLMs, or as locally hosted or embedded com
ponents in educational tools and learning platforms.

Matarazzo and Torlone [61] grouped LLMs into major families that 
differ in architecture, capabilities, and accessibility. BERT represents 
encoder-only models designed for text comprehension, while T5 
(encoder-decoder) unifies all NLP tasks in a text-to-text framework. The 
GPT series (decoder-only) introduced powerful generative and 
reasoning abilities, such as in-context learning and chain-of-thought 
(CoT) reasoning. LLaMA models prioritize efficiency and openness, 
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while Claude, Gemini, and Gemma emphasize ethical alignment, mul
timodality, and compact deployment. Proprietary models (e.g., GPT, 
Claude, Gemini) are typically accessed via APIs, whereas open-source 
models (e.g., LLaMA, Mistral, Gemma) can be locally hosted and 
customized, offering transparency and adaptability for educational use.

At first glance, the well-documented power of feedback for learning, 
the time-consuming nature of formative assessment in education, and AI 
technologies capable of processing human-written text appear to form a 
natural alignment. The provision of individualized and personalized 
learning—specifically, feedback tailored to student needs—is one of the 
most prominent and widely acknowledged expectations regarding how 
AI will improve education and learning in the future. Although LLM 
technologies have sparked substantial interest and optimism among 
educators and researchers worldwide, most developments remain in an 
experimental stage and are far from production-ready learning systems. 
Moreover, integrating LLMs into educational contexts entails a set of 
interrelated technical, pedagogical, and ethical challenges that operate 
across model, interactional, and institutional levels [134–136]. Litera
ture on AI in education, particularly research on AI-assisted feedback 
[26], identifies several ethical risks associated with LLM-generated 
feedback outputs: 

a) Hallucinations: A central technical limitation concerns the phe
nomenon of hallucinations, defined as the generation of fabricated, 
misleading, or factually inaccurate information presented with high 
linguistic fluency.

b) Algorithmic bias: LLMs may reproduce or amplify biases embedded 
in training data, leading to unfair, culturally insensitive, or system
atically skewed feedback.

c) Overreliance: Students may become overly dependent on automated 
suggestions, potentially reducing critical thinking, self-monitoring, 
and independent revision skills.

d) Insufficient pedagogical integration: AI feedback systems may be 
deployed without adequate alignment to instructional goals, assess
ment criteria, or teacher mediation.

e) Privacy and data governance: At the institutional level, privacy and 
data governance challenges arise from the submission of student- 
generated content to external AI systems.

The literature proposes several responses to these broader peda
gogical and ethical challenges of LLM use in education. Specifically for 
LLM-generated feedback, prompt engineering and fine-tuning are 
considered crucial [62]. Prompting involves structuring input in
structions to achieve accurate, coherent, and task-aligned responses. 
Foundational techniques such as zero-shot and few-shot prompting rely 
on task descriptions and example-based cues, while more advanced 
strategies, e.g., Chain-of-Thought prompting, enhance reasoning by 
promoting stepwise or multi-path exploration (e.g., [63]). Fine-tuning 
goes further and involves the additional training of a pre-trained 
model on curated task-specific or domain-specific data, thereby align
ing the model’s behavior with desired outputs [64]. Traditional super
vised fine-tuning uses explicit input-output pairs, while instruction 
fine-tuning generalizes this approach by exposing the model to a wide 
range of task instructions to improve controllability (e.g., retrieval 
augmented generation). Empirical evidence suggests that these tech
niques causally reduce both hallucinations and biased outputs by 
grounding generation in explicit instructions or retrieved evidence 
[137].

2.4. Research on AI-generated feedback

The emergence of LLMs mark a potential turning point in the evo
lution of feedback in digital learning systems [65]. Unlike earlier NLP 
systems, LLMs can process text-based student answers to higher-order 
learning tasks and assignments. This capability allows automated, 
formative feedback to move beyond surface-level correctness checks 

toward criterion-based guidance that explains errors, recommends re
visions, and supports self-regulated learning [18,19,29]. As a result, the 
range of potential learning domains and task types that can be incor
porated into feedback research is substantially expanded [127].

The integration of LLMs into feedback systems—and the investiga
tion of feedback uptake and effects—offers significant potential to 
deepen our understanding of how external and internal feedback loops 
interact (see ITFL model; [52]). However, our understanding of this 
rapidly developing field remains limited. Consequently, there is a clear 
need to systematically review, monitor, and integrate findings from this 
evolving body of research. Broader reviews (e.g., [66,67]) offer valuable 
overviews of AI in education but largely examine studies published 
before the advent of generative, LLM-based feedback systems. We found 
five systematic literature reviews with a more specific focus, summari
zing research on AI-assisted feedback mechanisms and results (Table 1).

Shi and Aryadoust [27] provide one of the most comprehensive 
pre-LLM syntheses by reviewing 83 SSCI-indexed empirical studies on 
AI-based automated written feedback (1993 to 2022). Their analysis 
maps the field in terms of research contexts, system types, feedback 
categories, study designs, and findings. However, most of the reviewed 
studies focused on pre-LLM feedback technologies, e.g., form or 
grammar-oriented feedback in tertiary EFL/ESL writing, using systems 
like Pigai, Criterion, and Grammarly. Three major themes emerged: (a) 
system performance with mixed accuracy and validity, (b) user per
ceptions and engagement is generally positive but variable, and (c) ef
fects on writing outcomes are typically positive for accuracy but less 
conclusive for higher-order writing. While this review provides a strong 
historical foundation, its scope is limited. First, it combines rule-based 
systems, traditional NLP methods, and emerging AI tools under a sin
gle umbrella. Second, it covers research only up to 2022, it does not 
systematically examine empirical work following the public availability 
of instruction-tuned LLMs in late 2022. Another limitation lies in the 
search strategy. The search terms focused on variations of “automated 
writing evaluation,” “automated writing feedback,” “automated essay 
evaluation,” and “computer-based writing feedback.” Terms such as 
“large language model,” “LLM,” “ChatGPT,” or “generative AI” were not 
included in the core search string.

Urzúa et al. [28] conducted a systematic review of 12 empirical 
studies (2021–2025) examining the effects of AI-assisted feedback via 
generative chat on academic writing in higher education. Focusing 
specifically on university students’ written text production, the review 
synthesized predominantly mixed-methods research comparing gener
ative chat feedback with teacher or hybrid feedback models. The find
ings indicate largely positive effects on writing quality, self-regulation, 
motivation, proactivity, and reduced anxiety. At the same time, the re
view highlights limitations related to inaccuracies, overreliance on AI, 
insufficient user training, and the need for pedagogical guidance. 
However, this review focuses solely on higher education contexts, spe
cifically academic writing tasks, and includes a relatively small number 
of studies.

Yildiz Durak and Onan [29] conducted a broader review of 91 
studies (2014–2024) on AI-based feedback across educational settings, 
noting a sharp rise in LLM-related publications from 2023 onward. Their 
synthesis shows that most studies employed LLMs in higher education 
contexts and used experimental designs grounded in constructivist and 
self-regulated learning frameworks. They report generally positive ef
fects on students’ motivation, engagement, self-regulation, and aca
demic performance, and identify challenges such as bias, emotional 
insensitivity, and overreliance on AI tools. However, the review remains 
largely descriptive regarding LLM technology. It identifies ChatGPT as 
dominant tools but provides little insight into how these models are 
prompted, fine-tuned, or evaluated. It touches only briefly on prompting 
approaches and does not synthesize methodological best practices or 
quality criteria for LLM-generated feedback.

Kaliisa et al. [30] conducted a meta-analysis comparing AI-generated 
and human feedback across 41 studies with 4813 students. They report 
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no significant differences in learning performance or feedback percep
tions between AI and human feedback, recommending hybrid human–AI 
models that combine efficiency with empathy. Yet their analysis ag
gregates a wide variety of feedback technologies—from early automated 
writing evaluation systems to new LLM-based tools—into a single “AI 

feedback” category. Although the review explicitly mentions ChatGPT 
as an example of contemporary AI feedback, LLM-based feedback con
stitutes only a minor subset of the analyzed studies. Consequently, the 
meta-analytic effects primarily reflect older, rule-based or statistical 
systems and do not differentiate the distinctive affordances and risks of 
LLMs, such as dialogic interaction, contextual adaptability, or 
hallucination.

Eventually, Ba et al. [26] conducted a systematic review of 129 
empirical studies (2014–2023) examining AI-assisted feedback in edu
cation. The review analyzed bibliometric trends, feedback mechanisms, 
and associations with learner perceptions, actions, and outcomes from a 
learner-centered motivation theory perspective. The included technol
ogies encompassed a broad spectrum of AI approaches, including ma
chine learning, deep learning, neural networks, intelligent tutoring 
systems, chatbots, generative adversarial networks, and large language 
models such as GPT and BERT. Findings indicate a sharp rise in 
AI-assisted feedback research after 2018 and predominantly positive 
effects on learner satisfaction, perceived learning, self-regulation, and 
academic performance. However, because this review encompasses such 
a broad spectrum of AI-assisted feedback technologies, it does not spe
cifically synthesize findings from studies that explicitly investigate 
feedback from instruction-tuned, general-purpose LLMs that have 
become widely available since 2022.

3. Research questions

While systematic reviews [26–30], have summarized developments 
in AI-based and automated feedback more broadly, LLM-generated 
formative feedback systems have not been addressed systematically. 
These reviews provide valuable overviews but lack detailed analyses of 
the generation, accuracy, and cognitive or non-cognitive effectiveness of 
LLM-generated formative feedback since the advent of instruction-tuned 
LLMs in late 2022.These LLMs have enabled the generation of coherent 
and context-sensitive feedback texts for diverse student-written re
sponses without requiring extensive domain-specific pre-training on 
annotated educational datasets. This paper, therefore, aims to critically 
examine the rapidly growing yet fragmented body of research on 
LLM-generated formative feedback in educational settings from 2022 to 
2026. This time window captures the phase in which instruction-tuned 
LLMs became practically usable for educational feedback, coinciding 
with the sharp rise of publications concerning LLMs in education after 
2022 [68]. We pose these research questions: 

RQ1: How is research on LLM-generated formative feedback theo
retically framed and what are the main lines of investigations?

1.1 What terminology, besides LLM-based or LLM-generated 
formative feedback, is used in the research field to describe 
feedback generated by large language models?

1.2 How do the reviewed studies theoretically conceptualize 
learning and feedback, and how is the role of LLM-generated 
formative feedback situated within these theoretical 
frameworks?

1.3 What are the dominant research questions within the existing 
literature on LLM-generated formative feedback?

RQ2: What are the methodological and contextual characteristics of 
research on LLM-generated formative feedback?

2.1 What types of research designs and methodological approaches 
have been implemented?

2.2 In which learning domains has research on LLM-generated 
formative feedback been conducted, and for which tasks or 
student assignments has such feedback been provided?

Table 1 
Systematic literature reviews on AI-assisted feedback research.

Review Time 
frame

Studies 
included

Review scope

Shi & Aryadoust [27]. A 
systematic review of 
AI-based automated 
written feedback 
research

1993 
to 
2022

83 Systematic qualitative review 
of research involving 
feedback from natural 
language processing 
technologies for automated 
writing evaluation, 
automated writing feedback, 
e.g., Criterion, Pigai, Google 
Docs, Writing Pal, Grammarly

Urzua et al. [28]. Effects 
of AI-Assisted Feedback 
via Generative Chat on 
Academic Writing in 
Higher Education 
Students: A Systematic 
Review of the Literature

2021 
to 
2025

12 Systematic qualitative 
literature review focusing on 
AI-assisted feedback 
technologies in higher 
education writing. 
Researched technologies 
specifically include ChatBots 
used by students for writing 
revisions

Yildiz Durak & Onan [29]. 
A systematic review of 
AI-based feedback in 
educational settings

2014 
to 
2024

91 Systematic qualitative review 
of research on AI-based 
feedback in education, 
focusing on trends, 
conceptualizations, methods, 
impacts, and challenges; 
feedback technologies 
involve machine learning, 
natural language processing 
for automated writing 
evaluation, and LLMs

Ba et al. [26]. Unraveling 
the mechanisms and 
effectiveness of 
AI-assisted feedback in 
education: A systematic 
literature review

2014 
to 
2023

129 Systematic qualitative 
literature review of research 
on a broad range of AI- 
assisted feedback 
technologies in education, 
including generative 
adversarial networks, large 
language models, machine 
learning models, neural 
networks, intelligent tutoring 
systems, expert systems, and 
chatbots. The review analyses 
and summarizes research 
from a learner-centered 
motivation theory 
perspective.

Kaliisa et al. [30]. How 
does artificial 
intelligence compare to 
human feedback? A 
meta-analysis of 
performance, feedback 
perception, and learning 
dispositions

2010 
to 
2024

41 Quantitative meta-analysis 
comparing cognitive, 
metacognitive, and 
motivational learning 
outcomes of AI-generated 
feedback and human 
(teacher) feedback; reviewed 
feedback technologies 
involve automated writing 
evaluation (AWE) and large 
language models (LLMs)

This review: Authors 
(2026). LLM-generated 
formative feedback: A 
qualitative systematic 
literature review

2022 
to 
2026

48 Systematic qualitative review 
of research on LLM-generated 
formative feedback in 
educational contexts; 
reviewed feedback 
technologies involve publicly 
available, general purpose, 
instruction-tuned large 
language models since late 
2022
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2.3 At which educational levels (primary, secondary, or tertiary 
education) have studies on LLM-generated formative feedback 
been conducted?

2.4 What types of samples are investigated, distinguishing between 
human participants (e.g., students, teachers) and artefactual 
data (e.g., essays, responses, or LLM outputs)?

2.5 In which instructional settings has research on LLM-generated 
formative feedback been carried out?

RQ3: What are the relevant findings of the reviewed studies?

3.1 What types of LLMs are used in these studies, and how are they 
configured?

3.2 What kinds of prompting strategies are employed or investigated?
3.3 What are the main empirical results along the dominant research 

questions?
3.4 How do studies address pedagogical and ethical challenges of 

LLM-generated formative feedback?

While RQ1 and RQ2 describe the methodological designs and 
implementation contexts of the reviewed studies, RQ3 synthesizes the 
reported outcomes and identifies patterns linking LLM configurations, 
prompting strategies, and implementation approaches to results and 
observed challenges. The purpose of RQ3 is to derive practice-relevant 
implications by examining which types of models and prompting stra
tegies yielded which cognitive and non-cognitive effects, and under 
what boundary conditions problems such as hallucinations, bias, or 
overreliance occurred.

4. Methods

4.1. Review design

To synthesize the rapidly growing but conceptually diverse body of 
research on LLM-based feedback, we employ a qualitative systematic 
review approach [69], which retains the rigor of systematic identifica
tion and appraisal, but relies on interpretive, thematic comparison when 
statistical aggregation is not appropriate due to variation in study de
signs, outcomes, or theoretical framings. This approach is therefore well 
suited for LLM-based feedback research, where studies span multiple 
domains, rely on diverse evaluation metrics, and are not amenable to 
quantitative meta-analysis. We further adhered to the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 
2020) guidelines [70], which provide a structured and replicable 
framework for documenting search, screening, and selection 
procedures.

4.2. Eligibility criteria

This review applied clearly defined inclusion and exclusion criteria 
to ensure that only empirical studies providing authentic evidence on 
LLM-generated feedback in educational contexts were analyzed. Studies 
were included if they met all of the following criteria: 

(a) investigated formative feedback generated by general purpose, 
instruction-tuned large language models (LLMs), transformer- 
based generative models capable of text generation,

(b) involved real learners or teachers in authentic educational set
tings (K–12, higher education),

(c) reported empirical data on feedback quality, internal feedback 
processing or feedback effects on cognitive, metacognitive, or 
motivational learning outcomes,

(d) were peer-reviewed journal articles published in English between 
2022 and 2026, reflecting the era when generative AI first 
enabled scalable, natural-language feedback with instruction- 
tuned LLMs,

(e) provided sufficient methodological detail for data extraction, 
including model specifications, prompting strategies, research 
design, sample characteristics, and reported outcomes.

Exclusion criteria and examples: 

(a) Survey or perception studies without empirical data on actual 
feedback use, for example Henderson et al. [71], who examined 
students’ general attitudes toward ChatGPT feedback without 
specific feedback instances as context.

(b) Non-comparative explorations of AI tools without a focus on 
feedback mechanisms, such as Xu et al. [72], who described 
ChatGPT use in tutoring contexts but not its feedback content or 
effects.

(c) Conceptual or theoretical papers lacking empirical results, for 
instance Stamper et al. [65], who proposed integrating 
LLM-generated feedback into intelligent tutoring systems without 
reporting data.

(d) Usability and system-design studies addressing interface features 
rather than learning or feedback outcomes, e.g., [73,74], who 
evaluated a GPT-based code-review tool from a usability 
perspective only.

(e) Specific training systems that did not isolate feedback effects, 
such as badminton training [75], nursing education, clinical 
practice for surgeons or radiologists [76].

(f) Studies relying on traditional NLP-based feedback pipelines with 
transformer models trained on student text corpora and rubrics, 
rather than generating feedback through prompt-based interac
tion with a general-purpose LLM (e.g., [138,139]).

(g) Multimodal, gamified, or immersive environments where LLM- 
generated formative feedback was not separable from other 
intervention elements [77–79].

(h) Studies that examined LLM-generated feedback for summative 
purposes, e.g., essay scoring, grading, or final examinations (e.g. 
[80]).

(i) Papers from research groups with consecutive results reporting 
across years.

4.3. Literature search strategy and selection process

The selection process followed the PRISMA flow of identification, 
screening, eligibility, and inclusion (Fig. 2). Five major databases were 
systematically searched: ERIC, Scopus, IEEE Xplore, SpringerLink and 
ScienceDirect. These databases cover education, psychology, and tech
nology research. We conducted our first database search in November 
2025 using the following Boolean string applied to titles, abstracts, and 
keywords:

("llm-based feedback" OR "llm-generated feedback" OR "large lan
guage model feedback" OR "ai-based feedback" OR "ai-generated feed
back" OR "artificial intelligence" OR

"generative ai feedback" OR "gpt feedback" OR “gemini feedback”) 
AND ("education" OR "learning" OR "instruction") AND (publication 
year: 2022–2026)

Filters were applied for peer-reviewed journal articles and the En
glish language. Search results were as follows: ERIC – 111 documents, 
Scopus – 191 documents; IEEE Xplore – 59 documents and ScienceDirect 
– 62 documents. ERIC entries from the year 2021 were removed 
manually. All bibliographic data were exported, merged, and dedupli
cated, resulting in 268 unique records.

For the revision of this paper in February 2026, we decided to 
broaden our search strategy to include additional relevant publications. 
We therefore combined the terms “LLM,” “large language model,” “AI,” 
and “artificial intelligence” with “feedback” in the title, and “educa
tion,” “learning,” or “instruction” in the title, abstract, or keywords. This 
expanded search substantially increased the number of retrieved records 
across databases: ScienceDirect (151 documents), ERIC (148 
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documents), Scopus (215 documents; limited to Social Sciences, Arts 
and Humanities, Psychology, and final peer-reviewed articles in En
glish), IEEE Xplore (129 documents), and SpringerLink (149 documents; 
limited to subject areas including AI, instructional design, higher edu
cation, e-learning, learning and instruction, NLP, language teaching and 
learning, education science, educational research, and pedagogy).

All database records were exported and imported into a Zotero 
collection for deduplication. After removing duplicates, 638 unique 
documents remained. Following the exclusion of conference papers and 
other publication types that did not meet our inclusion criteria, the 
dataset was reduced to 429 peer-reviewed journal articles.

These documents were then uploaded to a collection in the Elicit Pro 
version (elicit.org) to conduct a semi-automated screening of abstracts. 
We prompted Elicit to identify all papers meeting our predefined in
clusion criteria. Proof-of-concept studies suggest that Elicit performs 
comparably to human reviewers in literature search and data extraction 
tasks [81,82]. We downloaded the resulting Excel file generated by 
Elicit, which provided detailed information on whether each abstract 
met the inclusion criteria. Subsequently, we manually reviewed all 90 
papers identified by Elicit as eligible and ultimately selected 69 studies 
for which the full texts were retrieved and examined in detail.

After detailed full-text evaluation, 22 articles were excluded for 
lacking empirical feedback data, focusing on non-educational domains, 
or using synthetic datasets (see exclusion criteria). In some cases, we 
found papers from research groups with consecutive results reporting 
across years (e.g., [24,83]). We then used the most recent or compre
hensive report. The final 47 studies were retained for qualitative syn
thesis (see Table 1). The publication year of the included studies span 
from 2023 to 2026 (2023: 3 studies, 2024: 13 studies, 2025: 24 studies, 
2026: 7 studies). The reviewed research was published from research 
groups across the world, with most papers coming from USA, China, and 
Germany.

4.4. Data extraction and qualitative content analyses

Data extraction proceeded in several stages. First, the lead author 
created a preliminary extraction table based on a subset of studies, 
aligned with the research questions. Extracted fields covered study 
metadata, theoretical background, research questions, technical 
configuration, research design, learning domain, education level, sam
ple characteristics, instructional setting, LLM specification, prompting 
approach, empirical findings, ethical risks and challenges (see Appendix 

Fig. 2. PRISMA flow diagram of article search, screening, and selection.
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A). Second, the two co-authors independently audited 30 % of entries to 
verify accuracy, completeness, and consistency. Third, the team dis
cussed the required depth of extraction (e.g., level of methodological 
detail, specificity of prompting information, and granularity of reported 
outcomes). Based on this consensus, the lead author completed extrac
tion for all remaining studies. Co-authors again checked 30 % of these 
entries. This process yielded the comprehensive data extraction table, 
which served as the basis for inductive synthesis. The 47 empirical 
studies included in sum 121 distinct research questions. Theory back
ground, methodological characteristics, and technological specifications 
were extracted on the study level. Table 1 presents a condensed over
view of all includes studies and their key characteristics. We extracted 
and analyzed research results of the reviewed studies on the level of 
research questions (see Appendix A).

We applied a combination of deductive and inductive qualitative 
content analysis following the principles outlined by Mayring [84], 
depending on the nature of each research question. For research ques
tions based on predefined or clearly structured dimensions (e.g., ter
minology used to describe LLM-generated feedback, educational levels, 
types of LLMs), we applied deductive coding. In these cases, we either 
counted occurances (terminology) or categories were established prior 
to analysis, and the procedure primarily involved systematic data 
extraction and classification of studies into these predefined categories. 
For research questions that were exploratory in nature and not grounded 
in an a priori coding framework (e.g., theoretical conceptualizations, 
research results), we employed inductive qualitative content analysis. 
Here, categories were developed iteratively from the extracted data to 
capture recurring patterns and meaningful thematic structures across 
studies.

4.5. Ethical considerations

This study involved the synthesis of published research and did not 
include human participants or the collection of primary data. Therefore, 
institutional ethical approval was not required. Nonetheless, ethical 
considerations arise in relation to the topic itself. Many of the included 
studies involved learners and teachers interacting with LLMs, and we 
report their findings with careful attention to issues of privacy, fairness, 
bias, and potential harms. Throughout the review process, no copy
righted or identifiable human data were used beyond what was available 
in published sources.

5. Results

The results are structured according to the research questions. For 
RQ1.1, RQ2.2, and RQ2.3, we report descriptive data. For all other 
research questions, we present the categories that emerged from our 
inductive qualitative content analysis. Within each category, we provide 
illustrative examples of studies that, in our assessment, most clearly and 
comprehensively represent the respective category. These examples are 
intended to exemplify the identified patterns rather than to offer an 
exhaustive listing of all studies assigned to a given category. Readers 
interested in more detailed information or in specific studies are referred 
to Table 1 and Appendix A.

5.1. Terminology, theoretical framing and main lines of investigations 
(RQ 1)

5.1.1. Terminology
What terminology is used in the research field to describe feedback 

generated by large language models (RQ 1.1)? Table 2 summarizes the 
frequencies of the used terms in the reviewed studies’ titles, abstracts, 
and keywords. The terms reflect our search string. The most frequent 
terms combine “artificial intelligence” or “large language model” with 
“generated” and “feedback”. However, many studies more specifically 
used ChatGPT or GPT in combination with feedback, reflecting that most 

studies used this specific LLM in their research (Table 3).

5.1.2. Theoretical background of the reviewed studies
How do the reviewed studies conceptualize learning, and how is the 

role of LLM-generated feedback situated within their theoretical 
frameworks (RQ 1.2)? Across the reviewed studies, we found 5 broad 
categories of theoretical frameworks for LLM-based feedback research. 
Most studies implemented several of these theoretical frameworks in 
their research papers. 

a) Formative feedback: The most prevalent theoretical foundation 
across the reviewed studies is general formative feedback theory [2,
4]. These models define effective formative feedback as information 
that helps learners answer three core questions: Where am I going? 
How am I going? and Where to next? Many studies used these 
questions as a coding scheme or evaluation rubric for assessing the 
pedagogical value of LLM-generated formative feedback [24,85-87,
132]. Other works combined Hattie and Timperley’s structure with 
formative assessment theory to justify the potential of LLMs to pro
vide adaptive, individualized learning support [88–90].

b) Self-regulated learning and motivation: A second major category 
links feedback to self-regulated learning (SRL) and motivatio
nal–affective theories. These perspectives explain how formative 
feedback triggers internal regulation processes, sustains engage
ment, and shapes learners’ emotions. Studies grounded in SRL theory 
[34,91] conceptualize feedback as part of a cyclical system in which 
learners monitor their progress and adjust strategies accordingly [25,
89,92,131]. Related frameworks such as self-determination theory 
[93], expectancy-value theory [94], and control-value theory of 
achievement emotions [95] provide a motivational lens, empha
sizing LLM-generated feedback as an autonomy-supportive and 
emotionally meaningful input that can enhance enjoyment, pride, 
and perceived competence [21,96,140]. Some studies draw on the 
concept of feedback literacy [35] which also emphasized 
self-regulated learning and shifts attention from the feedback mes
sage to the learner’s ability and willingness to engage productively 
with it (e.g., [23,97,141]).

c) General learning theories: Some papers also referenced general 
learning theories, such as the Zone of Proximal development 
framework from Vygotski which is often referred to as socio- 
constructivist learning or development theory (e.g., [142–144]). 
Feedback is seen within this theory framework as an important 
ingredient in scaffolding and challenging learners to get to their next 
level of competence which is slightly above the actual level of 
knowledge of competence. Other studies (e.g., [89,98]) referred 
cognitive learning perspectives such as cognitive load theory [99] or 
self-explanation theory [100]. These theories justify the design of 
elaborated formative LLM feedback that minimizes extraneous pro
cessing and deepens comprehension.

d) Domain-specific frameworks: Several studies integrate domain- 
specific theories of learning to contextualize how LLM-generated 
formative feedback operates in particular subjects. In writing and 
language learning, researchers often reference Second Language 
Acquisition (SLA) and Written Corrective Feedback (WCF) theories, 
emphasizing interactional feedback, noticing, and learner uptake 
[101–103,143,145]. Farrokhnia et al. [132], for example, grounded 
their study in Toulmin’s model of argumentation, which structures 
argumentative writing around components such as claims, argu
ments, counterarguments, evidence, and conclusions. In science 
learning, studies such as Seßler et al. [24] or Wan and Chen [104]
rely on constructivist learning and deliberate practice frameworks, 
conceptualizing feedback as a means of conceptual change through 
active problem solving and reflection.

e) Technology acceptance and Human-AI frameworks: Other studies 
complemented pedagogical theories with technology acceptance and 
evaluation frameworks drawn from human–computer interaction 
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Table 2 
Studies included in the review.

Study Country Learning domain and assignments Education 
level

Human sample LLMs with specifications

Algobaei & Alzain 
[143]

Saudi Arab EFL: Writing short academic paragraphs Tertiary 32 students; 3 
experienced EFL 
instructor raters

GPT-4

Alsaiari et al. 
[140]

Australia Web design: Assessment tasks Tertiary 381 students ChatGPT 3.5 via integration into the RiPPLE 
platform

Asadi et al. [142] Iran EFL: Argumentative essay writing Tertiary 68 students; 8 teachers 
interviewed

ChatGPT (no specification in paper, most likely 
GPT 4.0)

Banihashem et al. 
[148]

Nether- 
lands

Food sciences: Argumentative essay writing Tertiary 74 students ChatGPT (no model version specified)

Baral et al. [88] USA Math: Open-ended problem-solving tasks K-12 About 5000 student 
responses

GOAT model fine-tuned, SBERT-Canberra, and 
GPT-4 Turbo

Çağlar-Özhan 
[150]

Turkey Computer technology and instructional 
design

Tertiary 48 students, 24 
instructors

ChatGPT 3.5

Chan et al. [96] Hong Kong English language education: Academic 
writing

Tertiary 918 students, 16 
students interviewed

GPT-3.5-turbo

Dai et al. [85] Australia Data science education: Writing project 
proposals

Tertiary 103 students ChatGPT (no model version specified)

Er et al. [114] Türkiye Computer science education, Java 
programming

Tertiary 35 students ChatGPT-4

Escalante et al. 
[101]

USA EFL: Academic writing Tertiary 48 students ChatGPT-4

Farrokhnia et al. 
[132]

Iran Educational sciences: Argumentative essay 
writing

Tertiary 70 students and one 
experienced teacher

ChatGPT-4o

Hao et al. [147] China EFL: Argumentative essay writing Tertiary 64 students, 2 
experienced writing 
teachers

ChatGPT 4.0

Hofmann et al. 
[146]

Germany Teacher education: Reflective writing about 
pedagogical case studies

Tertiary 85 pre-service teachers ChatGPT 4.0

Jacobsen et al. 
[109]

Germany Teacher education: Writing about learning 
goals in education

Tertiary 20 / 153 pre-service 
teachers

ChatGPT-4, Claude 3, Gemini Advanced

Jamshed et al. 
[102]

India EFL writing and grammar skills K-12 132 students ChatGPT 3.5 via mobile app

Jia et al. [86] USA Programming education: Code refactoring, 
feature implementation, and testing

Tertiary 484 students BART-large-CNN model, ChatGPT-4 via OpenAI 
API

Jia et al. [20] USA Programming education: Code refactoring, 
feature implementation, and testing

Tertiary 82 students, 28 survey 
responses

BART-large-CNN model, ChatGPT-4 via OpenAI 
API

Jovic et al. [120] USA Communication course: Argumentative and 
reflective essay writing

Tertiary 12 students ChatGPT-4.5, Claude-3.7 Sonnet

Jürgensmeier & 
Skiera [106]

Germany Marketing analytics: Project with coding, 
statistical analysis, and economic reasoning

Tertiary 243 / 20 / 43 students ChatGPT-3.5 and ChatGPT–4–8k, Claude 3 
Opus, Claude 3 Sonnet, Gemini 1.0 Pro, Gemini 
1.5 Pro, Mistral Large

Kerslake et al. 
[115]

New 
Zealand

Programming education: Code 
comprehension through Explain in Plain 
English (EiPE) tasks

Tertiary 21 students ChatGPT-3.5 via API access with automated 
prompting

Kinder et al. [89] Germany Teacher education: Justifying pedagogical 
decisions about fictitious students

Tertiary 269 pre-service teachers GPT–4–1106-preview via API

Li et al. [149] Different 
regions

English language arts and Science: Open- 
ended short-answer responses

K-12 56 educators ChatGPT 4.0, BERT-base-uncased model

Liebenow et al. 
[131]

Germany EFL: Argumentative essays based on TOEFL- 
style prompts

K-12 459 students GPT-3.5-turbo via API

Liu et al. [141] China EFL: Writing academic literature reviews Tertiary 71 students ERNIE Bot 4.5 Turbo
Lo et al. [110] Hong Kong EFL: Argumentative essay writing Tertiary 1102 students, 18 

students interviewed
ChatGPT-3.5

Maqbali et al. 
[144]

Oman EFL: Essay writing Tertiary 70 students Copilot AI

McNichols et al. 
[22]

USA Math: Open-ended linear equations problems 
from a middle school math ITS

K-12 Problem solutions from 
26,845 students

Mistral-7B-v0.1, ChatGPT-3.5-turbo-1106 (fine- 
tuning enabled)

Meyer et al. [21] Germany EFL: Argumentative essay writing K-12 459 students ChatGPT-3.5-turbo via GPT Playground
Na Nongkhai et al. 

[129]
Thailand Programming education: Coding exercises Tertiary 87 students GPT-4 via API integration within a LangChain- 

based architecture
Nazaretsky et al. 

[116]
Switzer- 
land

Educational technology and pedagogy: 
Writing tasks

Tertiary 457 students ChatGPT (no model version specified)

Nguyen et al. [98] USA Math: Decimal numbers, decimal magnitude 
and place value

K-12 117 students ChatGPT-3.5 via web interface and API 
automation

Noroozi et al. 
[151]

Nether- 
lands

Food science: Writing argumentative essays 
on controversial topics

Tertiary 50 students ChatGPT (no model version specified), 
Grammarly

Rüdian et al. [23] Germany Teacher education: Argumentative writing 
on a poem and its implications for language 
and grammar

Tertiary 32 students Llama 3 70B (open-source foundation model)

Ruwe et al. [97] Germany Teacher education: Argumentative writing 
and reasoning

Tertiary 169 students ChatGPT (no model version specified)

Scholz et al. [117] Germany Programming education: Python code 
exercises

K-12 8 computer science 
teachers

ChatGPT-4o and GPT-4o mini (2024 versions) in 
a multi-agent system

(continued on next page)
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and AI ethics. The Technology Acceptance Model (TAM) [105] and 
subsequent extensions are used to assess perceived usefulness, ease 
of use, and attitudes toward AI feedback systems in both higher ed
ucation and language learning contexts [102,106]. Ethical perspec
tives on AI transparency, bias, and human-in-the-loop validation 
frequently accompany these frameworks to ensure that automation 
does not undermine fairness or pedagogical integrity [24,86]. From a 
technological angle, researchers also use Human-AI collaboration 
and AI literacy frameworks [107,108] to discuss prompt engineering 
and educator oversight as critical competencies for ensuring peda
gogically sound AI feedback [109].

5.1.3. Categories of research questions
What are the dominant research questions within the existing liter

ature on LLM-generated feedback (RQ 1.3)? We found that research 
questions on LLM-generated formative feedback cluster into five main 
categories. We also saw that most research papers include several 
research questions and therefore may be assigned to multiple categories 
in this section. 

a) Effects on learning outcomes: A majority of the reviewed studies 
examine cognitive, metacognitive or motivational effects of LLM- 
generated formative feedback. In writing and language learning, it 
is asked whether AI feedback enhances text quality and task moti
vation [21,96,110,145], or grammar skills (e.g., [102,130]). In 
teacher education and STEM, studies investigated how 
LLM-generated feedback supports reasoning and problem-solving 
[89,111,112]. Many of the reviewed papers studied metacognitive 
or motivational effects, e.g., learners’ self-assessment accuracy [131]
or critical reflection skills [146]. Most of the studies compare effects 
of LLM-generated feedback with other feedback sources, e.g., 
teachers or peers (e.g., [141,146]), or other feedback conditions, e.g. 
no feedback, only scoring feedback (e.g., [21]), or other types of 
adaptive digital feedback [129].

b) LLM-generated feedback quality: These studies evaluate feedback 
quality and reliability compared to human benchmarks, focusing on 
specificity, constructiveness, tone, clarity, and rubric alignment (e. 
g., [24,85,87,113]). Most of the research questions in this category 
are focusing on the differences between teacher-generated and 
AI-generated feedback (e.g., [132]). Fewer studies, e.g. Banihashem 
et al. [148], investigated the quality of LLM-generated feedback vs. 
peer feedback.

c) Learner and teacher perceptions and usage of LLM-generated feed
back: These studies ask how students and teachers perceive and use 
LLM-generated feedback, focusing on usefulness, fairness, trust, and 
engagement (e.g., [101,114]). Alsaiari et al. [140], for example, 
investigated how emotionally enriched AI-generated feedback af
fects student engagement with the feedback messages. Other studies 
in this category investigate how learners read and apply feedback 
[89,115,151]. Few studies in this category explored differences be
tween students who deliberately chose to use LLM-generated feed
back compared to those who rejected using it [111,151].

d) Feedback source and disclosure effects: A smaller line of research 
examines how learners react to knowing or not knowing the feedback 
source. These studies ask if students can distinguish AI from human 
feedback and how disclosure of the feedback source influences trust 
and fairness [23,97,116].

e) Human-AI feedback systems: Studies that fall in this category focus 
on integrating LLMs into educational systems and balancing auto
mation with teacher oversight [88,106,115,117]. Li et al. [149], for 

Table 2 (continued )

Study Country Learning domain and assignments Education 
level 

Human sample LLMs with specifications

Seßler et al. [24] Germany Science education: Experimentation 
protocols

K-12 37 students, 
11 science teachers,  
5 science education 
experts

GPT-3.5-turbo-0125, accessed via API

Soyoof et al. [130] Iran EFL: Grammar, article usage K-12 40 students ChatGPT 3.5
Steiss et al. [87] USA History education: Students wrote source- 

based argumentative essays in history
K-12 198 students ChatGPT 3.5

Sun et al. [92] China Programming education: Python exercises. Tertiary 63 students GPT-3.5 integrated via API
Thomas et al. 

[111]
USA Teacher education: Core tutoring 

competencies
Tertiary 885 college-student 

tutors
GPT-3.5-turbo

Tran [145] Vietnam EFL: Academic opinion essay writing Tertiary 14 students, one writing 
instructor

Gemini (model version not specified)

Wan & Chen [104] USA Science education: Conceptual 
understanding of Newton’s laws

Tertiary 85 student, 4 instructors GPT-3.5 Turbo

Weidlich et al. 
[25]

Switzer- 
land

Educational sciences: Scientific writing and 
argumentation

Tertiary 90 students ChatGPT GPT-4 (2024) via custom GPT

Xavier et al. [128] Brazil Science education: Chemical concepts 
assessed through open-ended short-answer 
questions

K-12 60 students DeepSeek V-3 integrated into the Tutoria 
platform

Yu & Xie [103] China EFL argumentative essay writing K-12 60 students, 4 English 
teachers

ChatGPT-4o

Zhang et al. [119] USA Programming education: Java programming 
assignments in an introductory course

Tertiary 58 students ChatGPT via API

Zhuang et al. 
[112]

China EFL: Picture-cued descriptive writing tasks K-12 386 students, 7 schools Fine-tuned multimodal LLM (not specified)

Table 3 
Frequency of LLM-based terminology in the reviewed studies.

Terms in titles, keywords, and abstracts Frequency

AI chatbot-assisted feedback 1
AI feedback 8
AI-driven feedback 1
AI-generated feedback 17
AI-mediated feedback 1
ChatGPT feedback 5
ChatGPT-provided feedback 1
ChatGPT-delivered feedback 1
ChatGPT-generated feedback 6
GPT-3.5-turbo-generated feedback 1
GenAI feedback 8
GenAI-generated feedback 2
GenAI-assisted feedback 1
GenAI-based feedback 1
LLM feedback 3
LLM-based feedback 4
LLM-driven feedback 1
LLM-assisted feedback 1
LLM-generated feedback 13

U. Maier et al.                                                                                                                                                                                                                                   Computers and Education Open 10 (2026) 100374 

10 



example, asked to what extent LLM-based assessment insights sup
port educators in writing their own feedback to students’ written 
answers. These works explore conditions under which LLMs serve as 
pedagogically credible feedback partners.

5.2. Methodological and contextual characteristics (RQ 2)

5.2.1. Types of research design and study procedures
What types of research designs and methodological approaches have 

been implemented (RQ 2.1)? 

a) Experimental or quasi-experimental studies comparing LLM- 
generated feedback to human feedback: Multiple classroom-based 
RCTs examined causal effects of LLM-generated formative feedback 
on revision quality, writing performance, reasoning accuracy, and 
affective outcomes [21,89,114,118,131]. Additional quasi-exper
imental studies implemented structured pre–post or 
cluster-randomized designs in authentic educational settings [144,
146].

b) Experimental or quasi-experimental model comparisons: Some 
studies compared different LLM systems without including human 
feedback as a control [22,88]. These analyses often relied on 
large-scale corpus comparisons. Other work audited hallucinations 
or contrasted prompt-driven and fine-tuned systems [86]. 
Multi-condition quasi-experimental designs also compared adaptive, 
GenAI-based, and hybrid feedback modes across parallel interven
tion groups [129].

c) Comparing different prompting strategies: Several studies experi
mentally manipulated prompt design within the same LLM. Within- 
subjects and between-subjects designs compared general, grammar- 
focused, or EFL-tailored prompts, as well as neutral versus 
emotionally enriched feedback [140,143]. Other research contrasted 
zero-shot and chain-of-thought prompting against teacher feedback 
[132].

d) Perception and disclosure experiments: A set of studies examined 
how source transparency and provider information influenced 
feedback perception. Blind–disclosure designs assessed changes in 
perceived helpfulness and motivational quality once feedback was 
revealed as AI-generated [23]. Factorial experiments further 
analyzed trust, credibility, and fairness when manipulating feedback 
provider and transparency [97,116].

e) Comparative feedback quality studies: Several contributions focused 
on evaluating the pedagogical quality of LLM-generated feedback 
relative to human feedback. Large-scale grading accuracy and 
fluency analyses were conducted using labeled datasets [98]. Other 
studies employed content-analytic and rubric-based evaluations with 
blinded raters to assess dimensions such as accuracy, constructive
ness, tone, and clarity [24,85,87].

f) Human–AI interaction studies: Finally, qualitative and mixed- 
method studies investigated how learners and educators interpret 
and use AI-generated feedback. Analyses of programming lab logs 
and reflective surveys explored student uptake of LLM-generated 
hints [115]. Surveys and thematic analyses captured preferences 
and perceived usefulness [119]. Experimental designs also examined 
how AI-based assessment insights influenced educators’ feedback 
practices [149].

The reviewed studies demonstrate substantial methodological di
versity, combining controlled intervention research with comparative 
system analyses and socio-cognitive investigations of feedback percep
tion and use.

5.2.2. Learning domains and student assignments
In which learning domains has research on LLM-generated feedback 

been conducted, and for which tasks or student assignments has such 
feedback been provided (RQ 2.2)? We assigned the reviewed studies to 

five learning domain categories. 

a) English (EFL, ESL) writing and academic writing: This is the largest 
domain and focuses primarily on argumentative, reflective, 
descriptive, and literature review writing assignments in English as a 
Foreign Language (e.g., [21,96,102,103,110,112,120,130,131,141,
144,148]). Tasks typically involve essay drafting and revision, with 
feedback targeting coherence, grammar, lexical resource, argumen
tation, and task achievement. Several studies also draw on stan
dardized formats such as IELTS or TOEFL prompts.

b) Teacher education and educational sciences: These studies are situ
ated in teacher education and focus on diagnostic reasoning, 
reflective writing, argumentation, learning goal formulation, tutor
ing competencies, and pedagogical case analysis. Writing tasks often 
require justification of pedagogical decisions, integration of multiple 
data sources, or reflection on classroom scenarios (e.g., [23,25,89,
97,109,111,146]).

c) Computer science and programming education: This domain in
cludes introductory and intermediate programming courses (CS1, 
Python, Java, C#) and focuses on code comprehension, recursion, 
conditional logic, debugging, and software development tasks. 
Feedback targets code correctness, explanation quality, reasoning, 
and programming practices (e.g., [92,114,115,117,119,129]).

d) Mathematics and science education: Studies in mathematics examine 
open-ended problem solving, conceptual understanding (e.g., deci
mal magnitude, linear equations, ratios), and written mathematical 
reasoning. Tasks frequently involve short-answer explanations 
rather than purely numerical responses (e.g., [22,88,98]). This 
category also includes science disciplines where students respond to 
conceptual or inquiry-based tasks. Assignments involve open-ended 
explanations, experimental reasoning, laboratory protocols, or con
ceptual understanding of foundational principles (e,g., [24,104,114,
149]).

e) Other technical domains: Some studies focus on domain-specific 
technical writing and analytical reasoning, such as project reports 
in software engineering, data science proposals, or marketing ana
lytics assignments involving statistical modeling and coding (e.g., 
[85,106]).

Across the reviewed studies, LLM-generated feedback has been 
investigated most extensively in English academic writing contexts, 
followed by teacher education and computer science/programming. 
Other domains—including mathematics, science, data science, and 
applied design—are represented but comparatively less frequently.

5.2.3. Educational level
At which educational levels and educational institutions have studies 

on LLM-based feedback been conducted (RQ 2.3)? Our analyses clearly 
showed that the majority of the reviewed studies (33 out of 47) were 
conducted in tertiary education, including undergraduate and graduate 
university contexts (e.g., [20,23,89,96,119,144]). About one-third-of 
the studies (14 out of 47) focus on secondary school settings, mostly 
high schools, in writing, science, and mathematics [21,22,24,87,88,98,
130]. A few projects involve teacher-training and educational psychol
ogy programs situated at the university level [89,97,111,146]. We found 
no projects that involved primary school students.

5.2.4. Sample types
What types of samples are investigated, distinguishing between 

human participants (students, teachers) and artefactual data, e.g., es
says, responses, or LLM outputs (RQ 2.4)?

In synthesizing the reviewed studies, it is important to distinguish 
between different types of samples that underpin the empirical evi
dence. Research on LLM-generated feedback draws on diverse sample 
configurations, including human participants (such as students, teach
ers, tutors, and expert raters) as well as artefactual samples (such as 
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essays, code submissions, short-answer responses, and feedback texts). 
These sample types differ not only in scale but also in their analytical 
role: human samples allow investigation of learning processes, percep
tions, and decision-making, whereas artefact and feedback samples 
enable evaluation of feedback quality, model performance, and align
ment with expert judgment. Differentiating between these configura
tions is therefore essential for understanding the methodological 
foundations and interpretive scope of the field. 

a) Student-only intervention samples form the largest group of studies. 
In these designs, students are the primary participants and unit of 
analysis. Data typically include essays, programming assignments, 
revision drafts, exams, surveys, or system logs, and the focus lies on 
learning outcomes, revision quality, or feedback perception (e.g., 
[21,101,132,146]).

b) A second group combines student samples with human raters or 
expert evaluators. In these studies, student artefacts such as essays, 
experimentation protocols, or programming solutions are assessed 
by teachers, trained coders, or domain experts using rubrics or 
annotation schemes (e.g., [24,103]).

c) Another set of studies employs mixed student–teacher designs in 
which both groups are active participants. Teachers may provide 
comparison feedback, participate in interviews, code reflections, or 
act as evaluators alongside AI systems (e.g., [20,142]).

d) A smaller but distinct group centers primarily on teacher or educator 
samples. In these studies, educators are the main participants, and 
the focus lies on grading practices, perception of AI-supported 
assessment, or instructional decision-making (e.g., [117]).

e) Finally, several studies rely predominantly on large-scale artefact or 
log-based datasets. The primary data consist of thousands of student 
responses, code submissions, or tutoring system logs, sometimes 
complemented by targeted human annotation (e.g., [22,86,88]).

Additionally, it is important to consider how samples were recruited 
and structured. A large proportion of studies rely on convenience sam
ples (e.g., [23,101,119,130,146]. In contrast, several studies imple
mented randomized controlled trials or structured experimental group 
assignments to strengthen internal validity and causal inference (e.g., 
[21,96]),

5.2.5. Educational context and instructional setting of the studies
In which instructional settings has research on LLM-based formative 

feedback been carried out (RQ 2.5)? The reviewed studies were con
ducted across a diverse range of educational contexts and instructional 
settings, which can be grouped into four categories: 

a) Studies conducted in authentic classroom settings integrated LLM- 
generated feedback directly into ongoing instruction, allowing re
searchers to observe its functioning within typical learning envi
ronments. For example, students revised essays during scheduled 
class periods or submitted programming tasks as part of their cour
sework, receiving LLM-based or comparative feedback while 
following standard instructional routines (e.g., [85,89,141,144,
146]).

b) Studies in controlled laboratory or research-lab environments iso
lated specific aspects of LLM-generated feedback under standardized 
conditions. Participants typically completed writing or reasoning 
tasks within fixed time slots, enabling precise evaluation of feedback 
quality or revision effects without classroom variability (e.g., [21]).

c) Online and hybrid course contexts leveraged digital platforms that 
naturally support scalable, asynchronous feedback delivery. Stu
dents engaged with LLM-generated comments through learning 
management systems or online assessment tools while completing 
regular course activities. Examples include programming labs, 
writing modules, or simulation-based training environments where 

LLM feedback supplemented automated testing or human review (e. 
g., [113,115,149]).

d) Post-hoc or non-interactive studies analyzed existing student work 
without delivering feedback to learners directly. These investigations 
mainly focused on evaluating feedback quality (e.g., [24,87,120]).

5.3. Technological trends and empirical results (RQ 3)

5.3.1. Types of LLMs used in the studies and LLM specifications
What types of LLMs are used in these studies, and how are they 

configured (RQ 3.1)? 

a) Proprietary, pre-trained models: Most studies relied on pre-trained 
GPT-3.5 or GPT-4 variants, accessed via API, web interface, or 
platform integration, typically without fine-tuning (e.g., [96,98,130,
146]). Other studies employed more advanced models, such as 
GPT-4o and GPT-4.5, to generate adaptive or domain-specific feed
back with higher linguistic and analytic quality (e.g., [89,109]). 
OpenAI with its GPT models was the most frequent LLM-provider in 
the reviewed studies. Only a minority of studies utilized other 
commercial models such as Gemini from Google [145], ERNIE Bot 
from Baidu [141], or Claude from Anthropic [109].

b) Open-source models: A second group of studies used open-source 
foundation models, often for reasons of transparency or local 
deployment. Llama-based systems were tested for student percep
tions (e.g., [23,74]). Other studies used Mistral, Qwen, or DeepSeek 
for evaluating code, generating structured feedback, or supporting 
science and chemistry tasks (e.g., [22,114]). Additional architectures 
such as Bert, SBERT or a fine-tuned GOAT model appeared in 
comparative benchmarking (e.g., [88,149]).

c) Domain-specific fine-tuned models: A smaller number of studies 
employed fine-tuned models, often trained on domain-specific 
feedback datasets. Jia et al. [20,86] used BART-large variants fine-
tuned on hundreds of teacher-student feedback pairs, enabling close 
alignment with instructor tone and disciplinary norms. One study 
used a fine-tuned multimodal vision–language model adapted with 
Low-rank Adaptation (LoRA) to evaluate experimental protocols 
integrating text and images [112].

d) Agentic systems: Few studies implemented multi-LLM pipelines or 
agent-based systems, where distinct models handled error analysis, 
feedback generation, and validation. This included coordinated GPT- 
4o, GPT-4o-mini, or expert-role LLM agents (e.g., [117]) as well as 
open-source multi-agent assemblies integrating Llama, Qwen, and 
related models for local deployment (e.g., [74]).

5.3.2. Prompting strategies explored in the reviewed studies
What kinds of prompting strategies are employed or investigated (RQ 

3.2)? 

a) Instructional, role-based, zero-short prompts: Most studies relied on 
structured instructional prompts, which defined the LLM’s role (e.g., 
teacher or tutor), specified feedback criteria, and required format
ting or tone. Such structured and role-based prompting was used 
widely in writing, programming, and subject-matter feedback 
studies (e.g., [21,25,96,101,103,113,114,147]).

b) Context-enriched, few-shot prompting: A second major strategy 
involved few-shot prompting, in which researchers embedded 
exemplar student–feedback pairs to enforce consistent tone, struc
ture, and feedback style (e.g., [23,86,89,104,111]). Studies also 
incorporated contextualized prompts enriched with rubrics, correct 
solutions, model answers, common misconceptions, test-case out
puts, or student performance data (e.g., [74,98,104,119]).

c) Multi-step prompting, Chain-of-Thought prompting: This group of 
studies implemented multi-step or process-oriented prompting, 
guiding the LLM through staged actions such as reformulating the 
student response, explaining errors, providing corrective guidance, 
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and summarizing key points (e.g., [24,88,92]). Farrokhnia et al. 
[132], for example, compared teacher feedback on student written 
essays to feedback generated with zero-shot prompting and 
Chain-of-Thought (CoT) prompting. The CoT prompt included a 
step-by-step reasoning instruction and an explicit worked example, 
guiding the model to evaluate essay components sequentially.

5.3.3. Results of the reviewed studies
What are the main empirical results of LLM-based feedback research 

along the dominant research questions (RQ 3.3)? For this core questions 
of our review, we grouped research results in six categories aligned with 
the conceptual framework for elaborated formative feedback research 
(see Fig. 1). Since most studies include several research questions, we 
assigned some example studies to several categories. 

a) Effects of LLM-generated feedback on cognitive learning outcomes: 
Across studies comparing LLM feedback to no feedback, most report 
clear learning benefits, particularly in writing, programming, and 
diagnostic reasoning tasks. LLM-based feedback improved revision 
quality, essay scores, justification quality, code performance, and 
post-test outcomes in secondary and higher education contexts [21,
89,92,96,110-112]. Effect sizes are typically small to moderate but 
consistent. When compared directly to teacher feedback, findings are 
more mixed: some studies report equal or superior outcomes for 
human feedback [25,101,114,118,144], while others find no sig
nificant performance differences between AI and teacher feedback 
[104,114,146]. In secondary EFL contexts, teacher feedback led to 
stronger and more durable grammar gains than ChatGPT feedback 
[130]. Hybrid approaches appear particularly promising: combining 
ChatGPT with teacher feedback enhanced revision performance 
beyond teacher-only conditions [142], and integrating AI with an 
existing AWE system significantly improved higher-order thinking 
compared to AWE alone [147].

b) Effects on metacognitive learning outcomes: Research indicates that 
LLM-generated formative feedback can support metacognitive 
development. Several intervention studies report improvements in 
metacognitive regulation, planning, monitoring, and higher-order 
thinking when AI feedback is integrated into writing or program
ming instruction [92,147]. More specifically, Liu et al. [141] found 
significant gains in overall feedback literacy and across all five 
feedback literacy dimensions in the LLM-feedback group compared 
to peer feedback. However, other studies report mixed effects. Lie
benow et al. [131] reported no overall main effect of LLM feedback 
on self-assessment accuracy, although students with initially low 
self-assessment accuracy improved significantly more when 
receiving feedback. Moreover, teacher feedback may better support 
personalized scaffolding and affective trust, which can indirectly 
influence metacognitive engagement [130].

c) Effects on emotional and motivational learning outcomes: Across the 
reviewed studies, evidence for sustained motivational effects of LLM- 
generated feedback is generally positive but modest and context- 
dependent. Randomized and quasi-experimental studies report in
creases in task motivation and interest over the course of in
terventions when students received LLM-based feedback compared 
to no feedback [21,96,110]. In programming contexts, formative 
LLM-generated feedback was associated with higher reported inter
est and motivational across the learning period [89,92]. Some 
studies also indicate gains in confidence or writing self-efficacy 
during multi-week writing interventions [102]. However, motiva
tional effects were not universally stronger than those of teacher 
feedback: in some contexts, AI feedback did not significantly 
outperform human feedback in motivational dimensions [101,118].

d) Internal processing of LLM-generated formative feedback: Across the 
reviewed studies, LLM-generated feedback is generally perceived as 
clear, structured, and easy to understand, with many students 
describing it as specific, fast, and helpful, and often rating it as at 

least as useful as human feedback in formative contexts [101,102,
106,110-112,119]. It frequently supports active revision behavior, 
increasing revision frequency and prompting both local and global 
changes, particularly when feedback is detailed and tailored [103,
115,145]. However, uptake often concentrates on surface-level cor
rections rather than deeper conceptual revisions [103,151], and 
learning benefits depend on learners’ active engagement rather than 
mere access [111]. Perceptions and preferences are nuanced: some 
learners favor AI feedback for its immediacy and systematic struc
ture, while others prefer teacher feedback for empathy, contextual 
understanding, and relational trust [25,101,103]. Disclosure of the 
feedback source plays a critical role—when students learn that 
feedback is AI-generated, trust, credibility, and feelings of appreci
ation can decline, even if the identical feedback was previously rated 
positively [23,116]. In secondary EFL contexts, however, teacher 
feedback elicited higher trust due to personalized scaffolding and 
affective support, whereas ChatGPT feedback was perceived as more 
mechanical and less adaptive, reducing perceived effectiveness 
[130].

e) Feedback content: Studies that evaluated the content of LLM- 
generated feedback through expert or trained rater judgments 
conclude that LLM feedback is pedagogically usable and often close 
to human quality, while still showing systematic limitations. In sci
ence education, LLM feedback on experimentation protocols was 
rated as largely comparable to teacher and expert feedback in 
structure and pedagogical soundness, though weaker in context- 
specific error explanation and depth [24]. In history writing, 
human evaluators rated teacher feedback higher in clarity, accuracy, 
prioritization, and tone [87]. In mathematics, expert comparisons 
showed that fine-tuned models aligned better with teacher grading 
patterns than similarity-based systems, and zero-shot GPT-4 often 
misaligned with implicit grading standards [88]. In data science 
writing, ChatGPT feedback was rated as more readable and struc
turally coherent than instructor feedback, but showed inflated pos
itivity and weaker alignment on evaluative dimensions [85]. 
Prompting strategies strongly influenced expert-rated quality: 
domain-specific prompts and conversational or chain-of-thought 
prompting significantly improved structural quality, specificity, 
and developmental guidance compared to zero-shot outputs [109,
120,132,143]. However, hallucination analyses revealed that a 
substantial proportion of feedback sentences were unfaithful to the 
source text, indicating risks that may not always be captured by 
surface-level quality ratings [86].

f) Role of learner characteristics: Research indicates that learner 
characteristics meaningfully moderate both the processing of and the 
effects produced by LLM-generated feedback. Learners with initially 
low self-assessment accuracy benefited more from LLM feedback in 
terms of improved calibration, whereas students with already accu
rate self-assessments showed little additional gain [131]. Similarly, 
feedback quality and its developmental potential appear to scale 
with the quality of students’ initial work in some contexts, meaning 
that stronger writers may receive more elaborated or structurally 
refined AI feedback, which can widen performance differences if not 
carefully scaffolded [87,132]. Motivational orientation and feedback 
literacy shapes feedback uptake. Intrinsically motivated students are 
more likely to engage deeply with LLM feedback and translate it into 
revision behavior [25], while active voluntary use of AI feedback 
predicts learning gains more strongly than mere access [111]. Stu
dents with higher feedback literacy perceive feedback differently and 
may benefit more from teacher feedback, whereas those with lower 
literacy sometimes rely more heavily on structured AI guidance [25,
141]. Language proficiency may also play a role: while some studies 
find no systematic disadvantage for English learners in AI feedback 
quality [87,110], linguistic context can influence how feedback is 
interpreted and how well models perform in underrepresented lan
guages [132].
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g) Role of learning context: Research suggests that the formative 
assessment context and the broader instructional design substan
tially shape the quality, processing, and effects of LLM-generated 
feedback. First, integration within structured formative designs en
hances both feedback quality and learning impact. When LLM 
feedback is embedded in scaffolded revision cycles, adaptive sys
tems, or hybrid teacher–AI models, effects on performance and 
higher-order thinking are stronger than when AI operates in isolation 
[129,142,147]. Second, the comparison condition within the 
formative context matters. LLM feedback shows clearer benefits 
when compared to no feedback [21,110], whereas differences rela
tive to teacher feedback are often small, context-dependent, or favor 
teachers on nuanced dimensions [87,114]. Third, the nature of the 
task and disciplinary domain moderates effects. LLM-generated 
formative feedback performs well for structured writing, program
ming exercises, and rubric-driven tasks, especially in early drafts or 
lower-quality work [24,117]. However, limitations emerge in com
plex reasoning, highly contextualized critique, or unfamiliar error 
types [22,86].

5.3.4. Risks and challenges of LLM-generated formative feedback
How do studies address issues of hallucinations, biases, and fairness 

in pedagogical and ethical challenges of LLM-generated feedback (RQ 
3.4)? Across the reviewed corpus, studies converge on three main cat
egories of concerns, while also pointing to emerging mitigation strate
gies and remaining gaps.

First, multiple studies document inaccurate, ungrounded, or mis
classified feedback, including hallucinated references to missing con
tent, erroneous validation of student work, and rubric-inconsistent 
judgments. For example, LLM feedback sometimes referenced absent 
elements in software engineering project reports [20], occasionally 
reinforced misconceptions in programming when superficially plausible 
outputs aligned with test cases [115], and misclassified incorrect 
mathematical reasoning as correct due to keyword matching rather than 
conceptual evaluation [98]. Similar issues were reported in extended 
classroom use, where fabricated or contradictory feedback occurred and 
limitations in discipline-specific accuracy were acknowledged [141].

Second, studies identify positivity bias as a recurring pattern: LLM- 
generated feedback can be overly polite, inflated, or insufficiently crit
ical, which risks masking errors and weakening instructional precision. 
This was evident when ChatGPT produced systematically more positive 
evaluations than instructors on dimensions such as novelty or clarity in 
project proposals [85], used generic encouragement even for incorrect 
responses in decimal reasoning tasks [98], and delivered supportive but 
sometimes non-specific praise in grammar-oriented writing feedback 
[102]. Relatedly, some learners reported difficulty interpreting AI 
feedback and raised concerns about overreliance, indicating an ethical 
risk when users treat AI guidance as authoritative without sufficient 
critical evaluation [147].

Third, fairness and bias analyses are comparatively sparse but sug
gest mixed implications. Some studies found no systematic disadvantage 
for English learners relative to fluent writers in feedback quality, 
implying no detectable linguistic bias in the evaluated context [87], and 
no differences in AI feedback responsiveness across proficiency levels in 
a large writing intervention [110]. Other comparative work suggests 
that LLM feedback may apply more uniform standards than humans, 
potentially reducing disparities arising from differential feedback 
practices [120]. However, most studies do not systematically test de
mographic bias beyond limited subgroup comparisons, and language 
coverage remains a concern: work conducted in Persian highlights that 
model behavior may vary in linguistically underrepresented languages, 
with feedback quality scaling more strongly with input quality [132].

6. Discussion

This review corroborates several central findings of the five previous 

literature reviews on AI-assisted feedback [26,27,29,30]. Consistent 
with these earlier syntheses, the evidence indicates that AI-generated 
feedback generally produces positive effects on revision quality and 
short-term learning outcomes when compared to no-feedback condi
tions, and in many cases approaches the effectiveness of human feed
back [28–30]. As previously reported, research is heavily concentrated 
in higher education, particularly in English academic writing and 
EFL/ESL contexts [26–28], with comparatively fewer studies in school 
settings or non-language domains. Across reviews, learners tend to 
perceive AI-generated feedback as clear and useful, while still valuing 
teachers for contextual sensitivity and affective support [28,30]. 
Furthermore, recurring concerns—such as hallucinations, bias, over
reliance, and insufficient pedagogical integration—are echoed in the 
present synthesis [26,29], reinforcing the broader conclusion that AI 
feedback should be embedded within carefully designed instructional 
frameworks and, ideally, combined with teacher oversight in hybrid 
models.

At the same time, this review expands the existing knowledge base in 
several important ways. First, unlike broader reviews that aggregate 
diverse AI technologies—including rule-based systems, traditional NLP 
tools, and LLMs [26,27,30]—this review focuses exclusively on 
instruction-tuned, general-purpose LLMs published between 2022 and 
2026, thereby isolating the post-ChatGPT technological shift. Second, it 
provides a more fine-grained analysis of model configurations and 
prompting strategies, which are only briefly addressed in earlier reviews 
[28,29]. Third, by embedding findings in an integrative conceptual 
framework of formative feedback, the review systematically differenti
ates feedback content, internal feedback processing, and cognitive, 
metacognitive, and motivational outcomes—an analytical distinction 
not developed in the prior syntheses (Fig. 1). From this perspective, the 
reviewed literature can be interpreted as an expansion of the established 
discussion on elaborated digital feedback in the context of formative 
assessment in educational contexts. We therefore discuss the findings of 
the literature review along this framework.

6.1. Discussion of the review results

6.1.1. External feedback agents
The motivation for this review is the emergence of LLMs as a new 

class of external feedback agents. Accordingly, many studies used 
experimental or quasi-experimental designs to compare LLM-generated 
feedback with teacher or peer feedback (e.g., [21,25,101,114,148]). 
Overall, LLM feedback is often broadly comparable in quality to human 
feedback, although human feedback remains stronger for nuanced 
contextualization and prioritization in some settings [25,87,114]. Given 
rapid model development and the scalability of instant feedback, 
generative AI may increasingly match or exceed human capacity for 
elaborated feedback on open-ended formative assignments.

In contrast, fewer studies systematically compare different LLMs or 
prompting strategies. Most rely on GPT models, while only a smaller 
subset examines open-source models, fine-tuning, or prompt variations 
[22,86,88,109]. Yet available evidence shows that model type and 
prompt engineering substantially shape feedback quality: prompting can 
improve structural quality (e.g., CoT vs. zero-shot), but higher-quality 
messages do not necessarily translate into stronger revision outcomes, 
highlighting the role of contextual sensitivity, pedagogical adaptivity, 
and learner uptake [103,132,151]. Where stronger models are paired 
with structured prompting, feedback tends to be more coherent and 
criterion-aligned, but evidence remains limited [109,120]. Looking 
ahead, more explicit reasoning models, multimodal and tool-augmented 
systems, and retrieval- and rubric-grounded pipelines may improve ac
curacy and reduce unfaithful statements [86,74,112], shifting the 
research frontier from LLM-human comparisons toward uptake and 
regulation in authentic classroom conditions.
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6.1.2. Feedback content
Across the reviewed studies, research on LLM-generated formative 

feedback places particularly strong emphasis on feedback content. First, 
factual correctness is the most prominent quality criterion, reflecting 
concerns that fluent feedback may nevertheless be inaccurate or 
ungrounded. Although LLM feedback is mostly described as correct in 
the reviewed studies, some studies also document that LLM feedback can 
include hallucinated statements or misclassifications, such as refer
encing missing elements in student artefacts that are actually present 
[20], validating incorrect reasoning in code comprehension tasks [115], 
or overestimating correctness in mathematical explanations through 
keyword heuristics rather than conceptual evaluation [98]. Importantly, 
the evidence suggests that these problems vary by learning domain and 
model configuration and are rarely addressed systematically across full 
classroom-scale deployments. At the same time, a small set of studies 
points toward mitigation through verification and evaluation pipelines 
[86,98,115]. This direction aligns with the broader argument that hal
lucinations are not fixed model properties but can be reduced through 
deliberate model selection, prompt design, and human-in-the-loop 
procedures [121,137].

Second, many studies operationalize pedagogical quality using 
established formative feedback dimensions such as Feed Up/Feed Back/ 
Feed Forward [21,24]. Other studies applied formative feedback models 
primarily as analytic lenses to characterize the focus of LLM feedback, e. 
g., by coding feedback for task, process, and self-regulation levels and 
showing that LLM feedback tends to concentrate on task and process 
while under-representing self-regulation prompts [85]. A notable 
research gap is therefore that relatively few studies examine whether 
LLM feedback consistently targets higher-level process or strategy 
guidance, despite evidence on elaborated feedback that process- and 
self-regulation-focused feedback is often more beneficial than purely 
task-level correctness feedback [2,4,7].

Third, beyond accuracy, multiple studies highlight systematic dis
tortions in feedback content. Positivity bias is repeatedly observed, with 
LLMs tending to produce overly polite or inflated evaluations that can 
reduce diagnostic value [85,98,102]. Moreover, an algorithmic 
“input-quality sensitivity” emerges as a potential fairness-relevant 
mechanism: in some studies, feedback quality correlates with the qual
ity of students’ initial drafts, raising the risk of reinforcing achievement 
gaps if weaker submissions trigger less useful or less actionable feedback 
[132]. This concern aligns with earlier evidence from digital feedback 
contexts that low-achieving learners may receive more error informa
tion yet engage with it less effectively, potentially due to cognitive load 
and self-protective processing [12,152]. The implication is that future 
work should examine prompt and system mechanisms that compensate 
for low-quality inputs (e.g., stronger diagnosis, prioritization, staged 
guidance) rather than merely mirroring student performance.

Fourth, the review indicates that linguistic and cultural generaliz
ability remains an underexplored dimension of feedback content. Only a 
small number of studies explicitly address language coverage, but work 
in linguistically underrepresented contexts suggests that model behavior 
may differ across languages and writing conventions, which may partly 
explain observed links between input quality and feedback quality 
[132]. This highlights a broader limitation of the evidence base: despite 
the global relevance of formative feedback, most evaluations are con
ducted in English or in English-learning contexts, leaving open questions 
about feedback validity, fairness, and usefulness across non-English 
educational settings.

Finally, adaptivity remains a central “missing link” in feedback 
content research. While LLM feedback is often elaborated and can be 
structured using formative principles, most systems remain artefact- 
centric: they generate feedback solely from the submitted product 
without systematically incorporating learner goals, prior knowledge, 
misconception profiles, or motivational and affective states. This stands 
in contrast to decades of evidence from adaptive learning and tutoring 
systems showing that personalization based on learner models can 

enhance both effectiveness and equity [12,53,55].

6.1.3. Internal feedback processing
Our review demonstrates that internal feedback processing is a key 

area of LLM-generated formative feedback research. This focus aligns 
with established feedback process models that conceptualize feedback 
as a learner-centered cycle of interpretation, affect regulation, judg
ment, and action rather than a one-way transmission of information [2,
37,43,51]. Our review shows that LLM-feedback research clearly ex
tends this tradition. A large share of studies does not only evaluate 
outcomes, but explicitly examines how learners perceive, understand, 
and use LLM-generated feedback, often treating uptake as a central 
dependent variable [23,96,103,119,151].

A first recurring theme is that LLM-generated feedback is typically 
elaborated and therefore places high demands on learners’ selection and 
sense-making processes. Several studies describe LLM-generated 
formative feedback as clear, structured, and actionable, and learners 
often report that it helps them orient their revision efforts [96,102,110,
112]. At the same time, uptake evidence suggests that elaboration can 
interact with learners’ limited processing capacities: students frequently 
prioritize surface-level edits (grammar, wording) over deeper concep
tual revision even when higher-order suggestions are available [103, 
151]. This pattern mirrors earlier findings from digital feedback 
research that learners may not fully process dense feedback, may 
selectively attend to low-effort fixes, or may avoid engaging with chal
lenging information for self-protective reasons [51,152]. This suggests 
that LLM feedback systems should be designed not only to generate 
helpful messages but also to structure learners’ engagement with those 
messages in ways that sustain autonomy and reflective processing [37,
43].

Internal processing is not only a mediator but also a gatekeeper: 
learning effects depend on learners’ active engagement with feedback. 
One study explicitly operationalized feedback seeking and showed that 
the availability of LLM-generated formative feedback alone was insuf
ficient. Learning gains emerged only for participants who actively chose 
to use the LLM feedback [111]. This resonates with broader evidence 
that feedback seeking and willingness to confront corrective information 
are central determinants of feedback effectiveness [8,43] and with 
research showing that learners’ choice to seek feedback can explain 
more variance in performance than revision behavior alone [46]. These 
findings indicate that future LLM-feedback research should treat feed
back seeking not as context variables but as central constructs, and 
should test interventions that explicitly foster productive engagement 
(e.g., reflective prompts, self-explanation requirements, or dialogic 
feedback interfaces).

6.1.4. Feedback effects on learning outcomes
Across the reviewed studies, the overall pattern is consistent with 

decades of evidence on elaborated formative feedback: providing 
learners with informative, explanatory feedback is generally more 
effective than providing no feedback or minimal corrective information 
[8,13]. In line with this, multiple experimental and quasi-experimental 
studies report that LLM-generated feedback improves cognitive learning 
outcomes, most prominently the quality of revisions and near-term task 
performance in writing, reasoning, and programming contexts [21,89,
92,96,110,112]. When LLM feedback is compared to no-feedback or 
weaker digital feedback conditions, effects are typically positive and 
robust, reinforcing the conclusion that LLM-generated formative feed
back can function as an effective formative support under realistic 
instructional constraints [21,110].

Comparisons with human feedback are more nuanced: depending on 
domain and task, LLM feedback performs similarly, sometimes better, 
and sometimes worse than teacher feedback, with teachers often 
retaining an advantage for complex tasks requiring contextual prioriti
zation or nuanced guidance [25,101,114,130], while other studies find 
no significant performance differences [114,104,146]. Evidence also 
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suggests that hybrid approaches can be particularly productive, for 
example when AI feedback complements teacher feedback or when AI is 
integrated with other feedback systems, yielding improvements beyond 
single-source feedback in some designs [129,142,147].

At the same time, the reviewed literature indicates that most learning 
effects are proximal and revision-focused. A large share of studies uses 
short-term, single-task designs (one assignment and one revision cycle), 
which makes it difficult to draw conclusions about durable learning, 
transfer to new tasks, or cumulative “feedback spirals” across time [21,
132]. This pattern echoes broader feedback research: elaboration can 
support immediate correction, but durable learning requires repeated 
opportunities to apply feedback, build evaluative judgment, and 
develop self-regulation and feedback literacy [8,37]. Future work 
should therefore move beyond “single-shot” revision effects and 
examine how LLM-generated feedback operates across multiple cycles, 
assignments, and contexts.

6.1.5. Formative assessment context
The integrative framework also highlights that LLM-generated 

feedback is embedded in specific formative assessment tasks and class
room routines, and its effectiveness depends on this proximal assessment 
context. The reviewed studies demonstrate that LLM-generated forma
tive feedback is already being applied across a range of open-ended 
assignments, including argumentative and reflective essays, project re
ports, programming tasks, and short-answer explanations [20,21,89,96,
119]. However, the empirical landscape remains strongly concentrated 
in a limited set of assessment formats, most notably EFL/ESL academic 
writing in higher education and introductory programming exercises, 
with fewer studies addressing other domains such as mathematics, sci
ence, or history writing [22,24,87,88,98]. Secondary education contexts 
are represented but less common, often focusing on writing, grammar, 
or selected STEM topics [21,104,130].

This concentration limits generalizability because formative assess
ment varies substantially across subjects in task structure, epistemic 
aims, and what counts as a “good” response. An urgent research need is 
therefore to expand beyond domains where LLMs naturally excel in 
fluent text production and into more diverse assessment types, partic
ularly those requiring precise conceptual diagnosis and domain-specific 
reasoning, such as complex mathematical problem solving or lower- 
secondary topics like fractions and foundational computation where 
LLMs have documented weaknesses. Existing studies in mathematics 
already suggest that performance can be uneven, especially when tasks 
require robust conceptual evaluation rather than surface plausibility 
[22,98], underscoring the importance of domain-sensitive research that 
tests how LLM feedback functions across different formative assessment 
traditions and knowledge representations.

6.1.6. Learner and context characteristics
Several reviewed studies provide direct evidence that initial learner 

status moderates outcomes. For example, self-assessment accuracy 
functions as a clear moderator: learners with low initial calibration ac
curacy benefited more from LLM feedback than those who were already 
accurate, suggesting that AI feedback can support metacognitive 
correction particularly for weaker self-monitors [131]. Relatedly, feed
back literacy and motivational orientation influence how feedback is 
perceived and acted upon: students with higher feedback literacy tend to 
perceive teacher feedback as fairer and benefit more from it, whereas 
intrinsically motivated students show higher willingness to revise after 
LLM feedback, implying that learners’ dispositions shape both trust and 
uptake [25].

A particularly critical learner-related risk emerging from the review 
is input-quality sensitivity, or a Matthew-effect mechanism. In some 
studies, the quality of AI-generated feedback is significantly correlated 
with the quality of students’ initial submissions, meaning that stronger 
drafts elicit more coherent, relevant, and structurally refined feedback 
while weaker drafts may trigger more generic, less actionable, or less 

pedagogically adaptive responses [132]. In digital feedback research 
more broadly, low-achieving learners tend to receive more error infor
mation but can process less of it, contributing to selective uptake and 
reduced benefits [152], and similar dynamics may occur in 
LLM-feedback contexts when elaboration becomes cognitively or 
emotionally taxing.

The reviewed studies also emphasize the importance of the sur
rounding learning context, including classroom norms, and the charac
teristics of the digital learning systems LLM-feedback is embedded in In 
line with broader AIEd work, several studies implicitly or explicitly 
support a human-in-the-loop perspective: educators remain responsible 
for aligning feedback with curricular goals, ensuring appropriateness for 
the learner group, and mitigating inaccuracies or unintended pedagog
ical consequences [114]. Similarly, work that uses LLM-based “insights” 
to support teachers’ feedback writing shows that LLM support can 
improve the quality of educators’ written feedback compared to simpler 
AI aids, indicating a productive division of labor where AI augments 
teacher judgment rather than replacing it [149].

However, most studies do not systematically examine demographic 
bias, data privacy, or governance arrangements for classroom deploy
ment. Instead, the few fairness-related analyses focus on linguistic pro
ficiency and suggest that LLM feedback can be relatively uniform across 
learner language backgrounds, whereas human teachers may differen
tiate more strongly [87,110,120]. While this uniformity could imply 
fairness advantages, it co-occurs with recurring positivity bias and 
overpraise, which can inflate evaluations and weaken diagnostic preci
sion [85,98,102]. Moreover, hallucination and misclassification risks 
raise immediate instructional governance questions: who is responsible 
for validating feedback, how errors are detected, and how accountability 
is handled when learners act on incorrect guidance [20,86]. In sum, 
LLM-generated feedback should therefore be conceptualized as a 
socio-technical component of formative assessment systems, where 
effectiveness and ethical acceptability depend on teacher oversight, 
platform design, transparency practices, and institutional safeguards, 
not merely on model capability.

6.2. Implications for future research and development

Building on the strengths and limitations identified in the reviewed 
corpus, future research should move beyond demonstrating that LLM- 
generated feedback “works” in narrow settings and instead clarify 
when, for whom, and under what conditions it is instructionally effec
tive, trustworthy, and equitable. The following directions briefly syn
thesize methodological, pedagogical, and ethical priorities emerging 
from the literature.

Future research should … 

− broaden sampling beyond convenience cohorts to strengthen 
external validity. Future studies should replicate findings across 
multiple institutions and use more diverse recruitment strategies so 
that results generalize beyond readily accessible university seminars 
and courses.

− expand in under-researched learning domains and educational con
texts. Because current evidence is heavily concentrated in higher 
education (EFL writing, academic writing in teacher education, 
programming), more work is needed in K-12 school settings where 
formative feedback demands and learners’ self-regulation capacities 
differ substantially. Future studies should also test LLM-generated 
feedback in a wider range of subjects and formative tasks, e.g., 
complex and foundational mathematics contexts where LLM 
reasoning is to date less reliable.

− develop and test hybrid human–AI feedback models rather than 
replacement scenarios. Research should identify optimal divisions of 
labor between teachers, peers, and LLMs, including when teacher 
oversight is essential and when AI can safely automate parts of the 
process [101,111]. We also question whether the field requires 
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additional disclosure experiments. While these studies have yielded 
valuable insights, AI-in-education research should move beyond the 
binary comparison of human versus AI feedback. In realistic future 
educational settings, teachers will increasingly collaborate with AI 
assistants, forming a “human-AI hybrid intelligence” [122] in which 
the boundaries between “human” and “AI” contributions are not 
always clearly distinguishable, but pedagogically co-constructed.

− embed LLM feedback in iterative “feedback spirals” across multiple 
drafts and assignments. Longitudinal designs should test cumulative 
learning, feedback literacy development, and transfer effects beyond 
single revision cycles. Jamshed et al. [102] or Sun et al. [92] are 
examples of longer interventions that allow establishing long-term 
effects of LLM-generated formative feedback integration into 
authentic classroom contexts. Interestingly, Sun et al. [26,92] 
described their quasi-experimental 10-week LLM-feedback inter
vention within a Python programming course as “relatively short 
duration”. Researchers in the field probably should clarify their un
derstanding of the external validity standards of LLM-generated 
feedback research.

− should build on decades of elaborated formative feedback research 
and harness the potential of LLMs to produce elaborated feedback 
messages with different foci (e.g., [92]: task-level, process-level, 
self-regulation-level, self-level) or different normative references (e. 
g., self-referenced, criterion-referenced, norm-referenced, group-
referenced) and establish how these different types work in new 
learning domains and with new formative assessment types. Com
bined with the idea to use student models (state of knowledge 
acquisition, motivational state) and learning analytics data from 
intelligent tutoring systems (behavioral data) for feedback adap
tivity, this opens possibilities to adapt feedback to student’s learning 
history, their misconceptions in a domain, or their motivational 
characteristics (e.g., [12,55,57]).

− investigate internal feedback processing across diverse learning do
mains and instructional settings. The review shows that LLM- 
generated feedback research already treats feedback uptake, pro
cessing, perceptions, and usage as central mediator variables be
tween feedback messages and learning outcomes (see Fig. 1). 
However, future work should more explicitly build on established 
feedback process models (e.g., [37,43]), which conceptualize inter
nal processing as the critical bottleneck of feedback 
effectiveness—particularly in contexts where formative tasks 
become more complex, student responses involve multi-step 
reasoning, and feedback messages are increasingly structured and 
lengthy. Research could, for example, operationalize active feedback 
seeking and feedback choice as independent variables, testing 
whether giving learners control over feedback amount, timing, and 
level of detail enhances engagement and learning compared to pas
sive receipt [46,111]. In addition, future studies should employ 
fine-grained behavioral measures of engagement with feedback, such 
as clickstream logging, time-on-feedback, scrolling patterns, or 
eye-tracking, to identify which feedback segments are actually 
attended to and why. Such evidence could inform more adaptive 
formatting and scaffolding of elaborated feedback messages.

− develop and evaluate mechanisms for hallucination mitigation and 
faithfulness assurance. Research should test retrieval- and rubric- 
grounded prompting, justification requirements linked to student 
artefacts, and automated verification pipelines to reduce unfaithful 
feedback [74,86]. Moreover, research on fairness and bias should go 
beyond linguistic proficiency and include diverse populations. 
Future work should test demographic fairness (e.g., gender, socio
economic background) and contextual bias systematically, rather 
than inferring fairness from limited subgroup analyses, e.g., expand 
research in non-English and underrepresented language contexts. 
Lastly, research should address “Matthew effects” and input-quality 
sensitivity in feedback generation. Studies should test mechanisms 

that compensate for low-quality submissions so that weaker learners 
receive feedback that is equally actionable and supportive [132].

− harness advances in LLM development beyond fluent text genera
tion, including enhanced reasoning, grounding, and tool integration 
capabilities. Chain-of-Thought (CoT) prompting has shown that 
LLMs can generate explicit intermediate reasoning steps, substan
tially improving multi-step problem solving [123]. 
Retrieval-augmented generation (RAG) architectures further 
strengthen reliability by grounding outputs in retrieved documents, 
thereby reducing hallucinations and increasing faithfulness [124]. In 
addition, tool-augmented models can decide when to call external 
tools such as calculators, search engines, or code interpreters to 
verify results and support more accurate reasoning [125]. These 
technical developments are highly relevant for educational applica
tions, especially formative feedback on complex, open-ended as
signments. Future research on LLM-generated formative feedback 
should therefore systematically explore these technological ad
vancements. Some reviewed studies already move in this direction 
(e.g., [86,115,132]). However, these efforts remain partial and 
exploratory. A systematic integration of advanced reasoning, 
grounding, and tool use into LLM-based formative feedback systems 
represents a key frontier for increasing pedagogical precision, reli
ability, and alignment with assessment criteria.

6.3. Limitations of this review

This review is subject to several limitations that must be considered 
when interpreting its findings.

Most importantly, the scope was deliberately restricted to empirical 
studies in which LLM-generated feedback constituted the core inter
vention. As a result, adjacent research areas—such as game-based 
learning, augmented and virtual reality, educational chatbots, and 
other AI-supported learning environments—were excluded, even 
though LLM-based feedback mechanisms may also play an important 
role within these contexts. Consequently, relevant technological de
velopments and design insights that embed LLM feedback as part of 
broader, multimodal, or immersive systems may not be fully repre
sented. This focused approach strengthens the internal coherence and 
interpretability of the findings by isolating feedback-specific effects, but 
it also limits the generalizability of the results across the wider 
ecosystem of AI-enhanced educational technologies. Future reviews 
could adopt a broader lens to examine how LLM-generated feedback 
functions in combination with other instructional features and learning 
environments.

A second limitation concerns the rapidly evolving and inconsistent 
terminology used to describe LLM-based feedback. Although a system
atic search strategy was applied across five major databases using a 
comprehensive Boolean string, it remains possible that relevant studies 
were not retrieved because they employed nonstandard, emergent, or 
domain-specific labels for LLM-driven feedback. In particular, some 
studies may have framed LLM feedback under broader terms such as AI- 
assisted assessment, automated formative guidance, intelligent tutoring, or 
adaptive support without explicitly referencing LLMs, GPT, or generative 
AI in titles, abstracts, or keywords.

Third, publication bias is likely, as early positive or promising find
ings may be more readily published during periods of technological 
novelty [126]. In addition, some studies lacked sufficient transparency 
in reporting model configurations, prompt engineering procedures, 
hyperparameters, or versioning details. These omissions hinder repro
ducibility, limit comparability across studies, and introduce the possi
bility of selective reporting of effective prompt variants or model 
outputs.

Lastly, a limitation of this review concerns its temporal scope in a 
rapidly evolving technological landscape. We defined our inclusion 
window from 2022 onward, marking the broader advancement and 
public availability of general-purpose, instruction-tuned large language 
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models (LLMs). This decision reflects a technological turning point at 
which LLMs became widely accessible and practically usable for 
generating context-sensitive feedback in authentic educational settings 
without extensive task-specific fine-tuning. However, restricting the 
review to the period 2022–2026 inevitably excludes earlier research on 
precursor LLM technologies. As a result, the review does not capture the 
full historical trajectory of LLM development in education and may 
underrepresent conceptual continuities with earlier AI-based feedback 
systems. Furthermore, because model capabilities have evolved rapidly 
within the selected time frame itself, the synthesized evidence spans 
multiple generations of instruction-tuned systems with differing per
formance characteristics. This temporal concentration therefore en
hances conceptual coherence but may limit historical completeness and 
comparability across technological generations.

7. Conclusions

This qualitative systematic review examined 47 empirical studies 
with 121 research questions published since the emergence of GPT-3.5 
to map the rapidly expanding field of LLM-generated feedback in edu
cation. The synthesis shows that current research is conceptually 
grounded in formative feedback theory, self-regulated learning, and 
feedback literacy, yet remains methodologically fragmented and tech
nologically heterogeneous. Empirically, LLM-generated feedback 
generally improves revision quality and short-term learning outcomes 
compared with no feedback and, under well-structured prompting, can 
approach the effectiveness of teacher feedback. At the same time, 
challenges such as hallucinations, positivity bias, and reduced trust 
when feedback is disclosed as AI-generated constrain its reliability and 
pedagogical uptake. Most existing systems generate feedback solely 
from the learner’s artefact, with little adaptation to prior knowledge, 
goals, or affective states, indicating substantial room for advancing 
personalization through richer learner models and more sophisticated 
prompting or fine-tuning approaches. Eventually, the evidence supports 
LLMs as scalable contributors to formative feedback ecosystems, 
particularly within hybrid teacher-in-the-loop designs. Future progress 
will depend on rigorous longitudinal research, systematic evaluation of 
model configurations and prompting strategies, and theoretically 
informed development of adaptive and equitable AI-supported feedback 
practices.
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