http://www.diva-portal.org

Postprint

This is the accepted version of a paper presented at 2025 17th International Conference on
Education Technology and Computers, ICETC 2025, Barcelona, Sept 18-21, 2025.

Citation for the original published paper:

Yavariabdi, A., Paudel, B., Carleton, T., Andrade de Almeida, C D. (2025)

Generative Al in Assessment and Feedback Generation in Higher Education: A
Systematic Review

In: Proceedings of the 2025 17th International Conference on Education Technology
and Computers, ICETC 2025 (pp. 361-371). Institute of Electrical and Electronics
Engineers (IEEE)

https://doi.org/10.1109/ICETC66579.2025.11387416

N.B. When citing this work, cite the original published paper.

©2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be
obtained for all other uses, in any current or future media, including reprinting/republishing
this material for advertising or promotional purposes, creating new collective works, for
resale or redistribution to servers or lists, or reuse of any copyrighted component of this work
in other works.

Permanent link to this version:
http://urn.kb.se/resolve?urn=urn:nbn:se:bth-29449



Generative Al in Assessment and Feedback
Generation in Higher Education: A Systematic
Review

Amir Yavariabdi
Department of Computer Science
Blekinge Institute of Technology
Karlskrona, Sweden
amir.yavariabdi @bth.se

Carlos Diego Andrade de Almeida
Department of Software Engineering
Blekinge Institute of Technology
Karlskrona, Sweden
carlosdiego.andrade.de.almeida@bth.se

Abstract—Assessment and feedback activities in higher educa-
tion are undergoing significant changes. Many universities and
institutes still rely on traditional testing and grading methods,
which often fall short in supporting meaningful student learn-
ing, especially in large classes. Although educational policies,
such as those promoted by the Bologna process, encourage
more feedback-oriented and student-centered approaches, these
practices can be difficult to implement due to time constraints
and limited resources. Generative Artificial Intelligence (GenAl),
particularly Large Language Models (LLMs), has shown strong
potential in addressing these challenges. This review examines 27
research studies published between 2023 and 2025 that explore
the use of GenAl in providing feedback and assessing student
work in higher education, with some studies also comparing
GenAI’s performance with human instructors. Findings show
that LLMs can generate personalized and constructive feedback
and/or assist with fair and consistent assessment. However, in
most studies, teachers still play a key role, as expert oversight is
essential to ensure that grading assessments and assignment feed-
back are accurate, relevant, and aligned with learning objectives.
For GenAl to be used effectively, educators need to understand
how to work with these tools, such as learning GenAl prompt
design and the basic principles behind LLMs. We recommend
that academic institutions provide training for educators in Al
literacy, prompt engineering, and the development of teaching
strategies that combine the strengths of human judgment with Al
support. By effectively integrating LLM tools, major assessment
challenges, such as limited time and inconsistent feedback quality,
can be addressed while also enhancing student learning and
engagement.

Index Terms—Large Language Model (LLMs), Generative
Artificial Intelligence (GenAl), Automatic Feedback, Automatic
Scoring, Comprehensive Study

I. INTRODUCTION

The rapid growth of Al, particularly LLMs, has begun to
transform the educational landscape, especially in the do-
mains of assessment and feedback generation [1]. Assessment
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and feedback are different, yet complementary, activities for
educators. Assessment is the process of evaluating learning
outcomes, often expressed in test scores and grades. Feedback
is information given to students to improve their learning,
often as short statements or verbal comments. These activities
are clearly connected because giving feedback requires some
level of assessment and judgment about the quality of student
work, and assessment may result in some form of feedback
being given or received. Providing high-quality, personalized
feedback, as well as fair and consistent assessment, remains
a significant challenge, particularly in large-scale university
courses and for open-ended assignments. Although educational
frameworks such as the Bologna process [2] emphasize the im-
portance of student-centered and feedback-oriented practices,
their implementation is often constrained by limited time and
instructional resources [3], [4]. In practice, human feedback
and assessment can suffer from inconsistencies due to time
pressure, cognitive fatigue, and subjective judgment [5]. In
addition, unconscious biases related to gender, race, or prior
academic performance can influence outcomes, compromising
fairness and affecting student confidence and learning.

To tackle these challenges, various Al tools have been
explored and developed, including automated writing evalu-
ation [6]—-[9], Natural Language Processing (NLP) [10], [11],
and most recently, GenAl [12]-[14]. Among GenAl models,
LLMs such as OpenAI’s GPT family, Meta’s LLaMA, Claude,
Gemini, and Mistral have mainly been used to deliver scalable,
personalized, and high-quality feedback and consistent assess-
ments to reduce instructor workload and mitigate bias [1], [15],
[16]. Table I presents some well-known LLM models from
2018 to April 2025, highlighting their capabilities. Although
some of these models have been examined in educational
contexts [14], [17]-[19], many, including multimodal models



TABLE I
TIMELINE OF LARGE LANGUAGE MODELS INTRODUCED FROM 2018 TO
APRIL 2025 WITH KEY CAPABILITIES

Year Model Multimodality Key Capabilities ~ Country
2018 GPT (OpenAl) No Text USA
2018 BERT (Google) No Text USA
2019 GPT2 (OpenAl) No Text USA
2019 Bart-large-mnli (Meta) No Text USA
2020 GPT3 (OpenAl) No Text USA
2021 Claude (Anthropic) No Text USA
2022 PaLLM (Google) No Text USA
2022 GPT 3.5 (OpenAl) No Text USA
2022 LaMDA (Google) No Text USA
2022 Galactica (Meta) No Text USA
2023 LLaMA (Meta) No Text USA
2023 GPT 4.0 (OpenAl) Yes Text, Visual USA
2023 PaLM 2 (Google) No Text USA
2023 LLaMA 2 (Meta) No Text USA
2023 Claude 2 (Anthropic) No Text USA
2023 Mistral (Mistral AI) No Text France
2023 Grok 1 (XAI) No Text USA
2023 Gemini 1 (Google) No Text USA
2023 DeepSeek LLM (DeepSeck) No Text China
2023 Phi 2 (Microsoft) No Text USA
2024 Gemini 1.5 (Google) Yes Text, Visual, Audio USA
2024 Claude 3 (Anthropic) Yes Text, Visual USA
2024 Phi-3 (Microsoft) No Text, Visual USA
2024 Granite Code (IBM) No Text (Code) USA
2024 Qwen2 (Alibaba) No Text China
2024 Qwen-VL 2 (Alibaba) Yes Text, Visual China
2024 Llama 3.1 (Meta) Yes Text, Visual USA
2024 Nemotron 4 (Nvidia) No Text USA
2024 Pixtral (Mistral Al) Yes Text, Visual France
2024 GPT 4o (OpenAl) Yes Text, Visual, Audio USA
2024 GPT O-series (OpenAl) Yes Text, Visual USA
2024 MM1 (Apple) Yes Text, Visual USA
2024 DeepSeek V3 (DeepSeek) No Text China
2025 Qwen2.5 (Alibaba) No Text China
2025 Qwen-VL 2.5 (Alibaba) Yes Text, Visual China
2025 Qwen2.5-Math (Alibaba) No Text (Math) China
2025 Qwen2.5-Code (Alibaba) No Text (Code) China
2025 DeepSeek R1 (DeepSeek) No Text, China
2025 Gemini 2.0 (Google) Yes Text, Visual, Audio USA
2025 Grok 3 (XAI) Yes Text, Visual USA
2025 GPT 4.5 (OpenAl) Yes Text, Visual USA
2025 Llama 4 (Meta) Yes Text, Visual USA

and those specifically designed for tasks such as mathematics
or programming, have not yet been thoroughly evaluated. Their
effectiveness in different disciplines and assignment formats,
which may involve one or more combinations of text, code,
equations, figures, or tables, remains underexplored.

This paper aims to provide a comprehensive and up-to-
date review of the application of LLMs in assessment and
feedback activities within higher education, focusing on stud-
ies published between 2023 and 2025. Beyond simply sum-
marizing the current literature, the paper critically evaluates
existing approaches, identifies gaps and challenges, assesses
the practical effectiveness and limitations of these applications,
and outlines directions for future research and development
in this rapidly evolving field. In contrast to earlier reviews
(e.g., [20]) that focus on discrete tasks, such as automated
scoring or feedback generation, our study emphasizes the
integration of both feedback and scoring. It highlights the in-
trinsic link between assessment and feedback, where effective
grading improves feedback quality and meaningful feedback
enhances grading. This paper categorizes empirical studies
into three areas: (1) LLMs for feedback generation, (2) LLMs

for assessment, and (3) studies combining both tasks. It also
focuses on the comparative performance of human evaluators
versus GenAl systems in grading assessment and feedback
generation, emphasizing LLMs’ ability to improve efficiency,
personalization, and consistency. Furthermore, the paper ad-
dresses Al’s pedagogical, ethical, and institutional challenges
in education, including concerns about bias, privacy, and the
need for human oversight. Lastly, we highlight the importance
of educators’ training and Al literacy for the responsible
integration of GenAl systems into higher education.

To guide our systematic review and analysis, this review
paper addresses the following Research Questions (RQs):

RQ;: How are LLMs being utilized to support and
automate assessment practices in higher education?

RQ;: How do LLMs support feedback delivery in higher
education?

RQ;3: What are the emerging practices and challenges in
combining feedback and assessment with LLMs?

RQ4: How do LLM-generated feedback and assessments
compare to those provided by human instructors in terms
of accuracy, fairness, and learner reception?

These questions aim to provide a multi-dimensional under-
standing of how LLMs are currently shaping assessment and
feedback, highlighting both the technological potential and the
pedagogical responsibilities involved in their implementation.

Paper structure: Section 2 describes the research method-
ology, including the research protocol, keyword selection, in-
clusion and exclusion criteria, and the paper selection process.
Section 3 presents the findings of the literature review in four
themes aligned with the research questions: (1) assessment
(RQ1), (2) feedback (RQ2), (3) integration of assessment and
feedback (RQ3), and (4) comparison with human educators
(RQ4). Each subsection reviews current practices, key ad-
vances, and main challenges in the application of LLMs in
higher education. Section 4 discusses current limitations, unre-
solved challenges, and implementation considerations, offering
practical recommendations for institutions and researchers.
Section 5 concludes the review by highlighting the key insights
and identifying gaps in the literature to advance the effective
use of LLMs in educational assessment and feedback.

II. BACKGROUND

To ensure conceptual clarity and avoid potential terminology
confusion, this section provides brief definitions of the key
terms and methodologies used throughout this paper. Concepts
such as prompting, retrieval augmentation, and fine-tuning are
defined to facilitate a comprehensive understanding of the
techniques discussed and to support the reader in following
the subsequent analyses and discussions.

In the rapidly advancing domain of LLMs, the quality
and reliability of model-generated responses critically rely
on the design and structure of input prompts, a practice



TABLE II
DISTRIBUTION OF SELECTED PAPERS BY CATEGORY AND YEAR (2023-2025), COVERING FEEDBACK, ASSESSMENT, INTEGRATION, AND HUMAN VS.
LLM COMPARISONS.

Category Year Subject Areas LLMs # Papers
Assessment 2023 Data Science, information systems GPT 3.5 1
Assessment 2024  Operating system, Multidisciplinary, Language Education GPT 4.0, Transformer Model, GPT 4.0 3
Assessment 2025  Pedagogy (for mathematics) GPT 4o 1
Feedback 2023 Physics GPT 3.5 1
Feedback 2024  English Literacy, Database Systems, Java, Object Oriented GPT 3.5, GPT 4.0, PaLM 2, Bart-large-mnli 4
Integration 2024 MSc courses, Communication Networks, Essays GPT 4.0, LLaMa2 (7 & 13B), Mistral-7B 3
Integration 2025 Statistics, Bioinformatics, Software Engineering & Computer Science courses GPT 4.0, GPT 40, LLaMA 3.1, Nemotron 3
Human vs LLM 2023  Hyothetical Case — 1
Human vs LLM 2024  Reflective Essays, Learning Design and Leadership, Multidisciplinary, Logistics ~ GPT 3.5, GPT-4 4

and Transport Management

known as prompting. Prompting involves providing in-
structions, questions, or context to guide the LLM output.
Various prompting strategies have been designed and devel-
oped to enhance model performance in different scenarios.
Zero—-shot prompting, often referred to as basic prompting,
is when the model generates a response without any prior
examples. In contrast, few—shot prompting provides the
model with a number of examples to learn from before gen-
erating a response. Chain of thought prompting breaks
down complex problems into intermediate reasoning steps,
encouraging the model to think step-by-step, while multi-
step prompting involves a series of interconnected prompts to
refine or extend answers iteratively. Batched prompting allows
multiple prompts to be processed simultaneously, improving
efficiency. Self-reflective prompting enables the model
to evaluate and revise its own outputs.

An increasingly popular enhancement to prompting is
Retrieval-Augmented Generation (RAG). Unlike
standard prompting, RAG augments the model’s knowledge
by retrieving relevant information from external sources, such
as proprietary knowledge bases or curated documents. This
retrieved content is then dynamically integrated into the
prompt fed to the LLM, generating responses using up-to-
date or domain-specific information and thereby reducing
hallucinations. By combining retrieval and generation, RAG is
considered a powerful framework for improving consistency
and handling queries that exceed an LLM’s static training data.

In addition to prompting, fine—tuning is another method
for adapting LLMs to specific tasks by further training them on
a specialized dataset. While direct fine—-tuning can be
highly effective, it is often computationally intensive and re-
quires substantial resources, which are frequently unavailable
to many higher education institutions. To address these com-
putational challenges, alternative fine-tuning techniques such
as Low—Rank Adaptation (LoRA) and Quantized
Low-Rank Adaptation (QLoRA) have been proposed.
These techniques significantly reduce the required computa-
tional resources by updating only a small selected portion
of the model parameters, allowing fine-tuning to be more
efficient and accessible for specialized applications. Among
these, QLoRA is generally faster and more memory-efficient
due to its use of quantization techniques, which compress

model weights to lower precision formats without significant
loss in performance.

III. RESEARCH METHODOLOGY

A structured and systematic approach was adopted to ensure
the findings’ reliability, transparency, and reproducibility in
conducting this comprehensive review. The study followed a
protocol inspired by several best practices in systematic litera-
ture reviews (e.g., [20], [21]), focusing on identifying, select-
ing, analyzing, and synthesizing peer-reviewed publications
that explore using LLMs in assessment and feedback within
higher education between January 2023 and March 2025.
We collected articles from various major academic databases
such as IEEE Xplore, ACM Digital Library, ScienceDirect,
SpringerLink, Wiley Online Library, and ArXiv, which were
selected for their high relevance and comprehensive coverage
in the fields of educational technology, AI, and computer
science. A set of targeted search strings combining keywords
such as “LLM,” “large language model,” “Al feedback,”
“automated grading,” “automated scoring,” “Al assessment,’
“generative Al,” “education,” “higher education,” and “human
versus LLM performance” were applied to titles, abstracts, and
full texts to identify the most relevant papers.

After removing duplicates and screening for relevance, a
total of 21 empirical studies were selected based on inclusion
criteria that required studies to: (1) focus on higher education;
(2) report empirical findings; and (3) specifically address the
use of LLMs in assessment or feedback generation. Exclusion
criteria filtered out review papers, theoretical papers without
implementation, studies not in English, works focused solely
on K-12 subjects or corporate training contexts, and tradi-
tional NPL methods not involving LLMs. Two researchers
reviewed each study independently to extract relevant data
on the purpose, methodology, LLM models used, evaluation
methods, human-Al comparison, outcomes, and implications.
Discrepancies in study selection and data extraction were
resolved through discussion and consensus. The findings were
then synthesized through thematic analysis and categorized
into four categories: LLMs used for feedback generation, for
assessment, for integrated tasks involving both, and human
versus LLMs.

Additionally, we ensured the inclusion of multidisciplinary
applications of LLMs across various subject areas in higher



education for each category to provide a comprehensive under-
standing of the influence, impact, and effectiveness of GenAl
tools across diverse academic disciplines. An overview of the
distribution of studies by year, category, and subject area is
presented in Table II. This research methodology allowed for
a balanced representation of LLM capabilities while high-
lighting emerging challenges, limitations, and areas for further
research in aligning LLM-based tools with pedagogical goals
in higher education.

IV. LARGE LANGUAGE MODELS IN FEEDBACK AND
ASSESSMENT PRACTICES IN HIGHER EDUCATION

This section presents our findings across four key themes:
feedback, assessment, integration of feedback and assessment,
and comparisons between human and LLM performance. The
studies reviewed for this literature analysis, along with their
core attributes such as focus area, subject domain, models
used, and methodological strategies, are summarized in Ta-
ble III.

A. Large Language Models for Assessment

Assessment is one of the core components of higher edu-
cation, helping to evaluate student learning, guide academic
progress, and ensure the achievement of learning outcomes.
Effective assessment practices not only measure performance
but also shape instructional strategies and motivate learners
through clear benchmarks and outcomes. In recent years, re-
searchers have explored the use of LLMs in various aspects of
assessment, including rubric-based evaluation and automated
grading [40], [41]. In this part, we review key studies and
applications that explore the role of LLMs in assessment,
addressing RQ; of this study.

Rubric-based assessment is a structured approach in higher
education that uses predefined criteria and performance levels
to evaluate student work. This method enhances grading
consistency and fairness by clearly outlining expectations
and reducing subjectivity. Traditionally, instructors design and
apply rubrics manually. Recent advances in LLMs, however,
have enabled more dynamic and scalable implementations. For
instance, Xie et al. [15] investigated a multi-agent grading
system with GPT 4.0 that employed few-shot, self-reflection,
and batched prompting to dynamically refine rubrics based
on student responses in an operating systems course. This
approach demonstrated high grading accuracy and consistency,
with LLM-generated rubrics performing similarly to expert-
designed ones. In a contrasting approach, Li et al. [25]
proposed a human-in-the-loop grading framework using GPT
4o with zero-shot prompting to assess open-ended student re-
sponses from a pedagogical knowledge of mathematics course.
This framework allows instructors to refine rubric criteria
based on LLM interactions. While Xie et al. [15] focused on
automated rubric refinement, Li et al. [25] prioritized human
oversight to ensure highly controllable grading standards,
highlighting a trade-off between full automation and human
control. Li et al. [25] also found that Reinforcement Learn-
ing (RL)-based Q&A retrieval improved grading accuracy,

suggesting the potential of combining LLMs with RL and
human expertise. However, due to the complexity of rubric-
based assessment, most existing works have focused primarily
on automating the grading process itself rather than fully
automating rubric generation and refinement.

Existing methods to automate the assessment process using
static rubrics or simplified scoring systems have primarily
focused on fine-tuning LLM models or prompt engineering
strategies. In this manner, Gobrecht et al. [23] proposed a
direct fine-tuning approach using a transformer model to
grade 16 different courses with open-ended responses. The
training framework used the question, a reference answer, the
maximum points, and the student’s response as inputs. This
approach demonstrated grading accuracy comparable to human
evaluators while outperforming instructors in both consistency
and speed. However, the authors observed significant varia-
tion in model performance across courses, with the highest
accuracy achieved in technical subjects like machine learning
and artificial intelligence and lower accuracy in diversity
management and public law. This highlights the necessity for
course-specific model adaptations. While fine-tuning strate-
gies can enhance accuracy, they require deep Al knowledge,
computational resources, and diverse datasets to avoid bias,
which is often impractical for many instructors. Hence, LLMs
with prompt-based strategies have become a popular alterna-
tive. These methods generate assessments through prompts,
avoiding the need for retraining or large datasets. While they
may not reach the accuracy of fine-tuned models, prompt-
based approaches are more accessible, flexible, and easier to
implement, making them a feasible choice for instructors with
limited resources.

Building on prior work that emphasizes fine-tuning, most
studies have explored prompting-based approaches as a more
accessible alternative. In this context, Schneider et al. [22]
evaluated GPT 3.5 with zero-shot prompting for short textual
responses in two university-level exams, including data science
(English, 21 participants, 16 questions) and information sys-
tems (German, 34 participants). The model was prompted with
the question and the student’s answer, then asked to classify
responses on a scale from extremely good to bad, followed
by justification. The study found that GPT 3.5 assessments
often lacked specificity, offered generic feedback, and showed
a bias toward middle categories regardless of actual answer
quality. Furthermore, minor alterations in student responses
significantly shifted the model’s grading, highlighting the limi-
tations of basic zero-shot prompting. Similarly, Pack et al. [24]
investigated GPT 4.0 with zero-shot prompting in language
eduction using static rubrics. The study addressed ethical
considerations by obtaining informed consent and ensuring
voluntary participation, transparency in data use, and student
autonomy. The study revealed that GPT 4.0 struggled to
consistently follow the evaluation criteria, frequently produced
incorrect formats, and was susceptible to prompt hacking,
where students manipulated the LLM to achieve higher scores.
Hence, the study underscored the challenge of prompt hacking,
a concern often raised in safety research, which also affected



TABLE III
OVERVIEW OF SELECTED STUDIES ON LLMS IN HIGHER EDUCATION. INTEGRATION REFERS TO THE COMBINATION OF ASSESSMENT AND FEEDBACK.

Study Category Year Subject Areas LLMs Strategy

Schneider et al. [22] Assessment 2023 Data Science and Information System GPT 3.5 Prompting

Xie et al. [15] Assessment 2024  Operating System GPT 4.0 Prompting, Rubrics
Gobrecht et al. [23] Assessment 2024  Multidisciplinary Transformer Model Fine-tuning

Pack et al. [24] Assessment 2024  Language Education GPT 4.0 Prompting, Rubrics
Li et al. [25] Assessment 2025  Pedagogy (Mathematical Courses) GPT 4o Prompting, Rubrics
Wan et al. [26] Feedback 2023  Physiscs GPT 3.5 Turbo Prompting

Meyer et al. [27] Feedback 2024  English Literacy GPT 3.5 Turbo Prompting

Riazi et al. [28] Feedback 2024  Database Systems GPT 4.0 Prompting

Estévez et al. [29] Feedback 2024  Programming Language GPT 3.5, PaLM 2 Prompting

Jia et al. [30] Feedback 2024  Object-Oriented Course BART-large-mnli, GPT 3.5, GPT 4.0  Fine-tuning, Prompting
Jauhiainen et al. [1] Integration 2024  MSc Level courses GPT 4.0 Prompting, Rubric, RAG
Katuka et al. [16] Integration 2024 Communication Networks LLaMA 2 (7B and 13B) Fine-tuning, Rubric
Stahl et al. [31] Integration 2024  Secondary level Essay Mistral-7B, LLaMA 2 Prompting, Rubric
Yeung et al. [32] Integration 2025  Statistics GPT 4.0 Prompting, Rubric
Policar et al. [33] Integration 2025 Bioinformatics GPT 40, LLaMA 3.1, Nemotron Prompting, Rubric
Diyab et al. [34] Integration 2025 SE and CS course GPT 4.0 Prompting

Kumar [35] (hypothetical case) Human Vs LLM 2023 — — —

Awid [36] Human Vs LLM 2024  Reflective Essays (Engineering Course)  GPT Models Prompting, Rubric
Saini et al. [37] Human Vs LLM 2024  Learning Design and Leadership GPT 3.5 —

Nazaretsky et al. [38] Human Vs LLM 2024  Multidisciplinary GPT 4.0 Prompting

Flodén [39] Human Vs LLM 2024  Logistics and Transport Management GPT 3.5 Prompting, Rubric

academic assessments. These studies underscore the chal-
lenges associated with basic prompting strategies, particularly
for complex assessment tasks, which often lead to lower
reliability and consistency compared to human evaluations.

Collectively, these studies highlight the potential of LLMs to
enhance grading practices in higher education, particularly in
terms of scalability, speed, and consistency. However, they also
reveal several challenges, including issues with model trans-
parency, temporal stability, and ethical concerns such as trust
and bias. Even though publicly available LLMs have shown
potential in certain cases, custom-trained models, especially
those using dynamic rubric refinement or fine-tuning, provide
more robust solutions for course assessments. However, devel-
oping these models can be complex and resource-intensive, as
they must be designed for each specific course, making them
less accessible for many instructors and institutions. Given
these challenges, a hybrid approach, combining LLMs with
human oversight and prompt-based strategies, emerges as a
practical solution to ensure both reliability and fairness in
automated grading.

B. Large Language Models for Feedback

Feedback is another key element in higher education, help-
ing learners in understanding their progress, correcting mis-
conceptions, and improving performance. Feedback promotes
self-regulated learning by encouraging students to reflect and
adapt their learning strategies. For educators, feedback offers
insights into student understanding and informs instructional
adjustments. Recent studies show that LLMs can support
feedback generation across various disciplines and course
types in higher education via prompting to guide responses
and fine-tuning to improve task-specific accuracy. Here, we
summarize relevant literature and discuss how LLMs have
been used to enhance feedback, addressing RQ, of this study.

Prompting has been a commonly used strategy to generate
feedback with LLMs, and the results vary based on the subject

area and framework used. For example, Wan et al. [26] utilized
GPT 3.5 Turbo with few-shot learning to provide personalized
feedback on student-written responses in a Physics course. The
study reported a high level of student satisfaction (70%), with
feedback frequently rated as comparable and indistinguishable
from the feedback provided by human instructors. However,
this approach required significant initial labor for prompt
design to generate high-quality examples, and its effectiveness
was highly dependent on prompt patterns and contents. In
a separate study, Meyer et al. [27] also employed GPT 3.5
Turbo, but with a zero-shot prompting strategy to generate
structured feedback on argumentative English essays. While
their approach significantly improved revision quality and stu-
dent motivation in the short term, it showed no transfer effects
to subsequent tasks and received only moderate ratings for
the absolute usefulness of feedback. This contrasts with Wan
et al. [26] findings on indistinguishable feedback, suggesting
that the effectiveness and transferability of LLM-generated
feedback can vary considerably based on prompting strategy
and subject domain.

More advanced prompting techniques have also been ex-
plored. For instance, Riazi et al. [28] introduced an LLM-
based system using GPT-4.0 with a multi-step prompting
strategy to support conceptual design learning in database
systems courses. Their approach involved converting diagrams
to JSON format and employing targeted prompts to generate
detailed feedback and even create Frequently Asked Questions
(FAQs). This method achieved high usefulness ratings (84%)
and demonstrated strong precision in identifying structural
errors. However, the system still faced challenges in detecting
more complex constructs. In contrast to the positive outcomes
reported by Wan et al. [26], Meyer et al. [27], and Riazi et
al. [28], Est’evez et al. [29] found that ChatGPT 3.5 and PaLM
2 struggled significantly in providing feedback for complex
programming code in a Java programming course, particularly
for issues like race conditions and deadlocks. Despite employ-



ing zero-shot, few-shot, and contextual prompting strategies,
both models showed low precision, frequently producing false
positives, and failed to consistently match expert feedback,
highlighting the current limitations of LLMs in highly spe-
cialized and complex problems.

Many state-of-the-art feedback generation strategies using
LLMs fail to address three important factors: data privacy,
hallucination, and evaluation of model fine-tuning. To over-
come these limitations, Jia et al. [30] investigated the trade-
offs between a data-driven fine-tuning approach and a few-shot
prompting strategy for generating feedback on student project
reports in an object-oriented course. This study fine-tuned
BART-large-mnli [42] and ChatGPT 3.5, and used few-shot
learning with ChatGPT 4.0. Their findings indicated that while
few-shot learning slightly reduced hallucination compared to
fine-tuning (23.5% vs. 27.1% of sentences with hallucina-
tions), neither approach fully mitigated this challenge. Fine-
tuning tended to produce more intrinsic hallucinations (16%),
whereas few-shot prompting resulted in more extrinsic ones
(13.7%), primarily due to limited contextual grounding. The
findings suggest that while few-shot learning with ChatGPT
4.0 slightly reduced hallucination, neither approach fully miti-
gated it, underscoring the need for further refinement in LLM-
generated feedback mechanisms.

Collectively, the reviewed studies suggest that LLMs have
strong potential to generate high-quality, timely, and person-
alized feedback in higher education, while also positively
influencing student motivation. Their application across di-
verse subject areas highlights their versatility and ability to
enhance learning outcomes and reduce instructor workload.
However, most existing studies are short-term pilots involving
limited feedback instances, offering insufficient evidence on
how LLM-generated feedback supports knowledge transfer
or influences long-term student performance across multiple
assignments. Moreover, the effectiveness of feedback depends
heavily on prompt design, model capabilities, and task com-
plexity. Challenges, including ensuring feedback specificity,
avoiding hallucinated content, and supporting sustained learn-
ing, remain active areas of investigation. As a result, inte-
grating LLM-generated feedback into educational settings may
currently benefit most from hybrid approaches that follow the
trade-off between scalability and pedagogical soundness by
combining LLMs with human oversight.

C. Integration of Assessment and Feedback

Feedback and assessment are often studied as distinct
components in educational research. However, they are in-
terdependent processes in real-world academic practice. In
higher education, instructors often assess student work by
either grading first and justifying the score with feedback or by
providing feedback first, then combining the student’s answer,
the feedback, and the rubric to assign a grade. However,
most existing work on LLMs in higher education treats feed-
back and assessment as isolated tasks, optimizing one while
neglecting their pedagogical interconnection. This separation
can weaken the effectiveness of Al-based educational tools.

Consequently, their overall ability to support teaching and
learning can be diminished. In this part, we summarize relevant
literature and explore how LLM-based frameworks have been
applied to enhance feedback and assessment together. We also
investigate which of the two is typically prioritized in existing
work, addressing RQs of this study.

Recent studies have begun to explore frameworks that inte-
grate feedback and assessment using LLMs, acknowledging
that these processes influence each other. However, many
of these studies primarily focus on generating feedback or
assigning grades without explicitly analyzing the prioritization
between the two, or how one affects the other. To address
this gap, prompting strategies and fine-tuning methods have
been employed to enable LLMs to perform both tasks in
a more interconnected and pedagogically meaningful way.
For example, Jauhiainen et al. [1], investigated ChatGPT
4.0’s ability to assess and provide feedback on open-ended
English responses. Their framework used one-shot and ten-
shot grading guided by a chain of thought prompting and
Retrieval-Augmented Generation (RAG), showing high grad-
ing consistency (68.7% identical grades, 96.1% within one
grade point). However, teachers generally gave higher scores.
While the model generated individualized feedback approved
by teachers, it struggled with evaluating higher-level thinking
skills. In a similar manner, Yeung et al. [32] applied a GPT
4.0-based framework for automated feedback and assessment
in a statistics course, where a zero-shot prompt simultaneously
assigned scores and generated personalized feedback. This
system demonstrated strong correlations with human classi-
fication and improved student motivation. While both studies
highlight the potential for integrated assessment and feedback,
Jauhiainen et al. [1] noted challenges in assessing higher-level
cognitive skills, a significant limitation not explicitly reported
by Yeung et al. [32].

Expanding on integrated approaches, Policar et al. [33] con-
ducted a more extensive study evaluating six different LLMs,
including GPT 40, LLaMA 3.1, and Nemotron, for automated
grading and feedback in a bioinformatics course. Their few-
shot prompting strategy integrated various inputs such as
question, correct answer, student submission, grading rubric,
and 10 grading examples into a single prompt for both tasks.
Most models achieved a strong grading accuracy (85-90%)
comparable to human grading, and student satisfaction with
LLM feedback was generally high, although Nemotron re-
ceived more negative ratings. A key limitation noted was
the stochastic nature of LLM outputs, as identical prompts
could yield different results across runs, raising concerns about
reliability. Furthermore, while measures were taken to prevent
prompt hacking, the study did not observe such attempts,
leaving this vulnerability unexamined. Another limitation was
the integration of scoring and feedback generation into a single
prompt, which excluded analysis of how these components
might influence each other. Furthermore, unlike Jauhiainen
et al. [1] and Yeung et al. [32], which focused on specific
subject areas, Polic¢ar’s broader model comparison provides a
more comprehensive view of integrated performance across



different LLM architectures. Complementing these, Diyab et
al. [34] presented a comprehensive framework using ChatGPT
4.0 with both zero and few-shot prompts to automate four
core assessment tasks in software engineering and computer
science education: grading, weakness identification, feedback
provision, and question generation. Their few-shot prompt
significantly improved grading accuracy (from 16% to 80%
exact match), demonstrating the benefit of providing examples.
This finding aligns with the general effectiveness of few-
shot learning observed in other studies for improving LLM
performance. However, Diyab et al. [34] also highlighted
common limitations such as potential risks of bias, hallu-
cinations, and the crucial need for transparency and human
oversight, resonating with concerns raised across the broader
LLM literature.

While prompting strategies are widely adopted due to their
accessibility, recent research has also explored fine-tuning to
improve consistency and relevance in integrated assessment
and feedback tasks. Katuka et al. [16] used fine-tuning tech-
niques, specifically LoRA and QLoRA, to adapt quantized
LLaMA 2 (7B and 13B) models for automated scoring and
feedback generation. The study utilized a combination of
the Short Answer and Feedback (SAF) dataset [43] and
proprietary datasets on communication networks topics to train
and evaluate models. Their experiments showed remarkable
efficiency and strong performance (less than 3% grade predic-
tion error), outperforming traditional baselines. In particular,
the quality of the feedback improved significantly when the
model was provided with predicted scores as input, suggesting
a beneficial interdependence between scoring and feedback
generation when fine-tuning is applied. This contrasts with
prompting-centric studies, which often treat these as distinct or
simply co-generated outputs, highlighting fine-tuning potential
for deeper task integration and improved output quality.

To the best of our knowledge, no existing work in higher
education has explicitly studied the prioritization between
feedback and assessment, specifically, whether providing feed-
back before scoring or vice versa yields better outcomes.
However, Stahl et al. [31] conducted a relevant study at
the secondary school level. They investigated how different
prompting strategies affect LLMs in joint essay scoring and
feedback generation, specifically exploring task instruction
types (scoring before or after feedback). Their findings indi-
cated that strategies generating feedback prior to scoring were
generally more effective and that feedback was most beneficial
when produced independently of scoring. This suggests that
the sequencing of these tasks can impact outcomes, a signif-
icant aspect that most other integrated frameworks have not
yet thoroughly explored.

In summary, the integration of feedback and assessment in
higher education through LLMs remains an evolving area of
research. While numerous studies have employed prompting
strategies, including single prompts that generate both feed-
back and scores, and multiple prompts handling each task
separately, some have also explored fine-tuning approaches.
There is a notable absence of comprehensive evaluations ad-

dressing the sequencing of feedback and scoring. Specifically,
questions such as whether providing feedback before scoring
yields better outcomes than the reverse remain unexplored.
Similarly, whether combining both tasks in a single prompt is
more effective than separating them is also not addressed in
most of the existing studies.

D. Enhancing or Replacing Human Feedback and Assessment
in Higher Education

One of the most debated questions in the integration of
LLMs in higher education is whether these models can en-
hance or even replace human input in the processes of scoring
and feedback. This part addresses RQu, which explores how
LLMs compare with human educators in performing assess-
ment and feedback tasks in higher education. Specifically,
we examine existing studies that assess the accuracy, qual-
ity, consistency, and pedagogical usefulness of Al-generated
scores and feedback relative to those provided by instructors
and peers. This includes analyses of how students perceive
the fairness, trustworthiness, and usefulness of LLM outputs,
although discussion of how these perceptions vary across
learner demographics and assignment types remains limited.
Understanding these comparisons is essential for determining
the appropriate role of LLMs in academic environments,
whether as supportive assistants, co-evaluators, or autonomous
evaluators, and for identifying the limitations that must be
addressed before broader adoption.

Much discussion of Al tools in higher education has focused
on academic integrity, especially plagiarism concerns, but
the conversation is evolving. A growing number of studies
are examining AI’s potential to support grading and provide
personalized feedback in a timely and scalable way. One
line of research has compared human versus Al evaluation
in grading and feedback, exploring student perceptions and
aspects of efficiency, consistency, and reliability. Although ex-
ams using multiple-choice questions have relied on automated
scoring for the past few decades, an emerging line of research
has investigated perceptions of automated scoring of essay-
based exams using Al. A growing number of research studies
show that Al scoring can be mistaken for human scoring.
Also, current Al tools - namely ChatGPT (models 1.0 and
3.5) in these studies- are proving adept at assessing student
answers and generating plausible and comprehensible feed-
back. Awidi [36] compared the grading reliability of human
expert tutors against ChatGPT scripts when reviewing short
essays produced in multiple first-year engineering courses.
This study suggests that it is premature to rely solely on
ChatGPT for grading reflective essays; however, the study did
not specify which model of ChatGPT was used. One study
insight was that ChatGPT demonstrated more consistency
and rigor in scoring student writing compared to human
expert tutors, but the ChatGPT scripts required consistent
iteration of improved prompts. However, ChatGPT grading
did not provide personalized feedback to nearly a third of the
cases, and much of the feedback was repetitive and generic.
Moreover, two independent reviewers both agreed that the



expert tutors consistently awarded higher scores to students,
while ChatGPT’s scoring tended to be more strict following
the assessment criteria.

Comparing human and Al Saini et al. [37] investigate the
experience of 295 professional students who received feedback
on project drafts from both peers and an Al-enabled ChatGpt-
3.5 feature on an online course platform. They found that
peer feedback consistently received higher ratings than Al
reviews. Although a significant percentage (41%) of students
preferred feedback from both peer and Al reviews, over a third
(35% ) exclusively preferred peer reviews. In addition, the
study found different patterns between education level and that
group’s perceptions of the Al feedback quality, usefulness, and
actionability. For example, individuals pursuing a doctorate
degree rated Al feedback the highest, and those enrolled
in a master’s degree rated it much lower. This difference
in perception suggests that Al feedback should be tailored
to specific demographic groups. Notably, several differences
became apparent on the perceived tradeoffs between peer
reviews and Al reviews (pg.36): Peer feedback was char-
acterized by delays, contrasting with the immediacy of Al
feedback. Peer reviews typically entail a single attempt per
student, contrasting with the ability of Al reviews to allow
for multiple iterations. Peers often seem to offer feedback in
various modes, such as text, audio, PDF, or video, whereas Al
feedback primarily consists of one mode (text). Peer reviews
are perceived as time-intensive, while Al reviews are perceived
as time-efficient.

Other studies further discuss the comparison between hu-
man and Al feedback. Based on a study of 457 students,
Nazaretsky et al. [38] found that students’ ability to differ-
entiate between Al and human feedback depends on the task
at hand. Before students identify whether a human or Al
is giving them feedback, they do not perceive a difference
in quality or in friendliness. Slightly more than half (59%)
of students correctly guessed which feedback came from a
human or Al source. When disclosing the feedback source,
students consistently prefer human feedback over Al-generated
feedback. Moreover, they either lower the score of the Al or
increase the score of the human, which the researchers infer
that the students do not yet trust Al as a source. An implication
is that students who do not trust Al as a valid feedback
source are less likely to improve their learning. Similarly,
Flodén [39] compared 463 responses from master-level exams
in Sweden that were graded by ChatGPT 3.5 versus human
teachers. ChatGPT tended to score exams slightly higher than
human teachers but tended to avoid very high or very low
scores on individual questions. During the interviews, teachers
were surprised by how well ChatGPT’s grading matched
their own scores. Cases are useful in exploring deeper issues
as a preventative thought exercise. Kumar [35] presents a
hypothetical case of a junior university professor using a third-
party Al tool to grade student papers. The exact Al tool is not
specified because the discussion focused more on the potential
career implications for faculty, especially adjunct instructors
with increasing workloads and those seeking tenure. One point

raised in the case is how students would feel if they knew their
assignments were graded by Al. How should faculty consider
the use of Al tools when the institution lacks a clear policy or
access to suitable tools, and when can instructors use tools?

V. DISCUSSION

The application of LLMs in feedback and assessment in
higher education has progressed in three interconnected ar-
eas: assessment automation, feedback generation, and their
integration. In assessment, both static and dynamic rubric-
based systems have been developed, along with approaches
that automate grading without predefined rubrics. LLMs have
been used to evaluate student responses with consistency and
efficiency. Among all, techniques such as few-shot, chain-
of-thought, and self-reflective prompting help to align model
outputs with rubric criteria and human judgment. In feedback,
few-shot prompting has shown strong potential in guiding
LLMs to generate individualized, context-aware, and peda-
gogically relevant responses. Currently, integrated approaches
link assessment and feedback into unified workflows that
support continuous learning. These systems are capable of
automatically grading responses, generating personalized feed-
back for students, and producing feedback for educators to
identify concept thresholds or areas where learners commonly
struggle. Additionally, they can generate individualized follow-
up questions based on a student’s performance and the feed-
back provided, allowing for adaptive and targeted learning
interventions. The existing studies indicate that while LLMs
can approach or match human accuracy in narrow domains,
challenges related to reliability, context sensitivity, and fairness
persist.

To address these challenges, it is important to examine
the current limitations that restrict the effectiveness of LLMs
in educational settings. One of the most critical issues is
LLM reliability, particularly in feedback tasks. Models of-
ten hallucinate or misinterpret the context, especially when
zero-shot prompting is used. While zero-shot prompting is
easy to implement, it tends to provide unstable outputs and
lacks adaptability across diverse student responses. Zero-shot
methods are slightly more effective for scoring tasks, where
structured rubrics guide the responses, but they fall short when
more detailed feedback is required. Few-shot prompting offers
more stable and accurate outputs, but crafting examples that
are general enough to cover a wide range of cases remains
challenging. If the examples used for training are too narrow
or biased, the model’s responses may become skewed, raising
significant concerns about fairness and consistency in the
generated output. Another reliability-related vulnerability is
prompt hacking, in which students exploit the structure of
prompts to deceive or influence the model, thus compromising
the validity and integrity of LLM-based assessments. These
issues highlight the need for safeguards and robust prompt
design in high-stakes applications. For a comprehensive anal-
ysis of some these limitations, including the prevalence of
hallucinations, the influence of question framing, and the



impact of system instructions, see [44], [45] for a detailed
examination.

To address the limitations of prompting, some researchers
have employed fine-tuning approaches. Fine-tuning LLMs
for specific educational tasks can improve performance and
reduce the need for complex prompts. However, this approach
demands specialized expertise, access to large and high-quality
datasets, and significant computational resources. Without
these, fine-tuned models risk overfitting, reduced generaliz-
ability, and potential bias. These challenges currently make
fine-tuning a less favored approach in practice.

While model customization can enhance the performance
of feedback and assessment frameworks, the choice of mod-
els used in educational research also plays a vital role.
Most current work focuses on general-purpose models like
GPT 3.5, GPT 4.0, GPT 40, or LLaMA. These models
have been widely used as benchmark in education tasks,
but there are some domain-specific LLMs, such as those
designed for coding, mathematics, and other disciplines (see
Table I), that remain largely unexplored in the context of
educational feedback and assessment. Evaluating these task-
specific models in educational contexts could yield better
performance and more relevant outputs. Moreover, existing
evidence suggests that different models may perform better
depending on the assignment type or question, highlighting the
need to evaluate multiple LLMs rather than relying on a single
one. Additionally, many educational materials, such as essays
and reports, often include multimodal elements like tables,
figures, or diagrams. However, there is a lack of research
assessing the capabilities of multimodal LLMs in processing
and providing feedback on these richer content formats. These
gaps present important directions for future research to explore
the comparative effectiveness of both domain-specific and
multimodal LLMs in diverse educational scenarios.

Beyond the models themselves, the availability and quality
of datasets limit the research progress in this domain. A
significant obstacle to the broader applicability and standard-
ization of LLMs in educational assessments is the absence
of robust and universally applicable datasets. While several
datasets such as AGIEval [46], AlpacaFarm [47], BBQ [48],
BoolQ [49], GSM8K [50], MMLU [51], WinoGrande [52],
ASAP [53], SAF [43], Mohler [54], and others, have been
developed to benchmark feedback and scoring tasks, they
remain underutilized in large-scale studies or lack alignment
with institutional standards for assignments, essays, and ex-
ams. Their limited scope, often confined to specific domains
or educational systems, hinders the creation of LLM solutions
that can be applied universally. This limitation undermines
the reproducibility, comparability, and scalability of research
efforts in the field.

Beyond data-related issues, there are broader educational
design concerns, particularly regarding the transferability of
LLMs. LLM performance varies across disciplines and assign-
ment types, particularly in non-technical or interpretive fields
where context is critical. Additionally, little is known about
the longitudinal effectiveness of Al-generated feedback. Most

studies focus on isolated tasks, neglecting whether feedback
from one assignment supports improvement in future assign-
ments. This gap limits our understanding of the sustained
pedagogical impact of LLM integration in education.

In addition to technical, data-related, and educational design
issues, ethical considerations are central to the responsible
implementation of LLMs in education. Ethical and legal
concerns demand attention. Risks include the generation of
biased or inappropriate outputs, data privacy violations, and
dependency on non-transparent decision-making systems. To
mitigate these concerns, institutions adopt various strategies
such as obtaining student consent, anonymizing inputs, or
deploying offline LLM instances on university-managed cloud
infrastructure to ensure compliance with data regulations like
FERPA and GDPR. However, the ethical implications such as
Al influencing grades or feedback require continuous oversight
and clear governance. In addition, many studies adopt a
human-in-the-loop model, wherein instructors review, refine,
and validate Al-generated feedback and grades before they
are delivered to students. Studies suggest that this human
oversight is essential to avoid producing misleading feedback
or misgrading students, ensuring that Al tools remain assistive
rather than authoritative.

Based on the aforementioned concerns and limitations in
the existing works such as reliability issues in prompting
strategies, limited availability of high-quality datasets, domain-
specific performance variation, ethical risks, and the need
for human oversight institutions must take a strategic and
responsible approach to implementing LLMs in educational
settings. A practical and low-risk starting point is to adopt
LLMs as assistive tools for feedback generation or assessment
individually as the literature mostly focus on this rather than
integration. In this model, educators use carefully crafted
prompts to generate feedback (few-shot) or scores (zero-shot),
which is then reviewed and refined by educator before being
delivered to students. This ensures that LLMs enhance, rather
than replace, human judgment and pedagogy. With minimal
technical overhead, educators can incorporate LLMs into their
existing workflows using prompting and open-source Al mod-
els like LLaMA, making the technology more accessible and
adaptable for everyday teaching scenarios.

For institutions aiming to maximize the long-term peda-
gogical benefits of LLMs, a more advanced strategy involves
developing fully integrated systems that unify assessment
and feedback. These systems can automatically grade student
responses, provide personalized feedback, and generate diag-
nostic insights for instructors by identifying common miscon-
ceptions or learning gaps (concept thresholds). In this manner,
the system can support adaptive learning by creating individu-
alized follow-up content based on each student’s needs. While
this integrated approach requires more substantial investments
in data infrastructure, model customization, and faculty train-
ing, it offers greater potential for scalability, personalized
education, and continuous learning. Ultimately, by aligning
implementation strategies with the current limitations and
various considerations, institutions can take the benefits of



LLMs while maintaining academic integrity, fairness, and
educational effectiveness.

VI. CONCLUSION

LLMs have shown transformative potential to enhance
feedback and assessment in higher education. However, their
deployment must be approached thoughtfully, with attention
to limitations in reliability, dataset generalizability, ethical
safeguards, and pedagogical design. Addressing current gaps
such as the lack of diverse model evaluation, underuse of
domain-specific LLMs, challenges in fine-tuning, and the need
for human-in-the-loop systems will be essential. Through well-
designed frameworks, robust validation, and close collabora-
tion between educators and Al developers, LLMs can support a
more personalized, scalable, and equitable future of education.
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