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Abstract

Generative Atrtificial Intelligence (GenAl) has rapidly emerged as a
transformative force in education. While its potential benefits are vast,
substantial gaps remain in understanding its role in transforming
feedback practices. This study explored Al-augmented feedback in
master’s-level written assignments, analysing eight assignments with
lecturer-provided feedback across two phases. Using Microsoft Copilot,
the study examined differences between human-generated and Al-
augmented feedback, highlighted strengths and limitations, and
proposed strategies to optimise Al feedback generation. The findings
revealed that Al-augmented feedback effectively addressed surface-level
issues, such as grammar and formatting, and improved clarity and
consistency. Motivational language and structured improvements aligned
with effective feedback practices, enhancing engagement. However, the
absence of targeted prompts often resulted in generic feedback, lacking
depth and actionable insights. Limitations included reliance on
templated responses, occasional inappropriate word choices, and a
limited capacity to critique complex ideas. The study highlights the
importance of refining prompt design to maximise the potential of Al in
generating meaningful feedback. Ongoing research could focus on
exploring larger, more diverse samples and updated Al models to
evaluate long-term impacts and develop standardised practices for Al-
augmented feedback.

Keywords: artificial intelligence in education; ai-augmented feedback;
Microsoft Copilot; written assignments

Introduction

The emergence of generative Artificial Intelligence (GenAl) in recent years, as
one of the most significant innovations in human history, has sparked
widespread discussion across various sectors, including education (Miao et al.,
2021; Selwyn, 2022). Al-powered tools, driven by rapid technological
advancement, have been positioned at the forefront of contemporary
educational discourse, shaping research initiatives, informing policy
development, and transforming teaching and learning practices (Eager &
Brunton, 2023; Giannakos et al., 2024). Given the long-standing emphasis on
the importance of effective feedback in promoting student learning and
academic performance (Brookhart, 2017; Dawson et al., 2018; Hattie &
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Timperley, 2007), a growing interest has emerged in integrating Al tools to
augment feedback processes. Al-augmented feedback involves feedback
initially generated by a human expert and subsequently processed by an Al
tool to improve its clarity and motivational quality (Schultze et al., 2024).
However, several constraints and challenges associated with providing reliable
Al-augmented feedback (Schultze et al., 2024) and Al-generated responses
(Groves et al., 2024; Misanchuk & Hyzyk, 2024; Obaidoon & Wei, 2024) have
been widely recognised and discussed.

This study was initiated as part of the Al & Assessment Challenge
organised by UCL Institute of Education (IOE), where participants were briefed
on several pressing Al-related issues and provided with resources to explore
how Al tools could transform academic practices. Inspired by Schultze et al.’s
(2024) suggestion that Al-augmented feedback could address challenges
related to feedback quality in higher education, this study focused on its
application in academic written assignments at the master’s level. The
following research questions were posed:

1. What are the differences between the original feedback provided by
lecturers and Al-augmented feedback for academic written assignments?

2. What are the strengths and limitations of using Al-augmented feedback in
academic written assignments?

3. What strategies could be employed to further promote the use of Al-
augmented feedback?

In this study, Microsoft Copilot was used to generate Al-augmented
feedback, as recommended by the Challenge guidelines and due to its relative
lack of research in educational contexts compared to other GenAl tools
employing large language models (LLMs), such as ChatGPT. Microsoft Copilot
is also designed to integrate smoothly with widely used Microsoft applications,
including Word, Excel, PowerPoint, Outlook, and Teams (Spataro, 2023),
making it more accessible for educators to generate Al-augmented feedback
directly within these platforms, thereby streamlining and simplifying their
workflows.

By examining the differences between human-generated and Al-
augmented feedback, this study contributes to the growing body of literature
on Al in education, highlighting the strengths and limitations of integrating Al-
augmented feedback to enhance the quality of feedback provided to students
in academic contexts. The findings also provide practical insights into
optimising prompts for generative Al tools to improve the quality and efficacy
of Al-augmented feedback. Furthermore, the study lays a foundation for future
research with larger sample sizes to further explore Al’s broader role,
applications, and long-term impacts in the field of education.
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Literature review

Feedback has long been a critical component of education, serving as a key
mechanism for guiding learning and fostering improvement (Hattie &
Timperley, 2007). Over time, changes in pedagogical theories, social
expectations, and technological advancements have transformed perceptions
of feedback. Historically, feedback was primarily regarded as a corrective tool
(Nicol, 2010). However, contemporary perspectives frame feedback as a
relational and dialogic process (Carless, 2015), emphasising its role in fostering
collaboration, promoting learner growth, and enhancing student agency
through formative practices (Nicol & Macfarlane-Dick, 2006). This process is
achieved when feedback addresses essential questions about learning goals,
current progress, and the actions required for improvement, thereby guiding
learners toward achieving their objectives (Hattie & Timperley, 2007; Hattie &
Yates, 2014).

In higher education, feedback is often categorised as formative or
summative. Formative feedback is developmental, ongoing, and provides
students with guidance to refine their skills throughout their learning journey
(Carless, 2015). Summative feedback, by contrast, focuses on the final
evaluation of overall performance, often using rubrics to ensure transparency
and consistency in assessments (Carless, 2015).

Effective feedback

Effective feedback is crucial for motivating students, fostering self-assessment,
and improving their learning strategies (Hattie & Timperley, 2007). In higher
education, although students recognise feedback as essential to their learning
journey, they often struggle to engage with feedback that is unclear or generic
(Glazzard & Stones, 2019), reducing its impact on their academic development
(Lynam & Cachia, 2018). For feedback to be perceived as meaningful, it must
be timely, personal, and detailed, offering targeted guidance for improvement
(Beaumont et al., 2008; Glazzard & Stones, 2019; Hattie & Timperley, 2007),
enabling students to act effectively on it and make improvements in
subsequent assessments (Lynam & Cachia, 2018). Similarly, Dawson et al.
(2018) highlight that students value feedback that is clear, personalised, and
includes actionable suggestions for improvement. Shute (2008) further
emphasises the importance of tailoring feedback to align with learners’
characteristics, goals, and contexts. Providing feedback that references clear
criteria and standards can help students understand expected performance
levels, enhancing learning outcomes and fostering self-regulation (Nicol &
Macfarlane-Dick, 2006). However, staff and students often refer to other
elements as key to effective feedback, such as usability and specificity, over
explicit links to standards (Dawson et al., 2018).
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The use of Al in education

Artificial Intelligence (Al) is a field dedicated to developing systems capable of
replicating human cognitive processes, such as reasoning, learning, and
adapting to new situations (Giannakos et al., 2024). In the context of
education, Al systems are often perceived as tools for addressing complex
learning challenges or performing tasks through capabilities traditionally
associated with human intelligence, such as adapting to individual needs and
providing interactive guidance (Chassignol et al., 2018). Technologies within
the Al field, including machine learning, natural language processing (NLP),
neural networks, and data mining (Baker & Smith, 2019, as cited in Guan et al.,
2020), can contribute to advanced problem-solving capabilities (Guan et al.,
2020).

Microsoft Copilot

Microsoft Copilot is considered effective in addressing linguistic and structural
challenges in writing due to its advanced natural language processing
capabilities (Groves et al., 2024). Esfandiari and Allaf-Akbary (2024) further
highlight its utility in identifying interactional metadiscourse issues for English
as a Foreign Language (EFL) learners, thereby improving coherence and
argumentation clarity in academic texts. However, Obaidoon and Wei (2024)
note that while Copilot excels in addressing grammatical and structural issues,
it lacks the capacity for deep thematic analysis or creative evaluation. Similarly,
Esfandiari and Allaf-Akbary (2024) observe that Copilot effectively addresses
structural and rhetorical aspects of writing. However, more subjective or
creative dimensions can be generally better assessed through human
judgement to mitigate risks that could be present in Al-generated responses
(Robertson et al., 2024).

Al-augmented feedback in higher educational contexts

Traditional feedback practices in higher education often fall short of meeting
student expectations, leading to dissatisfaction (Henderson et al., 2019). To
address this issue, Schultze et al. (2024) propose Al-augmented feedback as a
potential solution, offering a combination of efficiency, scalability, and
personalisation while mitigating some of the limitations associated with human-
delivered feedback.

Al-augmented feedback provides several advantages that address the
challenges of traditional feedback systems. Agostini (2024) highlights how
large language models (LLMs) utilise advanced natural language processing to
conduct rubric-based assessments, ensuring consistency and reliability in
evaluating written tasks across multiple attempts. Similarly, Sol and Heng
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(2024) emphasise that Al tools offer personalised academic writing support,
particularly for non-native English speakers, by effectively addressing linguistic
and structural challenges. Another significant advantage is the enhanced
accuracy and efficiency offered by Al-automated grading and feedback
systems (Mao et al., 2024). Similar benefits are observed in hybrid intelligent
feedback systems, which combine Al-driven automation for technical or
repetitive tasks with human judgement to deliver more nuanced interpretations
and empathetic responses (Banihashem et al., 2025). Al algorithms can
enhance personalisation by providing tailored recommendations and feedback
that can suit individual learning needs (Mutambik, 2024). In addition, Shamim
et al. (2024) highlight the potential of Al-generated feedback to provide
constructive insights on essay assignments, helping students identify areas for
improvement during formative assessments. Their study also demonstrates
how Al can enhance grading consistency and quality in summative
assessments, contributing to the upholding of academic standards.

However, Al tools are not without limitations, particularly when
addressing complex or nuanced aspects of writing. Groves et al. (2024) show
that Microsoft Copilot excels in technical and structural support but is less
effective with tasks requiring creative interpretation or deep contextual
understanding. In contrast, Esfandiari and Allaf-Akbary (2024) position Copilot
primarily as a form-focused learning tool that supports the identification and
practice of international metadiscourse, rather than a tool that provides deeper
contextual engagement. Similarly, Misanchuk and Hyzyk (2024) state that
ChatGPT, though effective for structured writing, often fails to address the
originality and depth required in more nuanced academic tasks. In addition,
ethical considerations in the use of Al remain a significant topic of debate. The
importance of establishing robust frameworks to protect sensitive academic
and personal data has been highlighted, with vulnerabilities in existing systems
emphasised (Saif et al., 2024). Patel et al. (2023) point to the risks of data
misuse and breaches, advocating for stringent data governance practices to
ensure the secure handling of sensitive information. Therefore, educators must
understand how Al-derived scores or comments are generated to ensure
accountability and prevent misuse (Ejjami, 2024; Griszbacher, 2024).

Effective Al prompts for enhanced Al-augmented feedback

Prompt design plays an important role in the effectiveness of Al-driven
educational tools, serving as the interface between users and Al systems.
Bozkurt (2023) emphasises the significance of prompt engineering, likening it
to crafting well-designed assessment questions that directly influence the
quality of Al interactions. This process facilitates personalised learning and
enhances problem-solving by eliciting precise and relevant responses from Al
systems (Bozkurt, 2023). Effective prompt design often requires an iterative
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approach, as highlighted by Sikha et al. (2023), who advocate refining prompts
through trial-and-error and incorporating user feedback loops to align
responses more closely with desired outcomes. Bansal et al. (2024) further
reinforce this notion, stressing the importance of specificity and clarity in
prompt design to improve feedback effectiveness. Incorporating domain-
specific details and structured frameworks can further enhance the quality of
prompts. Sikha et al. (2023) suggest that including such elements reduces
ambiguity, aligns more effectively with user intentions, and improves the
relevance of Al responses. Similarly, Garg and Rajendran (2024) recommend
integrating scaffolding and frameworks into prompt design, enabling Al
systems to deliver feedback tailored to specific learning objectives and
ensuring that responses are both relevant and actionable. Customisation is
another vital component of prompt design. Kuzminykh et al. (2024) propose
that prompts should be tailored to fit individual user profiles and learning
contexts, addressing specific needs more effectively. Their framework suggests
that generic prompts often fail to meet particular educational requirements,
while personalised prompts significantly enhance the relevance and usefulness
of feedback, particularly in individualised learning scenarios.

Despite these opportunities, challenges in prompt design persist.
Robertson et al. (2024) note that Al systems may demonstrate hallucinations
and biases in their responses. The authors emphasise the importance of
iterative refinement, structural clarity, and rigorous human evaluation to
mitigate such risks. Similarly, Bansal (2024) underscores the importance of
iterative experimentation with various prompt formats to optimise results and
help drive innovations in a variety of fields. Additionally, practical strategies
such as incorporating detailed examples within prompts, as recommended by
Dang et al. (2022), have proven effective in improving Al systems’
understanding of users’ intentions.

A review of the literature reveals that the field is still in the early,
exploratory stages of examining the power and effectiveness of applying Al
tools in educational practices, particularly for generating augmented feedback
to enhance overall feedback quality. There is also a notable lack of studies
conducted in the UK context, especially at the master’s level, leaving limited
practical guidance on the effective use of Al-augmented feedback. Such a gap
in the research prompted the current study, which aims to explore the
differences between lecturer-generated feedback and Al-augmented
feedback, identify the strengths and limitations of the latter, and propose
strategies for optimising input prompts to facilitate the thoughtful integration
of Al-augmented feedback in educational settings.
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Methodology

This study selected a total of eight written assignments at the master’s level,
with original feedback provided by various lecturers from the same department

but associated with two distinct taught courses. Table 1 summarises the

characteristics of the selected assignments and their corresponding original

feedback. The assignments varied in type, including research proposals,
essays, and dissertations, ranging from both formative and summative

assessments. The original feedback also demonstrated variations in length,

format, structure, and levels of specificity.

Table 1: Characteristics of the selected assignments and original feedback

Word
Type of Mode of Word count count of
ltem Field of study yp- . of .
assignment assignment . original
° feedback
Assignment Educational Research Summative 5181 120
1 Leadership proposal
Assignment Educational Essay Summative 5317 510
2 Leadership
Assignment Educational Essay Summative 5498 197
3 Leadership
Assignment Educational Essay Summative 5324 181
4 Leadership
Assignment Educational Dissertation Summative 20373 527
5 Leadership
Assignment Education & Drafted essay =~ Formative 2982 184
6 Technology
Assignment Education & Partially Formative 555 92
7 Technology drafted essay
Assignment Education & Partially Formative 550 117
8 Technology drafted essay

Source: Wang & Galliou (2024)
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Two phases of data collection and analysis were conducted. The first
phase involved analysing Assignments 1 to 4 as part of the IOE Al &
Assessment Challenge in July 2024. Findings from this phase were presented
on the final day of the Challenge through an oral presentation. During this
phase, the ‘precise’ model of Copilot — marketed as offering more accurate
and advanced responses — was used to generate Al-augmented
feedback. However, this model was no longer available when the second
phase of data analysis began, which aimed to continue and expand the study
by increasing both the sample size and the depth of analysis.

In the second phase, each assignment, along with its original feedback,
was uploaded to Copilot, which was subsequently prompted to optimise the
feedback across three stages. Phase 2 aimed to explore differences across
three scenarios and evaluate the performance of corresponding prompts. In
Stage 1, only the original feedback was provided, and Copilot was tasked with
optimising it without referencing the written assignment. In Stage 2, both the
written assignment and its original feedback were input, allowing Copilot to
optimise the feedback with access to the assignment. In Stage 3, the written
assignment, original feedback, and grading criteria were all provided, and
Copilot was instructed to use the grading criteria as a guide to optimise the
feedback based on the assignment. The input prompts used for the three
scenarios were as follows:

e Stage 1: Optimise the following feedback.

e Stage 2: Optimise the following feedback with reference to the attached
assignment.

e Stage 3: Use the provided grading criteria as a guide to optimise the
feedback based on the attached assignment.

The grading criteria used in Stage 3 were identical for both taught courses and
focused on three key aspects:

1. Students’ grasp of the field of study.

2. Their ability to understand and evaluate research and methodologies.

3. The structure, communication, and presentation of the written assignments.
Following the completion of the three-stage scenarios, a series of

follow-up prompts with more specific tasks were entered to further investigate
Copilot's responses. To avoid interference with the outcomes generated for
different assignments or prompts, a new chat was initiated for each prompt,
ensuring that the output remained solely targeted to the specific input. All
responses were recorded electronically and analysed to identify key patterns
and insights.
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Findings

Initially, the length of the feedback, measured by word count, was assessed
and compared. Al-augmented feedback in Phase 1 generally demonstrated
smaller and more variable changes compared to the more structured
adjustments observed in Phase 2. As shown in Figure 1, Al-augmented
feedback was typically shorter than the original feedback in Phase 1 and Stage
1 of Phase 2, as Copilot reduced redundancy and reorganised phrasing to
enhance clarity and conciseness. Conversely, in Stages 2 and 3, Copilot
increased the length of shorter original feedback to provide more detailed and
comprehensive comments. Notably, Stage 2 balanced changes by either
reducing or expanding the original content, while Stage 3 presented the most
significant positive increases in word count across all assignments, particularly
Assignments 3, 6, and 7. This suggests that Copilot intensively added self-
generated feedback, focusing on refinement and enhancement during the final

stage. However, the significant variability in word count differences across

assignments may have been influenced by factors such as the quality, length,

or level of specificity of the original feedback.

Figure 1: Word count difference of each assignment across two phases
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In the first phase of data analysis, the Al-augmented feedback was
segmented into individual sentences, and the probability of each sentence
belonging to one of three categories — instructional, informational, or
motivational — was determined. Each sentence was assigned to the category
with the highest probability, and the frequency of sentences in each category
was calculated for comparison. Figure 2 shows that the Al-augmented
feedback contained significantly more motivational comments and slightly
fewer instructional ones, while the number of informational messages was
reduced by Copilot. However, this observation may be subjective and is limited
in generalisability due to the small dataset analysed in this phase.

Figure 2: Frequency of feedback categories in orinigal and Al-augmented feedback in
Phase 1
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In the second phase, changes in Al-augmented feedback were primarily
surface-level in Stage 1, addressing issues such as grammar and formatting.
Consequently, the outputs mainly focused on proofreading and providing
suggestions for text refinement. In Stage 2, Copilot generated additional
content, particularly when the original feedback lacked structured sections. In
Stage 3, the amount of additional content increased significantly, especially
when the original feedback was brief or did not align with the structured
sections of the grading criteria. As a result, data analysis in this phase focused
on identifying and coding changes between the original and Al-augmented
feedback into four categorised aspects: a) formatting and grammatical
changes; b) rewording and rephrasing changes; c) editing and refining
changes, and d) additional content. Figure 3 illustrates the total number of

11
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changes across the three stages in Phase 2 using a line diagram, while Table 2
explicitly details the number of changes categorised into the four aspects
across the three stages for each assignment.

Figure 3: Total number of changes in Al-augmented feedback across the three
stages in Phase 2
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As shown in Figure 3, the total number of changes made to feedback in
Stage 1 generally started with fewer total changes across assignments, except
for Assignment 5, where the number of changes increased significantly to 44.
This could be attributed to the longer length of the original feedback,
providing more opportunity for minor, initial structural or fundamental changes,
such as rewording and rephrasing, to enhance consistency and formality. For
other assignments, changes in Stage 1 remained relatively stable, ranging
between 10 and 18 changes. In Stage 2, the number of changes increased for
most assignments compared to Stage 1, reflecting a tendency toward more
detailed adjustments. While Assignments 5 and 6 demonstrated notable peaks,
Stage 2 showed a moderate overall increase in changes. Stage 3 consistently
recorded the highest or second-highest number of changes across most
assignments, particularly for Assignments 6, 7, and 8, which presented a
significant rise in total changes. This likely reflects the additional refinement
and final adjustments made during this stage, where Copilot focused on
improving the feedback’s quality and ensuring alignment with the grading
criteria.

12
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Table 2: Number and characteristics of changes across stages in Phase 2

Iltem Number and characteristics of changes across stages

Stage 1 Stage 2 Stage 3
R& E& Tot F& R& E& Tot F& R& E&
F&G R R AC al G R R AC al G R R AC Total

Al 5 g 5 0 18 5 3 2 0 10 6 4 4 0 14

A2 g 7 3 0 18 7 6 3 0 16 7 6 3 0 16

A3 3 7 4 0 16 3 11 3 0 17 2 1 2 3 8

Ad 5 4 3 1 22 3 5 3 5 16 2 8 5 2 17
AS v 17 19 2 44 3 23 6 1 33 2 11 7 0 20
A6

3 7 5 2 17 3 7 8 5 23 2 12 8 7 29
A7 1 4 3 0 10 1 3 2 15 15 2 4 2 11 19

A8 5 7 2 1 12 2 6 6 21 21 3 5 4 15 27

Sum: 147 Sum: 151 Sum: 150
Min: 10, Max: 44, M: 18.375 Min: 10, Max: 33, M: 18.875 Min: 8, Max: 29, M: 18.75
Mdn: 16.5, Range: 34 Mdn: 16.5, Range: 23 Mdn: 18, Range: 21

Source: Wang & Galliou (2024)

Stages 1, 2, and 3 showed comparable total changes (147, 151, and
150, respectively), reflecting a consistent effort across all stages. Corrections of
punctuation, spelling, and grammar errors, along with improvements in
formatting — such as the use of bullet points and the division of long
paragraphs into multiple sections aligned with grading criteria — were
categorised as formatting and grammatical changes. Changes in this category
were generally more frequent for longer original feedback. Rewording and
rephrasing changes included alternative word choices, the expansion of
incomplete phrases, and the rephrasing of sentences for improved clarity.
Copilot often rewrote sentences to avoid the first person and replaced
abbreviations to minimise confusion. However, some of the selected word
choices were not well-suited to the academic context or commonly used in
feedback presentations, highlighting the importance of review and adjustment
to minimise the risk of less professional feedback delivery. Editing and refining
changes involved removing or adding words and making recommendations to

13
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further emphasise or reduce certain parts of the original content. These
changes aimed to improve flow, enhance readability, and refine sentences for a
higher level of academic professionalism with consistency in tone. Finally,
feedback generated and added by Copilot that was not present in the original
feedback was categorised as additional content. Such content was often
minimal or absent in Stage 1 but increased significantly in Stage 3. Less
additional content was added when the original feedback was detailed,
structured, and already addressed the grading criteria. Conversely, an increase
in additional content was observed for feedback that was brief or unstructured.
In these cases, Copilot often provided comments based on the attached
assignments, aligning feedback more closely with the grading criteria.
Occasionally, parts of the original feedback were removed entirely and
replaced with substantial new information to expand the feedback’s scope,
particularly when the original feedback was extremely brief. However, some of
this additional content consisted of broad or generic comments. As a result,
manual checks remain essential to evaluate the accuracy and depth of the
feedback and to ensure its overall quality and effectiveness.

Discussion

Research question 1: Differences between original and Al-augmented
feedback

When no specific prompts were provided, Al-augmented feedback primarily
addressed minor formatting and grammatical errors, as well as rewording and
rephrasing, to offer alternative expressions that improved readability and
ensured a more consistent flow. Formatting was enhanced through the use of
bullet points and the division of content into sections with clearly stated
subtitles. Both shortened and expanded sentences were observed, aiming to
improve clarity when assignments and grading criteria were provided as
references.

The findings reveal a progression in Al-augmented feedback, evolving
from surface-level corrections in Stage 1 to more comprehensive revisions in
Stage 2 and advanced enhancements in Stage 3. This progression highlights
the adaptability of Al systems in customising feedback when guided by
iterative prompts or specific grading criteria. Shute’s (2008) framework for
effective feedback emphasises that actionable, goal-oriented feedback fosters
deeper learning and enhances students’ self-regulation. The gradual shift
observed in this study aligns with this framework, as the feedback became
increasingly detailed and goal-specific with the inclusion of clearer instructions,
suggesting that iterative prompts and tailored guidance are crucial for

14
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maximising the potential of Al systems in generating effective feedback that
supports student learning and improvement.

Research question 2: Strengths and limitations of using Al-augmented
feedback

Al-augmented feedback demonstrated several strengths in improving the
quality of original feedback. Firstly, it provided quick responses, typically within
10 seconds, enabling the efficient generation of augmented feedback. By
identifying grammatical errors and refining sentence structure and formatting,
Al tools like Copilot enhanced the professionalism and credibility of feedback,
particularly when dealing with large volumes of assignments. This aligns with
findings from Schultze et al. (2024), which highlight strong student preference
for LLM augmented feedback due to its motivating tone and readability, and
Misanchuk and Hyzyk (2024), who suggest that Al systems can promote
consistency and scalability in STEM education contexts, for example, through
structured prompting for reliable outputs.

High consistency was achieved through unified formatting and the
systematic organisation of feedback, such as aligning comments with grading
criteria. Copilot also effectively clarified unclear phrasing and eliminated
repetitive sections, enhancing the readability and usability of feedback. These
observations are consistent with studies noting that Al-generated feedback is
significantly more readable, detailed, fluent, coherent, and positive (Dai et al.,
2023), however less valid in content compared to human feedback. Well-
structured feedback, as suggested by Glazzard and Stones (2019), can
minimise confusion and help students apply recommendations effectively.

In Phase 1, the use of positive and specific language in Al-augmented
feedback enhanced its motivational impact. Supportive and constructive
feedback, as noted by Meyer et al. (2024) and Carless (2015), can reduce
student anxiety, foster a growth mindset, and improve self-efficacy.
Additionally, Copilot’s ability to articulate both strengths and weaknesses
provided a balanced view of performance, aligning with Hattie and Timperley's
(2007) framework for effective feedback. In contrast, Stage 1 of the second
phase demonstrated more objective and neutral feedback, with relatively less
new content generated. This shift toward unbiased assessments reflects
Carless’s (2015) perspective on feedback as a relational and dialogic process
aimed at guiding rather than directing.

Further, combining task-focused Al feedback with motivational or
emotionally supportive elements can be beneficial. For example, Marwan et al.
(2022) show that pairing neutral, subgoal-level progress feedback with
encouragement supports both performance and persistence, while Alsaiari et
al. (2025) demonstrate that emotionally enriched Al feedback can reduce

15
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negative emotions and enhance perceived usefulness without compromising
feedback actionability, although clarity and relevance require careful design.

Despite these strengths, the absence of the previous Copilot’s ‘precise’
model in the second phase limited its capacity to elaborate on feedback
without detailed prompts. This limitation was particularly evident in its inability
to provide in-depth critiques or comments essential for discussing complex
ideas or addressing creative content. Even in Phase 1, when the “precise’
model was applied, the augmented feedback relied heavily on templated
responses, often resulting in generic comments. Without task-specific prompts,
the feedback tended to summarise assignments rather than offer constructive
and actionable insights. This finding aligns with the caution raised by
Misanchuk and Hyzyk (2024), who argue that while Al excels in tasks requiring
precision and consistency, it struggles with those necessitating higher-order
thinking or deep contextual understanding. Agostini (2024) and Shika et al.
(2023) similarly emphasised the importance of clear, task-oriented prompts for
eliciting precise and relevant responses from Al systems. When prompts are
vague, Al-generated feedback remains surface-level and lacks actionable
insights, restricting its effectiveness even when grading criteria are provided.
Additionally, while the Al-augmented feedback was generally more formal in
phrasing, inappropriate word choices were occasionally observed, making the
feedback less suitable for academic contexts. Related limitations were also
noted by Chakrabarty et al. (2025) and Nazli et al. (2025) in their respective
research on Al-generated text and Al-powered feedback. Furthermore, the
default use of American English without explicit prompts necessitated manual
checks to ensure alignment with academic conventions.

An updated or enhanced Al model could address these limitations,
improving Copilot's capacity to generate contextually appropriate and detailed
feedback. By refining its ability to adapt to academic contexts and addressing
the need for actionable insights in response to detailed prompts, future
iterations of Copilot could further elevate the quality and effectiveness of Al-
augmented feedback.

Research question 3: Promoting the use of Al-augmented feedback in
written assignments

Given the wide range of factors involved in enhancing the accessibility and
usage of Al-augmented feedback, a key strategy to improve its performance is
refining the phrasing of prompts to optimise effectiveness for educators. It is
clear that there is no universal ‘best’ prompt, as variations in phrasing and
structure can lead to differing responses across Al tools, even when the primary
objective remains the same. However, several strategies can be employed to
enhance prompts, ensuring more accurate and effective responses. Table 3
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provides examples of task-oriented prompts designed to generate Al-assisted

feedback, aiming to improve the accuracy and relevance of Al-generated
feedback while reducing the likelihood of receiving generic or vague
responses. This approach aligns with Garg and Rajendran’s (2024)

recommendation to incorporate scaffolding and frameworks into prompts,
which helps to reduce ambiguity and tailor feedback to specific learning

objectives.

Table 3: Suggestions on prompts to improve original feedback

Objective Suggested prompts for improving original feedback

Can you improve the feedback for better flow and clarity?
Optimise the Can you provide examples to clarify your suggestions?
feedback How can | make my feedback more concise?

Further elaboration

Structure and
language

Engagement and
tone

Based on the current feedback, are there any other areas | should
comment on?

Can you give suggestions on areas | should further elaborate on?

Are there any additional points | should consider to enhance my
feedback?

Can you optimise my feedback and proofread it in British English?

Can you ensure the texts are presented in a clear structure with a logical
flow?

Can you simplify complex sentences without twisting meaning?

Can you suggest ways to maintain a supportive tone throughout the
feedback?

Are there any phrases or words that could be more motivating?

How can | balance constructive criticism with positive reinforcements?

Source: Wang & Galliou (2024)

Refining prompts iteratively allows educators to experiment with
phrasing and structures to achieve desired results, incorporating user feedback
to enhance the relevance and clarity of Al-augmented feedback. Breaking

down complex tasks into distinct instructions and providing examples of ideal
outputs can help align feedback with learning outcomes, as highlighted by
Molina-Moreira et al. (2023). Additionally, requesting follow-up responses or
asking the Al to elaborate on specific areas ensures the feedback effectively
addresses strengths and areas for improvement, aligning with Dawson et al.’s
(2018) recommendations for providing actionable and meaningful insights.
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Furthermore, setting a tone for feedback — such as supportive, constructive, or
neutral — can further improve delivery, making Al-augmented feedback more
engaging and student-friendly. Meyer et al. (2024) and Carles (2015) highlight
that emotionally supportive and constructive feedback fosters a positive
learning environment, reducing student anxiety and encouraging greater
engagement. Similarly, Dweck (2006) suggests that tailoring the tone and focus
of feedback addresses diverse student needs while promoting a growth
mindset.

Overall, these findings underscore the crucial role of effective prompt
design in maximising the potential of Al tools for generating feedback. As
Agostini (2024) suggests, training educators in prompt engineering could
empower them to use Al tools more efficiently, ensuring that feedback is
actionable, clear, and aligned with educational goals. Ongoing research into
optimising prompts could establish standardised best practices across Al
platforms, addressing the variability in outputs observed in this study.

Limitations of the study

This study was limited by its small sample size of only eight master’s-level
written assignments, restricting the generalisability of the findings.
Additionally, the cross-sectional design serves as a foundation for future
research to investigate students’ comprehension of Al-augmented feedback
with a larger sample size and to explore its long-term effects on academic
performance through potential longitudinal studies. Given the rapid
advancements in Al technology, future research could also examine new and
updated models, as well as a diverse range of generative Al tools, to compare
their effectiveness and unique potential in educational contexts.

Conclusion

This study explored the use of Al-augmented feedback in written assignments
at the master’s level, with a focus on identifying differences between lecturer-
generated and Al-augmented feedback, discussing the strengths and
limitations of the latter, and proposing strategies to optimise the generation of
Al feedback. By employing Microsoft Copilot, the research aimed to
investigate the role of generative Al in enhancing feedback quality and
promoting its practical integration in educational contexts.

The findings suggest that Al-augmented feedback demonstrated a
capacity to address surface-level issues such as grammar, formatting, and
clarity, while also providing structured improvements when guided by specific
prompts. However, without task-specific instructions, the feedback often lacked
depth and actionable insights, tending to summarise assignments rather than
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providing comprehensive critiques. In addition, the study highlighted
significant strengths of Al-augmented feedback, including its efficiency,
consistency, and use of motivational language, aligning with established
practices for effective feedback. Nonetheless, limitations such as reliance on
templated responses, occasional inappropriate word choices, and a lack of
critical engagement with complex ideas highlighted areas for improvement.
Finally, suggestions on emphasising the importance of prompt refinement for
improving Al-augmented feedback were proposed.

Nevertheless, the study’s findings have several implications for
educational practices. By integrating Al-augmented feedback into assessment
processes, educators can streamline workflows, ensure consistency, and
provide more accessible and personalised support to students. However, these
benefits must be balanced with ethical considerations, including transparency,
data privacy, and the need to maintain critical human oversight. Training
educators in prompt engineering and the thoughtful deployment of Al tools is
also essential to maximise their potential while addressing limitations.

Future research could expand on this study by involving larger and more
diverse sample sizes to improve the generalisability of findings. Longitudinal
studies are also recommended to examine the long-term impact of Al-
augmented feedback on student learning outcomes and engagement.
Additionally, exploring the effectiveness of newer Al models and generative Al
tools across various educational levels and disciplines can provide a more
comprehensive understanding of their capabilities and limitations. Finally,
developing standardised practices for integrating Al into educational feedback
processes can be valuable, though adaptation should be approached with
careful consideration of pedagogical goals and institutional policies.
Addressing these areas through ongoing research will further refine the use of
Al in education, solidifying its role as a supportive tool for enhancing teaching
and learning practices.

Abbreviations
Al: Artificial Intelligence
EFL: English as a Foreign Language
GenAl: Generative Artificial Intelligence
LLM: Large Language Model

NLP: Natural Language Processing
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