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The abilities of Generative-Artificial Intelligence (AI) to produce real-time, sophisticated responses across
diverse contexts has promised a huge potential in physics education, particularly in providing customized feed-
back. In this study, we investigate around 1200 introductory students’ preferences about Al-feedback generated
from three distinct prompt types: (a) self-crafted, (b) entailing foundational prompt-engineering techniques,
and (c) entailing foundational prompt-engineering techniques along with principles of effective-feedback. The
results highlight an overwhelming fraction of students preferring feedback generated using structured prompts,
with those entailing combined features of prompt engineering and effective feedback to be favored most. How-
ever, the popular choice also elicited stronger preferences with students either liking or disliking the feedback.
Students also ranked the feedback generated using their self-crafted prompts as the least preferred choice. Stu-
dents’ second preferences given their first choice and implications of the results such as the need to incorporate
prompt engineering in introductory courses are discussed.
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I. INTRODUCTION

Facilitating personalized student-facing feedback in large-
enrollment courses can be resource-intensive in terms of both
human and material resources. Consequently, several studies
have explored approaches for reliably automating feedback
in STEM courses [1, 2]. Recent advancements in generative
artificial intelligence (henceforth referred to as ‘AI’) such as
ChatGPT, promise huge potential for overcoming the feed-
back barriers. This comes in the backdrop of AI’s impressive
ability to produce real-time, multi-modal and personalized re-
sponses based on user inputs. Accordingly, there has been a
significant uptick in physics education research on Al’s abil-
ity to solve problems [3—7], grade student responses [8—11],
and provide customized feedback [12, 13].

The process of feedback generation broadly involves an
initial rubric-based grading of student responses followed by
generation of reports. Research on Al grading highlights the
evolving models to evaluate student responses as efficiently
as, or even more accurately than humans. For instance, Ko-
rtemeyer [8] found GPT-4’s grading of short answers com-
parable to hand-engineered models, highlighting its potential
for future automated grading. Chen and Wan [12] reported
GPT-40 achieving 70-80% agreement with human graders,
exceeding even inter-human agreement. These results have
also come alongside several studies reporting Al’s impressive
accuracy in solving introductory physics assessments [5, 7].

Along the feedback front, Al has been impressive with
recommendations generated from GPT-3.5 and GPT-40 in
physics contexts rated either equally or better in terms of
correctness and usefulness [12, 13]. Similar results have
also been reported for Al feedback on physics tasks in lan-
guages other than English [14]. The quality of generated
feedback further depends on user prompts (natural language
instructions to chatbots) with diligently structured prompts
yielding accurate and effective results [12—14]. However,
most of the contemporary research on Al-generated feed-
back in physics education remains relatively underexplored
(as compared compared to research on Al’s accuracy in solv-
ing physics problems or grading). Among the studies that
exist, most of them have focused on empirical approaches to-
wards designing feedback with little to no focus on incorpo-
ration of the theoretical principles of effective feedback. With
students extensively employing Al to aid their learning, there
is a need to explore students’ approaches on seeking feedback
from AI and their perspectives about Al-generated feedback
from different types of prompts.

We address the above gaps in the literature by investigat-
ing student preferences about Al-feedback generated from
three distinct types of prompts: (a) self-crafted prompts,
(b) prompts incorporating foundational prompt-engineering
techniques, and (c) prompts combining foundational tech-
niques with principles of effective feedback. In the rest of
this manuscript, we answer the following research question:
What are the broad trends in students’ preferences over Al-
generated feedback based on their (a) self-crafted prompts,
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(b) prompts entailing foundational prompt-engineering tech-
niques, and (c) prompts entailing foundational prompt-
engineering techniques and principles of effective feedback?
In the next section, we provide the relevant background on
prompt engineering and principles of effective feedback. In
Section III, we describe the study’s methodology. We then
present the results in Section IV followed by their discussion,
implications, limitations, and future work in Section V.

II. BACKGROUND

A. Prompt Engineering

Prompt engineering deals with the systematic design and
optimization of prompts (the natural language instructions to
chatbots) that maximize accuracy, relevance, coherence, and
usability of Al-generated output [15]. Broadly, prompt engi-
neering techniques are classified into: (i) foundational and
(i1) advanced. Given the study’s scope, we focus only on
the foundational prompting methods and recommend read-
ers [15] for advanced techniques. Below, we briefly explain
the foundational techniques relevant to this study.

1. Providing instructions. The feature of designing effective
instructions to Al that yield outputs devoid of ambiguity
and misinterpretations.

. Being clear and precise. The effective instructions to Al
should be further accompanied by clear and precise com-
mands (for instance, “Explain the meaning of resistance
in the context of electric circuits.”) as general instructions
(e.g., “Explain the meaning of R in science”) can yield
contextually broad and ambiguous responses.

. Role-based prompting. Instructing Al to simulate specific
roles (such as that of a domain expert) can yield task-
specific and accurate outputs.

"o

. Use of delimiters. Use of symbols such as triple quotes (
") to separate different parts of a prompt, particularly when
the prompt is complex and has multiple components. This
can ensure Al to better interpret and differentiate various
input elements.

. Zero-shot, One-shot, and Few-shot prompting. The tech-
nique of providing one example (‘One-shot’), multiple ex-
amples (‘Few-shot’), or no examples (‘Zero-shot’) when
eliciting responses from Al platforms. When no examples
are accompanied with carefully crafted prompts, Al gen-
erates responses based on its pre-trained data.

While there are additional foundational techniques such as
“Trying several times” and varying the “Temperature” param-
eters, they have not been included given the current study’s
scope and objective. Additionally, among the three options
in the fifth technique above, we employ the ‘Zero-shot’ ap-
proach in crafting prompts in this study. The specific prompt
statement embodying the discussed foundational techniques
can be found in Table I (prompt for Feedback B).



TABLE 1. The three types of feedback (first column) and corre-
sponding prompt statements (second column) embedding the foun-
dational prompt engineering techniques and principles of effective
feedback discussed in Section II.

Feedback
Feedback A
Feedback B

Prompt

[Student generated prompt].

"""You are an expert physicist and your objective is to
give feedback on my answer which is presented as an
argument with a claim, evidence and reasoning about
a physics problem."""

""The problem involves identifying the physical sig-
nificance of a graph’s slope with the gravitational po-
tential energy of a satellite (U) plotted on y-axis and
the satellite’s distance from the planet’s center (r) on
x-axis."""

"""The following is my answer (argument): [INSERT
YOUR ARGUMENT HERE]."""

"""Provide relevant and useful feedback for my
argument."""

Feedback C [Prompt for Feedback B (except for the last sentence)]
+

"""Provide feedback by explicitly highlighting the cor-
rect answer, my provided answer (including strengths
and limitations), and gaps (if any) between them
within 200 words. Also suggest three potential ways
through a bulleted list which can help me improve my

performance on similar questions in future."""

B. Principles of effective feedback

Feedback is the information provided by an agent aimed at
improving specific knowledge and/or skills contextualized in
a given task [16]. Any effective feedback communicates the
following three aspects clearly [16-20]:

1. Desired performance (“Where should the learner be?”)
highlighting expected or ideal response to the task. For
instance, in the context of physics problem solving, this
feature would correspond to the correct answer.

. Current performance (“Where is the learner now?”) high-
lighting details of the learner’s current state or perfor-
mance. This is often accompanied with affective features
such as encouragements and positive reinforcements about
the current performance that motivate learners to engage
constructively with the feedback.

. Concrete approaches to fill the gaps (“How to get there”)
between the expected and current performances. This in-
cludes cognitive features such as task descriptions, specific
areas for improvement, actionable suggestions, and plans
for implementing the changes (wherever possible).

In addition to these features, timeliness and personalization
contribute to the effectiveness of feedback [21, 22]. While
real-time feedback facilitates learners to address the issues as
they actively engage with the task, personally tailored feed-
back can contribute to its relevance and uptake.
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You are an intern in an astrophysics laboratory, monitor-
ing the motion of a satellite of mass 500kg around a planet
(with mass 6.42 x 10?3 kg) in a nearby galaxy. You re-
ceive data the following from the observatory highlighting
the satellite’s gravitational potential energy with respect to
its distance from the planet’s center.

Altitude ‘h’ (km) Distance ‘r’ (m)

Potential energy ‘U’ (J)

100 3.49 x 10° —6.11 x 10°
200 3.59 x 10° —5.94 x 10°
300 3.69 x 10° —5.78 x 10°
400 3.79 x 108 —5.62 x 10°
500 3.89 x 10° —5.48 x 10°

Consider a plot of U (y—axis) vs r (x—axis). What would
be the physical significance of the graph’s slope? Detail
your argument by explicitly highlighting your Claim, Evi-
dence, and Reasoning using relevant equations, diagrams,
and physics principles.

FIG. 1. Statement of the problem for which students constructed
argument and sought feedback from Al

In this study, one of the prompts provided to students to
elicit feedback from AI incorporated the above-mentioned
features (prompt statement for Feedback C in Table I). The
timeliness and personalization aspects are addressed by AI’s
ability to generate real-time and user-centric responses based
on the prompt.

III. METHODS

Our data comes from student responses to an extra-credit
activity from a large-enrollment introductory physics course
at a midwestern R1 university. The course follows ‘Matter
and Interactions’ textbook from Chabay and Shwerwood [23]
with focus on energy, momentum, and angular momen-
tum principles. The course also entails students construct-
ing arguments with the “Claim, Evidence, and Reasoning
(CER)” [24, 25] structure as part of their assignments. The
extra-credit activity was administered through Qualtrics [26]
at the end of the Spring 2025 semester. The activity in-
volved students solving a physics problem entailing hypothet-
ical data about variation of a satellite’s gravitational potential
energy (U) with respect to its distance from a planet’s cen-
ter (r) ( Figure 1). Given the information, students were first
asked to determine the planet’s radius and magnitude of ac-
celeration due to gravity on its surface. They then constructed
and submitted an argument with CER structure explaining the
physical significance of the slope of the U versus r graph.

Students were then asked to use any Al platform of their
choice for seeking feedback to their arguments in the next
three tasks with the first task involving them to craft their own
prompts (henceforth referred as ‘Feedback A’). Students then
used a provided prompt template incorporating foundational
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FIG. 2. Plot highlighting students’ ranking of the three types of feed-
back generated from prompts that: (i) were self-crafted, (ii) entailed
features of prompt engineering, and (iii) entailed features of prompt

engineering along with principles of effective feedback.

prompt-engineering techniques (described in Section IT A) to
seek feedback (‘Feedback B’) by inserting their arguments in
the highlighted area. In the third one (‘Feedback C’), students
repeated the same process of the previous task, but this time
with additional prompt text embodying principles of effective
feedback (described in Section II B). Specific wording of the
provided prompts in second and third tasks can be found in
Table 1. All three feedback statements and their correspond-
ing prompts were collected as data. Students then ranked the
three feedback statements based on their usefulness and pro-
vided relevant justifications. In the end, students listed three
things that they learned (if any) from this activity and the ex-
tent to which they found the entire exercise useful for their
learning. In the remaining part of this paper, we focus on the
data corresponding to students’ ranking of the three feedback
statements and briefly refer to the justifications.

Of the 2044 students enrolled for this course in Spring
2025 semester, 1235 had responded (60% response rate) by
the time this manuscript was being written. The responses
were downloaded from Qualtrics and were tabulated in a
spreadsheet. Basic spreadsheet functions (e.g., “COUNTIF”)
were used to determine the trends in students’ ranking of the
feedback types. These are detailed in the next section.

IV. RESULTS

The objective of this study is to investigate students’ pref-
erences for Al-generated feedback obtained from their (a)
self-crafted prompts, (b) provided prompts entailing prompt-
engineering techniques, and (c) provided prompts that entail
these techniques along with principles of effective feedback.
Below, we briefly discuss the overarching preferences and
provide representative quotes highlighting reasoning behind
the students’ choice for each distinct feedback type.

Figure 2 represents the broad trends in students’ prefer-
ences across the three feedback versions. Overall, students
preferred Feedback C (generated using the provided prompt
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FIG. 3. Plot highlighting students’ second choices given their first
choice of each feedback type. The feedback types at the center of the
two columns on the x-axis represent the preferred feedback choice
whereas those on top of the columns indicate the second choice.

having the features of both prompt engineering and effec-
tive feedback) as their top choice and rated Feedback A
(generated using self-crafted prompts) as their least preferred
one. Feedback B (generated from prompts entailing features
of prompt engineering) tends to be the predominant second
choice among the three versions. In summary, an overwhelm-
ing majority of students preferred feedback generated from
structured prompts (combined preferences across Feedback
types B and C). These trends are detailed below.

Across 1235 responses, around 61.4% of students ranked
Feedback C as the most useful, followed by B (29.7%) and
A (8.9%). For their second choice, 61.7% chose Feedback
B, followed by A (29.6%), and C (8.7%). Finally as their
least preferred feedback, a major section of students ranked
Feedback A (61.2%), then C (30.2%), and lastly B (8.6%).
These results highlight three overarching trends about student
preferences. Firstly, a substantial section (91.1%) of students
preferred feedback generated using structured prompts (com-
bined first choices across B and C). Within this preference,
a majority of students preferred the feedback generated us-
ing the prompt with combined features of prompt engineering
and effective feedback (C). Secondly, this top choice was ei-
ther liked or disliked by students. This is evident from 61.7%
indicating C as their top choice and 30.1% preferring it as
their least one. Only 8.2% however highlighted C as their sec-
ond choice. Lastly, students’ least preferred feedback corre-
sponded to the one generated using their self-crafted prompts.

Beyond these overarching trends, we also investigated stu-
dents’ patterns in their second choice (rank) given their first-
choice of feedback type. Figure 3 illustrates these trends. Be-
low, we briefly discuss them along with providing students’
representative quotes.

Among students who ranked A as their top choice, two-
thirds chose C as their next preferred version with remaining
one third choosing B. Below is a quote from one of the stu-
dents explaining their choice for A followed by C:

“I think from all 3, the one I can more easily un-
derstand is feedback A, it is immediately more



mathematical and if I had done something wrong
it would be good to have quick understanding of
where I was mistaken. But the one who high-
lighted more the points I need to reinforce the
thesis is feedback C, as it quickly tells me I need
to reinforce some points as making clear the di-
rection of the force and the graph behavior, parts
lacking in my original explanation. ”

An overwhelming 90% of students who ranked Feedback
B as their top choice, selected A, as their second prefer-
ence. The remaining 10% however chose C. As one of the
responses following this broad trend noted:

“A and B I found to be the most useful. I liked
that A went into a lot of detail on what I did
right mathematically so I could confirm that I did
the problems correctly. However, B gave me the
most detail on what I could improve on overall
and for this problem so I ranked it as my first
choice. C was too vague and not as helpful. ”

Finally, 95.5% of students who preferred Feedback C, se-
lected B as their second choice followed by mere 4.5% for A.
A student who aligned with this trend mentioned:

“I found C the most useful. It gave a detailed ex-
planation for what mistake I made and gave use-
ful answers for how I can improve. It was better
than B since it contained mostly the same infor-
mation, but was much more concise. Both B and
C were far more detailed and more useful than A,
but C was the best due to its efficient wording.”

In summary, there was no common preference in students’
second-choice selections. Those who chose A first tended
to pick C second; students who ranked B highest typically
selected A next; and among those who rated C as most useful,
B was the most common second choice.

V. DISCUSSION AND CONCLUSION

This study investigated students’ ranking of three types of
feedback generated from as many distinct types of prompts.
The first prompt type corresponded to students’ self-crafted
ones. While the second prompt type entailed the foundational
techniques of prompt engineering, the third reflected a combi-
nation of these techniques with features of effective feedback.

Results highlight that an overwhelming fraction of stu-
dents preferred feedback generated using structured prompts,
with those entailing combined features of prompt engineer-
ing and effective feedback to be favored most. The popular
choice also elicited stronger preferences in terms of either lik-
ing or disliking. Lastly, feedback generated via self-crafted
prompts was least preferred. Figure 2 summarizes these re-
sults. Furthermore, examination of second-choice selections
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given each first choice shows that there was no preferred sec-
ond choice. We particularly observed strong characteristic
preferences for second choice when students selected B or C
as their top choice. Figure 3 highlights these trends.

Every result reported in this study uniquely contributes
to the current understanding of Al-generated feedback in
physics education as the research landscape pertaining to
this domain remains relatively underexplored. These results
also align with observations from other fields. For example,
Zhang et al. [27] examined students’ perspectives on Al feed-
back in programming contexts, finding a preference for feed-
back versions embodying theoretical principles of effective
feedback. They further reported that students’ preferences
were influenced by prompt characteristics and qualitative fea-
tures of the feedback. Our results in the context of physics
education too align with these observations.

There are several implications of the results reported in this
study. For educators, students’ clear preference for feedback
generated by structured prompts over self-crafted ones sug-
gests the need for effective integration of Al literacy (particu-
larly prompt engineering) in introductory courses. This inte-
grated approach can empower students to effectively leverage
emerging Al tools for soliciting better feedback and enhanc-
ing their learning. Given students’ emphasis on feedback gen-
erated using prompts entailing effective-feedback features,
the result also calls for focus on leveraging rich literature on
effective feedback in designing and delivering Al feedback.

However, the results reported in this study include several
limitations. One of the underlying assumptions made in this
study is that students’ prompts were devoid of prompt engi-
neering and effective feedback features, and were thus dis-
tinct from the other two prompt types. Though there is ev-
idence in the literature in support for making this assump-
tion [28], the results are still conditional on this factor. Sec-
ond, we did not collect data on the specific AI model used by
students for seeking feedback, and we acknowledge that the
output quality varies by model. Although we suggested a par-
ticular Al platform in the prompt, students could choose any
platform, and we did not record model details. This design
choice represents an inherent limitation of our study.

Future work would focus on characterizing students’
prompts along with their reflections about feedback prefer-
ences using systematic qualitative approaches. Such a work
would shed insights on students’ prompting practices as well
as preferred features in each of the feedback versions. We
would also seek to explore the interrelationship (if any) be-
tween the correctness of students’ arguments vis-a-vis their
preferences about a feedback version.
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