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Abstract

Integrating Large Language Models (LLMs) into course designs in the higher
education context remains an open and quickly growing area of research. This study
contributes to the emerging literature by examining how students engage with and
evaluate LLM-generated feedback within academic writing instruction. Building
on prior work on integration and LLM detection, the study adopts a diachronic
design to assess whether students can reliably distinguish between human- and
LLM-generated reviews, and how engagement with material may affect perceived
classification. Fifty-one undergraduate participants received both human and LLM-
generated reviews for essays they authored, completing surveys before and after
revising their work. The results indicate that students were initially at random odds
in distinguishing human from LLM-generated texts but exhibited statistically sig-
nificant improvement following engagement. Nearly all students reported positive
attitudes toward personalized feedback, irrespective of whether they perceived it
to be human or LLM-generated. The findings underscore both the pedagogical
potential and evaluative ambiguity of LLM integration in writing instruction.
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The arrival of accessible Large Language Models (LLMs) and related genera-
tive Al (GenAl) has brought significant new challenges and opportunities to higher
education classrooms (see, e.g., Baidoo-Anu & Owusu Ansah, 2023; Grassini,
2023). The emerging field bringing together these new tools and education is com-
plex, addressing the perspectives of instructors and students relative to a quickly
developing set of new and increasingly embedded technologies (see, e.g., Qian,
2025; Phokoye et al., 2025). That complexity is ramified by the social, ethical, and
technical contexts associated with these models (see Prunkl et al., 2021; Gabriel
et al., 2024).

In the context of the higher education classroom and specifically language and
writing courses, there has been significant work done in terms of collecting and
reporting data concerning instructor and student attitudes relating to LLMs (see
Chan & Hu, 2023; Ortiz-Bonnin & Blahopoulou, 2025; Stohr et al., 2024). There is
also a growing literature on how LLMs may be incorporated into course design to
support instructors via chatbots and discussion partners (Jeon & Lee, 2023; Rosas
& Rodriguez, 2024; Yang et al., 2022).

These distinct streams of research may be brought together to develop course
designs with novel integrations of LLMs, which naturally involve work relating to
teaching methodology, instructor and student attitudes concerning LLMs, and the
state of the art in LLM modeling and development. One might consider a simple
scenario that motivates this sort of integration; suppose an instructor recognizes
that students would benefit from more comprehensive individualized feedback for
a given exercise that goes beyond what an Automated Writing Evaluation (AWE)
tool provides (see Ding & Zou, 2024; Liu, 2024). However, given that providing
extended feedback is both time- and effort-intensive, the instructor may determine
that providing extended feedback is not a practical possibility, particularly for high-
volume courses. This could motivate the instructor to reach for LLMs in pursuit
of a solution.

Addressing this sort of situation and developing an adequate integration re-
quires consideration not just of the teaching methodology assumed in the course,
or the attitudes of instructors and students, but also a clear picture of the quickly
developing abilities of state-of-the-art LLMs and GenAl tools. This latter under-
standing of LLMs includes the literature on detection, or our ability to discern
LLM-generated material from material prepared by humans, which supports, on
the one hand, the further refining of models relative to assessment metrics and,
on the other, the growing need to be able to identify generated material in various
contexts (see, e.g., Ma et al., 2023; Wang et al., 2024; cf. Weber-Wulff et al., 2023).

Arguably, the most significant general development in this area in recent years
is the emerging consensus that contemporary models are now effective enough
to consistently fool human assessors (see Wu et al., 2025; Dugan et al., 2023).
In years prior, human assessment was “the gold standard” (cf. Clark et al., 2021),
with humans focusing on features of texts like their coherence, their structure, and
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ultimately their perceived naturalness (Howcroft et al., 2020; Novikova et al., 2018;
van der Lee et al., 2021). However, these features are now mimicked well enough
by LLMs that large-scale studies have shown human assessors to be at random
odds in determining whether a given text was LLM-generated in most contexts,
including across material like news articles, dating bios, recipes, abstractive sum-
maries, poetry, and short stories (see, e.g., Kobis & Mossink, 2021; Soni & Wade,
2023; Clark et al., 2021). One exception to this is a recent study that found that
humans were above random odds when assessing abstracts for scientific articles
(Ma et al., 2023), which will be relevant here. The exception aside, the findings of
the majority of the studies in the space have motivated a shift away from human
assessment as a relevant metric for the effectiveness of various language models
to automated systems (see, e.g., Wu et al., 2024; Su & Wu, 2024), which underlie
many of our institutional and commercial LLM detection tools.

The arrival of LLMs that are able to produce text that humans cannot distin-
guish from material actually produced by humans carries with it significant poten-
tial impetus for the incorporation of LLM-generated material as parts of academic
writing courses. The implication here is simply that if these tools can dynamically
generate text that is indiscernible from human-written texts, adjusted to a given
context (in this case, to academic writing), then they may be used to produce mate-
rial up to the standard required for producing complex feedback as part of a writ-
ing course. With some guidance from an instructor, these models could produce
the sort of detailed and personalized feedback that might otherwise not have been
practically feasible for instructors to produce themselves.

Present Study

The aim of this study is to explore this potential integration of academic writing
instruction and LLM-generated material through the lens of detection or evalua-
tion — i.e., of whether students can discern LLM-generated feedback from human
feedback. Where the majority of studies of human text assessment in this context
are synchronic and largely rely on simply reading material and then assessing it
(see, e.g., Kobis & Mossink, 2021; Ma et al., 2023; cf. Clark & Smith, 2021), the
present study looks to approach the issue diachronically and with more sustained
subject engagement, aligning with the sort of treatment LLM-generated content
would invite if integrated into an academic writing course.

Importantly, this approach moves beyond the standard emphasis on metrics
found in the LLM-detection literature, which is not focused on pedagogical ap-
plications but on further developing existing models, with extensions to education
being largely incidental (see Wu et al., 2025). In contrast, the present study is
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intentionally situated in the target context of an academic writing classroom, and
it also incorporates an extended window of assessment and interaction with the
material, as noted above.

Moreover, and turning to the literature on education, by drawing on detec-
tion as its guiding perspective, the present study contributes a novel approach
to work on integrating writing instruction with LLMs, joining recent qualitative
analyses and discussions on the subject (Bedington et al., 2024). It also contributes
to education research concerning automated feedback, introducing an approach
specific to writing instruction, and also providing a side-by-side comparison of
human and automated feedback, neither of which appears to have been reported
in the literature to this point (cf., e.g., Du et al., 2024; Tzirides et al., 2024). Taken
together, the emphasis on teaching, diachronicity, and engagement informs three
research questions:

Q1 — Can students reliably detect LLM-generated material in an academic writ-
ing context?

The first question connects with the established consensus concerning the inability
of humans to detect LLM-generated material in short stories, poems, news articles,
etc. Assuming that academic writing represents a distinct style or type of writ-
ing, this is an important baseline question. It is also potentially substantive to the
broader literature on detection, providing further data on human assessment in the
context of scientific writing, for which there are findings contrary to the consensus,
as noted above (Ma et al., 2023).

Q2 — Does engaging with the material make a difference in how students assess
material?

The second question builds on the intended diachronicity and engagement with
material, aiming to explore whether working with the material at issue makes
a difference to how it is perceived — and whether it makes any difference to how
they assess its source.

Q3 — Do students like personalized feedback, and is their impression correlated
with their perception of the material as either LLM-generated or not?

The third question bridges to the student impressions of the introduction of LLM-
generated content as something they need to directly interact with, and in the pro-
cess providing a simple but important practical datapoint for this sort of integration
for the future.
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Methodology

Participants

Sixty-one undergraduate cognitive science and philosophy students enrolled in
English-language academic writing courses conducted at Maria Curie-Sktodowska
University and the University of Warsaw participated in the study. Fifty-one com-
pleted the requisite surveys and were analyzed (N = 51). All of the students were
included in the study by default and explicitly informed that they could opt out at
any time. No students chose to opt out.

The final sample comprised 33 women, 15 men, one student identifying as
“other,” and two who preferred not to answer. Ages ranged from 18 to 35 years (me-
dian = 21). Self-reported English proficiency presented as follows: basic (n =4), in-
termediate (n = 12), upper-intermediate (n = 16), advanced (n = 18), native (n=1).

Design and Procedure

The study was conducted as part of two sets of English language academic
writing courses. It was embedded in the unit on peer review and publishing in each
course as part of an assignment. Each student was required to submit a short essay,
following best practices discussed earlier in the course, for which two reviews were
prepared. Students were asked to engage with the reviews, making changes to their
original manuscripts and preparing separate responses to each review. They were
then to submit the revised manuscript and review responses to be graded in light
of the course material covered in the unit.

The study followed a within-subjects design. Of the two reviews received by
each student, one was authored by the course instructor (human), and one was
generated by ChatGPT (GPT-4/XX). The instructor was a native English speaker
with experience in teaching academic writing. The participants were given no cues
about the authorship of these reviews.

The study consisted of two phases (Survey 1, Survey 2). The first phase took
place with the initial distribution of reviews. The participants were asked to read their
reviews, with each review being followed by the same questionnaire concerning the
material. Following the completion of the questionnaire, students received their re-
views as separate files. They were then expected to engage with the reviews, consid-
ering their contents, making changes to their manuscripts, and responding to them.
The second phase coincided with the submission of the students’ revised manuscripts
and review responses. The students were presented once again with their original re-
views and a field for their responses, which they would already have prepared in ad-
vance of submission. Each review/response was again followed by a questionnaire.
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To mitigate sequential biases, students were randomly assigned to one of two
fixed orders used in both surveys, which determined whether the first review they
saw was prepared by the human instructor or LLM-generated: Group 1 (Al then
human) or Group 2 (human, then Al).

Both the instructor and ChatGPT were given prompt guidelines, emphasiz-
ing simple but academically appropriate language, suggesting two improvements
the student could make, and setting the length of reviews to around 250 words.
The ChatGPT prompts also included a set of additional limitations to match stand-
ard review style and format, namely, not to use bullet points and not to refer to
the author in the second person. One additional limitation included in the prompt
was not to suggest adding formal citations/references, as it was out of scope for
the assignment in context.

Survey Questionnaires

The contents of the questionnaire for Survey 1 were as follows, reflecting com-
mon qualitative criteria considered in human assessment studies (see Howcroft et
al., 2020; Novikova et al., 2018):

Consent form, followed by demographic information (gender, age, English level).
First review presented, per the group of the participant.
Three questions on a Likert scale:
Was Review X easy to read and understand? (1 = very difficult, 5 =
very easy)
How intuitive was the structure of Review X? (1 = very unintuitive, 5 =
very intuitive)
How natural did Review X seem to you? (1 = very unnatural, 5 = very natural)
On the next page, there is a forced-choice source classification question: Which
option do you believe is true? Review X was written by a human. // Review
X was written by an Al.
The above was repeated for the second review text.
The last question appears on one further page, and it reads as follows: The re-
views were personalized for each student — so each student received unique
feedback. Did you find that interesting or more engaging? Yes, it was more
interesting/engaging for me. // Not really, it didn’t make much difference.

The above was repeated for the second review text.

The questionnaire for Survey 2 was slightly different. In addition to those
above, it included the following among the qualitative questions:

How easy was it to respond to the review? (1 = It was not easy at all, 5 = It
was very easy)
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It also featured the forced-choice source classification question on the same
page as the qualitative questions. It read as follows: Which option do you believe
is true? Review X was written by a human // Review X was written by an Al

Hypotheses

H1: Survey 1 classification accuracy differs from chance (50%).
H2: Survey 2 classification accuracy differs from chance (50%).
H3: Classification accuracy improves from Survey 1 to Survey 2.
These jointly address Q1 and Q2. Q3 is addressed by the gathered data via the
last question of the survey, without the need for a discrete hypothesis.

Analytic Approach

Analyses were conducted in R. For H1 and H2, we tested whether classification
(n=102) accuracy differed from chance using two-sided exact binomial tests with
Clopper—Pearson confidence intervals and Cohen’s 4 as an effect size.

For H3 (directional hypothesis: Survey 2 > Survey 1), three complementary
approaches were used:

H3-A1: Per-guess analysis (n = 102 guesses): Because each student made two
classifications per survey, we treated each classification as a trial. Improve-
ments versus declines across surveys were compared using a McNemar test.
H3-A2: Per-student analysis (N = 51 students): For a robustness check, restrict-
ed to students who classified both reviews correctly. Changes in “both-correct”
status across surveys were again compared using a McNemar test.

H3-B: Per-student analysis (N = 51 students): Each student’s accuracy score
was computed as the proportion of their two correct classifications in a given
survey (0, 0.5, or 1). Differences between Survey 2 and Survey 1 accuracy were
tested with a Wilcoxon signed-rank test.

For the Likert-scale outcomes, responses were treated as ordinal within-subject
data and analyzed with Wilcoxon signed-rank tests, separately for three tiers: all
respondents (N = 51); “both-balanced” (classified one as human, one as Al within
a survey; n = 38); “both-correct in both surveys” (n = 16). To control for multiple
comparisons, p-values were adjusted using the Benjamini—Hochberg procedure.

“REAL” indicates grouping by the true source (human vs. Al). “PERCEIVED”
indicates grouping by the participant’s classification (as human vs. as Al), regard-
less of underlying accuracy.
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Results

Classification Accuracy (H1 & H2)

In Survey 1, 47 of 102 classifications were correct (46.1%), which did not differ
from chance (p = .488, 95% CI [.36, .56], Cohen’s & = 0.08). In Survey 2, 59 of
102 classifications were correct (57.8%), also not different from chance (p =.137,
95% CI [.48, .68], Cohen’s 4 = 0.16) (Figure 1).

75% A

57,8%

50% ~ Survey 1

Survey 2

Correct classifications (%)
s
=N
Y
RS
\
N

25% T )
Survey 1 Survey 2

Figure 1. Classification Accuracy (n = 102)

Source: Own work.

Improvement from S1 to S2 (H3)
H3-A1: McNemar per-guess analysis (Figure 2a):

At the classification level, more trials improved from Survey 1 to Survey 2 (20)
than declined (8). An exact one-tailed McNemar test was significant, p =.018.
The odds of improvement were 2.50 times higher than the odds of decline (OR
= 2.50), with a 95% CI [1.05, 6.56], indicating that improvement was more
likely than decline.
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COImproved BENochange BEDeclined

Guesses (n = 102)

0 20 40 60 80 100
Figure 2a. Change in Classification: Guesses (n = 102)

Source: Own work.
H3-A2: McNemar per-student analysis (Figure 2b):

When analyzed at the student level using a “both-correct” indicator (1 = both
items correct; 0 = otherwise), more students improved (10) than declined (3).
An exact one-tailed McNemar test was significant, p = .046. The odds of im-
provement were 3.33 times higher than the odds of decline (OR = 3.33), with
a2 95% CI1[0.86, 18.85]. Although the confidence interval includes 1, the direc-
tional test suggests improvement was more likely than decline. The number of
students who classified both reviews correctly increased from 19 in Survey 1
to 26 in Survey 2.

Elmproved ENo change BEDeclined

Students (n = 51)

0 10 20 30 40 50
Figure 2b. Change in Classification: Students (N = 51)

Source: Own work.
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H3-B: Wilcoxon per-student analysis (Figure 3):

Number of students

A paired Wilcoxon signed-rank test indicated that students’ Survey 2 accuracy
scores (Mdn = 1.00, M = 0.58) were significantly higher than their Survey
1 scores (Mdn = 0.50, M = 0.46), W = 138.00, p = .037 (one-tailed). The
Hodges—Lehmann pseudomedian shift (S2 — S1) was 0.25, with a two-sided
95% CI1[0.00, 0.75]. The effect size was small-to-moderate (rank-biserial r =
45), suggesting students tended to achieve higher classification accuracy after
engaging with the material.

35 4

30 A

25 A 23

20 A

£ Survey 1

15 1 @ Survey 2

10 A

Bl
gl A

0 (none correct) 0.5 (one correct) 1 (both correct)

Figure 3. Distribution of Accuracy Score (N = 51)

Source: Own work.

Perceived Quality of Reviews

All respondents (REAL, N =51):

No significant differences were found in comparing the reviews when deter-
mining whether they were human or LLM-generated on the basis of ease of
reading, intuitive structure, or naturalness in either Survey 1 or Survey 2 (all
BH-adjusted ps > .221) (Table 1). Ease of response in Survey 2 was also non-
significant (adj. p =.901).
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Both-balanced subset (n = 38):

In the REAL analyses (Table 2), none of the dimensions reliably distinguished
LLM from human reviews after correction for multiple comparisons (all ad;.
ps >.389).

In the PERCEIVED analyses (Table 3), however, reviews classified as human
were consistently rated more positively. In Survey 1, reviews labeled as human
were judged easier to read (adj. p =.013), more intuitive (adj. p =.005), and
more natural (adj. p < .001). In Survey 2, this same pattern held for ease of
reading (adj. p = .028), intuitive structure (adj. p =.016), and naturalness (adj.
p <.001), while ease of response did not differ significantly (adj. p = .326).

Both-correct in both surveys (n = 16; REAL = PERCEIVED):

For students who made no classification errors across both surveys (Table 4),
human reviews were rated as more natural than LLM-generated reviews in
Survey 1 (adj. p = .003). The trend of human reviews being rated higher on
naturalness is also observed for Survey 2, but the difference is not considered
statistically significant after correction (adj. p =.051). No statistically signifi-
cant differences were observed for other metrics.

Table 1
Mean Ratings by True Source (All respondents, N = 51, REAL)

Survey Dimension Al M (SD) Human M (SD) Wilcoxon p Adj. p
S1 Easytoread 4.33 (0.89) 4.18 (0.84) 313 .395
S1  Intuitive structure 4.12 (0.84) 3.78 (0.90) .074 221
S1  Naturalness 3.69 (1.21) 3.43 (1.06) .395 .395
S2 Easytoread 4.22 (0.88) 4.08 (0.87) 457 .901
S2  Intuitive structure 3.84 (1.01) 3.82 (1.01) .901 .901
S2  Naturalness 3.53 (1.25) 3.61 (1.15) Ta77 .901
S2  Ease of response 3.90 (0.88) 3.84 (1.03) .690 .901

Source: Own work.
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Table 2

Mean Ratings (Both-balanced subset, n = 38) REAL

Survey Dimension Al M (SD) Human M (SD) Wilcoxon p Adj. p
S1 Easytoread 4.34 (0.88) 4.16 (0.79) 319 479
S1  Intuitive structure 4.18 (0.90) 3.82 (0.95) .130 .389
S1  Naturalness 3.71 (1.27) 3.47 (1.11) .505 .505
S2 Easytoread 4.24 (0.88) 4.00 (0.87) .295 775
S2  Intuitive structure 3.84 (1.00) 3.74 (1.00) .668 775
S2  Naturalness 3.47 (1.29) 3.61(1.15) .691 775
S2  Ease of response 3.89 (0.89) 3.84 (1.10) 775 775

Source: Own work.

Table 3
Mean Ratings (Both-balanced subset, n = 38) PERCEIVED

Classified as Al Classified as

Survey Dimension M (SD) Human M (SD) Wilcoxon p Adj. p
S1  Easy to read 4.03 (0.88) 4.47 (0.73) .013 .013
S1  Intuitive structure 3.66 (0.97) 4.34 (0.78) .003 .005
S1  Naturalness 2.74 (0.95) 4.45 (0.69) <.001 <.001
S2  Easy toread 3.87 (0.84) 4.37 (0.85) .021 .028
S2  Intuitive structure 3.42(0.83) 4.16 (1.03) .008 .016
S2  Naturalness 2.66 (0.91) 4.42 (0.86) <.001 <.001
S2  Ease of response 3.76 (0.91) 3.97 (1.08) .326 .326

Source: Own work.
Table 4
Mean Ratings (Both-correct in both surveys, n = 16; REAL = PERCEIVED)

Survey Dimension Al'M (SD) Human M (SD) Wilcoxon p Adj. p
S1  Easy to read 4.13 (1.02) 4.38 (0.72) 372 372
S1  Intuitive structure 3.75(0.93) 4.06 (0.85) .298 372
S1  Naturalness 2.69 (1.08) 4.25 (0.86) .001 .003
S2 Easy toread 4.00 (0.89) 4.00 (1.03) 974 974
S2  Intuitive structure 3.50 (0.89) 3.88 (1.09) 417 .707
S2  Naturalness 2.69 (0.95) 4.25 (1.00) .013 .051
S2  Ease of response 3.75(0.93) 3.50 (1.32) .530 .707

Source: Own work.
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Personalization and Reception

The students’ responses were overwhelmingly positive to the question concern-
ing whether they found the personalization of the review process to their original
text more interesting or engaging (Survey 1, 98% answered “Yes ...”; Survey 2,
94% of students answered “Yes ...”).

Discussion

The findings of the study are substantive, addressing each of the research ques-
tions and inviting further investigation. There are three broad points to address here.
The first is the qualitative assessment of the texts and how students perceived the
material. The second is the corroboration of the consensus concerning detection at
first interaction with the material, and the statistically significant improvement from
the first to the second surveys. The third is the student reception of the exercise.

Qualitative Assessment

The findings suggest that the source of the reviews (REAL scenario; applies
both to N =51 and n = 38) did not reliably determine the participants’ assessment
of review quality (i.e., their assessments of ease of reading, intuitive structure, etc.).
At the same time, the final classification decisions were strongly associated with the
qualitative assessments (per the PERCEIVED scenario): in the both-balanced group
(n = 38), reviews that students rated more positively across ease, intuitiveness, and
naturalness were more likely to be labeled as human. However, among the stricter
subgroup of students (n = 16) who achieved full classification accuracy, only
assessments of naturalness differentiated human from LLM-generated reviews.

This might be taken to indicate that while most students relied on several
perceived qualities when classifying, only naturalness consistently correlated
with accurate classification of human versus LLM-generated reviews. Though the
observation is limited to naturalness, the finding generally corroborates similar
findings in studies involving human assessors (Howcroft et al., 2020; van der Lee
et al., 2021), with humans associating what they perceive to be human writing with
features like naturalness (Novikova et al., 2018; Clark et al., 2021). Perception of
naturalness in this case is also likely affected by the content of the course, as the
instructor will, in some sense, dictate what naturalness looks like in the specific
context of academic writing. This also potentially pairs with the first point noted
in the limitations section below.
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Detection and Improvement

The study strongly corroborates the general consensus in the literature that
human assessors cannot distinguish human- from LLM-generated material (Clark
etal., 2021; Dugan et al., 2023; Wu et al., 2025). The participants were at random
odds in classification for Survey 1. They were also at random odds in classification
for Survey 2, though more accurate. This answers Q1 — students are not able to
reliably detect LLM-generated content in academic writing contexts.

Despite the finding that students were at random odds in both surveys, there
is a significant increase in accuracy between the two. That is, the improvement
between the first and the second survey is statistically significant. This suggests
an answer to Q2 — engaging with the material does lead students to assess it dif-
ferently. The participants did not receive any training between these two surveys,
which suggests that the improvement is due to the students needing to engage
with the material of each review. While in the first survey, they were immediately
asked for their impression of the text, the second survey was conducted as they
submitted revised manuscripts and responses to each of the reviews. It would be
appropriate to infer that having to read, reflect on, and prepare responses to each
of the reviews gave the participants a better understanding of the material, and in
the process, more accurately classified the texts as either human or LLM-generated.

The finding of randomness and of improvement between surveys connects
substantively with both (1) — the literature on detection and (2) — the more general
context of higher education at issue here. Each can be commented upon in turn.
(1) The initial finding that students are at random odds for both the first and second

survey supports the above-mentioned consensus as potentially holding in this
specific domain, joining other studies that examine specific material, like reci-
pes, poetry, etc. (Kobis & Mossink, 2021; Soni & Wade, 2023). It also contrasts
the singular study noted in the introduction that suggested that humans are at
above-odds at detecting LL.M-generated content in academic abstracts (Ma et
al., 2023), though this may be due to the present study making use of newer
models (ChatGPT-3 vs ChatGPT-4).

Observing that detection accuracy significantly increased in this diachronic

setting without any training between surveys is also notable, particularly as

participants did not receive training between surveys, in contrast to other
diachronic studies conducted in this space (cf. Clark et al., 2021). The finding
provides some impetus for further diachronic studies, with there being rela-
tively few recent human-oriented studies on detection, with most recent work
pursuing watermark, model-based, or at most human-aided techniques (Wu et
al., 2025).

(2) Where higher education is concerned, we can draw a number of inferences
here. The observation that students could not discern human from LLM-
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generated writing carries with it the implication that LLMs may have reached
a level of sophistication allowing them to be relied upon to produce material
meeting the standards of academic writing courses. If students are not able to
distinguish between material prepared by an academic writing instructor and
material generated by an LLM, then presumably the LLM is able to produce
material of comparable quality. Put differently, if students cannot discern the
difference, then even if there were some subtle difference between the two sets
discernible to professionals, it is evidently not something that students are in
a position to observe. Barring some clear differentiating feature or error in the
generated text, and barring an error in instruction leading to a susceptibility to
misinterpret LLM-generated material for human-written material, for which
there is no evidence here, there is no statistically significant difference between
the human and LLM-generated reviews from the pedagogical perspective.

This pairs interestingly with the observation of improvement between surveys.
The improvement points to a subtle counterindication to the above, as it im-
plies students did ultimately discern something in the material, allowing them
to better recognize that one of the texts was LLM-generated. No clear trend in
the qualitative assessment of the material can be appealed to as an explanation,
with naturalness only playing a partially significant role when paired with the
actual source of the material, not proving statistically significant across every
case, though correlated, and ultimately not necessarily a cause of the classifica-
tion choice. The lack of helpful differentiation on this point in the qualitative
component of the survey may suggest that students discerned something in the
content itself of their reviews that led them to change their classification choices
in the second survey. In light of that, one might cautiously conclude that while
LLMs have reached a degree of sophistication to effectively mimic academic
writing, they might not yet be able to seamlessly integrate into more com-
plex, engaged exercises — for instance, providing reviews for student essays.

Student Reception

The surveys concluded with a question concerning the student’s impression
of the exercise, and specifically whether they found it more engaging to have per-
sonalized feedback. The data for the question provides a clear answer to Q3, such
that students do like personalized feedback, and their impression is independent
of their perception of whether the material was LLM-generated.

While this question could have led to a complex datapoint, with variation be-
tween underlying student assessments, ultimately, no further analysis is required.
The overwhelming majority of students reported positively (98% for survey 1,
94% for survey 2). There was no significant difference in whether the students
considered both reviews to be human, both to be LLM-generated, or a mix. This
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provides some additional impetus for continuing to work on creative integrations
of LLMs into course structures, insofar as students appear to welcome the person-
alization regardless of their perceptions of the underlying tools.

Limitations

The study is subject to a number of limitations that may be addressed in future
research. The first is that the human reviews were prepared by a single instructor.
This introduces some limitations for the generalization to human writing, as it de-
pends upon a single source, albeit a native speaker and an experienced academic
writing instructor in this case. The second is that the findings of the study are
dependent upon the specific model used. As models are quickly developing, these
findings will not necessarily be reflective of the state of affairs with future models.
The third is population specificity, as the participants were university students at
non-native English-speaking institutions. Given that these are language-based as-
sessments, there might be variation in different classroom contexts with speakers
with different linguistic backgrounds. The fourth is the absence of follow-up analy-
sis exploring why participants classified the materials the way that they did, which
would potentially shed additional light on shifts in assessments between the two
surveys. Each of these limitations could be addressed in future research exploring
similar research questions, new models, or different contexts.

Conclusions

The object of this study was to explore the potential for integrating LLM-
generated material into the design of academic writing courses, approaching the
issue through the lens of detection or evaluation. Three research questions were
posed, addressing whether students could recognize LLM-generated content,
whether sustained engagement with that material had any effect on recognition,
and how students perceived the personalized material. The findings of the study
suggest that students cannot reliably detect LLM-generated content, but that their
accuracy significantly improved from the first survey to the second, after having
reflected on and responded to the material at issue. It also showed that students
responded positively to receiving tailored feedback, irrespective of the perceived
source. These findings provide insight for the integration of current models into
course designs, though potentially still seeing some limitations in more complex
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exercises. Future research could build on this study design by introducing larger,
more diverse samples, with further studies addressing the observed change in ac-
curacy between surveys and further potential effects of reader engagement.

The code and data for this study may be found here: https://doi.org/10.5281/
zenodo.17399250
The authors declare that they have no conflicts of interest.
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Wdrazanie modeli jezykowych (LLM) w nauczanie pisania akademickiego:
zaangazowane czytanie a materialy generowane przez modele jezykowe

Streszczenie

Wiaczanie duzych modeli jezykowych (LLM) do plandéw zaje¢ w szkolnictwie wyzszym
pozostaje otwartym i szybko rozwijajacym si¢ obszarem badan. Niniejsze badanie stanowi wkiad
w powstajacg literatur¢ przedmiotu poprzez analize tego, w jaki sposob studenci angazujg si¢ w in-
terakcje z informacja zwrotna generowana przez LLM oraz jak ja oceniaja w ramach nauczania
pisania akademickiego. Bazujac na wczesniejszych pracach dotyczacych integracji i wykrywania
LLM, w badaniu zastosowano podejs$cie diachroniczne w celu oceny, czy studenci potrafig wiary-
godnie odrézni¢ recenzje sporzadzone przez cztowieka od tych wygenerowanych przez LLM oraz
w jaki sposob zaangazowanie w material moze wplywac na postrzegane klasyfikacje. Pigédziesieciu
jeden studentow studiow licencjackich otrzymato zaréwno recenzje napisane przez cztowieka, jak
i wygenerowane przez LLM dla wypracowan, ktorych byli autorami, wypelniajac ankiety przed i po
rewizji swoich prac. Wyniki wskazuja, ze studenci poczatkowo mieli losowe szanse na odréznienie
tekstu napisanego przez cztowieka od tekstu wygenerowanego przez LLM, ale wykazali statystycznie
istotng poprawe po zaangazowaniu si¢ w material. Prawie wszyscy studenci zglaszali pozytywne
nastawienie do spersonalizowanych informacji zwrotnych, niezaleznie od tego, czy postrzegali je jako
generowane przez cztowieka, czy przez LLM. Wyniki podkreslaja zaréwno potencjat pedagogiczny,
jak 1 niejednoznacznos¢ oceny integracji LLM w nauczaniu pisania.

Stowa kluczow e: szkolnictwo wyzsze; pisanie; detekcja; projektowanie kursow
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Integracion de los modelos de lenguaje grande (LLM) y la ensefianza
de la escritura académica: lectura activa y material generado por LLM

Resumen

La integracion de los grandes modelos de lenguaje (LLM) en el disefo de cursos en el contexto
de la educacion superior sigue siendo un campo de investigacion abierto y en rapido crecimiento.
Este estudio contribuye a la literatura emergente al examinar como los estudiantes interactiian con los
comentarios generados por los LLM y como los evaltian en el marco de la ensefianza de la redaccion
académica. Partiendo de trabajos previos sobre la integracion y la deteccion de los LLM, el estudio
adopta un disefio diacronico para evaluar si los estudiantes pueden distinguir de forma fiable entre
los comentarios generados por personas y los generados por LLM, y como la interaccion con el
material puede afectar a la clasificacion percibida. Cincuenta y un participantes de grado recibieron
comentarios tanto generados por humanos como por LLM para los ensayos que escribieron, y com-
pletaron encuestas antes y después de revisar su trabajo. Los resultados indican que, inicialmente,
los estudiantes tenian las mismas probabilidades de distinguir entre texto generado por humanos
y por LLM, pero mostraron una mejora estadisticamente significativa tras la interaccion. Casi todos
los estudiantes manifestaron actitudes positivas hacia la retroalimentacion personalizada, indepen-
dientemente de si la percibian como generada por humanos o por un LLM. Los hallazgos subrayan
tanto el potencial pedagogico como la ambigiiedad evaluativa de la integracion de los LLM en la
enseflanza de la escritura.

Palabras clave: Educacion superior; Redaccion; Deteccion; Disefio de cursos

Kamuns Jlemanek, Anexkcannp JleukoBckuit

HNurerpanust 60Jbmux si3bIkoBbIX Moaedieii (LLM)
B IIpenofaBaHie aKaJeMH4YeCKOro NuchMa:
AKTHBHOE YTEHUE U MaTepHaJibl, creHepupoBanHbie LLM

AHHOTANUuA

Wurerpanust KpymHbIX s3b1K0BbIX Mozesneit (LLM) B pa3paboTky y4eOHBIX KypcoB B cepe Bbic-
11ero 00pa3oBaHUs OCTACTCS OTKPBITOI M OBICTPO pa3BUBAOIIEHCS 00IACTBIO UccIeI0BaHu. [laHHOE
HCCIIeI0BaHUE BHOCHT BKJIaZ B ()OPMUPYIOIIYIOCS HAyYHYIO JIUTEPATYPY, aHATU3UPYsI, KAK CTYICHTHI
B3aUMOJICHCTBYIOT C OT3BIBAMH, CTeHEpHPOBaHHBIMA LLM, U OIIEHHBAIOT HX B paMKax OOydYCHUS
akaJeMUIecKkoMy nucbMy. Onmpasich Ha TpebIIymye padoThl 0 HHTETPAIH U PACTIO3HABAHUIO
TEKCTOB, creHepupoBaHHbIX LLM, B nccieoBaHUM UCHOIB3YETCs JUAXPOHUUYECKUN TOAXOA, I
OLIEHKH TOTO, MOTYT JI CTYAEHThI JOCTOBEPHO Pa3INyaTh OT3bIBBI, HAIMCAHHBIE JTIObMU U CTE€HE-
pupoBannble LLM, a Taroke Kak B3aUMOJICHCTBHE C MAaTEPHAJIOM MOXKET TTOBJIUSTH Ha X BOCIIPHUSTHE
kiaccupuranyy. [19ThIecsT OqUH CTyACHT OaKanaBpHaTa IIOJIy4rI KaK OT3bIBBI, CTeHEPUPOBAHHBIC
JIIOIBMH, TaK U OT3BIBBL, CTeHepupoBaHHble LLM, Ha HammcaHHBIE MU 3CCe, 3al0HUB AHKETHI 10
1 TIOCTIe TIepecMOTpa CBOMX paboT. Pe3ynbTaTsl MOKa3bIBAIOT, YTO N3HAYAIBHO CTYACHTHI CITydaifHO
pa3nuyany TEKCTHI, CreHepupoBaHHbIe T0ApMU 1 LLM, HO MPOAEMOHCTPUPOBAIN CTATUCTHYECKU
3HAYMMOE YITy4ILICHHE MOCIe B3aUMOACHCTBHS ¢ MaTepuanaMu. [104TH Bce CTyACHTBI COOOLIMIIH O MO-
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JIOKUTEIBHOM OTHOIIEHUH K IEPCOHATM3UPOBAHHOM 00paTHOI CBA3H, HE3aBUCHMO OT TOTO, BOCIIPH-
HUMAaJIM JIU OHU €€ KaK CO3JJaHHY0 yesioBekoM min LLM. [lonydeHHble JaHHbIE HOAYEPKUBAIOT KaK
TeIarOrnueCKUi MOTEHIMAI, TaK ¥ HEOAHO3HAYHOCTh OLICHK! MHTerpanuu LLM B 00yueHue miucsMmy.

KnroueBble cioBa: BeCIIee 00pa3oBaHKe; MMCHbMEHHAS pedb; BBIBICHHE; pa3paboTka yued-
HBIX KYpPCOB
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