
CURRICULUM DEVELOPMENT AND ASSESSMENT

ChatGPT and academic integrity: a case study of assessment vulnerability in
biological and environmental sciences

Danielle Hinchcliffe, Chrysanthi Fergani, and Susanne R. K. Zajitschek
School of Biological and Environmental Sciences, Liverpool John Moores University, Liverpool, United Kingdom

Abstract

The rise of generative artificial intelligence (AI) has accelerated content creation across sectors, including education and aca-
demia. While these tools can streamline workflows and support learning, their use by students to complete assignments poses
risks to academic integrity. This case study quantitatively evaluated the vulnerability of existing coursework assessments and
exams to cheating using generative AI. Specifically, we compared ChatGPT-4’s performance to student grades on 131 assess-
ments from 40 modules in the School of Biological and Environmental Sciences at a UK University. ChatGPT excelled in
“exam-like” assessments, including coursework-associated tests, exams (particularly those involving multiple choice), and, at
some levels of study, in essay-style assessments. Conversely, AI performance and hence vulnerability were low on assess-
ments requiring in-class data collection, collaboration, or the creation of reports, posters, or presentations. Overall, ChatGPT-
produced work was often superficial and vague but better than expected, posing risks to assessing learning in all fields within
the biological sciences, including physiology. While generative AI holds promise as a tool to help students understand, organ-
ize, and structure, it raises concerns around misuse. Designing creative, individualized tasks that require genuine intellectual
engagement is essential, with greater emphasis on ethical conduct and the importance of integrity. Synthesizing information
across multiple biological scales and applying clinical or experimental scenarios is recommended to develop higher-order
physiological reasoning in students. Continuous, collaborative monitoring of generative AI performance on assessments
should become part of routine assessment design and evaluation, given the continuous development and improvement of
these tools. In cases where basic knowledge testing remains necessary, reversion to in-person examinations is recommended
to replace online testing.

NEW & NOTEWORTHY This study reveals that current assessments in biological and environmental sciences are highly vulnera-
ble to generative artificial intelligence (AI) misuse, which threatens assessment validity. ChatGPT-4 either outperformed or
approximated students in exam-style testing and on some essay assignments but struggled with tasks involving data collection,
collaboration, and presentations. The authors recommend redesigning assessments to require deeper reasoning, ethical engage-
ment, and clinical or experimental application, alongside ongoing monitoring of AI capabilities and increased use of in-person
exams.

artificial intelligence; assessment; pedagogy; quality education

INTRODUCTION

The recent rise of freely available and easily accessible
generative artificial intelligence (AI) tools has prompted
opportunities and challenges for various sectors, including
education. AI tools have the power to lead tomore efficiency
and reduce time-consuming workloads, as they offer signifi-
cant potential to assist in improving work through the gener-
ation of drafts, outlines, and analysis pathways (1, 2).
However, due to the ability of generative AI to create unique,
human-quality text, images, and code (e.g., Ref. 3), its poten-
tial impact on assessments in higher education is a matter of
growing concern. Some of the implications AI poses for aca-
demics, as researchers and educators, are 1) a loss of rigor
and compromised authenticity of academic work; 2) work

intensification, despite intentions to reduce workload, as AI
tools lead to higher expectations for output and having to
evaluate and verify AI usage; 3) a reluctance to work collabo-
ratively if AI tools can serve as an alternative; and 4) digital
disparities due to differential access to and use of AI tools. In
the context of physiology education, unique challenges for
students involve the integration of concepts frommolecular
to whole body scales and understanding often complex data
and dynamic systems. AI tools can assist students in break-
ing down complexities, but the vulnerability of assessments
that can test this complex, integrated understanding is a
largely untested concern.

The implications of AI tool mis- or overuse carry predict-
able consequences, including a loss of academic autonomy
due to overdependence on AI for content creation, which
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risks reducing human intellectual contribution and leading
to a homogenization of thought and research. This reliance
also risks the devaluation of the academic, as AI becomes
capable of performing increasingly complex academic tasks.
Additionally, there is the risk of AI eroding the unique role
universities traditionally have played in nurturing human
ingenuity, creativity, and critical thinking (4). AI is impacting
the way in which universities assess students. Nowmore than
ever, we are challenged to discourage malpractice involving
the use of generative AI in our assessments (5, 6). The ability
of AI to produce high-quality content raises questions about
the authenticity of student work, undermining the integrity
and validity of academic evaluations. If generative AI can be
used to generate essays, research papers, or code without
detection, it could undermine the purpose of assessments as
measures of student learning and understanding (7).

Evaluating AI performance on a wide range of assign-
ments can help develop strategies for credible assessments
and to mitigate the risks of academic dishonesty. This pro-
ject, encompassing assessments within the Biological and
Environmental Sciences at a UK University, including core
modules in Physiology and related disciplines, aimed to
evaluate the performance of ChatGPT-4 on 131 distinct
assessments. The goal was to quantitatively identify
assessment types most vulnerable to AI misuse and, crit-
ically, to determine if assessment resilience correlates
with tasks requiring higher-order physiological reasoning,
data interpretation, and experimental application, to
inform the development of robust, credible assessment
strategies and mitigate academic dishonesty risks for
wider adoption by module leaders.

METHODS

At the start of the academic year 2023/2024,module leaders
(MLs) were contacted about the opportunity to investigate the
performance of ChatGPT on available assessments. Interested
MLs reached out to the corresponding author, and a research
assistant (RA) enrolled in the 40 participating modules. The
RA was able to access necessary course materials and assess-
ment information for each module. Our initial aim was to
grade AI submissions mixed in anonymously with student
submissions tominimize bias for or against AI-produced con-
tent by graders. However, due to data protection issues, the
preferred option of within-module anonymous participation
was not possible for the RA.We recognize that awareness that
a submission was AI generated rather than student created
may have introduced some bias in assessments that were not
automatically graded in Canvas. However, we asked MLs for
an objective assessment of the Chatbot-produced work, in
line with student submissions, and to provide a short explana-
tion for why a particular grade was given to AI-produced work
[except multiple-choice tests or exams, which were automati-
cally graded by our virtual learning environment (VLE) based
on correct and incorrect answers]. To avoid accidental inter-
ference with the course content, we exported the identified
assessment items into a sandbox module, where deadlines
and access restrictions were lifted to allow the RA to asyn-
chronously produce work using ChatGPT. Prompts for
ChatGPT adopted a “minimal interaction” approach. Prompts
were based solely on the official assessment briefs and

submission requirements, with no supplementary informa-
tion, interpretation, or iterative refinement applied to the ini-
tial AI output. This standardized approach controlled for
human variation, providing a direct baseline measure of the
AI’s inherent capability to respond to typical assessment
instructions. While this may not represent how most people
interact with chatbots, it allowed insights into AI perform-
ance without adding too much variation based on human
individuality. This approach also intentionally excluded
any clarifications that students might normally seek dur-
ing classes. By not adjusting prompts to account for such inter-
actions, we ensured that all AI inputs reflected only the
information available to a student who relies exclusively on the
published assessment documentation. The premium version of
ChatGPT-4 (OpenAI, model GPT-4, released March 2023; AI
answers generated between February and June 2024) was used
for all assessments to allow completion of the full range of tasks,
particularly those involving advanced functionalities, including
data analysis, which were not available in the free versions at
the time of the study. Settings were not changed from default
mode for the version obtained [no tools: browsing/plugins off;
memory/custom instructions: off/empty, temperature/random-
ness: fixed (no user control available)]. Answers provided by
ChatGPTwere entered back into Canvasmanually and submit-
ted for grading. Multiple-choice questions (MCQ) exams and
Canvas quizzes were automatically graded; reports, essays, talk
slides, and posters were sent toMLs formarking. TheML grade
justifications were double-checked by the RA and the corre-
sponding author to ensure consistency with the established
marking rubrics and to confirm that feedback strictly adhered
to the stated criteria for student work, thereby minimizing
potential bias. All ChatGPT-scored grades were collated and
combined with assessment grades achieved by students at the
end of the academic year.

Liverpool John Moores University (LJMU) Research
Governance Approval was obtained and registered as
251211LJMUREC201. The project did not require full ethical
approval, as no personal data were collected and no informa-
tion related to individual students was obtained. All data
used in this project were fully anonymous.

This study included 40 modules and 131 different assess-
ments covering a range of formats: exams, essays, reports,
posters, talks, journal clubs, online tests, practical skills
assessments, blog articles, and portfolio components. All
assignments from participating modules were included
(see Supplemental Table S2 for the list of participating
modules) and grouped within the assessment types pro-
vided in Table 1. We identified �20% of assessment as AI-
proof “by design”: all in-person practical skills assess-
ments (n ¼ 2) as well as in-person handwritten exams/tests
(n ¼ 13), individual live presentations where AI reliance
would not have helped preparation (n ¼ 6), and reports
requiring substantial amounts of individual data collec-
tion (n ¼ 9) were assigned AI scores of “0.” Retaining
rather than removing these assessments allowed us to
include valuable information on student performance in
the absence of AI misuse. For in-person, PC-based exams,
the AI submission was included for grading as a baseline
to investigate the hypothetical effects of AI misuse under
exam conditions, but we acknowledge the low probability
of genuine AI reliance in a proctored environment. We
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also tested AI performance on the components of in-per-
son presentations (regardless of individual or group work)
that required individual preparation and internet use. For
these presentation assessments, the AI’s presentation
skills and teamwork components, which would have to be
performed in-person by students, were scored as “0” on
marking rubrics.

Grades from AI results and anonymized individual stu-
dent grades were compiled for each assessment and module
and together with assessment type information (see Table 1)
and study level imported into R (RStudio 2025.050, Posit
Software, R version 4.5.0) for visual analysis and significance
testing. A linear mixed-effects model (LMM) was employed
to analyze the relationship between AI and student perform-
ance depending on assessment types and level of study,
using packages lme4 (8) and lmerTest (9), with degrees of
freedom and P values calculated via Satterthwaite’s approxi-
mation. The model was specified with “grade” as the
dependent variable and a three-way interaction between
“taker” (student vs. AI), “type” (type of assessment; Table 1),
and “level” (level of study, L3–L7) as fixed effects (grade �
taker � type � level). To account for the nested structure of
the data and variability in grading across different subjects,
“Module” was included as a random intercept (1 jModule),
controlling for nonindependence of assessments within the
same module. Due to the imbalance in sample sizes of stu-
dent versus AI grades for assessments within levels (stu-
dents: n range ¼ 7–1,447; AI: n range ¼ 1–33; see Table 2),
follow-up pairwise comparisons were conducted using
Games-Howell post hoc tests using the package rstatix (10).
For filtered post hoc comparisons, zero scores were excluded
when they reflected nonattempts rather than meaningful
assessment performance; this applied to both student and AI
observations.

Plots were produced using ggplot2 (11), exploring differen-
ces between student and AI performance on different assess-
ment types and across levels. We confirm that AI was

exclusively used for generating assessment outcomes and
minor code cleaning but not for any stage of the manuscript
preparation.

RESULTS

We report both descriptive statistics andmodel-based esti-
mates; where relevant, we indicate whether results refer to
filtered or full datasets. The significant interaction (F10,7867 ¼
3.924; P < 0.0001) in the overall model (which contained
“Module” as random effect; for the full list of modules, see
Supplemental Table S2) indicates that the difference in per-
formance between students and ChatGPT is not uniform but
is contingent on both the type of assessment (see Tables 1
and 2 for outcomes) and the level of study (L3: foundation
year; L4–L6: undergraduate study, years 1–3; L7: postgradu-
ate study, MSc). When looking at all assessment types across
all levels (L3 to L7), students outperformed ChatGPT inmost
assessment categories (skills, poster, seminar, report, and
essay; Fig. 1). In written PC-based tests or exams, AI and stu-
dents received more similar grades (Fig. 1 and Fig. 2, bottom
right; Figs. 3 and 4). While the post hoc results reported
below and in Figs. 2, 3, and 4 are based on a filtered data set
excluding all zero scores, these exclusions primarily reflect
nonattempts rather than true indicators of performance.
This includes AI zero scores assigned where an assessment
was effectively nonattemptable under the study design,
as well as student zero scores arising from nonattempts.
Interpretations and overall results were similar in the full
data set, for which post hoc results are reported separately in
Supplemental Table S3. Unless otherwise stated, differences
reported from descriptive statistics refer to the difference in
mean grades (student vs. AI), whereas model estimates and
associated confidence intervals reflect AI minus student val-
ues, with negative values indicating higher AI performance
(Supplemental Table S3).

Table 1. Definition of assessment types and approach to marking of artificial intelligence-generated content

Assessment Definition Grading Approach for AI Submissions

Skills Practical assessment, hands-on skills, or lab/field performance. Automatic zero
Test Typically online, may have been invigilated or taken in own time,

incorporating MCQ, short answer questions, or calculations. While
heavily based on practical experience, the online delivery makes it
vulnerable to external resource use, including AI.

MCQ: automatic grading in VLE
Short-answer questions: graded by ML and treated
like student

Poster Assessment of scientific poster (grading may include presentation
skills or assess visual and scientific content only).

General/visual/scientific content: treated like student
Individual subcomponents (oral skills): zero

Seminar Mostly group-based presentation, where individual contribution,
presentation skills, and teamwork components are assessed
alongside scientific content.

General/visual/scientific content: treated like student
Individual subcomponents (oral skills): zero

Report Individual reports, typically based on data collected or provided
during in-class practicals. Success often requires analysis and
interpretation of specific, nonpublic data sets. See Supplemental
Table S1 for typical structure.

Graded by ML and treated like student

Essay May be part of coursework or final exam but involves a structured
written reply to a prompt, typically requiring synthesis and critical
evaluation. When posed as exam often prepared under in-person
exam conditions.

PC based: graded by ML and treated like student
Exam hall/handwritten: automatic zero

Exam Formal, high-stakes assessment containing a majority of MCQ
elements, offered online or in person.

PC based:
MCQ: automatic grading in VLE
Short-answer questions: graded by ML and treated
like student

Exam hall/handwritten: automatic zero

AI, artificial intelligence; MCQ, multiple-choice question; ML, module leader; VLE, virtual learning environment.
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AI versus student performance changes depending on the
study levels, particularly for scientific reports (Fig. 2). Overall,
this holds true for most coursework assessments (Fig. 2),
where the discrepancy in grades increases with higher study
levels, and students tend to perform better than AI. In reports,
students performed significantly better than AI fGames-
Howell post hoc tests: L4: student outperforming AI with a 27-
point difference (95% CI [1.90, 52.71]), P ¼ 0.042; L5: 18-point
difference (95% CI [8.81, 27.37]), P < 0.0001; L6: 28-point dif-
ference (95% CI [16.27, 38.98]), P< 0.0001; L7: 56-point differ-
ence (too few AI data points for formal analysis); L3: 12 higher
student grades than AI but no formal significance testing (too
few datapoints in AI condition)g. The pattern of generally
higher student than AI performance was also seen in seminars
fL4: students 3 points more than AI on average; L5: 19-point
difference with students outperforming AI; both excluded
from formal post hoc comparisons; L6: students outperform-
ing AI by 42 points (95% CI [5.81, 79.21]), P < 0.0001g and in
posters, which were only examined in few modules fL5 only:
students outperformed AI with 24-point difference (95% CI

[4.17, 44.54]), P ¼ 0.031g. Skills assessments precluded AI
involvement, leading tomuch better student than AI perform-
ance (L4: 51-point difference; L7: 86-point difference, not ana-
lyzed; only shown across levels of study; Fig. 1). In contrast,
coursework-associated tests showed no significant difference
between AI and student performance fL4: students scoring
3 points more than AI (95% CI [�5.60, 12.36]), P ¼ 0.434; L5:
0.4-point advantage for AI (95% CI [�7.99, 8.74]), P ¼ 0.927;
L6: 63-point difference, excluded from formal post hoc com-
parisons, AI scored automatic zerog.

Overall, the gap between AI and student performance
increases with the level of study in assessment types with low
vulnerability for AI misuse (reports, skills, and seminars;
Fig. 2; majority of data via reports). The relative resilience of
the “report” assessment is particularly noteworthy for physi-
ology education, as such tasks often require students to inter-
pret unique datasets from core physiological laboratories
(e.g., analyzing blood pressure responses or muscle contrac-
tion data), which are highly context specific and unavailable
in ChatGPT’s training data.

Table 2. Summary statistics across assessments, split by level of study and taker

Taker Level Type n Median Mean SD 95% CI

Student L3 Exam 174 68 67.59 15.97 [65.21, 69.96]
AI L3 Exam 2 79 79 24.04 [45.68, 112.32]
Student L3 Report 173 77 73.41 17.27 [70.83, 75.98]
AI L3 Report 2 61.5 61.5 33.23 [15.44, 107.56]
Student L4 Exam 557 70 68.13 11.62 [67.17, 69.1]
AI L4 Exam 7 82 80.29 12.05 [71.36, 89.21]
Student L4 Report 423 63 65.56 18.71 [63.77, 67.34]
AI L4 Report 4 44 38.25 16.09 [22.48, 54.02]
Student L4 Seminar 29 68.26 68.27 10.46 [64.47, 72.08]
AI L4 Seminar 1 65 65 NA [NA, NA]
Student L4 Skills 75 51 51.65 11.16 [49.13, 54.18]
AI L4 Skills NA NA NA NA [NA, NA]
Student L4 Test 1,222 63.64 63.88 21.59 [62.67, 65.09]
AI L4 Test 15 63 61.13 16.12 [52.98, 69.29]
Student L5 Essay 81 58 56.68 9.83 [54.54, 58.82]
AI L5 Essay 3 50 46.67 5.77 [40.13, 53.2]
Student L5 Exam 271 54 53.38 13.34 [51.8, 54.97]
AI L5 Exam 5 60 57.4 11.08 [47.69, 67.11]
Student L5 Poster 220 60 59.85 11.07 [58.39, 61.32]
AI L5 Poster 4 31 35.5 12.79 [22.96, 48.04]
Student L5 Report 1,039 62 60.6 14.86 [59.69, 61.5]
AI L5 Report 11 42 42.91 13.79 [34.76, 51.06]
Student L5 Seminar 52 60 62.17 7.65 [60.09, 64.25]
AI L5 Seminar 1 43 43 NA [NA, NA]
Student L5 Test 1,447 60 61.04 22.01 [59.91, 62.18]
AI L5 Test 30 60.5 60.83 22.22 [52.88, 68.78]
Student L6 Essay 347 60 60.07 12.19 [58.79, 61.35]
AI L6 Essay 11 30 31.64 10.81 [25.25, 38.02]
Student L6 Exam 98 62 60.07 12.31 [57.63, 62.51]
AI L6 Exam 3 55 55.33 6.51 [47.97, 62.7]
Student L6 Report 908 66 65.41 14.3 [64.48, 66.34]
AI L6 Report 11 33 27.64 21.07 [15.18, 40.09]
Student L6 Seminar 507 67 66.18 10.2 [65.29, 67.07]
AI L6 Seminar 3 20 23.67 14.84 [6.87, 40.46]
Student L6 Test 102 72 69.3 20.24 [65.38, 73.23]
AI L6 Test NA NA NA NA [NA, NA]
Student L7 Essay 38 68 66.68 6.54 [64.61, 68.76]
AI L7 Essay 3 67 61.67 10.12 [50.22, 73.11]
Student L7 Report 7 71 72.14 8.99 [65.48, 78.8]
AI L7 Report 1 15 15 NA [NA, NA]
Student L7 Skills 7 88 86.14 9.23 [79.31, 92.98]
AI L7 Skills NA NA NA NA [NA, NA]

Number (n), median, mean, SD, confidence interval (CI), and artificial intelligence (AI) versus student are shown. “Automatic zero” for
AI was excluded. NA, not applicable.
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Essays and exams, which generally test general knowledge
rather than individual skills, were expected to reveal rela-
tively high vulnerability, with AI either outperforming or not
being different from student grades. Indeed, performance
differences between students and AI appear to be small on
most levels of study (Fig. 3, but see L6). Assessed essays on
L5 and L7 indicate no significant difference in grades
between the students and AI submissions fL5: students per-
forming better than AI by a 10-point difference (95% CI
[�2.70, 22.73]), P ¼ 0.082; L7: 5-point advantage of student
vs. AI (95%CI [�19.03, 29.07]), P¼ 0.482; but see L6: students

outperforming AI with 28 points difference (95% CI [21.28,
35.93]); P< 0.0001g.

In exam-based assessments, AI performance was often
similar to student performance, with some descriptive com-
parisons suggesting higher AI mean scores in lower-level
exams (see also Fig. 4); however, these differences were not
consistently statistically significant. Patterns were similar
across all levels of study fFig. 3, right, and Fig. 4; L3: AI out-
performs students with a 11-point difference, no post hoc test
performed; exam L4: 12 points more for AI than students
(95% CI [�23.30, �1.00]), P ¼ 0.037; L5: 4 points higher AI
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Figure 1.General overview of student and ChatGPT performance across all levels (L3–L7). Boxplots showmedians and interquartile ranges; crosses indi-
cate mean grades. Gray line: 40% pass grade. Included are all assessments, including in-person exams, on which artificial intelligence (AI) was assigned
an automatic zero (see Table 1). Blue/green: student grades; orange/red: AI-scored grades.
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Figure 2. Different coursework types across levels 3 to 7 (L3–L7) and comparison of artificial intelligence (AI) and student performance. Boxplots show
medians and interquartile ranges, crosses indicate mean grades, and violin plots illustrate the distribution of grades. Instances where AI submissions
received an automatic zero were excluded. Zero scores not representing meaningful assessment performance were excluded from this filtered dataset.
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than student performance (95% CI [�17.68, 9.65]), P ¼ 0.466;
L6: students outperforming AI with a 5-point difference
(95% CI [�9.56, 19.34]), P¼ 0.334g.

Our results reflect the differences in targeting higher-
order cognitive skills (analysis and evaluation, e.g., reports),
compared to lower-order skills (remembering and under-
standing, e.g., L3 MCQs), explaining the AI’s higher success
rate in the latter.

DISCUSSION

We have evidenced that AI performance on university
assessments varies substantially depending on different
assessment types and levels of study. AI performs particu-
larly well on essay- and exam-based assessments (which is
particularly concerning when these are PC based or taken

remotely). However, its performance declines drastically in
coursework and scientific report-based assessments that
often involve individual experiments, data collection, or col-
laborative learning processes. The relatively robust perform-
ance of ChatGPT on essays and exams indicates that when
assessing general knowledge, exam-type assessments and
essays need to be reconsidered. While we implemented checks
to mitigate marking bias, the inherent knowledge that a sub-
mission was AI generated may have subconsciously led
markers to scrutinize thework for superficiality or lack of origi-
nal insight, potentially leading to lowermean scores compared
to if the work had been submitted by a student. This suggests
that our reported vulnerability levels might be a conservative
estimate. In addition, while our minimal interaction prompt
strategy established a reliable baseline of AI capability, it does
not incorporate iterative prompting and refinement techni-
ques, whichmore closely reflect how users are likely to engage
with these tools. It is expected that these would achieve signifi-
cantly higher scores, particularly on essay-based assessments.
Future research should investigate the efficacy of “prompt-
aware” assessment design.

With the rise of AI use in university settings, the need for
authentic assessment has never been greater. By this, we are
referring to assessments that focus on applying knowledge
and skills in practical, meaningful ways. This does not neces-
sarily indicate the need for “AI-proofing”: AI may be used to
enhance the assessment and supplement the students’ exist-
ing skills. However, assessments must still test the student
for core skills that are highly desirable by potential graduate
employers in a specific sector. Key features of authentic
assessments include real-world relevance, application over
memorization, and process-oriented skills such as critical
thinking, problem-solving, and creativity. Collaboration and
teamwork are important factors valued by employers and
expected in many real-world situations (12). There are two
approaches we could take to implement AI into university
education: efficiency (educator centered) and effectiveness
(learner centered). For the latter approach, authentic assess-
ment focuses on personalized learning, adaptive content,
and using AI as an assistant (13). Our results provide quanti-
tative evidence to support the learner-centered approach, as
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Figure 3. Essay- and exam-based assessments under-
taken by students from levels 5 to 7 (L5–L7), comparing
student performance with artificial intelligence (AI)-gener-
ated responses. Exams are usually taken in person on
invigilated PCs. This dataset includes PC-based exams
only; assessments where AI responses received an auto-
matic zero due to manual submission were excluded.
Boxplots show medians and interquartile ranges, with
mean values indicated by crosses; violin plots illustrate
the distribution of grades.
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Figure 4. Exam-based assessments for level 3 (L3) and level 4 (L4) mod-
ules, comparing student and artificial intelligence (AI) performance in PC-
based exams. Boxplots show the median and interquartile range, crosses
indicate mean grades, and violin plots illustrate the distribution of grades.
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coursework and report-based assessments that involved
individual or group-generated data consistently challenged
the AI performance.

Scientific reports proved to be a highly resilient assessment
format across all undergraduate levels. This resilience stems
from the context-specific and iterative nature of scientific
inquiry, which demands human critical thinking and original
interpretation. These are skills that ChatGPT-4 did not repro-
duce well under the conditions tested here. This finding is
highly relevant for physiology education: physiological con-
cepts are best learned through active, hands-on data collection
(in virtual or wet laboratories) followed by analysis. The neces-
sity to integrate unique, real-world physiological data into the
report forces students to move beyond pattern recognition to
true physiological interpretation, a critical skill that generalist
AI models cannot currently replicate. Furthermore, these
reports require students to apply context-specific knowledge
referenced from internal teachingmaterials. Ultimately, while
AI can support the process of scientific writing (e.g., clarifying
language or organizing ideas), it does not replicate the critical,
contextual, and reflective nature of student-generated work
inherent in a quality scientific report based on practical work.

Aside from scientific reports, teamwork-based and/or vis-
ual and/or oral presentations are relatively unsuitable for AI
overreliance. Importantly, these types of assessments aid in
developing critical human competencies and fostering peer
learning (14–16). Teamwork requires good communication,
conflict resolution, and division of labor, developing inter-
personal skills (17, 18).

Unexpectedly, marks in online tests based on practical con-
tent and experiential material did not differ overall between AI
and students. The design of truly authentic assessments
requires an iterative process and the integration of multiple
dimensions (19–21). While the integration of practical work
constitutes an important cornerstone for authentic assessment
in the biological and environmental sciences, our findings
indicate that practical knowledge is often tested through gen-
eral logic at lower levels. Therefore, approaches that involve
self-assessment, peer interaction, andmandatory reflection on
personal experiential learningmay provide additional dimen-
sions that support deeper learning and learner autonomy, if
applied appropriately (22, 23).

Academic essay-style-based assessments (whether part of
a timed final exam or coursework) are a traditional method
of evaluating learners and require students to demonstrate
knowledge and critical evaluation of content while also
assessing language and writing skills. Traditionally, formu-
lating insightful, cohesive, well-justified, and meticulously
researched arguments to convey a focusedmessage is associ-
ated with higher grades, whereas lower grades are indicative
of surface-level cognitive products such as knowledge “list-
ing.” Generative AI has been shown to enhance essay writing
when used appropriately but constitutes poor academic con-
duct if students over-rely on its use for text and content
generation.

On the one hand, AI-derived writing tools can strengthen
the writing process via proofreading student-written text
and making corrections to language and grammar (24, 25).
For many students, this can undoubtedly lead to increased
clarity and coherence in their written essay work. For exam-
ple, students with learning disabilities, such as attention-

deficit/hyperactivity disorder, dyslexia, dyspraxia, and
autism, which can affect writing skills (26), as well as nonna-
tive English speakers (27), benefit greatly fromAI tools.

On the other hand, using AI technology for writing aca-
demic essays poses serious challenges. A recent report by
Freeman (28) states that 53% of UK students use generative AI
to help themwith assessments and 13% have used it to gener-
ate text, which is sometimes not further refined or edited. An
overreliance on text-generating tools creates lazy and superfi-
cial learners (29), impeding skills in critical evaluation and
communication. Our data indicate that broad, literature-
review-type essays provide ideal circumstances for AI to score
comparably well.

Because AI models are trained on biased datasets relating
to political views, sexism, racism, and cultural stereotypes
(30–32) and may lack accuracy or specificity (33), rigorous
human critical evaluation is necessary to verify answers to
prompts, linking assessment integrity back to curriculum
design. For example, AI-generated text is expected to per-
form poorly if the prompt required 1) opinion-based argu-
mentation (i.e., students are asked to support their opinions
and perspectives on a controversial topic using published lit-
erature); 2) expansion on concepts, activities and/or data
specifically highlighted in class or collected during a practi-
cal; 3) discussion and analysis of particular case studies or
scenarios; and 4) text generation aimed at educating the
public on a particular topic in a specific format (blog/vlog/
podcast).

There is no denying that these powerful technologies will
significantly impact the future of education. As educators
and researchers, it is our responsibility to guide students in
building the skills and knowledge necessary for their suc-
cess. Banning AI tools altogether is not an option, as this
risks hindering student progress and limiting their opportu-
nities beyond the classroom. Instead, we need to learn how
to harness the power of AI in ways that benefit our students’
futures (34). Whether for formal assessments or independent
study, students will inevitably and increasingly use AI to
assist their learning. Integrating AI for research and organi-
zation is beneficial, so long as the student remains able to
prove their own understanding of the subject matter. At the
same time, a shift away from high-stakes, knowledge-recall
exams to data-driven reports and collaborative projects
necessitates a shift in faculty development, requiring mod-
ule leaders to become experts in assessment design rather
than simply content delivery. This requires institutional sup-
port for staff training in authentic, AI-resilient pedagogy,
where continuous, collaborative monitoring of AI perform-
ance (as demonstrated in this case study) becomes a routine,
institutional requirement. In this age of generative AI,
assessment integrity has become a constantly shifting target,
demanding ongoing adaptation and validation.

Conclusions

This study provides detailed evidence on how generative AI,
specifically ChatGPT-4, performs across a wide range of tradi-
tional assessment types in biological and environmental scien-
ces in higher education. Our analysis reveals that AI performs
well in knowledge-based exams and traditional essay-style
assessments, particularly at lower program levels and when
assessments are delivered nonproctored (PC based or remote).
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In contrast, AI consistently underperforms in tasks that require
practical-based skills, individual or group-based data collec-
tion, collaboration, and context-specific critical analysis. These
findings have important implications for academic integrity,
assessment design, and pedagogical practice and necessitate a
dual strategy for assessment redesign. First, assessments highly
susceptible to AI, such as unsupervised online tests and broad
essay assignments, must be replaced with proctored in-person
examinations or radically redesigned to incorporate local,
unique data and context-specific requirements. In physiology,
this mandates a shift away from high-stakes, knowledge-recall
exams focusing on well-documented pathways toward prob-
lem-solving scenarios that demand the synthesis of physiologi-
cal variables and the application of integrated, whole-body
concepts. Second, we must evolve towards AI-aware assess-
ment formats that value authentic human competencies.
Tasks that engage students in collaboration, complex problem-
solving, and reflective processes (such as scientific reports,
group seminars, and portfolios) are areas where AI reliance
remains limited and where students can leverage AI tools for
organizational or grammatical support while retaining their
critical intellectual contribution. Thoughtful integration, sup-
ported by institutional-level pedagogical training, is essential
for maintaining academic integrity while preparing students
for an AI-augmented professional future.
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