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Integration of Generative AI Coding into a Course on
Computational Biomedical Engineering

Generative artificial intelligence (GenAl) tools are increasingly used by biomedical
engineering students, yet formal instruction and guidance on their effective use are often
absent from biomedical engineering curricula. In this study, we investigated the impact of
integrating structured GenAl instruction into an undergraduate Computational
Biomedical Engineering course. We hypothesized that GenAl instruction and optional use
would not hinder student learning outcomes. Early in the semester, students received
instruction on the fundamentals of GenAl and its application for coding support,
including how these tools work, common pitfalls such as inaccurate code generation and
hallucinations, and strategies for responsible use. Students were required to use GenAl
tools on the first problem set and then given the option to use it on the subsequent ten
coding assignments. Learning of non-Al course content, self-reported completion time,
and student perceptions were evaluated through pre- and post-course assessments and
anonymous surveys. Students who used GenAl (n = 15) and those who did not (n = 8)
demonstrated comparable improvements in conceptual understanding, indicating no
negative impact on non-Al course content. Students who used GenAl reported shorter
average completion times at the aggregate level, though significant time reductions were
limited to select assignments and results varied among individual students. Student
interest in biomedical engineering and confidence in foundational computational topics
were consistently positive across groups. Overall, these findings suggest that intentional
GenAl instruction and optional use can be integrated into computational biomedical
engineering courses without compromising learning or student interest in biomedical
engineering.



Introduction

Computational methods and coding are fundamental skills for biomedical engineers, particularly
in preparation for careers in biotechnology, data science, medical devices, and related fields [1].
As aresult, developing programming competency is critical for biomedical engineering students.
An emerging challenge to this goal is the rapid and expanding use of generative artificial
intelligence (GenAl) tools. The increasing presence of GenAl in engineering education has
sparked significant discussion regarding its appropriate role and potential challenges to student
learning. Prior studies indicate that GenAl tools can assist students with procedural coding tasks,
but that ineffective use may also constrain opportunities for meaningful learning [2], [3], [4], [5],
[6]. Consequently, biomedical engineering educators continue to grapple with how to integrate
GenAl tools responsibly while preserving meaningful learning and disciplinary skill
development [1].

Evidence evaluating the impact of GenAl use on student learning remains limited across
STEM education [7]. Within BME courses, several recent studies have incorporated
GenAl tools in to lectures, assignments, or laboratory activities, and reported generally
positive student perceptions [8], [9], [10], [11]. However, many of these studies
emphasize qualitative feedback or self-reported attitudes and do not assess learning
outcomes related to programming-intensive course content. Moreover, no studies have
yet examined undergraduate computational biomedical engineering courses, where
coding is typically used as a means to support disciplinary learning. As GenAl tools
continue to become increasingly capable and accessible, there is a need for to evaluate
how their use intersects with learning outcomes, coding efficiency, and student
perceptions in this specific educational context.

To address this need, we examined how structured instruction on GenAl and optional use
of these tools influenced student learning outcomes in an introductory undergraduate
Computational Biomedical Engineering course. Prior work suggests that concerns about
GenAlI hindering learning primarily arise from difficulties in its effective integration into
teaching materials, [6], [7], whereas structured instructional approaches are more likely to
support student engagement and critical thinking [12]. Accordingly, we hypothesized that
GenAl instruction and optional use would not hinder student learning outcomes. This
hypothesis was examined through three research questions (RQs): RQ1) How does
GenAl use on coding assignments affect conceptual learning of non-Al course content?
RQ2) How does GenAl use affect completion time of coding assignments? RQ3) How
does GenAl use on coding assignments affect student interest in BME?

Methods
Course and study design

All study procedures were reviewed and approved by the Institutional Review Board for
Social and Behavioral Sciences (IRB-SBS) at the University of Virginia. This study was
conducted in a sophomore-level Computational Biomedical Engineering course required
for all undergraduate biomedical engineering majors at a large, public R1 research



university. Data was collected from 23 students enrolled in the course during the Fall
2023 semester. The course introduced techniques for analyzing complex biomedical data
and developing computational models of biological systems. This course has long taught
the computational foundations of what is now considered Al, how to use computational
methods to solve biomedical problems, and show the pitfalls that can occur when doing
computational analysis. The learning objectives are:
1. Describe the basic programming control structures (for, while, if/then) and how to
use them together to solve specific problems (computational thinking).
2. Define the basic vocabulary of numerical methods and select the most appropriate
numerical method for a given problem.
3. Implement and validate numerical methods for analyzing biomedical signals
using differentiation, integration, and interpolation.
To evaluate overall learning gains, an eight-question multiple-choice concept quiz was
administered at the beginning and end of the semester.

Early in the semester, students received a dedicated lecture introducing Al and GenAl
tools and its application for coding support. The session covered how GenAl models
function, example workflows for code generation and debugging, common pitfalls
including hallucinated outputs and syntactically incorrect code, and recommended
practices for responsible use.

To ensure that all students received initial exposure to GenAl-assisted coding, the use of
a GenAl tool was required for the first assigned problem set. For the remaining ten
coding assignments, GenAl use was optional. Although students were free to choose
which GenAl tool to use, nearly all students used ChatGPT. We did not collect
information on whether students used free or paid versions of ChatGPT. For each
problem set, students were provided with a unit test. The unit tests were instructor-written
python scripts that evaluated student code against predefined inputs and expected outputs,
enabling students to iteratively revise their code and verify correctness prior to
submission. Following each assignment, students were asked to complete an anonymous
brief survey indicating 1) whether they used GenAl, 2) estimated time spent on the
coding problem, and 3) optional reflections on their experience. The free-response
question at the end of each survey allowed students to elaborate on benefits, challenges,
or strategies they employed.

Students were categorized into two comparison groups based on self-reported usage: a
GenAl group, consisting of students who reported using GenAl on at least one-third of
assignments, and a non-GenAl group, consisting of students who reported using GenAl
rarely or not at all. This pre-determined threshold was selected as an inclusive criterion to
distinguish students who engaged with GenAl beyond occasional use, while maintaining
sufficient group sizes for comparison in a small cohort. Pre- and post-course concept quiz
scores, along with changes in student interest in computational biomedical engineering,
were compared across groups to evaluate the effects of GenAl integration on learning
gains and student perceptions.



Student perceptions of biomedical engineering topics

Student perceptions of the course were assessed through an anonymous end-of-semester
survey administered via the course learning management system. The survey included
Likert-type items measuring students’ interest in biology, medicine, and engineering;
perceived usefulness of course material for future coursework and careers; and self-
reported confidence in foundational computational and numerical methods covered in the
course. Responses were recorded on a five-point scale (1 = strongly disagree, 2 =
disagree, 3 = neutral/undecided, 4 = agree, 5 = strongly agree). The survey concluded
with open-ended questions inviting students to provide additional qualitative feedback on
their learning experiences and on the integration of GenAl in the course.

Statistics

Concept quiz scores and student self-reported assignment completion times were reported
as mean + standard deviation (mean + SD). Likert-type survey responses are reported as
median with interquartile range (IQR) for each comparison group. Nonparametric tests
were used to account for non-normal distributions and unequal sample sizes (GenAl: n =
15 students; non-GenAl: n = 8 students). Pre- to post-course changes in concept quiz
scores were analyzed using a Wilcoxon signed-rank test. Between-group differences in
self-reported completion times and Likert-scale responses were assessed using a Mann-
Whitney U-test. For interpretive purposes, a median Likert score of > 4.0 was considered
indicative of agreement or a positive perception of the survey item. Statistical
significance was defined as p < 0.05.

Results
RQI1: Conceptual learning gains did not differ between students who used GenAl or not

Students who reported regular optional use of GenAl and those who did not achieved
comparable conceptual learning gains over the duration of the course (Figure 1). GenAl
users improved from 30.83% = 18.80 on the pre-course concept quiz to 86.67% + 13.74
post-course (p = 0.00122, Wilcoxon signed-rank test). Similarly, the non-GenAl group
increased from 28.13% =+ 16.02 pre-course to 90.13% =+ 8.83 post-course (p = 0.00781,
Wilcoxon signed-rank test). Pre-course (p = 0.633, Mann-Whitney U-test) and post-
course scores (p = 0.791, Mann-Whitney U-test) showed no significant difference
between GenAl and non-GenAl groups, and multiple students from both groups achieved
a score of 100% (8/8 questions) on the post-course quiz. These results for RQ1 indicate
that use of GenAl on coding assignments neither hindered nor enhanced conceptual
understanding in this Computational Biomedical Engineering course.
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Figure 1. Students in both groups improved from pre- to post-course concept quiz
scores. Pre- and post-course concept quiz scores for students who used GenAl (red) and
those who did not (blue). Bars represent mean + SD. Both groups showed significant
improvement from pre- to post-course (GenAl: p = 0.00122; non-GenAl: p = 0.00781,
Wilcoxon signed-rank test).

RQ2: Students using GenAl complete coding assignments more quickly than students not
using GenAl

Across ten coding assignments, students who used GenAl reported shorter overall
completion times compared to students who did not use GenAl. Average completion time
for GenAl users was 45.3 + 61.74 minutes, while non-users averaged 56.82 + 64.74
minutes (p = 0.0108, Mann-Whitney U test). Although this finding was apparent at the
aggregate level, assignment-by-assignment comparisons revealed that statistically
significant time reductions occurred only for two coding assignments: numerical
differentiation (GenAl: 14.82 + 13.76 minutes; non-GenAl: 45.56 + 44.68 minutes, p =
0.0139) and multi-trapezoidal rule (GenAl: 11.33 + 7.73 minutes; non-GenAl: 27.50 +
10.69 minutes, p = 0.00238) (Figure 2). These results for RQ2 suggest that GenAl use
may be associated with shorter reported completion times for a subset of coding problems
at the aggregate level. However, this pattern was not consistent across all assignments or
individual students. Because completion times were self-reported rather than objectively
measured, these findings should be interpreted cautiously and do not imply uniform or
definitive efficiency gains, particularly as they may not capture additional time spent
verifying, debugging, or correcting Al-generated outputs.
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Figure 2. Students using GenAl take less time on average to complete some coding
assignments. Box plots show median completion time with 25" and 75th percentiles for
each assignment, separated by GenAl users (red, n=4-18) and non-users (blue, n=5-21).
Significant differences in completion time occurred only on the numerical differentiation
(p = 0.0139) and multi-trapezoidal rule (p = 0.00238) assignments where GenAl users
took less time on average assessed by Mann-Whitney U-test. *p<0.05.



RQ3: Student perceptions of biomedical engineering did not differ between students who
used GenAl or not

Student perceptions of interest, perceived utility, and self-reported confidence were
consistently positive across both GenAl users and non-GenAl users (Table 1). Survey
questions were intentionally designed to assess general attitudes toward biomedical
engineering and confidence in foundational computational concepts, with comparisons
made between GenAl and non-GenAl groups. All survey items yielded median Likert
scores > 4.0, indicating general agreement or high confidence regardless of GenAl usage.
While no statistically significant differences were observed between groups assessed by
Mann-Whitney U-tests, these group-level comparisons were limited by small sample
sizes and ceiling effects in the response distributions. Despite this limitation, several
trends were observed. GenAl users reported slightly higher interest in biology,
engineering, and medicine, as well as higher perceived career relevance of the course
material, while non-GenAlI users reported marginally higher confidence in specific
computational skills, including ordinary differential equation solving, Gaussian
elimination, and programming control structures. Confidence in fundamental numerical
methods such as matrix multiplication and numerical integration and differentiation was
high and comparable across both groups. Collectively, these findings for RQ3 suggest
that GenAl use neither diminished students’ interest in the field nor their confidence in
foundational computational biomedical engineering skills, though larger studies will be
needed to more conclusively evaluate potential differences in student perceptions
attributable to GenAl use.

Table 1. End-of course student perceptions on career interests and confidence in technical
topics. Likert-type scores were encoded on a scale from 1 (strongly disagree) to 5
(strongly agree). Median (IQR) reported for each group with p-value from Mann-
Whitney U-test for each survey question.

Survey Question GenAl non-GenAl | p-value
I am interested in biology. 5.0(1.0) ]4.0(0.25) 0.133
I am interested in engineering. 5.0(1.0) ]4.5(1.0) 0.572
I am interested in medicine. 5.0(1.0) |4.0(1.0) 0.330
I expect that the material from BME 2315 will be useful 4.0 (1.0) |5.0(1.0) 0.502
to me in future courses.

I expect that the material from BME 2315 will be useful 5.0(1.0) |4.0(1.25) 0.322
to me in my career.

On a scale of 1-5 (5 being highly confident), how 4.0 (1.0) |4.0(1.25) 0.972
confident are you in your knowledge and skills in binary

numbers?

On a scale of 1-5 (5 being highly confident), how 4.0(1.0) |5.0(1.0) 0.451
confident are you in your knowledge and skills in

computational methods for solving odes?

On a scale of 1-5 (5 being highly confident), how 4.0(1.0) |5.0(1.0) 0.251
confident are you in your knowledge and skills in

gaussian elimination?




On a scale of 1-5 (5 being highly confident), how 5.0(1.0) |5.0(1.0) 0.490

confident are you in your knowledge and skills in matrix
multiplication?

On a scale of 1-5 (5 being highly confident), how 5.0(1.0) |5.0(0.25) 0.455

confident are you in your knowledge and skills in
numerical integration and differentiation?

On a scale of 1-5 (5 being highly confident), how 4.0 (1.0) |5.0(0.25) 0.115

confident are you in your knowledge and skills in
programming control structures (if/then, for/while loops)?

On a scale of 1-5 (5 being highly confident), how 4.0(1.0) |4.5(1.0) 0.330

confident are you in your knowledge and skills in
programming functions?

On a scale of 1-5 (5 being highly confident), how 4.0 (0.0) |4.0(0.25) 0.848

confident are you in your knowledge and skills in Taylor
series?

Student reflections on the optional use of GenAl for coding assignments

In addition to the three RQs addressed in this study, voluntary student reflections were
collected to examine patterns in students’ perceptions of and experiences with the
optional use of GenAl tools in the course. For each problem set, students were given the
opportunity to provide unstructured feedback on their use of GenAl for coding. Students
also had the option to add comments in the course evaluations under any of these three
questions:
e Tell us briefly how any of the above learning activities contributed to your
learning in this course.
e What would you like the instructor and university administrators to know about
your experience in this course?
e What constructive suggestions do you have to help [the professor] improve this
course for future students?

Selected student responses from both sources are summarized in Table 2. Student
comments were first categorized as reflecting either positive or negative attitudes toward
the use of GenAl on coding assignments. Within the positive category, a primary theme
centered on increased interest in or improved understanding of the GenAl tool itself, with
several students noting its ability to generate coding solutions. One student extended this
perspective by commenting on the potential usefulness of GenAl tools for future careers.
Collectively, these responses suggest a general acceptance of, or favorable disposition
toward, integrating GenAl into the course.

In contrast, negative comments primarily focused on challenges associated with using
GenAl for coding assignments. A commonly reported issue was encountering
hallucinations or incorrect Al-generated outputs, which often resulted in increased time
spent on assignments or required students to independently debug their code. While these
comments reflected dissatisfaction with GenAl performance, they may also indicate




deeper engagement in problem-solving and programming practices as students worked to
identify and correct errors.

Student reflections highlight substantial variability in experiences with GenAl use.
Together with self-reported completion time data, these qualitative accounts suggest its
impact on efficiency is highly context- and user-dependent. Overall, student responses
reflected both enthusiasm and frustration toward GenAl integration in lectures and
coding assignments. However, these comments represent a subset of students and may
not capture all perspectives. Despite these limitations, the reflections provide insight into
how students balance perceived learning benefits against the challenges of GenAl use.

Table 2. Selected open-ended student responses collected from assignment surveys and
course evaluations regarding GenAl use.

Positive comments on GenAl-aided learning or discussion

e “It was very interesting learning about ChatGpt and other Al tools and how
they do not have very good computational skills”

e “This was my first time using generative Al and I thought it was really
interesting.”

e “Using chatgpt definitely helps in doing the problems. There are a lot of
hallucinations generated but logically working through is helps me learn the
concepts and understanding the reasoning better.”

e “It's interesting how one chat bot can do a problem correctly while another
can't. I know we've talked about this, but it's just really surprising answers can
be so unique.”

e “T also think the new content about ChatGPT and other generative Al was super
informative and helpful for many contexts that will be applicable to our futures
in BME”

Challenges with GenAl use on coding problems

e “Even though I used Chat GPT, I had to edit the code to make the test case
work.”

e “Tused ChatGPT for question 2, but it did not help for the approximation
function at all, and I wasn't sure how to do it.”

e “The code given from ChatGPT was not correct, had to edit and figure out
myself for the code to work.”

e “ChatGPT gave very comprehensive code, but it wouldn't work so time was
spent debugging the code.”

e “Tinitially attempted to use chatgpt to see what it would do. The code chatgpt
gave had lots of errors, so I decided to code it myself instead of debugging
chatgpt's code.”

e “It was difficult. I generated my own code and then used ChatGPT to debug it.”

e “ChatGPT is really hit or miss for these coding problems”

o “Itried to use ChatGPT but the code didn't end up working no matter how
much I tried to change things. It ended up just wasting time because I had to
code #2 myself.”




Discussion

GenAl tools are now widely used for computer programming in industry, and it is
increasingly likely that students will encounter and use these tools both during their
education and in their future careers [1], [13]. Despite this reality, there is concern among
educators that GenAl may paradoxically increase efficiency while limiting meaningful
learning, particularly if students become over-reliant on Al-generated solutions. As a
result, careful consideration is required regarding where and how GenAl tools are
introduced within engineering curricula. In this study, we assessed three research
questions (RQs) to evaluate whether optional use of GenAl tools for coding assignments
affected conceptual learning and disciplinary interests of students enrolled in an
undergraduate Computational Biomedical Engineering course. Overall, we found that
optional GenAl use did not significantly affect learning gains measured by a pre- and
post-course concept quiz (RQ1), nor did it negatively impact time taken to complete
coding assignments (RQ2). Additionally, GenAl use did not significantly influence
students’ post-course interest in biomedical engineering or confidence in computational
methods (RQ3).

These findings should be interpreted in light of several limitations. First, both GenAl use
and time spent on assignments were self-reported, which minimized course disruption but
introduces the potential for recall bias or inconsistencies in how students estimated effort.
Second, students self-selected whether to use GenAl on coding assignments, raising the
possibility that those who chose to use GenAl differed systematically from non-users in
motivation, prior experience, or confidence with programming. While no significant
differences in learning outcomes were observed between groups, such unmeasured
factors may still influence patterns of GenAl adoption and engagement. Finally, GenAl
tools are rapidly evolving, and differences in model behavior or updates over time may
affect student interactions with these tools, limiting the generalizability of findings
beyond the study context.

Within these constraints, our results align with prior work suggesting that GenAl tools
may be most appropriate in courses where coding supports disciplinary learning rather
than serving as the primary learning objective [14]. In the context of the Computational
Biomedical Engineering course examined here, coding was used to analyze biomedical
systems and data rather than to teach foundational coding skills. In this applied context,
optional GenAl use did not detract from conceptual learning outcomes, indicating that
GenAl can be integrated without undermining course objectives when its role is
appropriately defined.

Student feedback further suggested that access to GenAl did not eliminate active
engagement with the course material. Many students described approaching Al-generated
outputs critically, identifying errors or limitations and validating results through
debugging or independent reasoning. These behaviors reflect key elements of self-
regulated learning [15], including monitoring, evaluation, and adaptive strategy use rather
than passive acceptance of Al-generated solutions. This behavior indicates that students
did not uniformly accept GenAl responses as authoritative. In addition, a subset of



students chose not to use GenAl for coding tasks at all, despite its availability. This
pattern is consistent with prior findings showing a decline in students’ perceived
usefulness of GenAl over time as confidence and experience increase [16]. Furthermore
it aligns with constructs from the Technology Acceptance Model [17], in which perceived
usefulness and task relevance shape voluntary adoption.

When students did use GenAl, it was often described as a supportive learning aid rather
than a replacement for effort. Prior work has shown that students frequently view GenAl
tools as accessible, responsive resources that can provide explanations, suggest
alternative approaches, and encourage experimentation [18]. These features may help
reduce barriers to entry in computational courses, particularly for students with less prior
experience. However, existing evidence also suggests that the benefits of GenAl are not
automatic and depend heavily on how its use is framed and supported within the course
structure. A recent study in a first-year engineering course demonstrated that students
who receive explicit instruction on how to interact with GenAl tools, such as guidance on
prompting strategies and evaluating outputs, outperformed students who used GenAl
without guidance and those who relied on traditional internet searches [19]. This
underscores the importance of instructional scaffolding in GenAl-enabled learning
environments, as simply permitting access to GenAl tools may be insufficient to support
effective learning. A related consideration is that students may have unequal access to
GenAl tools, which could influence learning experiences. Such disparities may occur
within a course or across institutions with different resources, underscoring the
importance of intentional instructional design and potential institutional support to
promote equitable outcomes.

Rather than discouraging GenAl use, instructors can promote productive engagement by
emphasizing practices such as verification, iteration, and reflection. These approaches support
both effective technology use and the development of self-regulated learning skills [15], [17].
Encouraging students to test Al-generated code, question assumptions, and refine outputs aligns
with established engineering problem-solving practices. This approach supports not only
technical learning but also the development of professional judgment and awareness, which are
essential for navigating real-world biomedical engineering careers.
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Appendix A: Concept quiz questions for Computational Biomedical Engineering course.
Correct answers are shown in ifalics.

1. What is the goal of nonlinear regression on a function f(t,p) with parameter p?
To maximize f(t,p)

To minimize f(t,p)

To find a value of p that is a root of the sum of squares error

To find a value of p that maximizes the sum of squares error

To find a value of p that minimizes the sum of squares error

fpo o

2. Which of the following methods is considered a bracketing or closed method?
a. Forward-divided difference method
b. Euler's Method
c. Simpson's 1/3 rule
d. Bisection method

3. In the vicinity of a function’s maximum, which optimization method converges
the fastest?

Golden section

Steepest ascent

Newton's method

Newton-Raphson method

s o

4. Which method can be used to find the maximum of a function when you cannot
take its derivative?

a. Newton-Raphson
b. Newton's method
c. Steepest ascent
d. Golden-section search
e. Secant method
5. What type of error causes unexpected results when you type 1 - 3*%(4/3 - 1) in
Python?
a. Truncation error

b. Roundolff error
c. Approximate error
d. Syntax error

6. Which of the following approximation methods is NOT derived from a Taylor
Series expansion?
a. Newton's method
b. Gaussian Elimination
c. Interpolation
d. Simpson's 1/3 rule



7. Which of the following is the binary version of the smallest non-negative number
that can be represented in an 8-bit floating point number (sign, 3 bits for the
signed exponent, and 4 bits for the mantissa)?

a. 11101000
b. 01111000
c. 01101001
d. 11101001

8. Which of the following methods can be applied to data points, without an explicit
equation (e.g. for f(x) or £’(x))?
a. Adaptive Euler’s method
b. Linear interpolation
c. Finite difference method for PDEs
d. Newton-Raphson method



