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Abstract

Generative artificial intelligence (AI), especially large language models (LLMs) that can
write and debug code, is changing how students approach programming work in engineer-
ing education. Unlike more open-ended conceptual or modeling tasks, programming fits
closely with what these systems do well: generating syntax, fixing errors, building proce-
dural logic, and completing code structures. Hence, programming coursework may be one
of the areas in which AI changes performance patterns in a measurable way. This study
examines whether that shift appears in actual student outcomes. Using a retrospective
pre/post design, it compares results from a pre-AI period (2021–2022) with results from a
post-AI period (2023–2025), when generative AI tools became widely available to students.
The focal assessment is a comprehensive programming project graded with the same rubric
across multiple sections and terms. Performance is evaluated through descriptive statistics,
distributional comparisons, and mastery thresholds (≥80%). The post-AI period shows
a rise in overall scores, along with strong clustering near the top of the scale. Lower-
and middle-range scores become much less common, most students fall in the highest
score band, and overall variability declines. These results suggest that generative AI acts
as a procedural equalizer in programming contexts, referring to the role of generative
AI in reducing performance differences by assisting with rule-based, syntax-driven, and
execution-oriented aspects of tasks, thereby raising baseline outcomes while compressing
variation among students. It appears to raise lower-end performance and make outcomes
more consistent, but it also narrows the spread among stronger students and creates a
ceiling effect. That pattern raises questions about assessment validity, skill differentiation,
and what “mastery” means when AI can handle much of the procedural work. Using
multi-term data from authentic online courses, this study adds empirical evidence to the
growing literature on AI in engineering education and identifies programming coursework
as a setting where generative AI may have already changed performance dynamics in a
structural way.

Keywords: generative artificial intelligence; engineering education; large language models
(LLMs); AI-assisted learning; online engineering course
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1. Introduction
Generative AI, especially code-capable LLMs, has quickly become part of many

students’ everyday workflow. In programming, MATLAB (R2026a) analysis, and other
computer-based engineering tasks, these tools can produce syntactically correct code, fix
errors, suggest algorithms, and format outputs in seconds. Unlike earlier educational tech-
nologies that were introduced through planned course integration, generative AI has often
been adopted informally by students with little instructor direction. That shift makes it
important to ask how AI availability is affecting measurable performance in programming
and computational engineering coursework (Kasneci et al., 2023 [1]; Tlili et al., 2023 [2];
Lee et al., 2024 [3]; Baek et al., 2024 [4]; Wang et al., 2024 [5]).

Programming and other computer-based assignments fit the strengths of genera-
tive AI particularly well. Tasks such as writing code, fixing syntax errors, building
loops and functions, generating plots, and visualizing data rely on procedural rules
that these models handle well. As a result, programming and MATLAB projects may
be settings where AI does more than support learning; it may change the way per-
formance is produced and distributed. In un-proctored online courses, where stu-
dents work independently, these tools are especially easy to use and potentially influ-
ential (Finnie-Ansley et al., 2022 [6]; Nguyen & Nadi, 2022 [7]; Yetistiren et al., 2022 [8];
Prather et al., 2024 [9]; Kuhail et al., 2024 [10]; Mo et al., 2025 [11]).

Understanding that influence matters for instructional decisions. Programming
projects and MATLAB-based modeling assignments are often used to assess applied rea-
soning, algorithmic thinking, and computational competence in engineering curricula. If
generative AI raises baseline performance, compresses score distributions, or makes it
harder to distinguish among higher-performing students, then common interpretations
of mastery may need to be revisited. Without empirical evidence, instructors risk either
underestimating AI’s procedural impact or responding in ways that do not match what
is actually happening in student work (Cotton et al., 2024 [12]; Chen et al., 2024 [13];
Karkoulian et al., 2025 [14]; Ortiz-Bonnin & Blahopoulou, 2025 [15]).

1.1. Literature Review

Early studies show that student use of generative AI is widespread, fast-moving, and
often self-directed rather than instructor-assigned. Students’ decisions to rely on these
tools appear to be shaped by perceived usefulness, technical confidence, institutional
rules, and the risk of academic penalties, which helps explain the wide variation in AI-
supported study practices (Baek et al., 2024 [4]; Strzelecki, 2024 [16]; Oc et al., 2025 [17];
Fajt & Schiller, 2025 [18]). At the same time, broader reviews of higher education re-
search note that much of the literature still focuses on perceptions, motivations, and
reported use cases, even as the empirical base continues to grow (Batista et al., 2024 [19];
Bhullar et al., 2024 [20]; Ogunleye et al., 2024 [21]; Zhang et al., 2024 [22]).

In engineering and computing education, programming has become one of the clearest
sites of AI adoption. Generative AI is well suited to procedural and syntax-heavy work such
as code generation, debugging, loop construction, function writing, and structured algorith-
mic output. Classroom studies increasingly describe changes in how students work with
ChatGPT and related tools, including shifts in debugging habits, reflection, and perceived
efficiency (Ghosh, 2024 [23]; Yilmaz & Karaoglan Yilmaz, 2023 [24]; Sun et al., 2024 [25];
Groothuijsen et al., 2024 [26]; Garcia, 2025 [27]; Güner & Er, 2025 [28]; Suh et al., 2025 [29];
Lee et al., 2025 [30]). Still, much of this work emphasizes usage patterns and perceptions
rather than multi-term comparisons based on the same assessment.

Scoping and systematic reviews increasingly describe generative AI as a structural
change in how students produce written and computational work, not simply another
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add-on tool (Weng et al., 2024 [31]; Belkina et al., 2025 [32]; Manorat et al., 2025 [33]). In
programming, AI systems can often generate executable code with high syntactic accu-
racy, which may raise baseline performance and reduce procedural mistakes. Because
of that fit between tool capability and task structure, performance effects may be eas-
ier to detect in computational coursework than in assignments that depend more heav-
ily on open-ended conceptual reasoning or physical modeling (Park & Kim, 2025 [34];
Lepp & Kaimre, 2025 [35]).

Research outside programming points in a similar direction. Reviews show that
AI can help with ideation, revision, and explanation, which may improve the final qual-
ity of submitted work. At the same time, scholars warn that better products do not
necessarily reflect deeper understanding when AI substitutes for key reasoning steps
(Lo et al., 2024 [36]; Deng et al., 2025 [37]). The effect of AI on performance is therefore
likely to vary with task design, especially with the balance between procedural correctness
and conceptual interpretation.

Recent engineering education research also emphasizes that emerging technologies
are reshaping not only assessment practices, but broader expectations around student
engagement, interdisciplinary competency development, and authentic learning environ-
ments. Studies on virtual environments and immersive instructional approaches report that
technology-enhanced learning experiences can increase engagement and participation in
online engineering education, particularly when activities involve applied problem solving
and interactive computational tasks (Barari & Sanders, 2024 [38]; Barari & Sanders, 2025 [39];
Ward et al., 2025 [40]; Siebold & Barari, 2026 [41]). Related work on T-shaped competency
development and curriculum alignment further argues that modern engineering curricula
increasingly require students to integrate disciplinary depth with computational fluency,
systems thinking, and adaptive technical skills across domains (Barari et al., 2026a [42];
Barari & Siebold, 2026 [43]; Janke et al., 2025 [44]). Within this context, generative AI may
represent not only a new instructional tool, but also a structural shift in how computational
competencies are practiced, demonstrated, and evaluated in engineering coursework.

Another important strand of the literature focuses on assessment validity and aca-
demic integrity in AI-enabled settings. Institutional guidance and policy analyses warn
against relying too heavily on AI-detection tools and instead stress alignment between AI
use, learning goals, and disciplinary norms (Cotton et al., 2024 [12]; Wang et al., 2024 [5];
Jin et al., 2025 [45]). Empirical studies also show that AI-enabled misconduct is diffi-
cult to detect and is often hard to separate from legitimate AI-supported assistance, es-
pecially in coding and writing tasks (Chen et al., 2024 [13]; Fajt & Schiller, 2025 [18];
Karkoulian et al., 2025 [14]; Ortiz-Bonnin & Blahopoulou, 2025 [15]). Together, these find-
ings point toward assessment redesign rather than purely enforcement-based responses.

Parallel developments in artificial intelligence research further reinforce the relevance
of adaptive computational support systems in engineering education. Prior work in
continual learning, representation learning, and incremental concept formation demon-
strates that modern AI systems are increasingly capable of retaining procedural knowledge,
adapting to new problem contexts, and generating increasingly robust outputs across
iterative tasks (Barari & Barari, 2025 [46]; Barari & Kim, 2021 [47]; Barari et al., 2024 [48];
Barari et al., 2025 [49]). Related multi-course evaluations of large language models in engi-
neering education show that AI performance varies substantially across cognitive levels
and task structures, with particularly strong performance on procedural and execution-
oriented tasks (Barari et al., 2026b [50]). These findings align with the present study’s focus
on programming and computational assignments, where generative AI capabilities may
interact especially strongly with procedural dimensions of engineering work.
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Taken together, the literature suggests that generative AI does not affect all task
types in the same way. Programming and computational assignments, because they are
rule-based and procedural, may be especially vulnerable to AI-mediated performance
shifts. Yet there is still limited multi-term evidence showing whether AI availability is
associated with higher baselines, lower score variability, or ceiling effects in authentic pro-
gramming assessments (Groothuijsen et al., 2024 [26]; Sun et al., 2024 [25]; Garcia, 2025 [27];
Manorat et al., 2025 [33]).

1.2. Gaps in the Existing Literature

Despite the rapid growth of research on generative AI in higher education, several
gaps remain, especially for programming and computational engineering coursework
(Batista et al., 2024 [19]; Bhullar et al., 2024 [20]; Weng et al., 2024 [31]; Zhang et al., 2024 [22]).

First, much of the empirical work looks at a single term, a single cohort, or a classroom
intervention. Those studies are useful for understanding short-term use patterns and stu-
dent perceptions, but fewer studies compare multiple years of performance using the same
assessment artifact. Now that generative AI has moved from novelty to routine availability,
longer-term evidence is needed to see whether authentic programming and computa-
tional outcomes have shifted over time (Sun et al., 2024 [25]; Groothuijsen et al., 2024 [26];
Güner & Er, 2025 [28]; Suh et al., 2025 [29]).

Second, even when programming courses are discussed directly, many studies still
emphasize workflow descriptions, student attitudes, or small pilots rather than sys-
tematic analysis of score distributions and mastery rates across repeated offerings of
the same assignment. In domains where AI fits the task closely, such as code gener-
ation, debugging, and syntax-driven computation, the effect may show up not just as
higher averages but as compressed score distributions and reduced separation among
high-performing students. Evidence for that pattern is still limited (Ghosh, 2024 [23];
Yilmaz & Karaoglan Yilmaz, 2023 [24]; Park & Kim, 2025 [34]; Lepp & Kaimre, 2025 [35]).

Third, the literature often talks about AI’s impact in broad pedagogical terms without
clearly separating procedural execution tasks from conceptually demanding computational
modeling tasks. Programming projects and MATLAB-based engineering assignments
both involve code, but they do not place the same weight on conceptual reasoning, mod-
eling choices, and interpretation. Distinguishing between these task types is important
for understanding performance changes and for redesigning assessments responsibly
(Lo et al., 2024 [36]; Deng et al., 2025 [37]; Kuhail et al., 2024 [10]).

These gaps point to the need for multi-term analyses of programming and computer-
based engineering coursework using stable assessment artifacts in the post-AI period.
Without that evidence, educators have limited basis for deciding whether higher scores
reflect deeper learning, procedural assistance, or a more fundamental change in how
students complete computational work (Jin et al., 2025 [45]; Wang et al., 2024 [5]).

To address this need, the present study examines student performance in two fully
online undergraduate engineering courses: a programming final project in ENGR 115 and a
MATLAB-based project in a fluid mechanics course in which students visualize streamlines
for a prescribed velocity field. Both assignments are computer intensive, un-proctored,
and graded with consistent rubrics across multiple sections and terms. By comparing a
pre-AI period (2021–2022) with a post-AI period (2023–2025), the study asks whether the
broad availability of generative AI corresponds to measurable changes in computational
task outcomes.

Rather than assuming that AI use is either good or bad, this study focuses on what can
be observed in real course data. If the results show higher baselines, reduced variability,
or clear ceiling effects, then programming and MATLAB-based assignments may need to
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be redesigned for AI-enabled settings. Possible responses include placing more emphasis
on conceptual interpretation, asking students to explain code logic, adding validation
steps, and using reflective components that separate procedural execution from underlying
understanding (Chen et al., 2024 [13]; Cotton et al., 2024 [12]; Wang et al., 2024 [5]).

By focusing on programming and computational engineering tasks, which align closely
with current AI capabilities, this study contributes empirical evidence to ongoing discus-
sions in engineering education. The goal is to inform assignment design that preserves
learning objectives while acknowledging how AI-assisted workflows are reshaping student
performance (Kasneci et al., 2023 [1]; Belkina et al., 2025 [32]).

2. Methodology
This study uses a retrospective, quasi-experimental design to compare student perfor-

mance in computational engineering coursework before and after generative AI became
widely available. Course sections from the pre-AI period (2021–2022) are compared with
sections from the post-AI period (2023–2025). No major instructional changes, AI-specific
policies, or required tool use were introduced during this time. The analysis therefore
captures naturally occurring performance patterns in authentic online courses as AI tools
became readily accessible to students.

The post-2023 period is used as a temporal proxy for the widespread availability of
generative AI tools rather than a direct measure of AI use. While no major instructional
or curricular changes were introduced during this time, other factors, such as cohort
variation, student preparedness, or broader shifts in the learning environment, may also
have influenced the observed outcomes. The comparison should therefore be interpreted
as reflecting changes over time under evolving conditions rather than the isolated effect of
a single variable.

Because this study is based on a retrospective comparison of course performance
across time, it does not establish causal relationships. The analysis captures naturally
occurring changes in student outcomes as generative AI tools became widely accessible,
but other factors, such as cohort characteristics, prior preparation, instructor variation,
and grading practices, may also contribute to the observed patterns. The findings should
therefore be interpreted as associations rather than direct effects of AI use.

The dataset includes two fully online undergraduate engineering courses:

• Programming Course, culminating in a comprehensive programming project.
• Fluid Mechanics, including a MATLAB-based project requiring visualization of stream-

lines for a prescribed velocity field.

Both courses are offered in multiple sections throughout the academic year, typically
8–10 sections per course each year. That structure introduces variation across terms and
instructors while maintaining a stable course design. The courses were selected because the
assignment prompts, grading rubrics, and learning objectives remained consistent across
the years analyzed.

One major un-proctored computational assignment from each course was selected as
the focal artifact. In the programming course, this was a comprehensive project in which
students design, implement, and test a functional software solution that meets specified
technical requirements. The project evaluates code structure, logical control flow, functional
decomposition, input and output handling, and documentation. Submissions are graded
with a standardized rubric used consistently across sections and terms.

In the fluid mechanics course, the focal assignment requires students to write a MAT-
LAB script that visualizes streamlines for a prescribed velocity field. Students must im-
plement the governing equations, generate appropriate plots, apply the correct boundary
conditions, and format the graphical output according to the assignment criteria. The task
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combines computational execution with engineering interpretation, and the grading rubric
remained consistent across the analyzed terms.

Exams, quizzes, and any proctored or time-restricted assessments were excluded from
analysis to isolate computer-based assignments completed independently by students.

Student performance data were extracted from the institutional learning manage-
ment system in de-identified form. For each focal assignment, two outcome measures
were analyzed:

• Percentage score (continuous variable);
• Mastery indicator, defined as achieving a score of 80% or higher.

Pre-AI and post-AI sections were compared to evaluate changes in overall performance
levels, score distributions, and mastery attainment.

Performance was also broken down by available demographic characteristics, includ-
ing age group and gender. These breakdowns support an exploratory look at whether
performance shifts differ across student groups.

The dataset is drawn from two courses within a single institution and reflects a
fully online, un-proctored instructional environment. These conditions may increase the
accessibility and potential influence of generative AI tools compared to more controlled or
in-person settings. As such, the findings should be interpreted within this specific context
rather than as broadly generalizable across all engineering education environments.

Because this is an exploratory study, the analysis emphasizes descriptive comparisons
rather than formal modeling of causal relationships. Mean and median scores, standard
deviations, mastery rates, and score distributions were calculated for the pre-AI and
post-AI cohorts, and graphical comparisons were used to examine changes in central
tendency and variability. While these methods provide clear and interpretable insights into
distributional shifts, more advanced statistical approaches, such as effect size estimation,
confidence intervals, and mixed-effects models that account for clustering across sections
and terms, were not applied in the current analysis and represent an important direction
for future work.

The aim is to determine whether the emergence of generative AI corresponds to
measurable changes in baseline performance, score compression, or ceiling effects in
computational engineering assignments.

This study does not include direct measures of student use of generative AI tools. As a
result, it is not possible to determine whether individual students used AI, how frequently
they used it, or how it influenced their specific submissions. The analysis instead focuses
on performance patterns observed across time as AI tools became widely accessible, and
any interpretation related to AI use should be understood as indirect and inferential rather
than directly measured.

3. Data Analysis and Results
To examine how performance changed after the emergence of generative AI, multiple

complementary analyses were conducted using assignment-level data from the program-
ming and fluid mechanics courses. The comparison between pre-AI and post-AI cohorts
focuses on central tendency, score distributions, mastery rates, and subgroup patterns.
Because these assignments are completed independently in an un-proctored online envi-
ronment, they offer a useful view of how performance may have shifted as AI became
widely available.

Results were also disaggregated by demographic characteristics to see whether the
observed changes were widespread or concentrated in particular groups. Age and gender
were used as the primary subgroup categories.
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3.1. Programming Project

Figure 1 shows the percentage of students in four score bands (20–40, 40–60, 60–80,
and 80–100) for ENGR 115 Assignment 5.3 in the pre-AI and post-AI periods. The shift
toward the highest band after AI became widely available is clear.

Figure 1. Percentage distribution of students across four score ranges (20–40, 40–60, 60–80, and
80–100) for Programming course project.

Before AI became widespread, scores were distributed across all four ranges, with
substantial representation in the 40–60 and 60–80 bands. About 70% of students scored in
the 80–100 range. In the post-AI cohort, more than 90% of students fell in the top band, and
the lower and middle bands shrank sharply. Scores in the 20–40 and 40–60 ranges were
almost absent.

A chi-square test of independence showed that this redistribution was statistically
significant (χ2 = 37.85, p < 0.001). In other words, the movement of scores toward the
upper range is unlikely to be due to random variation alone. The pattern points to a higher
performance floor and a much larger share of students reaching strong outcomes on this
programming assignment.

Figure 2 compares score distributions for the same assignment using boxplots. The
post-AI cohort has a higher median, a narrower interquartile range, and a shorter lower
tail. At the upper end, scores are packed more tightly near the maximum, which creates a
visible ceiling effect.

This clustering near the upper bound suggests a reduction in score dispersion and
a potential loss of resolution in the upper range of the grading scale. While not formally
quantified in this study, the visual compression indicates that distinctions among higher-
performing students may be less detectable under these conditions.

Read together, Figures 1 and 2 suggest that post-AI performance is not only higher
but also more compressed. High achievement is common in both periods, but the post-AI
cohort shows less spread and less separation among the strongest students. That pattern is
consistent with the idea that generative AI supports the procedural parts of programming
work and makes performance more uniform.

Figure 3 shows average programming project scores by age group for the pre-AI and
post-AI cohorts. Scores rose noticeably for Gen X, Millennial, and Gen Z students alike,
which suggests that the improvement was not confined to a single age group.
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Figure 2. boxplot comparison of calculation scores for Programming course project.

Figure 3. Average Programming Project score by age group (Gen X, Millennials, and Gen Z) for the
pre-AI and post-AI cohorts.

In the pre-AI period, Gen X and Millennial students posted similar averages in the
mid-80s, while Gen Z students scored slightly lower on average. In the post-AI period,
all three groups moved into the mid-90s. The increase appears largest for Gen Z students,
which narrows the gap seen before AI became widely available.

Overall, the age-based results suggest a broad rise in performance across groups,
although these patterns are descriptive and not tested for statistical significance.
Differences between the age groups become smaller in the post-AI period for this
programming assignment.

Figure 4 reports average programming project scores by gender for the pre-AI and
post-AI cohorts. The same upward pattern appears here: both male and female students
score substantially higher in the post-AI period.

Before AI became widespread, average scores for male and female students were very
similar, both in the low- to mid-80s. In the post-AI cohort, averages for both groups move
into the mid-90s. The size of the increase is comparable, and the relative parity between
male and female students remains intact.
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Figure 4. Average Programming Project score by gender for the pre-AI and post-AI cohorts.

This suggests that the performance gains are not concentrated within one gender. Ac-
cess to generative AI appears to support the procedural demands of the programming task
in a way that benefits different student groups similarly, without creating new disparities
in average performance.

The gender results therefore echo the age results in a descriptive sense, with perfor-
mance increasing across groups, although no inferential testing was conducted to determine
the statistical significance of these patterns.

Figure 5 shows mastery rates, defined here as scores of 80% or higher, by gender
before and after generative AI became widely available. Mastery increased sharply for
both groups. For male students, it rose from about 72% to 96%; for female students, it rose
from about 70% to 94%. The gains are large and nearly parallel, which points to a broad
improvement rather than an advantage for one group.

Figure 5. Mastery Rate (≥80%) by Gender for the Programming project comparing pre-AI and
post-AI cohorts.
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3.2. MATLAB Project

Figure 6 shows score distributions for the ESCI 206 MATLAB project before and after
generative AI became widely available. The post-AI cohort contains a larger share of
students in the 80–100 range, while mid-range scores become less common and the lowest
bands nearly disappear. A chi-square test confirms that the shift is statistically significant
(χ2 = 17.53, p < 0.001). At the same time, some variation remains below the top band, so
this modeling task does not move to the ceiling as completely as the programming project.

Figure 6. Percentage distribution of students across score ranges for MATLAB project for pre-AI and
post AI.

Figure 7 compares MATLAB project scores with boxplots for the pre-AI and post-AI
cohorts. Both groups perform well overall, with medians in the upper part of the grading
scale, but the distributions are not identical.

Figure 7. Boxplot Comparison of MATLAB Project Calculation Scores. The yellow lines indicate the
median for each cohort, and the circles represent outlier data points.

The pre-AI cohort has a median near the upper 90s and a fairly wide interquartile
range that extends downward into the mid-70s. The lower whisker reaches roughly 50,

https://doi.org/10.3390/app16104884

https://doi.org/10.3390/app16104884


Appl. Sci. 2026, 16, 4884 11 of 19

which shows that some students scored well below the main cluster even though extreme
low outliers were limited.

The post-AI cohort has a slightly lower median but a tighter interquartile range
concentrated between the upper 80s and near-perfect scores. Several low outliers remain
visible, including scores in the 50–70 range, which suggests that although most students
performed well, a small subgroup still struggled.

Both cohorts cluster near the maximum score, so some ceiling effect is present in both
periods. Unlike the programming assignment, however, the MATLAB project does not
show a simple upward shift with uniformly compressed results. The post-AI cohort still
includes noticeable variability and several low outliers.

This pattern suggests that AI may help many students on the MATLAB project, but it
does not erase differences in performance. Assignments that require conceptual modeling,
physical interpretation, and correct application of engineering principles appear to remain
more sensitive to underlying understanding, even when AI support is available.

Figure 8 shows average MATLAB project scores by age group for the pre-AI and
post-AI cohorts. All three groups improved after AI became widely available. Gen X and
Millennial students show the largest gains and the highest post-AI averages, while Gen Z
students also improve but remain slightly lower on average. The gains are broad, but some
age-group differences remain.

Figure 8. Average calculation score for MATLAB project by age group for the pre-AI and
post-AI cohorts.

Figure 9 presents average MATLAB project scores by gender for the pre-AI and post-AI
cohorts. Both male and female students score higher in the post-AI period. Male students
show a clearer increase, moving from the high 80s into the low 90s, while female students
remain strong in both periods with a smaller post-AI gain. Overall, the pattern suggests
broad improvement without a meaningful change in the gender gap.

Figure 10 shows mastery rates of 80% or higher on the MATLAB project by gender.
Mastery rises for both male and female students after AI becomes widely available. The
larger increase appears among male students, rising from roughly seven in ten to about
nine in ten, while female students also improve slightly from an already high starting point.
The gains are broad, but they are less dramatic than in the programming project.
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Figure 9. The average calculation score for MATLAB project by gender for the pre-AI and
post-AI cohorts.

Figure 10. Mastery Rate (≥80%) by Gender for the MATLAB project comparing pre-AI and
post-AI cohorts.

4. Discussion
The results show that generative AI is associated with measurable changes in un-

proctored computational coursework in fully online engineering classes. At the same time,
the size and shape of those changes depend strongly on the kind of task being assessed.

Importantly, this study does not directly observe or measure student use of generative
AI. The interpretation that AI contributes to these patterns is based on the timing of
widespread tool availability and the close alignment between AI capabilities and the
procedural demands of the assignments. While this provides a plausible explanation, it
should be understood as a proposed mechanism rather than a confirmed causal factor.

4.1. Differential Impact Across Computational Tasks

The programming checkpoint in ENGR 115 shows the clearest shift. In the post-AI
period, average scores and mastery rates rise substantially, more students fall into the
highest score band, and score variability drops. Lower- and mid-range scores become much
less common, producing a clear ceiling effect. This is consistent with the close fit between
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generative AI and procedural programming work such as syntax generation, debugging,
and structured algorithmic output.

The MATLAB modeling project in ESCI 206 changes as well, but less dramatically.
Post-AI cohorts score somewhat higher and more students reach the upper range, yet
variability persists and low outliers remain. In other words, AI seems to help, but it does
not lift this assignment in the same uniform way seen in the programming project.

That contrast matters. The MATLAB task still requires students to understand govern-
ing equations, translate physical ideas into code, and interpret the resulting plots. While
this suggests that conceptual understanding continues to play a role in performance, this
study does not directly measure students’ reasoning processes or conceptual knowledge.
The interpretation is therefore based on the structure of the task and observed performance
patterns rather than direct empirical validation.

In addition, differences in assignment structure and grading criteria may contribute to
these patterns. The programming project places greater emphasis on discrete correctness
and successful execution, which may facilitate higher clustering of scores once procedural
barriers are reduced. In contrast, the MATLAB task involves more open-ended modeling
decisions and interpretation, which may preserve variability in performance. As such, the
observed differences likely reflect a combination of task demands and assessment structure
rather than a single underlying factor. Table 1 shows a comparative summary of observed
student performance characteristics on programming and MATLAB-based computational
assignments before (pre-AI) and after (post-AI) the widespread availability of generative
AI tools in fully online engineering courses.

Table 1. Comparison of student performance characteristics in computational assignments before
and after AI emergence.

Perspective Pre-AI Post-AI

Overall consistency Variable outcomes across
students and assignments

Markedly higher consistency in
programming tasks; moderate

improvement in modeling tasks

Baseline competency Mixed performance with
substantial mid-range scores

Elevated baseline performance
across cohorts; sharp decline in

low scores

Peak performance High scores achieved by a
subset of students

Majority of students achieving
high scores in programming;

strong but less uniform gains in
MATLAB

Score spread Broad distribution across
score ranges

Compressed distribution in
programming; narrower but still

dispersed distribution
in MATLAB

4.2. Implications for Assessment Validity

These results complicate the way traditional performance metrics are interpreted in
AI-enabled courses. In programming contexts, higher scores may reflect faster execution
and fewer procedural mistakes as much as deeper understanding. When score distributions
compress near the top, the assignment becomes less useful for distinguishing levels of
proficiency (Cotton et al., 2024 [12]; Jin et al., 2025 [45]).

The MATLAB results point to a different pattern. Because variability persists, as-
sessments that require conceptual reasoning and modeling decisions may retain more
discriminative power. That does not mean AI is unimportant in these settings; rather, its
effect seems to depend on the nature of the task.
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Although the ceiling effect is clearly visible in the distributional patterns, this study
does not formally quantify changes in variance, skewness, or rubric-level discrimination.
As a result, the implications for assessment validity are inferred from consistent visual and
descriptive patterns rather than derived from formal statistical measures. Future work
could strengthen this line of inquiry by applying distributional metrics and rubric-level
analyses to better capture how AI-related performance compression affects the ability of
assessments to differentiate levels of student understanding.

These findings also raise important questions about academic integrity and the role of
AI in student work. Because this study does not track how students used generative AI
or whether such use aligned with course policies, it is not possible to determine whether
higher performance reflects increased understanding, effective tool-supported problem
solving, or partial outsourcing of procedural tasks. This ambiguity highlights a broader
challenge in AI-enabled learning environments: distinguishing between learning gains and
shifts in how work is produced. Rather than focusing solely on detection, these results
point toward the need for clearer alignment between instructional goals, assessment design,
and acceptable AI use.

4.3. Mastery Rate Comparison

Mastery rates provide another way to see the difference between the two assignments.
On the programming checkpoint, the share of students scoring 80% or higher jumps for
both male and female students, rising from about seven in ten to well above nine in
ten. On the MATLAB project, mastery also increases, but from an already high starting
point and by a much smaller amount. This reinforces the task-dependent pattern seen
throughout the results. In programming work, generative AI appears capable of moving a
large share of students past a conventional competency threshold, which may reduce the
assignment’s ability to distinguish between levels of understanding. In modeling tasks,
mastery improves, but conceptual demands still appear to limit how far AI support can
substitute for domain knowledge. That distinction matters when instructors use mastery
thresholds to judge learning in AI-enabled settings.

It is also important to note that the 80% threshold is used here as a consistent bench-
mark for comparison across cohorts rather than as a fixed indicator of cognitive mastery.
In AI-enabled contexts, where procedural aspects of tasks may be supported by external
tools, achieving this threshold may not reflect the same level of independent understanding
as in earlier periods. This suggests that conventional mastery definitions may need to be
reconsidered as AI becomes more integrated into student workflows.

4.4. Guidance for Assignment Design

The results suggest that assignment design in AI-enabled engineering courses should
be matched carefully to the type of learning being assessed. The key issue is whether the
task mainly rewards procedural execution, conceptual understanding, or some combination
of both.

For programming assignments, instructors may need to shift some emphasis away
from final output alone. Useful options include asking students to explain their code
logic, justify algorithmic choices, describe testing strategies, and reflect on implementation
decisions. Those additions can help keep the assessment aligned with the intended learning
goals (Groothuijsen et al., 2024 [26]; Lee et al., 2025 [30]; Shah et al., 2025 [51]).

For computational modeling projects such as the MATLAB assignment, current struc-
tures may already capture a wider set of competencies, including interpretation and con-
ceptual reasoning. Even so, instructors may want to add checkpoints that probe under-
standing of physical principles, assumptions, and model validity so that AI-assisted code
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generation does not stand in for subject-matter comprehension (Deng et al., 2025 [37];
Kuhail et al., 2024 [10]).

In addition, instructors may need to make expectations around AI use more explicit,
including what forms of assistance are permitted and how students should document or
reflect on their use of such tools. Aligning assessment practices with transparent AI policies
can help ensure that performance outcomes more accurately reflect intended learning goals.

In AI-enabled settings, rubrics may also need to expand beyond correctness and
functional output to better differentiate levels of understanding. Additional criteria could
include the quality of reasoning and explanation, justification of algorithmic or model-
ing choices, evaluation of solution limitations, and the ability to interpret and validate
results. These elements can help distinguish between surface-level completion and deeper
engagement with the problem.

For courses such as ENGR 115, this does not imply removing programming tasks,
but rather rebalancing them. Future designs may combine code generation with ac-
tivities such as code auditing, debugging AI-generated solutions, explaining under-
lying logic, and validating outputs against expected behavior. This approach allows
students to engage with modern AI-assisted workflows while still demonstrating core
computational understanding.

4.5. Broader Educational Significance

The contrast between the two projects shows why task-specific evidence matters when
judging AI’s role in engineering education. Rather than treating generative AI as uniformly
helpful or uniformly harmful, educators and researchers need to examine how its capabili-
ties interact with the cognitive demands of particular assignments (Batista et al., 2024 [19];
Belkina et al., 2025 [32]; Manorat et al., 2025 [33]).

These findings also point to the need for continued adjustment in instructional practice.
As AI tools improve, assignments that once measured student learning effectively may need
to be redesigned to remain valid and rigorous. Knowing where AI changes performance
substantially, and where it leaves important variation intact, can help educators build
assessments that use AI productively without abandoning core engineering competencies
(Weng et al., 2024 [31]; Jin et al., 2025 [45]).

The demographic analyses in this study are descriptive and do not include inferential
statistical testing of subgroup differences or interaction effects. As a result, conclusions
about the uniformity of performance changes across age and gender groups should be
interpreted cautiously. Future research could apply regression models with interaction
terms or hierarchical approaches to more rigorously examine how AI-related performance
shifts may vary across student populations.

Another limitation of this study is the use of primarily descriptive statistical methods.
Although the observed shifts in score distributions and mastery rates are consistent and
statistically supported through chi-square tests, the analysis does not quantify effect sizes
or account for potential clustering across course sections and terms. Future research could
strengthen these findings by incorporating effect size measures, confidence intervals, and
hierarchical or mixed-effects models to better capture variation across instructional contexts
and improve the robustness of the results.

Further research is needed to directly examine the role of conceptual understanding in
AI-supported computational tasks. Incorporating measures such as written explanations,
reasoning-based prompts, or concept inventories would allow future studies to test whether
performance differences across task types are driven by underlying understanding or by
differences in how AI supports procedural versus conceptual work.
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5. Conclusions
This study examined performance on un-proctored computational assignments in

fully online engineering courses before and after generative AI became widely available. By
comparing multiple years of data from stable assessment artifacts, it offers early empirical
evidence of how AI is associated with changes in observed performance under authentic
course conditions.

Performance on the programming checkpoint improved substantially: average scores
rose, mastery rates increased, variability fell, and scores concentrated near the top of the
scale. The MATLAB modeling project also improved, but with a smaller shift and more
persistent dispersion. Together, these results show that the impact of generative AI is
strongly task-dependent. Assignments that align closely with AI’s procedural strengths,
such as code generation, debugging, and structured algorithmic work, appear especially
susceptible to broad performance elevation. Assignments that require conceptual modeling,
interpretation, and domain knowledge remain less fully automated.

The mastery results underscore the same point. In programming, AI availability is
associated with a much larger share of students moving above a conventional competency
threshold, which may weaken the assignment’s ability to separate different levels of under-
standing. In modeling tasks, mastery also improves, but the gains are smaller, suggesting
that conceptual demands still constrain performance even when AI support is available.

These findings matter for instructional design in online engineering education. In-
stead of treating AI only as an academic integrity problem or only as a learning aid,
instructors may need to reconsider how assignments are structured, how they are graded,
and what kind of evidence they use to infer learning. Programming assignments may
need more emphasis on reasoning, problem formulation, and explanation of implemen-
tation choices, while modeling assignments may benefit from even clearer attention to
conceptual understanding.

In this context, fundamental engineering competency may need to be reinterpreted
to include not only the ability to produce correct solutions, but also the ability to critically
evaluate, validate, and refine computational outputs, including those generated with AI
assistance. This shift emphasizes judgment, interpretation, and conceptual understanding
as central components of engineering practice in AI-enabled environments.

This study offers a starting point for evidence-based adaptation in AI-enabled engi-
neering education. As generative AI continues to evolve, further research should examine
whether higher performance translates into durable learning, how students incorporate AI
into problem-solving, and how assessment can remain valid while still making productive
use of AI. Knowing where AI changes outcomes and where it does not will be essential for
designing courses that use new tools without losing core engineering competencies.
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