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Al-Assisted Machine Learning Result Interpretation: Effects on Student
Learning and Confidence in an Undergraduate ML Course

Abstract

The rapid proliferation of generative Al tools in education presents both opportunities and
challenges for engineering educators, particularly in machine learning (ML) courses where
students develop complex result interpretation skills. This study examines how Al assistance
affects undergraduate students' ability to interpret machine learning results through a semester-
long empirical investigation in an authentic classroom context. Using a repeated-measures pre-
post design, we collected data from 19 students across five sequential ML assignments,
measuring confidence, multidimensional understanding (technical accuracy, metrics
interpretation, real-world applications, model limitations, causal reasoning), and self-reported
learning versus dependency through paired questionnaires administered before and after Al
usage. Results demonstrate that Al assistance produced moderate but meaningful improvements
in student confidence (9.4% average increase, Cohen's d=0.47), though individual experiences
varied substantially: 41% improved, 48% showed no change, and 11% declined. Al effectiveness
varied dramatically by concept complexity, with Support Vector Machines and Neural Networks
showing statistically significant improvements (p=0.012, Cohen's d=0.816) while basic concepts
showed minimal effects. Analysis across understanding dimensions revealed Al particularly
supports higher-order interpretive skills, especially causal reasoning (+15.6%) and metrics
interpretation (+15.3%), while showing limited impact on domain-specific contextualization.
Students' baseline confidence increased naturally across the semester, providing evidence against
harmful dependency. These findings suggest evidence-based practices for Al integration:
structured phasing requiring independent work before Al assistance, explicit instruction in
critical Al evaluation, strategic deployment for mid-to-high complexity concepts, and monitoring
individual responses. As Al becomes ubiquitous in engineering education, our research
demonstrates the importance of nuanced, empirically-grounded integration strategies.

1. Introduction

The rapid proliferation of generative artificial intelligence tools has created both unprecedented
opportunities and significant challenges for engineering education. Large language models
(LLMs) such as ChatGPT, Claude, and Gemini have become readily accessible to students,
offering instant assistance with understanding complex technical concepts, debugging code, and
interpreting analytical results [1]. In machine learning (ML) education specifically, where
students must develop not only technical implementation skills but also the ability to interpret,
explain, and critique model outputs, these Al tools present a particularly compelling use case and
a particularly vexing pedagogical dilemma [2].

The challenge facing educators is multifaceted. On one hand, Al tools offer potential scaffolding
for developing interpretive competencies that are often difficult to teach and assess. Students can
receive immediate explanations of unfamiliar metrics, explore connections between technical
results and real-world implications, and identify potential limitations in their analyses; all
capabilities that mirror the kind of expert guidance traditionally provided through office hours



and individual mentoring [3]. On the other hand, unrestricted Al access raises legitimate
concerns about superficial learning, over-dependence on automated assistance, and the potential
for students to bypass the productive struggle that leads to genuine understanding [4].

Unlike many technical skills in computer science education, ML result interpretation requires
integrating multiple forms of knowledge: statistical reasoning about model performance metrics,
domain understanding to contextualize predictions, awareness of methodological limitations and
potential biases, and communication skills to explain technical findings to diverse audiences [5].
This complexity makes ML interpretation an ideal context for examining Al assistance effects, as
the task demands more than simple recall or procedural knowledge; it requires the kind of
higher-order thinking that educators most want to cultivate [6].

Current institutional responses to generative Al in education range from outright prohibition to
unrestricted acceptance, with most institutions occupying an uncertain middle ground
characterized by vague guidance and inconsistent enforcement [7]. These policy decisions are
being made largely in the absence of empirical evidence about how Al tools affect student
learning in specific disciplinary contexts [8]. While research has begun examining Al's impact
on writing instruction [9] and introductory programming [10], the effects on technical result
interpretation, a critical skill across STEM disciplines, remain largely unexplored.

This paper addresses this gap through an empirical study examining how undergraduate students
in a ML course used Al assistance for result interpretation across five sequential assignments
spanning an entire semester. Using paired pre-post self-reflection questionnaires administered for
each assignment, we measured changes in student confidence, understanding across multiple
dimensions, Al interaction patterns, and self-reported learning versus dependency. Our research
questions are:

RQ1: How does Al assistance affect student confidence and understanding when interpreting
ML results?

RQ2: What interaction patterns do students use with Al tools, and what challenges do they
encounter?

RQ3: Do students perceive Al assistance as enhancing learning or creating dependency?

Our findings reveal nuanced patterns in Al's educational impact. Al assistance produced a
moderate but meaningful improvement in student confidence when interpreting ML results, with
an average 9.4% increase representing a moderate effect size (Cohen's d=0.47). However,
individual experiences varied substantially; while approximately 40% of students showed
measurable improvements, nearly half experienced no change, and about 10% saw declines in
confidence. Effectiveness varied dramatically across different ML concepts, with more complex
topics showing significantly stronger benefits than foundational concepts.

Analysis of understanding across five dimensions: technical accuracy, metrics interpretation,
real-world applications, model limitations, and causal reasoning, revealed that Al assistance was
particularly effective for higher-order interpretive skills, especially helping students understand
why specific results occurred. Conversely, Al showed a more limited impact on connecting



technical results to practical applications, suggesting domain knowledge limitations of general-
purpose Al tools.

Students overwhelmingly preferred ChatGPT (used in over 80% of cases), though tool choice did
not correlate with learning outcomes. Interaction patterns revealed balanced usage between
seeking comprehension support (clarifying terminology and metrics) and pursuing higher-order
analysis (identifying limitations and applications). Students reported specific challenges,
including information overload, unfamiliar Al-generated terminology, and Al-induced doubt in
their own analysis, yet 81% indicated intent to continue using Al for future work.

When asked directly about learning versus dependency, the majority of students perceived Al as
primarily enhancing their learning, with about one-quarter reporting balanced perspectives
acknowledging both benefits and concerns. Strong dependency concerns were rare. Importantly,
students' baseline confidence, measured before Al assistance, increased naturally across the
semester, providing evidence against harmful dependency. If students were becoming dependent
rather than developing genuine skills, their pre-Al confidence would have stagnated or declined.
Instead, the data suggests Al scaffolding complements rather than replaces skill development.

This research makes several contributions to engineering education. First, we provide semester-
long empirical evidence about Al's actual effects on technical learning in an authentic classroom
context, moving beyond speculation to systematic measurement. Second, our multidimensional
assessment framework captures confidence and understanding across technical accuracy, causal
reasoning, real-world applications, and limitation identification, revealing which aspects of ML
interpretation benefit most from Al scaffolding. Third, our repeated-measures design across
different ML topics reveals that Al assistance effects vary substantially by concept complexity,
with particularly strong benefits for advanced topics. Finally, our findings inform evidence-based
policies for Al integration in technical courses, helping educators design assignments and
guidance that leverage Al's benefits while building genuine student competency.

2. Literature Review

2.1. Artificial Intelligence in Engineering Education

The integration of generative Al tools in education represents the latest evolution in computer-
supported learning, but one that differs fundamentally from previous educational technologies in
its apparent ability to engage in natural language dialogue, provide personalized explanations,
and generate novel content [11]. Early research on ChatGPT and similar tools in education
focused primarily on detecting Al-generated text [12], assessing academic integrity implications
[13], and documenting faculty concerns about cheating [14]. However, this deficit-focused
perspective has begun to shift as educators recognize that prohibition is neither technically
feasible nor pedagogically optimal [15].

Recent work has started examining productive uses of Al in education. Research has found that
structured Al assistance in writing courses improved student revision processes when combined
with explicit instruction on effective tool use [16]. Other studies demonstrated that Al-generated
explanations in introductory programming helped students debug code more efficiently, though



questions remained about whether students developed independent debugging skills [17].
Educational researchers argue that rather than asking whether to allow Al tools, educators should
focus on how to integrate them in ways that enhance rather than replace human learning
processes [2].

However, most existing research examines relatively simple tasks: essay writing, basic
programming exercises, or factual question answering [ 18]. The effects of Al assistance on
complex technical skills requiring integration of multiple knowledge types, such as ML result
interpretation, remain largely unexplored. Furthermore, few studies have employed designs that
track students' learning across multiple interactions with Al tools, potentially missing important
patterns in how dependency or expertise develops over time [19].

2.2. Machine Learning Education and Result Interpretation

Machine learning education faces distinctive pedagogical challenges compared to traditional
programming or software engineering courses [20]. Students must develop not only coding
proficiency but also statistical reasoning, domain knowledge for contextualization, awareness of
ethical implications, and, critically, the ability to interpret what their models are actually telling
them [21]. This interpretive skill is often underdeveloped, with students able to implement
algorithms and generate predictions but struggling to explain what those predictions mean, why
they occurred, or when they should be trusted [22].

Research has found that undergraduate ML students focus disproportionately on maximizing
performance metrics while neglecting interpretation of why specific metrics are appropriate,
what trade-offs exist, or what limitations their models have [23]. This "black box" approach to
ML is problematic not just pedagogically but professionally, as graduates entering the workforce
need to communicate technical findings to non-technical stakeholders, justify model choices, and
identify potential biases or failures [24].

Several pedagogical approaches have been proposed to address interpretation deficits in ML
education. Research advocates for problem-based learning where students work with real, messy
datasets requiring extensive interpretation of unexpected results [25]. Other work emphasizes the
importance of explicit instruction in model criticism and failure mode analysis [23]. However,
these approaches are resource-intensive, requiring significant individual instructor attention,
precisely the resource that Al tools might potentially augment.

The intersection of Al assistance and ML education remains largely unexplored. While some
research has examined Al code generation tools in ML courses, they focused on implementation
rather than interpretation [26]. The question of whether Al tools can effectively scaffold the
development of interpretive competencies, or whether they short-circuit the cognitive processes
necessary for developing such competencies, remains unanswered. Our study addresses this gap
by examining Al assistance specifically for result interpretation rather than code generation,
measuring effects across multiple dimensions of understanding.

2.3. Self-Reflection and Metacognitive Awareness in Learning



Self-reflection and metacognitive awareness, the ability to monitor and evaluate one's own
understanding, are recognized as critical components of deep learning [27]. Foundational work
on reflective practice in professional education emphasized that expertise develops not just
through experience but through systematic reflection on that experience [28]. In technical
education specifically, research has found that engineering students who regularly engaged in
structured self-reflection demonstrated stronger problem-solving skills and more accurate self-
assessment compared to peers who did not [29].

Structured self-reflection questionnaires provide a methodological approach for both promoting
and measuring metacognitive development [30]. By asking students to explicitly evaluate their
understanding before and after specific learning activities, these instruments serve dual purposes:
they prompt students to engage in metacognitive monitoring, and they provide researchers with
data about students' perceptions of their own learning trajectories [31].

In the context of Al-assisted learning, self-reflection takes on additional importance. Students
using Al tools must develop metacognitive skills to evaluate Al-generated content, recognize
when Al explanations align with or contradict their understanding, and decide when to accept,
question, or seek alternative perspectives on Al suggestions [32]. Research on cognitive
processes suggests that reliance on external tools can reduce engagement of slower, more
deliberate cognitive processes, precisely the processes associated with deep learning and skill
development [33].

However, self-reported measures have known limitations [34]. Students may lack accurate
awareness of their own understanding (the Dunning-Kruger effect [35]), may provide socially
desirable responses, or may struggle to distinguish between feeling confident and actually being
correct. To address these limitations, our study combines self-reflection questionnaires with
documentation of actual Al interactions, triangulates quantitative confidence scores with
qualitative descriptions, and examines patterns across multiple assignments rather than relying
on single-point measurement.

2.4. Research Gap

Despite growing interest in Al's educational impact, significant gaps remain in understanding
how these tools affect the learning of complex technical skills. Most research has examined Al
tools in relatively simple contexts, focused on perceptions rather than learning patterns, or relied
on cross-sectional designs [36][37][38]. This study addresses these gaps by examining Al-
assisted ML result interpretation across an entire semester, measuring both confidence and
multidimensional understanding, tracking patterns across students with varying experience
levels, and investigating which specific aspects of complex interpretation tasks benefit most from
Al scaffolding.

3. Methodology

3.1. Research Design



This study employed a repeated-measures pre-post design within a single undergraduate ML
course. For each of the five individual assignments, students completed a paired self-reflection
questionnaire before and after using Al tools for result interpretation. This structure allowed for
the measurement of immediate Al effects while identifying longitudinal patterns across various
topics.

The study received Institutional Review Board (IRB) approval. To ensure ethical standards, all
students completed the coursework and questionnaires as part of the standard curriculum;
however, only data from those who provided informed consent were included in the research.
This approach guaranteed that participation decisions had no impact on grades or learning
opportunities.

3.2. Setting and Participants

The study was conducted during the Fall 2025 semester at a regional comprehensive university
in the southeastern United States. As a requirement for Computing and Data Science majors, the
course covers supervised and unsupervised learning techniques, including regression, neural
networks, and clustering. Students implemented these algorithms in Python using Visual Studio
Code, utilizing GitHub Copilot for coding assistance and result interpretation. Of the 21 enrolled
students, 19 (90.5%) consented to the use of their data for research. The cohort was
predominantly novice, with 67% reporting no prior ML experience and only 9% having
completed previous internships or projects. Regarding prior Al tool usage for learning, 24% of
participants had never used such tools, while the majority (57%) reported only occasional use,
followed by 14% regular and 5% extensive users.

3.3. Course Structure and Assignment Design

The course followed a structured three-phase approach designed to integrate Al assistance while
maintaining academic rigor. For each individual assignment:

e Phase 1 (Independent Work): Students independently implemented the required ML
algorithm, trained their model on a provided dataset, generated initial results, and
documented their baseline interpretations of the model's outputs. This phase ensured
students engaged with technical implementation before seeking Al assistance.

e Phase 2 (Al-Assisted Interpretation): Students used Al tools of their choice to help
interpret results. They completed a pre-Al questionnaire assessing their initial confidence
and understanding, interacted with Al tools while documenting their interactions, and
then completed a post-Al questionnaire assessing changes.

e Phase 3 (Deliverable Submission): Students submitted their implementation code,
results, and a comparative analysis detailing their initial interpretations and how these
were refined or expanded following Al assistance. They also provided documentation of
their Al prompts and workflows, with grading rubrics assessing both technical accuracy
and the depth of their interpretive reflections.



The five assignments covered: (1) Linear and Polynomial Regression, (2) Logistic Regression
and Classification, (3) Tree-Based Models and Random Forests, (4) Support Vector Machines
and Neural Networks, and (5) Unsupervised Learning and Clustering.

3.4. Measurement Instrument

The self-reflection questionnaire was developed based on literature on ML education
competencies [21][22][39] and metacognitive assessment [30][31]. This instrument was
automatically de-identified with research codes and captured data across several constructs:

o Background & Confidence: Prior experience and a comparative assessment of
confidence in explaining results before and after Al use (5-point Likert scale).

e Multidimensional Understanding: Pre- and post-ratings across five dimensions:
technical accuracy, metric interpretation, real-world implications, model limitations, and
causal reasoning.

o Task-Specific Competencies: Self-reported ability to use proper terminology, identify
patterns, and connect results to the original problem, measured both before and after the
Al intervention.

o Al Experience & Reflection: Post-intervention feedback on the helpfulness of the Al
and open-ended reflections on how their understanding changed.

3.5. Data Analysis

Only de-identified data from consenting students was included in the analysis. We employed a
mixed-methods approach to evaluate the intervention:

1. Quantitative Analysis: Paired t-tests compared the pre- and post-intervention scores
within the Qualtrics survey. Effect sizes (Cohen’s ) were calculated to assess the
magnitude of change.

2. Qualitative Analysis: We performed thematic analysis on the open-ended survey
reflections and conducted content analysis on the Al interaction logs submitted in the
course deliverables to identify common usage patterns.

3. Integration: Quantitative confidence shifts were triangulated with qualitative
descriptions to validate self-reported changes against the actual interaction data.

4. Results

Findings are presented based on 75 observations from 19 consenting participants across five
assignments. These results evaluate the impact of Al on student self-efficacy, the nature of
student-Al interactions, and the perceived balance between learning enhancement and tool
dependency.

4.1. Effects of Al Assistance on Student Confidence and Understanding

4.1.1. Overall Confidence Effects



Al assistance produced a statistically and practically significant improvement in student
confidence. Mean confidence increased from 3.734 before Al to 4.086 after Al (5-point scale),
representing a +0.352 point gain (9.4% increase) with moderate effect size (Cohen's d~0.47).

However, individual variation was substantial: 41.3% improved, 48.0% showed no change, and
10.7% declined.

Figure 1 illustrates confidence trajectories across assignments. Students' pre-Al confidence
naturally increased from 3.429 (A1) to 3.833 (A5), a +0.404 point gain indicating natural skill
development. This baseline improvement provides evidence against harmful dependency—if Al
created dependence rather than supporting learning, pre-Al confidence would have stagnated or
declined. The widening gap between pre-Al and post-Al lines demonstrates that Al impact
strengthened over the semester.
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FIGURE 1: Confidence Trajectories Across Assignments
4.1.2. Assignment-Specific Patterns and Statistical Significance

Figure 2 and Figure 3 reveal dramatic variation in Al effectiveness across assignments.
Assignment 1 (Regression) showed minimal improvement (+0.190, p=0.493, Cohen's d=0.152,
ns), with only 28.6% of students improving. Assignments 2 and 3 showed moderate gains
(+0.316 and +0.300, respectively) but remained statistically non-significant.

Assignment 4 (SVMs and Neural Networks) stands out dramatically as the only assignment
achieving statistical significance (t=2.941, p=0.012, Cohen's d=0.816, large effect). It produced
the highest improvement (+0.538), the highest improvement rate (46.2%), and remarkably, zero
confidence declines. This suggests optimal conditions for Al-assisted learning, concepts complex
enough to benefit from scaffolding yet structured enough for effective Al explanation.

Assignment 5 (Clustering) showed strong improvement (+0.417, p=0.054, Cohen's d=0.623),
approaching significance with half of the students (50.0%) improving, the highest improvement
rate across all assignments.



F+U.5350

== Mean Impact: +0.352 I

e
@

+0.417

I
o

Highedt Impact
(Assi 4)

o
=

o
N

Change in Confidence (Post-Al minus Pre-Al)
o
o

A1 a2 3 ¥ A5
Assignment Number

FIGURE 2: Magnitude of Al Impact by Assignment

10 Small effect
‘ ~=- Medium effect
-- Large effect

o o
o @

Cohen's d (Effect Size)
o
P

0.2

0.0-

A3
Assignment

FIGURE 3: Effect Sizes and Statistical Significance by Assignment (*** p<.001, ** p<.01, * p<.05, ns=not
significant)

4.1.3. Distribution of Outcomes Over Time

Across all assignments, 41.3% of students improved in confidence, 48.0% showed no change,
and 10.7% declined after using Al assistance. Improvement rates increased substantially across
the semester: only 28.6% improved in Assignment 1, but 50.0% improved by Assignment 5, a
74% relative increase in students benefiting from Al Decline rates remained stable around 10%
except for Assignment 4 (0% declines) and Assignment 3 (20% peak decline). This progression
suggests students developed more effective Al usage strategies over time.

4.1.4. Multidimensional Understanding Effects

Analysis across five understanding dimensions revealed differential Al impacts (Figure 4).
Causal Reasoning (understanding why results occurred) showed the strongest improvement
(+0.625 points, 15.6%), followed by Metrics Meaning (+0.611, 15.3%) and Model Limitations
(+0.596, 14.9%). Technical Accuracy improved by +0.537 (13.4%), while Real-world



Applications showed the smallest gains (+0.474, 11.9%). This pattern indicates Al excels at
higher-order interpretive skills and technical explanation but struggles with domain-specific
contextualization.
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Figure 5's heatmap reveals fascinating assignment-specific patterns. Assignment 2
(Classification) produced dramatic improvements in Metrics Meaning (+0.737, p=0.003), Real-
world Applications (+0.789, p=0.001), and Model Limitations (+0.632, p=0.019), with large
effect sizes. Assignment 4 showed the most dramatic pattern: Causal Reasoning improved
massively (+1.000, p=0.0002, Cohen's d=1.414), a huge effect far exceeding conventional
thresholds. One student captured this: "My understanding of my results after using AI was a lot
better. I struggled a lot with understanding the medical terms [in the dataset]... AI was the most
helpful this time."
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Assignment 5 continued strong performance with Technical Accuracy (+0.833, p=0.002, Cohen's
d=1.161) and Metrics Meaning (+0.917, p=0.002, Cohen's d=1.156) showing very large effects.
The pattern confirms Al benefits amplify with concept complexity rather than diminishing.

4.2. Student-Al Interaction Patterns and User Challenges
4.2.1. Tool Preferences

ChatGPT dominated Al tool usage overwhelmingly, used in 61 of 73 responses (83.6%), with
Claude being the distant second choice at 12.3%, and other tools accounting for only 4.1%. This
ChatGPT dominance likely reflects its first-mover advantage in public awareness, free
accessibility, and students' prior familiarity from other contexts. Notably, tool choice did not
correlate with learning outcomes; students using ChatGPT exclusively showed similar
confidence gains and understanding improvements to those using Claude or multiple tools. This
suggests benefits derive from the structured interaction and explanation-seeking process rather
than specific capabilities of particular platforms.

4.2.2. Interaction Types

Students' Al queries fell into distinct categories: general result explanations (23%), technical
terminology help (20%), limitation identification (17%), metric clarification (16%), real-world
applications (14%), and other focused queries (10%). This reveals balanced usage between
comprehension support (terminology + metrics = 36%) and higher-order analysis (limitations +
applications = 31%)).

4.2.3. Challenges and Benefits

Students identified specific challenges: provided too much information (21%), used unfamiliar
terminology (21%), made me doubt my analysis (18%), explanations too complex (16%), and
generic rather than specific insights (12%). One student noted: "I could access clearer
information using Al; sometimes it offered a proper explanation, but I'm still learning the
concepts of ML, so some topics were confusing for me." Another expressed feeling
overwhelmed: "Claude helps me understand difficult topics, but overwhelms me as the user."”

Conversely, most helpful aspects were clearer technical explanations (24%), identified missed
patterns (19%), offered multiple perspectives (17%), connected to real-world applications (16%),
and helped organize thoughts (13%). One student articulated career value: "I got a better
understanding of what the results actually meant... I find this super useful, because I like making
models on my own time, so this helps me in my hopefully future career."

4.3. Student Perceptions of Learning Enhancement versus Dependency
4.3.1. Overall Perceptions

When asked directly whether Al assistance enhanced learning or created dependency, students
expressed nuanced views. Across all assignments, 36.0% perceived Al as primarily enhancing



learning, 25.3% reported balanced perspectives acknowledging both benefits and concerns, while
only 1.3% expressed strong dependency concerns. Notably, 37.3% of responses fell into the
"Other" category, which, upon examination, consisted primarily of additional positive responses
not directly addressing the dependency question. Despite some concerns, an overwhelming 81%
of students indicated they intended to continue using Al assistance for future ML work.

The low explicit dependency rate (1.3%) contrasts with the 10.7% confidence decline rate,
suggesting students may experience reduced confidence without attributing it to dependency.
The proportion reporting "balanced perspectives" decreased from 28.6% (A1) to 8.3% (AS),
indicating students developed more definitive opinions with experience—either becoming
confident in Al's benefits or more concerned about dependency rather than remaining
ambivalent.

4.3.2. Implications

The intention-perception gap is significant: while 26.6% acknowledged dependency concerns,
81% planned continued usage. This suggests that immediate practical benefits outweigh longer-
term skill development concerns in students' decision-making.

5. Discussion

This study examined how Al assistance affects undergraduate students' ability to interpret ML
results in an authentic classroom context. We discuss our findings in relation to existing
literature and explore pedagogical implications.

5.1. Interpreting AlI's Impact on Learning

Our moderate effect size (Cohen's d=0.47) aligns with prior observations that structured Al
assistance enhances learning when properly integrated [16]. However, the substantial individual
variation, 48% showing no change and 11% declining, contradicts assumptions that Al uniformly
helps all learners [2]. This variability suggests Al effectiveness depends on factors beyond
simple access, including students' prior knowledge, learning strategies, and ability to critically
evaluate Al responses.

The Assignment 4 anomaly provides crucial insight into when Al assistance is most valuable.
The only statistically significant improvement occurred with Support Vector Machines and
Neural Networks, concepts complex enough to genuinely challenge students but structured
enough for effective Al explanation. This extends existing frameworks [2] by demonstrating that
Al effectiveness depends not just on zow tools are used but on what content they're applied to.
Simpler concepts may not require Al scaffolding, while mid-to-high complexity concepts benefit
substantially.

Differential effects across understanding dimensions reveal Al's strengths and limitations. Strong
improvements in causal reasoning and metrics interpretation indicate Al excels at technical
explanation, addressing the interpretive deficits identified in ML students [23]. AI's ability to
construct explanatory narratives linking model mechanics to observable outcomes fills a critical



pedagogical gap. However, weaker improvements in real-world applications align with
observations that connecting technical results to practical contexts requires domain expertise that
general-purpose Al tools lack [23]. This limitation has important implications: educators cannot
rely on Al alone for contextual understanding and must provide direct instruction for domain-
specific applications.

The natural baseline confidence growth across the semester provides evidence against harmful
dependency. If Al created reliance, students' pre-Al confidence would stagnate or decline.
Instead, genuine skill development occurred alongside Al usage, supporting suggestions that Al
can scaffold learning without preventing independent capability when instructional design
requires independent engagement before Al assistance [17]. Our three-phase structure appears
effective at balancing support with skill development.

5.2. Understanding Interaction Patterns and Challenges

The dominance of ChatGPT despite a lack of correlation with outcomes suggests that tool choice
matters less than interaction strategies, a finding with practical implications for educators
debating which platforms to recommend or restrict. Rather than mandating specific tools, the
focus should be on teaching effective Al interaction applicable across platforms.

Students' challenges reveal fundamental tensions. Complaints about information overload and
unfamiliar terminology highlight a mismatch: Al optimizes for comprehensive technical
accuracy while novice learners need focused guidance calibrated to their understanding level.
This echoes observations about cognitive load management [33], excessive information triggers
superficial rather than deep processing.

The 18% reporting Al-induced doubt represents a concerning pattern potentially undermining
metacognitive development that has been identified as essential for engineering expertise [29].
Students viewing Al as authoritative rather than collaborative suggest a need for explicit
instruction in critical Al evaluation, questioning, verifying, and sometimes rejecting Al
suggestions rather than accepting them uncritically.

5.3. Dependency Perceptions and Long-term Concerns

While only 1.3% expressed strong dependency concerns and 36% perceived learning
enhancement, 81% intended future usage despite some concerns, revealing a pragmatic
prioritization of immediate benefits over longer-term skill development considerations. Students
may not recognize dependency until attempting tasks without Al support. The evolution from
28.6% expressing balanced perspectives initially to only 8.3% finally indicates increasingly
confident opinions, though whether these accurately reflect Al's actual effects remains uncertain.
Students may confuse feeling informed by Al explanations with genuine independent
understanding, a distinction requiring objective performance measures to validate.

5.4. Pedagogical Implications



Our findings suggest evidence-based recommendations for Al integration. First, structured
phasing is essential, requiring independent work before Al assistance ensures engagement with
core concepts. Second, explicit instruction matters; students need guidance on formulating
queries, critically evaluating responses, and recognizing when Al exceeds their understanding.
Third, complexity matching is crucial; Al appears most valuable for mid-to-high complexity
concepts; educators should strategically deploy it where students genuinely need scaffolding.
Fourth, dimension-specific strategies are needed, leveraging Al for causal reasoning and
technical explanation while providing direct instruction for real-world contextualization. Finally,
monitor individual responses, with nearly half showing no change and 10% decline, identify
students not benefiting, and provide alternative support.

6. Conclusion

This exploratory study provides preliminary empirical evidence that Al assistance produces
moderate but potentially meaningful improvements in undergraduate students' confidence
interpreting machine learning results (9.4% average increase, Cohen's d = 0.47), though benefits
vary substantially by individual students and concept complexity. Support Vector Machines and
Neural Networks showed the strongest observed outcomes with statistically significant
improvements and zero confidence declines, suggesting a complexity "sweet spot" for Al-
assisted learning within this sample. Al particularly supports higher-order skills, causal
reasoning, metrics interpretation, and limitation identification, while struggling with domain-
specific contextualization. Students' baseline confidence increased naturally across the semester,
providing evidence that Al scaffolding complements rather than replaces genuine skill
development when structured appropriately.

For engineering educators, these preliminary findings suggest implementing structured phasing
requiring independent work before Al assistance, providing explicit instruction in effective Al
usage and critical evaluation, strategically deploying Al for mid-to-high complexity concepts,
and monitoring individual student responses. Given the modest sample size (n = 19), these
results should be interpreted as exploratory and require replication with larger, more diverse
student populations before broader generalization. Future research should incorporate objective
performance measures, employ control groups, and conduct long-term follow-up to assess
transfer to contexts without Al support. As Al tools become ubiquitous in engineering education
and practice, the path forward requires moving beyond binary debates toward nuanced, evidence-
based integration that leverages Al's strengths while maintaining intellectual rigor and genuine
skill development.
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