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Abstract—Artificial intelligence (AI)-based tools are increas-
ingly embedded in engineering education. While current sys-
tems provide direct answers, such approaches may encourage
passive engagement and limit transfer of learning. This study
investigates how AI chatbot interaction style (direct response
vs. Socratic questioning) and communication modality (text vs.
audio) influence engineering students’ learning and transfer
of problem-solving skills. Sixty undergraduate Industrial and
Systems Engineering students participated in a between-subjects
experiment across four conditions. Over two phases, participants
solved Operations Research problems with their assigned AI in
Phase 1 and independently in Phase 2. Results revealed that
students interacting with the Socratic model (Alberta) completed
independent problems faster, despite taking longer when solving
problems with AI support. Communication modality moder-
ated these effects: text-based Socratic interactions produced the
strongest performance, whereas audio-based Socratic interactions
often increased completion time without consistent gains in
perceived learning or performance. Qualitative findings further
revealed that students valued the Socratic model’s ability to help
them understand concepts rather than simply supplying answers.
This work provides empirical evidence to inform the design of
classroom-integrated AI tools that support learning and more
effective human-AI collaboration in engineering problem solving.

Keywords—Engineering Education, AI Chatbots, Socratic Di-
alogue, AI Modality, Learning

I. INTRODUCTION

As Artificial Intelligence (AI)-based conversational systems
are becoming a key component in higher education, students in
engineering disciplines are further seeking procedural support
during problem solving [1]. Large language model (LLM)-
based tools now provide on-demand solutions and step-by-
step guidance across topics ranging from linear algebra to
operations research [2]. While such tools offer novel access to
fast information, their increasing usage among students raises
an important pedagogical question: Do AI chatbots simply
accelerate answer acquisition, or do they support learning and
transfer of knowledge?

Various organizations have proposed standards and rec-
ommendations for technology integration in today’s dynamic
educational system. One such framework from the Partner-
ship for 21st Century Learning (P21) envisions a future for
classrooms in which transformative technology use develops
real-world competencies in students, fostering four key skills:
critical thinking, collaboration, communication, and creativity

[3]. Under the right conditions, building interactions with AI
chatbots into the curriculum has the potential to promote
these real-world competencies in a way that redefines what
is learned in the classroom and how students learn it.

Widely available AI chatbots prioritize responsiveness and
completeness, often delivering direct explanations or fully
worked solutions [4], [5]. This may encourage passive engage-
ment and limit opportunities for engineering students to think
critically [6]. Research suggests that learning is strengthened
when students actively explain and justify decisions which
have been consistently shown to improve conceptual under-
standing and knowledge transfer [2]. Alternative approaches
to AI-supported learning emphasize guided reasoning rather
than direct answer delivery. In particular, Socratic-style in-
teractions, centered on questioning and prompting, have been
shown to encourage deeper cognitive processing and reflection
[6]. Additionally, advances in conversational interfaces have
introduced multiple modes of interaction, such as text-based
and voice-based communication, each of which may shape
how students engage with problem-solving tasks [7], [8].

Despite growing interest in AI-supported learning, there
remains a need to better understand how different forms
of AI interaction influence student engagement and learning
outcomes in engineering contexts. This study examines how
chatbot guidance style and communication modality affect
students’ perceived learning and their ability to apply problem-
solving skills independently.

II. BACKGROUND

LLM-based tools have fundamentally altered how students
approach academic support in engineering education. Socratic-
style AI has increasingly been explored as a way to move
beyond answer-giving and instead bolster learners’ critical
thinking through questioning and guided reflection [6], [9].
Across several recent studies, Socratic chatbots are positioned
as a possible alternative to traditional AI tutors that provide
direct solutions. For example, Duelen et al. [6] implemented
a Socratic chatbot to help citizens interrogate news content
and found that systematic questioning can stimulate users’
critical reflection about disinformation signals. In K-12 sci-
ence classrooms, Kao et al. [10] showed that an AI-powered
Socratic version of an argument-driven inquiry environment
produced greater gains in critical thinking than a non-AI



version. Together, these findings suggest that embedding
Socratic dialogue into AI systems can positively influence
learners’ reasoning processes and critical thinking across di-
verse domains. Across these studies, Socratic AI is typically
examined outside of higher-level engineering coursework and
is often evaluated using immediate or self-report outcomes
rather than independent performance on novel problems [5].
Consequently, it remains unclear whether Socratic guidance,
when implemented in AI chatbots, actually leads to superior
learning and transfer of problem-solving skills compared with
direct-answer systems in engineering education contexts.

In addition to interaction style, the modality through which
AI communicates may shape cognitive engagements. Nowa-
days, advances in speech and conversational interfaces have
enabled voice-based AI assistants that simulate human dia-
logue. Empirical research on educational chatbots underscores
that modality is present but understudied as a driver of
learning outcomes. Experimental work on online learning
has shown that audio-based presentations can, under certain
conditions, outperform text by reducing extraneous cognitive
load and improving performance on academic tasks [4], [7].
In engineering problem solving, where symbolic nation and
equations are central, text-based interaction may be preferred
by students [8], [11]. On the other hand, audio interaction
may increase conversational flow between the human and the
machine. Despite growing interest in multimodal AI systems,
little is known about how communication modality interacts
with guidance style to influence learning outcomes.

Finally, much of the emerging research on AI in education
evaluates immediate task performance during assisted problem
solving [12]. However, engineering competence requires stu-
dents to perform independently, without real-time AI support.
Higher education studies note that, although AI tools are
now widely available to students, relatively few investigations
collect detailed learning data that connects patterns of AI
use to conceptual understanding and attainment of learning
outcomes over time [13]. As a result, empirical investigations
that examine how AI interaction style influences subsequent
unassisted problem solving remain underexplored [2], [14].

The present study addresses these three gaps by examining
how AI guidance style (direct answer vs. Socratic dialogue)
and communication modality (text vs. audio) jointly shape en-
gineering students’ perceived learning and transfer of problem-
solving skills. We further examine how these effects influence
students’ independent performance without AI support.

III. METHDOS

A. Participants

Sixty undergraduate Industrial and Systems Engineering
(ISE) students (30 males, 29 females, and 1 undisclosed
gender) at the University of Florida were recruited for the
study. To be eligible to participate in the study, participants
were required to have previously completed the Operations
Research I (OR1) course to ensure familiarity with the problem
domain. The study was conducted over Zoom, with each
session lasting approximately 45-90 minutes. The participants

received class credit for their participation in the study. This
study was approved by the University of Florida’s Institutional
Review Board (IRB protocol #ET00048087).

B. Experimental Design

This study employed a 2×2 between-subjects design, with
interaction style (direct response vs. Socratic questioning) and
communication modality (text vs. audio) as the independent
variables. Participants were randomly assigned to one of four
conditions using a stratified randomization procedure. We
developed two custom AI chatbots within ChatGPT 5.1. The
first chatbot, Albert, was designed to reflect a direct-response
interaction style, providing answer-oriented feedback during
problem solving. The second chatbot, Alberta, was designed
to implement a Socratic questioning approach, prompting
students to reason through the problem using guided questions
and hints rather than direct solutions.

Participants progressed through the problem in sequential
components, and for each response, Albert evaluated the
answer as correct or incorrect. If the response was incorrect,
the model provided the correct solution for that component;
if correct, participants were prompted to proceed to the next
part. The model restricted feedback to the current component
and did not provide information about subsequent steps.

In contrast, the Alberta model implemented a Socratic,
question-driven approach intended to promote reasoning and
reflection. Responses that did not fully solve the component,
including expressions of uncertainty, were treated as incorrect
attempts. In these cases, Alberta provided targeted hints rather
than direct solutions. After three unsuccessful attempts, the
model revealed the correct answer for that part and followed
with a probing question designed to reinforce understanding.
For correct responses, the model also generated follow-up
questions encouraging participants to explain or justify their
reasoning. Participants interacted with their assigned model
using either text-based or voice-based input. Performance
metrics included task accuracy, completion time, interaction
logs, and post-task self-reports of perceived learning and
satisfaction.

Fig. 1. Participant completing Phase 1 of study using the Alberta text model



C. Task

Participants completed two mixed-integer linear program-
ming problems aligned with the content of OR1. The problems
were designed to be equivalent while differing in contextual
details to minimize memorization effects. Each problem re-
quired participants to define decision variables, formulate an
objective function, and construct constraints reflecting oper-
ational policies, resource limitations, and production require-
ments. Both problems included a binary decision component
associated with a fixed cost condition.

The study consisted of two phases. In Phase 1, participants
solved the first problem with assistance from their assigned AI
model and modality. In Phase 2, participants solved a second,
structurally similar problem independently without access to
AI, allowing assessment of retained understanding and transfer
of problem-solving skills. Participants were allowed to use a
calculator, and no time limit was imposed.

D. Experimental Procedure

Upon arrival, participants were assigned a unique anony-
mous identifier, provided informed consent, and completed
a pre-experiment questionnaire. They were then briefed on
the study and instructed to solve an engineering optimization
problem, while performing calculations on paper or a tablet.
Participants were informed that there was no time limit.

Participants were provided with login credentials for a
ChatGPT account configured with the experimental models.
Based on their assigned condition, they were instructed which
model (Albert or Alberta) and modality (text or voice) to use.
The first problem was then delivered via Zoom chat, and the
experimenter recorded the time elapsed from problem presen-
tation to the participant’s indication that they had finished.
After completing the first problem, participants were asked to
complete a post–Phase 1 questionnaire.

Participants were then instructed to log out of ChatGPT
and set aside all materials from the first problem. The exper-
imenter introduced Phase 2, during which participants solved
a second problem independently without AI assistance. Com-
pletion time was again recorded. Upon finishing, participants
completed a post–Phase 2 questionnaire. Finally, participants
scanned their work and emailed it to the experimenter.

IV. RESULTS

Seven two-way ANOVAs were conducted to examine the
effects of chatbot Model (Albert vs. Alberta) and Modality
(text vs. voice) on Phases 1 and 2 dependent measures.
To control for Type I error across multiple comparisons, a
Bonferroni correction was applied and the adjusted alpha level
was set to α = .05/7 = .0071.

A. Phase 1: AI-Assisted Performance

The two-way ANOVA of Phase 1 completion time (in
minutes; Figure 2) revealed main effect of Model, F (1, 56) =
5.38, p = .024, η2p = 0.088, such that participants working
with Albert (M = 29.22, SD = 12.61) completed the
task faster than those working with Alberta (M = 36.43,

SD = 12.25). There was also a main effect of Modality,
F (1, 56) = 5.55, p = .022, η2p = 0.09, with voice interaction
(M = 29.16, SD = 10.55) yielding shorter completion times
than text interaction (M = 36.49, SD = 14.03). The Model
× Modality interaction was not significant (p = .69).

Fig. 2. Phase 1 completion times by Chatbot Model and Modality.

The Phase 1 accuracy ANOVA revealed that the main effect
of Model was not significant, F (1, 56) = 3.17, p = .08,
although accuracy tended to be higher for Alberta than for
Albert (Figure 3). There was a main effect of Modality,
F (1, 56) = 4.72, p = .03, η2p = 0.078, with text interaction
(M = 8.95, SD = 1.09) yielding higher accuracy than voice
interaction (M = 8.3, SD = 1.25). The Model × Modality
interaction was not significant (p = .5).

Fig. 3. Phase 1 accuracy by Chatbot Model and Modality.

For Phase 1 satisfaction, a two-way ANOVA showed that the
main effect of Modality was not significant, F (1, 56) = 1.19,
p = .28 (Figure 4), indicating similar satisfaction ratings for
text and voice. However, there was a significant main effect
of Model, F (1, 56) = 12.39, p < .001, η2p = 0.18, such
that participants reported higher satisfaction with the Alberta
model (M = 4.03, SD = 0.93) than with the Albert model
(M = 3.07, SD = 1.17). The Model × Modality interaction
was not significant (p = .72).

A two-way ANOVA examined the effects of on perceived
learning from the AI-assisted phase, measured with the item
“I learned information that I did not know before solving
this question” (1–5 Likert scale; Figure 5). The main effect
of Modality was not significant, F (1, 56) = 0.07, p = .82,



Fig. 4. Phase 1 satisfaction ratings by Chatbot Model and Modality.

with similar perceived learning for text. However, there was a
significant main effect of Model, F (1, 56) = 19.55, p < .001,
η2p = 0.26, such that participants reported learning more with
the Alberta model (M = 3.87, SD = 1.01) than with the
Albert model (M = 2.6, SD = 1.19). The Model × Modality
interaction was not significant (p = .25).

Fig. 5. Phase 1 perceived learning by Chatbot Model and Modality.

B. Phase 2: Independent Performance

For Phase 2 completion time, time to solve the problem
without AI support (Figure 6), the main effect of Modality
was non-significant, F (1, 56) = 0.02, p = 0.89. However,
there was a main effect of Model, F (1, 56) = 6.99, p = .011,
η2p = 0.11, such that participants who had previously worked
with Alberta (M = 14.5, SD = 6.11) solved the independent
problem faster than those who had worked with Albert (M =
19.76, SD = 8.79). The Model × Modality interaction was
not significant (p = .83).

A two-way between-subjects ANOVA was conducted to
examine the effects of AI Model (Albert vs. Alberta) and
interaction Modality (text vs. voice) on participants’ indepen-
dent problem-solving accuracy in Phase 2 (Figure 7). The
interaction between Model and Modality was not statistically
significant, F (1, 56) = 0.034, p = .85. There was a significant
main effect of Model, F (1, 56) = 35.34, p < .001, η2p = 0.39,
such that participants who interacted with the Alberta model
(M = 9.05, SD = 0.74) demonstrated significantly higher
independent accuracy compared to those who interacted with

Fig. 6. Phase 2 completion times by Chatbot Model and Modality.

the Albert model (M = 7.71, SD = 1.21). A significant
main effect of Modality was also observed, F (1, 56) = 19.96,
p < .001, η2p = .26, with participants in the text condition
(M = 8.88, SD = 1.09) outperforming those in the voice
condition (M = 7.88, SD = 1.1) in Phase 2 accuracy.

Fig. 7. Phase 2 independent problem-solving accuracy by AI Model and
Modality.

Descriptive statistics revealed that participants in the Alberta
condition reported higher recall overall (M = 4.33, SD =
0.66) compared to those in the Albert condition (M = 3.33,
SD = 1.3). Regarding Modality, voice (M = 3.93, SD =
0.94) and text (M = 3.73, SD = 1.31) conditions produced
similar overall recall ratings. The main effect of the two-
way ANOVA was statistically significant, F (1, 56) = 16.98,
p < .001, η2p = 0.23, indicating that the Alberta model was
associated with higher recall than Albert.

The main effect of Modality was not statistically significant,
F (1, 56) = 0.68, p = .41. There was a statistically significant
Model × Modality interaction, F (1, 56) = 12.76, p < .001,
η2p = 0.19. Simple effects analyses with pairwise comparisons
indicated that in the Text Modality, participants who interacted
with Alberta reported significantly higher recall (M = 4.67,
SD = 0.49) than those who interacted with Albert (M = 2.8,
SD = 1.21), with a mean difference of 1.87, p < .001, 95%
CI [1.18, 2.55]. In contrast, in the Voice Modality, recall did
not differ significantly between Alberta (M = 4, SD = 0.65)
and Albert (M = 3.87, SD = 1.19), p = .7, 95% CI [-0.55,
0.82] (Figure 8).



Fig. 8. Recall ratings as a function of AI Model (Albert vs. Alberta) and
Modality (text vs. voice).

C. Qualitative Analysis

A thematic analysis of student responses revealed trends
within both modalities and interaction styles. For modality,
33.33% (n = 10) of participants using the audio format
distinctly stated that it slowed down their ability to complete
the task relative to the more common text format. Some
participants additionally described the AI voice model as
distracting at times when it misinterpreted speech and felt that
the model was more agreeable than expected. Many negative
responses with audio came from the Albert Voice group, with
80% of these responses (n = 8) coming from participants
who received this condition. Participants in the Alberta Voice
condition reported more positive, beneficial results (n = 7,
46.67%) from the audio format than the Albert Voice group,
with one Alberta Voice participant stating: “It made it easier
because it felt like I was having a conversation with someone
and I had to be more focused” (P25).

Participants interacting with the Alberta model frequently
described the experience as more beneficial for learning,
noting that the model’s questioning approach encouraged them
to think more deeply about the problem rather than passively
receiving answers. One participant stated that Alberta “forced
you to think instead of the AI agent giving you the answer”
(P32). Others appreciated the learning benefits of this struc-
ture, describing it as “actively learning as I was working on
the problem” (P19) and “not just copying down information”
(P23). Some participants reported negative effects of the
model’s probing questions, which increased the time required
to solve the problem.

For Phase 2 responses, where participants reflected on
their independent task while comparing it to Phase 1, many
iterated that the knowledge check allowed them to apply
their learning and demonstrate problem-solving skills. One
participant shared that “Working independently, it is easy to
get off the right track early and it snowballs each step” (P43)
When reflecting on their AI collaboration, many participants
reported seeing beneficial results from completing a similar
question alongside an AI chatbot.

V. DISCUSSION & CONCLUSION

This study investigated how AI chatbot interaction style
(Albert direct response vs. Alberta Socratic questioning) and

communication modality (text vs. audio) influence engineering
students’ learning and transfer of problem-solving skills. The
findings reveal that both interaction style and modality sig-
nificantly shaped learning outcomes, though in distinct ways
across different phases of the task.

A. Time Costs of Socratic Interaction

Completion time differences in Phase 1 indicated that both
the Socratic interaction style and text modality added time
for task completion relative to their counterparts. The Alberta
model was expected to take longer due to the additional
probing questions that required students to articulate their
reasoning before advancing. However, the audio modality
produced a decrease in task time, likely due to its hands-off
benefit [7]. Participants who worked with the audio modality
reported being better able to work on the question without
physically going back and forth between their AI chatbot and
their work, allowing for more fluid multitasking.

There were no significant accuracy changes based on inter-
action style, but participants using the audio modality models
showed a decline in performance. This was likely caused by
ChatGPT’s audio feature not having the ability to reference
previous responses and display numerical values visually.
Participants’ inability to read, reread, or carefully process
the AI’s entries at their own pace may have reduced the AI
partner’s effectiveness [7].

B. Socratic Advantages in Independent Problem-Solving

After transitioning to the independent phase (Phase 2), the
pattern reversed in ways that supported our central hypothesis.
Modality held no significant effect on completion time, but
participants who had previously used Alberta had shorter
completion times compared to those who used Albert. Phase 2
grade accuracy further supported our hypothesis that Alberta
participants would significantly outperform Albert partici-
pants. Students who used the Socratic model reported signifi-
cantly higher satisfaction, recall, and perceived learning scores
than those who used the direct model. This data suggested that
even with longer initial task time, students could recognize the
advantage in collaborating with a model which adopted the
Socratic approach. This aligns with prior research showing that
students value pedagogical approaches that promote deeper
understanding over immediate convenience [1], [12].

This shift demonstrated that the Socratic model promoted
problem-solving skills and transfer of knowledge at a greater
rate than the direct model. The additional time spent with
Alberta in Phase 1 was not wasted, but rather reflected active
cognitive engagement as students reasoned through each step,
explained their logic, and responded to probing questions.
This mirrors the concept of productive friction, in which
introducing struggle during initial learning improves retention
and transfer [6], [9].

Additionally, students who used the Alberta model in the
text condition reported much higher recall than those who used
Albert in the same condition. This difference suggests that the



benefits of Socratic questioning may depend on how infor-
mation is delivered. Text appears to strengthen the impact of
guided questioning by allowing students to track steps, revisit
reasoning, and process information more deliberately, which
supports deeper learning and retention. This is consistent with
cognitive load theory, which suggests that learners benefit
from being able to control the pace and review of complex
information [15].

C. The Role of Modality in Engineering Education

In the case of modality in collaborative AI use for engineer-
ing education, findings showed that audio modality may be
less effective for transfer of knowledge relative to text format,
particularly in the context of complex, multi-step engineering
problems [7]. Feedback from participants suggested that pro-
cesses containing various numbers, equations, and subscripts,
which are commonplace in engineering, are more efficiently
supported when the user can visually reference information.
The inability to see and review technical content appeared to
be a limitation of the current audio interface.

D. Implications for Design, Pedagogy, and Practice

The findings of this study bear direct implications for
designers, educators, and students working with AI in educa-
tional contexts. For designers of AI systems, the results high-
light that interaction style is a consequential design decision
that shapes learning outcomes. Socratic models are more effec-
tive for learning because question-driven interaction patterns
require students to articulate reasoning and engage with under-
lying concepts rather than passively receiving answers. This
reflects established principles of active learning and generative
learning theory [5]. For educators, these findings suggest that
instructors should favor Socratic AI models for contexts where
understanding and transfer are the primary goals, and reserve
direct-response tools for tasks where efficiency is most impor-
tant and learning is not the primary aim. Educators might also
guide students toward text-based interactions when working
with complex, notation-heavy material, while allowing audio
for more conceptual or discussion-based activities.

VI. LIMITATIONS & FUTURE WORK

Several limitations should be acknowledged when interpret-
ing these findings. First, our sample consisted of ISE students
at a single institution. This may limit the generalizability of
the results to other engineering disciplines, educational levels,
and institutional contexts. Second, the study examined perfor-
mance on one type of engineering problem, and it remains to
be seen whether the benefits of Socratic AI interaction extend
to other problem types with different cognitive demands, such
as open-ended design tasks or lab-based problem-solving.

Future work should explore how individual differences, such
as prior knowledge, may moderate the effects of interaction
style and modality. Long-term retention and transfer to dis-
similar problems were not assessed and constitute important
directions for future research. Additionally, this study focused
on individual learning; future research should examine how

Socratic AI interactions function in collaborative team settings,
such as group projects, where students must negotiate shared
understanding.

Collectively, this study demonstrates that the Socratic
method in AI is effective for student learning and transfer of
knowledge in engineering education. While direct-response AI
may expedite immediate task completion, Socratic questioning
builds the problem-solving skills that enable students to work
independently [16]. As AI becomes increasingly integrated
into educational environments, this research underscores that
how we design AI interactions matters as much as the tech-
nology itself. By prioritizing guided inquiry over immediate
answers, we can transform AI from an information delivery
tool into a partner that cultivates the independent problem-
solving skills essential for engineering practice.
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