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Abstract—The integration of Artificial Intelligence (AI) into
higher education offers scalable support for students but raises
concerns regarding over-reliance, reduced effort, and
diminished deep learning. This study introduces Michael, a
syllabus-aware Al teaching assistant designed to scaffold
reasoning through structured, hint-first dialogue aligned with
course progression, rather than providing direct solutions. The
system was deployed in an undergraduate Structured Query
Language (SQL) course across three consecutive semesters and
evaluated using a mixed-methods design combining interaction
logs, pre—post questionnaires (N = 170), and -classroom
observations. Results indicate high perceived ease of use
(M = 4.43) and a moderate but statistically significant increase
in trust following exposure (from M = 3.29 to M = 3.58), while
Al self-efficacy showed only minor changes. Usage patterns
revealed a bifurcated structure, with students engaging in both
short troubleshooting interactions and extended tutoring
dialogues. Qualitative findings highlight adoption waves,
tensions between efficiency and depth, and the sensitivity of
trust to system reliability. These findings suggest that
curriculum-aligned constraints and hint-first scaffolding can
support instructional integration without displacing
pedagogical goals. Rather than demonstrating causal learning
gains, this study contributes design principles and in-situ
evidence for deploying domain-specific Al assistants in
technical higher-education contexts.

Keywords—personalized teaching assistant, Large Language
Models (LLMs) in higher education, Artificial Intelligence
(AD)-powered assistants, Al-based structured academic
dialogue, curricular sequencing, syllabus-aware guidance

I. INTRODUCTION

Large Language Models (LLMs) have entered university
classrooms at a remarkable speed, promising scalable,
always-available support while raising concerns about
over-reliance on these tools, reduced effort, and erosion of
critical thinking skills [1-3]. In technical subjects such as
programming and database design and management, generic
chatbots can easily provide overly complete responses,
offering solutions that bypass productive struggle and disrupt
instructional pacing [4, 5]. This raises a practical design
question: how might domain-specific assistants scaffold
reasoning, respect curricular sequencing, and augment rather
than replace instructors?

Despite the rapidly increasing use of Artificial Intelligence
(AI), there is limited real-classroom evidence on
classroom-targeted  tools, such as syllabus-aware,
domain-bounded Al mentors that pace guidance to weekly
course progression and deliberately avoid providing final
answers. Prior work reports the benefits of intelligent tutoring
systems and, more recently, Large Language Model
(LLM)-based assistants; however, these rarely constrain
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assistance to a fixed syllabus with pedagogical guardrails or
examine social and organizational consequences during live
teaching [6, 7]. We addressed this gap with a self-developed
Al tool called “Michael,” a course-aligned Al teaching
assistant for an undergraduate databases course for
second-year students in the faculty of engineering. Michael is
designed as an online mentor rather than an oracle: it is
grounded exclusively in vetted course materials, gates
content by calendar session (excluding vacations and
non-study periods), and engages students through probing
questions and partial hints to promote self-explanation and
metacognitive monitoring [8, 9].

Michael couples a Generative Pre-Transformer (GPT)
conversational core with retrieval over a vectorized
repository of slides, assignments, and syllabus artifacts;
behavior prompts enforce hint-first dialogue and restrict
references to topics already covered. We evaluated Michael
over a 14-session semester using a mixed-methods design
that triangulated pre-adoption/post-use  questionnaires
(usefulness, ease of use, trust, and Al-related self-efficacy),
in-class observations analyzed thematically, and fine-grained
interaction logs capturing usage intensity and message
dynamics. Thus, Michael is not a theoretical idea but a
practical tool that was designed, built, tested, and run over a
full academic year.

The present evidence is drawn from a single
technical/procedural course context: second-year
undergraduate engineering students enrolled in an academic
‘Database’ course based on Structured Query Language
(SQL) with structured lab work, incremental prerequisites,
and clear notions of correctness and stepwise problem
solving. Accordingly, we examined students’ perceptions,
engagement patterns, and classroom integration mechanisms
during authentic deployment. Our design recommendations
and empirical patterns are best interpreted as applying
primarily to similar higher-education settings (e.g.,
programming, databases, engineering problem sets) where
curricular sequencing and scaffolded reasoning are central.
We operationalized “pedagogy as constraint” using four
design principles that can be generalized to similar
technical/procedural higher-education courses:
® (Topic-gated support) Restricts retrieval and assistance to

the currently enabled session and its learning objectives.
e (Hint-first) Prioritize stepwise reasoning prompts and

partial hints over final answers.
® (Anti-shortcut enforcement) Use refusals and redirections
when students request direct solutions without a process.
e (Instructor-centered integration) Preserve instructor
authority and embed the tool within classroom routines
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and norms rather than treating it as a standalone tutor.

The contributions of this study are twofold. First, we
present a practical blueprint for a syllabus-aware assistant in
database education that combines retrieval grounding with
explicit prompting rules and content gating. Second, we
provide an empirical account of classroom adoption and
pedagogy under Al augmentation, including quantitative
shifts in acceptance and self-efficacy and qualitative themes
around adoption waves, efficiency-depth tensions, trust
fragility under latency or outages, occasional syllabus
“jump-ahead,” and evolving student-teacher-Al roles. The
remainder of this paper is organized as follows: Section II
reviews related work on Al in higher education; Section III
details the system architecture and student interaction flow;
Section IV describes the methodology used in our study;
Section V reports the quantitative and qualitative results; and
Section VI discusses the implications, limitations, and future
directions.

II. LITERATURE REVIEW

Research on Al in Education (AIED) has progressed from
early Intelligent Tutoring Systems (ITS) to contemporary
Large Language Model (LLM)-based assistants capable of
open-ended dialogue, code generation, and syllabus-aware
guidance. This review traces this trajectory with an emphasis
on technical education (programming and databases),
pedagogies compatible with Al-supported learning, and
evaluation frameworks appropriate for classroom
deployments such as ours. We conclude by identifying the
gaps that our system, Michael, is designed to address.

Early work on AIED established that computer tutors can
diagnose student errors and personalize feedback, yielding
meaningful learning gains relative to traditional
instruction [4-6, 10]. Over the past decade, adoption in
higher education has expanded beyond ITS toward predictive
analytics, automated assessment, and conversational
agents [1, 11, 12]. The emergence of LLMs built on
transformer architectures has further enabled context-aware
dialogue and on-demand generation of explanations,
examples, and practice items [2, 13, 14]. Concurrently, a
consistent body of work has highlighted the risks associated
with generic chatbot use in education, including hallucinated
or inaccurate content, biased outputs, academic integrity
concerns, and misalignment between model behavior and
instructional goals [3, 14-18]. These concerns have
motivated calls for conservative prompting, retrieval
grounding, transparency, and human-in-the-loop oversight in
educational deployments [19, 20].

Classic ITS demonstrated sizable learning gains via
domain models, stepwise feedback, and dialogic hints.
AutoTutor advanced mixed-initiative natural-language
tutoring with animated agents [21], whereas SQL-Tutor used
constraint-based modeling to diagnose query errors and
provide targeted feedback in databases [22]. Subsequent
course-facing assistants, such as Jill Watson, automated
large-class question-and-answer sessions, foreshadowing
today’s LLM-mediated support, but without syllabus-gated
retrieval or explicit Socratic guardrails [23, 24]. Michael
extends this arc by combining retrieval-augmented
generation  over  vetted course artifacts  with
session-by-session gating and hint-first dialogue [25, 26].

In  response  to  these documented  risks,
Retrieval-Augmented Generation (RAG) constrains LLM
outputs to vetted course materials, improving accuracy,
provenance, and curricular fit [25, 27]. Contemporary work
has further explored Socratic/hint-first prompting and
planning, showing that LLMs that elicit self-explanations and
guide revisions can improve reasoning and learning
processes in programming and math [26, 28-30]. These
guardrails align with Cognitive Load Theory (CLT), which
supports reducing extraneous load while preserving germane
processing, and the zone of proximal development concept,
with “desirable difficulties” supporting durable learning
when feedback is appropriately staged [8, 31-33].

In technical domains such as SQL, learning hinges on
iterative practice, immediate feedback, and principle-based
mapping between syntax and semantics. Prior ITS
demonstrated that constraint-based tutoring improves query
formulation and debugging [22, 34], whereas dialogic
systems such as AutoTutor have modeled mixed-initiative
scaffolding [21]. Recent classroom deployments of
LLM-mediated code assistants (e.g., CodeAid) have shown
how no-solution and explanation-first policies can balance
efficacy with depth, but also provided evidence of tensions
between efficiency and conceptual understanding when
assistants jump ahead in the syllabus [30]. These precedents
motivated Michael’s hint-only design for SQL tasks and its
emphasis on stepwise decomposition and error-specific
prompts.

Evidence links Al tutors with gains in performance and
engagement, specifically when they complement, rather than
replace, instruction [5, 12, 35]. Learners often value
immediacy and low-stakes clarification; however, their
acceptance of Al tools is sensitive to reliability, latency, and
usability;  expectation-experience gaps can depress
uptake [36]. Accordingly, it is advisable to assess such
systems using mixed-methods evaluations that combine
interaction logs (usage intensity, question types, and
feedback patterns) with perceptual measures and strategy
instruments. Beyond the Technology Acceptance Model
(TAM; [37]), the Acceptance and Use of Technology (AUT)

explains the acceptance of new technologies via
performance/effort expectancy, social influence, and
facilitating conditions [38], whereas the

Expectation-Confirmation Model (ECM) accounts for the
post-adoption continuance of that acceptance [39]. Given our
focus on reliability, trust-in-automation research is salient:
meta-analyses and reviews consistently identify system
performance and reliability as dominant drivers of calibrated
trust, a pattern that has implications for guardrail design and
transparency [40—42]. Consistent with these concerns, policy
guidance emphasizes transparency, equity safeguards, and
human-in-the-loop oversight-principles that align with
session-gated access, hint-first dialogue, and
syllabus-bounded retrieval [19, 20].

Despite promising results from the deployment of AIED
systems, three gaps remain. First, many studies rely on short
pilot studies or simulations, and it is unclear how well their
results might translate to semester-length, in-class
deployments that respect session-by-session pacing and
institutional constraints [14, 17]. Second, systems are often
generic; comparatively fewer assistants are domain-bounded,
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syllabus-aware, and explicitly designed to scaffold rather
than solve [1, 42]. Third, -evaluations frequently
under-theorize pedagogy, under-specify guardrails (e.g.,
hint-only policies), or fail to take into account how reliability
shapes trust and continued use—areas in which integrating
UTAUT/ECM with trust-in-automation offers greater
explanatory power [38-40]. Our work with Michael
addresses these gaps by combining RAG based on vetted
materials, temporal scaffolding (session-gated access), and
Socratic, hint-first dialogue, as well as by evaluating results
in vivo across multiple semesters.

We treat Michael as a design intervention evaluated in vivo
under classroom constraints. Accordingly, our goal is not to
claim general learning gains from Al use but to contribute
design principles and field evidence regarding how
curriculum-aligned constraints, scaffolding policies, and
classroom norms shape adoption, trust, and instructional
integration.

I1I.

This section presents the pedagogical stance and high-level
system design of Michael, a course-specific Al teaching

“MICHAEL”: SCOPE AND ARCHITECTURE

o Previous Chats %

SQL Basics Tutorial

®) () (P (B

JOIN Operations Help
Database Design Questions

Advanced Queries Practice

assistant for technical higher education courses. Fig. 1 shows
the student-facing interface. Michael is designed to address a
common failure mode of generic chatbots in education:
over-answering. When students receive full solutions too
early, the assistant can short-circuit productive struggle,
disrupt instructional pacing, and reduce opportunities for
self-explanation. Accordingly, Michael’s goal is not to
deliver final answers but to scaffold reasoning; in our case, it
supports students in thinking through SQL problems and
debugging their approach.

Michael is positioned as a mentor rather than an oracle. It
is curriculum-aware, tracking the course’s weekly
progression and aligning the level of assistance with what has
been taught so far. This “syllabus-scoped” behavior is
intended to preserve active learning while expanding timely
access to help. At inference time, Michael follows four
enforced rules: hints precede answers, probing questions
elicit intent and promote self-explanation, full solutions are
refused when they would bypass the learning objective, and
access is paced to the syllabus, constraining responses to the
course scope and the student’s current point in the semester.

Hi John! Welcome to class number 9 in topic JOINs and Sub-Queries. How can | help you today?

Hi Michaell What are sub-queries?

Great question! Sub-queries are queries nested inside another query. They're incredibly useful for complex data retrieval. Here's a clean

example that combines a JOIN with a sub-query to find employees whose salary is above the department average:

Performance Optimization )
Types of Sub-queries:

1. Scalar Sub-query

Returns a single value that can be compared inside a larger SQL statement:

SELECT e.name,
d.department_name,
e.salary

EFROM employees AS e

JOIN departments AS d

ON d.department_id = e.department_id
WHERE e.salary > (

SELECT AVG(e2.salary)

FROM employees AS e2

WHERE e2.department_id = e.department_id
)
ORDER BY e.salary DESC;

Hello, John

Fig. 1. Michael chat interface.

A. System Architecture and Interaction Loop

Michael is a personalized three-tier web application that
binds a large language model to a syllabus-scoped knowledge
base and applies the above guardrails at inference time.
Rather than relying on open-ended generation, responses are

grounded in vetted course materials and constrained by the
curriculum position. Additional implementation details
(stack choices, metadata schema, and persistence/logging
design) are reported in Appendix Al. Fig. 2 summarizes the
seven steps of the student assistant interaction loop.

Michael — Query Flow Sequence (Unified Data Layer)

Student ebarp)

Submit SQL-related question |

Forward request

Backend Data
Layer
b

LLM API

Return scaffolded hint/explanation

Retrieve syllabus-aware context

Context bundle |
T

Send query + context |

|
F— ]

Display guidance
0 T

Michael
Webapp

Student

.

LLM API

2

Fig. 2. Student-assistant interaction loop.
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The steps (detailed in Appendix A2) implement a
personalized, curriculum-aware, hint-first dialogue, in which
each turn is grounded in vetted materials and constrained by
the topic reached in the syllabus before response generation,

and per-turn feedback and full telemetry support
instruction-aligned analytics.
IV. METHOD
This section presents the study context, design,

instruments, and analytical strategy used to evaluate Michael,
a syllabus-aware Al teaching assistant for a live, 14-session
undergraduate class on SQL. Following a design-based arc
(pilot, refinement, evaluation) across three semesters of the
course, we report a mixed-methods evaluation. Specifically,
the third semester served as the focal observational
evaluation period to capture classroom dynamics during
stabilized deployment, whereas the pre- and post-use
questionnaire analyses were pooled across all three semesters
to increase statistical power. This distinction ensured a robust
quantitative evaluation of student perceptions while allowing
for an in-depth qualitative focus on instructional integration.

We operationalize the assistant’s effectiveness as a
multi-dimensional, design-based outcome rather than a single
learning-gain metric. Specifically, we evaluate reach and
uptake (who used the tool and when) from interaction logs,
engagement patterns (sessions, turns, intensity, and temporal
dynamics) from logs, user acceptance and perceived
experience (usefulness, ease of use, trust, and Al-related
self-efficacy) from pre-and post-questionnaires, and
instructional integration mechanisms (how students and
instructors incorporated the assistant, including scaffolding
behaviors, breakdowns, and role shifts) from structured
classroom observations analyzed thematically.

The present study was not a controlled learning-outcomes
experiment. We did not collect objective learning-gain
measures suitable for causal inference (e.g., randomized
access, standardized pre/post knowledge tests, or comparable
exam-performance contrasts). Instead, we evaluated
effectiveness in terms of observed instructional processes and
classroom dynamics during use, adoption, and engagement
patterns from logs, and student-reported perceptions (e.g.,
usefulness, ease of use, trust, self-efficacy, and perceived
learning support). Accordingly, references to “learning
improvement” in this manuscript are interpreted as
perceived/experienced learning  support rather than
demonstrated gains in mastery. The research questions for
this study are as follows:

RQ1: How do students adopt and engage with a
syllabus-aware, hint-first assistant across a semester (for

Formative
Pilot

Spring

2025

Structured
Observations

example, in terms of reach, session timing, and interaction
intensity)?

RQ2: How do students’ perceptions of usefulness, ease of
use, trust, and Al-related self-efficacy change from pre- to
post-use during classroom deployment?

RQ3: How is the assistant incorporated into classroom
workflows (student strategies, instructor mediation,
breakdowns), and what mechanisms shape trust and
continued use?

A. Participants and Setting

The study was conducted during a mandatory SQL course
for second-year undergraduate students in the Department of
Industrial Engineering and Management. Each weekly
session comprised a two-hour lecture followed by a two-hour
computer lab. The course was held thrice during one
academic year, with 81, 72, and 39 students enrolled in the
first (winter 2024), second (spring 2025), and third (summer
2025) semesters, respectively. For most, this was their first
formal exposure to SQL. No student had previous experience
with a syllabus-aware Al tutor; although, some reported
informal use of public Al tools. Participation in research
activities related to the Al tutor (surveys, voluntary use of the
assistant during designated sessions, and non-participant
observations) was optional and had no effect on grading.
Participation was voluntary, unrelated to grading, and
students could opt out without penalty. Logs were stored
under access control and analyzed in aggregate, and quoted
field notes were anonymized and, when necessary, lightly
paraphrased to prevent re-identification.

B. Study Design and Procedure

We employed a mixed-methods within-course study
design. The first (winter) semester served as a pilot to identify
technical and pedagogical issues, such as latency, prompt
policy, and interface clarity. During the first trimester of this
semester (course sessions 1-4 of the 14 total), Michael was
unavailable to the students; lectures and lab sessions
proceeded conventionally, supported only by the instructor
and human teaching assistants. Students could access general
web resources, including public Al tools, but not Michael.

In the spring semester, we deployed an improved version
of Michael under stable conditions, accompanied by
structured classroom observations. During the summer
semester, we conducted the focal evaluation reported herein.
All instruments, observation protocols, and procedures were
pre-specified before the first lesson and remained constant
throughout.

Evaluation

Fig. 3. Study timeline and access schedule.

In the summer semester, during which each session
consisted of two classes in a row (the usual 14-week semester
was compressed to 7 weeks with double lessons), the first two
lessons were devoted to obtaining informed -consent,

administering the pre-questionnaire, and course logistics,
with no access to Michael. During sessions 3—6, the assistant
was enabled in six pre-specified sessions in which the
instructor introduced SQL topics. Students were free to
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consult Michael for hints and explanations, and participant
observations were conducted in all intervention sessions. The
last lesson (lesson 7) concluded the course summary and the
study with the in-class post-questionnaire. The temporal
structure of the study, including the alignment with course
sessions, is summarized in Fig. 3.

C. Instruments and Data Sources

Pre/post-questionnaires captured students’ perceptions of
Michael’s usefulness and ease of use, trust and reliability, and
students’ Al-related self-efficacy. We used reliability to refer
to system performance stability (e.g., latency and failures),
trust to refer to students’ judgment of whether the assistant is
dependable and appropriate to rely on, and confidence only
as a colloquial descriptor when not referring to a measured
construct. The construct composition was as follows:
usefulness (two items: Al learning potential and Al learning
improvement), ease of use (one item), complexity (one
reverse-coded item), self-efficacy-comfort/tech/Al (each one
item), Al decision comfort (one item), trustworthiness (one
item), and independence preference (one item). All items
used a five-point Likert scale. Internal consistency was
assessed using Cronbach’s alpha (o) for multi-item scales.
The two-item usefulness scale demonstrated acceptable
internal consistency (a = 0.795). All remaining constructs
were assessed using single-item indicators; therefore, internal
consistency reliability was not applicable to those measures.
Identifiers collected for matching were immediately hashed
and discarded after linkage to ensure participant anonymity.
Analyses of change were restricted to students with matched

pre/post responses for a given scale. Non-participant
observations were conducted during the Michael sessions.
Field notes focused on student strategies,
instructor-student-Al coordination, visible breakdowns (e.g.,
latency and syllabus jump-ahead), and peer modeling of
workflows. Table 1 summarizes the properties, wording, and
composition of the perceptual constructs used in this study.

Application-level telemetry captured user, session, and
turn metadata (timestamps, speaker role, retrieved sources,
like/dislike flags). From these logs, we derived usage and
engagement measures, including unique users, sessions, total
turns, assistant/student turn ratios, messages per session, and
per-student activity summaries. Temporal aggregates were
computed by course session to align with intervention
availability.

A central design goal was to keep assistance aligned with
the course sequence. Michael enforces this primarily through
session/topic-gated retrieval (restricting accessible materials
to the currently enabled session and its associated topics)
alongside refusal policies for direct “final answer” requests.
Although the system logs include retrieval metadata, we did
not compute a formal syllabus-alignment accuracy metric in
this study. Instead, we provide the enforcement mechanism
as part of the system description and qualitative proxy
evidence from classroom observations documenting both
alignment-preserving interactions and occasional
“jump-ahead” incidents that were used as teachable
verification moments.

Table 1. Summary of measurement constructs

Construct Items Example Item Wording Range Direction
Usefulness 2 “The Al assistant improves my learning process in this course.” 1-5 Positive
Ease of Use 1 “The assistant is easy to use and navigate.” 1-5 Positive
Complexity 1 “Interacting with the Al system is overly complex.” 1-5 Reverse
Self-Efficacy (Tech) 1 “I am comfortable using new educational technologies.” 1-5 Positive
Self-Efficacy (Al) 1 “I feel confident in my ability to learn using Al tools.” 1-5 Positive
Al Decision Comfort 1 “I am comfortable letting the Al guide my study steps.” 1-5 Positive
Trustworthiness 1 “I trust the Al assistant to provide accurate and reliable guidance.” 1-5 Positive
Independence Pref. 1 “I prefer to make academic decisions independently without Al input.” 1-5 Positive

D. Data Analysis

1) Quantitative analysis

Descriptive statistics (means, standard deviations, and
95% confidence intervals) were computed for each scale pre-
and post-use of the tool. Pre- and post-change were assessed
using paired t-tests, and Wilcoxon signed-rank tests were
used when the Shapiro—Wilk test indicated non-normality of
the difference scores. Effect sizes were reported with
corrections for the family of scale tests. Exploratory
associations related change scores on each perceptual scale to
engagement metrics from logs (e.g., total messages, number
of active sessions, and “like” ratio) using robust regressions
that controlled baseline levels. Session duration is reported
descriptively as the time between the first and last message in
a chat. Because extreme values can reflect idle browser tabs
or sessions left open, we interpret duration patterns
cautiously and do not treat duration as a primary indicator of
active learning.

2) Qualitative analysis

The observation notes were coded inductively by the lead
researcher in a process that progressed through
familiarization, initial coding, theme generation, review,
definition/naming, and finally reporting [43].
Trustworthiness was supported via an audit trail of
code/theme revisions and the linkage of each theme to
multiple time-stamped vignettes. To mitigate single-coder
bias and enhance analytic rigor, the primary researcher
maintained reflexive memos throughout the coding process,
and two formal peer-debriefing milestones were utilized as
analytic safeguards to challenge, refine, and validate the
emerging thematic structure. Anticipated themes concerned
adoption waves, efficiency-versus-depth tensions, trust
fragility under technical friction, syllabus misalignment
when the Al jumped ahead, and shifts in student-teacher-Al
roles. Convergence coding aligned quantitative signals (e.g.,
shifts in perceived usefulness) with contemporaneous log
trends (e.g., adoption surges after latency fixes) and thematic
evidence from observations. Discrepancies (e.g., high
usefulness alongside comparatively low trust) were examined
explicitly to surface boundary conditions and guide design
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recommendations.

V. RESULTS

We report findings from three complementary sources: (i)
interaction logs quantifying the tool’s reach, intensity, and
temporal dynamics; (ii) student questionnaires assessing
students’ acceptance of the tool, trust in the tool, and
Al-related self-efficacy; and (iii) in-class observations, which
we analyzed thematically. We first discuss usage and
engagement, then questionnaire outcomes, and finally
observational themes, and conclude with a brief triangulated
summary.

A. Usage and Engagement

Engagement metrics were derived from interaction logs
using four complementary indicators. A session was defined
as a continuous chat interaction bounded by the first and last
messages; the number of turns/messages reflected the
number of exchanged messages per session or user and
served as the primary indicator of engagement intensity.
Session duration was computed as the elapsed time between
the first and last messages and was treated as an approximate
proxy, given that sessions may remain open during inactivity.
Finally, engagement inequality across users was quantified

0.035
0.030

0.025

0.020

Density

0.015

0.010

0.005

0.000

using the Gini coefficient, which captures the degree to
which activity was concentrated among a subset of students.
Together, these measures characterize reach, intensity,
temporal dynamics, and the heterogeneity of use.

Throughout the three consecutive semesters, 173 unique
students out of 192 enrolled interacted with the Michael
assistant at least once, representing 90.1% penetration. The
logs contained 1275 chat sessions comprising 33,506
messages. Messages from the assistant numbered 21,693
(64.7%), and the remainder comprised student messages,
consistent with Michael’s hint-forward scaffolding style
rather than free-form student monologues. The median
number of messages per session was 13, and the mean was
26.3, with a substantial upper tail (75th percentile = 37.0;
90th percentile = 69.6; 99th percentile = 152.5), indicating
that although many exchanges were short and targeted, a
meaningful minority developed into extended tutoring
dialogues.

Session duration (Fig. 4), computed as the span between
the first and last message in a chat session, showed a similar
heavy-tailed pattern. The median session duration was
8.7 min (IQR = 2.0-75.3 min), highlighting a heavy-tailed
pattern in which the vast majority of sessions were brief, yet
durations at the 90th percentile extended to 190.7 min.

=== Median
75th percentile
=== 90th percentile

0 50 100 150

200 250 300

Session duration (minutes)
Fig. 4. Session duration distribution (minutes) in log scale, computed as the time between the first and last message in each chat.

At the user level, engagement followed a skewed
distribution (Fig. 5). The Gini coefficient was 0.519, with the
top 10% of users responsible for 35.6% of all messages. The
median activity per user was 120 messages (mean = 193.5,

0.008

0.006

Density

[

0.004

0.002

0.000

SD =208.4). The resulting long-tail distribution indicates the
coexistence of brief, just-in-time troubleshooting and fewer
but deeper mentoring exchanges.

=== Median
=== Mean

0 200 400

600 800 1000

Messages per student

Fig. 5. User engagement distribution, showing total assistant-related messages per user across the semester.
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The logs show that Michael was widely used whenever it
was available, with students engaging in two distinct ways:
quickly for focused troubleshooting or at greater length for
more conversational tutoring. The fact that most turns came
from the assistant fits its intended guidance-first design. A
few unusually long sessions point to the need for better
timeout rules, and the mix of short, simple interactions and
longer, deeper interactions highlights the importance of
supporting both “fast help” and “extended mentoring” modes
in future versions.

B. Questionnaire Outcomes

We examined student perceptions using pre- and post-use
questionnaires. To evaluate the tool across its iterative
deployment and maximize statistical power, analyses of
pre/post changes were aggregated across all three semesters.
Out of 192 enrolled students, 173 interacted with the system,
and 170 successfully completed both the pre- and post-use
questionnaires (an 88.5% response rate from total
enrollment). For cross-sectional analyses across distinct
deployment phases (after duplicate removal), valid post-use
samples included 75 respondents in Semester 1 (pilot), 61 in
Semester 2 (refinement), and 39 in Semester 3 (stabilized
deployment).

1) Analysis by phase

Across the three phases, a clear path emerged: early
enthusiasm, mid-course friction, and eventual stabilization.
Students rated the system’s ease of use as high during the
pilot (4.47), but this dipped noticeably in the refinement stage
(4.00) before recovering once deployment settled (4.31).
Perceived usefulness followed the same arc. Both learning
potential and learning improvement started out strong (4.48
and 4.39), declined in semester 2 (4.07 and 3.90), and then
rebounded in the final phase (4.33 and 4.21).

Complexity showed the opposite trend. Students found the
system noticeably harder to handle during refinement (2.80,
compared with 2.09 in the pilot), although this ecased
somewhat later (2.56). Trust hovered near the middle of the
scale throughout (3.41, 3.34, 3.49), suggesting that students
neither fully trusted nor fully relied on the system as an
authority. Comfort with learning solely through Al was the
measure with the lowest values: it remained consistently
below the midpoint (2.67, 2.95, 2.69), underscoring students’
hesitation about using Al as a stand-alone teacher. Finally,
the desire to make independent decisions without Al input
increased briefly during refinement (3.16) before returning to
its earlier level once the system stabilized (2.90).

Taken together, these data show that the trajectory mirrors
the standard rollout narrative: novelty drove early
excitement, technical and pedagogical frictions surfaced
mid-way, and stabilization restored confidence. The
steadiness of trust indicates that students viewed the assistant
less as an oracle and more as a guide, precisely the
scaffolding role it was designed to play (Davis, 1989).

2) Analysis of pre/post questionnaires

For 170 matched pairs, we tracked how individual
students’ views shifted after direct experience with the
assistant. Several small but consistent changes appeared. The
ease of use increased from 4.23 before exposure to 4.43
afterward, a statistically reliable gain. Perceived learning

potential also increased slightly. At the same time,
complexity ratings increased by approximately one-third of a
scale point, suggesting that hands-on use increased students’
awareness of the system’s inner workings. Interestingly,
ratings of learning improvement dipped slightly, hinting that
once students engaged with real tasks, their initial optimism
gave way to a more measured judgment.

Self-efficacy and attitude measures (such as comfort with
independent learning, comfort with technology, comfort with
Al, willingness to delegate decisions, trust, and preference
for independence) showed only minor, mostly
non-significant shifts. The exceptions were a small but clear
rise in trust (from 3.29 to 3.58) and a parallel increase in
preference for independence. Taken together, these shifts
suggest that students became more comfortable with the
system while reaffirming their own agency.

The correlational patterns tell a more layered story. Ease of
use correlated only modestly with trust (p = 0.22 at pre-test,
0.26 at post-test), indicating that usability mattered, but trust
depended on other factors as well. These patterns are
summarized in Fig. 6, which displays the full inter-scale
correlation matrix at the post-snapshot. In contrast, ease of
use was consistently and strongly tied to perceived
usefulness. Comfort with Al decision-making tracked closely
with trust, with high correlations (p range 0.68—0.76) across
phases. Preference for independent decision-making showed
the opposite relationship, being consistently negatively
correlated with trust, although this association weakened
over time.
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Fig. 6. Post-snapshot inter-scale correlation matrix (Spearman p).

Some relationships changed meaningfully across phases.
The link between ease of use and perceived learning
improvement weakened sharply: at first, a smooth interaction
was equated with learning; however, by the third semester,
students separated usability from learning outcomes.
Similarly, the relationship between complexity and trust
flipped in direction: early on, greater complexity was seen as
a sign of seriousness, while later, it eroded confidence.
Comfort with general technology and comfort with Al-only
learning were consistently negatively related, underscoring
that digital fluency in one area did not automatically carry
over to the other.

Overall, the results point to trust as reflecting a
multi-dimensional judgment. Although ease of use had an
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effect, trust in the tool was shaped by a broader constellation
of factors, including perceptions of usefulness, decision
delegation, and independence, rather than being a simple
extension of usability.

C. Observational Themes

Following Braun and Clarke’s six-phase procedure, our
classroom observations yielded five interlocking themes that
explain how students incorporated the Michael tool into their
work and why the quantitative signals look the way they do.
Across themes, we repeatedly observed the same causal
micro-mechanism (event, reaction, consequence). For
example, a failure or slowdown in the app would lead to a
switch to a generic chatbot and thus an immediate dip in trust.
The main themes in our conclusions are as follows:

Adoption waves and social contagion. Early adopters
modeled effective “hint-first” querying; usage spread as
peers copied strategies and stabilized after reliability fixes.
This trajectory mirrored the mid-semester surge in unique
users and messages.

Efficiency vs. depth tension. Students often invoked
Michael for “grunt work™ (such as creating a schema or table
from scratch) while attempting a core query themselves; in
parallel, a minority sought final answers on complex items,
raising fears of “parroting” rather than understanding. A
succinct classroom remark captured the concern: “They act
like parrots.” This tension mirrors the two usage modes in the
logs (brief troubleshooting vs. extended dialogue) and
underpins the call to design educational Al tools to preserve
scaffolding without shortcutting reasoning.

Trust fragility in relation to reliability shocks. Trust
oscillated with latency, crashes, and login frictions. In a
typical sequence, Michael “not working” or being “slow” led
students to immediately pivot to the generic and most-used
Al tool, ChatGPT (a trust dip). After bug fixes/user interface
improvements, enthusiasm and trust recovered (“Well done
for improving the app”). The result is cautious,
technology-contingent trust that helps explain the
quantitative pattern of high ease, tempered confidence, and a
weakened ease and trust linkage after routine exposure.

Syllabus-technology gap and critical checking. At
times, the tool’s guidance jumped ahead in advance of formal
coverage of an area of the syllabus, prompting confusion and
valuable moments of critical reasoning. Instructors leveraged
these slips to re-anchor the scope and model verification
strategies, turning misalignment into teachable checks.

Reconfigured classroom roles. As Michael absorbed
routine clarifications, students approached the lecturer less
frequently for quick fixes, and instructors increasingly
initiated contact to press further about simple, routine
questions, shifting the focus of authority toward
metacognitive coaching. The notes describe an emergent
“triangle of agency” (student, Al, and lecturer) and the need
for the lecturer to reassert the framing role.

Themes co-varied systematically: adoption experiences
directly shaped trust (1 and 5), the efficiency-depth dilemma
sharpened when the Al proposed advanced content (2 and 4),
and role reconfiguration (5) formed the backdrop to all other
dynamics. Thematic evidence clarifies the quantitative
profile:

e Adoption concentrates when availability and stability

improve.

e Perceived usefulness and ease remain high, but trust
tracks reliability shocks.

e Aligning with the observed post-exposure decoupling of
ease from trust.

e The efficiency-depth trade-off explains students’ mixed
preferences for stepwise hints versus more directive help
and supports an instructor stance centered on
metacognitive prompts.

VI. DISCUSSION

We designed and deployed “Michael,” a syllabus-aware,
Socratic Al assistant for an undergraduate SQL course for
students from the Faculty of Engineering, and evaluated it
across a 14-session semester for three consecutive semesters
with almost 200 students, in which the course Al assistant
was intentionally enabled during the class session. A
mixed-methods design triangulated fine-grained interaction
logs, pre/post-questionnaires (usefulness/ease, trust, and
Al-related self-efficacy), and thematic analysis of
non-participant  classroom observations. The system
implements pedagogy as a constraint (hint-first dialogue,
session-gated retrieval to prevent jumping ahead in the
course syllabus, and refusal to provide final answers) and
logs all interactions for analysis.

We position Michael through three complementary lenses
that operate at different levels of explanation. TAM explains
whether students will adopt the assistant and whether
perceived usefulness and ease of use shape intention and
continued use. CLT explains how interaction design can
support learning processes: hint-first scaffolding and
curriculum-aligned retrieval are intended to reduce
extraneous load (e.g., irrelevant or overly advanced
information) while preserving germane processing through
stepwise reasoning. Social learning explains how use diffuses
and stabilizes in classrooms: students learn “how to use” the
tool by observing peers and negotiating roles with instructors,
which reshapes norms (e.g., verification practices,
help-seeking routines) and determines whether the assistant
becomes a shared resource or a contested shortcut. Together,
these lenses provide a coherent account of adoption,
experience, and classroom integration.

A. Main Findings
The following findings describe adoption, perceived

usefulness/trust, engagement patterns, and classroom

integration mechanisms, rather than causal effects on
objective learning gains.

o Adoption and engagement. Michael achieved broad
reach with a bifurcated usage pattern: many short,
just-in-time exchanges coexisted with a smaller number
of extended dialogues, and engagement was concentrated
during the planned availability windows. Activity was
moderately unequal (long-tailed), consistent with other
experiences with classroom technologies in which a core
of early adopters sustains deeper help-seeking while
others dip in for quick hints; this is an expected social
diffusion profile in visible, shared learning
environments [44].

e Perceptions and trust. Usability remained high and
stable, whereas trust was lower and sensitive to reliability
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shocks (latency/outages). Notably, the pre-exposure
association between ease and trust disappeared after
routine use, indicating that post-exposure trust was driven
less by interface comfort and more by perceived
reliability, aligning with the technology acceptance
model’s emphasis on expectancy-experience
alignment [36, 37].

® Mechanisms from observations. We identified five
recurring themes that explained the patterns we observed.
First, students picked up usage in waves, often after
watching their peers model how to use the tool. Second,
there was a tension between efficiency and depth:
students used Michael for setup help but sometimes
pushed for full answers. Third, trust proved fragile, and
technical glitches reduced students’ trust in the tool;
however, trust recovered after the fixes. Fourth,
jump-ahead moments occasionally surfaced in which the
assistant previewed material later in the course syllabus,
which helped clarify the scope and pacing. Finally,
classroom roles shifted: as Michael handled routine
questions, instructors focused more on coaching students’
thinking. From the viewpoint of CLT and scaffolding,
these behaviors make sense. Offloading setup tasks can
reduce unnecessary load if guidance stays within
students’ learning zone. However, providing full
solutions too early risks bypassing the need for students to
process information more deeply. This highlights why the
hint-first design and session-by-session guardrails are
valuable [4, 8, 9, 45].

o Pedagogy as system behavior. Encoding the mentor
stance at inference time via retrieval limited to vetted,
session-appropriate materials and behavior prompts that
refuse final answers appeared feasible in this classroom
deployment and was perceived as educationally useful by
students and instructors. When the system showed
adequate reliability, this configuration supported timely,
syllabus-aligned help without displacing instruction,
consistent with evidence that tutor-like feedback
complements  (rather  than  replaces)  human
teaching [5, 45].

B. Interpretation

From a TAM perspective, the combination of stably high
ease of use and variable trust, though measured here via
single-item indicators that capture broad student sentiment
rather than multidimensional scale constructs, indicates that
acceptance was gated by reliability rather than usability per
se. The decoupling of ease from trust after routine exposure
suggests that once interaction costs were low, students’
judgments hinged on whether the system behaved predictably
under load; outages and latency likely created expectancy
violations that suppressed trust in the tool despite its
perceived usefulness [36, 37]. In short, usability was a
necessary but insufficient condition for acceptance. Across
semesters, reliability appeared to function as a key
precondition for trust and sustained use: periods of latency or
failures were followed by rapid shifts to generic tools, while
stability improvements coincided with renewed uptake.

CLT provides a complementary account of how students
used Michael. Offloading routine setup (e.g., schema
reminders or parameter scaffolds) plausibly reduced

extraneous load, whereas hint-first dialogue preserved
germane load for core SQL reasoning. Session-gated
retrieval kept guidance within learners’ proximal zone, and
the explicit refusal to provide final answers helped prevent
the short-circuiting of productive struggle [8, 9]. Occasional
jumping-ahead incidents marked the boundary case: they
momentarily raised intrinsic load but also enabled teachable
moments of scope control and verification, reinforcing
metacognitive habits rather than passive answer-taking.

The temporal pattern of adoption aligns with social
learning theory. Early adopters modeled effective “hint-first”
querying in public classroom contexts, and their visible
success catalyzed the tool’s diffusion once it became reliable
and embedded in routine activities [44]. This social contagion
helps explain the long-tailed engagement profile and the
observed shift in instructional roles: as routine clarification
moved to the assistant, instructors increasingly occupied a
coaching space, directing attention to why a solution works
rather than merely providing that solution.

Classroom Al raises equity and governance concerns that
extend beyond usability. Access disparities (device quality,
connectivity, language proficiency, and disability
accommodations) may shape who benefits from Al support.
Dependency risks are nontrivial, even with hint-first
scaffolding; some students may over-rely on Al outputs or
seek shortcuts, requiring explicit norms, verification
prompts, and instructor oversight. Bias and error risks persist
in LLM responses, and transparency about system limits,
logging, and refusal policies is essential, as is preserving
student agency (the assistant as guide, not authority). Finally,
privacy protections and data minimization, controlled access
to logs, anonymization, and clear consent procedures that
separate participation from grading and ensure students can
opt out without penalty are necessary.

C. Limitations and Future Work

This study is limited to a single course and institution,
which limits its generalizability. Reliability fluctuations early
in the semester confound the attribution between pedagogy
and stability. Students retained access to the public Al during
comparison sessions, thus introducing contamination. Some
analyses are sensitive to instrumentation: idle tabs inflated
session durations, and not all scales yielded fully paired
pre/post samples. Additionally, trust and several other
perceptual constructs were measured using single-item
indicators. While necessary to minimize survey fatigue
during brief classroom intervals, single-item measures
restrict construct depth and preclude formal internal
consistency testing, which may limit the reliability of these
specific findings. Like all self-report measures, these are also
subject to familiar response biases. Collectively, these
constraints temper causal claims while still offering
actionable design signals. The tool is likely to be easily
extensible to additional technological courses in the fields of
engineering and computer science.

Future studies should address three main directions. First,
increase the reliability of the tool and its instrumentation by
defining service-level objectives, deploying circuit breakers,
requesting de-duplication, and providing short-lived caching
for frequent syllabus snippets. Upgrade observability with
client/server heartbeats for accurate session processes and
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flows, idle-timeout heuristics, and per-turn provenance that
links each hint to its retrieved evidence and policy gates.
These steps will stabilize trust and sharpen measurement
fidelity. Second, stage the pedagogy and equip instructors:
phase onboarding (orientation, guided use, autonomous
practice) with guardrails surfaced within the user interface.
Introduce a lightweight hint taxonomy and brief “Al-answer
critique” activities and provide a live instructor dashboard
alongside metacognitive prompt libraries to support the
coaching role. Third, tighten evaluation designs: use
counterbalanced or randomized access across sections;
ensure fully paired identifiers for all scales; add objective
outcomes (task correctness, error types, time to solution) plus
delayed-transfer assessments; and pre-register contrasts that
decouple reliability (uptime/latency strata) from pedagogy
(hint depth, gating strictness), with policy-level A/B toggles
to estimate causal effects. Michael is currently an assistant to
help with lab classes, but the same mechanism is suitable for
various additional pedagogical capabilities that can be
integrated during an academic course, such as homework,
exams based on study material, and providing enrichment for
those interested.

VII. CONCLUSION AND IMPLICATIONS

This study presents “Michael,” a syllabus-aware, hint-first
Al teaching assistant designed for technical/procedural
higher education contexts. Rather than positioning the system
as a replacement instructor, we implemented pedagogy as a
constraint, session/topic-gated retrieval aligned to the course
sequence that privileges hints over final answers, and refusal
behaviors intended to reduce shortcutting. Across three
consecutive semesters of in-class deployment in an
undergraduate “Database” course based on the SQL language
for second-year students at the faculty of Engineering, our
mixed-method evaluation triangulated interaction logs,
student questionnaires, and classroom observations to
characterize adoption, perceived usefulness/ease of use, trust
dynamics, and emergent classroom roles.

The main contribution is a design blueprint evaluation
pattern for curriculum-aligned educational Al. Practically,
the results highlight several takeaways for instructors and
ed-tech designers, as follows:

e Reliability is a precondition for trust in classroom Al, in
which small technical frictions can quickly drive students

back to generic tools.
Client Tier
(Next.js Frontend)
Michael Interface }

Application Tier
(Node.js Backend)

e Gating and scaffolding policies reduce (but do not
eliminate) syllabus drift, and “jump-ahead” moments can
be leveraged as teachable verification prompts.

e Students naturally bifurcate into short “just-in-time” help
and longer mentoring-style dialogues, suggesting that
interfaces should support both fast troubleshooting and
extended reasoning.

e The deployment of Al reshapes classroom roles toward a
“triangle of agency” (student-Al-instructor), increasing
the value of instructor oversight and metacognitive
coaching.

® A shift in instructional and learning focus from repetitive
technical setup to higher-order conceptual and design
decisions, facilitated by offloading routine coding tasks to
an Al assistant.

The results underscore that classroom Al adoption is
shaped not only by model capability but also by pedagogical
constraints and classroom norms. Topic-gated alignment and
hint-first scaffolding appear to reduce syllabus drift and
shortcutting pressures while preserving the instructor’s role
as the authority for validation and assessment. At the same
time, trust remains fragile, and reliability issues can rapidly
push students toward generic tools, suggesting that stable
performance and transparent limitations are prerequisites for
sustained, curriculum-aligned use.

APPENDIX

A. System Architecture and Interaction

1) System architecture

The client tier is a Next.js chat interface that streams
replies and records per-message likes/dislikes. The
application tier centers on a retrieval orchestrator that
mediates all model calls and application telemetry. A
dedicated Model Context Protocol (MCP) service injects
runtime metadata (such as course session, topic, language
preference, and availability flags) to keep guidance
synchronized with the syllabus. MongoDB persists users,
sessions, messages, and feedback for evaluation and
reliability monitoring. The model & data tier comprises the
Language Model (LLM) API, a vector database indexing
vetted course artifacts (slides, assignments, examples), and a
versioned course data store used for ingestion and updates.

Model & Data Tier \

~VYAA

Retrieval Orchestrator

-

MongoDB

L

1 —
p
Model Context Protocol ] [

N
e
S

. N

v
[ Vector DB j Course Store

Fig. Al. System architecture of Michael.
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Retrieval is limited to vetted artifacts and filtered by the
MCP session and topic. For each turn, the orchestrator
composes a prompt package with retrieved snippets, MCP
metadata, and the behavior policy encoding Michael’s
mentor stance (Socratic dialogue, hint-first scaffolding,
refusal to provide final solutions or to jump ahead).
Lightweight post-processing rejects out-of-scope generations
and reroutes students to prerequisites or brief, clearly labeled
previews when needed (Fig. Al).

2) Student interaction steps

® Query submission (client). The student (after providing
personal login authentication) asks a question in the
Next.js chat. The client includes session identifiers and
the prior turn’s feedback state to maintain conversational
continuity.

® Reception and enrichment (application). The backend
receives the message and enriches it with MCP metadata
(current calendar session, topic, feature flags) to align the
request with the syllabus.

e Syllabus-scoped retrieval. The Retrieval Orchestrator
queries the vector DB for vetted snippets filtered by MCP
session/topic and compiles a prompt bundle (student
query + retrieved snippets/citations + behavior policy).

e Generation under guardrails (model and data). The
bundle is sent to the LLM API. A lightweight compliance
pass rejects drafts that are out of scope or reveal solutions
and, if necessary, re-prompts with stricter constraints.

e Streaming scaffold (client). The final reply is streamed
in short turns that end with a probing question or next step
to encourage self-explanation. If the query relates to
material outside the scope of the covered session, the
reply to redirects to prerequisites or offers a brief, labeled
preview rather than jumping ahead.

o Feedback and logging (application). The student can
like or dislike the message. The system logs messages,
timestamps, retrieval context, and feedback to MongoDB,
enabling later analyses of stumbling blocks and reliability
monitoring.

e Iterative loop and exit. The dialogue iterates until the
question is resolved or the system detects that the
discussion has stagnated, at which point Michael
summarizes progress and suggests next-step study actions
or instructor follow-up.
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