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Abstract
Providing personalized, detailed feedback at scale in large under-
graduate STEM courses remains a persistent challenge. We present
an empirically evaluated practice exam system that integrates AI
generated feedback with targeted textbook references, deployed in
a large introductory biology course. Our system specifically aims
to encourage metacognitive behavior by asking students to explain
their answers and declare their confidence. It uses OpenAI’s GPT-
4o to generate personalized feedback based on this information,
while directing them to relevant textbook sections. Through de-
tailed interaction logs from consenting participants across three
midterms (541, 342, and 413 students respectively), totaling 28,313
question-student interactions across 146 learning objectives, along
with 279 post-exam surveys and 23 semi-structured interviews, we
examined the system’s impact on learning outcomes and student
engagement. Analysis showed that across all midterms, the differ-
ent feedback types showed no statistically significant differences in
performance, though there were some trends suggesting potential
benefits worth further investigation. The system’s most substan-
tial impact emerged through its required confidence ratings and
explanations, which students reported transferring to their actual
exam strategies. Approximately 40% of students engaged with text-
book references when prompted by feedback—significantly higher
than traditional reading compliance rates. Survey data revealed
high student satisfaction (M=4.1/5), with 82.1% reporting increased
confidence on midterm topics they had practiced, and 73.4% indi-
cating they could recall and apply specific concepts from practice
sessions. Our findings demonstrate how thoughtfully designed AI-
enhanced systems can scale formative assessment while promoting
sustainable study practices and self-regulated learning behaviors,
suggesting that embedding structured reflection requirements may
be more impactful than sophisticated feedback mechanisms.
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1 Introduction
It is a truism among faculty that students do not read the textbook
[10, 16]. In contrast, our experience is that students are strongly mo-
tivated to tackle practice exams in the run-up to actual exams [6, 40].
This paper describes an experimental deployment, in a class of 1002
students, of a system we developed that aimed to turn practice
exams into a teaching tool. While the AI features meant to be the
system’s centerpiece did not drive improvements in student exam
performance, two other deliberate design choices aimed at shaping
student engagement with the AI feedback—requiring students to 1)
rate their confidence and 2) explain their reasoning while attempt-
ing every question—were unexpectedly impactful. These features
had unanticipated positive effects on students’ metacognition, in-
ternal motivation, and long-term exam preparation strategies.

To make multiple-choice practice exams more interactive we
developed a tool that could give students formative feedback [19,
28] on their answer choices, rather than simple right and wrong
responses. We used a Large Language Model (LLM) to either (i)
guide students to an appropriate place in the textbook to acquire
the knowledge they needed to answer correctly or (ii) generate
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textual guidance about the material the student was getting wrong.
To make this feedback more targeted, our design required that
each student explain their answer when they submitted it; this
explanation could help the LLM understand what the student did
not understand, in order to steer them to the right textbook section
or to generate suitable corrective guidance. Based on analysis of
prior educational feedback literature, we also surmised that it would
be beneficial to record students’ confidence in their answer, and use
that to further customize the feedback [19, 28].

We ran a randomized controlled trial in a 1002-student general
biology class, comparing these two feedback approaches (guide-
to-textbook and AI-generated feedback) to a control that only told
students whether their answers were correct. Contrary to our ex-
pectations based on prior work on elaborated feedback, we found
no significant difference between treatment conditions. Instead, the
most substantial impact came from the metacognitive requirements
we had initially included as supporting elements for the feedback
system. This finding suggests that structured reflection may be
more valuable for student learning than the specific content of
feedback provided.

While the benefits of practice testing arewell-documented [6, 40],
providing effective, personalized feedback to large student popu-
lations remains a significant challenge [4, 56]. The emergence of
sophisticated AI systems capable of generating contextual feed-
back offers promising new approaches to this challenge [50, 55],
especially when considered within the framework of self-regulated
learning and student success [19, 56], though careful integration is
needed to balance AI assistance with student agency [1].

Traditional practice exam approaches face several key limita-
tions. Static feedback and delayed grading often fail to provide
students with the timely guidance they need [4, 29], while faculty
time constraints make it difficult to offer detailed, personalized
feedback to hundreds of students [45]. Furthermore, students fre-
quently focus on their numerical grades rather than developing
deeper understanding of the course material [53, 56]. This tendency
is exacerbated by the perceived disconnect between exam perfor-
mance and specific textbook content, making it challenging for
students to effectively address their knowledge gaps [9, 26].

Because students are motivated by practice exams, we aimed
to turn them into better teaching tools by providing customized
feedback on student responses. The theory of effective feedback
systems draws from several key education research areas. Self-
regulated learning theory emphasizes the importance of helping
students develop metacognitive strategies and self-assessment skills
[19, 56]. Student confidence plays a crucial role in both learning and
assessment, influencing how feedback is received and integrated [19,
28]. This work suggests that effective feedback systems should not
only provide accurate information, but also support students in
developing better study strategies and engaging more meaningfully
with course materials.

Despite growing interest in AI-enhanced educational tools, sig-
nificant gaps remain in our understanding of their effectiveness.
Limited research exists on AI-generated feedback in authentic
learning contexts, particularly regarding how different types of
feedback compare in supporting student learning. While research
has established a connection between student confidence and the
effectiveness of feedback [19, 27], its application in the context

of AI-powered feedback remains unexplored. While research has
established ways to improve alignment between instruction and
assessment [2, 9], the impact of directly connecting feedback to
specific textbook content remains unexplored, particularly in the
context of AI-enhanced learning systems at scale.

To address these gaps, this study investigates two areas:
RQ1: Does supplementation of traditional midterm exam study

resources with an AI-powered practice exam system with textbook
linking impact student exam performance and related study behav-
iors?

RQ2: How do design elements of the system accompanying AI
feedback influence student attitudes, engagement, and self-regulated
learning behaviors?

This study introduces a novel approach to practice exam
feedback by combining AI-generated explanations with di-
rect textbook references, implemented in a large enrollment
undergraduate biology course. The use of required confi-
dence ratings and student explanations as personalized in-
puts for the LLM also introduces a new dimension to the AI
feedback literature. By examining both learning outcomes and
student engagement patterns, we contribute to the understanding
of how technology can enhance educational feedback at scale.

2 Related Work
2.1 Feedback in Educational Settings
Prior work has established foundational insights into how timing
and type of feedback could influence the quality of learning.

Studies have shown that merely indicating correctness provides
insufficient scaffolding for conceptual growth, whereas elabora-
tive feedback explaining why an answer was correct or incorrect
fostered better retention and application [28]. Researchers have
devised models to assess effective feedback using three major ques-
tions asked by teachers and/or students: 1)Where am I going? (goal
alignment), 2) How am I going? (progress evaluation), and 3)Where
to next? (future guidance) [19]. This framework emphasizes moving
beyond binary correctness indicators to address cognitive processes
and self-regulation, aligning feedback with learners’ developmental
trajectories. This distinction has been corroborated by longitudinal
cognitive diagnostic assessments, which found that cognitive diag-
nostic feedback tailored to learners’ mastery of specific attributes
significantly outperformed traditional correct-incorrect response
feedback in challenging domains [50]. Similarly, studies have shown
that high-information feedback (combining task-level correctness
with self-regulation from monitoring attention, emotions, or moti-
vation during learning) yielded better effects than simple forms of
reinforcement or punishment at the task level [19, 34, 56]. Such find-
ings underscore the importance of granular, attribute-level feedback
in addressing knowledge gaps.

Timing further modulates feedback’s utility [19]. Immediate
feedback seems more effective for learning procedural skills and
correcting errors in practice, while delayed feedback appears to bet-
ter support long-term retention of conceptual knowledge [4, 29, 50].
Finally, learner confidence and self-assessment profoundly influ-
ence feedback efficacy, as overestimations or underestimations of
competence can distort receptivity. Researchers found that stu-
dents who were confident in their answers benefited most from
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simple feedback about correctness, while students with low confi-
dence needed more detailed guidance explaining underlying con-
cepts and connecting them to foundational knowledge they might
be missing [19, 27]. Furthermore, research has shown that self-
regulated learners—those adept at monitoring and adjusting their
strategies—derive more benefit from feedback than peers reliant
on external guidance, emphasizing the interplay between feed-
back design and metacognitive skills [5]. This approach leverages
metacognitive awareness, enabling learners to reconcile discrepan-
cies between perceived and actual understanding.

Our study builds upon these foundational insights by integrating
automated feedback with confidence-aligned strategies and text-
book references, aiming to provide personalized, high-information
feedback at scale while promoting self-regulated learning behaviors
in a large undergraduate biology course.

2.2 Textbook Reading Practices in Higher
Education

While academic reading fosters disciplinary discourse and improves
writing skills [23, 33, 43], studies across disciplines reveal low com-
pliance with reading assignments, with as few as 27% of students
completing readings before class [10] and 72% admitting to rarely or
never reading on schedule [11, 46]. Reasons for this include compet-
ing demands on time, lack of motivation, andmisalignment between
student and faculty expectations [39, 41, 47]. While motivated stu-
dents with a high need for cognition or mastery-oriented goals
may engage with textbooks more deeply [14, 47], others perceive
reading as effortful and unnecessary if lectures or other resources
provide sufficient information [37, 42, 46, 53]. Furthermore, stu-
dents struggle when faculty do not explicitly integrate assigned
readings into classroom discussions or assessments, reinforcing the
perception that reading is optional [3, 16, 21, 35, 47].

Scholars have devised ways to improve student engagement with
reading assignments. Prior work has found that introducing just-in-
time quizzes during reading or in-class quizzes following a chapter’s
reading assignment can improve reading habits [18, 20, 22, 25, 46].
Beyond quizzes, question-based approaches foster self-assessment;
research has also found that asking students to pose a question after
reading the textbook enhances comprehension and leads to better
exam performance [36, 54]. Critical scoped reading has also been
emphasized through structured prompts [52]. Different reading
formats have also been explored. While some studies suggested
readers (a thematic compilation of excerpts from different authors
grouped to explain a topic), over traditional textbook formats for
increasing engagement and critical thinking [22], others found text-
book format choice had little impact [15]. Other approaches, such as
experiential learning models [48] and self-monitoring strategies [7],
also aim to enhance reading compliance and academic performance.

Current practices also reveal fundamental gaps between course
materials and assessments. Recent work highlights that assessment
and instruction are often conceived as separate in both time and pur-
pose: without explicit links between both, students struggle to rec-
ognize how instructional materials—including readings—contribute
to building the skills needed for success on exams [26]. The construc-
tive alignment framework [2] emphasizes the need for assessments
that are directly tied to instructional content, ensuring coherence

between teaching methods, evaluation, and learning objectives. Em-
bedding instructional resources directly into assessments may also
provide students with immediate access to relevant materials at
critical learning moments [9], addressing the challenge of expecting
students to independently seek out these resources. Strengthening
the link between course materials, assessments, and feedback can
support deeper engagement and knowledge retention.

Our study addresses these gaps by embedding links to rele-
vant textbook sections within practice assessments, alongside AI-
generated personalized feedback. We frame these references as
optional, goal-oriented learning supports—designed not as required
reading, but as resources students can actively use to deepen their
understanding of course objectives and see clear, actionable con-
nections to the exam questions they find most relevant.

2.3 AI Systems in Educational Assessment
Researchers found that generative AI offers the potential to deliver
immediate and diverse feedback, along with opportunities for self-
assessment, across a wide variety of learning contexts. This can
encourage students to study independently and develop strong self-
regulation, including goal setting, self-monitoring, self-assessment,
and adaptive learning strategies [57]. For example, recent papers
argue that AI-powered assessment tools can analyze student ex-
planations, identifying concepts and scientific principles that may
be missing or misapplied, while also making suggestions for how
instructors can use these data to better guide student thinking [26].
LLM-powered reflection prompts have been shown to significantly
improve student learning outcomes at scale [30]. Additionally, re-
searchers reported that AI-based tools enhance real-time formative
feedback by supporting personalized learning, adaptive test adjust-
ments, and real-time classroom analysis, with students expressing
strong support for these capabilities [55].

Despite these potential benefits, AI-powered feedback presents
several challenges. AI systems may assess student responses us-
ing criteria different than course instructors’, potentially leading
to misaligned feedback without sufficient course-specific context
[38, 57]. Students who use LLMs as personal tutors by conversing
about the topic and asking for explanations benefit from usage,
whereas learning is impaired for students who excessively rely
on LLMs to solve practice exercises for them [31]. This suggests
that AI-powered feedback is most effective when used as a supple-
ment to student engagement rather than as a replacement for active
learning. Excessive reliance on AI feedback can discourage students
from developing important critical thinking skills through indepen-
dent problem-solving [24]. A recent study also showed AI feedback
deployed at scale that addresses several effective feedback compo-
nents at the task and process level but still misses self-reflection
feedback elements needed to motivate students [13].

Existing studies on AI-generated feedback in education also face
limitations due to small sample sizes [17, 49], indicating the chal-
lenge of assessing the generalizability of AI-based interventions
in different educational contexts. Several challenges complicate
large-scale deployment of AI-powered assessment tools: instructors
need time to learn and integrate new assessment types into their
courses, technical infrastructure must be reliable and accessible to
all students, and the systems must maintain consistent performance
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throughout the term [45]. The need for instructors to verify the
accuracy and pedagogical appropriateness of AI-generated feed-
back increases resource demands when implementing personalized
feedback at scale [38].

In this paper, we present a novel practice exam tool for midterm
preparation that combines AI-generated feedbackwith self-regulatory
learning components. We propose strategies to balance automation
with pedagogical rigor, ensuring that AI-driven feedback enhances
learning through structuredmetacognitive elements like confidence
ratings and reasoning explanations. Analyzing the effects of AI-
generated feedback at scale, we build on previous controlled studies
of automated feedback [32].

3 System Design and Implementation
Our system aimed to provide a deeper version of the typical inter-
active practice exam experience for a 1002-student undergraduate
biology course. The designed workflow is as follows:

(1) We created a question bank of 400 multiple-choice practice
exam questions (150 image-based) across the three midterms,
each labeled with relevant learning objectives. We then pre-
pared a small number of practice exams each drawing 25
questions from the question bank.

(2) Given a particular practice exam, in test mode (Figure 1)
students answer each question. In addition to choosing a
multiple choice answer, students must indicate a confidence
level and provide an explanation for their choice

(3) In review mode (Figure 2) the system provides feedback on
each answered question. In addition to reporting right-or-
wrong, the system can provide textbook links to relevant
content, and/or custom feedback generated by an LLM from
the student’s choice, confidence, and explanation.

Figure 1: Test mode interface where students provide their
answer, confidence rating, and reasoning.

Figure 2: Review mode interface showing condition-specific
feedback and textbook references in a scrollable panel.

3.1 Question Bank Development and Learning
Objectives

We worked with the course instructor to validate learning objective
mappings for approximately 400 multiple-choice questions from
previous exams, including 150 image-based questions. To ensure
reliable AI feedback generation, we identified relevant textbook
sections and generated comprehensive summaries for each learning
objective using Claude 3.5 Sonnet, which were then validated by the
instructor. These summaries and textbook mappings were included
in feedback prompts to constrain GPT-4o’s responses to validated
biological content rather than its general knowledge, significantly
reducing the risk of hallucination. The entire data preparation
process took over 30 hours.

3.2 Practice Exam Implementation and
Deployment

The practice exam structure mirrored the actual midterm format
while incorporating experimental elements. Each practice exam
contained 25 questions, carefully selected to ensure coverage of
all relevant learning objectives while maintaining the integrity of
the condition assignment system. Students were required to pro-
vide both a confidence rating and written explanation for each
answer before proceeding. Motivated by the related work on effec-
tive feedback timing, we implemented a two-phase approach. In
the initial attempt phase, students answered all questions without
immediate feedback. Upon completing the entire exam, students
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entered a review mode that presented their responses alongside
condition-specific feedback. This design choice was informed by
research suggesting benefits of delayed feedback in certain learning
contexts.

3.3 Feedback Generation
The AI feedback component used OpenAI’s GPT-4o API. We se-
lected GPT-4o as it is currently one of the most capable publicly
available language models, with documented performance on com-
plex reasoning tasks and educational content generation. The feed-
back generation pipeline begins by assembling a comprehensive
context that includes the question content, correct answer, student’s
selected answer and explanation, relevant learning objective sum-
maries, and the student’s reported confidence level. This context
feeds into a carefully engineered prompting system that constrains
responses to 5-7 sentences while ensuring pedagogically appropri-
ate tone and relevant textbook references.

The base prompt established guidelines for encouraging, con-
structive feedback that addressed specific elements of student rea-
soning without directly stating correct answers for incorrect re-
sponses. Feedback varied based on both correctness and confidence
level - for instance, high-confidence incorrect answers received
feedback that gently highlighted inconsistencies while guiding stu-
dents to identify specific logical flaws. For low-confidence correct
answers, the system focused on building confidence by connecting
correct intuitions to fundamental principles. All prompts under-
went multiple iterations of testing with course instructors to ensure
alignment with course objectives.

To maintain reliability, the system implements robust error han-
dling and fallback mechanisms. When API responses fail or take
too long, the system gracefully degrades to simpler feedback modes
(changing the experimental condition) rather than leaving students
without guidance. The presentation layer implements a scrollable
interface with careful attention to user experience, including visual
cues encouraging students to engage with the full feedback content.

3.4 Interaction Tracking and Analytics
The system implements a comprehensive interaction tracking to
understand how students engage with different types of feedback.
Beyond basic metrics like time spent per question, we designed
specific mechanisms to capture detailed interaction patterns. The
feedback interface uses a deliberately constrained window height,
enabling us to track whether students initiate any scrolling and
whether they reach the end of the feedback content. For each ques-
tion attempt, the system records temporal data between initial
question load and final submission, as well as any revised answers
and explanation changes during review mode. To understand vary-
ing study contexts, the system tracks device types and browsers
used in both test and review modes, allowing analysis of different
access patterns across these phases. All interaction data, including
mouse hover patterns and textbook reference engagement, is stored
in a structured format with timestamps and session identifiers. This
data model enables correlation between interaction patterns and
learning outcomes while controlling for variables like confidence
levels and prior performance, all while maintaining reasonable
storage requirements for our large student population.

3.5 Infrastructure and Technical Stack
The application (shown in figure 3) was built using Laravel 11.34
and Vue.js, hosted on AWS infrastructure. The data model centered
on four key entities: a question bank containing 400 multiple-choice
questions with associated metadata, learning objectives mapped to
textbook sections, student profiles managing authentication and
experimental conditions, and comprehensive interaction logs. Ques-
tion images were stored in a GitHub repository for version control
and reliable delivery. The backend uses PHP 8.3.14, MySQL 8.0.40,
and Nginx for web serving. The system used Google OAuth inte-
gration configured for university email addresses, ensuring secure
access while minimizing friction in the student experience. This
approach maintained consistent experimental conditions across
sessions while restricting access to enrolled students.

Figure 3: Technologies used to build our system.

4 Experimental Methodology
4.1 Study Context and Participants
This study was conducted in a first-year undergraduate general
biology course offered at UCDavis. The course has 3midterm exams.
Use of the practice tool was assigned for credit as preparation for
midterms 1 and 3 and made optional for midterm 2.

We studied 1002 students enrolled in a single offering of the
course. The practice exam tool was deployed one week before each
midterm, allowing students sufficient time to engage with the plat-
form while maintaining proximity to the actual assessment. Prior
to implementation, the IRB of the hosting institution deemed the
project exempt from full review (IRB 1456274-2). All participating
students consented to their data being used for research purposes.

In total, 836 students (541 consenting to research) used the sys-
tem for midterm 1, 760 students (342 consented) voluntarily used
it for midterm 2, and 877 students (413 consented) for midterm 3,
generating 28,313 question-student interactions. The high ongoing
participation demonstrated sustained engagement with the tool.

4.2 Experimental Design and Condition
Assignment

We ran a randomized controlled trial over four feedback conditions.
Condition 1 only indicates whether the student’s answer was right
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or wrong. Condition 2 augments the responses in the review phase
with links to specific relevant (online) textbook sections. Condition
3 in the review phase delivers AI-generated personalized feedback
using GPT-4o, factoring the student’s explanation and confidence
level to provide targeted guidance. Condition 4 provides both the
textbook links of Condition 2 and the personalized feedback of
Condition 3. Questions were carefully distributed across condi-
tions to ensure each student experienced all feedback types while
maintaining learning objective independence.

The system maintains consistent assignment of experimental
conditions. Instead of randomly assigning conditions each time
a student interacts with a question, the system implements a de-
terministic assignment mechanism based on a hash function that
considers the IDs of student, question, and practice exam. This en-
sures that students consistently experience the same experimental
conditions for specific questions across multiple sessions, while
maintaining an even distribution of conditions across students.

4.3 Quantitative Analysis Framework
Our analysis examined feedback condition impacts on student per-
formance through both ANOVA and linear regression. The primary
unit of analysis was student performance on individual midterm
questions, mapped to practice questions through learning objectives.
We employed one-way ANOVAwith Tukey’s HSD test (𝛼 = 0.05) to
identify differences between conditions, supplemented by a linear
regression model accounting for practice exposure. The model used
question-level scores as the dependent variable, with condition
dummy variables and an exposure measure (number of relevant
practice questions attempted per learning objective) as predictors.

To analyze how practice exam performance predicted real exam
success, we mapped questions through learning objectives, with
each question testing multiple objectives (average 2.3 per question).
We weighted objectives equally within questions and calculated
overlap weights between practice and real exam questions based
on shared objectives. For example, if a practice question tested
three objectives (GC.31, GC.32, GC.33) and a real exam question
tested two of these (GC.31, GC.32), the overlap weight would be
0.67, representing the proportion of shared objectives.

4.4 Survey Assessment
A post-midterm survey (n=279, 25.8% response rate) collected data
across four categories: study habits and tool usage, feedback ef-
fectiveness, learning behaviors, and tool experience. Questions
included multiple-choice, 5-point Likert scales, and open-ended
responses to assess both quantitative impact and qualitative experi-
ences with the system.

4.5 Qualitative Interview Study
To understand how students integrated the practice exam system
into their study processes, the two lead authors conducted 23 semi-
structured remote interviews with 19 participants via Zoom, each
lasting 30-45 minutes. Four participants were interviewed twice–
during and after the course– to examine whether and how their
experiences with the tool influenced future study practices. We re-
cruited these students via course announcements and incentivised

participation with a $10 gift card. Students in our interview sam-
ple had varied backgrounds in their motivations for taking the
course, including fulfilling major requirements, preparing for medi-
cal school, or exploring biology as a field. Their grade expectations
ranged from simply passing with a C to aiming for a high A. Addi-
tionally, they differed in their preferred exam preparation strategies,
the resources they prioritized, and the timing of their practice exam
usage within their study schedules. The interview protocol explored
five areas: study strategies and resource usage for exam preparation,
tool usage and experience when attempting the exam, feedback and
learning, perceived impact on midterm performance, and feature
suggestions for future integration. We investigated how students
engaged with different feedback types, their experience with confi-
dence ratings and explanation requirements, and instances where
the system influenced their understanding. Follow-up interviews
with the four returning participants allowed us to investigate the
persistence of study behaviors across courses and the tool’s long-
term influence on metacognitive study habits.

Following the interviews, the two authors conducted an induc-
tive thematic analysis of the transcripts, allowing themes to emerge
organically from the data [8, 12]. The process began with an initial
review of the transcripts, during which notes were taken. A second
reading facilitated the development of preliminary codes refined
through discussion and iteration between the authors. After coding,
related quotes were organized into overarching themes and cate-
gories. These themes and their definitions were further reviewed
and refined until consensus and saturation were achieved. This
qualitative analysis provided valuable context for interpreting the
quantitative findings from the survey and system interaction logs.

5 Results
5.1 Model Diagnostics
Diagnostic tests indicated minimal autocorrelation (Durbin-Watson
= 1.764) and acceptable multicollinearity (condition number = 10.8).
While the Jarque-Bera test (JB = 2846.646, p < 0.001) suggested
non-normality in the residuals, this doesn’t invalidate our regres-
sion results given our large sample size (n = 10,820). With samples
this large, the sampling distribution of regression coefficients ap-
proaches normality regardless of residual distribution, allowing for
reliable statistical inference despite the normality violation.

5.2 RQ1: Impact on Performance
Analysis of variance across all three midterms showed no consis-
tently significant differences between feedback conditions (𝐹 =

2.139, 𝑝 = 0.093). While pairwise comparisons using Tukey’s HSD
test suggested some differences between conditions, these did not
reach statistical significance when considering the complete dataset.

The linear regression model using Condition 1 as baseline indi-
cated a positive trend for Condition 2 (textbook references) com-
pared to basic feedback, equivalent to approximately 0.7% improve-
ment in performance, though this difference was not statistically
significant (𝛽 = 0.0073, 𝑝 = 0.328). Similarly, other conditions
showed trends but no statistically significant differences. Mean
scores across all midterms by condition were:

• Condition 1 (basic feedback): 𝑀 = 0.730, 𝑆𝐷 = 0.444, 𝑛 =

7698
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Themes Definition
A: Background Knowledge

Course Importance & Mo-
tivation

How students perceive the importance of [Anony-
mous course] in their academic and career trajectory,
including their motivation for taking the class and
desired grade outcomes.

Study Strategies & Prepa-
ration Methods

The approaches students take to prepare for the
midterm, including study materials, resources, and
scheduling (including when they used the practice
exam).

Identifying Knowledge
Gaps & Study Challenges

The ways students assess their understanding and
the difficulties they encounter while studying.

General Role/Importance
of Practice Exams

How students use practice exams (both PDF and
online tool) to test their knowledge and adjust their
study strategies.

PDF vs. Online Tool Pref-
erences

The perceived advantages and disadvantages of the
PDF practice test compared to the online tool.

B: Perceptions and Self-regulation during ATTEMPT/TEST Mode
Expectations & First Im-
pressions of the Online
Tool

Students’ initial reactions to using the online prac-
tice tool and how it compared to their expectations.

Confidence Ratings Per-
ception during ATTEMPT
mode

The impact of rating confidence levels (e.g. on self-
awareness) when attempting the question

Explanation Requirement
Response

Details on perception towards writing down
thought process and its usefulness

Confidence Ratings Use
during REVIEW mode

The impact of confidence levels on error correction,
feedback attention, perceived knowledge mastery,
etc. when reviewing feedback

C: Engagement with Feedback and Learning Resources during Review Mode
Perceived effectiveness of
AI generated feedback

Student engagement with AI-generated explana-
tions and whether they found them useful for un-
derstanding concepts. Including anecdotes

Feedback Awareness Gap Student understanding (or lack thereof) about feed-
back availability being condition-dependent; in-
cludes misconceptions about technical issues vs. ex-
perimental conditions

Engagement with Text-
book Links

How and when students used the textbook links
provided within the tool. Including anecdotes

Engagement with Exter-
nal Resources

Instances when students tried to seek additional
explanations/resources outside of the tool

D: Perceived Effects on Midterm and Knowledge Transfer
PerceivedMidterm Perfor-
mance

The extent to which students felt that the practice
exams prepared them for the actual midterm.

Learning Transfer Evi-
dence

Specific instances where tool usage directly aided
exam performance; includes concept recognition
and application
E: Future Directions

Usability & Technical
Challenges with the Tool

Details on tool’s functionality and ease of use

Future Study Approaches How using the tool influenced students’ preparation
for future exams and courses.

Student-Driven Sugges-
tions for Tool Improve-
ment

The changes students feel would make the tool more
effective.

Table 1: Final set of interview categories (A-E), themes under
each, and their definitions

• Condition 2 (textbook references): 𝑀 = 0.739, 𝑆𝐷 = 0.439,
𝑛 = 6917

• Condition 3 (AI feedback):𝑀 = 0.745, 𝑆𝐷 = 0.436, 𝑛 = 6723
• Condition 4 (AI + textbook):𝑀 = 0.726, 𝑆𝐷 = 0.446,𝑛 = 6975

The most consistent finding across all midterms was that student
confidence ratings strongly predicted performance (𝛽 = 0.063, 𝑝 <

0.001), with higher confidence associated with approximately 6.3%
better performance on exam questions. This robust relationship
reinforces the value of metacognitive elements in the system.

A separate analysis of lower-performing students (those scoring
in the bottom 20% on initial practice exams) showed a potentially

different pattern. While the overall model approached but did not
reach statistical significance (𝐹 = 2.48, 𝑝 = 0.059), there was a
trend suggesting that Condition 4 (AI + textbook) might provide
additional benefit compared to baseline (𝛽 = 0.049, 𝑝 = 0.067).
This represents a potential performance improvement equivalent
to approximately one additional correct question on a 20-question
exam, and could indicate that combined feedback might be more
beneficial for students who would benefit from additional learning
support—a hypothesis warranting further investigation.

5.2.1 Survey Results. Based on 279 survey responses, students
rated different feedback types on a 5-point scale. Correctness feed-
back received the highest average rating (𝑀 = 3.82, 𝑆𝐷 = 0.94), fol-
lowed by combined AI and textbook feedback (𝑀 = 3.52, 𝑆𝐷 = 1.13),
AI-generated explanations alone (𝑀 = 3.44, 𝑆𝐷 = 1.08), and text-
book references (𝑀 = 3.41, 𝑆𝐷 = 1.12). A strong majority (82.1%) of
survey respondents reported increased confidence on the midterm
for topics they had practiced using the system. When asked about
concept recall, 73.4% of survey respondents indicated they could
specifically remember and apply concepts from their practice ses-
sions during the actual midterm.

5.3 RQ2: Impact on Engagement and Learning
Behaviors

5.3.1 Survey Results. Following midterm 1, we conducted a post-
exam survey that received 279 responses (25.8% response rate).
These survey results reflect student experiences with the system
during preparation for the first midterm examination only.

Of the total 1002 enrolled students, 804 (80.2%) used the online
practice exam tool for midterm 1, with 541 consenting to have their
data included in the research. Among the survey respondents, 65.9%
reported using both the online tool and a separate PDF practice
exam, while 26.9% reported using only the online tool. The PDF
practice exam contained different questions than the online version,
offering complementary practice opportunities.

Regarding tool satisfaction after midterm 1, students rated the
system’s ease of use favorably (𝑀 = 4.1/5, 𝑆𝐷 = 0.89). 76.3% of
survey respondents indicated they would use it again for future
exams - a prediction validated by the 76% voluntary adoption rate
when the tool became optional for midterm 2. The most frequently
requested improvement was enhanced AI explanations (68.4% of
respondents), particularly for complex topics and incorrect answers.

Student survey responses indicated changes in study behaviors
after using the online tool for midterm 1. Among those who used
the tool, 73.4% reported adjusting their study approaches based
on the feedback received. Analysis of midterm 1 interaction data
showed that approximately 28% of students clicked on provided
textbook links, with similar rates between those who received only
textbook references and those who received both AI feedback and
textbook references. By midterm 3, this engagement with textbook
references increased to approximately 39%.

5.3.2 Qualitative insights from interviews. For this paper’s RQs, we
focus on themes from categories B, C, and D (See Table 1) below.

Student perceptions and self-regulation during test mode:
The integration of confidence ratings and explanation requirements
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in the online practice tool played a significant role in shaping stu-
dents’ self-assessment, engagement with the material, and overall
learning experience. Their effectiveness however varied based on
individual study habits, highlighting both strengths and challenges
of incorporating structured reflection into an assessment tool.

For many of the interviewees, the explanation requirement func-
tioned as a tool for deeper thinking and self-reflection. P6 found
that it forced them to justify their choices rather than rely on intu-
ition, stating, “Sometimes I’d think, I’m pretty sure it’s this,’ but then
I’d realize, I don’t actually have a reason to think that.” Similarly,
others noted that the process of writing out explanations made
them question their assumptions and reconsider their answers, and
distinguish between educated guesses and actual understanding,
a level of engagement they did not typically experience when us-
ing traditional PDF practice exams. Participants even stated that
writing their reasoning sometimes increased their confidence, as
they could clearly see their logical progression. Beyond reinforcing
content knowledge, these features also helped students develop
metacognitive skills. P13 compared the explanation requirement to
their preferred study method of teaching concepts to friends, noting
that “it was almost like I was trying to convince myself why I thought
this answer was the best.” P16 reported a notable shift in their study
approach beginning with Midterm 2, where they started crafting
more elaborate explanations, even for questions they felt uncer-
tain about. They began associating the depth of their explanations
with a clearer understanding of concepts—demonstrating increased
metacognitive awareness and internal motivation. This change was
also reinforced by a noticeable improvement in the quality of AI
feedback P16 received: when their explanations were more detailed,
the AI responses became more substantive and helpful.

Despite the benefits, the reflection components were not univer-
sally appreciated. Some students viewed them as a waste of their
time and admitted to writing filler responses, especially when they
had absolutely no idea what the answer was. P2 acknowledged the
psychological benefits of reflection but found it unnecessary for
questions where they were “100% certain.” P17, who reported hav-
ing ADHD, found that the requirement was mentally exhausting,
particularly when applied to every question. They suggested that
it should be optional for straightforward problems, allowing stu-
dents to focus their energy on more complex ones. The confidence
feature also had its detractors. Some students struggled with rating
their confidence accurately, often defaulting to a neutral rating on
the scale. They rarely selected the highest confidence level, noting
that they generally did not feel fully confident in their answers
until they received confirmation. P9, who described themselves as
an overthinker, found the confidence slider challenging because
they could always identify both strengths and weaknesses in their
reasoning, leading them to repeatedly select “somewhat confident.”
P19 appreciated that the confidence slider forced them to “be honest
with myself” rather than instinctively selecting an answer, but they
also noted that it made the practice exam take significantly longer
to complete. In contrast, P7 found an unexpected benefit in the
system—when they marked “just purely guessing” in the confidence
slider, they received more detailed feedback, which ultimately im-
proved their confidence when retrying those questions. P16, who
initially felt stressed about articulating their reasoning, adapted

by writing about what confused them, which sometimes led to
realizations that they knew more than they had initially thought.

Student engagement with feedback and learning resources
during reviewmode: Students’ interactionwith AI-generated feed-
back and their study habits were heavily shaped by the confidence
ratings they assigned during their initial attempts. Many students
reported that their confidence level determined how thoroughly
they engaged with the feedback and whether they consulted ad-
ditional resources. Student engagement with feedback varied sig-
nificantly based on the intersection of confidence and correctness.
As reported in our survey, students were most likely to thoroughly
engage with feedback when their confidence level mismatched the
outcome—specifically when high-confidence answers were incor-
rect or low-confidence answers were correct. P8 noted that when
they got a low-confidence question correct, they reviewed the feed-
back to ensure that their reasoning aligned with the correct answer,
rather than assuming they had simply guessed correctly. In con-
trast, if they were highly confident and answered correctly, they
often skimmed the feedback for confirmation or disregarded it
entirely. Finally, moments where students felt completely certain
about an answer but discovered they were wrong prompted the
strongest engagement—these instances led them to scrutinize the
feedback, revisit textbook readings, and seek further clarification
from external sources to resolve their misconceptions. However,
not all students found the confidence ratings beneficial during re-
view, particularly those who struggled with accurately assessing
their own confidence from the outset. A smaller subset of students
largely disregarded their confidence ratings altogether, prioritizing
whether their answers were correct or incorrect instead. Notably,
these were often the same students who had found the confidence
rating requirement cumbersome during the initial attempt phase.

Students had mixed perceptions of the AI-generated feedback,
with some finding it highly useful for correcting misconceptions
and others criticizing its limitations. P1 explained that the AI feed-
back was most helpful when they already had some understanding
of the concept because it provided additional details that reinforced
their knowledge. For some students, the AI feedback served as a
scaffold to refine their reasoning. P5 appreciated that the feedback
did not simply confirm whether an answer was right or wrong but
also analyzed their explanation, pointing out gaps in their reason-
ing. They found this especially valuable when the feedback sug-
gested alternative ways of thinking about a problem. P10 recalled
an instance where they received AI feedback that critiqued their ex-
planation despite selecting the correct answer, which helped them
realize that their reasoning was flawed and could lead to mistakes
in future assessments. P12 found it particularly helpful in making
interdisciplinary connections, as they were simultaneously taking a
chemistry course and appreciated how the AI linked chemistry con-
cepts to biological applications. Some students described how the
AI’s structured explanations helped them “get to the answer faster
rather than thinking about it in an abstract way.” However, others
expressed frustration when the feedback lacked depth. They argued
that a direct three-sentence summary explaining why an answer
was correct or incorrect would have been most useful. P7 similarly
noted that while they valued guiding (socratic-style) questions in
feedback, they sometimes found them too vague, leading them to
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search for additional clarification in other resources. Students re-
ported the AI-generated text was sometimes too dense and difficult
to read in the small feedback window, making it less engaging.

Students had varied opinions of the AI’s qualities in the feedback.
P15 expressed skepticism toward AI-generated feedback, preferring
clear disclosure that the responses were AI-generated rather than
potentially mistaken for instructor-written explanations. Their dis-
trust stemmed from the “robotic” tone, occasional inaccuracies, and
an overall uncertainty about the reliability of the feedback. There
was a stark contrast in other students’ receptivity, with others ap-
preciating the tone and quality of the AI-generated feedback. w One
recurring suggestion among students was the inclusion of human-
verified explanations. P9 proposed incorporating short instructor-
or TA-led videos to accompany the AI feedback, arguing that a
concise one- to three-minute explanation would be more digestible
than lengthy text-based responses. They also pointed out that stu-
dents sometimes turn to external sources like YouTube because
they prefer human explanations over AI-generated ones.

Students exhibited varying engagement levels with the textbook
links accompanying the feedback. Some, like P3, frequently used
the links as a reference, while others, like P6, admitted that they
rarely clicked on them despite recognizing their potential utility. P1
recommended that textbook links should lead directly to specific
subsections rather than entire chapters. P7 echoed this, explaining
that they often found themselves scrolling through lengthy readings
to locate relevant information. Several students reported turning to
external resources when the provided textbook links or AI feedback
were insufficient. Some students corroborated the AI feedback with
at least two sources (one of which was the textbook links), ensuring
that they fully understood the concept before moving on.

Perceived tool effects on midterm performance knowledge
transfer: Students overwhelmingly found the tool to be instru-
mental in their preparation for the midterm. However, perspectives
varied regarding the extent and nature of their effectiveness.

Students discussed how they instinctively recalled and reused
strategies (they had picked up from the tool and its feedback) when
attempting the actual midterm. Multiple students reported encoun-
tering identical or highly similar questions in the midterm, which
allowed them to leverage their prior mistakes and apply the correct
reasoning. For P9, pattern recognition played a significant role in
rectifying misconceptions. They remembered a question they had
answered incorrectly twice on the practice exam and used the feed-
back to solidify the necessary procedural steps. When encountering
a similar question on the midterm, they systematically applied the
same analytical approach, demonstrating a transfer of conceptual
understanding rather than mere memorization. P12 shared that
they often struggled with confusion around really complex con-
cepts. The AI feedback played a crucial role in prompting them
to double-check their understanding, ensuring they reviewed the
right information instead of reinforcing misconceptions. This extra
review not only clarified tricky details but gave them greater confi-
dence when answering similar questions on the actual midterm.

Finally, students reported various study and test-taking strate-
gies that emerged from using the tool. P16 adopted a structured
approach by answering the questions they were most confident
in first before revisiting the more uncertain ones, attributing this

strategy to the tool’s emphasis on confidence reflection. P15, who
had extended exam time accommodations due to stress-related
challenges, found that practicing with the tool helped with pace:

“I start stressing out if I notice that the exam time is
really short...But I noticed myself slowing down because
of the tool...I have a hard time slowing down on exams
because of the time limit, so having the [tool] practice
exam beforehand for thinking through my answers,
really helped...It helps you learn, like, ‘Okay, this is a
bad habit of mine. Let’s slow it down and unlearn that.”’

P19 adopted the explanation strategies from the practice tool
by deliberately writing out their thought process for each ques-
tion on the midterm. However, they worried that if they initially
rationalized an incorrect answer during practice, it could inadver-
tently reinforce a misconception and lead them to recall the wrong
response later. Despite these nuances, students overwhelmingly
agreed that engagingwith the practice tool significantly contributed
to their increased confidence for the midterm.

These behaviors carried over into future courses, even after stu-
dents no longer had access to our tool. P16 spoke about continuing
the practice of gauging their confidence on low-certainty questions
and writing out their reasoning in detail as a way to reflect on their
learning. They described this as a valuable method for tracking
their progress in their new courses. Similarly, P4 shared that they
began using ChatGPT in their new classes to replicate the feedback
loop provided by our tool. They tackled new practice problems by
writing out full justifications for their answers, and then submitting
those to GPT for critique. This allowed them to reframe complex
concepts in their own words and receive targeted feedback on the
precision and completeness of their understanding. These examples
illustrate not only the cross-contextual transfer and persistence of
reflective learning strategies, but also the adaptive repurposing of
available AI tools to meet similar cognitive and reflective goals.

6 Discussion
6.1 RQ1: Impact on Performance
Our findings present interesting contrasts with prior work in ed-
ucational feedback and student engagement. While Kulhavy et
al. [27] argued that simple correctness feedback was insufficient,
our results showed a more nuanced picture. Across all midterms,
we found no statistically significant differences between the various
feedback conditions, suggesting that in the presence of structured
metacognitive activities, the specific type of feedback may be less
important than previously thought. The most robust finding was
the strong relationship between student confidence ratings and per-
formance, highlighting the importance of metacognitive elements
in the process. This suggests that requiring students to engage
in structured self-explanation and confidence assessment may it-
self create sufficient cognitive engagement to enhance learning,
potentially diminishing the relative impact of feedback types.

Furthermore, our analysis of students who initially scored in
the bottom 20% on their practice exams revealed a particularly
interesting trend: while the overall impact of combined AI and text-
book feedback (Condition 4) was modest, these struggling students
showed marginally significant improvements with this condition
(𝛽 = 0.049, 𝑝 = 0.067). This suggests that more comprehensive
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feedback approaches may be especially beneficial for supporting
students needing additional assistance, showing the potential value
of differentiated feedback based on student performance levels.

6.2 RQ2: Impact on Engagement and Learning
Behaviors

Our findings reinforce existing literature on students’ motivation
in academic reading and assessment engagement. Prior research
has shown that students often prioritize exam performance over
deep engagement with course text materials [22, 42]. This study
further highlights that students’ primary motivation for using the
practice tool was to improve their midterm performance, aligning
with previous findings that students are driven more by assessment
outcomes than intrinsic engagement with course content [16, 53].

Traditional practice exams can only tell students whether their
answers are correct or not, which means students are only incen-
tivized to provide answers. But an AI feedback tool that adapts its
responses to students’ explanations and confidence can incentivize
students to invest in structured reflection about explanations and
confidence, creating an assessment-driven learning experience that
encourages deeper cognitive engagement. The positive reception is
evidenced by the 76% voluntary adoption rate for midterm 2, show-
ing students found value in the tool beyond course requirements.

The structured self-explanation and confidence rating require-
ments in the tool reflect established pedagogical approaches that
promote metacognitive awareness [14, 52]. Many students reported
that articulating their reasoning forced them to reconsider assump-
tions, distinguish between educated guesses and true understand-
ing, and refine their problem-solving strategies. This supports pre-
vious research demonstrating that self-explanation and question-
generation enhance comprehension and retention [36, 44, 54]. How-
ever, our findings also reveal potential drawbacks, particularly for
students who found the requirement mentally exhausting or redun-
dant when their confidence was on the extreme ends of the spec-
trum (“very confident” or “basically guessing” ). Thus, for students
with minimal confidence, providing an option to bypass explana-
tion requirements could be beneficial. Many students instinctively
turned to textbook links before engaging with AI feedback to build
foundational knowledge in such cases, aligning with existing re-
search on confidence and feedback receptivity [19, 27].

TheAI-generated feedback adapted to students’ confidence levels
and explanations and played a critical role in steering students to-
wards the textbook. Students reported verifying AI feedback against
human-authored content, reflecting AI skepticism [51], but also
enabling clarification of misconceptions and supplementing less
directive AI feedback. This suggests future systems should support
layered scaffolding that balances open-ended prompting with di-
rect instructional resources, and facilitates verification behaviors to
promote critical AI literacy. The observed transfer of reasoning and
pacing strategies from the practice tool to the midterm underscores
the potential of structured AI interactions to influence students’
metacognitive behaviors. This aligns with prior work on value of
practice testing as a learning strategy [6, 40]. Some students, how-
ever, noted concerns that articulating reasoning early in the process
might sometimes lead to reinforcement of incorrect thinking. Future
systems could address this by including iterative feedback loops

that prompt students to revisit and refine their reasoning over time.
Designing AI feedback supporting both immediate understanding
and sustained, reflective learning would help.

While some students found the integration of AI and textbook
references helpful for mapping instructional materials to exam ques-
tions [2, 9], others expressed frustration when referred to dense
textbook sections. This aligns with prior findings that students of-
ten prefer digestible explanations over extensive references [3, 22].
Future iterations could enhance usability through more targeted
textbook linking, AI-generated summaries of relevant sections, or
incorporating human-verified content like short instructor videos.
The student explanations collected can inform refined AI prompts,
enabling more personalized feedback aligned with student reason-
ing patterns. Students found answering identical questions on mul-
tiple attempts ineffective; varying question formats on reattempts
would better support knowledge transfer and retention [40].

More fundamentally, our findings point to a possible redesign
opportunity for educational platforms. Rather than positioning
metacognitive components as supporting features for content deliv-
ery, future systems might invert this relationship—making metacog-
nitive development the explicit design goal while AI feedback serves
as scaffolding. Such systems could analyze confidence patterns over
time, provide targeted feedback on explanation quality, and grad-
ually reduce structured support as students develop independent
reflection. This would leverage technology to cultivate transferable
critical thinking skills that persist beyond specific course contexts.

7 Limitations
Our study focused on a single undergraduate biology course, poten-
tially limiting generalizability across STEM disciplines. While GPT-
4o proved effective for feedback generation, other AI approaches
might offer different benefits. Self-reported survey data has inherent
biases, and the lack of baseline biology knowledge assessment made
it difficult to control for varying levels of prior subject expertise.

8 Conclusion
Our work demonstrates how AI-enhanced practice systems can
support learning at scale through careful integration of technol-
ogy and pedagogical principles. While textbook references alone
showed modest performance gains, the system’s greater impact
emerged in transforming students’ learning behaviors and metacog-
nitive strategies. The high textbook engagement rate and successful
adoption of self-assessment practices suggest that contextual, just-
in-time support can effectively motivate student engagement with
course materials. As institutions explore AI integration in educa-
tion, our results emphasize designing systems that enhance rather
than replace traditional learning resources, while supporting the
development of sustainable study practices.
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