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Abstract
In the age of AI, asking a good question is becomingmore important
than figuring out the answer. In response, we collected and ana-
lyzed 1,150 questions that 92 university students asked to a GenAI
tool while studying assigned STEM topics, using academic compe-
tence as an analytic lens. We categorized students’ questions by
content and investigated how these question types varied with aca-
demic competence. Our results show that metacognitive inquiries
were more prevalent among high-performing students, suggest-
ing that they engaged in more critical evaluation of AI-generated
outputs and more proactive monitoring of their own understand-
ing. In contrast, low-performing students tended to show greater
overconfidence while reporting lower perceived mastery of their
learning. Based on these findings, we propose design implications
for future AI educational systems, including supporting learners’
metacognitive regulation and preserving question generation as a
learner-driven process. Additionally, we advocate for competence-
sensitive scaffolding that adapts to students’ questioning patterns
without overriding their autonomy.
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1 Introduction
Despite the productivity boost from generative AI (GenAI), recent
studies report uneven benefits across users’ task competence, which
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are reflected in distinct patterns of what and how they ask ques-
tions to AI [10, 13, 15, 18, 23]. For example, it is reported that GPT-4
improved high performers’ entrepreneurial gains by about 20% but
hindered low performers by roughly 10%, a disparity driven by the
specificity and context of their questioning [18]. In programming
education settings, higher-competency learners tended to ask ques-
tions that aligned with their existing knowledge, enabling more
effective scaffolding from AI code generators [10]. In turn, the need
to ask the good questions has catalyzed research on advancing AI
literacy and cultivating prompt engineering skills [2, 13, 21].

Questioning is an integral component ofmeaningful learning and
scientific inquiry [25], not just amatter of prompt engineering. Prior
work has long emphasized the value of students’ questions, which
reveal their learning goals, recognized knowledge gaps, current
knowledge states, the quality of thinking and reasoning, and efforts
to extend and integrate new information with prior knowledge [1, 8,
14, 24]. In other words, the questions students pose to their learning
partners (peers, teachers, and tools like search engines) can serve
as a touchstone of their internal learning strategies and cognitive
processes, thereby offering the potential to explain the divergent
learning outcomes and experiences across individuals.

With the widespread adoption of GenAI tools in classrooms
and self-directed learning, recent research in HAI and education
has prompted efforts to examine the types and patterns of student-
generated questions and the cognitive processes underlying them [6,
9, 20]. Yet, little is known about how students’ questioning pattern
differs by their academic competence. In this paper, we contribute
to this discussion by investigating how university students use
GenAI to support their STEM learning. We analyzed 1,150 conver-
sation logs based on students’ GPA and test scores, which were
collected in our previous study [22]. Our findings suggest that good
questions for stronger academic benefits are highly associated with
metacognitive regulation—the critical evaluation of AI-generated
content and proactive monitoring of one’s knowledge states. Based
on our results, we offer design recommendations for educators and
AI developers to better support students’ metacognitive questioning
in GenAI-assisted learning.

2 Research Context and Approach
In the original study [22], we collected 1,150 conversation logs from
92 students at a university in South Korea (average age=21, 46 males
and 46 females), and asked them to use ChatGPT-4o [17] to study
selected STEM subjects. The students were instructed to study a
randomly assigned topic (The Solar System, Sampling, or Database
Management System) for 40 minutes, guided by three predefined
learning objectives. To mitigate potential confounding effects, we
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Table 1: Our taxonomy for classifying the types of students’ questions with ChatGPT-4o, capturing how they ask, request, state,
and critique AI-generated outputs during self-directed STEM learning.

Category Question Type Explanation Example

Information
Inquiry

Concepts Asking an explanation of a concept. “What is the Chi-squared distribution?”(P3)
Methods Asking how processes, formulas, or principles work. “How does a planet’s mass shape the way it evolves?”(P38)
Reasons Asking about causes or underlying principles. “Why do planets orbit in elliptical paths?(P26)”

Representation
Inquiry

Elaboration Requesting a more detailed or in-depth explanation of the current
concept.

“Could you explain statistical sampling in more detail?”(P7)

Rephrasing Requesting the previous explanation to be rephrased. “Could you explain Kepler’s third law again?”(P17)
Simplification Requesting a simpler or more beginner-friendly explanation. “Explain RDBMS in a way that even a 3-year-old can under-

stand.”(P62)
Material Generation Requesting additional materials (e.g., tables, diagrams, plots, or

examples).
“Explain Kepler’s second law with a diagram.”(P42)

Summarization Requesting a summary of previously given information. “Please summarize in one sentence.”(P89)

Metacognitive
Inquiry

Self-Explanation Stating one’s knowledge, opinion, or learning status. “I forgot the definition of a star, but I know it’s a big object that
makes its own light.”(P39)

Confirmation Asking to confirm one’s understanding. “So, is MySQL a type of RDBMS?”(P87)
Critique Raising concerns or objections to a given response. “This diagram looks a bit odd—why is the planet placed at the center

of the ellipse?”(P39)
Practice Problem Generation Requesting the creation of practice problems to solve. “Based on the questions I’ve asked so far, please create nine test

questions.”(P50)
Extending Requesting further information connected to the current concept

or prior knowledge.
“Are there any other basic concepts I should know for understanding
sampling?”(P8)

Learning Objectives Restating or asking about learning objectives of the session. “I want to know [assigned learning objectives].”(P39)

Miscellaneous Social Expressions Expressing greetings/goodbyes, gratitude, or other non-task-
related social talk.

“Thank you.”(P71)

Translation Requesting a translation of the response into another language. “Say it again in Korean.”(P2)

screened out students with prior knowledge of the topics. After
the 40-minute study session, the students completed a closed-book
test consisting of nine multiple-choice questions (scored out of 9
points) and predicted their own test scores. They also reported their
perceived mastery of the topic using a 7-point Likert scale. Two
weeks later, students took a retention test consisting of the same
questions as the closed-book test, with randomized question and
option order. We note that analyses of these extended data were
not included in the original paper.

2.1 Derived Metrics
2.1.1 Academic Competence. To ensure a comprehensive indicator
of academic competence, we z-normalized GPA, closed-book, and
retention test scores and integrated them into a single composite
score using Principal Component Analysis (PCA). Bartlett’s test con-
firmed that the data were suitable for factor extraction. Parallel anal-
ysis supported a one-factor solution, with the first principal com-
ponent (PC1) accounting for 48.9% of the total variance. Therefore,
we used PC1 as the academic competence score, applying weights
derived from the component loadings𝑊 = [0.345, 0.684, 0.643] as
follows:
Academic Competence =𝑊1𝑍GPA +𝑊2𝑍Closed-book +𝑊3𝑍Retention

2.1.2 Metacognitive Calibration. Calibration represents the degree
to which a student’s perception of their performance matches with
their actual performance [16, 19]. We calculated the calibration
score as the confidence–competence gap [5], defined as the dif-
ference between the predicted and actual closed-book test scores
(ranging from -9 to 9). Lower calibration scores indicate more accu-
rate metacognitive monitoring.

2.2 Analysis
We conducted an open coding [3, 11] on students’ questions asked to
ChatGPT-4o during the study. Two of the authors jointly conducted
all stages of qualitative coding. Following prior frameworks [6, 7,
9, 20], the authors initially classified the question data into simi-
lar codes first and defined names for the codes. The authors then
iteratively reviewed the refined codes, merging similar codes and
organizing them into higher-level categories. We carefully went
through four rounds of coding to resolve all remaining discrepan-
cies, excluding 59 questions that could not be reconciled and were
omitted from the final analysis. In total, the 1,150 student-generated
questions were classified into 16 codes and 4 categories.

Next, we examined how the frequency of each question type dif-
fered by academic competence scores using mixed-effects models.
Additionally, we focused on high-performing (top 25% of partici-
pants) and low-performing students (bottom 25% of participants)
and compared their questioning patterns and distribution. Finally,
we compared their metacognitive calibration using independent
samples t-tests and perceived mastery using Mann–Whitney U test.

3 Findings
This section presents the identified question types and the compar-
ative results on questioning patterns and learning experiences.

3.1 More Metacognitive Questions were Asked
Among High-Performing Students

In our taxonomy (Table 1), we catecorize metacognitive questions
as stemming from students’ metacognitive regulation, including
queries that check and reflect on their understanding (self-explanation,
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Figure 1: Distribution of question types asked by high- and low-performing students.

confirmation, practice problem generation), critically evaluate in-
formation (critique), and articulate or refine learning goals (learning
objectives, extending). Overall, qualitative coding results showed
that students engage with GenAI for STEM learning through a
range of question types that reflect distinct levels of cognitive
engagement—from Information Inquiry that seek factual knowledge,
to Representation Inquiry that request alternative forms of prior
explanations, to Metacognitive Inquiry that evaluate AI-generated
content and monitor one’s understanding.

A mixed-effects model revealed a significant main effect of ques-
tion type (𝑝 < .001), indicating that certain question types were
used far more frequently than others. This suggests that students
tended to rely on a limited subset of question types, while the
majority of types appeared only rarely.

Although the overall interaction between academic competence
and question type was not significant, post-hoc analyses (Table 2)
revealed marginally significant positive associations for three ques-
tion types within the Metacognitive Inquiry category; Critique
(𝑝 = .094), Confirmation (𝑝 = .069), and Practice Problem Generation
(𝑝 = .062). These results suggest that higher-performing students
were more likely to engage in metacognitive regulation. Rather
than passively accepting GenAI’s outputs, they critically evaluated
the responses against their growing understanding and identified
inconsistencies in the ongoing conversation. They also proactively
monitored the accuracy of their understanding by requesting con-
firmation of unclear points and generating practice problems to
assess their mastery.

3.2 Better Matecognitive Calibration and
Mastery in Higher-Performing Students

3.2.1 Quantitative Comparison ofQueries and Their Patterns. High-
performing students submitted an average of 13.00 messages (𝑆𝐷 =

5.89), and low-performing students submitted 11.26 messages (𝑆𝐷 =

4.04), with no significant difference between the two groups (𝑝 =

.25). In contrast, a t-test revealed a significant difference in average
length of questions (𝑝 < .05): high-performing students wrote
longer questions on average (𝑀 = 450.83, 𝑆𝐷 = 309.50) than low-
performing students (𝑀 = 309.09, 𝑆𝐷 = 116.34). These results

Table 2: Mixed-effects model results for question types as a
function of academic competence. Coefficients are reported
relative to Concepts, which serves as the reference category.
Statistical significance is denoted as 𝑝 < 0.1 (+), 𝑝 < 0.05 (*), 𝑝
< 0.01 (**), or 𝑝 < 0.001 (***).

Question Type Estimate (𝑏) SE 𝑝 Sig.
Information Inquiry

Concepts (Ref.) - - - -
Methods -0.160 0.164 .328 .
Reasons 0.311 0.202 .123 .

Representation Inquiry
Elaboration -0.100 0.146 .492 .
Rephrasing 0.091 0.188 .629 .
Simplification -0.184 0.171 .280 .
Material Generation 0.022 0.137 .871 .
Summarization -0.147 0.213 .490 .

Metacognitive Inquiry
Self-Explanation 0.271 0.240 .259 .
Confirmation 0.269 0.148 .069 +
Critique 0.391 0.233 .094 +
Practice Problem Gen. 0.347 0.185 .062 +
Extending 0.100 0.298 .736 .
Learning Objectives 0.108 0.137 .430 .

Miscellaneous
Social Expression 0.313 0.383 .414 .
Translation 0.195 0.184 .287 .

suggest that high-performing students, despite asking a similar
number of questions, posed longer and more detailed questions.

For the distribution of question types (Figure 1), we observed that
high-performing students asked roughly twice as many Metacogni-
tive Inquiries as low-performing students. Low-performing students
showed a greater proportion of Representation and Information In-
quiries.

3.2.2 Metacognitive Calibration. As shown in Figure 2, a t-test
revealed that high-performing students had significantly lower
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metacognitive calibration scores (𝑀 = −1.26, 𝑆𝐷 = 1.91) than low-
performing students (𝑀 = 0.39, 𝑆𝐷 = 1.53; 𝑝 < .01). This indicates
that high-performing students exhibited more accurate metacogni-
tive monitoring, suggesting that low-performing students tended to
be overconfident, whereas high-performing students were slightly
underconfident.

Figure 2: Metacognitive calibration scores for high- and low-
performing students. Low-performing students showed a
tendency toward overestimation (predicted > actual), whereas
high-performing students exhibited underestimation (actual
> predicted).

3.2.3 Perceived Mastery. A Mann–Whitney U test showed that,
after the study, high-performing students reported significantly
higher perceived mastery than low-performing students (𝑝 < .05;
Figure 3). This suggests that differences in questioning patterns
also shaped students’ positive learning experiences.

Figure 3: Stacked bar charts of seven-point Likert ratings on
perceived mastery for high- and low-performing students.

4 Discussion
Our results suggest that metacognitive regulation is a key underly-
ing factor shaping the still-underexplored notion of “asking good
questions to AI.” Higher-performing students actively produced
moreMetacognitive Inquiries, revealing frequent monitoring of their
own understanding and critical evaluations of the AI’s answers.
From our results, we observed that students’ questioning behaviors
serve as a potential indicator of meaningful learning. This implies
that question patterns and frequencies—when triangulated with
complementary performance indicators—can provide a rich metric
for assessing the effectiveness of GenAI in self-directed learning.
Future work can extend this investigation by examining the fea-
sibility of metacognitive questioning as a generalizable approach
across other diverse educational contexts.

Building on these insights, we identify several implications for
designing AI-supported learning systems, especially for learners
who struggle to engage in spontaneous metacognitive regulation.

First, literacy efforts could go beyond teaching prompt engineer-
ing techniques to include the art of questioning, such as Socratic
inquiry, critical reasoning, and metacognitive self-checking. With-
out this broader skillset, low-performing learners may default to
superficial questioning even when interacting with advanced AI
systems.

Second, question generation would benefit from remaining pri-
marily within the learner’s cognitive space. While fully automated
next-question suggestions can improve efficiency, they risk replac-
ing students’ own reasoning processes. In educational contexts,
AI systems may instead provide templates or partial scaffolds for
higher-level questions, enabling students to formulate the final
question themselves.

Third, existing frameworks [6, 9] for categorizing questions—
often grounded in Bloom’s taxonomy [12]—can be expanded by
incorporating the metacognitive dimension that emerged in our
study. When students repeatedly ask low-level factual questions
rather than building toward higher-order inquiry, AI systems may
gently nudge them toward deeper forms of questioning that en-
courage integration, monitoring, and evaluation of knowledge.

Finally, although modern AI systems increasingly rely on knowl-
edge tracing and predictive modeling to identify students’ knowl-
edge gaps, proactively supplying information before a learner rec-
ognizes the need can undermine metacognitive awareness. Instead
of preemptively providing answers, systems can incorporate reflec-
tive checkpoints, such as brief quizzes or prompts that ask learners
to articulate what they do and do not understand.

Such scaffolding, however, must be applied carefully for high-
performing learners, who may be prone to underconfidence [5]
and could be hindered by excessive intervention [4]. These find-
ings collectively suggest that AI-infused educational tools may
benefit from adapting their scaffolding strategies to the learner’s
competence level and questioning patterns, rather than adopting a
one-size-fits-all approach.
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