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Abstract

Multiple-choice questions (MCQs) are central to instruc-
tion and assessment, with distractors revealing student under-
standing and misconceptions. However, creating high-quality
distractors is time-consuming, especially for emerging do-
mains like K-12 Al education. This study explores using gen-
erative Al to support distractor creation in a self-paced on-
line module integrating Al and Algebra 1. Five MCQs were
selected to compare distractors written by human develop-
ers and ChatGPT, using expert reviews and log data from
80 students. Experts rated human distractors higher over-
all, though AI ones consistently ranked second. Log anal-
ysis showed human distractors drew more initial selections,
while students who chose Al distractors spent more time en-
gaging without differences in hint use or revisits. Transition
patterns across attempts suggest Al-generated distractors can
effectively guide students toward correct answers, highlight-
ing their potential for scalable MCQ design.

Introduction

Multiple-choice questions (MCQs) have long been a widely
used format in both instruction and assessment (Bao et al.
2025; Raina, Liusie, and Gales 2023). However, curriculum
and assessment developers must devote substantial time and
effort to crafting high-quality MCQs (Alhazmi et al. 2024;
Raina, Liusie, and Gales 2023), particularly their distrac-
tors. A distractor, defined as an incorrect option presented
alongside the correct answer (key) and the question stem,
plays a critical role in the diagnostic function of MCQs.
Despite the considerable time invested in developing dis-
tractors, ensuring their quality remains challenging. Human-
created distractors are often subjective and may not accu-
rately reflect students’ genuine misconceptions (Du, Xing,
and Zhang 2022; Fernandez et al. 2024; Shin, Guo, and Gierl
2019). Moreover, in large-scale learning environments, stu-
dents’ misconceptions and knowledge gaps are often diffi-
cult to detect and address in a timely manner (Alhazmi et al.
2024; Qian and Lehman 2017). For emerging subjects such
as K—12 Al education, where reference materials are limited,
these challenges are especially acute (Kumar et al. 2023; Liu
et al. 2024a).
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The rise of generative Al (GenAl) offers considerable po-
tential for scaling the production of distractors. Prior re-
search has explored the use of models such as GPT for dis-
tractor generation (e.g., Doughty et al. 2024; Feng et al.
2024). However, limitations remain. Most existing stud-
ies have focused on subjects such as mathematics (e.g.,
Feng et al. 2024; Fernandez et al. 2024), language learning
(e.g., Bitew et al. 2023; Ludewig, Schwerter, and McElvany
2023), reading comprehension (e.g., Gao et al. 2019; Zhou,
Luo, and Wu 2020) and higher education level computing or
programming courses (e.g., Alhazmi et al. 2024; Doughty
et al. 2024), while applications in emerging fields like K—12
Al education remain scarce.

Traditional approaches in educational measurement rely
on psychometric indicators and expert review to assess dis-
tractor quality (DiBattista and Kurzawa 2011; Haladyna and
Rodriguez 2013). While these methods provide standardized
criteria, they face constraints in dynamic online learning
environments and emerging subject domains (Liusie et al.
2023; Mulla and Gharpure 2023). With the development of
educational technology and learning analytics, researchers
have increasingly turned to behavioral log data to gain new
insights into students’ cognitive processes and strategies
(Arizmendi et al. 2023; Liu et al. 2024b; Monteith et al.
2024); however, few studies have used log data to analyze
how students interact with different distractors. Moreover,
there remains a lack of specialized evaluation approaches for
Al-generated distractors (Alhazmi et al. 2024; Liusie et al.
2023), and empirical evidence in the context of K-12 Al ed-
ucation is particularly limited.

The motivation of this study lies in responding to these
challenges. Building on a large-scale online K-12 Al educa-
tion curriculum, we recruited four expert reviewers and more
than 80 students. During the online learning module, stu-
dents encountered five MCQs containing both Al-generated
and human-generated distractors. We collected experts’ se-
lections of the most plausible distractors along with their
qualitative comments, as well as detailed log data capturing
students’ interactions during problem-solving. To guide our
study, we pose the following three research questions (RQs):

* RQ1: To what extent do experts prefer Al- over human-
generated distractors in MCQs?

* RQ2: To what extent are students more likely to select
Al- rather than human-generated distractors in MCQs?



* RQ3: How is distractor type (Al- vs. human-generated)
associated with students’ behavioral engagement, includ-
ing time spent, hint use, and content revisiting?

Related Work
Human vs. AI-Generated MCQ Distractors

Human-generated distractors have traditionally been the pre-
dominant approach in assessment design, valued for their
potential to capture student misunderstandings through ed-
ucators’ subject knowledge and teaching experience (Hala-
dyna and Rodriguez 2013). However, the process of creat-
ing human distractors is inherently labor-intensive, making
it difficult to ensure both efficiency and consistency of qual-
ity in large-scale curriculum development (Doughty et al.
2024; Raina, Liusie, and Gales 2023), particularly when ex-
pert resources are scarce in emerging fields such as K-12 Al
education.

Recent studies explored GenAl to generted distractors and
indicate that Al-generated distractors perform well in terms
of linguistic fluency and surface plausibility and can be com-
parable to human-generated ones in certain standardized
tests (Awalurahman, Aji, and Budi 2025; Kurdi et al. 2020).
However, in-depth analyses also reveal key limitations: Al-
generated distractors often lack a deep understanding of
domain-specific concepts and struggle to accurately reflect
students’ typical errors in complex reasoning (Alhazmi et al.
2024). To increase the efficiency and quality of the GenAl-
generated distractors, more studies still needed for better un-
derstanding of how Al-generated distractor work or comple-
mente or short to human-created ones.

Existing comparative studies predominantly rely on ex-
pert subjective evaluation or small-scale experiments (Bitew
et al. 2023; Doughty et al. 2024; Wang, Xiao, and Tseng
2025), with few incorporating empirical evidence based on
large-scale authentic student interaction data. To address this
gap, the present study provides a comprehensive comparison
of human- and Al-generated distractors in K-12 Al educa-
tion by combining expert assessment with student log data,
thereby revealing their performance differences in real learn-
ing environments.

Evaluation of MCQ Distractors

The evaluation of MCQ distractors traditionally relying on
psychometric indicators (e.g., attractiveness, discrimination
index, difficulty coefficient) and expert review to quan-
tify their effectiveness and content validity (DiBattista and
Kurzawa 2011; Haladyna and Rodriguez 2013). While these
methods provide standardized evaluation criteria, their ap-
plicability and timeliness are limited in dynamic online
learning environments and emerging subject domains. Dis-
tractor evaluation faces well-recognized challenges, with
prior studies typically restricted to small sets of MCQs or
lacking systematic evaluation (Rodriguez-Torrealba, Garcia-
Lopez, and Garcia-Cabot 2022; Vachev et al. 2022).

With the development of educational technology and
learning analytics, evaluation methods have become increas-
ingly diversified. Learning analytics techniques leverage stu-
dent behavioral logs to provide new perspectives for evalu-
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ation, revealing students’ cognitive processes and learning
strategies when interacting with different distractors, such
as response time, hint usage, and content review behaviors
(Bergdahl et al. 2024; Liu, Ngo, and Xing 2025).

Despite these advances, specialized approaches for effec-
tively evaluating Al-generated distractors remain underde-
veloped, and empirical applications in emerging fields such
as K—12 Al education are scarce. This study addresses this
gap by constructing a multi-dimensional evaluation that in-
tegrates both qualitative and quantitative analyses through
expert assessment and student log data, systematically eval-
uating the pedagogical impact of GenAl-generated distrac-
tors in K—12 Al education.

Method

Study Context

To address the RQs, we selected five MCQs (see Table 1)
from an online Al education curriculum as the basis for
exploratory analysis. The curriculum is delivered in a vir-
tual learning environment that allows high school students
to learn at their own pace while engaging with new and
emerging topics in Al. Specifically, the curriculum is de-
signed to help students understand the relationship between
text analysis and algebraic equations, culminating in the de-
velopment of a functional sentiment analysis model.

The curriculum consists of five sequential learning activ-
ities, progressing from introductory concepts to more ad-
vanced applications, and spans approximately 250 minutes
in total. MCQs are embedded throughout to assess compre-
hension and reinforce key concepts, serving not only to eval-
uate content knowledge but also to provide immediate, sub-
stantive feedback.

Data Description

MCQs The five selected MCQs were drawn from Activ-
ity 1 and Activity 2 of the curriculum. Each MCQ includes
a question stem, one or more correct answers (keys), and
a set of distractors generated either by human developers
or by ChatGPT. Table 1 summarizes the stems, correct an-
swers, and both human- and Al-generated distractors for the
MCQs. Figure ?? illustrates the overall structure of these
questions. Each MCQ consists of two components: a con-
textual information (presented through images or text) and
a corresponding MCQ item. Students engage with the con-
textual material before answering the question, and then re-
ceive automated feedback (i.e., hints) after submitting their
response by clicking the “Check Answer” button.

Distractor Generation We used ChatGPT 4o to generate
distractors for MCQs, building on recent work with GPT
models (Doughty et al. 2024). A zero-shot approach was
employed with a standardized prompt containing the con-
text, question stem, correct answer (key), and explicit in-
structional constraints.

Distractors were validated by removing empty or faulty
outputs, with regeneration as needed. A human reviewer
further refined the results by eliminating irrelevant content.
The final set of distractors, including overlaps with teacher-
created options, was compiled for analysis.



Question stem

Correct answer (feedback)

Distractors (feedback)

Which of the following are
outputs from this model? Se-
lect all that apply.

Positive; Negative (Yes! You
are correct.)

1*. Emotion Type (Good thinking. But refer to the diagram
above—what are the two defined outputs?)

2. Neutral (Good thinking. Indeed, there are relatively neutral
reviews, but this model has been defined to only generate two
outputs: positive or negative.)

3. Mixed (It is true that some reviews are mixed, but this model
has been defined to only generate two outputs: positive or neg-
ative.)

4*, Text Review (Incorrect. “Text Review” is the input. Look
closely at the model again.)

Which of the following can
Mini find in the review to the
left? Check all that apply.

wow; !!l; worth the price; :-);
?! (Yes! You are correct.)

1. Top notch (Look again. There is a hyphen in “top-notch”.)
2*. Not bad (Look again—there is no “Not bad” in the review.)
3*. Too expensive (Sorry, the review does not mention “too ex-
pensive”.)

4*, Amazing deal (Be careful. Mini can only find exact words,
not overall impressions.)

5. Wait (Be careful. The word in the review is “waited”, not
“wait”.)

How is the true sentiment of a
review determined?

The true sentiment is how a
person would categorize or la-
bel a review (Yes! You are cor-
rect.)

1. The true sentiment is how Mini would categorize or label a
review (Sorry, that is incorrect.)

2%, The true sentiment is the most common word used in the
review (Not quite. Word choice plays a role, but sentiment isn’t
based on frequency.)

3. A sentiment analysis model (Sorry, that is incorrect.)

4%, The true sentiment is automatically calculated based on the
length of the review (Incorrect.)

What does the Cbest vari-
able represent in the Alge-
braic Expression?

The count of the word “best”
(Correct! The count of “best”
is represented by the variable
“Cbest”.)

1*. The number of positive words in the review (Not quite.
“Cbest” only counts “best”.)

2*, The total number of words in the review (That’s not it.)

3. The input of the Sentiment Analysis Model (The input is the
text of the review.)

4. The output of the Sentiment Analysis Model (The output is
positive or negative.)

5%*. The overall sentiment score of the review (Good try! But
“Cbest” is not the score itself.)

6. The true sentiment of the review (The true sentiment can only
be determined by a human.)

What about Review F: “Their
pizza is definitely some of the
best around, and the white
pizza is one of the best items
on the menu.” (True senti-
ment: positive.) What are the
results of the model?

Mini doesn’t have a rule for
this case. (Yes, you are cor-
rect!)

1. Cbest = 0 therefore S = positive (Incorrect! Count again.)
2%, Cbest = 0 therefore S = negative (Incorrect! Count again.)
3. Cbest = 1 therefore S = negative (Incorrect! Count again.)
4%, Cbest = 2 therefore S = positive (Incorrect! Does Mini have
arule?)

5%, Cbest = 2 therefore S = negative (Incorrect! Does Mini have
arule?)

Table 1: Five questions used in this study. Note: * means distractor from GenAl. For Q5, Al and human both have distractor 4.
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Expert Review To address RQ1, four experts were invited
to review all the distractors associated with five selected
questions. The panel consisted of a learning scientist, and
three educational researchers, all with extensive experience
in K-12 Al education.

Each expert was provided with the full context of each
question, including the contextual information, the correct
answer(s), all distractors, and the feedback associated with
each distractor. To ensure unbiased evaluation, the source of
each distractor (i.e., Al-generated or human-written) was not
disclosed. For each question, experts were asked to select the
two or three distractors they considered most appropriate,
based on qualities such as relevance, plausibility, and align-
ment with the question’s learning goals. These selections re-
flected their overall judgment of the question’s quality. In
addition, experts were required to provide written comments
on each distractor, explaining why it was considered appro-
priate or inappropriate with respect to the question stem and
intended learning outcomes.

Student Interaction Logs To address RQ2 and RQ3, we
analyzed log data collected from 80 high school students
who self-selected to participate in the online Al education
curriculum. These students completed the full set of ac-
tivities without being informed which items contained Al-
generated distractors. The system automatically recorded
their interactions with each MCQ, capturing data on their
selected options and the timing of key actions.

In total, the five MCQs yielded a total number of
13,772 log entries. The system captures student behav-
ior through a series of structured events. For example, the
event field specifies the type of action taken (e.g., an-
swer_selected, check_answer, focus_in). The logs include de-
tailed records of when students selected each distractor (an-
swer_selected) and when they clicked the “Check Answer”
button (check_answer). These time-stamped events enable
analysis of distractor selection behavior, timing patterns, and
engagement indicators such as time spent on each question,
hint usage, and content revisiting.

Data Analysis

Qualitative Analysis The qualitative analysis focused on
expert reviews of each distractor to gain insights into their
judgments about what constitutes a high-quality distractor
in the context of K-12 Al education. Experts provided writ-
ten comments for every distractor, regardless of whether it
was selected as one of their top choices. These comments
were analyzed using inductive thematic coding, which in-
volved identifying recurring themes and evaluative criteria
mentioned by the experts. The coding process aimed to cap-
ture both positive and negative rationales, such as seman-
tic relevance, plausibility, alignment with the question stem,
and cognitive challenge level.

Quantitative Analysis The quantitative analysis consisted
of two components: (1) analyzing expert selections of the
most appropriate distractors for each MCQ, and (2) analyz-
ing student interaction logs to examine behavioral engage-
ment patterns associated with Al-generated versus human-
written distractors. For expert selections, we calculated how
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often each distractor was chosen among the top two or three
options. For student behavior analysis, we examined three
key engagement indicators: (1) time spent on each question,
measured as the duration between the student’s first recorded
interaction (e.g., answer_selected) and their final event on
that question; (2) hint usage, operationalized as the occur-
rence of a check_answer event, indicating that the student
actively sought feedback; and (3) content revisiting, deter-
mined by whether the student re-engaged with related con-
textual material while working on the question.

Results
Expert Evaluation (RQ1)

Figure 1 (a) summarizes expert selections of the top dis-
tractors across the five MCQs, with distractors color-coded
as either Al-generated (blue) or human-written (green). For
Questions 1 to 3, each expert was instructed to select two
top distractors. For Questions 4 and 5, each expert selected
three top distractors from the full set of available options.

Among the 12 total top distractors ultimately selected
across all questions (i.e., distractors receiving the highest
number of expert votes), human-generated distractors were
selected 7 times, while Al-generated distractors were se-
lected 5 times, indicating a slightly stronger overall pref-
erence for human-written distractors. However, certain Al-
generated distractors such as D5 in both Q4 and Q5, received
strong agreement from multiple experts, demonstrating that
GenAl can produce distractors of competitive quality in this
specific educational contexts.

When analyzing the most frequently selected distractor
per question, human-generated options received the highest
number of votes in Q1, Q3, and Q5, with Al-generated dis-
tractors consistently ranking second. In contrast, for Q4, an
Al-generated distractor received the highest number of ex-
pert votes, surpassing any human-written alternative.

While human-generated distractors were more frequently
selected as top choices, the overall vote distribution was rel-
atively balanced. Across all expert selections, Al-generated
distractors received a total of 22 votes, while human-
generated distractors received 28, yielding a ratio of approx-
imately 11:14. This near parity suggests that Al-generated
distractors were generally considered competitive and fre-
quently perceived as high-quality by experts, even if slightly
less dominant in final rankings.

In their qualitative evaluation of Al-generated distrac-
tors, experts provided detailed comments highlighting both
the strengths and limitations of these items across differ-
ent questions. In Question 2, where Al-generated distrac-
tors were generally not preferred, experts emphasized that
effective distractors should exhibit explicit or clearly im-
plied connections to the source text. For example, distractors
such as “Not bad” and “Too expensive” were criticized for
lacking both literal and semantic alignment with the review,
thereby limiting their diagnostic value. In contrast, “Amaz-
ing deal” was recognized for its emotional congruence with
the review’s tone, even though the phrase was not directly
quoted. This contrast suggests that experts value a combi-
nation of textual relevance and cognitive plausibility when
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Figure 1: (a) Expert selections of Al- vs. human-generated distractors across five MCQs; (b) Student first-attempt choices of
Al- vs. human-generated distractors across five MCQs. Note: D1 refers to Distractor 1 in Table 1. “D1 x 4” indicates it was
selected four times as a top distractor by the experts. N = 78 denotes the number of students who completed the question and

for whom log data were collected.

evaluating distractor quality.

In Question 4, expert feedback identified three common
reasoning errors embedded in the Al-generated distractors,
which were considered useful for assessing students’ con-
ceptual understanding. First, D1 overgeneralized the mean-
ing of the variable Cbest, interpreting it as the count of all
positive words rather than the specific occurrence of “best.”
Second, D2 incorrectly equated Cbest with the total number
of words in the review, a connection experts considered plau-
sible and sufficiently misleading. Third, D5 suggested that
Cbest represented an overall sentiment score or emotional
rating. Although inaccurate, experts noted that this interpre-
tation reflected a common student misconception and thus
functioned as an effective distractor for assessing students’
understanding of the model’s variable definitions.

Student Selection Patterns (RQ2)

Figure 1 (b) illustrates students’ first-attempt selections for
each distractor option across five MCQs. Each cell indicates
the percentage of students who selected a given distractor,
based on the total number of responses for that question.

Across all five questions, human-written distractors
tended to attract higher selection rates. For instance, in Q2,
distractor D1 (by a human developer) was chosen by 60% of
students. Similarly, in Q5, human-written distractor D4 drew
the highest selection rate at 71.8%. These results suggest that
human-written distractors were generally more effective in
drawing student attention, likely due to their alignment with
instructional context.

Al-generated distractors also demonstrated the ability
to confuse students in certain contexts. Notably, in Q2
(a “check all that apply” question), Al-generated distrac-
tors D2, D3, and D4 were each selected by approximately
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26.7-28% of students, indicating their competitive plausi-
bility. However, in other questions, Al-generated distractors
were less frequently chosen. The only Al-generated distrac-
tor with a selection rate above 10% outside Q2 was D1 in
Q4 (12.3%).

Interestingly, students’ selection patterns largely aligned
with expert preferences, with human-written distractors gen-
erally ranking higher among both groups. A notable excep-
tion occurred in Q4: distractor D5 received the most expert
votes but was not selected by any student at the first attempt.
This discrepancy suggests a potential misalignment between
expert judgment and student interpretation for that item.

First-Attempt Distractor Selection and Learning
Behaviors (RQ3)

Table 2 presents the descriptive statistics and results of the
Mann—Whitney U tests for the five MCQs, comparing stu-
dents who selected Al-generated distractors (Al group) on
their first attempt with those who selected human-generated
distractors (Human group). The Mann—Whitney U test was
used to determine whether the distributions of the two
groups differed significantly on each behavioral indicator
(i.e., time on task, hint usage, and revisiting behavior).

For time on task, Students in the AI group spent signif-
icantly more time on the items than those in the Human
group (U = 1400,p = 0.011). The corresponding effect
size, Cliff’s 6 = 0.33, indicates a small-to-medium magni-
tude of difference. For hint usage, the analysis revealed no
significant differences between the Al and Human groups
(U = 1063,p = 0.95). Cliff’s § ~ 0 further suggests a
negligible effect. Revisiting behavior result was similar to
hint usage, no significant differences were found between
the two groups (U = 888,p = 0.23). The effect size was
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Figure 2: Sankey diagram of student distractor transitions across the first four attempts (Q4). Note: * indicates an Al-generated
distractor; D1 refers to Distractor 1 in Table 1; Key denotes the correct answer.
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Table 2: Comparison of student learning behaviors.

small (Cliff’s § = 0.11), indicating that the groups exhib-
ited comparable patterns in this behavior.

We further examined how students’ choices evolved
across different attempts. Figure 2 visualizes student transi-
tions between different option selections across the first four
attempts on Q4, using a Sankey diagram to illustrate shifts
in conceptual understanding. Each node represents a specific
option (one correct answer and four distractors) chosen dur-
ing a given attempt, while the links indicate how many stu-
dents moved from one option to another across successive
attempts. Among those who initially selected “the number of
positive words in the review” (an Al-generated distractor),
half arrived at the correct answer on their second attempt.
For students who first chose “the total number of words in
the review” (another Al-generated distractor), all reached
the correct answer by the third attempt. In contrast, students
who selected human-created distractors showed more dis-
persed patterns in subsequent attempts. For instance, stu-
dents who initially selected “the input of the sentiment anal-
ysis model” displayed varied responses in the second at-
tempt, distributed across multiple distractor options.
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Discussion

Our findings indicate that experts showed a slight prefer-
ence for human generated distractors, though Al-generated
distractors were often rated comparably and occasionally
outperformed human options. This aligns with prior work
suggesting that while human developers can more effec-
tively capture students’ typical misconceptions due to their
pedagogical expertise (Haladyna and Rodriguez 2013), Al-
generated distractors can still achieve competitive qual-
ity, particularly in surface plausibility and linguistic flu-
ency (Doughty et al. 2024; Feng et al. 2024). The expert
comments also revealed detailed criteria in evaluating dis-
tractors: textual relevance, semantic plausibility, and align-
ment with common misconceptions were consistently em-
phasized. For example, Al-generated distractors in Q4 suc-
cessfully mirrored typical reasoning errors, which experts
judged as valuable for diagnostic assessment. These find-
ings suggest that GenAl can complement human developer
expertise by efficiently producing distractors that capture re-
curring error patterns, though refinement is still needed to
ensure contextual fidelity.

Student responses largely paralleled expert judgments,
with human-generated distractors more frequently chosen.
This is consistent with research showing that distractors
grounded in authentic student misconceptions are more at-
tractive to learners (DiBattista and Kurzawa 2011). Never-
theless, Al-generated distractors also attracted a meaning-
ful proportion of students, particularly in multi-answer ques-
tions (e.g., Q2), indicating that they can be sufficiently de-
ceptive in specific contexts. The discrepancy observed in Q4,
where an Al-generated distractor was highly rated by ex-
perts but seldom chosen by students highlights the impor-



tance of triangulating expert review with authentic learner
data. Experts may recognize cognitive plausibility in distrac-
tors that, in practice, students overlook or interpret differ-
ently (Ludewig, Schwerter, and McElvany 2023). This un-
derscores the value of combining expert-based and learner-
based evaluation frameworks to assess distractor quality.

Our behavioral analysis showed that students who se-
lected Al-generated distractors spent significantly more time
on the items compared to those who chose human-generated
distractors. One possible explanation is that Al-generated
distractors, while plausible, may be less transparently tied to
students’ pre-existing misconceptions, requiring additional
cognitive effort for students to reconcile their reasoning with
the feedback provided. This finding aligns with cognitive
load theory, suggesting that less familiar or less contextually
grounded stimuli can increase processing demands (Kim
et al. 2024). In contrast, no significant group differences
emerged in hint usage or revisiting behaviors. This sug-
gests that distractor type may not directly affect students’ re-
liance on external support or their persistence strategies, but
it does appear to influence their time investment in problem-
solving. The Sankey analysis of Q4 further revealed that stu-
dents who initially selected Al-generated distractors poten-
tially tended to converge on the correct answer within fewer
attempts, whereas those starting with human-generated dis-
tractors showed more dispersed trajectories. This may indi-
cate that Al distractors prompt students to engage in more
linear reasoning correction, while human distractors induce
broader exploration of alternatives.

In summary, these findings provide both theoretical and
practical contributions. From a practical perspective, this
study makes three key contributions: (1) Improving effi-
ciency: Leveraging Al to automatically generate and analyze
distractors at scale can reduce the time and cost of manual
design. (2) Identifying gaps: By analyzing student choice
patterns, our approach helps developers identify weaknesses
in learning materials and uncover typical student misconcep-
tions. (3) Supporting new material development: For emerg-
ing domains such as Al education, this method can assist de-
velopers in designing more targeted instructional resources
and assessments for K—12 learners. From an academic per-
spective, this study contributes to ongoing discussions in
educational technology and computer science education on
“automatic Al-assisted instruction.” It also extends the liter-
ature on automated assessment tools, learning analytics, and
the application of GenAl in education.

Conclusion, Limitations and Future Work

This study examined the use of GenAl for distractor genera-
tion in the context of a virtual, self-paced Al curriculum for
high school students. By combining expert evaluations with
analyses of student log data, we provided a multi-faceted
view of distractor quality and its potential impact on learn-
ing. The findings highlight both the promise and the limi-
tations of Al-generated distractors: although there remains
room for improvement, as they did not outperform human-
created ones, Al-generated distractors can produce plausible
alternatives that align with expert standards, support scalable
distractor production, and encourage students to spend more
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time engaging with the MCQs.

Several limitations should be noted. The study was con-
ducted within a single curriculum and involved a limited set
of items, constraining generalizability. It also did not ac-
count for variability across Al models or human authors,
and behavioral traces alone may not fully reflect students’
cognitive processes. Future research could examine distrac-
tors across broader subjects and Al models, integrate qual-
itative methods (e.g., interviews or think-alouds) to capture
cognitive reasoning, and develop adaptive systems that use
Al-generated distractors for real-time formative feedback to
address student misconceptions.
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