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Abstract

Large Language Models (LLMs) are increasingly being explored for their potential to automate the generation of
multiple-choice questions (MCQs). However, the quality of these questions is still influenced by various factors,
including pedagogical, conceptual, and linguistic considerations. This article presents the outcomes of a new exper-
imental round conducted in 2026, focusing on MCQ generation within the Requirements Engineering domain, and
builds upon a previous study published in 2025. The current study uses the same domain, Prompt Engineering tech-
niques, evaluation criteria, and validation protocol, and merges automatic evaluations by LLMs with assessments
from professors. In total, 200 questions were generated and analyzed. The results indicate that automatic evaluations
and human assessments often produce differing judgments, with LLMs generally assigning higher scores than their
human counterparts. Additionally, the findings reveal that Prompt Engineering techniques and generator models
exhibit different behaviors across evaluators. Challenges related to the criteria of diversity and complexity persist
in automated question generation. This study highlights the considerable potential of LLMs to enhance assessment
design, while also emphasizing the essential role of human curation and the need for continuous validation in the
rapidly evolving landscape of LLM ecosystems.
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1 Introduction

Large Language Models (LLMs), driven by advanced transformer-based architectures, are trans-
forming various educational practices, acting not only as tools but also as true companions and
virtual assistants. In content generation, they reduce educators’ manual workload by automati-
cally creating high-quality materials, such as textbooks, lesson plans, interactive resources, and
even programming code and experimental models for research. Regarding material personaliza-
tion, LLMs identify needs based on the student’s learning stage and interests. They offer tailored
experiences, develop inclusive strategies, and generate adaptive tests that adjust question difficulty
in real time (Kasneci et al., 2023; Xu et al., 2024).

Among these applications, automated question generation stands out as a transformative
tool. It can reduce educators’ manual workload by enabling rapid development of sophisticated
assessment instruments and by enabling the dynamic creation of diverse item variations, including
plausible distractor answers, tailored to specific learning objectives (Hang et al., 2024; Kasneci
et al., 2023; Maity et al., 2023; Tran et al., 2023; Xu et al., 2024).

In this context, Multiple-Choice Questions (MCQs) are widely used in formative, diagnos-
tic, and summative assessments because they enable objective grading, large-scale administration,
and coverage of diverse topics within a domain. Despite these advantages, designing good MCQs
requires more than writing grammatically correct prompts. An adequate question must present
conceptual clarity, alignment with the content, a level of complexity compatible with the educa-
tional objective, only one correct alternative, and plausible distractors (Case & Swanson, 2016;
Haladyna et al., 2002).

Regarding MCQs, the automatic generation involves both linguistic and pedagogical as-
pects, and prompt engineering plays a central role, since the way the task is presented to the model
can directly influence the output format, domain adherence, question diversity, level of complexity,
and clarity of the alternatives (Maity et al., 2023; White et al., 2023). Strategies such as zero-shot,
Jfew-shot, chain-of-thought, exemplar-guided, and template-based offer different ways of guiding
generation, ranging from direct instructions to the use of examples, intermediate reasoning, or
fixed output structures (Brown et al., 2020; Wei et al., 2022).

Recent literature has investigated MCQ generation with LLMs in different contexts, such
as Computing, Engineering, Medicine, and basic education (Al Shuraiqi et al., 2026; Biancini
et al., 2024; Shu et al., 2025; Tran et al., 2023). These studies report important advances in
the automated production of assessment items but also indicate that question quality cannot be
evaluated solely by the textual appearance of the generated output. Criteria such as distractor
quality, content adherence, pedagogical relevance, and cognitive level require careful analysis
and, in many cases, human validation (Scaria et al., 2024a, 2024b).

In this work, we extend our previous study (Quincozes et al., 2025) by conducting a new
experimental round in 2026 on the automated generation of MCQs by LLMs. In particular, we
maintain the same domain, Software Requirements Engineering, the five Prompt Engineering
techniques, the evaluation criteria, and the professor validation adopted in the original protocol.
Since the LLM ecosystem evolves rapidly, with models being updated, replaced, or discontinued,
the comparison between the 2025 and 2026 rounds does not aim to establish direct equivalence
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between models. Instead, it seeks to observe the stability and variation of results under a similar
experimental protocol. The research questions that guide this study are presented below.

* Central Research Question (RQ): To what extent are the results obtained in the automated gener-
ation and evaluation of MCQs by LLMs maintained or changed in a new experimental round with
models available in 20267

* RQ1: Which Prompt Engineering techniques show the best performance in 20267

* RQ2: Which patterns observed in 2025 remain or change in 20267

* RQ3: To what extent does LLM-based evaluation converge with or diverge from professor evalua-
tion?

* RQ4: Which evaluation criteria remain most fragile in the automated generation of MCQs?

The main contributions of this article are: (i) a new experimental round with models avail-
able in 2026; (ii) the expansion of the set of generated questions in relation to the original study;
(iii) the comparison between automatic evaluation by LLMs and professor evaluation; (iv) the
analysis of error patterns identified by expert professors; and (v) the discussion on stability and
reproducibility in educational studies that use LLMs.

From a practical perspective, the study contributes to teachers by providing evidence on
which prompting strategies tend to produce questions that are more positively evaluated by ex-
pert professors, as well as by identifying criteria that still require careful human review, such as
relevance, diversity, and complexity. From a research perspective, the study contributes by com-
paring two experimental rounds conducted under a similar protocol, supporting the discussion on
stability, reproducibility, and model-dependence in empirical studies with LLMs. For the field
of Computers in Education, the work contributes evidence on the responsible use of LLMs as
assistive tools for the generation and initial screening of assessment items, while reinforcing that
pedagogical validation remains necessary.

The remainder of this article is organized as follows. Section 2 presents the theoretical back-
ground on LLMs in education, multiple-choice questions, Prompt Engineering, evaluation criteria,
and reproducibility challenges. Section 3 discusses related work and positions this study in rela-
tion to recent literature. Section 4 describes the experimental design, the 2025 and 2026 rounds,
the models used, and the automatic and professor evaluation procedures. Section 5 presents and
discusses the results, including the comparison between experimental rounds. Finally, Section 6
presents the conclusions, limitations, and future work.

2 Background

In this section, we outline the key theoretical foundations that underpin the methodological design
of this study. Instead of offering a general overview of Large Language Models (LLMs), we
focus on the components needed to understand automated generation of multiple-choice questions
(MCQs) in educational settings. This includes an exploration of the use of LLMs in education,
the pedagogical significance of MCQs, the importance of Prompt Engineering, evaluation criteria,
and the challenges of reproducibility in empirical studies involving LLMs.
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2.1 LLMs in Education and Assessment Support

LLMs have been widely investigated in educational contexts due to their ability to understand,
generate, and transform natural language texts. In the education field, these models have been
explored in tasks such as instructional content generation, feedback production, writing support,
intelligent tutoring, automated grading, material personalization, and assessment support (Cho et
al., 2024; Kasneci et al., 2023; Xu et al., 2024). In particular, the ability to generate questions, ex-
planations, and contextualized examples makes LLMs relevant candidates for supporting teaching
practices that require time and effort, such as the construction of assessment instruments.

Recent literature indicates that one of the main opportunities for using LLMs in education
lies in scalability. These models can support rapid production of educational materials, enabling
variations in questions, examples, and explanations for different learning objectives. In addition,
these models can contribute to personalized teaching by adapting content to the student’s level,
task style, or addressed domain. In assessment scenarios, this capability is especially relevant, as
it may reduce part of the operational workload associated with the initial development of questions
and allow professors to focus their efforts on curating, validating, and pedagogically refining the
generated items (Kasneci et al., 2023; Xu et al., 2024).

However, the use of LLMs in educational processes also presents important limitations.
These models may produce inconsistent responses, present factually incorrect information, rein-
force biases present in training data, or generate content that is linguistically plausible but ped-
agogically inadequate (Huang et al., 2025; Kasneci et al., 2023). In the context of assessment,
such limitations are particularly sensitive, since an apparently well-written question may contain
ambiguity, weak distractors, low adherence to the educational objective, or an inadequate level of
complexity. Thus, the textual quality of an output generated by an LLLM should not be confused
with pedagogical quality (Huang et al., 2025).

Therefore, this work adopts an assistive perspective on the use of LLLMs in education. The
models are intended to support the generation and initial screening of questions, not as substitutes
for a professor’s judgment. This perspective aligns with the literature, which recommends hu-
man supervision in educational applications of Al, especially in assessment tasks, where validity,
clarity, content alignment, and adequacy to the cognitive level are fundamental (Cho et al., 2024;
Kasneci et al., 2023). For this reason, the methodology of this study combines automatic evalu-
ation by LLLMs with human evaluation by expert professors, allowing comparison of automated
judgments with the pedagogical interpretations of human evaluators.

2.2 Multiple-Choice Questions (MCQs)

MCQs are assessment instruments generally composed of a stem, a set of alternatives, one correct
answer, and incorrect alternatives called distractors. The quality of an MCQ does not depend only
on the grammatical correctness of the text, but also on the articulation among the stem, alterna-
tives, learning objective, and the level of reasoning required from the student (Case & Swanson,
2016; Haladyna et al., 2002). For this reason, the automatic generation of MCQs represents a
more complex educational task than simple text generation.

MCQs are widely used in the educational field because they enable objective assessment,
large-scale application, and efficient grading. They also allow coverage of different topics within a
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knowledge domain and can be used in diagnostic, formative, or summative assessments. However,
developing good MCQs requires methodological care. Classical guidelines for item construction
recommend that the question be aligned with learning objectives, present a clear stem, contain
only one correct answer, avoid ambiguity, reduce superficial clues, and use plausible distractors
(Case & Swanson, 2016; Haladyna et al., 2002).

Distractors play a central role in the quality of a multiple-choice question. They should not
be obviously incorrect alternatives, as this reduces the item’s discriminatory capacity. Instead,
good distractors should represent plausible errors, misconceptions, or incomplete interpretations
that may attract students who have not yet adequately mastered the content (Haladyna et al., 2002).
When distractors are weak or artificial, students may identify the correct answer by superficial
elimination, without mobilizing the expected knowledge. Thus, a question may be grammatically
fluent and still have low assessment quality.

Another important aspect is the cognitive complexity level of the question. MCQs can as-
sess everything from factual knowledge to interpretation, application, analysis, and evaluation.
The revised Bloom’s Taxonomy proposes an organization of cognitive processes into levels such
as remembering, understanding, applying, analyzing, evaluating, and creating (Anderson & Krath-
wohl, 2001).

While not every MCQ needs to assess higher levels of learning, higher-quality questions
typically require students to go beyond simple memorization. They often involve interpreting
situations, relating concepts, or applying principles to a specific context.

This observation is particularly relevant to this study, as the results analyzed consider various
quality criteria. A question can demonstrate high grammatical fluency but still lack diversity or
complexity. Therefore, evaluating MCQs generated by language models requires considering
multiple dimensions. The distinction between textual and pedagogical quality supports the need
for criteria such as diversity, complexity, and relevance, in addition to fluency and answerability.

2.3 Prompt Engineering for Question Generation

Prompt Engineering consists of the process of formulating, structuring, and adjusting natural lan-
guage instructions to guide the behavior of LLMs in a given task. Instead of modifying the internal
parameters of the model, Prompt Engineering acts on the input provided to the system, influenc-
ing the format, content, level of detail, and type of reasoning expected in the output (White et al.,
2023). In educational tasks, this practice is relevant because small changes in the instruction may
significantly alter the quality, structure, and pedagogical adequacy of the generated material.

In the context of MCQ generation, prompts can specify the question domain, the number of
alternatives, the expected format, the presence of a single correct answer, the difficulty level, the
type of content addressed, and even the nature of the distractors. Thus, Prompt Engineering works
as a mechanism of partial control over generation, allowing different instructional strategies to be
compared without the need for model retraining or fine-tuning. To investigate these effects, we
describe below the main prompting methods established in recent literature, emphasizing those
selected for our comparative analysis.

Zero-shot prompting consists of providing the model only with the task description, without
additional examples. This approach is simple, low-cost, and useful for evaluating the model’s
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ability to perform a task when given direct instructions. In LLMs, zero-shot capability is associ-
ated with the model’s generalization to tasks not accompanied by explicit demonstrations (Brown
et al., 2020). In the case of MCQ generation, a zero-shot prompt directly requests the creation of
a question within a specified domain and format.

Few-shot prompting includes examples within the prompt to guide the model on the expected
input and output patterns. This technique explores the in-context learning capability of LLMs,
in which demonstrations provided in the prompt condition the subsequent response (Brown et
al., 2020). In question generation, examples can help the model reproduce a desired structure,
maintain consistency in the format of the alternatives, and approximate the output to an expected
educational standard.

Chain-of-thought prompting encourages the model to perform intermediate reasoning steps
before producing the final answer. This technique was proposed to improve the performance
of LLMs in tasks that require complex reasoning, especially when combined with larger-scale
models (Wei et al., 2022). In MCQ generation, this strategy may encourage the model to plan the
assessed concept, the required reasoning, and the distinction between the correct alternative and
the distractors. However, its effectiveness may vary across models, domains, and task formats,
especially when the final goal requires a concise, well-structured item.

Exemplar-guided prompting is a variation based on the use of examples aligned with the task
domain. Unlike generic examples, the provided example aims to reflect the content, language, and
structure expected in the specific domain. In this study, this means guiding generation based on
examples compatible with Requirements Engineering. This approach may favor greater semantic
and pedagogical adherence, as it brings the model closer to the expected standard for the evaluated
context.

Finally, template-based prompting uses a fixed structure that the model completes. This
technique aims to improve control over the output format, reducing undesired variations and pro-
moting standardization. In MCQ generation, a template can explicitly define fields such as the
stem, alternative A, alternative B, alternative C, and alternative D, as well as the correct answer.
This standardization facilitates automatic data extraction and comparison across models, although
it may limit the structural diversity of the generated questions.

The literature on Prompt Engineering indicates that there is no universally superior tech-
nique for all tasks and models. The effectiveness of each strategy may depend on the model
architecture, size, training, domain, level of prompt detail, and the type of expected output (Wei
et al., 2022; White et al., 2023). Therefore, a systematic comparison of techniques is necessary to
understand how different instructional approaches influence the quality of generated MCQs.

2.4 Evaluation Criteria for Generated Questions

The evaluation of automatically generated questions requires criteria that capture the different di-
mensions of item quality. In this study, the five criteria used in the original study were maintained:
grammatical fluency, answerability, diversity, complexity, and relevance (Quincozes et al., 2025).
These criteria are also aligned with the evaluation approach adopted in studies on automatic MCQ
generation with LLMs, such as MCQGen, which considers linguistic, structural, and educational
dimensions in the analysis of generated questions (Hang et al., 2024).
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Grammatical fluency evaluates the linguistic quality of the question, considering clarity,
cohesion, grammatical correctness, and textual structure. A question with good fluency should
present a comprehensible stem, well-written alternatives, and the absence of errors that hinder in-
terpretation. This criterion is important because linguistic problems may compromise the validity
of the item, confusing the student or diverting attention from the assessed content (Chico et al.,
2025; Hang et al., 2024; Scaria et al., 2024b).

Answerability verifies whether the question fulfills the proposed task. In the case of MCQs,
this means presenting a coherent question or assessment situation, with alternatives compatible
with the stem and a single, clearly correct answer. This criterion concerns the absence of ambigu-
ity and the item’s internal consistency. A question may be fluent but fail in answerability if two
alternatives are equally defensible, if no alternative adequately answers the stem, or if the correct
answer is not well defined (Hang et al., 2024; Scaria et al., 2024b).

Diversity considers the thematic, structural, and stylistic variation of the generated ques-
tions. In a set of MCQs, diversity means avoiding excessive repetition of topics, formulations,
stem patterns, or types of alternatives. This criterion is relevant because automatic generation sys-
tems may produce questions that are very similar to one another, especially when rigid prompts
are used or when the model relies on frequent patterns. Low diversity reduces the pedagogical use-
fulness of the generated set by limiting domain coverage and potentially making the assessment
predictable (Chico et al., 2025).

Complexity evaluates the level of reasoning required to correctly answer the question. This
criterion can be related to the revised Bloom’s Taxonomy, as it distinguishes questions that re-
quire only the recall of definitions from those that demand understanding, application, analysis,
or evaluation (Anderson & Krathwohl, 2001). In the context of this study, a question of higher
complexity is not necessarily more difficult in statistical terms, but rather one that requires greater
cognitive elaboration to be solved.

Relevance evaluates the alignment of the question with the Requirements Engineering do-
main and the expected educational objectives. A relevant question should address concepts, prac-
tices, or problems pertinent to the domain, avoiding generic formulations or content that is tangen-
tial to the subject matter. This criterion is especially important in technical areas, since a question
may appear formally adequate but fail to assess the discipline’s core knowledge.

Although these five criteria are useful for evaluating different dimensions of generated
MCQs, they do not capture all possible aspects of quality. The analysis of distractors, for example,
may require specific criteria regarding plausibility, homogeneity, independence, and discrimina-
tory power of the alternatives (Case & Swanson, 2016; Haladyna et al., 2002). In addition, the
psychometric difficulty of a question and its ability to discriminate among students with different
proficiency levels can be assessed more robustly using application data from students. Thus, the
criteria used in this study provide an initial and comparative evaluation of question quality, but
they may be complemented by qualitative and psychometric analyses in future work.

2.5 Reproducibility and Instability in Studies with LLMs

Empirical studies with LLMs present specific reproducibility challenges. Unlike traditional sys-
tems, LLMs may produce different outputs for the same input depending on factors such as model
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version, inference parameters, generation randomness, token limit, prompt format, and the API’s
policies (Angermeir et al., 2025; Baltes et al., 2025). In addition, models made available by ex-
ternal providers may be updated, replaced, renamed, or discontinued, which makes it difficult to
exactly reproduce experiments conducted on previous dates.

Recent literature on empirical studies involving LLMs recommends that researchers explic-
itly report the model’s role in the study, the versions used, configuration parameters, prompts,
interaction logs, evaluation metrics, and the limitations associated with these models (Baltes et
al., 2025). Human validation of outputs generated by LLMs is also recommended when these
outputs affect qualitative interpretations or domain-related decisions. These recommendations
are particularly relevant in educational studies, in which quality assessment involves pedagogical
judgment.

3 Related Work

The automated generation of MCQ with the support of LLMs has received increasing attention
in recent literature. This interest is related to the potential of these models to support professors
in producing assessment instruments, reduce the initial effort required to create questions, and
enable greater scale in the development of educational materials. However, MCQ generation
involves challenges beyond text production, as it requires content alignment, conceptual clarity, a
single correct alternative, plausible distractors, and an appropriate cognitive level.

Tran et al. (2023) investigated the use of LLMs for MCQ generation in Computing courses,
providing an important reference for the use of these models in technical disciplines. Comple-
mentarily, Maity et al. (2023) explored prompting-based techniques for educational question gen-
eration, including human evaluation of the produced items. These works indicate that LLMs can
support question development, but they also show that item quality depends on how the task is
presented to the model and on the subsequent validation of the generated outputs.

Other recent studies further examine the relationship between LLMs, prompting, and the
pedagogical quality of questions. Li and Zhang (2024) proposed an LLM-guided approach for
controllable question generation, based on the idea of planning before formulating the question.
Scaria et al. (2024a) investigated the generation of educational questions at different levels of
Bloom’s Taxonomy, while Scaria et al. (2024b) analyzed the quality of LLM-generated questions
at different cognitive levels. These studies are relevant because they relate automatic question gen-
eration to educational aspects, such as complexity, adherence to cognitive level, and pedagogical
quality.

The literature has also advanced in the automatic evaluation of MCQs generated by LLMs.
Hang et al. (2024) presented MCQGen, an LLM-based system for generating MCQs aimed at
personalized learning. Mucciaccia et al. (2025) investigated LLM-based systems for automatic
MCQ generation and evaluation in a case study involving university resolutions. Yao et al. (2025)
proposed an iterative process of generating, critiquing, correcting, and comparing MCQs, showing
arecent tendency to use LLMs not only to generate questions, but also to evaluate and refine them.

Human validation remains a recurring concern in these studies. Biancini et al. (2024) pre-
sented a methodology for MCQ generation with LLMs and analyzed the results based on educa-
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tors’ perceptions. Shu et al. (2025) explored MCQ generation with multimodal models in higher
education in Engineering, highlighting the alignment of questions with learning objectives and the
need for human supervision. In the medical context, Al Shuraiqi et al. (2026) investigated Prompt
Engineering strategies for generating case-based MCQs, using multiple models and expert vali-
dation. These works bring automatic question generation closer to pedagogical criteria, such as
relevance, difficulty, distractor quality, and adequacy to the educational context.

In addition to complete MCQ generation, some works investigate specific components of
question quality. Bitew et al. (2023), for example, analyzed distractor generation with LLMs and
predictive prompting, an aspect directly related to the plausibility of incorrect alternatives. Elkins
et al. (2024), in turn, discussed the use of LLMs and Bloom’s Taxonomy to support professors
in creating educational quizzes. Although these studies do not have exactly the same focus as
this work, they contribute to the discussion on pedagogical quality, cognitive complexity, and
professor participation in the educational use of LLMs.

Table 1 presents a comparison between this study and related works across five aspects: the
use or analysis of Prompt Engineering, the use of multiple language models, automated evaluation
by LLMs, participation of human evaluators, and focus on MCQs. The table is not intended to
rank the studies, but to highlight how recent literature has explored different combinations of these
elements.

Table 1: Comparison between this study and related works.

Reference PE LLMs LLMEval. Hum.Eval MCQs
Quincozes et al., 2025 v v v v v
Al Shuraiqi et al., 2026 v v X v v
Biancini et al., 2024 v v X v v
Shu et al., 2025 v v X ve v
Mucciaccia et al., 2025 v X v v v
Bhowmick et al., 2023 v v X v v
Tran et al., 2023 X v X v v
Hang et al., 2024 X v v X v
Li and Zhang, 2024 v X X v v
Scaria et al., 2024a v v v v v
Scaria et al., 2024b v v X v v
Yao et al., 2025 v X v v v

Note: PE = Prompt Engineering/prompting; LLMs = use or comparison of multiple language models;
LLM Eval. = automated evaluation using LLMs; Hum. Eval. = human/expert evaluation; MCQs = focus
on multiple-choice question generation.

Overall, the related work shows that MCQ generation with LLMs is a recent and growing
field. The literature has advanced in different directions, including the use of prompts to con-
trol generation, model comparison, automatic evaluation, human validation, and the analysis of
pedagogical criteria. In this scenario, the present work differs by integrating these elements into
the same experimental protocol: it compares five Prompt Engineering techniques, uses multiple
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generator models, employs cross-evaluation among LLMs, includes professor validation, and an-
alyzes the results in the specific domain of Requirements Engineering. In addition, this version
extends the study published in 2025 (Quincozes et al., 2025) by incorporating a new experimental
round with models available in 2026, allowing the stability of the findings to be discussed in a
context of rapid LLM evolution.

3.1 Synthesis and Research Gap

The related work shows that MCQ generation with LLMs has advanced in several directions, in-
cluding prompting strategies, model comparison, automatic evaluation, human validation, and the
analysis of pedagogical criteria. However, most studies still analyze these dimensions separately
or within a single experimental round. As a result, there is limited evidence on whether the ob-
served performance of prompting strategies remains stable when the available model set changes.

A relevant research gap therefore concerns the robustness of experimental protocols over
time. In the current LLM ecosystem, models may be updated, replaced, renamed, or discontinued,
and API behavior may change across periods. This affects the reproducibility of empirical studies
and makes it difficult to determine whether the superiority of a given prompting technique is stable
or contingent on a specific set of models.

This study addresses this gap by comparing experimental rounds conducted in 2025 and
2026 under a similar protocol. Instead of treating the comparison as a longitudinal evaluation of
the same models, the study examines how evaluation patterns, prompting strategies, and criteria
behave across two model-availability scenarios. This framing supports a more realistic discussion
about the use of LLMs in educational assessment, emphasizing documentation, human validation,
and careful interpretation of results.

4 Methodology

This study was structured as a comparative analysis across two experimental rounds in 2025 and
2026, aimed at examining the performance of various language models in the automated gener-
ation of multiple-choice questions in the Requirements Engineering domain. To facilitate a fair
comparison, we maintained consistency across several factors, including the application domain,
question format, Prompt Engineering techniques, evaluation criteria, evaluation scale, generation
and evaluation code, and the professors serving as evaluators. The primary goal was to assess
the stability of the results under different model availability scenarios, without assuming direct
equivalence among the models used in each round.

The decision to implement two experimental rounds stems from the dynamic nature of Large
Language Models (LLMs), which can change across versions, API availability, and execution con-
ditions over time. Consequently, our comparison does not aim to track the longitudinal evolution
of the same models; instead, it focuses on how a consistent experimental protocol performs when
applied to a new array of available models. This methodological caution is essential in empiri-
cal research involving LLMs, as results may be influenced by factors such as model architecture,
inference parameters, access policies, and the specific versions used.
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4.1 Experimental Design

The experimental design comprised two rounds. In both rounds, five Prompt Engineering tech-
niques applied to the generation of multiple-choice questions were evaluated: zero-shot, few-shot,
chain-of-thought, exemplar-guided, and template-based. These techniques were chosen because
they represent recurring strategies for interacting with LLMs in text-generation tasks and enable
investigation of how different forms of instruction influence the quality of generated questions.

In the 2025 round, four language models were used: Qwen, LLaMA, Gemma, and DeepSeek.
Specifically, the models employed were gwen-gwq-32b, LLaMA-3.1-8b-instant, gemma2-9b-it,
and deepseek-rl-distill-LLaMA-70b. Each model generated five questions for each of the five
prompt techniques, totaling 100 questions.

In the 2026 round, the same experimental protocol was maintained, but with models avail-
able in the execution environment at the time of the new data collection: openai/gpt-oss-120b,
qwen/qwen3-32b, grog/compound, and llama-3.1-8b-instant. To increase the robustness of the
analysis and reduce the impact of occasional variations in individual generations, ten questions
were generated for each model-technique combination. Thus, the 2026 round produced 200
questions in total, not 200 questions per model. This total results from four generator mod-
els, five Prompt Engineering techniques, and ten questions per model-technique combination:
4 x5 x 10 = 200 questions.

Table 2 presents the general configuration of the two experimental rounds.

Table 2: General configuration of the experimental rounds.

Element 2025 Round 2026 Round
Domain Requirements Engineering Requirements Engineering
Question format Multiple choice Multiple choice

Alternatives per question

Prompt techniques
Models

Questions per model-technique combi-
nation

Total number of generated questions
Evaluation criteria

Evaluation scale

Automatic evaluation

Human evaluation

4 alternatives and 1 correct
answer

5 techniques

Qwen, LLaMA, Gemma, and
DeepSeek

5

100 in total

5 criteria

1-to-5 Likert scale
Cross-evaluation by LLMs
4 expert professors

4 alternatives and 1 correct
answer

5 techniques
GPT-OSS, Qwen3,
pound, and LLaMA
10

Com-

200 in total

5 criteria

1-to-5 Likert scale
Cross-evaluation by LLMs
4 expert professors

4.2 Generation of Multiple-Choice Questions

The questions were generated in the Requirements Engineering domain, a central area in Software
Engineering education that involves activities such as requirements elicitation, analysis, specifica-
tion, validation, and management. Each question was required to contain a stem, four alternatives
identified by the letters A, B, C, and D, and only one correct alternative.
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The five Prompt Engineering techniques used were maintained in both experimental rounds.
In zero-shot prompting, the model received only the direct instruction to generate a multiple-choice
question about Requirements Engineering, without additional examples. In few-shot prompting,
previous examples of questions were provided to guide the output structure. In chain-of-thought
prompting, the model was instructed to consider reasoning steps before generating the question.
In exemplar-guided prompting, an example aligned with the Requirements Engineering domain
was presented to induce greater semantic and pedagogical alignment. Finally, in template-based
prompting, the model received a fixed question structure to be completed.

The adoption of these techniques enabled comparisons of instructional approaches across
different levels of task explicitness, example use, and structural control of the output. All ques-
tions were generated through the Groq API, with automation implemented in Python. The same
codebase was used in both experimental rounds, with changes only to the list of models employed
and to the number of questions generated per model-technique combination.

4.3 Evaluation Criteria

The generated questions were evaluated based on five criteria: grammatical fluency, answerability,
diversity, complexity, and relevance. These criteria were adopted from the evaluation framework
proposed by Hang et al. (2024), as they cover linguistic, structural, and educational dimensions
relevant to the analysis of questions automatically generated by LLMs.

Each criterion was evaluated on a 1-to-5 Likert scale, where 1 indicates low adequacy and
5 indicates high adequacy. The same scale was used for both automatic evaluation by LLMs and
expert professor evaluation, allowing a direct comparison between the two types of judgment.

Grammatical fluency evaluates the clarity, cohesion, and linguistic correctness of the stem
and alternatives. Answerability assesses whether the question adequately addresses the proposed
task, presents a single correct alternative, and avoids ambiguity among the options. Diversity con-
siders the thematic, structural, and stylistic variation of the questions, observing whether there is
excessive repetition of patterns. Complexity evaluates the level of reasoning required to answer the
question correctly, distinguishing merely factual questions from those that require interpretation
or analysis. Finally, relevance verifies that the question aligns with the Requirements Engineering
domain.

Table 3: Evaluation criteria used in the experimental rounds.

Criterion Description

Grammatical fluency Evaluates the clarity, cohesion, linguistic correctness, and textual
structure of the question.

Answerability Evaluates whether the question fulfills the proposed task, with a sin-
gle correct alternative and no evident ambiguity.

Diversity Evaluates the thematic, structural, and stylistic variation of the gen-
erated questions.

Complexity Evaluates the level of reasoning required to correctly answer the
question.

Relevance Evaluates the alignment of the question with the Requirements En-

gineering domain.
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4.4 Cross-Evaluation by LLLMs

The automatic evaluation was conducted through cross-evaluation among LLMs. In this proce-
dure, each model acted as an evaluator of the questions generated by the other models, preventing
a model from evaluating its own outputs. This strategy was adopted to reduce the risk of direct
self-evaluation and to allow the analysis of LLMs also as automatic evaluators of educational
artifacts.

In each evaluation, the evaluator model received the generated question and assigned scores
from 1 to 5 for the five defined criteria: grammatical fluency, answerability, diversity, complexity,
and relevance. The responses from the automatic evaluators were requested in a structured format,
containing only the numerical scores for each criterion, without textual justifications. This stan-
dardization facilitated the consolidation of the results and reduced ambiguities in score extraction.

In the 2025 round, each of the 100 questions was evaluated by the models that had not
participated in its generation. In the 2026 round, the same procedure was applied to the 200
generated questions. In both rounds, each automatic evaluation produced five scores, one for each
evaluated criterion.

Cross-evaluation by LLLMs was used as an automatic measure of quality, but not as a gold
standard. The results obtained through this procedure were subsequently compared with professor
evaluation, since the pedagogical quality of educational questions involves interpretive criteria that
may not be fully captured by language models.

4.5 Professor Evaluation

In addition to automatic evaluation, a human evaluation was conducted by four expert professors.
The same professors participated in both experimental rounds, which enhances the comparability
of the results between 2025 and 2026. The evaluators have experience in Computing, Software
Engineering, and/or Requirements Engineering, and have worked in courses related to these areas.

Each professor evaluated the questions using the same five criteria as in the automatic eval-
uation, on a 1-to-5 Likert scale. The adoption of the same rubric for LLMs and professors enabled
comparison of automated and human judgments across the same quality dimensions.

The participation of multiple human evaluators follows the principle of methodological tri-
angulation proposed by Denzin (1978), which holds that the use of different observers reduces
individual biases and strengthens the validity of interpretations. In this study, professor evaluation
was used as a pedagogical reference to analyze the extent to which the scores assigned by LLMs
approximate or diverge from specialized human judgment.

4.6 Data Consolidation and Analysis

The data from the two experimental rounds were consolidated into structured spreadsheets con-
taining, for each evaluation, the question identifier, the generator model, the prompt technique
used, the evaluator, the evaluator type, and the scores assigned to the five criteria. Based on these
data, averages were calculated by prompt technique, generator model, evaluation criterion, and
evaluator type.
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The analysis was organized into three levels. The first level considered the internal results
of each experimental round, allowing the identification of which prompt techniques and models
achieved the best performance in each year. The second level compared the results of the two
rounds, aiming to verify which patterns were maintained and which changed between 2025 and
2026. The third level compared automatic evaluation by LLLMs with professor evaluation to iden-
tify convergences and divergences between the two.

For the comparison between rounds, the difference between the 2026 and 2025 averages
was calculated, as shown in Equation 1.

A = X026 — X2025 (D

Where X6 represents the average obtained in the 2026 experimental round and X5 rep-
resents the average obtained in the 2025 experimental round. Positive values of A indicate an
increase in the average in 2026, negative values indicate a decrease, and values close to zero
indicate stability between rounds.

The comparisons were conducted by prompt technique, evaluation criterion, generator model,
and evaluator type. Due to model replacements between rounds, the results were not interpreted as
a direct comparison of equivalent versions of the same models. Instead, the analysis was treated as
a comparison of two experimental scenarios conducted with the same general protocol, allowing
the observation of stability and variation in the results across different model sets.

S Results, Analysis, and Discussion

This section presents the results of the 2026 experimental round and, when relevant, compares
them with the findings reported in the 2025 experimental round. The analysis considers the five
evaluation criteria defined in the methodology: grammatical fluency, answerability, diversity, com-
plexity, and relevance.

In the 2026 round, 200 multiple-choice questions were generated in the Requirements En-
gineering domain. Each question was expected to be automatically evaluated by three models that
had not participated in its generation, for a total of 600 automatic evaluations. In the consolidated
dataset, 599 automatic evaluations were recorded, with one missing evaluation. In addition, the
200 questions were evaluated by four expert professors, totaling 800 professor evaluations. There-
fore, all analyses of the 2026 round refer to the full set of 200 generated questions, distributed
across the four generator models and the five Prompt Engineering techniques. No individual
model generated 200 questions.

In the professor evaluation, all individual criteria were completed in the 800 evaluations.
However, the total evaluation column presented 790 valid values, with 10 records lacking a total
score. In the set of professor evaluations, 30 incomplete question markings were identified, cor-
responding to 25 unique questions. To preserve the anonymity of the human evaluators, the four
expert professors were identified in this work as PO1, P02, P03, and P04.
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5.1 Overview of the 2026 Round

Figure 1 presents the general averages obtained in the automatic cross-evaluation and in the pro-
fessor evaluation for each evaluation criterion.

Mean scores by evaluation criterion

B [[LM-based evaluation
B Teacher evaluation

5 4 4.89 1.84 4.89

Mean score
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Figure 1: General averages by evaluation criterion in 2026, comparing automatic evaluation by LLMs and professor evaluation.

The results indicate that the LLMs assigned higher averages than the professors in gram-
matical fluency, answerability, and relevance. In grammatical fluency, the automatic evaluation
reached an average of 4.89, while the professor evaluation reached 4.49. In answerability, the
automatic average was 4.84, compared to 4.12 in the professor evaluation. The largest difference
occurred in relevance, with an average of 4.89 in the automatic evaluation and 3.63 in the professor
evaluation.

In contrast, the professors assigned higher averages than the LLMs in diversity and com-
plexity. In diversity, the professor average was 2.68, while the automatic evaluation average was
2.23. In complexity, the professors assigned an average of 2.98, compared to 2.75 in the automatic
evaluation. These results suggest that the LLMs tended to evaluate more positively aspects related
to textual adequacy, answer format, and apparent domain relevance, whereas the professors were
comparatively more attentive to pedagogical and conceptual dimensions.

In both evaluation perspectives, diversity and complexity remained among the weakest cri-
teria. This result indicates that generating questions that are sufficiently varied and cognitively
demanding remains a relevant challenge for LLM-assisted MCQ production.

5.2 Prompt Engineering Techniques and Evaluation Criteria

Figure 2 presents the general averages by Prompt Engineering technique, separating the automatic
cross-evaluation and the professor evaluation.

In the automatic cross-evaluation, the chain-of-thought technique obtained the highest over-
all average, with 4.13. It was followed by zero-shot, with 3.94, template-based, with 3.88, few-
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Figure 2: General averages by Prompt Engineering technique in 2026, comparing automatic evaluation by LLMs and professor evaluation.

shot, with 3.85, and exemplar-guided, with 3.81. From the perspective of the evaluator LLMs,
therefore, the induction of explicit reasoning favored the overall evaluation of the generated ques-
tions.

In the professor evaluation, the pattern was different. The technique best evaluated by
the professors was exemplar-guided, with an average of 3.81, followed by few-shot, with 3.66,
template-based, with 3.53, chain-of-thought, with 3.45, and zero-shot, with 3.44. Thus, while
the LLMs favored chain-of-thought, the professors assigned the highest average to the technique
based on domain-oriented examples.

Figures 3 and 4 detail this behavior by evaluation criterion, considering professor evaluation
and automatic evaluation, respectively.

In the professor evaluation, grammatical fluency presented high averages across all tech-
niques, ranging from 4.38 in chain-of-thought to 4.58 in zero-shot. In answerability, template-
based obtained the highest professor average, with 4.24, suggesting that more controlled prompt
structures may favor the production of questions with more clearly defined stems, alternatives, and
correct answers.

The diversity and complexity criteria presented lower averages in the professor evaluation.
In diversity, exemplar-guided obtained the highest average, with 3.25, while zero-shot obtained
the lowest, with 2.24. In complexity, exemplar-guided also presented the highest average, with
3.23, followed by few-shot, with 3.02, chain-of-thought, with 2.99, template-based, with 2.90,
and zero-shot, with 2.75. In relevance, exemplar-guided again stood out, with an average of 3.97,
while template-based presented the lowest average, with 3.49, followed by chain-of-thought, with
3.50.

In the automatic evaluation, chain-of-thought stood out mainly in diversity and complex-
ity, with averages of 2.74 and 3.29, respectively. These values were higher than those of the
other techniques in these two criteria, which helps explain its better overall performance in the
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Figure 3: Professor averages by Prompt Engineering technique and evaluation criterion.

cross-evaluation by LLMs. However, this advantage was not repeated in the professor evalua-
tion, indicating that LLMs may have valued the presence of structured reasoning or greater textual
elaboration as a sign of quality, while professors evaluated more critically whether this structure
effectively resulted in an adequate, clear, and pedagogically useful question.

5.3 Models, Evaluators, and Judgment Divergences

Figure 5 presents the general averages by generator model, considering the automatic evaluation
and professor evaluation separately.

In the automatic cross-evaluation, the Compound model obtained the highest overall aver-
age, with 4.31. It was followed by Qwen, with 4.02, GPT-OSS, with 3.71, and LLaMA, with 3.65.
From the perspective of the evaluator LLMs, Compound and Qwen produced questions that were
better evaluated on average.

However, the professor evaluation presented another pattern. Among the professors, GPT-
OSS obtained the highest overall average, with 3.91, followed by Qwen, with 3.54, Compound,
with 3.44, and LLaMA, with 3.42. Thus, the model best evaluated by the LLMs was not the same
model best evaluated by the professors.

This divergence indicates that automatic evaluation and professor evaluation captured dis-
tinct dimensions of question quality. Compound presented the highest automatic average, but did
not lead the professor evaluation. GPT-OSS, in turn, did not lead the automatic evaluation, but
was the model best evaluated by the professors.

Figure 6 presents the difference between the averages assigned by the LLLMs and by the
professors for each evaluation criterion.
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Figure 4: Automatic evaluation averages by Prompt Engineering technique and evaluation criterion.

The largest differences occurred in relevance, answerability, and grammatical fluency. In
relevance, the difference was 1.26 points in favor of the LLMs; in answerability, it was (.72 points;
and in grammatical fluency, it was 0.40 points. On the other hand, in diversity and complexity, the
professors assigned higher averages than the LLMs, resulting in negative differences of -0.44 and
-0.23, respectively.

It is important to note that these differences are interpreted descriptively. No inferential sta-
tistical test was applied in this study to determine statistical significance. Therefore, the reported
differences should be understood as observed differences in average scores within the analyzed
dataset, rather than as statistically significant effects.

Taken together, these results show that automatic evaluation and professor evaluation did
not produce equivalent judgments. The LLMs tended to assign higher scores to aspects related to
textual adequacy, answerability, and apparent relevance, while the professors were more critical in
these criteria and assigned relatively higher averages in diversity and complexity. Thus, automatic
evaluation may be useful as a large-scale screening mechanism, but it does not replace human
evaluation in more sensitive pedagogical aspects, such as ambiguity, conceptual adequacy, quality
of alternatives, item diversity, and level of cognitive complexity.

5.4 Incomplete Questions and Comparison with the 2025 Round

In addition to the scores assigned to the five evaluation criteria, the professors indicated whether
each question was incomplete. This marking was used as a qualitative indicator of more serious
failures in question generation. It should be noted that incompleteness markings represent indi-
vidual professor evaluations; therefore, the same question may have received multiple markings
when identified as problematic by multiple evaluators.
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Figure 5: General averages by generator model in 2026, comparing automatic evaluation by LLMs and professor evaluation.

In the set of 800 professor evaluations, 30 incompleteness markings were recorded, corre-
sponding to 25 unique questions. The distribution of these markings among the evaluators was
not homogeneous, as presented in Table 4.

Table 4: Number of incompleteness markings by professor evaluator.

Evaluator Incompleteness markings

PO1 2
P02 2
P03 8
P04 18

Question 62 was the most critical case, as it was marked as incomplete by all four professor
evaluators. This question was generated by the Qwen model using the few-shot technique. The
evaluators’ observations indicate format and content problems: the presence of internal reasoning
in the final answer, excerpts in English, unfinished formulation, and the possibility of more than
one correct answer.

Question 86 also presented a strong negative consensus, having been marked as incom-
plete by three professor evaluators. This question was generated by the Qwen model using the
exemplar-guided technique. As in Question 62, the problem was associated with the presence of
internal reasoning and the absence of a properly structured final question.

Figure 7 presents the distribution of incompleteness markings by generator model and Prompt
Engineering technique.

It can be observed that the Qwen model concentrated most of the incompleteness markings:
20 of the 30 occurrences. The highest concentrations occurred in Qwen with the exemplar-guided
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Figure 6: Difference between the averages of automatic evaluation by LLMs and professor evaluation by evaluation criterion.

and zero-shot techniques, both with 7 markings, followed by Qwen with few-shot, with 5 mark-
ings. This result is particularly relevant because Qwen obtained the second-highest average in
the automatic cross-evaluation but accounted for most of the serious failures identified by the
professors.

This pattern indicates that the problem is not limited to the Prompt technique but also in-
volves the interaction between the technique and the generator model. Therefore, high quantitative
averages may coexist with relevant specific problems, especially when there are formatting fail-
ures, exposed internal reasoning, or unfinished questions.

The errors identified by the professors can be grouped into three main categories. The first
corresponds to LLLM output failures, such as the presence of internal reasoning, English excerpts,
textual duplication, or unfinished questions. The second involves problems with question quality,
such as ambiguity, the possibility of more than one correct alternative, or an answer that is consid-
ered debatable. The third refers to conceptual or terminological inconsistencies, such as treating
a phase of Requirements Engineering as a technique.

Regarding the 2025 round, the previous study evaluated 100 multiple-choice questions gen-
erated by four language models, combining five Prompt Engineering techniques. In that experi-
ment, each model generated 25 questions, with five questions per technique. In the 2026 round,
the experimental set was expanded to 200 questions, maintaining the five Prompt Engineering
techniques and the Requirements Engineering domain, but using a new set of models available
during data collection.

In 2025, the zero-shot technique presented the best overall average performance in the pre-
vious study. In 2026, this pattern changed: in the automatic cross-evaluation, the highest average
was obtained by chain-of-thought; in the professor evaluation, the highest average was obtained
by exemplar-guided. This change indicates that there is no universally superior technique across
all scenarios, since performance varies depending on the models used, the type of evaluation, and
the prioritized criteria.
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Figure 7: Distribution of incompleteness markings by generator model and Prompt Engineering technique.

Despite this change, some patterns remained consistent. Grammatical fluency continued to
be one of the best-evaluated criteria, both in automatic and professor evaluations. On the other
hand, diversity and complexity remained the weakest criteria, indicating that generating varied,
cognitively more demanding questions remains a challenge for LLMs used for automatic MCQ
generation.

Taken together, the results indicate that automatic evaluation by LLMs and professor evalu-
ation capture distinct dimensions of MCQ quality. Although LLMs can support initial large-scale
screening, the incompleteness markings and differences in evaluation criteria indicate that pro-
fessor validation remains essential for identifying pedagogical, conceptual, and structural failures
that are not evident in aggregated averages.

5.5 Practical Recommendations for Educators

The results provide practical implications for educators interested in using LLMs to support as-
sessment design. First, LLMs may be useful for generating initial drafts of MCQs, especially
when teachers need a starting point for question writing or when multiple variations of an item
are required. The high averages observed for grammatical fluency and answerability indicate that
LLM-generated questions often present adequate textual structure and a recognizable question-
answer format.

Second, teachers should not rely on textual fluency as evidence of pedagogical quality. The
lower averages observed for diversity and complexity indicate that generated questions may still
be repetitive or cognitively shallow. Therefore, professor review should focus on whether the
question is aligned with the learning objective, whether the distractors are plausible, whether
there is only one correct answer, and whether the item requires the expected level of reasoning.
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Third, the results suggest that domain-oriented examples may be useful when prompting
LLMs for assessment design. In the 2026 professor evaluation, exemplar-guided prompting ob-
tained the highest average among the Prompt Engineering techniques. This suggests that teachers
may benefit from providing examples that reflect the expected domain, format, and pedagogical
level of the questions.

Finally, the use of LLLMs for assessment design should be organized as a human-in-the-loop
workflow. In this workflow, the LLM generates initial items, automatic evaluation can support
large-scale screening, and the professor performs the final validation and refinement. This ap-
proach preserves the teacher’s pedagogical authority while taking advantage of the scalability of
LLM-based generation.

6 Conclusion

This article presented a comparative analysis of LLM-generated multiple-choice questions in the
Requirements Engineering domain. The study extends the previous SBIE publication by intro-
ducing a new experimental round conducted in 2026, while maintaining the same domain, Prompt
Engineering techniques, evaluation criteria, and validation protocol. The 2026 round expanded
the experimental set to 200 generated questions and enabled the analysis of models available in a
new execution scenario.

The results indicate that automatic evaluation by LLMs and professor evaluation produced
different descriptive patterns. In the automatic cross-evaluation, the LLMs assigned an overall
average of 3.92, while the professors assigned an overall average of 3.58. The LLMs tended to
assign higher scores for grammatical fluency, answerability, and relevance, whereas the professors
assigned higher averages for diversity and complexity. These differences should be interpreted
descriptively, since no inferential statistical test was applied to determine statistical significance.

The findings also show that the best-performing Prompt Engineering technique depends on
the evaluator type. In the automatic evaluation, chain-of-thought obtained the highest overall
average, with 4.13. In the professor evaluation, exemplar-guided obtained the highest average,
with 3.81. This suggests that LLM evaluators may favor more elaborate or reasoning-structured
outputs, while professors appear to consider more carefully the pedagogical adequacy, conceptual
clarity, and usefulness of the generated question as an assessment item.

The analysis by generator model also revealed divergences between automatic and professor
evaluations. Compound obtained the highest overall average in the automatic evaluation, whereas
GPT-OSS obtained the highest overall average in the professor evaluation. At the same time,
Qwen concentrated most of the incompleteness markings identified by the professors. This result
reinforces that aggregated averages may hide relevant specific failures, such as exposed internal
reasoning, excerpts in English, unfinished questions, ambiguity among alternatives, or conceptual
inconsistencies.

Another important finding concerns the criteria of diversity and complexity, which remained
among the weakest aspects of automatic MCQ generation. Even when the generated questions
presented high grammatical fluency and adequate structure, the results indicate persistent difficulty
in producing items that are sufficiently varied and cognitively demanding. This reinforces the
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distinction between textual quality and pedagogical quality: a grammatically correct question is
not necessarily a good assessment question.

From a scientific perspective, this study contributes by extending the original experiment
with a new experimental round and by analyzing the stability of prompting strategies and eval-
uation criteria across two model-availability scenarios. It also contributes to the discussion on
LLM-based evaluation by showing that automatic evaluators and expert professors may prioritize
different aspects of MCQ quality. In this sense, the study provides evidence on both the potential
and the limitations of using LLMs to support educational assessment design.

From a practical perspective, the results offer guidance for educators interested in using
LLMs to support the production of assessment items. LLMs can be useful for generating initial
drafts and supporting large-scale screening, especially when fluency and structural completeness
are desired. However, criteria such as relevance, diversity, complexity, ambiguity, distractor qual-
ity, and conceptual adequacy still require careful professor review. Therefore, LLMs should be
used as assistive tools in a human-in-the-loop workflow, rather than as autonomous producers of
final assessment items.

As a limitation, the comparison between 2025 and 2026 should not be interpreted as a lon-
gitudinal evaluation of the same models, since the sets of LLMs used in the two rounds are not
identical. This difference reflects the instability of the LLM ecosystem, in which models may
be updated, replaced, or discontinued. Thus, the results should be understood as a comparison
between two experimental rounds conducted with a similar protocol, but with models available in
different periods. In addition, although professor evaluation provided an important pedagogical
reference, the generated items have not yet been applied to students, which limits psychometric
analyses of difficulty, discrimination, and actual performance in an educational context.

Future work should expand the qualitative analysis of problematic questions, investigate
distractor quality in greater depth, apply the generated MCQs in real classroom settings, and
incorporate psychometric metrics. It is also relevant to explore automatic question repair cycles, in
which failures identified by LLMs or professors guide a new stage of item revision and refinement.
Finally, additional experimental rounds may contribute to a better understanding of the stability
of results in a scenario of rapid evolution of language models.

Award-winning Paper Extended

This paper is an extended version of “Engenharia de Prompt para a Geragao Automatizada de
Questoes Assistida por LLMs: Uma Andlise Comparativa,” which was recognized as one of the
award-winning papers at the 36th Brazilian Symposium on Computers in Education (SBIE 2025).
DOIL: https://doi.org/10.5753/sbie.2025.12891
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