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Abstract

Video-Based Learning has become a central modality in digital education, with embed-
ded Multiple-Choice Questions (MCQs) recognized as an effective strategy for promot-
ing engagement and assessing comprehension. However, manually creating high-quality
MCQs is challenging for instructors. This study presents a framework that leverages Large
Language Models (LLM) to automate MCQ generation from video transcripts while ensur-
ing alignment with established item-writing criteria. Unlike most prior approaches, the
framework explicitly integrates the Item-Writing Flaws (IWF) checklist into the generation
prompt, rather than using it solely for post-hoc evaluation. It segments video transcripts
into topics, extracts and classifies key concepts, and applies structured prompting strategies
to generate MCQs adhering to the IWF checklist and additional criteria from the literature,
including relevance, difficulty, contextual specificity, and answerability. The framework
was evaluated through a mixed-methods study involving seven instructors from diverse dis-
ciplines who assessed 257 generated MCQs. The results indicate that the majority of items
met established quality guidelines. Specifically, 84.05% of the questions were rated as
clear, 86.38% contained plausible distractors, and 93.39% were directly answerable based
on the video content. The main issues identified concerned relevance, reflecting occasional
difficulty in distinguishing illustrative examples from core instructional content, and lin-
guistic precision, with a tendency to overgeneralize instructors’ statements. In semi-struc-
tured interviews, instructors reported that the framework could substantially reduce MCQ
preparation time while requiring only minor refinements to improve question specificity.
Overall, the findings suggest that embedding pedagogical quality principles directly into
LLM prompting represents a viable and promising direction for assessment automation.
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Introduction

The use of Multiple-Choice Questions (MCQs) in Video-Based Learning (VBL) is emerg-
ing as an effective pedagogical practice (Brame, 2016; Kimbrel & Gantner, 2021). They
can be embedded within videos or used as formative assessments, enhancing engagement
while providing immediate insights into learner comprehension (Kay & Knaack, 2009;
Mayer, 2017).

Creating high-quality MCQs is a labor-intensive process that involves aligning ques-
tions with learning objectives and adhering to established guidelines for quality, as defined
in the literature (Haladyna & Downing, 1989; Haladyna et al., 2002). High-quality MCQs
require content accuracy and the elimination of common flaws, such as ambiguous word-
ing, poorly constructed distractors, or unintentional clues that might compromise the valid-
ity of the assessment (Haladyna et al., 2002). Research highlights that many instructors
face challenges in dedicating sufficient time and resources to this task, due to competing
responsibilities, such as course preparation, grading, and administrative duties (Hala-
dyna et al., 2002). To address these challenges, studies are emerging leveraging artificial
intelligence (Al) to automate the generation of MCQs (e.g. Arif et al., 2024; Bhowmick
et al., 2023). While promising, current Al-generated MCQs often fall short of the quality
required for effective pedagogy: studies have highlighted some limitations, such as poor
contextual relevance, and difficulties in generating plausible distractors (Arif et al., 2024;
Grévisse, 2024). These shortcomings suggest that while Al can assist in reducing the time
burden on instructors, it cannot yet replace them in the creation of MCQs.

This study presents a framework that leverages Large Language Models (LLMs) to
automate MCQ generation from video transcripts while ensuring alignment with estab-
lished item-writing criteria. Unlike most prior approaches, which apply quality guidelines
primarily for post-hoc evaluation, the framework explicitly integrates the Item-Writing
Flaws (IWF) checklist directly into the generation prompt. Its contribution lies in opera-
tionalizing these pedagogical quality principles within the LLM-based generation pipeline
itself. It adopts a mixed-methods evaluative design: after developing the framework, its
effectiveness is examined through instructors’ assessments of the generated MCQs, com-
bining quantitative survey data with qualitative insights from semi-structured interviews.
Accordingly, this study is guided by the following research question:

How do instructors perceive the quality of multiple-choice questions generated by an
LLM-based framework that explicitly integrates item-writing quality principles?

By focusing on instructors’ perceptions, this question allows us to examine the extent
to which the generated MCQs align with educators’ pedagogical expectations and instruc-
tional standards.

State of the art
Multiple-choice questions and their quality
MCQs, introduced in the early twentieth century alongside standardized testing in the U.S.,

have become a widely used assessment tool due to their efficiency and scalability. They
enable rapid evaluation across a broad range of topics, support objective grading, and are
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well-suited for automated scoring, making them particularly effective for large-scale edu-
cational assessments (Haladyna, 2004; Macy et al., 2010).

A well-designed MCQ test must meet established quality criteria to eliminate Con-
struct-Irrelevant Variance, i.e. extraneous factors that distort the accurate assessment of the
intended skill or knowledge (Haladyna & Downing, 2004). For this purpose, Haladyna and
Downing (1989) developed a taxonomy of guidelines for writing MCQs that included 31
guidelines. In their revision of these guidelines they organized them into five categories:
content concerns, formatting concerns, style concerns, writing the stem, and item wording
(Haladyna et al., 2002). In recent years, these guidelines have been revisited and frequently
used to validate MCQs. Among their adaptations, the Item-Writing Flaws (IWF) rubric
(Moore et al., 2023) has gained particular prominence; it comprises 19 standardized cri-
teria (see Appendix A). This rubric has been validated through several studies (Breakall
et al., 2019; Moore et al., 2021; Rush et al., 2016), and the IWF checklist is now the most
commonly used framework for the validation of MCQs in research studies (Arif et al.,
2024; Moore et al., 2023; Nedeau-Cayo et al., 2013).

Automatic evaluation of MCQ quality before LLMs

Thanks to advancements in machine learning algorithms, it has become possible to develop
fully automatic methods for evaluating the quality of MCQs. The initial methods for auto-
matic MCQ evaluation were based on Natural Language Processing (NLP) algorithms and
metrics like BLEU and METEOR.

BLEU (Bilingual Evaluation Understudy) is a metric used to evaluate the quality of text
generated by machine learning models, particularly in NLP tasks such as machine transla-
tion. It measures the similarity between machine-generated text and one or more reference
texts written by humans (Papineni et al., 2002). The BLEU score has occasionally been
used in the evaluation of MCQs to assess the linguistic similarity between automatically
generated questions and reference questions written by experts.

Metric for Evaluation of Translation with Explicit ORdering (METEOR) is another
automatic evaluation metric used primarily to measure the similarity between machine-
generated text and human reference text. METEOR is more suitable than BLEU for evalu-
ating the linguistic quality of automatically generated MCQs, thanks to its ability to recog-
nize synonyms and syntactic variations (Banerjee & Lavie, 2005).

However, using methods like BLEU and METEOR is not sufficient to assess the overall
quality of MCQs because they do not consider the pedagogical content of the question but
focus solely on the lexical similarity between human-created and machine-generated con-
tent. Moreover, these metrics often do not correlate well with human evaluations (van der
Lee et al., 2021).

Some approaches assess MCQ quality using classification models trained on large
datasets of student responses, analyzing indices such as item difficulty and discrimina-
tion (Haladyna, 2004). However, these metrics are calculated post-hoc, relying on test
performance data rather than informing the design of items in advance. Other studies
employ rule-based methods to detect specific formal flaws, such as implausible dis-
tractors or structural inconsistencies (van der Waa et al., 2021; Wang et al., 2021).
Although these methods provide interpretable and transparent signals, they primarily
target surface-level characteristics or retrospective indicators of quality. Overall, while
such approaches have advanced automated MCQ analysis, they do not directly embed
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established pedagogical quality principles into the item generation process itself.
This limitation highlights a gap that has more recently been addressed by LLM-based
approaches.

Generation of MCQs with LLMs

The literature contains a few studies that report attempts to use LLMs for generat-
ing MCQs from educational materials. Elkins et al. (2023) conducted a human evalua-
tion of educational questions generated using LLMs with few-shot prompting, engag-
ing teachers to assess their quality based on Relevance, Grammatical Correctness,
Answerability, and Adherence. Bhowmick et al. (2023) proposed a modular framework
for generating MCQs from textual content, including separate components for ques-
tion generation, answer prediction, and distractor generation. Their evaluation com-
bined automated metrics with human judgments assessing question quality, answer
correctness, groundedness in the source content, and distractor plausibility. Similarly,
Cheung et al. (2023) focused on generating MCQs from medical textbooks, employing
expert evaluators to assess questions based on Appropriateness, Clarity, Specificity,
Relevance, Discriminatory Power of Alternatives, and Suitability for Medical Exami-
nations. In the mathematical domain, Li et al. (2024) and Hang et al. (2024) developed
MCQ generation models tailored to contextual mathematical reasoning. They assessed
the questions according to Contextual Appropriateness, Rationality of the Options,
Rationality of the Stem, and Generative Potential. Hang et al. (2024) presented MCQ-
Gen, a generative Al framework for the automated generation of MCQs based on GPT-
40 (OpenAl, 2024a). They evaluated the generated MCQs with the following set of
criteria: Grammatical Fluidity, Answerability, Diversity, Complexity, and Relevance.

The study most closely related to our work is that of Arif et al. (2024). Their meth-
odology segments video transcripts into key moments, following Bhat et al. (2023),
and generates questions based on transcript summaries and titles provided as contex-
tual input to the LLM. For quality assessment, they rely on the 19-item Item-Writing
Flaws rubric (Moore et al., 2021), supplemented with additional context-based criteria
tailored to video-based learning. The generated MCQs are assessed both by human
raters and by LLMs (GPT-3.5 and GPT-4). Overall, their findings indicate generally
positive results, particularly with respect to relevance, answerability, and contextual
specificity.

As can be seen, research on LLM-based MCQ generation is still in its early stages.
The existing studies are heterogeneous, differing in prompting strategies as well as in
the criteria used to assess the quality of the generated questions. Despite this vari-
ability, findings generally indicate promising levels of quality (Bhowmick et al., 2023;
Elkins et al., 2023; Li et al., 2024), and a consistent benefit reported across studies is
the reduction in time required for instructors to produce assessment items (Bhowmick
et al., 2023; Cheung et al., 2023). At the same time, limitations remain. Arif et al.
(2024) identify persistent challenges in generating plausible distractors, which consti-
tute the most frequent flaw in their analysis, along with less frequent issues related to
contextual grounding.

Notably, while several studies employ selected Item-Writing Flaws (IWF) criteria
for post-hoc evaluation, none explicitly integrate these established quality principles
into the generation prompt itself. This gap is addressed in the present study.
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The framework

We developed a LLM-based framework that aims to generate a comprehensive set of
MCQs from an educational video, ensuring that all relevant concepts covered in the video
are represented. The process is divided into four sequential steps: (1) the video is processed
to generate a transcript, (2) the transcript is segmented into topics, (3) each topic is ana-
lyzed to extract a set of concepts categorized into classes, and (4) MCQs are generated
from these concepts. Figure 1 shows a graphical breakdown of the framework.

The framework leverages GPT-40 (OpenAl, 2024a) for concept identification and MCQ
generation. The model was not trained or fine-tuned by the authors; instead, reliability is
addressed at the level of use by guiding the LLM through structured prompts and explicit
task constraints. LLM interactions are managed through LangChain (LangChain, 2024),
which structures inputs, parameters, and expected outputs for each invocation. The model
returns responses in JSON format, ensuring consistency and facilitating downstream
processing.

Transcript extraction and pre-processing

The first step performed by the system is the extraction of the transcript from the video.
This is achieved using Whisper, an advanced speech-to-text model developed by OpenAl
(OpenAl, 2024b). Specifically, the system employs the Whisper-1 (v2-large) model to
extract text with both word-level and segment-level precision. Word precision ensures that
the exact timing of each word is captured with millisecond accuracy, while segment preci-
sion is essential for maintaining the punctuation and structure of the spoken content, which
is not provided by word-level extraction alone.

The system then aggregates words into segments based on punctuation marks (e.g.,
periods, commas, ellipses, question marks, exclamation marks). This process ensures that
each segment corresponds to a complete sentence and that no sentence is split across mul-
tiple segments. The output of this step is a transcript consisting of a set of time-ordered,
non-overlapping segments, each containing a full sentence and bound by a start and end
time, measured in milliseconds.

Topics extraction
The second step takes the processed transcript as input and generates a time-ordered list of

adjacent topics (each topic starts immediately after the previous one). This marks the first
invocation of the LLM, managed through a chain in LangChain. This step is necessary to
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Fig. 1 Graphical breakdown of the framework
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break the work into smaller tasks, especially considering that the transcript of a video can
be very long and, therefore, cannot be processed using a single prompt. The chain organ-
izes the interaction with the LLM, supplying a prompt, input parameters, and formatting
instructions to ensure consistent output. The input includes the transcript formatted with
time intervals for each segment (e.g., “[start second]—[end second]: text”).

The LLM is prompted to analyze the transcript, identify distinct topics, and define the
start and end times for each based on the time intervals of the segments. Every sentence
is assigned to a specific topic, ensuring there are no overlaps. The output is a structured
list where each topic is characterized by a name summarizing its content, start and end
timestamps in HH:MM:SS format, and a brief description derived from the corresponding
transcript segments.

Concepts extraction and classification

The third step involves concept extraction, where the transcript for each topic is processed
to categorize individual concepts. The further segmentation of topics into concepts is
essential to enable classification that allows the system to focus on key concepts and for-
mulate relevant questions. This step also employs the LLM through a chain in LangChain,
using a prompt designed to guide the model in extracting concepts and assigning them
to predefined categories. The transcript input is formatted as time-bound segments, where
each row specifies the start and end time along with the corresponding text (e.g., “start
second-end second: text”).

The prompt instructs the LLM to segment the transcript into semantically coherent
instructional units, defined as complete ideas conveyed by one or more related sentences
(e.g., a definition, explanation, or example). The segmentation follows the natural structure
of the video and is intentionally designed to ensure comprehensive coverage of the instruc-
tor’s explicitly stated content, rather than to model fine-grained pedagogical distinctions
or conceptual relationships. Moreover, the framework does not explicitly model common
student misconceptions or predefined pedagogical taxonomies, as it relies exclusively on
the instructor’s articulated content.

Each concept is assigned a title, the corresponding transcript excerpt, a rewritten stan-
dalone explanation, timestamps, and a functional category. Concepts are classified as
Essential (core ideas central to the instructional objectives), Supporting (examples or clari-
fications), or Organizational (structural elements such as transitions). This categorization
is deliberately coarse-grained and serves to separate core content from auxiliary or struc-
tural elements. The output is a structured list of concepts linked to their respective topics,
forming the basis for subsequent MCQ generation.

MCQ generation

In the final step, the LLM generates one MCQ for each essential concept, guided by a
prompt explicitly grounded in the IWF checklist. Each item includes a self-contained
stem, one correct answer, and three plausible distractors. The prompt operationalizes the
IWF criteria by embedding them directly into the generation instructions, constraining the
model to avoid common flaws such as ambiguous stems, implausible distractors, multiple
correct answers, unintended cues, and negative or overly complex wording.

Each option is accompanied by concise LLM-generated formative feedback. For the
correct answer, the feedback briefly reinforces the underlying concept by restating the key
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rationale. For incorrect options, it clarifies why the choice is inappropriate, such as by indi-
cating conceptual inaccuracies or misalignment with the video content, without introduc-
ing new information beyond what is needed to explain the error. Overall, the framework
ensures that the generated MCQs are pedagogically sound and effectively cover the les-
son’s essential concepts.

MCQ evaluation method
Participants and context

We recruited seven faculty members from Politecnico di Milano (Italy), representing differ-
ent disciplines, to assess the suitability of the MCQs generated by the framework. In total,
257 MCQs derived from 45 MOOC videos were reviewed. Instructors provided informed
consent for the use of their recorded video lessons for research purposes.

The evaluation was conducted as an expert judgment procedure: each MCQ was
assessed by a single faculty member, specifically the instructor who had authored and
delivered the corresponding video. This design ensured that each item was evaluated by the
original Subject Matter Expert responsible for the instructional content. Given the study’s
focus on disciplinary alignment, the course instructor was considered best positioned to
determine whether the generated questions accurately reflected the intended concepts and
learning objectives.

It must be noted that the videos are relatively short (averaging 7 min each) and are care-
fully scripted; furthermore, unlike traditional classroom recordings, they are free from
interruptions and background noise, resulting in clean and accurate transcripts. Testing the
framework with these high-quality videos represents an ideal case, as it allows for evalu-
ation under optimal conditions. By minimizing external variables, this approach isolates
framework-specific issues and identifies potential problems before testing in more complex
environments like standard lecture recordings.

The instructors and their videos spanned diverse disciplines (see Table 1). This discipli-
nary diversity broadens the range of instructional contexts examined and provides prelimi-
nary evidence that the framework can be applied across different academic fields, including
humanities, architecture, and engineering. Table 1 summarizes the videos and correspond-
ing MCQs evaluated by each instructor. Across the 45 videos analyzed, which averaged
7.01 min in length, the framework generated a mean of 5.77 MCQs per video (SD =2.65).

Table 1 Overview of videos and

. . Instructor Topic #Videos #MCQ
generated questions by instructor
and topic 1 Communication skills 10 68
2 Introduction to Al 10 46
3 Architecture 6 23
4 Machine Learning 4 39
5 Project Management 6 41
6 Design 4 25
7 Math 5 15

AECT @ Springer



G. Cassano et al.

MCQ evaluation through questionnaire

The quantitative assessment of MCQ quality is based on the 19-item IWF checklist (see
Appendix), supplemented by four content-related criteria derived from prior research (Arif
et al., 2024; Bhowmick et al., 2023; Elkins et al., 2023): Relevance, Difficulty, Contextual
Specificity, and Answerability.

Of the 19 IWF criteria, 16 concern formal or structural aspects of item construction
(e.g., avoiding making the correct answer the longest option) and can be verified without
subject-matter expertise. Four of these (criteria 3, 5, 14, and 16) are proactively prevented
by the framework during generation (e.g., true/false formats are not allowed) and therefore
do not require manual checking. The remaining 12 formal criteria were reviewed by the
first and second authors through item-by-item inspection. In contrast, the instructors evalu-
ated the three IWF criteria requiring expert judgment (4 — Ambiguous or unclear informa-
tion; 6 — Implausible distractors; 18 — More than one or no correct answer), together with
four content-related criteria (Relevance, Difficulty, Contextual Specificity, and Answerabil-
ity). We also introduced an additional criterion, Correctness, applied when a question con-
tained substantive flaws not captured by the preceding categories and deemed unacceptable
by the instructor. These criteria formed the basis of the survey used to guide instructor
evaluations (see Table 2).

Evaluation sessions were conducted online between each instructor and the researchers,
during which the assessment criteria were explained and the LLM-generated MCQs were
presented for review. Instructors rated each item according to the specified criteria and
could provide optional comments, which were transcribed for qualitative analysis. Flaws
were recorded in an Excel worksheet, with one row per question and one column per crite-
rion. We analyzed the frequency and co-occurrence of flaws, as well as the distribution of
questions by number of flaws (none, one, two, or three or more).

MCQ evaluation through Semi-Structured Interviews

To complement the quantitative assessment, semi-structured interviews were conducted
with all seven instructors to gather qualitative feedback on the generated MCQs and their
potential instructional use. The interview protocol included open-ended questions address-
ing (1) formal quality, (2) difficulty, (3) content coverage, (4) teaching utility (including
willingness to use the items), and (5) overall impressions. Interviews were recorded, tran-
scribed, and analyzed using thematic analysis. One researcher coded the transcripts accord-
ing to the five predefined categories, identifying key themes to structure the analysis of
strengths, limitations, and perceived applicability of the framework.

MCQ evaluation results

This section presents the quantitative and qualitative findings concerning instructors’
assessments of the generated MCQs.

Survey

Table 3 summarizes the instructors’ ratings of the 257 MCQs. The analysis begins with
the criterion of Correctness, which functioned as a preliminary filter: questions judged
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Table 3 Descriptive statistics of MCQ evaluation

Criteria Category Count Percentage (%)
Correctness Totally Wrong 15 5.84
Evaluated 242 94.17
IWF 4 (Clarity) Clear 216 84.05
Not Clear 26 10.12
IWF 6 (Distractor Plausibility) Plausible 222 86.38
Not Plausible 20 7.78
IWF 18 (More than one or no correct answer) Verified 8 3.11
Not verified 234 91.05
Relevance High 133 51.75
Medium 60 23.35
Low 49 19.07
Difficulty Difficult 18 7.00
Fair 152 59.14
Easy 72 28.02
Contextual Specificity No (Desirable) 217 84.44
Yes (Undesirable) 25 9.73
Answerability Direct 240 93.39
Indirect 2 0.78
IWF 1 (Longest option is correct) Verified 1 0.39
Not verified 241 93.77
IWF 13 (Unfocused stem) Verified 80 31.13
Not verified 162 63.04
Remaining IWF criteria Verified 0 0
Not verified 242 94.16

unsuitable for use were not further evaluated on the remaining criteria. As noted earlier,
this category captured substantive flaws not encompassed by the other evaluation dimen-
sions and is discussed in greater detail in the following section. Following this, the three
IWF criteria evaluated by the instructors (Item 4 — Clarity, Item 6 — Distractors plausi-
bility, Item 18 — More than one or no correct answer) are presented. Next are the four
content-related criteria: relevance, difficulty, contextual specificity, and answerability.
Finally, the evaluation concludes with the 16 formal IWF criteria, which were assessed by
the researchers.

Correctness: Fifteen MCQs (5.84%) were judged incorrect by the instructors for reasons
not attributable to any IWF criteria. Consequently, the detailed criteria analysis was con-
ducted on the remaining 242 items (although percentages reported in the table refer to the
full set, including these fifteen “incorrect” cases). To investigate these instances, we exam-
ined the corresponding generation steps and found that the issues originated from inaccura-
cies in the initial concept extraction. We present a notable example in Table 4: The LLM
correctly identifies a contrast between two approaches (“descriptive and educational”) and
a third one (“problematic”). However, although three approaches are mentioned, the key
point lies in the two conceptual groupings. This distinction is lost during MCQ generation,
where the three approaches are treated as independent and equivalent categories.
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Clarity (IWF 4): Among the 257 evaluated MCQs, 26 (10.12%) were marked as “Not
Clear.” Teachers identified multiple reasons contributing to the lack of clarity. A recur-
ring theme is poor precision, flagged in 7 instances, where the phrasing of the ques-
tion was too generic or ambiguous. Comments highlighted missing phrases or missing
specifications. In multiple cases, teachers flagged misinterpretation of examples, where
aspects mentioned as supporting examples were incorrectly treated as the main focus
of the question. Additionally, inappropriate terminology was identified three times due
to the Al translating terms using synonyms, whereas the technical term should have
been preserved. For example, the word ‘trajectory’ was used instead of the correct term
‘strategy.” Repeated phrasing or redundant questions occurred in two instances, and
transcription errors (e.g., “SPATIAL” confused with “SPECIAL”) were noted once.

Distractor Plausibility (IWF 6): Twenty MCQs (7.78%) were judged to contain
implausible distractors, typically because options were overly obvious or irrelevant. As
distractor quality appeared related to perceived difficulty, a contingency analysis was
conducted (see Table 5). Results indicate that 80% of questions with implausible dis-
tractors were rated as Easy, whereas items with plausible distractors showed a more
balanced distribution across difficulty levels. This pattern suggests that weak distractors
reduce item challenge.

More than one or no correct answer (IWF 18): IWF 18 occurs when the framework
generates only wrong answers or more than one correct answer. In 8 cases (3.08%), this
criterion was not met.

Relevance: Of the 257 questions, 133 (51.75%) were rated as highly relevant and 60
(23.35%) as moderately relevant, while 49 (19.07%) showed low relevance. As relevance
depends on the framework’s concept classification, the results indicate generally effective
identification of key ideas. However, some false positives remain, producing technically
accurate questions that target peripheral rather than central content. Instructors noted that
certain items were based on illustrative examples instead of core concepts, as the frame-
work sometimes focused on the literal details of examples rather than their intended
instructional meaning, resulting in superficially relevant but misaligned MCQs.

Difficulty: Eighteen MCQs (7.00%) were rated as difficult, 152 (59.14%) as fair, and
72 (28.02%) as easy. Instructor feedback suggests that difficulty was influenced not only
by distractor quality (discussed above), but also by question focus and phrasing. Items
perceived as too difficult often relied on minor details or used complex wording, leading
to ambiguity or reduced clarity.

Contextual Specificity: This criterion assessed whether each question could be
answered based solely on the information provided in the video. Twenty-five items
(9.73%) were judged to lack essential contextual details, whereas 217 (84.44%) were
considered sufficiently self-contained. In most problematic cases, the issue originated
in the rewriting step of concept generation, where key contextual references were occa-
sionally omitted. For example, the question “What does the statement suggest about the
love of mothers for their children?” appears grammatically complete but becomes unan-
swerable because the referenced “statement” is not specified.

Table 5 Contingency table . . - -
of distractor plausibility vs. Plausibility/Difficulty 1 (Easy) 2 (Fair) 3 (Difficult)
difficulty Not plausible 16 4 0

Plausible 56 148 18
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Answerability: Most questions (93.39%) were directly answerable using only the video
content, with just two cases (0.78%) indirectly answerable due to misinterpretation during
concept extraction and rewriting. In these instances, key details were altered, preventing a
complete answer based solely on the transcript. Overall, answerability does not appear to
be a significant issue in the current version of the framework.

Remaining IWF criteria: Among the formal IWF criteria checked by the researchers,
only two were violated: IWF 1 (Longest option is correct) and IWF 13 (Unfocused stem).
This suggests that most formal aspects of item design were adequately handled by the
framework.

IWF 1 occurred in a single case (0.39%), where the correct answer was substantially
longer than the distractors. IWF 13 was observed in 31.13% of cases, most frequently due
to the use of an indefinite article (e.g., “a key factor”) instead of a definite one, potentially
implying multiple correct answers. Although formally flawed, instructors indicated that
such questions would generally remain usable in practice.

Performance across multiple metrics

This section analyzes how different flaws co-occur within the 242 MCQs deemed correct.
For each item, we calculated the total number of flaws by aggregating all unmet criteria
recorded in the evaluation worksheet.

IWF criteria, together with contextual specificity and answerability, were treated as
binary variables, where a negative rating indicated a flaw. In contrast, relevance and dif-
ficulty were assessed on three-point scales and were not inherently considered flawed at
their extremes, as items of varying relevance or difficulty may be intentionally included
in instructional design. Consequently, these two dimensions were excluded from the flaw-
count analysis.

For each question, we counted violations across the IWF criteria and the two additional
binary dimensions. An item was considered flawed whenever at least one of these crite-
ria was unmet. Overall, 121 questions (47.08%) met all criteria, 208 (80.93%) failed at
most one criterion, and 238 (92.60%) failed fewer than three criteria, with only four MCQs
exhibiting three or more flaws.

We conclude with a final consideration. Among the 80 MCQs that violated IWF 13
(“unfocused stem”), instructors confirmed that these items would generally remain usable
in a testing context despite the formal flaw. In most cases (64 out of 80), the issue stemmed
from the use of the indefinite article “a” or similar expressions, which, as noted earlier,
may imply the existence of multiple possible answers. The count of flaws for each MCQ
was therefore repeated without considering IWF 13, obviously giving vent to more positive
results as can be seen in Table 6.

Semi-structured interview

Insights from semi-structured interviews with instructors were analyzed thematically,
revealing five key themes: quality, coverage relevance, difficulty, usability, and overall
impressions.

Quality. The quality of the MCQs generated by the LLM-based framework was gen-
erally perceived as positive, with instructors highlighting its potential to accelerate exam
production and facilitate the creation of plausible and contextually appropriate questions.
Considering the use of MCQs as a tool for formative or even summative assessment, after
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Table 6 Descriptive statistics

b h 1 Considering all flaws Not consid-
about the co-occurrence of flaws ering IWE
13

Pass all metrics 121 174

Fail one or no 208 231

Fail less than 3 238 239

Fail 3 or more 4 3

Avg failure 0.66 0.34

video viewing, several instructors noted that the system could significantly reduce the
workload associated with the MCQ creation, especially in situations where multiple ver-
sions of questions are required. The quality of distractors was widely praised, with several
instructors emphasizing that the distractors were coherent with the context. The precision
of the questions was also addressed, with instructors highlighting that while the system
succeeded in generating coherent and contextually appropriate questions, it occasionally
produced items that were too broad or imprecise. This was particularly observed in ques-
tions related to more open-ended topics. Despite these limitations, the instructors consid-
ered the questions adequate.

Coverage and Relevance. Overall, the framework showed good performance in identify-
ing key concepts and covering essential topics. While some instructors noted occasional
inclusion of peripheral elements or omissions, often linked to visually conveyed content,
most agreed that the primary learning objectives were adequately represented.

Difficulty. Some instructors found the questions occasionally too easy, highlighting the
need for future refinement, as difficulty was not explicitly controlled.

Usage. Instructors saw strong potential for the system in exam and quiz creation. While
manual refinement is still needed, they noted significant time savings, up to 80%, compared
to traditional methods, highlighting efficiency as a major advantage.

Final Impressions. The final reflections and suggestions for improvement provided by
the instructors pointed to potential enhancements for the framework. Some instructors
expressed interest in testing the system with more technical courses or having a similar sys-
tem for open-ended questions, while others proposed evaluating its performance when gen-
erating questions from slide-based presentations. Additional suggestions included incorpo-
rating support for multiple correct answers, which could foster logical reasoning and the
ability to discern correct options.

Discussion
Framework and overall performance

This study introduced a structured pipeline for generating MCQs from video transcripts
by operationalizing established item-writing principles and embedding the IWF checklist
directly into the generation prompt. In addressing our research question “How do instruc-
tors perceive the quality of multiple-choice questions generated by an LLM-based frame-
work that explicitly integrates item-writing quality principles?”, the findings indicate that
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most items met established quality standards, with only a small proportion exhibiting mul-
tiple flaws.

Instructors’ evaluations were generally positive across key pedagogical dimensions, par-
ticularly clarity, distractor plausibility, and answerability. Qualitative feedback further sug-
gested that the generated questions were largely usable in practice and perceived as poten-
tially reducing quiz preparation time, as instructors could focus on reviewing and refining
items rather than composing them from scratch.

At the same time, several framework-level challenges emerged. A recurring issue con-
cerned stem focus (IWF 13), often linked to subtle linguistic choices that introduced ambi-
guity. In particular, article usage occasionally led to implicit multiplicity (“a”), affecting
the exclusivity of the correct answer, or unintended definitiveness (“the”). In some cases,
this resulted in questions framed in more absolute terms than the original instructional dis-
course, for example by transforming a nuanced explanation into a question such as “What
is THE primary characteristic of X?”, thereby amplifying the definitiveness of the original
statement. While many such items remained usable, this pattern highlights the sensitiv-
ity of single best-answer formats to minor phrasing variations and suggests a tendency of
the LLM to over-specify instructor statements when operationalizing them as assessment
items. Additional issues included occasional losses of contextual specificity, misclassifica-
tion of illustrative examples as essential concepts, and structural repetitiveness in question
formulation. These findings suggest that, although the framework performs reliably at the
level of formal compliance, further refinement is needed to enhance precision.

The observed strengths and weaknesses of the generated MCQs also allow for a reflec-
tion on the types of knowledge that appear to be more or less amenable to LLM-based
question generation. Items targeting declarative or explicitly stated conceptual knowledge
generally resulted in clearer single best-answer structures. By contrast, questions intended
to assess context-dependent, procedural, or inferential knowledge more often exhibited
ambiguity or overlapping answer options. These patterns suggest that, while LLMs can
effectively transform surface-level conceptual content into assessable items, they face chal-
lenges when the target knowledge depends on situated context or implicit reasoning. This
consideration helps clarify the kinds of assessment tasks for which additional instructional
scaffolding may be particularly important.

Comparative analysis with related work

While acknowledging differences in evaluation methodologies across studies, comparison
remains useful for situating our findings within the broader literature. Among the reviewed
works, Arif et al. (2024) is the most closely aligned with our approach, as it also generates
MCQs directly from video content. Their study reports recurring challenges related to con-
textual grounding and distractor plausibility. Although differences in evaluation procedures
limit direct comparison, our results suggest comparatively stronger performance in these
dimensions.

Other studies typically generate questions from pre-selected textual materials rather
than autonomously extracted instructional content. For example, Elkins et al. (2023) and
Cheung et al. (2023) rely on curated textual sources, while Bhowmick et al. (2023) gen-
erate questions from extracted snippets or topic-level inputs. In contrast, our framework
identifies relevant instructional concepts directly from video transcripts, introducing an
additional content-selection layer prior to question generation.
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Li et al. (2024) adopt a structured retrieval-based approach, integrating externally
sourced knowledge into mathematical MCQs. By comparison, our framework focuses on
extracting and operationalizing concepts from within the original instructional material
itself.

Taken together, these distinctions clarify the specific methodological contribution of our
study within the evolving landscape of LLM-based MCQ generation.

Limitations

The present study was intentionally designed to rely on expert judgment rather than learner
response data. While such judgments are central to instructional alignment, this choice
limits the analysis to instructor-based evaluations. Future research could complement this
approach with quantitative psychometric analyses (e.g., item difficulty and discrimination
indices) to strengthen external validity.

A second limitation concerns the evaluation procedure: each set of MCQs was reviewed
by the instructor who authored the corresponding video. Although this ensured close align-
ment with instructional intent, it may have introduced a familiarity bias, as instructors’
deep knowledge of their own material could have influenced their interpretation of ambigu-
ous or context-dependent questions. Future research could incorporate cross-instructor or
blind evaluations to mitigate this bias and provide a more independent assessment of item
quality.

Finally, the analysis relied exclusively on transcript-based representations of the videos.
Content conveyed primarily through visual or multimodal elements (e.g., diagrams or on-
screen text) was therefore not captured. Consequently, the generated MCQs reflect only
verbally expressed material, highlighting an important boundary of the current framework.
Integrating multimodal inputs represents a relevant direction for future development.

Conclusions and future directions

This study presented a structured framework for generating MCQs from instructional video
transcripts using LLMs and examined instructors’ perceptions of their quality. To the best
of our knowledge, it is the first to explicitly embed the IWF checklist directly into the gen-
eration prompt as a guiding mechanism rather than using it solely for post-hoc evaluation.
The findings suggest that systematically operationalizing established item-writing princi-
ples within the item generation process can support the production of items that align with
recognized quality standards in the majority of cases.

In relation to our research question, how instructors perceive the quality of MCQs gen-
erated by an LLM-based framework that integrates item-writing principles, the results indi-
cate generally positive perceptions. Most items were judged to meet key quality criteria,
and only a limited proportion exhibited multiple flaws. Instructors also reported that the
generated questions were largely usable in practice and perceived as potentially reducing
the time required for quiz preparation.

When situated within the existing literature, the proposed framework addresses several
recurring challenges reported in prior studies by embedding quality principles directly into
the generation stage. Although methodological differences preclude direct comparison, our
results suggest comparatively strong performance in areas such as distractor plausibility
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and contextual grounding. These comparisons, however, should be interpreted as indicative
rather than conclusive.

At the same time, several directions for further development emerged. First, the frame-
work occasionally struggled to distinguish illustrative examples from core conceptual con-
tent, leading to overly fact-based items tied to peripheral details. Second, the LLM some-
times framed questions in more absolute terms than the original instructional discourse,
reinforcing definitiveness where nuance was intended. Third, the current transcript-based
approach excludes visually conveyed information, limiting the system to verbally expressed
content. Future work integrating multimodal inputs may expand the range of assessable
learning objectives. Finally, evaluating the framework across different LLM architectures
may provide further insight into how model characteristics influence question quality.

Overall, the findings indicate that embedding pedagogical quality principles directly
into LLM prompting represents a viable and promising direction for assessment automa-
tion. Continued refinement of both concept extraction and linguistic control mechanisms
will be essential to further enhance the contextual precision, epistemic alignment, and
instructional usefulness of automatically generated MCQs.

Appendix

Evaluation criterion Description

Relevance Does the question address a relevant concept from the
video lesson? (Three levels: Low, Medium, High)

Difficulty Does the question present an appropriate level of
challenge? (Three levels: Easy, Fair, Difficult)

Contextual specificity Does the question require information not provided
in the lesson, making it unanswerable without
additional context? (Binary: Yes — undesirable, No
— desirable)

Answerability Does the question have its answer directly sup-
ported by the lesson content? (Three levels: Direct,
Indirect, None)

IWF 1: Longest option is correct Avoid making the correct option consistently the
longest, as this may signal the answer. (Binary: Yes
—undesirable, No — desirable)

IWF 2: Gratuitous information in stem Avoid including unnecessary information in the
question stem. (Binary: Yes — undesirable, No —
desirable)

IWF 3: True/false question The options should not be a series of true/false state-
ments

IWF 4: Ambiguous or unclear information Questions and all options should be written in clear,
unambiguous language

IWF 5: Convergence cues Avoid convergence cues in options where there are
different combinations of multiple components to
the answer

IWF 6: Implausible distractors Make all distractors plausible as good items depend
on having effective distractors

IWE 7: Use of none of the above Avoid “none of the above” options as it only really
measures students ability to detect incorrect
answers
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Evaluation criterion

Description

IWF 8: Logical cues in stem

IWF 9: Use of all of the above

IWF 10: Fill-in-blank

IWF 11: Absolute terms (never, always)

IWF 12: Word repeats in stem and correct answer

IWF 13: Unfocused stem

IWF 14: Complex or K-type

IWF 15: Grammatical cues in stem
IWF 16: Lost sequence in presentation of data

IWF 17: Vague terms (sometimes, frequently)

IWF 18: More than one or no correct answer

IWF 19: Negative worded stem (not, incorrect,
except)

Avoid clues in the stem and the correct option that
can help the test-wise student to identify the correct
option

Avoid “all of the above” options as students can
guess correct responses based on partial informa-
tion

Avoid omitting words in the middle of the stem that
students must insert from the options provided

Avoid the use of absolute terms (e.g. never, always,
all) in the options as students are aware that they
are almost always false

Avoid similarly worded stems and correct responses
or words repeated in the stem and correct response

The stem should present a clear and focused question
that can be understood and answered without look-
ing at the options

Avoid questions that have a range of correct
responses, that ask students to select from a number
of possible combinations of the responses

All options should be grammatically consistent with
the stem and should be parallel in style and form

All options should be arranged in chronological or
numerical order

Avoid the use of vague terms (e.g. frequently, occa-
sionally) in the options as there is seldom agree-
ment on their actual meaning

In single best-answer form, questions should have 1,
and only 1, best answer

Negatively worded stems are less likely to measure

important learning outcomes and can confuse
students
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