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Abstract

Multiple-choice questions (MCQs) remain a
widely used assessment format, yet distractor
quality is often evaluated through qualitative re-
view processes that can be difficult to scale and
apply consistently. We present MCQ-Diag, a
measurement-informed diagnostic tool that sup-
ports option-level inspection of distractor qual-
ity in both human-authored and AI-generated
assessments. The system provides interpretable
evidence related to three characteristics of dis-
tractor quality: semantic plausibility, seman-
tic uniqueness, and lexical distinctiveness. Se-
mantic plausibility reflects topical alignment
between an answer option and the source pas-
sage, semantic uniqueness captures relation-
ships among distractors within a question, and
lexical distinctiveness identifies surface-level
redundancy among options.

Rather than assigning automated quality judg-
ments, MCQ-Diag presents these indicators
through an interactive environment that sup-
ports item review, revision, and quality assur-
ance. Diagnostic reference bands were derived
from a corpus of 200 expert-reviewed MCQs
and are intended to support interpretation rather
than classification. Expert validation demon-
strated modest but statistically significant as-
sociations between the semantic plausibility
and lexical distinctiveness indicators and expert
ratings of distractor plausibility and linguistic
quality; semantic uniqueness is presented as a
descriptive indicator not yet validated against
expert judgment.

By translating established distractor-writing
principles into transparent, inspectable indica-
tors, MCQ-Diag provides a practical tool for
supporting distractor review in contemporary
AI-assisted assessment environments.

1 Introduction

Multiple-choice questions (MCQs) remain one of
the most widely used assessment formats in ed-
ucation because they are efficient to administer,

score, and interpret. However, the quality of an
MCQ depends not only on the correctness of the
keyed response but also on the quality of its distrac-
tors. Distractors that are implausible, redundant,
or overly attractive can reduce item discrimination,
introduce ambiguity, and weaken the validity of
score interpretations. For this reason, item-writing
guidelines have long emphasized the importance of
developing distractors that are plausible, distinct,
and aligned with common misconceptions or errors
(Haladyna et al., 2002; Afzal and Mitkov, 2014).

Despite their importance, distractor characteris-
tics are often evaluated through qualitative review
processes that rely heavily on expert judgment. Ex-
perienced item writers can usually recognize when
a distractor appears weak or redundant, but identify-
ing the specific source of the problem is not always
straightforward. In practice, distractor review is
frequently conducted at the item level, making it
difficult to inspect how individual options function
relative to one another. As a result, important prop-
erties such as topical alignment, redundancy among
distractors, and excessive similarity to the correct
answer may be overlooked during item develop-
ment.

This challenge has become increasingly relevant
with the growth of AI-assisted item generation. Re-
cent work has demonstrated that large language
models can generate multiple-choice questions and
distractors at scale (Yu et al., 2024; Feng et al.,
2024; Tian et al., 2026a). While these approaches
improve the efficiency of item production, they also
increase the need for tools that support systematic
review of generated content. Generating distractors
is no longer the primary bottleneck; evaluating and
refining distractor quality has become an equally
important concern. Existing approaches typically
focus on generating distractors or assigning overall
quality scores (Raina et al., 2023; Lee et al., 2025).
Far fewer tools support inspection of distractor be-
havior at the option level.
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To address this need, we developed MCQ-Diag,
a diagnostic tool for reviewing distractor quality
through interpretable semantic and lexical indica-
tors. The system focuses on three characteristics of
distractor quality: semantic plausibility, semantic
uniqueness, and lexical distinctiveness. Semantic
plausibility reflects the degree to which an option
aligns with the source passage. Semantic unique-
ness reflects the extent to which distractors repre-
sent distinct alternatives rather than overlapping
interpretations. Lexical distinctiveness captures
surface-level redundancy that may not be evident
from semantic similarity alone. Rather than as-
signing automated quality judgments, MCQ-Diag
presents these indicators through an interactive in-
terface designed to support human review, revision,
and quality assurance.

By making option-level relationships visible,
MCQ-Diag allows assessment developers to in-
spect distractor sets, identify potential weaknesses,
and compare patterns across individual items and
larger item pools.

2 Distractor Quality as a Measurement
Problem

Distractor quality has long been recognized as an
important component of effective multiple-choice
assessment. Item-writing guidelines consistently
recommend that distractors be plausible, distinct
from one another, and aligned with likely miscon-
ceptions or errors (Haladyna et al., 2002; Afzal
and Mitkov, 2014). Although distractor plausibil-
ity and distinctiveness are widely recognized as
important characteristics of item quality, they have
historically been evaluated primarily through ex-
pert review rather than through explicit diagnostic
evidence (Haladyna et al., 2002).

One challenge is that distractor quality is not a
single characteristic. A distractor may be topically
unrelated to the source material, making it easy to
eliminate. Two distractors may express essentially
the same idea, reducing the effective number of
alternatives available to examinees. In other cases,
a distractor may be so attractive that it competes
directly with the keyed response. Although ex-
perienced item writers often identify these issues
during review, the evidence supporting such judg-
ments is not always explicit.

This challenge becomes more pronounced in
AI-assisted assessment environments. Recent ad-
vances in automatic question generation have made

it possible to produce large numbers of candidate
items and distractors (Yu et al., 2024; Feng et al.,
2024; Tian et al., 2026a). As the volume of gen-
erated content increases, manual review remains
essential but becomes increasingly difficult to scale.
Assessment developers need tools that help make
distractor behavior visible and interpretable with-
out replacing expert judgment.

MCQ-Diag was developed to support this review
process. The system focuses on three character-
istics of distractor quality: semantic plausibility,
semantic uniqueness, and lexical distinctiveness.
Together, these indicators provide complementary
evidence about how distractors function within a
question. Rather than assigning quality scores or
automated decisions, the system presents these in-
dicators through an interactive diagnostic environ-
ment that supports review and quality assurance.

3 MCQ-Diag

MCQ-Diag is an interactive diagnostic environ-
ment designed to support the review of distractor
quality in multiple-choice assessments. The system
provides option-level evidence related to semantic
plausibility, semantic uniqueness, and lexical dis-
tinctiveness through a web-based interface that sup-
ports both single-item inspection and corpus-level
analysis. A public version of the tool is available
at https://mcq-diagnostics.lei-tech.org/.

Figure 2 presents the main diagnostic interface.
Users provide a source passage, a question stem,
and a set of answer options. The system then com-
putes diagnostic indicators for each option and dis-
plays the results through interactive visualizations
and summary statistics. In addition to single-item
analysis, MCQ-Diag supports batch processing of
MCQ collections, allowing users to identify recur-
ring distractor patterns across larger item pools.

The diagnostic framework consists of three com-
plementary indicators. Semantic plausibility eval-
uates topical alignment between an answer option
and the source passage. Semantic uniqueness exam-
ines relationships among distractors within a ques-
tion to identify potential redundancy or imbalance.
Lexical distinctiveness evaluates surface-level over-
lap among options and identifies distractors that
may be overly similar in wording. Together, these
indicators provide a multidimensional view of dis-
tractor quality that can support item development
and quality assurance.
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3.1 Semantic Plausibility

Semantic plausibility refers to the degree to which
a distractor is topically and conceptually related to
the source material. Plausible distractors require
examinees to engage with the content of the item
because they cannot be dismissed immediately as ir-
relevant or obviously incorrect. In contrast, distrac-
tors that are weakly related to the source passage
may reduce item difficulty by allowing test-takers
to eliminate options without demonstrating under-
standing (Afzal and Mitkov, 2014; Banawan et al.,
2026).

MCQ-Diag estimates semantic plausibility by
comparing each answer option to the source pas-
sage using sentence-level semantic representations.
The passage and each option are encoded indepen-
dently using Sentence-BERT embeddings (Reimers
and Gurevych, 2019). Cosine similarity between
the passage representation and the option represen-
tation is then calculated to produce an alignment
score. Higher values indicate stronger topical align-
ment between the option and the passage.

The resulting scores are not interpreted as cor-
rectness judgments. Instead, they serve as diag-
nostic indicators that help reviewers inspect how
strongly each distractor aligns with the content of
the source material. Within the interface, align-
ment scores are presented alongside qualitative
reference bands that support interpretation during
item review. Distractors with very low alignment
may warrant revision because they are potentially
off-topic, whereas distractors with unusually high
alignment may require additional inspection be-
cause they can become overly competitive with the
keyed response.

Semantic plausibility is intended to support re-
view rather than determine distractor quality. The
indicator provides evidence about topical align-
ment that assessment developers can consider
alongside other content and instructional consider-
ations.

3.2 Semantic Uniqueness

While semantic plausibility focuses on the rela-
tionship between an individual distractor and the
source passage, semantic uniqueness focuses on re-
lationships among distractors within the same ques-
tion. Effective distractors should represent distinct
alternatives rather than variations of the same incor-
rect idea. When distractors overlap substantially
in meaning, the effective number of alternatives is

reduced and the item may provide unintended cues
to examinees (Foulonneau and Grouès, 2012; Tian
et al., 2026b).

MCQ-Diag approaches semantic uniqueness as a
relational property rather than an independent score
assigned to individual distractors. After computing
semantic plausibility scores for all answer options,
the system examines the distribution of alignment
values within a question. Summary statistics in-
cluding the mean, range, and standard deviation of
option-level alignment scores are used to character-
ize the internal structure of the distractor set.

Questions with tightly clustered alignment
scores may indicate semantic redundancy among
distractors because multiple options occupy similar
regions of the semantic space. In contrast, large
differences among alignment scores may indicate
imbalance, where some distractors are substantially
less plausible than others. The system also iden-
tifies cases in which a distractor exhibits stronger
passage alignment than the keyed response, a pat-
tern that may indicate distractor overcompetitive-
ness or potential ambiguity in the item.

Rather than classifying distractors into prede-
fined categories, MCQ-Diag presents these rela-
tional patterns as evidence for review. This ap-
proach allows assessment developers to inspect the
overall structure of the distractor set and identify
potential issues that may not be apparent when dis-
tractors are evaluated individually. By emphasizing
relationships among options, semantic uniqueness
complements semantic plausibility and provides ad-
ditional insight into how distractors function within
a multiple-choice item. Unlike semantic plausibil-
ity and lexical distinctiveness, semantic uniqueness
has not yet been directly validated against indepen-
dent expert ratings; it is currently best understood
as a descriptive, corpus-derived indicator rather
than a validated diagnostic measure, and is treated
as such throughout this paper.

3.3 Lexical Distinctiveness
Semantic similarity alone may not fully capture re-
dundancy among distractors. Because modern em-
bedding models are intentionally tolerant of para-
phrase, distractors that differ only through minor
wording changes can appear semantically distinct
while still functioning as near-duplicates from the
perspective of an examinee. This issue is particu-
larly relevant in multiple-choice questions, where
answer options are often short and small wording
differences can mask substantial overlap in mean-
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ing.
To address this limitation, MCQ-Diag incor-

porates a lexical distinctiveness indicator that
evaluates surface-level overlap among answer op-
tions. For each option, the system computes IDF-
weighted Jaccard similarity with all other options in
the same question and identifies the highest degree
of overlap. Lexical distinctiveness is then defined
relative to this worst-case comparison, reflecting
the assumption that a single near-duplicate distrac-
tor may be sufficient to reduce the diversity of the
option set.

The lexical distinctiveness indicator is based on
IDF-weighted Jaccard similarity among answer op-
tions. IDF weighting emphasizes content-bearing
terms while reducing the influence of common
function words. Lexical distinctiveness is com-
puted as one minus the maximum pairwise overlap
observed for a given option, making the measure
sensitive to potentially redundant distractors that
share substantial lexical content.

Lexical distinctiveness complements the seman-
tic indicators by identifying surface-level redun-
dancy that may not be apparent from semantic sim-
ilarity alone. Together, the three indicators provide
a more complete view of distractor quality during
item review.

3.4 Interactive Diagnostic Environment
MCQ-Diag is implemented as a web-based diag-
nostic environment that supports both single-item
review and corpus-level analysis. The system is
publicly available at https://mcq-diagnostics.
lei-tech.org/. Figure 2 presents the primary
review interface used for single-item inspection.

To analyze an item, users provide a source pas-
sage, a question stem, a set of answer options, and
optionally the keyed response. The dashboard re-
ports semantic plausibility and lexical distinctive-
ness at the option level, with semantic uniqueness
derived from these scores and shown separately as
a descriptive summary. This lets users inspect indi-
vidual distractors rather than relying on item-level
summaries alone.

The interface supports common review tasks.
Semantic plausibility flags distractors that may be
insufficiently related to the source material; seman-
tic uniqueness highlights redundancy and imbal-
ance across the distractor set; lexical distinctive-
ness catches options with substantial surface-level
overlap. Together, these give reviewers comple-
mentary evidence for revision.

MCQ-Diag also includes a batch analytics mode
for larger item collections. Users upload item sets
and get aggregate summaries of distractor behavior
across a corpus, making it easier to spot recurring
issues, such as weak distractors, redundant options,
and overly competitive options, that aren’t obvious
item by item.

Revision is iterative, with users able to reanalyze
an item immediately after editing a distractor and
compare the updated profile against the original,
giving assessment developers real-time feedback
on their edits and supporting a human-in-the-loop
workflow for item development and quality assur-
ance.

4 Evaluation

4.1 Expert Validation

To examine whether the diagnostic indicators cap-
tured meaningful characteristics of distractor qual-
ity, we conducted an expert validation study using
a subset of the calibration corpus. After excluding
questions with purely numeric answer options, the
validation set comprised 180 MCQs containing 720
answer options.

Domain experts evaluated all answer options us-
ing a four-point rubric assessing semantic plausibil-
ity and linguistic quality. Final ratings were estab-
lished through expert consensus and served as exter-
nal criteria for evaluating the diagnostic indicators.
Ratings were established through expert discussion
and adjudication rather than independent double-
rating; disagreements were resolved through con-
sensus before a final rating was recorded.

Semantic plausibility scores were positively as-
sociated with expert ratings of distractor plausibil-
ity (ρ = .44, 95% CI [.38, .50], p < .001), while
lexical distinctiveness scores were positively as-
sociated with expert ratings of linguistic quality
(ρ = .37, 95% CI [.31, .43], p < .001). These as-
sociations are modest in magnitude but statistically
significant, and suggest that the indicators capture
characteristics associated with distractor quality
identified by human reviewers.

The observed associations are consistent with the
intended role of MCQ-Diag as a decision-support
tool rather than an automated evaluation system. In
addition, informal review of diagnostic outputs sug-
gested that flagged patterns often corresponded to
recognizable distractor quality concerns, including
redundancy, imbalance among options, and surface-
level overlap.
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4.2 Distractor Revision Analysis

Beyond supporting inspection, MCQ-Diag was de-
signed to facilitate iterative distractor revision. To
evaluate this capability, we examined a set of 142
distractors that were flagged by the system as po-
tentially problematic because of low semantic plau-
sibility, low lexical distinctiveness, or both. Re-
vised distractors were generated using the revision
tools integrated within the platform and were sub-
sequently reanalyzed using the same diagnostic
indicators.

Across the revised distractors, lexical distinctive-
ness increased on average by 0.05 points (SD =
0.03). To contextualize this change, a 0.05-point in-
crease represents a meaningful shift relative to the
reference threshold of 0.82 used elsewhere in this
work to flag potentially redundant distractors: an in-
crease of this magnitude is often sufficient to move
a distractor from below to above the threshold,
though the practical effect for any individual dis-
tractor depends on its starting score. Revisions gen-
erated through back-translation produced slightly
larger improvements in lexical distinctiveness than
revisions generated through abstractive paraphras-
ing (0.06 versus 0.04). At the same time, semantic
similarity between the original and revised distrac-
tors remained high (mean cosine similarity = 0.88,
SD = 0.05), indicating that revisions generally
preserved the intended meaning of the distractor
while increasing differentiation from competing
options.

Overall, 67% of flagged distractors moved into
acceptable diagnostic ranges following revision.
These results suggest that the indicators can support
practical item-development workflows by helping
assessment developers identify distractors that may
benefit from revision and by providing immediate
feedback regarding the effects of those revisions.

Not all revisions resulted in improvement. Ap-
proximately one-third of flagged distractors re-
mained outside the reference ranges after revision.
These cases often reflected issues that extended be-
yond wording and required substantive changes to
the distractor content itself. This finding further
supports the role of MCQ-Diag as a review tool
rather than an automated correction system. The di-
agnostic indicators can identify potential concerns
and support revision, but expert judgment remains
necessary when determining how distractors should
ultimately be modified.

4.3 Corpus-Level Analysis

In addition to supporting review of individual items,
MCQ-Diag can be used to examine distractor pat-
terns across larger collections of questions. To
illustrate this capability, we compared two MCQ
corpora representing different item-generation ap-
proaches: a baseline set of MCQs generated using a
general-purpose large language model and a set of
MCQs generated using the ReQUESTA framework
(Tian et al., 2026a,b).

Semantic and lexical diagnostics revealed sys-
tematic differences between the two corpora. Re-
QUESTA distractors exhibited higher average pas-
sage alignment than baseline distractors (0.36 ver-
sus 0.32) and higher lexical distinctiveness (0.91
versus 0.87). Using the diagnostic reference thresh-
old of 0.82, 30% of baseline distractors were
flagged as potentially redundant compared with
10% of ReQUESTA distractors.

These findings are not intended to establish the
superiority of one generation approach over an-
other. Rather, they illustrate how the diagnostic
indicators can be used to identify and compare
distractor characteristics across item collections.
By exposing patterns that are not readily visible
through item-level review alone, MCQ-Diag pro-
vides a mechanism for examining distractor quality
at scale and for supporting quality assurance work-
flows in assessment environments.

5 Discussion

MCQ-Diag’s goal is not to automate distractor eval-
uation but to make characteristics of distractor qual-
ity more visible and interpretable. Across expert
validation, revision analyses, and corpus-level com-
parisons, semantic plausibility and lexical distinc-
tiveness capture variation in distractor behavior
that aligns with expert judgment, while semantic
uniqueness, derived from the distribution of plau-
sibility scores, offers a complementary descriptive
layer that can inform item development and quality
assurance.

From a measurement perspective, the tool ad-
dresses a practical gap in item review. Distractor-
writing guidelines often call for plausibility, dis-
tinctiveness, and alignment with misconceptions,
but these qualities are typically judged qualitatively
(Haladyna et al., 2002; Rodriguez, 2005). MCQ-
Diag translates these principles into inspectable,
option-level indicators, helping reviewers move
past holistic judgments toward more targeted ex-
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amination of specific distractor characteristics.
The need for such tools may become increas-

ingly important as AI-assisted item generation be-
comes more common (Yu et al., 2024; Feng et al.,
2024; Tian et al., 2026a). As the volume of gener-
ated content increases, efficient review processes
become increasingly important. MCQ-Diag was
designed to support this stage of the assessment
workflow by helping reviewers identify weak, re-
dundant, or overly competitive distractors more
efficiently.

An important design decision was to treat the
diagnostic indicators as evidence rather than de-
cisions. The observed correlations with expert
ratings provide support for the relevance of the
indicators, but they also demonstrate that distrac-
tor quality cannot be reduced to a single numeri-
cal value. Content relevance, instructional goals,
domain-specific considerations, and intended mis-
conceptions remain important components of item
review that require human expertise. Accordingly,
the system is intended to complement expert judg-
ment rather than replace it.

Taken together, the findings suggest that inter-
pretable semantic and lexical diagnostics can pro-
vide a useful foundation for supporting distractor
review in MCQ assessments. By combining option-
level inspection with corpus-level analytics, MCQ-
Diag offers a practical approach for integrating
measurement-informed review processes into con-
temporary assessment development workflows.

6 Conclusion

MCQ-Diag is a measurement-informed diagnostic
tool designed to support the review of distractor
quality in multiple-choice assessments. The sys-
tem delivers interpretable, option-level evidence
across the three diagnostic dimensions through an
interactive environment that supports inspection,
revision, and corpus-level analysis. Rather than as-
signing automated quality judgments, MCQ-Diag
makes characteristics of distractor behavior visible
and interpretable for assessment developers.

As AI-assisted assessment continues to expand
the scale of item generation, efficient review pro-
cesses become increasingly important. MCQ-Diag
contributes to this need by translating established
distractor-writing principles into inspectable indica-
tors that complement expert judgment and support
quality assurance in both human-authored and AI-
generated assessments.

Figure 1: Underlying NLP Signals Pipeline.

Figure 2: Interactive distractor diagnostics interface.

Limitations

Several limitations should be considered when in-
terpreting the results. First, semantic plausibility is
estimated through embedding-based alignment and
therefore reflects topical relatedness rather than
the full range of considerations experts may use
when evaluating distractor quality. Second, seman-
tic uniqueness is inferred from relationships among
distractors rather than measured or validated di-
rectly; it should currently be treated as descriptive
rather than validated, and future work should estab-
lish its reliability and validity against independent
expert judgments. Third, the diagnostic reference
bands were calibrated and evaluated on the same
corpus of 200 expert-reviewed MCQs and should
be interpreted as corpus-anchored guidelines rather
than universal cut scores; assessing generalizability
on an independent holdout set is a priority for future
work. Fourth, the corpus-level comparison between
baseline and ReQUESTA-generated items relied
on the same diagnostic tool used throughout this
work and did not include a neutral third-party com-
parison condition, so this comparison should be
interpreted as illustrative rather than evaluative. Fi-
nally, MCQ-Diag is intended as a decision-support
tool rather than an automated evaluation system:
the diagnostic indicators provide evidence to sup-
port distractor review, but final judgments of item
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quality remain the responsibility of assessment de-
velopers and subject-matter experts.
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