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Abstract
Generating multiple-choice questions is in-
creasingly scalable, but establishing their as-
sessment quality remains difficult. We present
a focused narrative review of automated item-
writing flaw detection, revision, psychomet-
ric screening, and NLP benchmark auditing.
Database searches, citation retrieval, and nom-
inated sources yield fourteen research reports
reviewed in full text. We distinguish surface
checks from content-sensitive judgments and
map a 19-criterion rubric to detection meth-
ods and reported evidence. High label-level
accuracy often coexists with weak positive-
case detection, while rubric definitions and ref-
erence standards vary. Revision evidence is
mixed, and the associations reported in prior
work do not establish the effects of repair. We
propose evaluating quality assurance as a se-
quence of independently validated decisions,
with criterion-specific reporting, calibrated hu-
man review, and outcome-based assessment of
revisions.

1 Introduction

Multiple-choice questions (MCQs) support effi-
cient assessment but require careful design (Got-
tlieb et al., 2023). A distractor may be grammati-
cally inconsistent, implausible, or defensible as a
second answer. These problems require different
forms of review. Item-writing guidelines provide
a vocabulary for identifying them (Haladyna et al.,
2002; Tarrant et al., 2006), yet applying it across
large item banks remains demanding.

Large language models (LLMs) change the scale
of authoring without eliminating the need for vali-
dation (Balepur et al., 2025). Results in program-
ming education demonstrate that GPT-4 can gener-
ate promising questions aligned with learning ob-
jectives (Doughty et al., 2024). The relevant next
question is how to determine which generated or ex-
isting items are suitable for a particular assessment.
Textual fluency, agreement with an answer key,

and appropriate measurement of knowledge are
distinct properties. Reference-overlap metrics such
as BLEU and ROUGE measure similarity to refer-
ence text, not whether distractors are defensible or
a question measures its intended construct (Moore
et al., 2024). Human judgments also depend on the
evaluation protocol and raters’ expertise (van der
Lee et al., 2021).

The Item-Writing Flaws (IWF) approach makes
quality review more interpretable by assigning
named flags to specific problems (Tarrant et al.,
2006). The Scalable Automatic Question Usability
Evaluation Toolkit (SAQUET) operationalizes a
19-criterion version of the IWF rubric using rules,
NLP, and selective LLM verification (Moore et al.,
2024). Related work extends automated review
toward revision, psychometric and Item Response
Theory (IRT) analysis, and auditing the MCQs used
to evaluate language models. These applications
share a rubric vocabulary, but make different evi-
dentiary claims.

We contribute a criterion-level map of the au-
tomated application of IWFs, a comparison of de-
tection and downstream evidence, and a research
agenda connecting flags to assessment decisions.
We distinguish detecting a rubric violation, improv-
ing an item, and improving measurement, noting
that success at one stage does not establish success
at the next. In measurement terms, a removed flaw
is a change to the item, not yet evidence about the
scores it produces.

2 Review Scope and Method

We conducted a focused narrative evidence map
around five seed reports covering detection, re-
mediation, psychometric and cognitive outcomes,
and benchmark auditing. Searches of PubMed and
Crossref on September 1, 2026 supplemented this
set with records published from January 1, 2020
through that date. PubMed provided access to
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biomedical and medical education literature on
MCQ design and quality evaluation. Crossref pro-
vided complementary discovery through multidis-
ciplinary bibliographic metadata, helping identify
work beyond biomedicine (Gusenbauer, 2024). Tar-
geted searches of education and computing venues
and citation-based discovery completed the search.
This bounded strategy does not establish exhaustive
coverage of the relevant literature.
The title and abstract query was:

("multiple choice" OR "multiple-choice") AND
("item writing" OR "item-writing" OR "quality")
AND ("large language model" OR "ChatGPT"
OR "automated" OR "natural language process-
ing" OR "NLP").

Crossref’s query.bibliographic searches used
item-writing flaws and multiple choice question
quality large language model, retaining the first 25
relevance-ranked records per query. Exploratory
searches targeting ACL Anthology, ACM, Springer,
and ERIC, followed by title and DOI lookups,
helped locate sources. References in the retrieved
papers identified the earlier comparison by Moore
et al. (2023).

Eligibility required an empirical evaluation of
automated MCQ flaw detection or correction, or an
analysis connecting automated flaw annotations to
authoring, psychometric, or benchmark outcomes.
Generation-only studies, model exam-taking stud-
ies without an evaluated flaw-screening component,
general reviews, and unrelated assessment formats
were excluded from the core synthesis. We in-
cluded related technical-flaw rubrics without as-
suming equivalence to all 19 IWF criteria.

The databases returned 212 records, 162 from
PubMed and 50 from Crossref. One duplicate DOI
and one preprint/published-version pair left 210 re-
ports for screening. Seven research papers met the
criteria and 203 were excluded. Adding five seed
reports, one citation-linked predecessor (Moore
et al., 2023), and one subsequently nominated re-
port (Arif et al., 2024) yielded fourteen included
reports, all reviewed in full text (Table 1). Ex-
traction distinguished the item sample, reference
standard, rubric version, detector, metric denomi-
nator, and outcome. We prioritized criterion-level
performance, positive class F1, and chance cor-
rected agreement. Missing metrics remained unre-
ported and aggregate accuracy was not interpreted
as recall. Dataset reuse and incompatible units
precluded summing sample sizes or pooling perfor-
mance.

3 What the Rubric Operationalizes

IWF criteria describe avoidable sources of cue-
ing, ambiguity, or irrelevant task demands (Tarrant
et al., 2006). They do not constitute a complete
theory of assessment quality. Content coverage,
curricular alignment, fairness, and intended cogni-
tive demand require additional evidence. An easy
item may be appropriate for checking prerequisite
knowledge, and a difficult item may be valuable for
distinguishing advanced performance. Table 2 uses
SAQUET’s definitions as the reference vocabulary
(Moore et al., 2024). Its routes illustrate three levels
of automation. Text checks address visible patterns
or format and NLP adds relationships among words
and options. Selective LLM verification attempts
judgments for which a pattern alone is insufficient.
These routes describe implementation choices, not
a fixed ordering of pedagogical importance. For ex-
ample, absolute terms are easy to locate but may be
entirely appropriate in a mathematical statement.

The rubric’s lineage should not be mistaken for
identical operationalization. Costello et al. (2018)
describe 15 manually assessed flaws alongside pro-
grammatic item characteristics. SAQUET reports
different human thresholds for the longest-correct-
option criterion across its source datasets (Moore
et al., 2024). BenchMarker separately represents a
focused question and a problem fully stated in the
stem, lacks SAQUET’s explicit true/false criterion,
and broadens the length rule to balanced options
(Balepur et al., 2026). Several medical evaluations
also adapt National Board of Medical Examiners
(NBME) guidance (Sabqat et al., 2025). Accord-
ingly, we preserve source definitions rather than
treating equally named scores as interchangeable.

The newer applications expose further bound-
aries. Firoozi et al. (2025) implement six guide-
lines, including option-count limits and ordering
options by character count, which differs from SA-
QUET’s numerical or chronological sequencing
rule. Arif et al. (2024) extend automated review
to lecture transcripts with contextual specificity,
where a question may depend on a diagram visible
in the video but absent from the text. Such an item
can work within a video yet fail as a standalone
question. This demonstrates how rubric applicabil-
ity, in part, depends on the information available to
the learner.

Item format matters equally, such as the case
when multiple defensible answers violate a single-
best-answer item, but not an intentionally scored
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Report / evidence Sample and reference standard What the evaluation establishes

Moore et al. (2023) 200 student-authored MCQs; two
expert raters

Rules vs. GPT-4; domain micro-F1 .30–.70 vs. .25–.36.

Moore et al. (2024) 271 MCQs, five domains; existing
expert labels

SAQUET: label accuracy 94.13%, exact match 38%;
criterion evidence in Table 2.

Arif et al. (2024) 1,709 GPT-3.5 and 1,850 GPT-4
MCQs; 100 human-rated items

Rule/LLM rubric audits of video-based questions;
missing context and distractor flaws; pass rates are not
detector accuracy.

Sabqat et al. (2025) 13 NBME examples, one per flaw
category

GPT-3.5 detection/correction before and after guideline
prompting; no representative negative-item sample.

Aydin et al. (2026) 85 internal-medicine MCQs;
three-expert reference

Three LLMs; negative-stem κ = .897 for Claude and
Gemini; learning-outcome alignment ICC .121–.380.

Gérard et al. (2026) Clinical pharmacology; 87 entries in
the diagnostic 2x2 table

Shared model/key disagreement: sensitivity 35.3%,
specificity 92.9%, precision 54.6%, NPV 85.5%.

Iembo et al. (2026) 36 original/revised pairs; 38 criteria;
external and internal panels

External ratings found no significant aggregate change;
calibrated author ratings favored revised items.

Menze et al. (2026) 152 items, 19 teachers; two LLMs;
30 human-rated items

AI/human-consensus Hamming loss .16; AI-supported
items had more rubric flags.

Schmucker and Moore
(2026)

7,126 STEM MCQs; estimated IRT
parameters

Automated flags predict some parameter variation;
difficulty R2 reaches .216 overall but .030 in
mathematics.

Moore (2026) 1,230 MCQs, three datasets;
item-level response time and
difficulty

Confusion-category flags associate with 14.0–29.4%
longer response time; observational, category-level
evidence.

Balepur et al. (2026) 12 NLP MCQ benchmarks; human
annotation decisions

Rubric judges and benchmark filtering; NLP
writing-flaw F1 .66, κ = .53 for Gemini 2.5 Pro.

Firoozi et al. (2025) 20 macroeconomics MCQs; two
item-writing experts and one subject
expert

Six-rule/GPT-4o revision: 17/20 flawless, 18/20
linguistically acceptable, 14/20 retain intended content.

Düsterbeck et al. (2026) 30 German biochemistry MCQs; six
experts compare two refinements

Optimized agent sequences preferred for stems over a
fixed pipeline; no option advantage.

Wu et al. (2026) 43 defective dental MCQs; 44 flaws
identified by two experts

GPT-4 detects 12/44 flaws (27.3%); 7/7 duplicates but
1/23 off-topic flaws; no defect-free controls.

Table 1: Evidence map, not a system ranking, with all rows drawing on full text reports. Samples, rubric definitions,
model versions, and outcomes differ. NPV is negative predictive value, ICC is intraclass correlation, and reported
performance applies to the stated task and reference standard.

multi-select task. Similarly, the use of underscores
in code should not automatically trigger a sentence
completion flag. Quality assurance should record
the item format and intended learner population be-
fore applying the rubric, and permit an explicit not
applicable or uncertain judgment. Binary outputs
without that context can convert legitimate design
choices into apparent defects.

4 Evidence across the Assessment
Workflow

4.1 Detection and the accuracy denominator
SAQUET combines deterministic checks with se-
lective model judgments, while other systems
prompt LLMs directly with an item-writing rubric
or combine model judgments (Moore et al., 2023,

2024; Aydin et al., 2026; Menze et al., 2026). Both
approaches are feasible, but comparisons across
different datasets cannot establish architectural su-
periority or isolate benefits of newer models.

SAQUET makes the denominator problem con-
crete, as its 94.13% accuracy concerns 5,149 item-
criterion decisions, not the fraction of flawed
items successfully identified. The published hu-
man counts contain 356 positive labels. An
always-negative classifier would therefore score
1− 356/5149 = 93.09% accuracy, a baseline cal-
culated here. SAQUET’s 38% exact match, domain
micro-F1 of .59–.67, and 75.3% agreement on a
separate acceptability threshold describe different
tasks (Moore et al., 2024). Table 2 shows why
averaging conceals useful distinctions.
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Criterion Operational concern Route Positive Label (n) F1 range IRT link

Longest option correct Answer stands out through extra
length/detail

T 59 .60–1.00 b ↓, a ↓

Ambiguous information Wording permits unclear
interpretations

N 40 .00–.58 —

Implausible distractors Foils can be rejected without
target knowledge

N 31 .00–.86 —

True/false format Options reduce to binary truth
judgments

T 27 .00–1.00 —

Absolute terms Unqualified extremes provide a
clue

V 25 .00–.89 a ↓ (Math)

Complex/K-type Responses require combinations
of statements

V 25 .00–.89 —

Negative wording Negation complicates the
requested judgment

T 23 .00–.91 b ↑

Convergence cues Recombined option components
suggest the key

V 19 .00–.63 b ↑

Lost sequence Quantities/dates lack an
intelligible order

T 19 .50–1.00 a ↑ / ↓

Unfocused stem Stem does not adequately specify
the task

V 16 .00–.89 —

None of the above An exclusion option replaces a
substantive answer

T 13 .91–1.00 —

Word repeats Stem wording selectively points to
the key

N 13 .53–1.00 —

Multiple correct answers A single-best-answer item lacks a
unique key

V 12 .00–.46 b ↓, a ↓

Logical cues Option relations allow unintended
deduction

N 8 .00–.67 —

All of the above A collective option rewards partial
recognition

T 6 .80–1.00 b ↓, a ↓

Fill in the blank Mid-stem gaps interrupt the
question

T 6 1.00 —

Vague terms Unquantified expressions lack a
shared meaning

T 6 .00–1.00 —

Grammatical cues Only some options grammatically
fit the stem

N 5 .00–.67 b ↑

Gratuitous information Details add demands unrelated to
the task

V 3 .00–.50 —

Table 2: Criterion map anchored in Moore et al. (2024). Routes: T = text/format checks, N = NLP, V = NLP with
LLM verification. Positive labels (n) count items humans marked as having each flaw, out of 271. F1 ranges span
domains (zeros included, uncomputed cells omitted; no pooling). IRT links from Schmucker and Moore (2026): b
= difficulty, a = discrimination, mixed arrows = domain variation, and — = no link extracted, not evidence of no
association.

Independent medical evidence reinforces the
need for more than accuracy. Aydin et al. (2026)
report strong negative-stem agreement for two mod-
els but much weaker alignment with learning ob-
jectives. In another approach, two models giving
the same answer contrary to the key prompted a
review of possible ambiguity. Its specificity was
92.9%, but sensitivity was only 35.3% (Gérard
et al., 2026). Such a signal can focus attention
while leaving many defects undetected. A model’s
failure to solve an item is not itself evidence that
the item is defective.

Wu et al. (2026) quantify detection within a den-
tal question-generation study. GPT-4 detected 12
of 44 expert-identified flaws across 43 defective

items, consisting of 7/7 duplicates, 3/8 flawed dis-
tractors, 1/23 off-topic flaws, and 1/6 incorrect or
missing answers. This 27.3% flaw-detection rate
is not item-level accuracy, as without defect-free
controls, specificity cannot be estimated. Despite
requesting revisions, the study reports no separately
validated repair-success rate.

Evaluations should report positive class support
and per-criterion confusion matrices by domain,
with precision, recall, specificity, F1, and uncer-
tainty intervals. Chance corrected agreement is also
sensitive to prevalence. Exact match and Hamming
loss summarize label completeness and disagree-
ment, but cannot replace criterion-level results. De-
liberately flawed examples alone cannot establish
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specificity on ordinary item banks (Sabqat et al.,
2025).

In Arif et al. (2024), rules audit 19 criteria, where
LLMs check seven IWFs plus contextual specificity
on 100 items per model pool. Rules flag about 1.6
flaws per item, LLMs flag 2.18 for GPT-3.5, and
1.86 for GPT-4. These are automated flag counts,
not error rates against expert labels. The human
rubric also differs, so its 51-65% flawless item rat-
ings cannot establish relative detector accuracy.

4.2 Revision and author interaction
Firoozi et al. (2025) combine six rule checks with
chained GPT-4o revision and answer-key verifica-
tion. Their 20-item macroeconomics pilot reports
17 flawless outputs, 18 linguistically acceptable
outputs, and 14 preserving the intended content.
Two item-writing experts evaluated quality, while
a subject expert assessed content alignment. Rat-
ings followed consensus and adjudication of the
ordering rule. These are output-quality endpoints,
not estimates of detector sensitivity or specificity.
An essential point here is that a fluent repair may
change what the question tests.

Düsterbeck et al. (2026) optimize criterion-
specific agent sequences using REINFORCE al-
gorithm and an LLM quality score. Six experts
compared two refinements of 30 German biochem-
istry MCQs, initially generated by Qwen2.5-14B-
Instruct to violate quality criteria. Optimized se-
quences were preferred for stems, but showed no
advantage for options. The comparison is with a
fixed refinement pipeline, as intentionally flawed
inputs limit transfer to ordinary authoring and edu-
cator time savings were not measured.

Evidence also varies with the evaluators. In
Iembo et al. (2026), ten external evaluators found
no significant aggregate difference between origi-
nal and revised questions, whereas calibrated rat-
ings by four study authors favored the revisions.
Calibration and evaluator group changed together,
so the difference does not isolate a calibration ef-
fect. In Menze et al. (2026), AI-supported au-
thoring was associated with more flags and less
interaction. This work suggests fixed task order,
self-selection into editing, and imperfect automated
labels limit causal interpretation, including attribu-
tion to automation bias.

Based on this prior work, we believe stud-
ies should preserve original and revised items,
distinguish accepted from rejected suggestions,
and obtain blinded judgments of whether the in-

tended defect was removed without introducing
another. Content correctness, learning-objective
alignment, and distractor function need separate
checks. Counting generated revisions or repeat
tool use does not establish successful remediation.

4.3 Psychometric and cognitive grounding
Schmucker and Moore (2026) connect automated
annotations for 7,126 STEM MCQs with IRT
parameters estimated from a platform serving
448,000 students. Associations vary by criterion
and domain (Table 2). In the reported regression
table, difficulty prediction reaches R2 = .216 over-
all and only .030 in mathematics. A low-difficulty
screening example reaches precision .801 with re-
call .472. These are useful trade-offs for triage, but
leave substantial unexplained variation and missed
cases.

The association between a flag and difficulty
is not the effect of fixing that flag. Subject mat-
ter, reading demand, item purpose, and correlated
flaws may explain part of the relationship. More-
over, the predictor itself is a fallible automated judg-
ment. New-domain annotation checks are therefore
needed before interpreting a regression coefficient
as evidence about an underlying flaw. Concept spe-
cific IRT calibration also warrants attention when
combining parameters from different content areas.

Moore (2026) extends this account by grouping
SAQUET’s 19 flags into cue-giving, confusion-
inducing, and structural-complexity categories.
The confusion category comprises ambiguity, unfo-
cused stems, gratuitous information, lost sequence,
negative wording, and vague terms. Across three
datasets consisting of 653 USMLE, 365 XES3G5M
mathematics, and 212 DBE-KT22 database-course
items, its presence associates with 14.0%, 29.4%,
and 18.9% longer mean response time, respectively,
after structural controls. Cue-giving and structural
indicators have no significant response-time asso-
ciations. These are category-level estimates, not
validated weights for each constituent criterion.

The difficulty pathway is more conditional. In
USMLE, the reported confusion-category indirect
estimate through response time is .231, approxi-
mately 2.5 times the aggregate estimate of .093.
The corresponding category-specific indirect esti-
mates are not significant in XES3G5M and DBE-
KT22 uses instructor-assigned ordinal difficulty
and a separate attenuation analysis (Moore, 2026).
Thus, the 2.5-fold result is specific to USMLE.
Item-level observational data cannot establish a
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causal cognitive mechanism, and non-significant
interactions do not demonstrate equivalent effects
across domains. Machine-translated mathematics
text, heterogeneous timing measures, and unval-
idated new-domain flags further qualify transfer.
The findings motivate targeted review, while con-
trolled comparisons of original and repaired items
are still needed to establish measurement benefits.

4.4 NLP benchmark auditing
BenchMarker extends educational review to twelve
MCQ benchmarks, while separately checking on-
line overlap and answer-option shortcuts (Balepur
et al., 2026). Its reported tables show how accu-
racy can conceal weak positive-class performance
and how results change between educational and
NLP data. For example, Gemini 2.5 Pro obtains
writing-flaw F1 of .66 on NLP annotations and .39
on educational annotations. These values concern
annotation decisions rather than whole-item cor-
rectness.

The benchmark analysis also finds that filter-
ing writing errors changes model rankings beyond
random filtering. This makes item construction
relevant to the interpretation of NLP evaluations.
However, filtered subsets may differ in content and
difficulty. Matched-size controls address sampling
variation but do not establish a causal effect of
correction. Paired repairs, preserved task cover-
age, and re-evaluation of all models would provide
stronger evidence. Online occurrence should like-
wise be distinguished from demonstrated inclusion
in a particular model’s training data.

Balepur et al. (2026) also evaluated LLM-based
repair of TruthfulQA items using detected item-
writing flaws as feedback. Across three models, the
proportion of items with at least two detected flaws
decreased from 97% before revision to 64–68% af-
terward. However, BenchMarker identified newly
introduced flaws in 56–68% of revised items. Be-
cause these outcomes were assessed automatically,
they do not establish expert-confirmed repair qual-
ity or improved measurement. These findings moti-
vate evaluating both the removal of existing defects
and the introduction of new ones when assessing
automated revision.

5 Research Priorities

Make definitions and uncertainty portable.
Reusable datasets should release exact rubric word-
ing, applicability rules, model versions, and pos-

itive and negative examples. Expert annotations
should retain disagreements before adjudication
and record the intended population and item pur-
pose. Evaluation sets need enough positive cases
for each criterion, including semantic defects. Ta-
ble 2 shows that six criteria have fewer than ten pos-
itive cases in the SAQUET reference set, which lim-
its what any F1 value for them can establish. Chal-
lenge sets should be reported separately from sam-
ples representing deployment prevalence. Shared
items across dataset versions should have stable
identifiers to prevent leakage and mistaken claims
of independent replication.

Prioritize consequences, validate the policy. A
raw flag count gives a rare grammatical cue and
a second correct answer equal weight. Cognitive-
category evidence motivates prioritization (Moore,
2026), but a review policy must also consider
whether a flag is correct, its consequence for the
intended assessment, and the cost of checking it.
The category results do not validate universal sever-
ity weights or imply that cue-giving defects are
harmless. Evaluate priorities on held-out domains
and independently judged revisions, with student
response evidence where appropriate. LLM con-
fidence should not be assumed to be a calibrated
probability.

Evaluate the complete human-AI workflow.
Compare unaided review, flags alone, flags with
explanations, and suggested revisions. Measure
expert-confirmed defect removal, introduced de-
fects, reviewer time, and escalation. Expert re-
view of unflagged items should estimate missed
problems. Subsequent pilots can examine discrim-
ination, intended difficulty, response time, and
subgroup performance, connecting authoring ef-
ficiency to measurement outcomes.

Design paired item comparisons. Paired evalu-
ations should preserve the learning objective while
changing the targeted flaw and assign learners to
one version only. Shared anchor items can support
comparisons on a common scale. Removing a cue
may increase difficulty while improving validity,
so neither faster responses nor easier items should
define success in isolation. Record rejected sug-
gestions and reasons alongside accepted revisions;
acceptance alone can reflect misplaced trust.
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6 Limitations

This review is limited by bounded Crossref re-
trieval, database coverage, nominated-source se-
lection, and AI-assisted screening without indepen-
dent replication. The corpus is not exhaustive, and
the first author co-authored five of the fourteen in-
cluded reports, including the toolkit that anchors
Table 2. We did not rerun detectors or reanalyze
participant data. Much of the evidence uses small
or reused annotation sets, and comparisons span
different rubric versions and evaluation units. The
cognitive findings are observational and the pro-
posed workflow and consequence-based priorities
still require validation.

7 Conclusion

AI-enabled IWF review offers interpretable support
for screening MCQs, but its evidence is uneven
across criteria and stages of use. Surface checks
are often tractable, but content sensitive judgments
and reliable revision remain harder. The strongest
path forward is to evaluate detection, remediation,
and assessment outcomes separately and then test
how they work together. Rubric flags can orga-
nize human attention before deployment, while
expert review and response-based validation estab-
lish whether the resulting items serve their intended
purpose.
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