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ABSTRACT
Item-writing flaws (IWFs), violations of established guide-
lines for constructing multiple-choice questions, are known
to compromise assessment quality. Their effects on item
difficulty have proved inconsistent, with flawed items some-
times appearing easier, sometimes harder, and often no dif-
ferent from well-constructed items. We propose that this
reflects a measurement problem, as different IWFs impose
distinct cognitive demands that cancel or dilute when ag-
gregated. Drawing on cognitive load theory, we classify 19
automatically detected IWFs into three categories of cue-
giving, confusion-inducing, and structural complexity based
on their expected cognitive function. Analyzing 1,230 items
across three domains (medical licensure, K-12 mathematics,
and university computer science), we find that each domain
exhibits a different mix of IWFs rather than simply more
or fewer flaws. Flaws categorized as confusion-inducing con-
sistently increase response time by 14-29% across all three
datasets, while cue-giving and structural flaws show no sig-
nificant effects. This pattern holds across all three datasets,
with no significant flaw-by-dataset interactions, suggesting
the effect is robust to the differences in subject matter.
Bootstrap mediation analyses reveal that confusion-inducing
flaws increase processing time, which in turn associates with
greater difficulty. This indirect effect is 2.5 times the mag-
nitude of the aggregate indirect effect. These findings sug-
gest that item quality improvement efforts should prioritize
confusion-inducing flaws, which are the primary source of
unnecessary cognitive burden on examinees.
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1. INTRODUCTION
Multiple-choice questions (MCQs) remain the most widely
used assessment format in education, certification, and pro-
fessional licensure, where their quality directly affects what

we can validly infer about the knowledge and skills of stu-
dents [58]. With generative AI now accelerating item writ-
ing, quality is both more necessary and more possible [4].
Clear standards govern how to create high quality questions,
but violations of those standards, item-writing flaws (IWFs),
continue to appear even in commercial e-learning instruc-
tion [9, 36]. This compromises construct validity, fair-
ness, and the interpretability of learning analytics derived
from these assessments [12, 56]. IWFs impose unnecessary
cognitive load as students interpret unclear wording rather
than demonstrate knowledge, artificially inflating time-on-
task through extraneous processing [44, 26, 53]. Not all
flaws are expected to impose the same kind of cognitive load,
some may even reduce it by cueing the answer, while others
introduce confusion that slows examinees down.

When researchers have tested whether IWFs actually affect
item performance, the results have been equivocal. Studies
examining whether IWFs predict item difficulty or discrimi-
nation have reported weak, inconsistent, or null associations
[39, 41, 46, 49]. This matters practically as if flaws do not
measurably affect how items perform, it becomes hard to
justify the cost of detecting and remediating them, and au-
tomated detection tools lose their rationale. The problem
may not be that flaws are inconsequential but that the stan-
dard approach of counting them, treating all 19 criteria as
interchangeable contributors to a single ”flaw burden” score,
masks the signal. Consider that some flaws cue the correct
answer, potentially making items faster and easier, while
others introduce confusion that slows examinees down and
makes items harder. Aggregating these into one count pits
opposing effects against each other, producing the attenu-
ated relationships that prior work has observed. The same
logic applies to response time, because if cue-giving flaws
speed responses and confusion-inducing flaws slow them,
a composite IWF count should show a diluted association
with processing time, even though specific flaw types carry
real cognitive cost. To better guide revision efforts, what
is needed is a categorization that separates flaws by what
they do to the examinee’s response process, so that the dis-
tinct (and potentially opposing) mechanisms can be esti-
mated rather than canceled.

We test this hypothesis by categorizing 19 automatically de-
tected item-writing flaws into three cognitive-function cate-
gories of cue-giving, confusion-inducing, and structural com-
plexity, and then testing whether this categorization recovers



flaw-outcome relationships that are obscured in aggregate
analyses. We analyze 1,230 MCQs bridging the three assess-
ment domains of medical licensure (USMLE, n=653), K-12
mathematics (XES3G5M, n=365), and university computer
science (DBE-KT22, n= 212). Each dataset provides item-
level mean response time and a difficulty index, allowing us
to trace the pathway from flaw presence through process-
ing time to operational difficulty. The cross-domain design
tests whether any observed effects reflect a general cognitive
mechanism or are specific to a particular testing context.
We investigate three research questions:

RQ1: How do item-writing flaw profiles differ across assess-
ment domains?

RQ2: Do the effects of item-writing flaws on response time
differ by cognitive-function category and are these ef-
fects consistent across domains?

RQ3: Does response time mediate the relationship between
item-writing flaws and item difficulty and is this me-
diation strengthened when flaws are categorized by
cognitive-function rather than treated in aggregate?

This study contributes (1) a cognitive-function taxonomy
that classifies 19 IWFs into cue-giving, confusion-inducing,
and structural complexity categories, revealing that only
confusion-inducing flaws impose measurable cognitive cost
on examinees, (2) evidence that this confusion effect repli-
cates across three heterogeneous assessment contexts, in-
creasing response time by 14–29% across medical, mathe-
matics, and computer science assessments with no signifi-
cant domain interactions, and (3) an explanation for why
prior aggregate analyses found weak flaw–difficulty relation-
ships. When flaws are categorized, the indirect effect of
confusion-inducing flaws through slower response times to
higher difficulty is 2.5× the magnitude of the aggregate ef-
fect, showing that lumping flaw types together masks the
strongest signal.

2. RELATED WORK
2.1 Item-Writing Flaws
Item-writing flaws (IWFs) are features of multiple-choice
questions that introduce testwiseness cues, compromise va-
lidity, and create unfair advantages for test-takers who rec-
ognize these patterns regardless of their actual knowledge [20,
56]. The fundamental concern is that IWFs shift what is
being measured from domain knowledge to test-taking skill,
introducing construct-irrelevant variance that distorts infer-
ences about examinee ability [12]. Established taxonomies
typically use a 19-criterion rubric applicable across subject
areas [55, 9]. These capture grammatical or length cues
that signal the correct answer, option-set pathologies such
as K-type structures, and clarity violations including un-
focused or vague question stems [36]. Despite awareness
of these standards, IWFs remain prevalent even in profes-
sionally developed assessments, with studies finding 36–65%
of items flawed in medical education [13, 8, 5] and simi-
lar rates in nursing [55], e-learning [9], and STEM disci-
plines [46, 49]. This persistence has motivated automated
detection approaches, including rule-based systems [16] and

hybrid systems like the Scalable Automatic Question Usabil-
ity Evaluation Toolkit (SAQUET) [35]. This system opera-
tionalizes the full rubric and has achieved strong agreement
with expert raters across diverse domains.

The empirical case that IWFs actually affect item perfor-
mance is surprisingly weak. Studies in medical education
found no consistent relationship between specific flaw types
and difficulty or discrimination [41], with similar null results
in veterinary [46] and broader STEM assessments [49]. One
exception found that flawed items were easier in nursing as-
sessments, but only for specific IWFs rather than the overall
count [56]. If IWFs do not measurably affect how items per-
form, it becomes difficult to justify the cost of detecting and
remediating them. However, the problem lies not with the
flaws themselves but with how they have been measured.

2.2 The Aggregation Problem
Prior work treats all 19 IWF criteria as interchangeable con-
tributors to a single score, but the rubric encompasses flaws
whose cognitive mechanisms theory predicts should oper-
ate in opposite directions [8]. Cognitive load theory (CLT)
distinguishes intrinsic load, inherent to the assessed con-
tent, from extraneous load imposed by how material is pre-
sented [10, 44]. In a well-constructed MCQ, the dominant
load should be intrinsic as examinees expend effort retriev-
ing and applying domain knowledge. IWFs distort this bal-
ance, but the direction of distortion depends on what the
flaw does to the response process. Downing [12] drew a par-
allel distinction at the score level, noting that flawed items
produce either construct-irrelevant easiness, which inflates
scores, or construct-irrelevant difficulty, which deflates them.
For instance, a word repeating between the MCQ’s text and
answer provides a lexical shortcut that lets test-wise exami-
nees bypass retrieval (construct-irrelevant easiness) [20, 56].
In contrast, an ambiguous stem or gratuitous information
forces examinees to infer what is being asked before retrieval
can begin (construct-irrelevant difficulty), adding extrane-
ous load [44] on features unrelated to the assessed content.
These two classes of flaws should push response time and
difficulty in opposite directions.

Aggregating them into a single count pits these opposing ef-
fects against each other. An item with one cue-giving flaw
and one confusion-inducing flaw registers the same count as
an item with two flaws of the same type, despite impos-
ing very different cognitive demands [44]. Across a dataset,
this cancellation systematically attenuates observed flaw-
outcome relationships, producing exactly the weak or null
associations that prior work has reported [41, 46, 39]. What
is needed is a categorization that separates flaws by their
cognitive function, so that opposing mechanisms can be es-
timated rather than canceled. This study tests this hypothe-
sis by categorizing the 19 IWFs into three cognitive-function
categories and examining whether this categorization recov-
ers flaw-outcome relationships that aggregate analyses ob-
scure.

2.3 Response Time and Difficulty
Response time (RT) has been established as a valuable pro-
cess measure that captures cognitive processing demands
during assessment tasks [40, 26]. Often grounded in CLT [44],
RT can help distinguish between productive struggle with



content that supports learning and extraneous cognitive load
imposed by irrelevant features that burden working mem-
ory [10]. Unlike accuracy alone, which provides only a bi-
nary outcome, RT reveals how students interact with items
and the degree of cognitive effort required to formulate a
response [50, 47]. This temporal signature is particularly
valuable for understanding processing burdens imposed by
poor item design. Theoretically, questions that introduce
unnecessary confusion or complexity should produce char-
acteristically longer processing times [61].

Previous research consistently demonstrates associations be-
tween longer RT and higher item difficulty, though the rela-
tionship is complex and multifaceted [22]. Multiple factors
are known to influence RT beyond content difficulty itself,
including the cognitive complexity of required reasoning, lin-
guistic features such as readability and syntactic complex-
ity, and structural characteristics including stem length and
number of options [42, 29]. While RT relates to item struc-
ture and operational difficulty, it is unclear if RT mediates
the relationship between specific quality issues (IWFs) and
difficulty outcomes. Existing RT research has focused pri-
marily on prediction rather than diagnosis, modeling overall
time-on-task or completion rates without connecting tem-
poral patterns to specific quality deficits that could guide
authors in creating higher quality questions [61, 54].

2.4 Automated Item Diagnostics
Traditional psychometric quality control relies on post-hoc
approaches such as Item Response Theory (IRT) and Clas-
sical Test Theory (CTT) to evaluate item performance [15,
52]. These methods require substantial response data, often
hundreds of examinees per item, to produce stable param-
eter estimates [48]. This means that flawed items have al-
ready been deployed and consumed learner time before prob-
lematic questions are identified. Operationally, many assess-
ments rely on simpler metrics such as proportion-correct
or transformed accuracy indices rather than full IRT pa-
rameterization [15]. These have been shown to correlate
highly with IRT difficulty estimates and require less exten-
sive calibration data [62]. More fundamentally, both IRT
and CTT characterize what an item’s difficulty is, not why
it is difficult. Neither framework traces the process pathway
from specific design features through cognitive processing
to observed outcomes, which is the question motivating the
present study. Recent advances in machine learning and
artificial intelligence have introduced pre-deployment diffi-
culty prediction methods that leverage linguistic features [7],
readability metrics [33], and large language models [3, 14] to
estimate item difficulty from text alone. These approaches
move closer to identifying difficulty sources before deploy-
ment, but they still treat items as isolated text rather than
as interactive cognitive tasks, focusing on surface features
without modeling the processing demands that items im-
pose [17]. Also, they typically identify which items are
likely to be problematic without providing actionable guid-
ance about what specifically should be revised, limiting their
utility for iterative quality assurance.

Parallel developments in automated time-on-task estimation
and IWF detection have operated in similar isolation. RT
estimation methods typically rely on shallow features or ag-
gregate completion patterns without connecting temporal

Table 1: Overview characteristics of the three datasets.

USMLE DBE-KT22 XES3G5M

Domain Medicine Comp. Sci. Math
N items 653 212 365
N options 4–8 2–5 2–5
Stakes High Low Low
Resp./item ∼300+ 458–1,049 5–3,237
RT: M (SD) s 85.6 (29.2) 78.5 (40.8) 197.2 (116.1)
Difficulty Continuous Ordinal Continuous

signatures to specific quality issues that create processing
burdens [51]. Automated IWF detectors, while effective
at flagging rule violations, function as diagnostic checklists
rather than risk assessors [16, 35]. They identify the pres-
ence of flaws but do not indicate whether those flaws impose
meaningful processing costs or distort difficulty in practice.
The fundamental gap across these lines of work is the ab-
sence of an integrated framework that links flaw patterns to
process signatures to operational outcomes. This disconnect
becomes especially critical as AI-accelerated item generation
scales assessment development, yet still produces MCQs that
contain flaws [23, 28], even in standardized exams reviewed
by multiple experts [34]. Practitioners need quality signals
that are both predictive enough to enable pre-deployment
screening and diagnostic enough to guide specific, action-
able improvements.

3. METHODS
3.1 Datasets
We draw on three MCQ datasets spanning different disci-
plines, examinee populations, and testing contexts to as-
sess whether the relationships between item-writing flaws
and item performance generalize beyond a single setting.
Our cross-setting comparisons therefore test whether the
flaw–RT mechanism replicates across heterogeneous assess-
ment contexts rather than isolating a pure domain effect.
Table 1 summarizes the key characteristics of each dataset.

3.1.1 USMLE
The first dataset comprises retired clinical MCQs released by
the National Board of Medical Examiners for a shared task
on predicting item difficulty and response time [63]. The
items are drawn from Steps 1, 2 CK, and 3 of the United
States Medical Licensing Examination (USMLE) [37] and
were authored by experienced subject-matter experts fol-
lowing guidelines that emphasize a standard MCQ structure.
They discourage construct-irrelevant cues such as extrane-
ous material, misleading wording, or correct options that
are considerably longer than distractors. We excluded 14 of
the 667 MCQs in this dataset for data-quality and format
issues, primarily invalid Unicode in the source file or hav-
ing more than 8 answer options, which the automated IWF
evaluator we utilized does not support [35]. This yielded
an analytic sample of 653 medical licensure MCQs. Each
item was administered to approximately 300 or more exam-
inees on a live high-stakes exam. For every item we observe
the mean response time (RT) in seconds, computed from
on-screen presentation until the examinee advances past the
item, aggregated across all test-takers who encountered the
item. We also observe a difficulty index defined as a linearly



transformed proportion correct scaled so that higher values
indicate more difficult items.

3.1.2 DBE-KT22
The second dataset is drawn from DBE-KT22, a knowledge-
tracing dataset collected between 2018 and 2021 on the Code-
Bench platform at the Australian National University [1]. It
contains MCQs from an undergraduate Relational Databases
course attempted by students across disciplines including
computer science, engineering, business, and arts. We use
all 212 items in the dataset. Each item was answered by
between 458 and 1,049 students in a self-paced, low-stakes
practice environment. Response time for each item is the
mean time in seconds taken by students to submit an an-
swer. Unlike the USMLE’s continuous difficulty scale, dif-
ficulty in DBE-KT22 is an ordinal rating assigned by the
course instructors (1=easy, 2=medium, 3=hard), which we
retain as an ordinal outcome in downstream analyses.

3.1.3 XES3G5M
The third dataset originates from XES3G5M, a large-scale
knowledge-tracing benchmark of third-grade mathematics
exercises collected from an online learning platform operated
by TAL Education Group in China [30]. The original items
are in Chinese, so we use the English translation produced by
Ozyurt et al. [38], who translated the question text via the
deep-translate Python library for a related study. Because
these items were machine-translated rather than originally
authored in English, some detected flaws may partly reflect
translation artifacts. However, the flaw–RT relationships in
XES3G5M are consistent in direction and magnitude with
those observed in the two English-native datasets and the
pooled model finds no significant flaw-by-domain interac-
tions (Section 4.2). This suggests that any such artifacts do
not differentially drive the results.

From the translated item bank we selected the subset of
MCQs for which at least five student responses and their as-
sociated timestamps were available, yielding 365 items. We
adopt this inclusive threshold to maximize the analytic sam-
ple and models for XES3G5M use WLS with

√
n weights to

down-weight less precisely estimated item-level means. Ro-
bustness checks excluding items with fewer than 30 and 50
responses confirm that results are not driven by low-n items
(Section 4.2). Because XES3G5M does not ship with pre-
computed item statistics, we derived both variables from
the student-level interaction logs. Difficulty is computed as
1 minus the proportion of correct first-attempt responses,
so that higher values indicate harder items. Response time
for each student-item pair is estimated as the elapsed time
between the start timestamp of the given question and the
start timestamp of the next question in that student’s se-
quence. These per-student times are then averaged across
all students who attempted the item.

3.2 Automated Item-Writing Flaw Detection
We detect item-writing flaws (Table 2) with SAQUET (Scal-
able Automatic Question Usability Evaluation Toolkit) 1, an
open-source and domain-agnostic system that operational-
izes the standard 19-criterion IWF rubric to produce both
per-flaw binary indicators and a total IWF count per item

1https://saquet.io/

[35]. SAQUET was designed specifically as a tool to pre-
screen assessments before they are used with students, to
capture testwiseness cues and clarity/alignment violations
that introduce construct-irrelevant variance. This includes
grammatical or length cues to the key, K-type option struc-
tures, negative or vague stems, non-parallel options, over-
lapping alternatives, and more. Prior work reports that
such automated IWF application attains strong agreement
with expert raters across diverse domains and that it out-
performs readability-style proxies for question quality [35].
In this study we use SAQUET as the automated IWF engine
and consume its outputs directly in our analyses. Following
SAQUET’s pipeline, we normalize Unicode and whitespace,
lowercase, and tokenize stems and options before applying
a layered set of detectors for the 19 IWF criteria.

We selected SAQUET because it is, to our knowledge, the
only open-source tool that operationalizes the full 19-criterion
IWF rubric in a domain-agnostic manner and has been used
in previous research [49, 6]. Alternative MCQ evaluation
systems either cover fewer criteria or are not publicly avail-
able [16]. Because SAQUET detects structural patterns
rather than directly measuring cognitive disruption, its flags
should be understood as indicators of flaw presence rather
than flaw impact. This distinction bears on the interpre-
tation of null results, particularly for cue-giving flaws (see
Section 6). SAQUET returns a 19-dimensional binary vector
per MCQ and derived aggregates (any-flaw and total IWF
count). Full implementation details and previously reported
accuracy (exact-match, Hamming loss, per-criterion F1) for
this method are documented in prior work [35].

3.3 Flaw Category Taxonomy
The standard 19-criterion rubric [55] encompasses IWFs that
should theoretically push examinee processing in opposite
directions. We address this by mapping each of the 19 IWFs
(described in Table 2) into one of three categories based on
the type of cognitive demand the flaw is expected to impose.
The mapping, summarized in Table 3, was fixed a priori be-
fore any outcome analyses were conducted based on the pre-
vious literature review. As outlined in Section 2.2, different
IWFs are expected to distort the balance between intrinsic
and extraneous cognitive load in opposing directions. We
operationalize this distinction by mapping each flaw to one
of three categories based on the direction of its expected
effect as indicated in prior research.

We adopt three categories because the relevant theoreti-
cal distinction for our research questions is the direction of
the predicted effect. Confusion-inducing flaws impose ex-
traneous load with a clear directional prediction (↑ RT, ↑
difficulty), grounded in well-replicated effects of ambiguity,
negation, and gratuitous information on processing demands
[20, 44]. Structural-complexity flaws also alter processing,
but the direction is not as predictable, as some (e.g. K-
type with one obviously plausible combination) may sim-
plify the task, others (e.g. ”all of the above”) expand it, and
some operate primarily on guessing probabilities rather than
RT. Collapsing these into a single extraneous load category
would conflate flaws with directional predictions and flaws
without, weakening the test the taxonomy is designed to
perform. Cue-giving flaws form the third category because
they carry the opposite directional prediction (↓ RT, ↓ diffi-



Table 2: The 19 Item-Writing Flaw (IWF) rubric criteria used to evaluate multiple-choice questions [55, 35].

Item-Writing Flaw Description of Flaw

Ambiguous/Unclear The question text or options contain unclear or ambiguous language
Implausible Distractors One or more distractors are not plausible to be selected, reducing the effectiveness of the item
None of the Above A “none of the above” option is included, which primarily tests the ability to detect incorrect answers
Longest Option Correct The correct option is noticeably longer or more detailed than the distractors, cueing students
Gratuitous Information The stem contains unnecessary information not required to answer the question
True/False Question The options are structured as a series of true/false statements
Convergence Cues Options contain overlapping combinations of components that hint at the correct answer
Logical Cues The wording contains deductive shortcuts that allow the answer to be derived without domain knowledge
All of the Above An “all of the above” option is included, allowing students to guess based on partial knowledge
Fill-in-the-Blank Words are omitted from the middle of the stem for students to insert from the options
Absolute Terms Absolute terms (e.g. always, never) appear in the options, which students recognize as typically false
Word Repeats Words or phrases are repeated between the stem and the correct option but not in the distractors
Unfocused Stem The stem does not present a clear, focused question that can be understood without reading the options
Complex or K-Type The question requires selecting from combinations of responses rather than a single best answer
Grammatical Cues Options are not grammatically consistent with the stem or parallel in style and form
Lost Sequence Options are not arranged in a logical (e.g. chronological or numerical) order
Vague Terms Vague terms (e.g. frequently, occasionally) are used in the options, whose meaning is subjective
More Than One Correct The question does not have a single best answer, multiple options could be considered correct
Negative Wording The stem uses negative wording, which can confuse students and obscure the intended learning outcome

culty), making a three-way structure necessary to represent
the full range of theorized effects.

Category A (5 flaws): Cue-giving flaws reduce the effective
cognitive work required to reach the correct answer. When
a stem repeats a key phrase that appears only in the correct
option, or when the correct option is conspicuously longer
than the distractors, test-wise examinees can exploit these
patterns to bypass the intended retrieval process [56, 20].
The five flaws in this category all share the property of pro-
viding a shortcut, such as word repeats creating lexical over-
lap between stem and key. The longest-answer-correct in-
troduces a length asymmetry and grammatical cues allow
elimination based on grammatical inconsistencies between
an MCQ’s text and options [59]. Convergence cues let over-
lapping options point toward the key and logical cues embed
deductive pathways in the stem or option structure [18]. If
these cues function as intended by the IWF literature, they
should reduce both response time and difficulty [56].

Category B (6 flaws): Confusion-inducing flaws add process-
ing demands that are extraneous to the assessed construct.
An unfocused stem forces the examinee to infer what is being
asked before retrieval can begin and ambiguous or unclear
language requires re-reading and disambiguation [18]. Re-
latedly, gratuitous information consumes working memory
without contributing to the answer [2]. Lost sequencing dis-
rupts the natural scan order of options and negative wording
introduces a reversal demand that is well documented to in-
crease errors and slow responses [20]. Vague terms similarly
force examinees to interpret subjective qualifiers rather than
evaluate content, such as ”usually”or ”some”. These six flaws
share a common mechanism because they impose extrane-
ous cognitive load in the sense of Puma et al. [44], consum-
ing time-limited processing resources on construct-irrelevant
features of the MCQ. We therefore predict that confusion-
inducing flaws will increase response time and, through this
added processing burden, associate with greater difficulty.

Category C (8 flaws): Structural complexity flaws alter the
response format or option-set architecture in ways that chan-

ge the task demands, but without a clear directional predic-
tion. Complex K-type structures (e.g. “A and C”,“B, C, and
D”) require combinatorial evaluation rather than single-best-
answer selection, which may increase processing time but
could also simplify the task if only one combination is plau-
sible [60]. “None of the above” and“all of the above” options
shift the response strategy from selecting the best answer to
exhaustively verifying each option [11]. True/false format-
ting and fill-in-the-blank structures change the fundamental
task from recognition to verification or recall [19]. Implausi-
ble distractors reduce the effective number of options, which
could speed responses by shrinking the choice set or could
paradoxically slow them if examinees second-guess why an
obviously wrong option was included [4]. Absolute terms
(“always”, “never”) occupy a genuinely ambiguous position
as item-writing guidelines flag them because test-wise exam-
inees learn to treat absolutes as likely incorrect [20]. This
would place them in Category A, but the terms may also
confuse less experienced examinees who take them at face
value. We assign absolute terms to Category C to acknowl-
edge this ambiguity. The eight flaws in this category share
the property of restructuring the response task itself and we
treat their effect direction as an empirical question rather
than an a priori prediction.

The opposing predictions for Categories A and B are central
to this study. If the taxonomy captures meaningful cognitive
distinctions, an aggregate IWF count that collapses across
categories should show a diluted effect, while category-level
analyses should recover the underlying signals.

3.4 Analysis
For each item, we computed three structural control vari-
ables: stem length (word count of the question text), number
of options (count of non-null answer choices, ranging from
2–8), and mean option length (average word count across
options). From the 19 IWFs, we derived binary category
variables indicating the presence of at least one cue-giving,
confusion-inducing, or structural complexity flaw, as well as
corresponding count variables for dose–response analyses.
Response time (the item-level mean across all respondents)



Table 3: Mapping of 19 item-writing flaws to cognitive-
function categories based on the expected effect on the ex-
aminee response process.

Item-Writing Flaw Rationale

A: Cue-Giving (predicted: ↓ RT, ↓ difficulty)

Word Repeats Shared wording between stem and
key lets examinees match rather
than retrieve

Longest Ans. Correct Length asymmetry singles out the
key without content evaluation

Grammatical Cues Agreement mismatches allow elim-
ination of options on form alone

Convergence Cues Overlapping option content nar-
rows the viable set toward the key

Logical Cues Deductive structure in the stem or
options reveals the answer without
domain knowledge

B: Confusion-Inducing (predicted: ↑ RT, ↑ difficulty)

Ambiguous/Unclear Unclear language forces examinees
to infer intent before engaging con-
tent

Unfocused Stem Absence of a clear question ex-
pands the space of plausible inter-
pretations

Gratuitous Info Irrelevant details load working
memory without aiding the re-
sponse

Lost Sequence Unordered options disrupt system-
atic comparison across alternatives

Negative Stem Negation imposes an additional re-
versal step during option evalua-
tion

Vague Terms Subjective qualifiers (e.g., “fre-
quently”) require interpretation
beyond content

C: Structural Complexity (predicted: direction uncertain)

Complex/K-Type Combinatorial format may in-
crease evaluation load or simplify
when only one combination is plau-
sible

None of the Above Shifts task from selecting the best
option to exhaustively verifying all
options

All of the Above Shifts task from selecting the best
option to exhaustively verifying all
options

Fill-in-the-Blank Recall-oriented format changes the
cognitive task from recognition to
generation

True/False Binary format alters baseline diffi-
culty and guessing probability

Absolute Terms May cue test-wise examinees (“al-
ways” = likely false) or confuse
näıve ones

Implausible Distractors Reduces effective choice set, but
may also prompt second-guessing

More Than One Correct Multiple defensible keys change
elimination strategy unpredictably

was winsorized at the 1st and 99th percentiles within each
dataset and log-transformed to approximate normality [32].
For within-dataset models, log(RT) serves as the outcome,
enabling interpretation of coefficients as approximate per-
cent changes in response time. For pooled cross-domain
models, both RT and difficulty were z-scored within each
dataset prior to concatenation, so that one unit represents
one within-dataset standard deviation and cross-domain com-
parisons reflect relative rather than absolute effects. Diffi-
culty is treated as continuous for USMLE and XES3G5M
and as ordinal (1 = easy, 2 = medium, 3 = hard) for DBE-
KT22. Because USMLE items were each answered by ap-
proximately 300+ examinees (roughly constant), those mod-
els use ordinary least squares with HC3-robust standard er-
rors [31]. XES3G5M and DBE-KT22 have variable respon-
dent counts per item (5–3,237 and 458–1,049, respectively),
so models for these datasets use weighted least squares with√
n weights and HC3-robust standard errors to down-weight

less precisely estimated item-level means [24].

To address RQ1, we compared the prevalence of each of the
19 IWFs across datasets using chi-square tests (Fisher’s ex-
act where expected cell counts fell below 5), with Benjamini-
Hochberg false discovery rate correction (q = 0.05) applied
across the 19 tests and Cramér’s V quantified effect sizes
at both the individual-flaw and category levels [21, 57]. For
RQ2, we fit within-dataset regressions of log(RT) on the
three category indicators and structural controls, followed by
a pooled model with domain fixed effects and flaw-category-
by-domain interactions to test cross-domain consistency. A
non-significant joint Wald test for the interaction terms would
support a domain-general mechanism [25]. For RQ3, we
used bootstrap mediation [43] (5,000 iterations, bias-corrected
and accelerated 95% confidence intervals) to estimate indi-
rect effects of each flaw category on difficulty through re-
sponse time. The aggregate single-indicator model serves
as the baseline against which categorized indirect effects are
compared. Mediation was conducted separately for USMLE
and XES3G5M (continuous difficulty), pooled with domain
fixed effects, and corroborated in DBE-KT22 using ordi-
nal logistic regression in which coefficient attenuation upon
adding RT indicates consistency with the mediation path-
way. All analyses were conducted in Python using statsmod-
els (OLS/WLS, ordinal logistic, Wald tests) and scipy (chi-
square, Spearman correlations, bootstrap implementations
for mediation inference).

4. RESULTS
The final samples comprised 653 items (USMLE, medical),
365 items (XES3G5M, math), and 212 items (DBE-KT22,
computer science), for a pooled 1,230 MCQs. All 19 IWFs
were evaluated and detailed in the taxonomy in Table 2.
Note that the more-than-one-correct IWF had zero instances
across all three datasets and was excluded from all models.

4.1 IWF Profiles Across Domains
The three domains exhibited different flaw profiles in both
their composition and prevalence (Table 4). Across all three
datasets USMLE was the least flawed, with 64.8% of the
MCQs being free of IWFs. DBE-KT22 sat at the oppo-
site extreme, with 93.4% of the MCQs containing at least
one flaw and XES3G5M occupied an intermediate position
with 58.6% flawed. The datasets also differed in which flaw



Table 4: Flaw prevalence, category distribution, and mutual
exclusion group sizes by domain.

USMLE XES3G5M DBE-KT22
(Medical) (Math) (CS)

N items 653 365 212
% with any flaw 35.2% 58.6% 93.4%
Mean IWF count (SD) 0.47 (0.75) 0.99 (1.11) 2.02 (1.22)

% with cue-giving flaw 29.9% 21.1% 39.6%
% with confusion flaw 4.6% 39.2% 41.5%
% with structural flaw 6.1% 17.5% 65.1%

Mutual exclusion groups
No cue/confusion 440 (67.4%) 178 (48.8%) 70 (33.0%)
Cue only 183 (28.0%) 44 (12.1%) 54 (25.5%)
Confusion only 18 (2.8%) 110 (30.1%) 58 (27.4%)
Both 12 (1.8%) 33 (9.0%) 30 (14.2%)

Figure 1: Distribution of detected flaws by cognitive-function
category within each domain.

categories dominated. Cue-giving flaws were most com-
mon in USMLE, driven by word repeats between stem and
key (14.2%) and logical cues (10.4%). Confusion-inducing
flaws were rare in USMLE but prevalent in both XES3G5M
(39.2%) and DBE-KT22 (41.5%), driven primarily by am-
biguous or unclear information (28% in both datasets) and
unfocused stems (12.1% in XES3G5M, 28.8% in DBE-KT22).
Structural complexity flaws were concentrated in DBE-KT22
(65.1%), where complex K-type items (25.5%), fill-in-the-
blank formats (20.3%), and true/false items (16.0%) were
common. As shown in Figure 1, when expressed as a share
of all detected flaws the category composition of each do-
main is uniquely different. A majority of USMLE flaws were
cue-giving, XES3G5M flaws were confusion-inducing, and
DBE-KT22 was more evenly split between confusion and
structural complexity.

Chi-square tests comparing each of the 19 IWFs across the
three domains, with Benjamini-Hochberg correction for mul-
tiple comparisons (q = 0.05), found that 16 differed signifi-
cantly in prevalence (Cramér’s V = 0.085-0.396), with per-
flaw prevalence shown in Figure 2. The three non-significant
IWFs, vague terms, implausible distractors, and more-than-
one-correct, all had near-zero prevalence in every dataset.
At the category level, all three flaw categories differed sig-

Figure 2: Prevalence of individual item-writing flaws by
dataset.

nificantly across domains (all p < .0001). The largest ef-
fect was for structural complexity (V = 0.536), followed by
confusion-inducing flaws (V = 0.433) and cue-giving flaws
(V = 0.137). These differences are not merely quantita-
tive, as each domain has a distinct flaw signature. USMLE
is dominated by cue-giving flaws, XES3G5M by confusion-
inducing flaws, and DBE-KT22 by structural complexity.
This heterogeneity suggests that treating IWFs as a single
aggregate construct risks obscuring domain-specific patterns
that may have consequences for examinee performance.

4.2 Item-Writing Flaws and Response Time
Before examining category-level effects, we established the
aggregate association between IWF presence and response
time. Spearman correlations between total IWF count and
mean response time were significant and positive in all three
datasets (Table 5). The OLS slopes translate this associa-
tion into a practical metric of cognitive cost, where each ad-
ditional detected IWF was associated with roughly 5-16 ad-
ditional seconds of response time depending on the dataset.
That this association holds across all three domains, despite
differences in item format, examinee population, and abso-
lute response time scales, establishes a consistent baseline
that flawed items take longer to answer. This motivates the
subsequent category-level analysis to determine whether this



Table 5: Aggregate association between flaw count and re-
sponse time. Spearman ρ and OLS slope with 95% CI, all
with p < .001.

DBE-KT22 USMLE XES3G5M

ρ 0.306 0.139 0.214
sec/flaw +10.45 +4.86 +16.20
95% CI [6.14, 14.76] [1.89, 7.82] [5.54, 26.86]

aggregate signal reflects a uniform contribution from all flaw
types or is driven by a specific subset of them.

Within-dataset regression models predicting log(RT) from
flaw-category indicators and structural controls revealed a
clear asymmetry among flaw categories (Table 6). All mod-
els control for z-scored stem length, number of options, and
z-scored mean option length, with USMLE estimated via
OLS and XES3G5M and DBE-KT22 via WLS (

√
n weights).

Additionally, all use HC3-robust standard errors and coeffi-
cients are reported as percent change in RT (%∆ = 100 ×
(exp(β) − 1)). Confusion-inducing flaws were the only cat-
egory to significantly increase RT, doing so in all three do-
mains (+14-29%, all p < .05). A dose-response sensitivity
analysis using IWF counts rather than binary indicators con-
firmed these patterns with the confusion count significant
in all three domains (p = .003, .010, < .001). Cue-giving
flaws showed no significant effect on RT in any dataset (all
p > .15), with coefficients that were positive rather than
negative, contrary to the a priori prediction that cue-bearing
items would be answered faster. Structural complexity flaws
were also non-significant everywhere (all p > .52).

A mutual exclusion grouping reinforced these findings as
items with only confusion flaws took 16.5-27.0% longer than
items free of IWFs. MCQs containing both cue-giving and
confusion flaws showed nearly identical RT to the confusion-
only group (∆ < 2%, both p > .88 in USMLE and DBE-
KT22), indicating that the confusion component drives the
effect. These results held across multiple robustness checks
that included median RT (confusion significant in XES3G5M
and DBE-KT22), unweighted models (all conclusions un-
changed), exclusion of low-n items at thresholds of n ≥ 30
and n ≥ 50 (confusion p = .009 in both), and variance infla-
tion factors below conventional thresholds (all VIFs < 1.5).

The pooled model with IWF-category-by-domain interac-
tions (R2 = 0.146, N = 1,230) provided a direct test of
cross-domain consistency for IWFs increasing RT. The main
effect of confusion-inducing flaws was significant (β = +0.516,
SE = 0.169, p = .002), while the joint Wald test for all six
interaction terms was non-significant (F (6, 1215) = 0.956,
p = .454). Per-category interaction tests were also non-
significant (cue × domain: p = .853, confusion × domain:
p = .167, and structural × domain: p = .275). This pat-
tern of a significant main effect with non-significant inter-
actions supports the interpretation that confusion-inducing
flaws impose a processing cost that replicates across these
three heterogeneous assessment settings. We found 83-100%
of estimable confusion-inducing flaws showed positive RT co-
efficients across datasets, while most cue-giving flaws did not
show the predicted negative direction (20-60% alignment).

Table 6: Flaw category effects on log(RT) from within-dataset
regressions, reported as percent change in RT.

Cue-giving Confusion Structural
Dataset %∆ (p) %∆ (p) %∆ (p)

USMLE
(N = 653) +3.7% (.151) +14.0% (.016*) −2.3% (.590)
XES3G5M
(N = 365) +15.0% (.233) +29.4% (.005**) +7.1% (.524)
DBE-KT22
(N = 212) +8.1% (.295) +18.9% (.040*) −3.3% (.676)

4.3 Response Time Mediation of the
Flaw-Difficulty Relationship

The aggregate flaw-RT association did not extend to a di-
rect flaw-difficulty link. Spearman correlations between to-
tal IWF count and difficulty were non-significant in USMLE
and XES3G5M, with only DBE-KT22 showing a reliable
association (ρ = 0.331, p < .001). Meanwhile, the RT-
difficulty link varied sharply across datasets, as it was strong
in USMLE (ρ = 0.525, p < .001), moderate in DBE-KT22
(ρ = 0.245, p < .001), and near-zero in XES3G5M (ρ =
0.060, p = .250). Total effects of IWFs on difficulty, the di-
rect association without accounting for RT, were non-signifi-
cant in both datasets, for both the aggregate indicator and
all three category-specific indicators (all p > .18). With
flaws reliably increasing RT, but rarely associating directly
with difficulty, mediation analysis is needed to test whether
the flaw signal transmits through response time even when
the direct path is negligible.

Formal mediation was conducted on USMLE and XES3G5M,
which have continuous difficulty measures (Figure 3). Using
5,000 bootstrap iterations with bias-corrected confidence in-
tervals, the aggregate indirect effect was modest in USMLE
(+0.093) and non-significant in XES3G5M (+0.019). Cat-
egorizing by cognitive function revealed that the USMLE
aggregate was driven almost entirely by the confusion path-
way, as the confusion-inducing indirect effect (+0.231) was
the only category to reach significance and was 2.5 times the
aggregate magnitude. Cue-giving (+0.064) and structural
(−0.040) indirect effects were non-significant. In XES3G5M,
all category-specific indirect effects were non-significant, con-
sistent with the weak RT-difficulty link in that dataset. The
USMLE results also exhibited a suppression pattern as the
positive indirect effect through RT coexisted with a near-
zero total effect (total effect = −0.024) because the direct ef-
fect was negative (direct effect = −0.243 for confusion). This
specifically indicates that the indirect and direct paths op-
erate in opposing directions. The pooled model (N = 1, 018,
USMLE + XES3G5M with domain fixed effects) strength-
ened these findings. Both confusion (+0.117) and cue-giving
(+0.051) indirect effects reached significance, with confusion
roughly 2.3 times the cue-giving effect. Domain interaction
terms were non-significant on both the flaw-to-RT and flaw-
to-difficulty equations (both p > .41), supporting domain-
general mediation.

In DBE-KT22 (N = 212), where difficulty is an instructor-
assigned ordinal label, formal mediation is not applicable.
Instead we tested whether adding RT to an ordinal logistic
regression attenuated flaw-difficulty associations. Without
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Figure 3: Bootstrap indirect effects (point estimates with 95%
bias-corrected CIs) for the flaw category → RT → difficulty
mediation pathway. All models control for stem length, op-
tion length, and number of options.

RT, both confusion (β = +1.418, p < .001) and struc-
tural (β = +1.536, p < .001) flaws predicted higher diffi-
culty ratings. Adding log(RT) improved model fit (LR χ2 =
12.85, p = .0003) and attenuated the confusion coefficient
by 10.3%, consistent with partial mediation through RT.
Structural flaw coefficients showed no attenuation, suggest-
ing their link to instructor-judged difficulty operates through
other channels.

5. DISCUSSION
This study set out to test whether the inconsistent relation-
ships between item-writing flaws with response time and dif-
ficulty reported in prior work [41, 46, 49, 39] reflect a mea-
surement problem rather than a null effect. Across 1,230
items from three assessment domains we found that IWF
profiles differ qualitatively, with each exhibiting a distinct
signature rather than simply more or fewer flaws. When
these flaws are categorized by their expected cognitive func-
tion, confusion-inducing flaws emerge as the sole category
that imposes measurable processing cost, increasing response
time by 14-29% across all three domains with no significant
domain interactions. This processing cost transmits to diffi-
culty where the RT-difficulty link is strong. In the medical
MCQ dataset from the USMLE, the confusion-mediated in-
direct effect is 2.5 times the aggregate and the pooled model
confirms confusion as the dominant pathway. The aggre-
gate flaw-difficulty relationship is weak not because flaws
do not matter, but because lumping cue-giving, confusion-
inducing, and structural flaws into a single count dilutes the
one category that carries the signal.

The domain specific IWF profiles are interpretable in light
of each assessment’s development context. USMLE’s low
flaw rate and cue-giving dominance is consistent with a pro-
fessionally developed high-stakes exam where item writers
follow established guidelines, but occasionally allow subtler
cue-giving flaws (word repeats, logical cues) to persist [5].
DBE-KT22’s saturation with structural complexity and con-

fusion inducing flaws reflects the reality of instructor-authored
items in a university CS course, where formal item-writing
training is likely minimal [18]. XES3G5M’s distinctive con-
fusion profile, 39% of items flagged, driven by ambiguous
stems and unfocused questions, may reflect the particular
challenge of writing unambiguous items for younger learn-
ers in mathematics [27]. These domain specific signatures
matter because they determine which category level effects
will dominate in any given assessment context. A medical
MCQ with one cue-giving flaw and a computer science MCQ
with one confusion flaw both register identically under an
aggregate count. However, our results show they carry fun-
damentally different cognitive consequences. Treating flaws
as a monolithic construct, as prior work has largely done,
obscures this heterogeneity and motivates the category-level
analyses we conducted.

Our central finding is that confusion-inducing IWFs (am-
biguous or unclear information, unfocused stems, gratuitous
details, lost sequencing, and negative wording) are the ac-
tive ingredient behind the aggregate flaw-RT association.
Adding 5 to 16 additional seconds per IWF is carried en-
tirely by the confusion-inducing category. Cue-giving flaws
did not reduce RT in any dataset, contrary to the prediction
from cognitive load theory and the IWF literature that they
should speed responses by signaling the correct answer [56,
20]. Several explanations may account for this null result.
SAQUET may detect structural patterns such as word over-
lap or length asymmetry that do not function as usable cues
for examinees under time pressure. Cue-giving flaws may
also co-occur with item properties that increase complexity,
such as longer stems or more technical language, offsetting
any facilitation. Alternatively, the cueing effect may operate
on accuracy rather than speed, where examinees who would
otherwise guess may benefit from the cue but not necessar-
ily arrive at the answer faster [45]. This may be particu-
larly if recognizing and exploiting the cue requires its own
processing effort. Regardless of the cue-giving null, the con-
fusion effect itself is robust across domains. Non-significant
interaction terms (Wald p = .454) indicate that confusion-
inducing flaws impose a comparable relative processing cost
across these three datasets. However, since each domain is
represented by a single dataset, we cannot disentangle do-
main from these co-varying factors. This consistency of the
effect across such heterogeneous contexts is consistent with a
construct-irrelevant processing burden, extraneous process-
ing load in the language of cognitive load theory [44], that
is independent of the domain knowledge being assessed.

The mediation results complete the chain from IWF pres-
ence through processing time to operational difficulty, while
also revealing an informative boundary condition. In USMLE,
where RT and difficulty are strongly linked (ρ = .525), the
confusion-inducing indirect effect was 2.5 times the aggre-
gate, revealing a mediation pathway that aggregation di-
lutes. In XES3G5M, confusion flaws still increased RT, but
RT did not associate with difficulty (ρ = .060) and medi-
ation was accordingly null. This divergence is informative
rather than problematic as it suggests that what “difficulty”
captures varies across assessment contexts. In USMLE, diffi-
culty tracks closely with processing time where harder items
take longer. In XES3G5M, difficulty may instead reflect
conceptual barriers, such as misunderstanding the underly-



ing mathematics, that do not manifest as additional pro-
cessing time. A student who lacks the requisite knowledge
may answer quickly and incorrectly, producing high diffi-
culty without elevated RT. This dataset dependence helps
explain why prior work treating flaws in aggregate across
single datasets has found weak or null flaw–difficulty rela-
tionships [41, 46]. Those studies conflated flaw types with
different (or null) indirect effects and did not account for
variation in how strongly aspects like RT track to difficulty.
DBE-KT22 provides corroborative evidence from a third op-
erationalization of difficulty. The confusion coefficients at-
tenuated 10.3% when RT was added to an ordinal logistic
model of instructor-assigned difficulty ratings, while struc-
tural flaw coefficients showed no attenuation. The differen-
tial attenuation pattern reinforces the category distinction
where confusion flaws operate partly through response time
and structural flaws reach difficulty through other channels.
This may be through visible format features that instructors
associate with complexity when assigning ratings. Together,
these results indicate that categorization by cognitive func-
tion can help provide insight into the mechanism through
which IWFs affect examinee performance.

There are interpretive caveats related to resposne time, as
longer resposne time can reflect productive engagement, ex-
traneous load, or sources unrelated to either. This makes
it challenging to directly observe cognitive load at the item
level. In this work, we treat the additional 14–29% response
time under confusion-inducing flaws as cognitive cost be-
cause the flaws are by construction construct-irrelevant, but
this is an inference from design rather than direct measure-
ment. Additionally, the association of response time trans-
lating to performance harm depends on assessment context.
In timed high-stakes tests, examinee time is bounded and
per-item delays compound into real consequences for com-
pletion. In low-stakes practice the throughput cost is less
acute, and the primary harm of confusion-inducing flaws
may be to the construct validity rather than to performance
directly. The XES3G5M boundary case, where confusion
flaws increased RT but RT did not associate with difficulty,
is consistent with this distinction.

The practical implication is that item quality improvement
efforts should prioritize confusion-inducing flaws that cre-
ate ambiguity, unfocused stems, and gratuitous information
because these are the flaws that impose measurable cogni-
tive cost on examinees. Cue-giving flaws remain a concern
for validity if they inflate scores, and structural flaws may
matter for format standardization, but neither category af-
fects response time in our data. Because the confusion effect
is domain general, this recommendation does not require
adaptation for specific domains. The guidance to eliminate
ambiguity and sharpen stem focus applies equally to med-
ical licensure exams, K-12 math assessments, and univer-
sity CS courses. For automated detection tools like SA-
QUET [35] or related ones [16], these findings suggest that
not all flags deserve equal weight. A confusion-inducing IWF
should trigger revision priority over a cue-giving flag when
the goal is reducing construct-irrelevant cognitive load and
saving examinee time. More broadly, the results argue for
moving beyond binary “flawed or not” classifications toward
taxonomies that distinguish flaws by their cognitive conse-
quences. This approach may prove fruitful for both item

quality assurance and for understanding how assessment de-
sign shapes examinee behavior. The 5-16 additional seconds
per flaw documented in our analysis is a real cost, but at-
tributing it equally to all IWFs misidentifies the source and
therefore misdirects the remedy.

6. LIMITATIONS AND FUTURE WORK
Several design constraints temper the conclusions drawn here.
All analyses operate at the item level using mean response
times aggregated across respondents, which precludes exam-
ining within-person effects or distinguishing processing pat-
terns, such as fast-correct versus slow-incorrect responses.
The flaw indicators themselves are structural pattern matches
produced by an automated detector, not ground-truth judg-
ments of cognitive disruption. This distinction may partly
account for the cue-giving null, if SAQUET flags formal pat-
terns (e.g. word overlap) that do not function as usable
cues under real testing conditions. DBE-KT22’s small zero-
flaw baseline (n = 14) increases estimator variance for that
dataset, though the regression framework does not require
a large joint-zero group in the same way ANOVA would.
USMLE lacks median response time data, so the median-RT
robustness check could not be applied to the dataset with the
strongest mediation finding. While the three datasets used
spanned unique domains, they also varied in examinee pop-
ulation, authoring practices, and more, which also attribute
to the observed differences. Finally, although we use the lan-
guage of mediation throughout, the design is observational
and cross-sectional at the item level. These indirect effects
should be interpreted as associational pathways rather than
confirmed causal chains.

Student-level analysis with individual response times would
permit testing whether confusion-inducing flaws impose uni-
form processing costs or disproportionately burden lower-
ability examinees, a question the item-level design cannot
address. Examining whether cue-giving flaws affect accu-
racy rather than speed would test the alternative interpre-
tation that cueing operates on correctness without reducing
response time. The taxonomy could also be applied to AI-
generated items to determine whether large language mod-
els produce different flaw signatures than human item writ-
ers, a question of growing practical relevance as automated
item generation scales. More broadly, the RT-based screen-
ing approach demonstrated here could be formalized into a
practical quality assurance tool with decision thresholds that
weight confusion flags above other flaw types, moving from
the associational evidence presented in this study toward an
actionable pre-deployment diagnostic.

7. CONCLUSION
Across 1,230 multiple-choice questions from three assess-
ment domains, we show that weak or inconsistent relation-
ships between item-writing flaws and item outcomes are of-
ten a measurement consequence of aggregation, not evidence
that flaws are inconsequential. By introducing a cognitive-
function taxonomy that separates cue-giving, confusion-ind-
ucing, and structural-complexity flaws, we reveal that dif-
ferent flaw types operate through distinct mechanisms, so
collapsing them into a single flaw count can mask real ef-
fects. In particular, confusion-inducing flaws are the pri-
mary driver of processing burden, increasing mean response
time by 14-29% across domains, an effect that held across



all three domains without significant moderation. When dif-
ficulty covaries with response time, the added time burden
from confusion-inducing flaws is consistent with an indirect
pathway to higher operational difficulty via response time.
In the USMLE dataset, this indirect effect is 2.5× larger
than the indirect effect based on the aggregate flaw count.
For assessment practice, the implication is that not all IWFs
deserve equal attention. Automated evaluation tools become
more useful when they prioritize confusion-related issues,
such as gratuitous information, that reliably add time due to
wording rather than the target skill. As AI-generated assess-
ment content scales, the taxonomy introduced here provides
a cognitively grounded framework for quality assurance that
moves beyond simply flagging flaws, to prioritizing the ones
that impose measurable time costs on examinees and distort
what assessments measure.
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