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Abstract
Background

Clinical competence is content-, context- and task-specific, yet national medical examinations usually report a
single score. We used cognitive diagnostic modelling to compare attribute frameworks reflecting these views
(clinical tasks, content areas, care settings and patient features) in the first edition of Brazil’s national
examination of final-year medical students (ENAMED, 2025), and to examine what the raw score reveals about
attribute mastery.

Methods

Cross-sectional psychometric analysis of public microdata from 39,256 final-year medical students who
answered 90 multiple-choice items (two booklets aligned to a common item order). Ten Q-matrices representing
four axes (clinical tasks, content areas, care settings and patient features, in original and revised versions) were
fitted with the saturated G-DINA model. We compared absolute fit (RMSEA,, SRMSR), relative fit (BIC) and
classification accuracy; estimated attribute prevalence, mastery profiles and latent correlations; and used receiver
operating characteristic (ROC) analysis to relate raw scores to full mastery.

Results

All specifications showed close absolute fit (RMSEA, 0.011-0.013; SRMSR 0.022-0.027), but the clinical-task Q-
matrix had clearly the best relative fit (BIC 3,744,145 versus 3,755,939-3,767,002 for the other axes). The five
tasks were distinct but positively correlated (r = 0.03-0.71); diagnostic-test reasoning was the least mastered
task (35.4%) and the one missing in two-thirds of examinees who mastered exactly four tasks. Content areas
behaved largely as a single clinical competence (inter-area r = 0.72-0.80), except mental health and public health,
which formed a separate pair. Among care settings, only community and territory emerged as distinct. Patient
age and sex did not define distinct competences, whereas sexual and reproductive health and social
determinants of health formed largely independent dimensions. Revisions based on item rereadings improved
relative fit. Raw scores identified full mastery accurately (area under the ROC curve 0.965-0.990; Youden-optimal
cut scores 58-63 of 90) but could not indicate which attribute an examinee lacked.

Conclusions

In this national examination, a clinical-task framework yields the most informative diagnostic description of
performance. Reporting attribute profiles by clinical task, alongside the overall result, could give students and
medical schools actionable feedback, particularly on diagnostic-test reasoning.

Background

Large-scale licensing and graduation examinations occupy a central place in the regulation of medical education,
yet their contribution to learning depends on what they report back to students and schools [1, 2]. In 2025, Brazil
introduced a national examination of graduating medical students, the Exame Nacional de Avaliagdo da Formagéo
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Médica (National Examination for the Assessment of Medical Training, ENAMED) [3, 4]. As of the date of
submission of this manuscript, ENAMED is not a licensing examination, since registration to practise does not
depend on its result, but it is national in scope and consequential. It is the medical modality of the National
Student Performance Examination (Enade), taken by the final-year students of every medical school; its results
are used to calculate an official quality indicator for each school; and it also serves as the objective test for direct-
entry residency selection [4]. Its 100 multiple-choice items are written against a common reference matrix aligned
with the national curricular guidelines, which organise medical training around internal medicine, surgery,
paediatrics, obstetrics and gynaecology, family and community medicine, public health and mental health [4, 5].
As in most examinations of this kind, individual results are reported as a single proficiency score, estimated with
item response theory and interpreted against a standard set with a modified Angoff procedure, supplemented by
counts of correct answers in five broad areas [4].

A single score supports pass/fail and accountability decisions, but it says little about which capabilities an
examinee has or lacks. Two examinees with the same score may have very different strengths, and area
subscores often add little information beyond the total score when areas are highly correlated [6, 7].
Contemporary views of assessment emphasise that the meaning and use of scores, rather than the instrument
itself, must be validated, and that assessment should feed learning as well as certification [8-10].

Cognitive diagnostic models (CDMs), also called diagnostic classification models, address this gap by classifying
each examinee as master or non-master of a set of discrete attributes, using a Q-matrix that specifies which
attributes each item requires [11, 12]. CDMs have been advocated for health professions education because they
turn existing examinations into sources of fine-grained feedback [13], and they have been applied to medical
licensing and subject examinations, typically with content domains as attributes [14, 15], and to competency-
based situational judgement tests [16]. Their usefulness, however, hinges on the Q-matrix: misspecified or poorly
chosen attributes degrade parameter estimates and classification accuracy [17], and many published
applications use a single, retrofitted Q-matrix without examining alternatives [18].

Choosing the attributes of a CDM is therefore a theoretical decision as much as a technical one, and current
understanding of clinical competence offers several candidates. One of the most robust findings in medical
education is that performance is specific rather than general: how well a clinician handles one problem predicts
only modestly how well they handle another. First described as content specificity in studies of medical problem
solving [19], this phenomenon is the main reason why assessments of clinical competence require broad
sampling across cases [20-22]. Generalisability studies of performance assessments, in medicine and
elsewhere, have identified the interaction between examinee and task as one of the largest sources of score
variation [23, 24]. Situativity theories, which include situated cognition and situated learning, as well as distributed
and embodied cognition, go further by locating competence in the interaction among the clinician, the patient,
and the environment rather than in the individual alone [25—-28]. From this perspective, the setting of an encounter
and the characteristics of the patient are contextual factors that can shape clinical reasoning [29-31], and
competence is better understood as context-dependent than as a stable possession of the individual [32]. Clinical
competence is thus content-, context-, and task-specific.

Each of these perspectives suggests a different way of describing what a clinical vignette item measures: by its
content area, by the care setting in which it is placed, by the characteristics of the patient it describes, or by the
clinical task it demands (for example, recognising a syndrome or managing an emergency). Expressed as Q-

matrices, these descriptions become competing measurement models whose fit to the same responses can be
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compared. They also imply different diagnostic stories, and they matter for the design of feedback, for curriculum
review and for equity monitoring. Whether such frameworks are equally supported by examinee responses is an
empirical question that, to our knowledge, has not been examined for a national medical examination.

This study therefore applied the G-DINA model to the complete public response data from ENAMED 2025, using
ten Q-matrices representing four attribute axes. We aimed to (1) compare the fit and classification quality of
clinical-task, content-area, care-setting and patient-feature Q-matrices; (2) describe attribute prevalence, mastery
profiles and latent attribute associations under the best-supported specification of each axis; (3) evaluate
whether revisions of the Q-matrices grounded in item reading improved the models; and (4) examine how well the
raw score identifles examinees who master all attributes and what it fails to reveal.

Methods
Design, setting and data

This was a cross-sectional psychometric secondary analysis of the public microdata of ENAMED 2025 released
by the Brazilian National Institute for Educational Studies and Research Anisio Teixeira (INEP) [4]. The
examination was administered on 19 October 2025 in 225 municipalities and consisted of 100 four-option
multiple-choice items [4]. We analysed the scored (0/1) responses of final-year undergraduate medical students
assessed under the ENADE component of the examination; graduates sitting ENAMED only for residency
selection are released in separate files and were not included. The microdata exclude courses with fewer than
two valid examinees and contain no directly identifying information [4].

Ten of the 100 items were not used: seven items were annulled by INEP and three were withdrawn from
calibration because of non-positive biserial correlations, as documented in the item-parameter file of the
microdata. The remaining 90 items were analysed. All items were also read in full by the research team from the
published booklet.

Alignment of the two test booklets

The examination was administered in two booklets, each containing the same items in a different order.
Responses from booklet 2 were re-ordered into the booklet-1 sequence using the item correspondence table
supplied by INEP (booklet-1 and booklet-2 item numbers). The correspondence was verified independently by
matching the full text of all 100 item stems across the two booklets, which produced a one-to-one pairing
identical to INEP's table. Because booklets are distributed at random, item difficulty should be equivalent across
them; after alignment, item proportions correct correlated at r = 0.996 between booklets, and mean scores were
55.7 (booklet 1,n =19,670) and 55.8 (booklet 2, n = 19,586). As a further check, we compared the prevalence of
each attribute between booklets under every fitted model.

Attribute axes and Q-matrices

Four attribute axes were defined to represent task specificity (clinical tasks), content specificity (content areas)
and context specificity (care settings and patient features), each represented by a Q-matrix in which an entry of 1
indicates that the attribute is required to answer the item correctly (Table 1; complete matrices in Additional file
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1). The matrices were developed by the authors through a full reading of each item stem and its options, and
received final review by the senior authors, with disagreements resolved through discussion. The clinical-task axis
comprised five attributes describing what the item asks the examinee to do: syndromic recognition (SR),
diagnostic-test reasoning (DTR), emergency and urgent care management (EUM), outpatient therapeutic planning
(OTP) and population-health action (PHA). This matrix had been developed and refined in previous analyses by
the senior author; 57 of the 90 items required two or three tasks.

The content-area axis was first coded with nine single-attribute groupings (seven areas plus two small residual
groupings). The revised version adopted the seven areas of the ENAMED reference matrix (internal medicine,
surgery, obstetrics and gynaecology, paediatrics, family and community medicine, mental health and public
health) [3, 4]. Item reading led to the reassignment of the principal area of 28 items (for example, epidural
haematoma and complicated diverticulitis from paediatrics to surgery), seven of which had belonged to the
residual groupings. Because mental health and public health are defined as interdisciplinary, one of these was
added as a second attribute in 17 items; one additional item was coded for both obstetrics and gynaecology and
for family and community medicine, resulting in 18 multi-attribute items.

The care-setting axis was initially coded into nine settings (primary care, specialised outpatient care, emergency
care, prehospital care, hospital ward, intensive care, obstetric unit, operating theatre, and community/territory).
Because prehospital care, intensive care and the operating theatre were represented by only two to four items
each, the revised version merged prehospital into emergency care and ward, intensive care and operating theatre
into hospital care, yielding six settings; one item set in an obstetric emergency department additionally received
the emergency-care attribute.

The patient-feature axis was coded with 25 descriptors of the patient or population in each vignette, covering life
stage, sex and gender identity, sociodemographic characteristics, conditions of vulnerability, sexual and
reproductive health, and items without an individual patient. A saturated model with 25 attributes would require
more than 33 million latent classes, and several descriptors appeared in only one to three items, so four
theoretically motivated specifications were derived: life cycle (five attributes), detailed life cycle (eight), sex or
gender (three) and an integrated matrix (seven) that added sexual and reproductive health (SRH) and social
determinants of health and vulnerability (SDV) to the life-stage and collective attributes. In the life-cycle and
integrated specifications, childhood, adolescence, adulthood, and older age are referred to as life stages, and
items without an individual patient are grouped into a separate collective attribute (seven items). Adulthood was
assigned to two vignettes of pregnant women whose age was not stated, and two items without an individual
patient that had not been coded as collective (a prison scabies outbreak and care for riverside and Indigenous
communities) were added to that attribute.
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Table 1
Attribute axes and Q-matrix specifications analysed

Axis / K Attributes (number of items) Multi-attribute
specification items

Clinical tasks

Tasks, original 5 SR (55),DTR (29), EUM (21), OTP (34), PHA (21) 57
Tasks, revised 5 SR (55),DTR (32), EUM (21), OTP (34), PHA (21) 57
Content areas

Content, original 9 IM (15), SUR (9), PED (18), 0BG (15), FCM (10), PH (9), MH (7), 0
residual 1 (3), residual 2 (4)

Content, revised 7 I(M §1 8), SUR (11), 0BG (16), PED (17), FCM (21), MH (8), PH 18
17

Care settings

Settings, original 9 PC (46), SOC (21), EC (16), PHC (2), WARD (5), ICU (4), OC (5), 24
0T (3),CT (12)

Settings, revised 6 PC(46), SOC (21),EC (19), HC (12), OC (5), CT (12) 25

Patient features

D1 Life cycle 5  CHI(10), ADO (9), ADU (55), OLD (9), COL (7) 0
D2 Detailed life 8  NEO (3), INF (3), CHD (4), ADO (9), YAD (36), MAD (19), OLD (9), 0
cycle COL (7)

D3 Sex or gender 3  FEM (40), MAL (32), OTH (18) 0
D4 Integrated 7 g;n (10), ADO (9), ADU (55), OLD (9), SRH (15), SDV (23),COL 34

K, number of attributes. Numbers in parentheses are the number of items requiring each attribute (90 items in
all). Multi-attribute items require more than one attribute. In the original content matrix, the two residual
groupings (3 and 4 items) were not named areas. CHI, childhood (neonate, infant and child); ADO, adolescence;
ADU, adulthood; OLD, older adults; COL, collective (no individual patient). Clinical tasks: SR, syndromic
recognition; DTR, diagnostic-test reasoning; EUM, emergency and urgent care management; OTP, outpatient
therapeutic planning; PHA, population-health action. Content areas: IM, internal medicine; SUR, surgery; OBG,
obstetrics and gynaecology; PED, paediatrics; FCM, family and community medicine; MH, mental health; PH,
public health. Care settings: PC, primary care; SOC, specialised outpatient care; EC, emergency care; PHC,
prehospital care; WARD, hospital ward; ICU, intensive care; OC, obstetric care; OT, operating theatre; HC, hospital
care (WARD +ICU + OT); CT, community and territory. Patient features: NEO, neonate; INF, infant; CHD, child; YAD,
young adult; MAD, middle-aged adult; FEM, female; MAL, male; OTH, sex not stated, gender-diverse or collective;
SRH, sexual and reproductive health; SDV, social determinants of health and vulnerability.

Cognitive diagnostic modelling
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Each Q-matrix was fitted with the generalised deterministic inputs, noisy “and” gate (G-DINA) model [33], which
allows each combination of the attributes required by an item to have its own success probability and nests the
more restrictive DINA model. The joint attribute distribution was left saturated, so that associations among
attributes were estimated freely. Parameters were estimated by marginal maximum likelihood with the
expectation—maximisation algorithm, with monotonicity constraints, using the GDINA package (version 2.13.2)
[34] in R (version 4.3.3) [35].

Absolute fit was assessed with the limited-information M, statistic, its root mean square error of approximation
(RMSEA,) and the standardised root mean square residual (SRMSR) [36, 37]; with almost 40,000 examinees, the
M, test itself was expected to reject any model, so RMSEA, and SRMSR were interpreted as effect sizes. Item-
level fit was examined through the standardised difference between observed and predicted proportions correct
and through residual correlations and log-odds ratios for item pairs, with adjustment for multiple comparisons
[38]. Relative fit across Q-matrices was compared with the Bayesian information criterion (BIC); because all
models were fitted to the same responses, BIC differences indicate which attribute structure accounts for the
data more parsimoniously. For Q-matrices containing multi-attribute items, G-DINA was compared with DINA,; for
single-attribute matrices, the two models have identical item response functions.

Examinees were classified as masters of an attribute when its marginal posterior probability was 0.5 or higher,
and attribute profiles were formed from these classifications. Classification accuracy at the pattern and attribute
levels was estimated using the indices implemented in GDINA [39, 40]. Latent associations between attributes
were expressed as phi coefficients computed from the estimated joint attribute distribution.

Q-matrix validation

Empirical Q-matrix validation used the proportion of variance accounted for (PVAF) method with the default cut-
off of 0.95 [41]. Because this cut-off is known to favour over-specified g-vectors and to suggest changes that are
not substantively plausible, particularly in large samples [42], PVAF suggestions were treated as auxiliary
information. Revisions were accepted only when the presence of the attribute was supported by the content of
the item.

Raw score and full mastery

For each specification, the raw score (number correct, 0-90) was examined as a predictor of full mastery
(classification as master of all attributes) using receiver operating characteristic (ROC) analysis with the pROC
package [43]; 95% confidence intervals for the area under the curve (AUC) used DelLong’s method [44]. For every
integer cut score from 30 to 85 we computed sensitivity, specificity and overall accuracy, and identified the cut
scores that maximised Youden'’s index [45] and accuracy. These cut scores describe the correspondence between
the two scoring approaches and are not proposed as standards for the examination. Score distributions were
also compared across the number of attributes mastered. Detailed results for every specification are provided in
Additional file 2, the analysis code in Additional file 3 and the aligned response matrix analysed in this study
(booklet-2 responses re-ordered into the booklet-1 item sequence) in Additional file 4.

Ethical considerations
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The study used only public, de-identified secondary data. Under Brazilian regulations, research using publicly
accessible or public-domain information is not subject to registration or review by the research ethics committee
system [46].

Results

Examinees and items

The analysis included 39,256 examinees. The mean raw score was 55.7 of 90 (SD 10.9; median 56; range 0-88),
and Kuder—Richardson 20 reliability was 0.87. [tem proportions correct ranged from 0.10 to 0.96 (mean 0.62),
and corrected item—total correlations from 0.00 to 0.50 (median 0.26).

Comparison of Q-matrices

Table 2 summarises the ten specifications, and detailed results for each are given in Additional file 2. Absolute fit
was close for all of them (RMSEA, 0.011-0.013; SRMSR 0.022-0.027). Every model reproduced the observed
proportion correct of all 90 items, but residual correlations for some item pairs remained statistically significant
for every item in every model (median of the largest absolute residual z per item 12.2-13.3 across the selected
models), indicating residual local dependence. Relative fit discriminated sharply between axes: the clinical-task
matrices had the lowest BIC (3,743,972 revised; 3,744,145 original), followed at a distance of more than 11,000
points by the integrated patient-feature matrix (3,755,939) and by the revised care-setting (3,759,650) and
content-area (3,759,951) matrices. Within each axis, revisions grounded in item reading improved relative fit while
reducing or modestly changing the number of parameters. For every Q-matrix with multi-attribute items, G-DINA
fitted better than DINA. Attribute prevalences differed by at most 1.8 percentage points between booklets in any
model. Because revising the task matrix improved fit only slightly and left all findings unchanged, results below
are reported for the original, pre-specified task matrix and for the revised content and setting matrices and the
integrated patient-feature matrix.
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Table 2
Fit and classification accuracy of the ten Q-matrix specifications (G-DINA, saturated attribute distribution)

Specification K Npar BIC ABIC RMSEA, SRMSR CApattern DINABIC PVAF

[attributes] (%)
Tasks, 5 377 3744145 173 0.012 0.023 0.67 3762783 10.9
original [0.83-

0.91]
Tasks, 5 389 3743972 O 0.011 0.022 0.66 3763109 12.0
revised [0.82-

0.91]
Content, 9 691 3765858 21886 0.012 0.027 0.76 - 7.0
original [0.87-

0.93]
Content, 7 343 3759951 15979 0.012 0.026 0.70 3762735 7.3
revised [0.85-

0.93]
Settings, 9 739 3762618 18646 0.011 0.026 0.38 3768348 9.1
original [0.67-

0.94]
Settings, 6 293 3759650 15678 0.012 0.026 0.62 3765281 10.7
revised [0.77-

0.94]
D1 Life cycle 5 211 3767002 23030 0.013 0.026 E).81 - 3.3

0.87-

0.96]
D2 Detailed 8 435 3766668 22696 0.012 0.027 0.68 - 4.7
life cycle [0.82-

0.95]
D3 Sex or 3 187 3766675 22703 0.013 0.026 0.88 - 5.2
gender [0.92-

0.96]
D4 7 391 3755939 11966 0.012 0.025 0.46 3766818 7.8
Integrated [0.72-

0.96]

Npar, number of estimated parameters; ABIC, difference from the lowest BIC; RMSEA,, root mean square error of
approximation of M,; SRMSR, standardised root mean square residual; CA, classification accuracy for the
complete attribute pattern and, in brackets, the range across attributes; DINA BIC is reported only for matrices
with multi-attribute items (for single-attribute matrices DINA and G-DINA are equivalent); PVAF, percentage of Q-
matrix cells for which the PVAF method (cut-off 0.95) suggested a change. Lowest BIC in bold.

Clinical tasks

Mastery prevalence ranged from 35.4% for diagnostic-test reasoning to 50.1% for population-health action

(Fig. TA). Pattern-level classification accuracy was 0.67, and attribute-level accuracy ranged from 0.83 (DTR) to
0.91 (SR). Thirty of the 32 possible profiles were observed; the most frequent were non-mastery of all tasks
(32.2%), mastery of all tasks (19.6%), and mastery of all tasks except DTR (9.8%) (Table 3). Of the 5,819
examinees (14.8%) who mastered exactly four tasks, 3,841 (66.0%) lacked DTR and 1,948 (33.5%) lacked SR. The
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tasks were positively but heterogeneously associated (Fig. 2A): the strongest correlations linked SR with PHA
(0.71) and DTR, EUM and OTP with one another (0.57-0.67), whereas SR and DTR were almost unrelated (0.03).
PVAF suggested changes in 10.9% of the cells, many of them implausible (for example, adding SR and DTR to an
item on the sensitivity and specificity of a screening test). Item reading supported adding DTR to three items
whose correct answer depended on interpreting laboratory or cytology results; this revision lowered the BIC by
173 points without changing the substantive findings.

Percentage of the 39,256 examinees classified as masters (marginal posterior probability = 0.5) of each attribute
under (A) the clinical-task Q-matrix, (B) the revised content-area Q-matrix, (C) the revised care-setting Q-matrix,
and (D) the integrated patient-feature Q-matrix, all fitted with the saturated G-DINA model. Attribute abbreviations
asin Table 1.

Phi coefficients computed from the estimated joint distribution of the binary attributes for (A) clinical tasks, (B)
content areas (revised), (C) care settings (revised) and (D) patient features (integrated). Blue indicates a positive
and red a negative association. Attribute abbreviations as in Table 1.
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Table 3
Most frequent attribute profiles under the selected specification of each axis

Specification (attribute order) and profile Examinees (%)

Clinical tasks, original (SR-DTR-EUM-OTP-PHA)

00000 32.2
11111 19.6
10111 9.8
10001 7.0
01110 5.9

Content areas, revised (IM-SUR-OBG-PED-FCM-MH-PH)

0000000 37.2
1111111 34.0
0000001 4.8
0000011 4.5
1101011 0.9

Care settings, revised (PC-SOC-EC-HC-0OC-CT)

111111 29.7
000001 23.9
000000 22.4
107000 2.7
111001 2.4

Patient features, integrated (CHI-ADO-ADU-OLD-SRH-SDV-COL)

1111111 26.4
0000110 22.1
0000000 18.3
0000111 6.8
1111101 6.4

Profiles list mastery (1) or non-mastery (0) of each attribute in the order shown in the first column. Percentages
refer to all 39,256 examinees. SR, syndromic recognition; DTR, diagnostic-test reasoning; EUM, emergency and
urgent care management; OTP, outpatient therapeutic planning; PHA, population-health action; IM, internal
medicine; SUR, surgery; OBG, obstetrics and gynaecology; PED, paediatrics; FCM, family and community medicine;
MH, mental health; PH, public health; PC, primary care; SOC, specialised outpatient care; EC, emergency care; HC,
hospital care; OC, obstetric care; CT, community and territory; CHI, childhood; ADO, adolescence; ADU, adulthood;
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OLD, older adults; SRH, sexual and reproductive health; SDV, social determinants of health and vulnerability; COL,
collective.

Content areas

The original nine-attribute content matrix required 691 parameters; its attributes correlated uniformly (0.69-0.79),
and 80.0% of examinees were classified as masters of none (45.8%) or all (34.2%) of the attributes. The revised
seven-area matrix halved the number of parameters (343) and lowered the BIC by 5,907 points. Prevalence was
highest for public health (57.0%) and mental health (50.6%) and lowest for obstetrics and gynaecology (41.8%)
(Fig. 1B). The five clinical areas correlated strongly with one another (0.72-0.80), whereas mental health and
public health formed a pair (0.70) less strongly related to the clinical areas (0.50-0.65) (Fig. 2B). Profiles
remained concentrated at the extremes (none 37.2%, all 34.0%); the most frequent intermediate profiles were
mastery of public health only (4.8%) and of mental health and public health only (4.5%). Attribute-level accuracy
ranged from 0.85 to 0.93.

Care settings

In the original nine-setting matrix, pattern-level accuracy was only 0.38; settings represented by two to four items
were classified with low accuracy (0.67-0.81) and showed implausible prevalences (for example, 72.6% for the
operating theatre). The revised six-setting matrix used 293 instead of 739 parameters, lowered the BIC by 2,968
points and raised pattern-level accuracy to 0.62 (attribute level 0.77-0.94). Community and territory was the most
frequently mastered setting (67.9%) and hospital care the least (33.6%) (Fig. 1C). The five clinical settings
correlated substantially with one another (0.57-0.78), whereas community and territory showed weak
associations with them (0.16-0.38) (Fig. 2C). Accordingly, the second most frequent profile (23.9%) was mastery
of community and territory only, after mastery of all settings (29.7%) and before non-mastery of all (22.4%).

Patient features

The life-cycle, detailed life-cycle and sex or gender specifications fitted almost identically (BIC 3,766,668—
3,767,002). Their attributes were highly correlated (0.84-0.87 among the four life stages and 0.75-0.78 between
these and the collective attribute; 0.83-0.90 for sex or gender; 0.55-0.84 among the seven stages of the detailed
life cycle, the lowest values involving infancy, which was measured by three items), and 81.0% to 91.6% of
examinees fell into the all-or-none profiles. Mastery was similar for vignettes of female (42.5%) and male (43.5%)
patients and across life stages (41.1%—44.4%). The integrated matrix fitted markedly better (BIC 3,755,939). In it,
SRH and SDV were nearly uncorrelated with the four life stages (- 0.06 to 0.23) and moderately correlated with
each other (0.38) (Fig. 2D), and they had the highest prevalences (76.6% and 69.6%) (Fig. 1D). The second most
frequent profile (22.1%) was mastery of SRH and SDV only. Classification accuracy was lower for SRH (0.72) and
SDV (0.81) than for the four life stages (0.88-0.96) and the collective attribute (0.85).

Raw score and full mastery

The proportion of examinees mastering all attributes ranged from 19.2% (revised clinical tasks) to 40.7% (sex or
gender). The raw score discriminated full mastery very well under every specification (AUC 0.965-0.990; Table 4
and Fig. 3A). For the clinical-task matrix, the AUC was 0.979 (95% CI 0.978-0.980); a cut of 63 maximised
Youden'’s index (sensitivity 95.3%, specificity 89.1%) and a cut of 66 maximised accuracy (93.6%) (Fig. 3B).
Optimal cuts were lower for the other axes (58-61), reflecting their higher proportions of full mastery. Raw scores
rose with the number of tasks mastered, but the interquartile ranges of examinees mastering one to four tasks
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overlapped and together spanned only 49 to 65 points (Fig. 4); examinees with the same score could lack
different tasks.

(A) Receiver operating characteristic curves of the raw score (0-90) for identifying examinees classified as
masters of all attributes, under the selected specification of each axis; the inset enlarges the upper-left region.
Areas under the curve (AUC) are shown in the legend. (B) Sensitivity, specificity and accuracy of each raw-score
cut for identifying full mastery of the five clinical tasks; dashed lines mark the cuts that maximise Youden'’s index
(63) and accuracy (66).

Boxes show the interquartile range and median, and whiskers the 5th and 95th percentiles, of the raw score (0-
90) for examinees mastering 0 to 5 of the clinical tasks. The dashed line marks the Youden-optimal cut for full
task mastery (63).

Table 4
Raw score (0-90) as a predictor of full mastery under each Q-matrix specification
Specification FU;I mastery AUC (95% CI) Yc))uden cut (Se/Sp, Ac):curacy cut (Acc,
% % %

Tasks, original 19.6 0.979 (0.978- 63 (95.3/89.1) 66 (93.6)
0.980)

Tasks, revised 19.2 0.979 (0.978- 63 (95.8/88.9) 67 (93.6)
0.980)

Content, original 34.2 0.986 (0.985- 60 (93.7/93.2) 61 (93.7)
0.987)

Content, revised 34.0 0.986 (0.986- 60 (94.2/93.2) 61 (93.9)
0.987)

Settings, original 29.1 0.980 (0.979- 61 (93.8/91.4) 62 (92.7)
0.981)

Settings, revised 29.7 0.980 (0.979- 61 (93.1/91.9) 62 (92.7)
0.981)

D1 Life cycle 39.0 0.987 (0.986- 58 (96.6/91.1) 59 (93.7)
0.987)

D2 Detailed life 34.4 0.984 (0.983- 60 (93.3/93.2) 61 (93.3)

cycle 0.985)

D3 Sex or gender 40.7 0.990 (0.989- 58 (95.8/93.1) 59 (94.3)
0.990)

D4 Integrated 26.4 0.965)(0.963— 61 (93.3/88.2) 63 (90.7)
0.966

Full mastery, proportion of examinees classified as masters of all attributes of the specification. AUC, area under
the receiver operating characteristic curve with DeLong 95% confidence interval. Youden cut, raw-score cut
(score = cut) maximising sensitivity + specificity - 1; accuracy cut, cut maximising the proportion of concordant
classifications.

Discussion
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Fitting ten Q-matrices to the same responses from a complete national cohort showed that the attribute
framework used to read an examination is not a neutral choice. Every specification reproduced the response data
closely in absolute terms, yet the clinical-task framework accounted for the responses far better than frameworks
based on content areas, care settings or patient features. Under that framework, the five tasks were
distinguishable and positively associated, diagnostic-test reasoning emerged as the main gap among graduating
students, and the raw score, while an excellent indicator of overall mastery, could not show which task an
examinee lacked.

Clinical tasks as the most informative axis

The superiority of the task framework is consistent with how clinical vignette items are written: the stem frames a
patient problem, and the question asks for a decision—a diagnosis, a test, an immediate action, a treatment plan,
or a population-level measure. Tasks of this kind resemble the units of professional work on which competency-
based frameworks such as entrustable professional activities are built [47], and they map onto the distinction
between diagnostic and management reasoning in the clinical reasoning literature [48]. The near-zero association
between syndromic recognition and diagnostic-test reasoning suggests that recognising a clinical pattern and
reasoning about which tests to request and how to interpret them are learned separately. That diagnostic-test
reasoning was the least-mastered task and the one most often missing among examinees who mastered every
other task, pointing to a specific, teachable target for curricula and feedback to schools.

Content areas and care settings: one competence with two
exceptions

Content areas and care settings largely behaved as facets of a single clinical competence: most examinees were
classified as masters of all or none of them, and the clinical areas and settings were strongly intercorrelated. This
agrees with psychometric work showing that subscores for highly correlated content areas rarely carry
information beyond the total score [6, 7], and it cautions against over-interpreting area-level results, including the
counts of correct answers per area currently reported for ENAMED [4]. The two exceptions are informative.
Mental health and public health, defined as interdisciplinary areas in the national curriculum [5], formed a
dimension of their own, and the community and territory setting was nearly independent of the clinical settings.
Items on these topics appear to draw on population-oriented knowledge—surveillance, prevention, legislation,
health-system organisation—that is acquired somewhat independently of clinical reasoning, which is also
consistent with the strong association between syndromic recognition and population-health action on the task
axis. The large gains from revising the content and setting matrices show that an item’s nominal area or setting is
not always the knowledge it demands, and that attributes measured by very few items are classified unreliably
[17].

Patient features and equity

The absence of distinct competences linked to patients’ age or sex is reassuring from an equity perspective:
graduating students who mastered vignettes about one group generally mastered vignettes about the others, and
mastery rates were nearly identical for female and male patients. By contrast, items involving sexual and
reproductive health and social determinants of health formed largely independent dimensions with high
prevalence. A plausible interpretation is that these items share features—such as guideline-based prevention,
notification and protective measures—that differ from the core clinical demands of the examination, rather than
reflecting a separate competence in caring for vulnerable groups. Their lower classification accuracy and the
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small number of items per descriptor also call for caution. These analyses concern features of the patients
described in the items, not characteristics of the examinees; fairness for examinee groups requires differential
item functioning and related analyses, which are an important complement in light of current concerns about
equity in assessment [49].

Content, context and task specificity in a written examination

Read against theories of clinical competence, the results suggest where specificity resides in a written national
examination. Performance was organised more by the clinical task demanded than by the content area,
consistent with generalisability studies that identify the interaction between examinee and task as a major source
of score variation [23, 24]. The convergence of content areas on a largely single dimension does not contradict
content specificity. Specificity has been described at the level of individual cases and the knowledge they require
rather than of broad disciplines [21, 22], and in our models it is most plausibly reflected in item-specific variance
and in the residual dependence between item pairs that no attribute structure removed. Situativity theories predict
that the setting and the patient influence performance through the dynamic interaction among the clinician,
patient, and environment [27, 28]. Written vignettes convey these elements only as text, which may explain why
care settings and patients’ age and sex did not define distinct competences. By contrast, community and territory,
sexual and reproductive health, and social determinants of health, in which the context is itself part of what must
be known, did form distinct dimensions. Contextual factors of the kind studied in authentic or video-based
encounters [30, 31] are therefore largely beyond the reach of a multiple-choice examination, and attribute-level
reporting from such an examination should complement, not replace, workplace-based assessment within a
programmatic approach [2, 8].

What the raw score can and cannot tell

Because full mastery requires mastering every attribute, it is expected to correlate closely with the number of
items answered correctly, and the very high AUCs confirm that the raw score is an efficient indicator of overall
mastery. The ROC analysis also offers an empirical link between total-score cut scores and attribute-based
definitions of competence, which may be useful when standards are reviewed. However, the overlap of score
distributions for examinees who mastered between one and four tasks shows that the same score can
correspond to different profiles of strengths and gaps. Reporting attribute profiles by clinical task alongside the
overall result could provide students and schools with formative information, as advocated by programmatic
assessment [2, 13], without altering the examination's decision function. Any such use should be supported by
validity evidence appropriate to the intended interpretation [10].

Q-matrix validation in large samples

The PVAF method proposed changes to between 3% and 12% of Q-matrix cells, often adding attributes that had
no plausible role in the item. With very large samples and a high cut-off, small gains in explained variance can
make over-specified g-vectors appear preferable [42]. Our experience supports using empirical validation as a
prompt for expert review rather than as a decision rule: revisions grounded in item reading were substantively
justified and consistently improved relative fit.

Strengths and limitations
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The main strengths are the use of the complete national cohort, the comparison of several theoretically distinct
attribute frameworks on identical data, the explicit treatment of Q-matrix revision, and full reproducibility from
public data. Several limitations should be considered. The Q-matrices were constructed retrospectively, each
coded by one author and reviewed by another; inter-rater agreement was not quantified, and the examination was
not designed to measure these attributes. Residual dependence between item pairs remained in all models, which
may lead to overconfident classifications. Pattern-level classification accuracy was moderate (0.46-0.70 for the
four selected models), whereas attribute-level accuracy ranged from 0.72 to 0.96 and exceeded 0.85 for 18 of the
25 attributes. Mastery classifications depend on the 0.5 posterior threshold. The analysis covers a single edition
of a multiple-choice examination, so stability across editions and relationships with workplace-based
performance remain to be established. Finally, the analysis describes individual examinees and does not separate
school-level from individual variation.

Implications and future research

For examination developers, the results suggest that blueprints specifying clinical tasks, not only content areas,
would allow national examinations such as ENAMED to be designed for diagnostic reporting, with enough items
per task to support reliable classification. For medical schools, task-level profiles of their graduates could inform
curriculum review, especially regarding diagnostic-test reasoning. Future work should replicate the analyses in
later editions, examine measurement invariance across schools and examinee groups, assess the consequential
validity of attribute-level feedback, and explore cognitive diagnostic computerised adaptive testing for formative
use.

Conclusions

In the first edition of Brazil's national examination of graduating medical students, the clinical tasks required by
the items provided a much better account of examinee responses than content areas, care settings or patient
features. Graduating students’ performance was organised around five distinguishable but related tasks, with
diagnostic-test reasoning as the most common gap. Content areas and settings behaved largely as a single
clinical competence, with population-oriented topics as the main exception, and patient age and sex did not
define distinct competences. The raw score identified full mastery accurately but could not indicate which
competence was missing. Task-based diagnostic reporting could make a national examination more useful for
learning without changing its role in certification.
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KR-20

Kuder—Richardson formula 20

OTP

Outpatient therapeutic planning

PHA

Population-health action

PVAF
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Figure 1

Examinees classified as masters (%)

Attribute mastery prevalence under the selected specification of each axis

Percentage of the 39,256 examinees classified as masters (marginal posterior probability > 0.5) of each attribute

under (A) the clinical-task Q-matrix, (B) the revised content-area Q-matrix, (C) the revised care-setting Q-matrix,

and (D) the integrated patient-feature Q-matrix, all fitted with the saturated G-DINA model. Attribute abbreviations

asin Table 1.
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Figure 2

Latent correlations between attributes under the selected specification of each axis

Phi coefficients computed from the estimated joint distribution of the binary attributes for (A) clinical tasks, (B)
content areas (revised), (C) care settings (revised) and (D) patient features (integrated). Blue indicates a positive
and red a negative association. Attribute abbreviations as in Table 1.
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A Raw score as predictor of full mastery B Clinical tasks: classification by cut score
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Figure 3

Raw score as predictor of full attribute mastery: ROC curves and cut-score classification

(A) Receiver operating characteristic curves of the raw score (0-90) for identifying examinees classified as
masters of all attributes, under the selected specification of each axis; the inset enlarges the upper-left region.
Areas under the curve (AUC) are shown in the legend. (B) Sensitivity, specificity and accuracy of each raw-score
cut for identifying full mastery of the five clinical tasks; dashed lines mark the cuts that maximise Youden'’s index
(63) and accuracy (66).
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Figure 4

Raw-score distribution by number of clinical tasks mastered

Boxes show the interquartile range and median, and whiskers the 5th and 95th percentiles, of the raw score (0-
90) for examinees mastering 0 to 5 of the clinical tasks. The dashed line marks the Youden-optimal cut for full
task mastery (63).
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