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Abstract

Background Audits of FDA-authorized AI/ML medical devices ask whether submissions
disclose demographic data. We ask three prior questions: for devices targeting conditions
with documented demographic disparities, can training-data representativeness be assessed
from the public record at all; does the underlying peer-reviewed evidence fill the gaps the
summaries leave; and can equity constructs be coded reliably from these documents?

Methods We developed the 19-item Equity Readiness Assessment (ERA, development
version) and a pre-registered Epidemiologic Crosswalk mapping each device’s target condi-
tion to its documented disparity profile, and applied them to all 1,428 devices with retriev-
able decision summaries through December 2025, using language-model extraction validated
against dual independent, blinded human coding (n = 153). The nine items reproduced
between human coders constitute the validated core, ERA-9, which carries all inferential
claims.

Results Here we show that for 76.6% (95% confidence interval 73.8-79.3%) of the 899
devices targeting high-disparity conditions, representativeness cannot be assessed because
race is unreported, a finding that rests on a reliably coded item and is near-invariant to how
conditions are classified. Retrieving the pivotal publications rescues only 5 of 27 unassessable
devices, locating the gap in the evidence base rather than the summary format. Graded

equity judgements are not reproducible between trained coders (x 0.01-0.12), whereas binary

**Corresponding author: saptpurk@iu.edu
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presence-of-reporting items are. No summary documents validation in a community or
safety-net setting.

Conclusions Disclosure guidance has produced neither population-data alignment nor
its assessability. We distil ERA-9 into a minimum equity-reporting standard for regulatory

summaries and release the instrument, Crosswalk, and device-level dataset openly.

Plain language summary

Hundreds of medical devices that use artificial intelligence (AI) are approved in the United
States each year, often for diseases that harm some groups of people more than others, such
as stroke, heart disease, and several cancers. We asked a basic question: can anyone tell, from
the public approval documents, whether these tools were tested on the people who carry most
of the disease? For about three of every four Al devices aimed at such diseases, the answer is
no, because the documents do not state the race or ethnicity of the people in the test data.
The scientific papers behind the devices rarely fill this gap either. We also found that trained
reviewers cannot reliably grade how well-matched a test population is when the documents give
no numbers. We therefore propose a short list of facts that every approval summary should
state, so that patients, clinicians, and hospitals can see who a device was tested on before it is

used.
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Introduction

Artificial-intelligence (AI) tools are now part of routine American health care: the U.S. Food and
Drug Administration (FDA) has authorized 1,430 AI/ML-enabled medical devices through 30
December 2025, a more than thirty-fold increase over the past decade, and 1,428 have retrievable
public decision summaries'2. Three-quarters read medical images in radiology; the rest span
cardiology, neurology, ophthalmology, and other specialties. When tools of this reach carry
systematic biases, individual errors become population-level inequities, a concern reflected in
WHO ethics guidance?®, in FDA’s health-equity priorities, and in a growing empirical literature
on algorithmic bias in clinical AI*6.

A substantial body of work has audited what these documents disclose. Across independent
audits using different instruments, race or ethnicity appears in roughly 4-24% of summaries
depending on how generously a statement is counted, sex-specific results in under a third, sub-
group performance in about one in eight, and socioeconomic status almost never 12, Adjacent
audits have characterized what the devices do'?, how completely benefit and risk are reported 4,
how often early recalls follow thin pre-market validation'®, and whether clinical validation is
reported at all'®. The FDA’s own device centre has set out what AI/ML transparency should
convey and to whom'”, and Lui and Wang'® argue that these summaries can be technically
dense while offering few entry points for fairness scrutiny. Supplementary Note 9 gives the
audit-by-audit figures and reconciles them with ours.

These audits answer a transparency question (“did the device disclose its training data?”)
but not an equity question (“do the disclosed data match the populations who need the de-
vice?”). A diabetic-retinopathy screening tool trained on a predominantly white academic
cohort can score well on transparency while targeting a condition that burdens Black, Hispanic,
and Native American populations two- to three-fold more heavily, and still be inequitable in
deployment; Hassoon et al. ' articulate the underlying principle that representativeness against
disease burden must run through every stage of Al development.

Existing standards bound the question from either side. The STANDING Together consen-
sus recommendations, developed with more than 350 contributors across 58 countries, specify
what a dataset custodian should disclose, but not a benchmark against which a disclosed com-
position should be judged, and they are not designed for retrospective third-party application
to a regulatory document?’2!. The HEAL framework applies the same equity logic one stage
downstream, asking whether measured performance is prioritized for the worst-off groups; it
requires subgroup metrics that, as we show, almost no authorized device publishes??, and other

123725

frameworks operate at the organization or study leve . Clinical-trial diversity work already
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measures burden-adjusted representation with participation-to-prevalence ratios benchmarked
against disease incidence rather than census shares?%27. What is missing is the step in between:
a benchmark for the development cohort itself, computable from the regulatory summary that
clinicians, purchasers, and patients can actually see. That is what we build here.

The Equity Readiness Assessment (ERA) closes this gap. The ERA development version
is a 19-item instrument across four domains: Demographic Reporting Depth, Population-Data
Alignment, Equity-Relevant Design Features, and External Evidence Linkage. Its centrepiece
maps each device’s target condition to a pre-registered Epidemiologic Crosswalk of disease-
burden composition and disparity type, then asks whether the reported cohorts match the popu-
lations most affected. Because the equity meaning of under-representation differs by mechanism,
the rubric branches by disparity type and scores detection-gap conditions, such as melanoma in
dark skin?®?? or atrial fibrillation in Black patients, more strictly: there, an unrepresentative
cohort perpetuates the very disparity the device should narrow. (We note a name-collision with
an unrelated organizational-maturity “Equity Readiness Index”3°.)

This study is therefore built around three questions, of which the first is primary. First, for
devices targeting a condition with a documented disparity, how often does the public record
contain the demographic data needed to judge representativeness against burden at all? As-
sessability is logically prior to alignment: a cohort cannot be judged well- or ill-matched until
its composition is stated. Second, is any gap an artefact of terse regulatory writing, or a
property of the underlying evidence, answered by re-scoring a dual-source subset against the
retrieved pivotal literature? Third, which equity constructs can be coded reliably from these
documents in the first place, answered with a per-item reliability appraisal under dual blinded
human coding; the nine items that two coders reproduced constitute the validated core of the
instrument, which we designate ERA-9. Alongside these questions, we openly release the ERA
instrument, the Epidemiologic Crosswalk, and the device-level dataset, and we test whether
three FDA guidance milestones, the October 2021 Good Machine Learning Practice (GMLP)
principles3!, the December 2024 Predetermined Change Control Plan (PCCP) final guidance??,
and the January 2025 lifecycle-management draft®3, are associated with detectable changes in
reporting.

The answer to the third question is itself a finding. Several ERA items, including the graded
alignment score, proved unreliable between trained coders. We report them descriptively, say

so plainly, and anchor every inferential claim in this paper on the ERA-9 core.
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Results

Device cohort and overall equity readiness

The cohort comprised 1,428 FDA-authorized AI/ML devices with retrievable decision summaries
through 30 December 2025; two listed devices were excluded for FDA-side missing PDFs (Fig-
ure 1). Authorizations came through three routes: 510(k) clearance, the streamlined pathway
based on equivalence to an earlier device (1,375 devices, 96.3%); De Novo, for novel low-to-
moderate-risk devices (37, 2.6%); and Premarket Approval (PMA), the most stringent review
(16, 1.1%). Radiology accounted for 1,094 of the 1,430 listed devices (76.5%; Supplementary
Table S1). Document types differ markedly in length (510(k) median 10 pages; PMA median
33), so all scores are reported as the applicable-items-only ERA percentage and are stratified

by pathway, never pooled.

1,430 devices on the FDA AI/ML-enabled device list
(through 30 December 2025)

'

‘ 1,428 decision summaries retrieved }—»

2 excluded
(FDA-side missing PDFs)

1,313 mapped to a target condition 115 general-purpose
via the Epidemiologic Crosswalk (no disease target)

414 no documented

‘ 899 target a high-disparity condition (D2.1=1) }—»

disparity
689 race unreported: 210 assessable:
representativeness unassessable 178 (84.8%) under-represent the
(76.6%; primary outcome, Tier A) highest-burden group (exploratory, Tier B)

Figure 1: Study flow. Devices proceed from the FDA list through Crosswalk mapping to
the primary analytic stratum. In parallel (not shown), a stratified n = 153 validation set was
dual-coded by blinded human reviewers, and a dual-source arm re-scored the 68 devices with a
retrievable pivotal publication (57 located).

Equity readiness was low and strongly pathway-dependent (Table 1): median applicable-
items ERA was 12.5% for 510(k) devices (interquartile range [IQR] 4.2-29.2), 39.3% for De Novo
(IQR 29.2-54.2), and 36.4% for PMA (IQR 34.3-45.5). The three-fold gap between 510(k) and

the other pathways is the dominant structural signal and mirrors their documentation depth.

Which ERA items can bear inference

Because the composite ERA total was not reliably reproduced between independent coders

(ICC(2,1) = 0.43; Supplementary Table S2), we do not treat it as an inferential quantity.
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Instead, every coder-scored item was assigned, before any hypothesis was tested, to Tier A if the
two blinded human reviewers reproduced it, meaning Cohen’s x (a chance-corrected agreement
statistic; 1 is perfect, 0 is chance) of at least 0.60 or its prevalence-adjusted equivalent for
rare-positive items (Methods), and to Tier B otherwise.

Nine items met the Tier-A criterion: sex (D1.2), race/ethnicity (D1.3), geographic site
(D1.5), socioeconomic status (D1.6), geographic diversity (D2.3), post-market demographic
monitoring (D3.4), and all three external-evidence items (D4.1-D4.3). These nine constitute
the validated core of the instrument, which we designate ERA-9. Seven items did not: age
(D1.1), disease severity (D1.4), the graded representativeness score (D2.2), setting match (D2.4),
and the three narrative Domain-3 items (D3.1-D3.3). The remaining three items are not tiered:
D2.1 is Crosswalk-derived in the analysis rather than coder-assigned (Table 1, note), and D3.5
and D3.6 could not be assessed, because only one and no validation devices respectively were
scored on them by both reviewers. The split is not arbitrary. Items asking whether a specific,
named quantity appears in the document were reproduced; items requiring a coder to judge
whether prose amounts to a comparison, a limitation, an exclusion, or a clinically appropriate
setting were not.

All inferential claims in this paper, including the primary outcome, rest on
ERA-9 items. Tier-B results are reported, because withholding them would misrepresent the

instrument, but only as labelled descriptive statements.

Characteristic 510(k) De Novo PMA Overall
(n = 1,375) (n = 37) (n = 16) (n = 1,428)
Applicable-items ERA % (median, IQR)% 12.5 (4.2-29.2)  39.3 (29.2-54.2)  36.4 (34.3-45.5) n/a
Race/ethnicity reported (D1.3 > 1), %* 20.9 54.1 37.5 21.9
Targets high-disparity condition (D2.1=1), %° 62.0 83.8 100.0 63.0
Subgroup performance compared (D3.1), %5 15.1 30.2 (De Novo+PMA) 15.7

Table 1: Cohort characteristics and equity readiness by regulatory pathway.
Applicable-items ERA percentage excludes conditional not-applicable items from both numera-
tor and denominator; pooling across pathways is avoided because document-format heterogene-
ity would confound the comparison. ATier-A item (ERA-9 core; reproduced between blinded
human coders; inference-grade). BTier-B item (not reproduced between coders; descriptive
only). “Crosswalk-derived, and so outside the A/B scheme: the value in this row is computed
deterministically by mapping the extracted target condition to the Epidemiologic Crosswalk,
not assigned by a coder. The x reported for D2.1 in Supplementary Table S2 belongs to a
human quick-code that the analysis does not use. Its dependability is established empirically,
by the near-invariance of the primary outcome to this classification (Results), and not by an
inter-rater statistic. $The composite is a mixed-tier index with ICC(2,1) = 0.43 and is reported
to describe the pathway gradient, not to support inference; the gradient itself is corroborated
by the Tier-A race-reporting row.
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Demographic reporting is sparse

Four Domain-1 axes met the Tier-A reliability criterion. Geographic site was reported by 43.6%
of devices, sex by 39.7%, race or ethnicity by 21.9%, and socioeconomic status by only 0.2%
(three devices) (Figure 2). Sex has a conditional not-applicable rule, so its rate is computed over
the 1,321 sex-applicable devices; every other Domain-1 item applies to all 1,428. Performance
actually stratified by an axis (score 2) was rarer still: 5.6% for race, 9.1% for sex. Race
reporting was 2.6-fold higher in De Novo (54.1%) and 1.8-fold higher in PMA (37.5%) than in
510(k) (20.9%), again tracking document format rather than device design. Two further axes,
age (56.2%) and disease severity (34.3%), are Tier-B and reported for completeness only.

Our race-reporting rate is higher than in some earlier audits because the ERA counts any
race or ethnicity statement, including qualitative “diverse population” language; Supplementary
Note 9 reconciles the rates across five independent audits, whose consistency underlines that it

is the alignment question, addressed next, on which they are silent.

a Demographic reporting depth (n = 1,428) b Race reporting by pathway
70
Age 56.2%
9 - 60 1
3 54.1%
Geographic | 43.6% S
site 2 50 1
£
o
Sex 39.7% - S 40 4 37.5%
>
Disease | 34.3% S 30 A
severity £
] 20.9%
Race/ | 21.9% @ 20 4
ethnicity @
4
Socioeconomic | ¢ ye, 10 1
status
T T T T 1 0 T T
0 20 40 60 80 100 510(k) De Novo PMA
Devices (%)
Not reported Aggregate only Hmm Stratified by subgroup N/A

Figure 2: Demographic reporting depth, overall and by regulatory pathway. Socioe-
conomic status is essentially never reported (0.2%); performance stratified by any demographic
axis (score 2) is rare across all items. In panel a the stacked segments are shares of all 1,428
devices, including the hatched not-applicable share that arises only for sex (single-sex-indicated
devices); the percentage printed at each bar is the reported share (score 1 or 2) among applicable
devices, which is the quantity given in the text.

Representativeness cannot be assessed for most high-disparity devices

Of the 1,313 condition-mapped devices (the remaining 115 were general-purpose tools with no
disease target; Figure 1), 899 addressed a condition with a documented demographic disparity
(D2.1=1). Among these 899 devices, 689 (76.6%; 95% Wilson confidence interval

73.8-79.3%) did not report race or ethnicity at all, so their training-data represen-
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tativeness could not be evaluated against disease burden (Figure 3). This is the study’s
primary result and rests on an objective, reliably coded item (race reported: yes/no), not on
any graded judgement.

These 899 devices cluster in the conditions that drive the most death and disability in the
United States: intracranial haemorrhage and stroke (61 devices), coronary artery disease (38),
lung cancer (36), atrial fibrillation (27), and breast, prostate, and colorectal cancer (Supplemen-
tary Table S8). Each carries substantially higher incidence or mortality in Black, Hispanic, or
Native American populations (roughly 1.4- to 3-fold, depending on the condition), and together
they affect tens of millions of Americans: the devices whose representativeness cannot be judged
are aimed squarely at the nation’s most inequitably distributed disease burden, the setting in

which an unrepresentative training cohort matters most.

The primary result does not depend on how conditions were classified

Identifying the 899 devices requires classifying each target condition by disparity status, a step
that was partly model-assisted (Methods; Supplementary Note 3) and therefore the most ob-
vious place to look for fragility, so we bound its influence directly. If the classification were
substantially wrong, the cannot-assess proportion inside the high-disparity stratum would di-
verge from the proportion outside it.

It does not. Race was unreported in 76.6% of the 899 high-disparity-condition devices, in
78.1% of the full cohort of 1,428, and, by subtraction, in roughly 80% of the 529 devices outside
the stratum. Non-reporting is therefore close to uniform with respect to disparity status: even
reclassifying every condition could move the headline proportion by no more than about four
percentage points, and any plausible reclassification of a handful of conditions moves it far less:
the stratum boundary is not doing the work.

The Crosswalk’s contribution is therefore not to generate the proportion, which could be
stated without it, but to establish that the devices concerned target the conditions where the
omission carries the greatest consequence; the fuller version of this argument is in Supplementary
Note 9.

For the 210 devices (23.4%) that did report race, we describe the representativeness scores
produced by the branched Domain 2 rubric as an exploratory, Tier-B analysis. Severe under-
representation (score 1) applied to 23.8% of these devices, moderate (score 2) to 61.0%, ap-
proximately proportional (score 3) to 12.9%, and over-represented or fully inclusive (score 4)
to 2.4%; in total, 84.8% (95% CI 79.3-89.0%) scored <2, indicating under-representation of

the highest-burden group. Our pre-registered hypothesis that >60% would score <1 was not
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supported: under-representation clustered in the moderate band.
If we count the 689 unassessable devices together with the 50 that scored <1, then 82.2%
of all high-disparity-condition devices were either unevaluable or severely under-representative.
This gradient is Tier-B and we do not build on it. D2.2 is the least reliable item
in the instrument (exact agreement 38%, x = 0.12; Table 4). The 84.8% figure describes what
the assessable devices look like and is stable under confidence stratification and alternative
thresholds (Supplementary Table S4), but the conclusions of this paper follow from the Tier-A

cannot-assess proportion and the dual-source test below, neither of which depends on D2.2.

b Training-data representativeness
where assessable (D2.2, n = 210)

a Representativeness cannot be assessed

for most devices (D2.1=1, n = 899)

80 H 84.8% under-represent the
highest-burden group (D2.2<2)
_ 701 61.0%
S (n=128)
-~ 60 41
w
8
(7]
o°
o 40 A
o
©
@ 30 4 23.8%
(n=50)
Race not reported Assessable M
(cannot assess), n=689 n=210 é’ 20 + 12.9%
(n=27)
10 4 2.4%
(n=5)
| r T . r Y 0 N I
0 20 40 60 80 100 1 2 3 4
. . - N . o severe moderate approx. over-/fully
Devices targeting high-disparity conditions (%) proportional represented

Figure 3: The population-data alignment gap. For most devices addressing conditions
with documented disparities, the demographics required to judge representativeness are simply
absent from the FDA decision summary; where present, reported cohorts under-represent the
highest-burden group in the large majority of cases.

Equity-relevant design and external-evidence features are rare

Domain 3 and Domain 4 confirmed sparse lifecycle and evidence features (Table 2). Subgroup
performance comparisons (D3.1) appeared in 15.7% of devices, population-limitation statements
(D3.2) in 7.5%, and post-market subgroup monitoring (D3.4) in 0.8%. Among the 56 devices
bearing a PCCP, demographic revalidation language (D3.5) appeared in 10 (17.9%). A refer-
enced peer-reviewed publication (D4.1) was present in 5.2% and a summary-stated subgroup
analysis (D4.3) in essentially none (0%). Every Domain 3-4 feature was several-fold more

common in De Novo and PMA summaries than in 510(k) Summaries.

Validation rarely reaches the settings where gaps are widest

Two Domain-2 sub-items record where a device was validated. Geographic diversity (D2.3,

Tier-A) asks whether validation spanned multiple, demographically varied regions; one device
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Item Overall % 510(k) % De Novo+PMA %

D3.1 Subgroup performance comparison® 15.7 15.1 30.2
D3.2 Population-limitation statement® 7.5 6.1 43.4
D3.3 Exclusions specified® 40.1 38.3 86.8
D3.4 Post-market subgroup monitoring® 0.8 0.2 17.0
D3.5 PCCP demographic revalidation (of n=56 PCCP devices)! 17.9 18.9 0.0
D4.1 Peer-reviewed publication referenced” 5.2 4.5 22.6
D4.2 Summary-stated external validation® 0.4 0.2 3.8
D4.3 Summary-stated subgroup analysis® 0.0 0.0 0.0

Table 2: Equity-relevant design and external-evidence features, overall and by path-
way. ATier-A (inference-grade); PTier-B (descriptive only). The three Tier-B items each
require a coder to judge whether narrative prose constitutes a comparison, a limitation, or an
exclusion, and independent reviewers did not converge on those judgements (k = 0.32, 0.01 and
0.07; Supplementary Table S2); their rates are reported to describe the cohort, not to support a
claim. TD3.5 is computed among the 56 devices carrying a Predetermined Change Control Plan
(53 510(k), 3 De Novo, 0 PMA); 10 of 56 contain demographic revalidation language. Only one
validation-set device had an applicable D3.5, so the item could not be tiered. D3.6 (adaptive
subgroup drift monitoring) was positive in no device to which it applied, as anticipated for a
still-emerging device category.

of 1,428 reached the top score (0.1%). Setting match (D2.4) asks whether validation occurred in
a community, safety-net, or lower-resource setting appropriate to the condition’s care pathway;
no device reached the top score, and 28.6% reached the partial score (Supplementary Table S7).

D2.4 is Tier-B, and its graded distribution should not be relied on (x = 0.02). The ceiling
result is a different and more robust claim, because it concerns a boundary rather than a
gradient: neither human reviewer, nor the model, assigned the top anchor to any device, and
no device in the cohort reached it. Across 1,428 authorizations, not one decision summary
documents validation in a community, safety-net, or lower-resource setting appropriate to the
target condition’s care pathway. Al tools are frequently promoted as a way to extend specialist-
level capability to under-served settings, yet the authorized cohort was evaluated almost entirely

in the well-resourced academic and referral environments that already have the most access.

Reporting rose modestly after the 2021 GMLP principles

We fitted a segmented (interrupted) time-series regression of applicable-items ERA percentage
on authorization year, with pre-registered knots at the three guidance milestones and a specialty
covariate. At GMLP, the model showed a level increase of +5.16 percentage points (p = 0.001)
and a slope increase of +4.90 per year (p < 0.001) (Figure 4); the PCCP and lifecycle-draft knots
showed no significant association (p = 0.82, p = 0.35), consistent with too few post-guidance
authorizations, and ERA did not differ across specialty panels within 510(k) (Kruskal-Wallis
H =451, p=0.21).

Three qualifications, detailed in Supplementary Note 9, apply: the model is fitted over ten

10
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annual periods, so the later two knots are effectively unevaluable and the 2025 mean falls below
the fitted trajectory; the outcome is the mixed-tier composite, so the trend tracks documentation

depth broadly; and the August 2025 PCCP reissue®* was not modelled as a separate breakpoint.

Equity reporting over time, with regulatory milestones

! ~
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Figure 4: Temporal trend with regulatory milestone breakpoints. Equity reporting
increased significantly after the 2021 GMLP principles; later guidance is too recent to evaluate.

Adding the primary literature does not close the gap

If the equity-data gap were merely an artefact of terse FDA writing conventions, it should
shrink when the underlying peer-reviewed evidence is consulted. We therefore re-scored the 68
devices with a retrievable pivotal publication against the publication and the summary together
(Methods). Publications were located for 57 of 68; adding them raised the applicable-items ERA
percentage in 47 of 57 devices (82%), by a median of +8.7 percentage points, with the largest
gains in 510(k) devices, whose summaries are thinnest.

The increase, however, was concentrated in items that do not bear on population-data
alignment: the existence of a peer-reviewed publication itself (D4.1, upgraded in 34/57 devices),
geographic sites (15/57), disease severity (11/57), sex (9/57), and publication-level subgroup or
external-validation statements (10/57 and 9/57). Race reporting rose in only 5 of 57 devices,
and socioeconomic status in only 1 (Supplementary Table S6). All 5 race additions occurred in
devices that needed them.

Among the 57 located devices, 47 targeted a high-disparity condition (by numerical coin-
cidence the same count as, though not the same set as, the 47 whose scores rose); 27 of these
were unassessable under the decision summary, the publication rescued 5, and the remaining

22 stayed unassessable because their pivotal papers also omitted race. Rescue means only that
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representativeness becomes assessable, not that it proves adequate: MelaFind is among the
5, and its publication reports a 97.9% White validation cohort for a detection-gap condition
(Table 3).

The dual-source subset is better documented than the cohort as a whole, so this small test if
anything overstates the literature’s contribution. Even so, the primary evidence closed the gap
for fewer than one in five of the devices that needed it, indicating that the missing information

is a property of the evidence base and not only of the FDA summary format.

Named devices show the gap is avoidable, not inevitable

The retrieved literature lets us contrast the cohort’s failures with its counter-examples at the
level of individual, named devices (Table 3). At one extreme, the melanoma tools Nevisense and
MelaFind report validation cohorts that are 97.5% and 97.9% White, for a cancer whose dead-
liest disparity is later-stage detection in patients with darker skin. At the other, the cervical-
imaging device LUMA enrolled a cohort that was 31% African American and 21% Native Amer-
ican; the breast-mass device Imagio reported subgroup performance by race and age across 16
U.S. sites; and independent real-world validation of the Aidoc intracranial-haemorrhage tool
covered 101,944 scans in a majority-Black cohort, with an intersectional subgroup analysis.
Equitable evaluation is thus not precluded by device type, regulatory pathway, or imaging

modality. It is simply uncommon.

Reliability, in full

Two reviewers independently coded a stratified n = 153 sub-sample (all 37 De Novo and 16 PMA
summaries plus 100 stratified 510(k) devices), blinded to model output, with a third reviewer
adjudicating disagreements to consensus. We report reliability for all 19 items (Supplementary
Table S2), including those that performed poorly, because the distribution across items is itself
a finding about what can be measured from these documents.

The instrument splits cleanly (Table 4). Nine items were reproduced between blinded coders
and form Tier A, the ERA-9 core; the item that carries the primary outcome, whether race was
reported, sits comfortably inside it (exact agreement 79.7%, x = 0.64, model-versus-human &
0.73-0.84). Seven tiered items were not reproduced, three of them at x < 0.10, indistinguishable
from chance agreement, and the graded representativeness score sits just above that floor at
k = 0.12. The composite ERA total has ICC(2,1) = 0.43, below any conventional threshold
£ 35

for a measurement instrument°®, which is why we tier at item level rather than reporting the

composite as a score; full item-by-item statistics, including the prevalence-adjusted treatment
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292

293
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296

297

208

300

301

302

303

304

305

306

307

Device (indica- Pathway Validation cohort Equity signal

tion)

Under-representative exemplars

Nevisense PMA 97.5% White; Fitzpatrick V- Detection-gap  condition
(melanoma VI 1.5% validated with near-absent
detection) dark-skin representation
MelaFind PMA 97.9% White; 0.3% Black; no  Detection-gap  condition,
(melanoma skin-tone reporting no dark-skin or skin-tone
detection) characterization

Representative exemplars
LUMA (cervical PMA 43% White, 31% African Most demographically di-

neoplasia detec- American, 21%  Native verse cohort in the dual-
tion) American source set

Imagio (breast- PMA 16 U.S. sites; subgroup per- Demographic subgroup
mass characteri- formance reported by race analysis by race and age
zation) and age

Aidoc 510(k) 101,944 scans; 56.5% Black Intersectional subgroup
(intracranial- (17-facility real-world valida- performance (independent
haemorrhage tion) external validation)

triage)

Table 3: Worst- and best-case device exemplars from the dual-source set. Cohort
figures are drawn from the retrieved pivotal or independent-validation publications (Methods;
Supplementary Information). Named counter-examples show that representative, subgroup-
resolved validation is attainable across pathways and modalities.

of rare-positive items, are in Table 4 and Supplementary Table S2.

Seven tiered items were not reproduced. Three fell below x = 0.10, which is indistinguishable
from chance agreement: population-limitation statements (k = 0.01), setting match (k = 0.02),
and specified exclusions (k = 0.07); a fourth sub-0.10 statistic, the D2.1 human quick-code
(k = 0.07), belongs to a code the analysis does not use and is not tiered. The graded represen-
tativeness score sits just above that floor at x = 0.12. The composite ERA total has ICC(2,1)
= 0.43, which falls below any conventional threshold for a measurement instrument and is why
we tier at item level rather than reporting the composite as a score.

We take the honest reading of this: the 19-item composite is not yet a reliable instrument,
and we do not present it as one. What the study establishes is ERA-9 and a diagnosis of why
the remaining items fail, namely that they ask a coder to interpret narrative prose instead of
locating a stated quantity. That is tractable, and the deposited materials specify the rubric
revisions it implies, but it is not solved here.

Model-versus-human agreement tracked human-versus-human agreement closely across items,
indicating that the model reproduced the reviewers’ behaviour, including where the reviewers
disagreed with each other, rather than introducing an error mode of its own; the model’s cohort-
wide pathway medians also closely tracked the human-consensus medians on the validation set

(Supplementary Table S8), supporting cohort-wide application of the extraction.
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309
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316
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321

Tier Item / statistic Agreement £ (R1 vs R2) Model vs human s

A D1.3 Race/ethnicity reported (primary outcome) 79.7% 0.64 0.73-0.84

A D3.4 Post-market subgroup monitoring 98.7% 0.87 0.81-0.94

A D1.2 Sex 73.4% 0.73 0.76-0.81

A D2.3 Geographic diversity 69.9% 0.71 0.58-0.65

A D1.5 Geographic site 68.6% 0.65 0.68-0.80

A D4.1 Publication referenced 88.2% 0.62 0.42-0.56

A D1.6 Socioeconomic status* 92.2% 0.32 0.23-0.66

A D4.2 External validation stated? 97.4% 0.32 0.49-0.66

A D4.3 Subgroup analysis stated ¥ 100% n.e. n/a

B D1.1 Age 49.7% 0.55 0.58-0.73

B D1.4 Disease severity 22.2% 0.13 0.22-0.62

B D3.1 Subgroup comparison 62.7% 0.32 0.28-0.51

B D3.3 Exclusions specified 56.2% 0.07 —0.07-0.63

B D2.4 Setting match 41.8% 0.02 —0.02-0.34

B D3.2 Population limitations 25.7% 0.01 0.01-0.46

B D2.2 Representativeness (graded) 38.0% 0.12 within +1: 87%
ERA total (mixed tier), ICC(2,1) n/a 0.43 n/a

Table 4: Inter-rater and model-versus-human reliability by tier, n = 153 validation
set. Tier A items met the tier criterion (human—human x > 0.60, or PABAK > 0.75 where the
kappa paradox applies), which was fixed before any hypothesis was tested, and constitute the
ERA-9 core carrying all inferential claims; Tier B items did not and are reported descriptively.
{Kappa-paradox items: near-ceiling agreement with a rare positive class deflates &, and PABAK
(0.84 and 0.95 respectively) confirms reliability. YD4.3: both reviewers scored every validation
device negative, so agreement is perfect but Cohen’s & is not estimable (n.e.) at zero prevalence;
the item enters Tier A on PABAK = 1.00. D2.1 (human quick-code) and D3.5 are omitted here;
D2.1 is computed from the Crosswalk rather than from coder judgement in the analysis, and
D3.5 had one applicable validation device. The full 19-item table is Supplementary Table S2.
The final row is ICC(2,1) for the composite, not Cohen’s k; it is reported as the diagnostic that
motivated item-level tiering.

The instrument tracks independently verified equity evidence

We next asked whether ERA scores reflect genuine equity characteristics and not documentation
length alone, comparing the decision-summary score against an independent ground truth taken
from the retrieved primary literature: a known-groups design in which the label and the score
come from separate documents. The 8 dual-source devices whose pivotal study independently
reported race and conducted a demographic subgroup analysis scored markedly higher on the
decision-summary ERA than the 38 whose publications reported neither (human-consensus
median 50.9% versus 25.0%, one-sided Mann—Whitney p = 0.003; model-derived score, p =
0.007). Across all located devices, a count of equity evidence in the publication (range 0—
4) correlated with the decision-summary ERA percentage (Spearman p = 0.49 human and
0.47 model, both p < 0.001), and a device that reported race in its FDA summary was more
than five-fold likelier to report race in its independent publication (odds ratio 5.3, p = 0.008;
Supplementary Table S9). Because the label and the score come from separate documents, this

concordance indicates that ERA captures a real equity signal rather than submission verbosity.
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Two caveats attach: the analysis was not pre-registered and supports construct validity
rather than testing a hypothesis, and the score under test is the mixed-tier composite, although
the item-level odds-ratio result, which uses only the Tier-A race item, does not inherit the
composite’s reliability problem and points the same way.

Two named devices mark the boundary of what the score means: Nevisense scores above the
median because its PMA summary reports demographics in full, even though its cohort is 97.5%
White, while Aidoc scores low from its terse 510(k) summary despite an independent multi-
site study documenting a majority-Black validation cohort. ERA measures equity readiness as
conveyed in the regulatory record, not realized diversity: a device is flagged as unrepresentative
only when it reports enough to be assessed, and a homogeneous cohort that reports nothing

escapes scrutiny.

Discussion

Across a near-complete census of 1,428 FDA-authorized AI/ML medical devices, the answers
to the study’s three questions point the same way. First, for three-quarters (76.6%) of devices
targeting high-disparity conditions, the data needed to judge representativeness are absent:
whether training data reflect the affected populations simply cannot be determined from the
public record. Second, the gap is not an artefact of terse regulatory writing, because consulting
the pivotal peer-reviewed studies rescued only 5 of 27 unassessable devices. Third, graded
equity judgements cannot currently be coded reliably from these documents at all; only binary
presence-of-reporting items, the ERA-9 core, were reproduced between trained coders. Where
representativeness could be assessed, reported cohorts under-represented the highest-burden
group in about 85% of cases, an exploratory Tier-B observation. Together these constitute a
population-data alignment failure that disclosure requirements alone do not resolve.

Our pre-registered hypothesis, that a majority of high-disparity-condition devices would
show severe under-representation, was not supported: where devices report enough to be scored,
under-representation was more often moderate than severe. That does not weaken the equity
concern; it relocates it upstream, to the near-absence of the demographic data required to
compute any gradient at all.

The methodological finding deserves elaboration, because it constrains anyone who builds
on this work. Graded alignment judgements made from regulatory prose are not currently
reproducible between trained coders: our reviewers agreed on the graded representativeness
score in 38% of cases and on whether a limitations section acknowledged a population gap in

26%. This is not a defect of our reviewers or rubric; it is what happens when a coder must
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infer a quantitative comparison from documents that supply no quantities, and it predicts that
any audit attempting graded equity scoring of these documents will meet the same ceiling. The
remedy is source material that reports composition numerically, which our proposed reporting
standard is designed to produce; until then, the defensible measurement is binary presence or
absence, which is what the primary outcome uses.

The distinction between transparency and alignment matters because the two gaps have
different remedies: a disclosure gap is closed by requiring a field, an alignment gap by requir-
ing a benchmark. Prior audits measure what was disclosed” %!3i14; the ERA measures what
was disclosed relative to what the epidemiology of the target condition requires, and neither
STANDING Together nor HEAL is positioned to answer the question a procurement committee
faces with a decision summary in hand: whether the cohort behind this authorization plausi-

2022 Our contribution is to make that question

bly resembles the patients the device will see
computable from the public record, and to show where it currently cannot be answered.

The mismatch we document is not random: it tracks the structural determinants of clinical
evidence generation, namely the geography of academic medical centers3®, the composition of
research cohorts, and the economics of high-volume imaging, and predicate lineage plausibly
propagates it, because a 510(k) device inherits its comparator from an earlier clearance whose

evidence base often predates demographic-reporting expectations®”.

Imaging models encode
patient race even when humans cannot®, and such encodings surface as material under-diagnosis
in under-served populations?®. The ERA quantifies, device by device, whether the upstream
cohort gives a deployed model a reasonable chance of avoiding those failures, and the reliability
distribution we report is a direct measurement of the interrogability that Lui and Wang'®
predicted these documents would lack.

Regulatory guidance appears to have moved reporting but not alignment. The post-GMLP
increase is encouraging, but GMLP and subsequent guidance encourage demographic disclosure
rather than population-data alignment, and disclosure is precisely the layer at which the cohort
still fails most often. One exception predates our breakpoints: FDA’s 2017 guidance on age-,
race-, and ethnicity-specific device data already asks sponsors to enrol representative proportions
consistent with the intended-use population, an alignment expectation®. That guidance is
non-binding and largely unmet, so the gap lies in enforcement and structure, not stated intent.
Neither the PCCP final guidance®?3% nor the lifecycle draft®? imposes a representativeness
criterion, and model cards®? and the ONC HTI-1 transparency rule“? likewise govern disclosure.

FDA’s own account of AI/ML transparency is framed around communicating information to

the right audiences!”, which is necessary but, on this evidence, insufficient: information that
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was never generated cannot be communicated.
One development since our cutoff bears on these recommendations. In January 2026 FDA
revised its Clinical Decision Support Software guidance, widening enforcement discretion un-

4l Where it applies, it shrinks the public record this

der the statutory non-device exclusion
study audits; but image- and signal-analysis software remains regulated, so the devices whose
representativeness we find unassessable stay inside the premarket pathway. If anything, the
boundary strengthens the case for structured fields: equity-relevant information about non-
device tools will now often exist nowhere public, and the tools leaving premarket review are the
ones purchasers are least able to evaluate independently.

Methodologically, we add an explicit reliability floor to an increasingly accepted practice.
LLM-assisted evidence extraction is used where properly validated 4> 44; we did not develop a
new extraction method, but pair temperature-0 extraction with blinded dual human validation,
three-rater agreement metrics, and inference anchored on the items that humans and the model
code concordantly. All prompts, schema, code, and item-level data are released?® to enable
replication on EU MDR, UK MHRA, Health Canada, and PMDA cohorts.

This work has limitations, and the first is the most important. The ERA is not yet a
reliable 19-item instrument. Seven of the sixteen tiered items were not reproduced between
blinded coders, three of them at x < 0.10, and the composite has ICC(2,1) = 0.43, below any
accepted threshold for a measurement instrument®®. We responded by restricting inference to
ERA-9, and a reader should take from this that ERA-9, not a thirty-point score, is what has
been validated; adopters should take the core and treat the full 19-item set as a development
version and a research agenda. The deposited materials record which rubric anchors failed and
how, so that the next version can build on the diagnosis instead of repeating it.

Second, the graded representativeness score (D2.2), the item that most directly expresses
the study’s central construct, is also its least reliable (k = 0.12). We treat it descriptively, but
the demotion has a cost: we can show that alignment is unevaluable far more convincingly than
we can show how badly the evaluable devices align. The trial-diversity literature measures this
construct with continuous ratios such as the participation-to-prevalence ratio?%27; those require
cohort composition as percentages, which FDA summaries rarely report, so an ordinal rubric
was the only option at cohort scale. Where percentages are recoverable, a ratio-based measure
would be preferable.

Third, coding-team capacity was finite: the Crosswalk classification of novel conditions and
the graded D2.2 scoring were performed by the language model rather than by dual human

review, both documented as deviations*®. The model reproduced the 13 human anchor classifi-
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cations 13/13 in isolation and 11/13 interleaved, a thin base we do not present as sufficient on its
own; the substantive defence is the primary outcome’s near-invariance to the classification (Re-
sults) and the deposited amendment log, which exposes every call to inspection. An expanded
human re-classification of a random sample of the 746 model-classified conditions is the first
thing we would add with further capacity. More generally, the study observes a strict claims
hierarchy with respect to model involvement. Inferential claims rest only on ERA-9 items, for
which model-versus-human agreement matched or exceeded human-versus-human agreement.
Quantities that depend on model coding without complete human review, namely the Crosswalk
expansion and the graded D2.2 scores, support only the descriptive and exploratory statements
labelled as such, and the primary outcome is protected twice over, by its Tier-A status and by
its near-invariance to the Crosswalk classification. The pre-registered escalation rule that would
have expanded human review for low-agreement items was not executed for the Tier-B items
(Methods); demoting those items from inference is the substitute remedy, not an equivalent
one, and completing that review is the extension we would prioritize.

Fourth, the ERA measures equity readiness as conveyed in public regqulatory documents,
which is what regulators, purchasers, and clinicians actually see, not confidential submission
contents or non-public manufacturer practice. Fifth, the Crosswalk is U.S.-centric (GBD, CDC,
and ACS estimates) and the cohort is U.S.-regulatory, so both generalize to other jurisdic-
tions only with adaptation. Sixth, this is a reporting audit, not a performance audit: as the
Nevisense—Aidoc contrast shows, the record and the reality can diverge, a high score signals
assessable, well-characterized reporting rather than a demonstrably representative cohort, and
even fairness-tuned models can lose subgroup performance under real-world distribution shift .
Seventh, the FDA list grows continuously; our snapshot closes at 30 December 2025 and should
be read as a complete census of a defined window, with the open dataset designed to make
re-audit at a later cutoff straightforward.

The implications differ by audience. For requlators, the alignment gap is addressable through
a minimum equity-reporting standard for AI/ML device submissions. Reporting guidelines
already govern Al clinical studies?”*°, and STANDING Together sets the consensus expectation
for documenting datasets?’, but none is tailored to the short regulatory summary that is often
the only document a purchaser or clinician will read. We therefore distil ERA-9 into eight
structured fields that the FDA could require in decision summaries (Table 5). Each field restates
a STANDING Together recommendation or an expectation already present in FDA’s own 2017

38

demographic guidance~®, where it is at present advisory; our contribution is the mapping,

the mandate, and the auditability, and the fields are, by construction, the ones our reliability

18



457

458

460

461

462

463

464

465

466

467

469

470

471

472

473

474

475

476

477

478

480

481

482

484

485

486

487

analysis shows can be coded consistently once reported as values rather than prose. The GMLP
experience shows explicit expectations measurably move reporting. A statutory vehicle exists
but is stalled: the 2022 Food and Drug Omnibus Reform Act requires Diversity Action Plans for

50 removed from the FDA website

certain device studies, yet the implementing draft guidance
in January 2025 and restored by court order the following month, had not been finalized as of
mid-2026, so attaching structured fields to the Al lifecycle draft3 is the more robust near-term
route.

For health systems and clinicians, the practical message is that the decision summary usually
cannot tell them whom a device was tested on. ERA-style assessment belongs in procurement
alongside performance and cost review, and the released device-level dataset makes that im-
mediately possible. For manufacturers, the named counter-examples show that representative,
subgroup-resolved validation is attainable across pathways and modalities; the eight fields spec-
ify exactly what a submission would need to state, and in a market where equity documentation
is rare, demonstrating it is a differentiator rather than a burden. For patients and the public,
the finding is simply stated: for most Al devices aimed at the diseases that burden minority
communities hardest, no one outside the company can currently verify who the device was
tested on. For researchers, the open dataset provides a baseline for longitudinal surveillance
and cross-jurisdiction replication, and the reliability diagnosis specifies which equity constructs

the next instrument can and cannot expect to code from prose.

Methods

Study design and data source

This cross-sectional audit covers all AI/ML-enabled medical devices on the FDA’s public AT/ML-
Enabled Device List!, cutoff 30 December 2025, list snapshot downloaded 30 April 2026 (1,430
listed; 1,428 with retrievable decision-summary PDFs from accessdata.fda.gov; two logged as
FDA-side missing). The unit of analysis is the device authorization: 1,375 510(k) Summaries,
37 De Novo Decision Summaries, and 16 PMA Summaries of Safety and Effectiveness. Dur-
ing quality control, 26 De Novo cases were initially retrieved as the short Classification Order
letter. We corrected these to the full Decision Summary and re-extracted them. Both human
reviewers had coded all De Novo cases from the Decision Summaries throughout, so human
reliability is unaffected (deviations log,*°). Seven image-only PDFs (1995-2003) were processed

with ocrmypdf before extraction.
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500
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Field

What a submission would report

ERA item(s)

Target condition and
disparity axis

Condition and the demographic group(s) it dis-
proportionately burdens, with source

D2.1

Cohort race/ethnicity =~ Race/ethnicity distribution of training and val- D1.3
idation cohorts

Cohort age, sex, and Age and sex distribution; Fitzpatrick skin type D1.1, D1.2

skin tone where clinically relevant

Socioeconomic and ac- Payer/insurance mix or area-level socioeco- D1.6

cess context nomic status of the cohort

Sites and care setting Number and type of sites (academic, commu- D1.5, D2.3,
nity, safety-net) and geography D2.4

Population-data align- Explicit comparison of cohort composition to D2.2

ment the condition’s disease-burden composition

Subgroup performance Performance disaggregated by race, sex, and D3.1, D4.3
age (and skin tone), with confidence intervals

Post-market subgroup Plan to monitor subgroup performance after D3.4

monitoring

authorization

Table 5: A proposed minimum equity-reporting standard for AI/ML device decision
summaries. Eight structured fields distilled from the ERA, positioned within the CONSORT-
AI/DECIDE-AI/TRIPOD+AI reporting-guideline family and as a regulatory-summary pro-
jection of the STANDING Together consensus recommendations??, but tailored to the short
document that procurement committees and clinicians actually read. Each maps to an ERA
item so that compliance is directly auditable. Every field requires a reported value in place of a
narrative statement, which is the property our reliability analysis identifies as the precondition
for consistent third-party coding.

The ERA instrument

The ERA (version 2.7, locked for deposit) comprises 19 items across four domains. Domain 1
(Demographic Reporting Depth) has six items: age, sex, race/ethnicity, severity, geographic site,
and socioeconomic status. Each is scored 0 (absent), 1 (aggregate), or 2 (subgroup-stratified),
and sex can be marked not-applicable for single-sex-indicated devices. The domain maximum
is 12. Domain 2 (Population-Data Alignment) has four scored items plus a classifier. These
are D2.1 condition burden asymmetry (binary), a disparity-type classifier (incidence, mortal-
ity, detection-gap, access, reference-standard, or mixed), D2.2 representativeness (04, with the
rubric branching by disparity type and detection-gap scored strictly), and geographic and set-
ting diversity (each 0/1/2). The domain maximum is 9. Domain 3 (Equity-Relevant Design)
has six binary items: subgroup comparison, limitations, exclusions, post-market monitoring,
PCCP demographic revalidation, and adaptive drift monitoring. The domain maximum is 6.
Domain 4 (External Evidence) has three binary items, which cover referenced publications and
summary-stated external validation and subgroup analysis. The domain maximum is 3. The
reported score is the applicable-items-only percentage. It is the points obtained divided by
the maximum possible over applicable items, with not-applicable items excluded from both

the numerator and the denominator. The nine items whose human—human reliability met the
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Tier-A criterion (Statistical analysis) constitute the validated core, ERA-9; the full 19-item set
is the development version, and the two are distinguished throughout. Full scoring rules are

deposited *®.

Epidemiologic Crosswalk

Each target condition was mapped to its documented demographic-burden profile and disparity
type. We used CDC WONDER?®!, GBD 2021°2, ACS Cancer Statistics®3, and condition-specific
literature, and we recorded the highest-burden group(s), the disparity type, and the reference.
Thirteen anchor conditions were classified by human reviewers before scoring began and retain
their human classification throughout; the remaining 746 conditions encountered during ex-
traction were classified by the model under the deposited expansion procedure (Supplementary
Note 3). Domain 2 items were not extracted directly. Instead, the model extracted the target
condition and demographic composition, and D2.1, its type, and D2.2 were computed post hoc
by mapping to the Crosswalk and applying the branched rubric. D2.2 is not applicable when
race is unreported (D1.3=0) or the condition has no documented disparity (D2.1=0).
Crosswalk classification was validated by re-classifying the 13 human anchors under produc-
tion conditions, with 11 of 13 reproduced. We state plainly that 13 anchors is a thin validation
base for a step that defines the primary stratum, and we have therefore bounded that step’s
influence on the primary outcome empirically, and do not rest on the anchor concordance alone
(Results). Two properties of the classification limit how far an error could propagate. It oper-
ates on conditions, not devices, so it is invariant to anything in an individual submission; and
it is a binary presence-of-disparity call for the primary outcome, with the finer disparity-type
distinction entering only the Tier-B D2.2 rubric. The deposited amendment log records ev-
ery added condition with its evidence and adjudication, so any individual classification can be

checked and contested by a reader?®?.

LLM-assisted extraction and classification

In accordance with journal policy on the use of large language models, we document all model-
assisted steps here. Extraction used Claude Sonnet 4.6 (Anthropic) via the Anthropic API®*,
Each decision summary was processed as a PDF, with deposited system and user prompts and
a structured output schema?®. Extraction ran at temperature 0, a logged deviation from the
pre-registered configuration (Supplementary Note 2); temperature 0 constrains but does not
eliminate run-to-run variation in a served model, and we claim no bitwise determinism.

Human coding-team capacity was exhausted after the validation sub-sample. Two classifica-
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tion steps that had been planned for dual human review were therefore performed by the model
instead, and each was validated against the human-coded gold standard. The first was classi-
fication of novel Crosswalk conditions by disparity type. The second was graded D2.2 scoring
of the 210 assessable devices, validated against the human D2.2 consensus (87% within +1).
Both steps feed Tier-B quantities only, and neither enters the primary outcome except through
the definition of the high-disparity stratum, whose influence we bound directly in Results. A
general-purpose pipeline for extracting structured fields from FDA decision summaries with a
large language model has been described and benchmarked independently**; our extraction was
developed separately, and what we add is the equity instrument, not the extraction method.
The model did not author any text of this manuscript. Every departure from the pre-registered
protocol, model-assisted or otherwise, is enumerated with its rationale in Supplementary Note 7

and in the deposited deviations register>.

Human validation and consensus

A stratified sub-sample of n = 153 (=11% of the cohort) was drawn with a fixed random seed *°.
It was a census of all 37 De Novo and 16 PMA summaries, plus 100 510(k) Summaries allocated
across year-band X specialty strata. Two reviewers (A.N.P., C.S.S.) independently coded all
153 devices, blinded to model output. A third reviewer (S.P.) adjudicated all disagreements and
produced a consensus item matrix, which served as the human gold standard. Primary coding
used the FDA decision summary only, to preserve cross-pathway comparability. We then carried
out a parallel dual-source scoring for the 68 devices with a retrievable second source.

Redesign of the second-source arm (deviation). The pre-registered protocol specified
public labeling and Instructions for Use as the second source for a triangulation sub-sample
of n = 50. Before the arm was coded, we substituted the primary literature and expanded
the frame to the 68 devices with a retrievable second source, because concordance within FDA
paperwork could not answer whether the gap exists in the underlying science. The cost is
that the pre-specified labeling-concordance estimate is not reported; the full rationale is in
Supplementary Note 8 and the deposited register.

For each device in this arm, we added the retrieved primary study to the source set and up-
graded a consensus code wherever the publication reported content that the summary had omit-
ted. The upgrade followed a deterministic mapping from the study’s extracted demographic,
multi-site, and subgroup-analysis fields to the ERA anchors. The mapping is conservative and
defaults to the lower anchor when a subgroup axis or site count is not explicitly resolvable,

so the reported Arm-1-to-Arm-2 delta is a lower bound. Condition burden asymmetry (D2.1)
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in both arms is the Epidemiologic Crosswalk value, pre-coded by condition as the instrument
specifies, which is the same source used for the cohort analysis. Domain-4 items under this arm
are the pre-registered “verified” constructs, coded from the publication in hand. The decision-
summary-only versus dual-source delta (Supplementary Information) quantifies whether the

equity-data gap reflects FDA writing conventions or the primary evidence itself.

Statistical analysis

Reliability tiering. Before hypothesis testing, each coder-scored item (16 of the 19: D2.1
is Crosswalk-derived in the analysis, and D3.5-D3.6 lacked applicable validation devices) was
assigned to Tier A or Tier B on a single criterion: Tier A required human—human Cohen’s x >
0.60, or, where exact agreement reached 90% with a rare positive class so that the kappa paradox
applies, PABAK > 0.75%5. Inference is restricted to Tier A. This tiering was introduced after the
pre-registered analysis plan was written, in response to the observed reliability distribution, and
is logged as a deviation®®; it is a restriction on the claims we make, not a selection among results,
and reliability for all items is reported regardless of tier. The pre-registered per-item escalation
rule (expand human review where model-versus-human x < 0.70) was evaluated on the axis in
which it was specified. It was not triggered for the primary-outcome item (model-human x 0.73—
0.84). It would have been triggered for several Tier-B items, and coding capacity to execute the
40% expansion was not available; tiering those items out of inference is the substitute remedy,
and we record it as such rather than presenting the escalation rule as satisfied.

Change of primary outcome (deviation). The pre-registered primary outcome was the
D2.2 distribution among devices with D2.1=1; that analysis is reported in full, and its hypothesis
was not supported. Because D2.2 proved to be the least reliable item in the instrument (k =
0.12), we judged that it should not carry the study’s primary claim and designated as primary a
quantity pre-specified within the same analysis and stratum: the proportion of D2.1=1 devices
for which D2.2 is inapplicable because race is unreported. The change was made after reliability
was known and before the dual-source and validity analyses were run; the full rationale is in
Supplementary Note 8 and the deposited register.

The primary outcome as reported was therefore the proportion of high-disparity-condition
devices (D2.1=1) for which representativeness could not be assessed because race was unre-
ported. We report it with a 95% Wilson confidence interval. As a robustness check on the
stratum definition, specified when the outcome was redesignated and before the comparison
was run, we compare this proportion with race non-reporting across the full cohort. It was

not part of the pre-registered plan. Secondary analyses covered several measures. These were
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the D2.2 distribution among assessable devices (with Wilson intervals) and the pre-registered
hypothesis test (>60% scoring <1); item-level frequencies; the applicable-items ERA percent-
age by pathway (median and IQR); a Kruskal-Wallis comparison across specialty panels within
pathway; and a segmented (interrupted) time-series regression of ERA percentage on authoriza-
tion year. The regression used knots at October 2021 (GMLP), December 2024 (PCCP final),
and January 2025 (lifecycle-management draft), together with a specialty covariate. Reliability
was reported per item in several ways: percent agreement, Cohen’s £ (quadratic-weighted for
ordinal items), prevalence-and-bias-adjusted x°° for skewed items, and ICC(2,1) for the ERA
total®>. Model-versus-human agreement was assessed in a three-rater design. A pre-registered
adaptive-escalation rule governed any item with x < 0.70. As a post-hoc criterion-validity
check, we tested whether decision-summary ERA scores discriminated devices that the inde-
pendent primary literature showed to be equity-attentive (known-groups design), using the
Mann-Whitney U test for the dichotomous contrast, Spearman correlation for the continuous
equity-evidence count, and Fisher’s exact test for item-level concordance. This analysis was not
pre-registered and is reported as supporting construct validity. Analyses used Python (pandas,
scipy, statsmodels). The study follows PRISMA-ScR?7, GATHER®®, and STROBE®”.
Deviations from the pre-registered protocol. Nine departures occurred. Each is
enumerated with its rationale in Supplementary Note 7 (register) and Supplementary Note 8
(full prose for the most consequential three: the change of primary outcome, the redesign of
the second-source arm, and the substitution of model coding for planned dual human review

of the Crosswalk expansion and D2.2; with the escalation rule not executed for Tier-B items),

and logged in the deposited register®.
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uments. An Indiana University Institutional Review Board not-human-subjects determination

is on file.

Data availability

The complete ERA dataset (item-level scores for all 1,428 devices, metadata, consensus codes,
and Crosswalk classifications) is deposited with the OSF project and will receive a versioned DOI
at acceptance. The pre-registration (instrument v2.7, coding workbook, Crosswalk, prompts,
schema, sampling design and seed, adaptive-escalation rule, deviations log, and analysis plan)

is at 10.17605/0SF.I0/QSGMV (osf.io/b34zf).
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