
1 A tool the practice did not build

A practice that scores a questionnaire, reads a laboratory-reported estimate or accepts a model’s

suggestion is relying on someone else’s choices about what to measure and what to predict. Two

questions follow. The empirical one is whether such tools perform or recommend differently by race, sex,

age or disability, and why. The legal one arises from 45 C.F.R. § 92.210, which since July 2024 has barred

entities covered by Section 1557 of the Affordable Care Act from discriminating through the use of

“patient care decision support tools”, and since May 2025 has required reasonable efforts to identify and

mitigate the risk.1,2

Many of the most widely cited cases of bias entered through the outcome a tool was built to predict, the

instrument that measured its inputs, or the data it learned from, not through a race variable (sections 2 to

4). A federally funded systematic review concluded that algorithms can mitigate, perpetuate or

exacerbate racial and ethnic disparities “regardless of the explicit use of race and ethnicity”.3 Where race

was an explicit input, removing it moved the error rather than eliminating it.

Section 92.210 is in force as of September 2026 and was not among the provisions a federal court vacated

in October 2025.4 Its identification duty, however, is keyed to a tool’s input variables, where only some of

the documented cases arose, and federal enforcement toward effects-based discrimination changed in

2025 and 2026.
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ABSTRACT

Bias in deployed clinical algorithms has often entered through what a tool was built to predict,

how its inputs were measured and what it learned from, rather than through a race variable.

Where race was an explicit input, removing it redistributed error; better measurement reduced it.

The Section 1557 rule at 45 C.F.R. § 92.210 requires covered entities, including practices paid

under Medicare Part B, to make reasonable efforts to identify tools whose inputs measure a

protected characteristic and to mitigate the risk. It survived the 2025 vacatur of other provisions

and remains in force, while federal enforcement has turned away from disparate-impact liability.

What reasonable efforts can mean for a practice that buys its tools is set out.
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2 The label, not the variable

The best-known case concerns a commercial algorithm used by health systems to select patients for care-

management programs. Obermeyer and colleagues showed that at a given risk score Black patients were

considerably sicker than White patients, and that remedying the disparity would raise the fraction of

Black patients among those automatically identified for the program, at its 97th-percentile threshold,

from 17.7% to 46.5%.5 The bias arose because the algorithm predicted health care costs rather than

illness, and unequal access to care meant less was spent on Black patients. By some measures of

predictive accuracy, cost looked like an effective proxy for health; the racial bias arose anyway.

Race was not the mechanism. The original authors state that the algorithm specifically excludes race,5

and La Cava and colleagues describe it as relying instead on a racially correlated proxy outcome.6 The

original authors generalize: a convenient, seemingly effective proxy for ground truth can be an important

source of algorithmic bias.5

Imaging models show the same pattern without any demographic input.6 Seyyed-Kalantari and

colleagues examined chest radiograph classifiers across three large datasets and one multi-source dataset

and found that they consistently and selectively underdiagnosed under-served populations, labeling

patients with disease as healthy.7 Female patients, patients under 20, Black patients, Hispanic patients

and patients with Medicaid insurance had higher underdiagnosis rates, and intersectional groups such as

Hispanic female patients fared worse.

Removing race from the inputs does not remove it from what a model can represent. Gichoya and

colleagues trained deep learning models to predict self-reported race from medical images, with areas

under the curve of 0.91 to 0.99 on radiographs, 0.87 to 0.96 on chest CT and 0.81 on mammography.8

Candidate confounders did poorly alone, body-mass index at 0.55 and breast density at 0.61, and

detection persisted in corrupted, cropped and noised images, often where clinical experts could not tell.

Siddique and colleagues’ review, funded by the Agency for Healthcare Research and Quality, included 63

studies from January 2011 to September 2023: 51 modeling studies, 4 retrospective, 2 prospective, 5 pre–

post and 1 randomized trial.3 Algorithms reduced disparities in some settings, the revised kidney

allocation system among them; perpetuated or worsened them in others, such as severity-of-illness scores

used to allocate critical care resources; and had no significant effect elsewhere. Most of this evidence is

modeling, and the authors caution that the results may be highly context-specific.
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3 Where race was an input, removing it moved the error

Vyas, Eisenstein and Jones catalogued algorithms and guidelines across specialties that “correct” their

outputs by race or ethnicity; the article has no abstract and no figure is taken from it.9 Kidney function

estimation shows what removal does.

Inker and colleagues developed estimated glomerular filtration rate (eGFR) equations without race and

tested them in 12 studies and 4,050 participants, 14.3% of them Black.10 The existing creatinine equation,

using age, sex and race, overestimated measured GFR in Black participants by a median 3.7

mL/min/1.73 m² (95% CI 1.8 to 5.4) and in non-Black participants by 0.5 (95% CI 0.0 to 0.9). Deleting its

race coefficient underestimated GFR in Black participants by 7.1 (95% CI 5.9 to 8.8). The new creatinine

equation without race underestimated it in Black participants by 3.6 (95% CI 1.8 to 5.5) and

overestimated it in non-Black participants by 3.9 (95% CI 3.4 to 4.4). Equations combining creatinine and

cystatin C without race were more accurate and narrowed the gap between groups.

Taking race out did not produce an unbiased equation. It redistributed error across groups, and the

improvement came from a better measurement. The joint National Kidney Foundation and American

Society of Nephrology task force recommended immediate adoption of the refitted creatinine equation

without race, and national efforts to make cystatin C testing routine, particularly to confirm eGFR for

clinical decisions.11 An American Thoracic Society statement in 2023 likewise recommended replacing

race- and ethnicity-specific pulmonary function reference equations with race-neutral average

equations.12

Mitigation that reaches backward

Transplant allocation shows mitigation after a biased tool has already shaped decisions. In July 2022 the

Organ Procurement and Transplantation Network mandated race-neutral eGFR calculations for kidney

transplant candidates; the change also required programs to identify waitlisted candidates who would

have qualified earlier under them.13 At one center, 60.3% of 126 Black patients evaluated qualified for a

modification, gaining a median 570 days; within 6 months, 26 of them (34%) had been transplanted, with

no significant difference in graft loss or mortality. It is a single-center retrospective study, but it shows

that correcting a tool can require finding the patients the old version affected.

4 When the instrument is the problem

Some bias sits in the measurement a clinician reads rather than in any model. Shi and colleagues’ meta-

analysis of pulse oximetry included 32 studies and 6,505 participants.14 Pulse oximetry probably

overestimates oxygen saturation in people with high levels of skin pigmentation, pooled mean bias 1.11%

(95% CI 0.29 to 1.93), and in people described as Black or African American, 1.52% (95% CI 0.95 to 2.09),

on moderate- and low-certainty evidence.
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The finding is narrower than the way it is usually repeated. The review judged mean bias small or

negligible in every subgroup and imprecision unacceptably large, with pooled standard deviations above

1%; taken jointly, measurements in all subgroups met an accuracy root-mean-square below 4%.14 This

review does not show that pulse oximeters fail on dark skin. It shows a small average bias in the direction

that makes a low saturation read higher, which the authors judge may be small in hospital settings and is

unknown in community settings.

FDA’s response is still a draft. It announced draft guidance on pulse oximeter performance testing on

January 7, 2025, based in part on concerns that skin pigmentation can affect accuracy, after advisory

panel meetings in November 2022 and February 2024.15 As of September 2026 FDA’s guidance page still

labels it a draft not for implementation, and no notice of a final version was located in the Federal

Register.

The reference standard for pain

Pierson and colleagues trained a model on knee radiographs to predict the pain patients reported, rather

than the severity radiologists graded.16 Radiologist-graded severity accounted for 9% (95% CI 3% to

16%) of racial disparities in pain; the algorithmic measure accounted for 43%, 4.7 times more (95% CI 3.2

to 11.8), with similar results for lower-income and less-educated patients. The authors note that severity

measures influence decisions such as arthroplasty. Here the shortfall lay in the human grading standard,

which the authors found captured less of underserved patients’ pain, and a grading scale used to support

clinical decisions reads as a “method” within the rule’s definition of a decision support tool.17

General-purpose language models reproduce the older errors. Omiye and colleagues put 9 questions to 4

commercial models, 5 times each, and found race-based medicine in responses from every model; asked

how to calculate eGFR, both ChatGPT-3.5 and GPT-4 produced runs promoting the use of race.18

5 The pain clinic’s own instrument

Opioid risk screening is where the rule meets pain practice most directly. The Opioid Risk Tool was

validated in 185 consecutive new patients at one pain clinic, followed for aberrant behaviors for 12

months.19 Its items cover personal and family history of substance abuse, age, history of preadolescent

sexual abuse and certain psychological diseases, and it reported c statistics of 0.82 for its male and 0.85 for

its female prognostic models.

Separate male and female models and an age item mean the tool employs input variables that measure

sex and age, the trigger in § 92.210(b) on its face, whether it is scored on paper or in software.2,17 The

rule does not say that using sex or age is discrimination. It says the covered entity must identify the use

and make reasonable efforts to mitigate the risk.
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A sex-specific item can come out without loss, at least in one sample. In Cheatle and colleagues’

development study, the original tool discriminated between patients with and without opioid use

disorder (OR 1.624; 95% CI 1.539 to 1.715); a weighted version eliminating the gender-specific

preadolescent sexual abuse item performed comparably (OR 1.648); and a revised unweighted version

without it, the ORT-OUD, performed notably better (OR 3.085; 95% CI 2.725 to 3.493).20 That is a

derivation result, not an external validation.

Klimas and colleagues’ systematic review found that assessment tools combining patient characteristics

and risk factors were not useful for identifying risk of prescription opioid addiction; only the absence of a

mood disorder appeared useful for identifying lower risk.21 A tool with weak discrimination overall

offers little basis for judging its fairness between groups.

WHAT  THIS  SECTION  DOES  NOT  RECOMMEND

This is not clinical guidance. The paper takes no position on whether or how any

opioid risk instrument should be used; it reports how the instruments are built, what

their studies found, and how the rule’s trigger applies to them.

TABLE  1

Four routes by which bias entered documented tools, and whether the input-variable trigger in § 92.210(b)

would flag the tool. The last column is this paper’s reading of the regulatory text, not an agency

determination.

Route Documented example Flagged by § 92.210(b)?

Explicit protected input Race-coefficient eGFR10; race-specific pulmonary function

equations12; Opioid Risk Tool, sex-specific models and age19
Yes

Label chosen as a proxy Care-management score trained on cost5,6 No, as described: race excluded,

bias through the label

Measurement or

reference standard

Pulse oximetry by skin pigmentation14; radiologist grading of knee

osteoarthritis16
No protected input

Learned from the data Chest radiograph classifiers7; race recoverable from images8 No protected input6

6 What § 92.210 requires

The instrument is the HHS final rule Nondiscrimination in Health Programs and Activities, 89 Fed. Reg.

37522–37703 (May 6, 2024), effective July 5, 2024.1 Paragraph (a) of § 92.210 states that “A covered entity

must not discriminate on the basis of race, color, national origin, sex, age, or disability in its health
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programs or activities through the use of patient care decision support tools.” Paragraph (b) imposes an

“ongoing duty to make reasonable efforts to identify uses” of tools “that employ input variables or

factors that measure race, color, national origin, sex, age, or disability.” Paragraph (c) requires, for each

tool so identified, reasonable efforts “to mitigate the risk of discrimination resulting from the tool’s use.”2

A patient care decision support tool is “any automated or non-automated tool, mechanism, method,

technology, or combination thereof used by a covered entity to support clinical decision-making in its

health programs or activities.” A covered entity includes any recipient of federal financial assistance.

Paragraph (a) applied from July 5, 2024; paragraphs (b) and (c) carried a compliance date 300 days later,

May 1, 2025.17

Who is covered

HHS announced with the rule that, for the first time, it would treat Medicare Part B payments as federal

financial assistance for the civil rights laws it enforces, so that providers and suppliers receiving Part B

funds are prohibited from discriminating on these bases.1,22 On that reading, a physician practice billing

Part B is a covered entity. The preamble applies § 92.210 regardless of size, while stating that “the size

and resources of the covered entity will factor into the reasonableness of their mitigation efforts and their

compliance with § 92.210.”1

What the preamble says reasonable efforts involve

The regulation does not define “reasonable efforts”. For identification, the preamble lists factors OCR

may weigh: size and resources, since “a large hospital with an IT department and a health equity officer

would likely be expected to make greater efforts to identify tools than a smaller provider without such

resources”; whether the tool was used as its developer intended or was adapted; whether the developer

disclosed the potential for discrimination or the entity learned that the inputs include a protected

characteristic; and whether the entity has a method for evaluating tools, such as asking the developer,

reviewing the literature, drawing on medical associations or analyzing complaints.1 For mitigation it

repeats examples from the proposed rule: written policies and governance for how tools are used,

monitoring impacts and handling complaints, and training staff.

The input-variable trigger was deliberate. OCR wrote that it “recognizes the challenges in identifying the

discriminatory potential of every use of each patient care decision support tool, and therefore § 92.210(b)

requires covered entities to make reasonable efforts to identify tools that employ input variables based on

a protected basis.”1 La Cava and colleagues note the consequence: ongoing attention is required only for

tools using protected attributes as inputs, while many widely cited examples of bias involve tools that do

not.6 The general prohibition in paragraph (a) still reaches every tool; the duties to look and to mitigate

do not.

The scope stops at clinical decisions. Where unrelated to clinical decision-making affecting patient care, §

92.210 does not apply to administrative, billing, coding, scheduling, supply-chain or staffing tools, among

others.1 Part 92’s general prohibition on discrimination in a health program is not confined to clinical
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tools.17

The preamble also counted on the certification program, expecting the ONC decision support

interventions criterion, 45 C.F.R. § 170.315(b)(11), to “work in tandem with § 92.210” by letting a covered

entity learn from a developer whether an intervention relies on attributes that measure a protected

characteristic.1 The HTI-5 proposed rule of December 29, 2025 would reduce the scope of that criterion

“to fully remove the artificial intelligence (AI) ‘model card’ requirements”; comments closed February

27, 2026, and no final rule had appeared in the Federal Register as of late September 2026.23

TABLE  2

What § 92.210 requires of a covered entity, and what it does not. Status as of September 2026.

Provision Requires Does not Date

§

92.210(a)2
No discrimination on six bases through the use of

any patient care decision support tool

State an intent or effects standard in its text July 5,

2024

§

92.210(b)2
Ongoing reasonable efforts to identify tools whose

inputs measure a protected characteristic

Require identifying tools whose bias runs through

labels, measurement or training data

May 1,

2025

§

92.210(c)2
Reasonable efforts to mitigate the risk for each

identified tool

Require removing the tool or the variable, or set

any test, metric or threshold

May 1,

2025

7 Status in September 2026

The litigation over the rule concerned gender identity, not algorithms. In Tennessee v. Kennedy, No. 1:24-

cv-161-LG-BWR, the U.S. District Court for the Southern District of Mississippi preliminarily enjoined the

gender-identity provisions on July 3, 2024 and on October 22, 2025 entered final judgment vacating §§

92.101(a)(2)(iv), 92.206(b)(1)–(4), 92.207(b)(3)–(5), 92.8(b)(1), 92.10(a)(1)(i) and 92.208, with related

CMS provisions, to the extent they expand Title IX’s definition of sex discrimination to include gender

identity.4 HHS’s notice of the vacatur, published June 2, 2026, states that the rule’s other provisions

remain in force. Section 92.210 is not among those vacated.

OCR said it would continue to enforce the rule’s protections against discrimination based on race, color,

national origin, age, disability and the aspects of sex discrimination the order did not affect.24 The

electronic Code of Federal Regulations, current to September 24, 2026, shows § 92.210 as published in

2024.2 A search of Federal Register documents affecting part 92 found no proposed rule published since

the 2024 final rule.

The enforcement environment moved

Executive Order 14281, signed April 23, 2025, declared a policy “to eliminate the use of disparate-impact

liability in all contexts to the maximum degree possible” and directed agencies to deprioritize

enforcement of statutes and regulations to the extent they include disparate-impact liability.25 On July 24,
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2026 HHS removed the disparate-impact provisions of its Title VI regulations, including 45 C.F.R. §

80.3(b)(2), in a final rule effective on publication and issued without prior public comment, stating that

Title VI prohibits only intentional discrimination.26

The interaction with Section 1557 is unresolved in the documents. Section 92.101(b)(1)(i) requires

recipients to comply with the specific prohibitions in HHS’s Title VI regulations at part 80,17 yet the July

2026 rule does not mention Section 1557, part 92 or § 92.210.26 Section 92.210(a) states no intent

requirement. The mechanisms in sections 2 to 4, a neutral label or instrument producing a racial effect,

are in structure cases of effect without intent, and no document located says how OCR would treat a §

92.210 complaint of that kind. This review located no published OCR enforcement action or resolution

agreement citing § 92.210.

WHAT  THIS  PAPER  WILL  NOT  CLAIM

It does not claim that § 92.210 reaches, or does not reach, disparate impact; no court or

agency document located decides that. An executive order directs agency enforcement

and does not amend § 92.210, and enforcement priorities are not repeal. Nothing here

is legal advice. Each status statement is dated to September 2026 and should be

rechecked.

8 Reasonable efforts for a practice that buys its tools

The preamble’s factors describe inquiry more than statistics,1 which suits a small practice, because the

statistical route is largely closed to it. La Cava and colleagues illustrate the arithmetic with 198,823

emergency department admissions at one academic medical center from 2011 to 2019, grouped by sex,

race, age and language preference, the last a proxy for national origin, which yields 270 groupings.6

Detecting an outcome prevalence of 20% against 50% needs at least 175 samples per group, available in

every single-attribute group but only about 65% of four-way intersections; detecting 40% against 50% is

possible in only 20% of them. An independent practice sees a fraction of that volume, so local testing

mostly cannot separate bias from noise, and evidence of fairness would have to come largely from the

developer or external validation.

Hospitals are not far ahead. Using the 2023 American Hospital Association Annual Survey Information

Technology Supplement, Nong and colleagues found that 65% of US hospitals used predictive models,

79% of those from their EHR developer; 61% of users evaluated models locally for accuracy but only 44%

for bias.27
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Properties any system would need

1. An inventory that includes paper. The definition covers non-automated methods, so a questionnaire,

a grading scale or a laboratory-reported equation belongs on the list with software.17

2. Inputs, labels and measurements recorded for each tool. The inputs answer the question § 92.210(b)

asks;2 what the tool predicts and which instrument supplies its inputs answer the questions the

evidence says matter more.5,14

3. Developer disclosures kept. The preamble treats developer information as a factor and relied on

certified source attributes to supply it, a supply now proposed for removal.1,23

4. A recorded mitigation for each identified tool. Written policy, staff training and a complaint route

are the preamble’s own examples, and each should leave evidence that it happened.1

5. The ability to look back. When a tool changes, as eGFR did, the patients whose decisions rested on

the old version have to be found,13 which requires knowing which version of which tool produced

each value in the record.

6. Monitoring stated with its limits. Subgroup outcome monitoring is worth doing where volume

allows and should say where it does not.6 An expert panel convened by AHRQ and the National

Institute on Minority Health and Health Disparities adds transparency, explicit fairness trade-offs

and accountability for outcomes.28

9 What survives

Five statements are supported. Many of the most widely cited cases of bias in clinical algorithms arose

through the label, the measurement or the training data, and “race was not an input” does not establish

its absence.3,5,7,8 Where race was an input, removing it redistributed error and a better measurement

reduced it.10,11 Section 92.210 is in force, survived the 2025 vacatur, reaches practices paid under

Medicare Part B on HHS’s 2024 interpretation, and has required identification and mitigation since May

1, 2025.2,4,17,22 Its trigger catches tools with sex or age inputs, including a commonly used opioid risk

tool, and misses a cost-trained score whose bias ran through its label.6,19,20 And federal policy on effects-

based discrimination has moved without saying what that means for § 92.210.25,26

Three things would settle what remains open: a statement from OCR on how it reads § 92.210 after the

July 2026 Title VI rule; a final decision on HTI-5’s model-card provisions; and outcome studies of

mitigation in practice, since most evidence that algorithms widen or narrow disparities is still modeling.3

Until then, the rule’s text and the evidence together point to knowing which tools are in use, what they

take in, what they predict and how their inputs are measured, and to recording what was done about

each.
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