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Abstract: Clinical algorithms are widely used tools for predicting, diagnosing, and managing diseases. However, race correction in
these algorithms has faced increasing scrutiny for potentially perpetuating health disparities and reinforcing harmful stereotypes. This
narrative review synthesizes historical, clinical, and methodological literature to examine the origins and consequences of race
correction in clinical algorithms. We focus primarily on developments in the United States and the United Kingdom, where many race-
based algorithms originated. Drawing on interdisciplinary sources, we discuss the persistence of race-based adjustments, the implica-
tions of their removal, and emerging strategies for bias mitigation and fairness in algorithm development. The practice began in the
mid-19th century with the spirometer, which measured lung capacity and was used to reinforce racial hierarchies by characterizing
lower lung capacity for Black people. Despite critiques that these differences reflect environmental exposure rather than inherited
traits, the belief in race-based biological differences in lung capacity and other physiological functions, including cardiac, renal, and
obstetric processes, persists in contemporary clinical algorithms. Concerns about race correction compounding health inequities have
led many medical organizations to re-evaluate their algorithms, with some removing race entirely. Transitioning to race-neutral
equations in areas like pulmonary function testing and obstetrics has shown promise in enhancing fairness without compromising
accuracy. However, the impact of these changes varies across clinical contexts, highlighting the need for careful bias identification and
mitigation. Future efforts should focus on incorporating diverse data sources, capturing true social and biological health determinants,
implementing bias detection and fairness strategies, ensuring transparent reporting, and engaging with diverse communities. Educating
students and trainees on race as a sociopolitical construct is also important for raising awareness and achieving health equity. Moving
forward, regular monitoring, evaluation, and refinement of approaches in real-world settings are needed for clinical algorithms serve
all patients equitably and effectively.
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Introduction

Clinical algorithms are decision-making tools designed to assist health care providers in predicting, diagnosing, and
managing diseases. These tools are widespread in health systems and can range from simple flowcharts to increasingly
complex models deploying artificial intelligence (AI). One notable practice in the development of such algorithms is race
correction, which adjusts clinical calculations based on the patient’s racial or ethnic background. In its simplest form, this
involves applying a multiplicative factor to the calculated clinical value for individuals identified as belonging to
a specific racial or ethnic group. These adjusted values influence critical clinical decisions, including diagnoses,
treatments, and referral thresholds.'
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However, race correction has come under increasing scrutiny for its potential to perpetuate health disparities and
reinforce harmful stereotypes.>® For instance, race-based adjustments in estimated glomerular filtration rate (eGFR)
increases the calculated value for Black patients by approximately 16% to match White counterparts. The biological
conjecture was that the higher average serum creatinine levels, used to calculate eGFR, were due to greater muscle mass
of Black Americans.* This race correction artificially elevated kidney function in Black patients, which delayed disease
diagnosis and eligibility for transplants.” Critics argue that race correction generally lacks a robust scientific basis and is
a sociopolitical construct based on physical characteristics, such as skin color and facial features, and an imprecise proxy
for continuous genetic diversity and lifelong environmental exposures. Algorithmic race correction essentially over-
emphasis the role of biology often based on outdated and unproven theories. This overemphasis leads to a neglect of the
role of true drivers of health disparities relevant to current health, such as socioeconomic factors and structural racism.’

In response, there is a growing momentum within the medical community to reassess and, where necessary, eliminate
race-based adjustments in clinical algorithms. However, simply removing race-based adjustments may inadvertently
worsen algorithmic fairness because the clinical goal and operational context of the model plays a significant role.?

This narrative review examines historical misconceptions, primarily from the United States and the United Kingdom,
that have embedded race into clinical algorithms. We adopt an interdisciplinary analytic framework, drawing on
historical epidemiology, public health ethics, and fairness metrics to examine the origins, consequences, and reform of
race correction in clinical algorithms. We also incorporate recent guidance and highlight actionable strategies for clinical
researchers, epidemiologists, and health data scientists to improve algorithmic fairness and equity in healthcare.

Historical Background
Ironically, the lungs - organs highly influenced by environmental factors - were among the first to be mischaracterized by
the flawed genetic determinism that underpins many race-based medical adjustments. The development of lung function
measurement, as meticulously documented by the late Lundy Braun,® ® illustrates how epidemiological oversights, such
as confirmation bias, causal misinference and residual confounding, contributed to the emergence of race correction.

The origins of technical race correction in medicine can be traced to the mid-19th century with the invention of the
spirometer by Dr. John Hutchinson at University College London.*® Hutchinson’s spirometer gained acclaim for
quantifying the relationship between height and lung capacity through compelling visual data, lending both biological
and statistical credibility to the device.

In the United States (US), the spirometer was quickly co-opted to reinforce racial hierarchies. Samuel Cartwright,
a plantation physician, adapted the device to compare lung function between enslaved Black Americans and free White
Americans. Using data that showed Black individuals had, on average, 20% lower lung function, Cartwright concluded
that this disparity was evidence of Black people’s supposed biological fitness for enslavement.’ Subsequent researchers
observed similar racial and ethnic disparities in lung function, but influenced by confirmation bias, attributed these
differences to innate biology without critically examining alternative explanations.® They overlooked residual con-
founding of their causal biological theory by social and environmental factors such as malnutrition, poor living
conditions, and limited access to healthcare.

However, the nature above nurture hypothesis did not go unchallenged at the time. Black scholars, including

prominent mathematician Kelly Miller, criticized these arguments. Miller dismantled the notion of a “malignant,
8,10

995

capricious ‘race trait’” with mathematical precision, exposing the flawed reasoning underpinning these claims.
However, these critiques did not receive the attention they deserved and the belief in race-based differences in lung
capacity endured in the medical literature for the next two centuries.

By the 1960s, the rise of genetics as a dominant scientific paradigm further sidelined environmental explanations for
racial disparities in health outcomes.” A pivotal 1974 study published in The International Journal of Epidemiology
compared lung function between Black and White asbestos workers but failed to account for the complex social and
environmental factors at play.'' The study reported a 13% difference in lung function, which was subsequently encoded
(with modifications) into spirometers and the corresponding software worldwide. These artificial uplifts in lung function
for people identified as Black or Asian raised the bar for a clinical diagnosis and removed the role of true drivers of
health disparities, such as socioeconomic factors and structural racism.’ Despite objections, such as those from Jonny
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Myer in apartheid South Africa, who highlighted social determinants over inherent racial traits, these adjustments have
persisted and have potentially underdiagnosed lung disease in vulnerable minority populations across the world.'? Myer
was an early advocate for universal lung function standards to ensure equitable disease prevention and worker
compensation.

By the late 20th century, race-based adjustments were widely incorporated into clinical algorithms, influencing
decisions ranging from kidney transplant eligibility to birth plans and cardiovascular treatments.""'> However, the
early 2020s marked a turning point in the scrutiny of race-based medical practice. Firstly, the COVID-19 pandemic
disproportionately impacted minority communities in high-income countries. While early discussions centered on
biological factors like vitamin D, attention soon shifted to the real drivers, such as intergenerational living, supported
in part by the availability of large, representative health datasets.'* Then, the murder of George Floyd catalyzed
widespread calls for systemic reform under the banner of the Black Lives Matter movement. These two events have
brought global attention to racial inequities across healthcare, education, and economy. In response, medical institutions
began reassessing their practices and initiating reforms in education, clinical training, and healthcare delivery to address
racial bias. For the first time, clinical algorithms incorporating race have faced unprecedented levels of scrutiny, ushering
in a critical reevaluation of their role in perpetuating health disparities.

Modern Data Science and the Reproduction of Structural Bias

Despite growing awareness of racial bias in clinical algorithms, many contemporary data science practices continue to
replicate discredited assumptions under the guise of neutrality. This has been powerfully critiqued by Ruha Benjamin
(2019), who coined the term “The New Jim Code” to describe how seemingly progressive technologies can reinforce
racial hierarchies.'> In the context of clinical algorithms, this manifests in models that exclude race as a variable but still
encode racial bias through proxies, historical data, and structural inequities embedded in the healthcare system.

The illusion of neutrality in algorithmic design is sustained by the widespread belief that data are objective, apolitical,
and detached from social context. But data are deeply shaped by the historical and institutional settings in which they are
collected. Clinical datasets, for example, often encode longstanding disparities in healthcare access, diagnosis, and
treatment. When these datasets are used to train algorithms without critical scrutiny, they risk reinforcing the very
inequities they purport to mitigate. This dynamic aligns with Michel Foucault’s (1976) concept of biopolitics, where
power operates through the regulation of populations and bodies by means of apparently neutral institutions, discourses,
and technologies.'® Clinical algorithms, in this sense, are not simply tools for enhancing diagnostic precision; they are
technologies of governance that can normalize structural racism under the banner of efficiency and scientific rationality.

For example, algorithms trained on electronic healthcare records (EHRs) may inherit biases from historical under-
diagnosis or undertreatment of racialized groups. Even when race is excluded as an input, other variables, such as
insurance status or comorbidity patterns, can serve as proxies, leading to disparate outcomes. Without deliberate efforts
by researchers to identify and mitigate these patterns, algorithmic outputs may appear neutral while reproducing racial
disparities in care.

This issue is particularly problematic in the case of proprietary algorithms and opaque Al systems, where the
underlying data, model architecture, and decision-making are not publicly disclosed. Such opacity limits the ability of
clinicians, patients, and regulators to scrutinize or challenge biased outcomes. It also undermines accountability, as
developers can claim neutrality while concealing the assumptions and trade-offs embedded in their models. The lack of
transparency in commercial Al tools applied to healthcare raises serious ethical concerns, especially when these tools
influence high-stakes decisions such as diagnosis, treatment eligibility, or resource allocation.

Clinical Context Matters

Amid growing political and societal pressure, numerous medical organizations in the US and Europe are actively
reassessing their use of race in clinical algorithms, with some institutions and researchers initiating the removal of race-
based adjustments entirely.'” ' Algorithms in fields such as obstetrics and nephrology quickly implemented race
redaction by 2021 as the biological justification for racial adjustments was particularly tenuous.'* However, other groups
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have advocated for a cautious approach, warning that the removal of race - a strong predictive factor - could
unintentionally exacerbate disparities.?® >

The transition to race-neutral Global Lung Function Initiative (GLI) equations demonstrates this delicate balance of
aiming to improve equity while addressing concerns about the unintended consequences. In 2023, the European
Respiratory Society (ERS) and American Thoracic Society (ATS) endorsed new GLI equations that entirely removed
race as a variable by averaging lung function across groups.** This transition from race-specific GLI-2012 to race-neutral
GLI-Global equations is estimated to have enhanced health equity by improved recognition and ecarly diagnosis of
respiratory disease in Black people.”> 7 A retrospective study that examined all patients listed for lung transplantation in
the US between 2009-2015 found evidence that race-neutral equations may also improve access to lung transplantation
in Black patients.”® In terms of lung-transplant priority, race-neutral equations were predicted to reduce inequities by
reducing wait times for Asian and Black candidates by 4.3 days while increasing times for Hispanic and White
candidates by 1.1 days.*® Eligibility for payments for impairment-based compensation were also estimated to double
in Black adults and decrease by 25% in White adults.?®

Despite these potential equity improvements, concerns regarding the unintended consequences of race-neutral GLI
equations persist. Potential issues include overdiagnosis, exclusion of minorities from professions requiring lung function
tests, denial of certain treatments such as lung cancer resection, and increased life insurance premiums.”’ For example,
modeling studies have indicated that race-neutral equations may increase disqualifications from professions requiring
lung function tests, such as firefighting for Black adults while decreasing disqualifications for White adults.*® Another
study presented hypothetical scenarios to American surgeons and found that switching to race-neutral PFT may reduce
lung cancer surgery referrals for Black patients from 79% to 53%.%

Following a comprehensive review of the literature on race and ethnicity in clinical algorithms, The Agency for
Healthcare Research and Quality (AHRQ) in the US provided a balanced perspective in 2024, concluding that the
benefits and risks of race removal depend heavily on the specific clinical context.” This suggests that, while race-based
algorithms can perpetuate health disparities, their complete removal may inadvertently lead to underdiagnosis or under-
treatment in certain populations. With growing confusion regarding how to approach race and ethnicity in clinical
algorithms, a panel of 14 leading experts and stakeholders convened to provide some clarity.>* The outcome is a living
document: The Guidance for Unbiased predictive Information for healthcare Decision-making and Equity (GUIDE).*
The guidance is intended as a framework to consider trade-offs in the inclusion or exclusion of race in clinical algorithms
and distinguishes algorithmic bias from fairness. The guidance cautions against race redaction without first exploring the
context and goal-specific impact on algorithmic bias and fairness.

Therefore, researchers are tasked with carefully examining algorithmic bias on a case-by-case basis, considering the
full pipeline from conception to dissemination.

How Can Epidemiologists Contribute to Improving the Algorithmic

Fairness?

In 2019, the FDA mapped the Total Product Lifecycle (TPLC) approach on the US regulation of medical devices onto
clinical algorithms using Al that could be considered devices.>® The comprehensive pipeline has since been updated to
incorporate equity and methods to reduce bias in every phase.’® This ranges from considering which diseases to target to
post-market performance surveillance. We adapted the framework and highlighted the roles and responsibilities of
epidemiologists and health data scientists in this process. A summary is provided in Figure 1.

Conception

During the conceptualization of clinical algorithms, developers should consider health conditions and relevant care
processes and prioritize diseases that disproportionately affect underserved populations. Engaging patients and community
stakeholders from historically marginalized racial and ethnic groups during this initial phase could help identify disease-
specific inequities and ensure that the algorithm addresses the unique challenges faced by these communities.*' >* Beyond
engagement, involving co-production processes which entails involving patients and representatives from underserved
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Figure | An adapted framework highlighting the roles and responsibilities of epidemiologists and health data scientists in improving algorithmic fairness.

populations directly and throughout the development processes to increase both transparency and inclusiveness of the
algorithms. Co-production means that any intervention (here algorithm) is informed by lived experiences and context-
specific knowledge that may not be captured by medical data alone. The goal of the algorithm also needs to be clarified at an
early stage to understand potential issues around bias versus fairness, as highlighted in The GUIDE.** In the prediction
context, bias refers to variations in accuracy across subgroups, due to a lack of validation of model predictors in minority
groups. Whereas unfairness may arise in limited resource situations, where there are conflicts between fairness and
priorities. For models where the primary goal is shared patient-clinician decision-making (eg, prostate biopsy referral),
the main concern is bias due to differential accuracy across subgroups, resulting in low specificity of prediction model
outcomes and over-investigation of individuals from minority groups.**>® Whereas both bias and unfairness can arise in
models intended to allocate finite health resources (eg, transplant prioritization). High accuracy in this context may not
necessarily lead to equitable distribution of resources.®’

Design

Diverse Teams and Samples

Once the condition and goal have been clarified and the next phase considers how the algorithm is designed. Involving
patients and community members from historically marginalized racial and ethnic groups in initial qualitative research or
algorithm co-development is central to creating inclusive and equitable healthcare solutions.*'*? For example, qualitative
research suggests that patient-led approaches during the design phase may have avoided the incorporation of race in
vaginal birth after c-section (VBAC) calculators that led to racial inequities in counseling.>® Researchers and developers
who engage and recruit diverse teams of professionals and public members early in the process can draw on a wide range
of perspectives, experiences, and cultural insights to proactively identify input variables, biases, and gaps in algorithm
design and evaluation.**** This ensures that the algorithms are culturally appropriate, accessible, and effective for
diverse communities.***' Engaging diverse communities in algorithm development will also require work to improve
public trust in health research, data collection and use of health data in clinical algorithms, which historically have been
lacking due to unethical research and neglect of diverse groups in recruitment to clinical research.***

New clinical algorithms are increasingly expected to demonstrate effectiveness, equity, and value for money in
the real-world setting, which requires core expertise beyond epidemiology, medicine, and health data science during
the design phases. For example, in their comprehensive review of the evidence base, the AHRQ emphasized the
need for a move away from quantitative simulation and more direct observation and evaluation of the downstream
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consequences of clinical algorithms.? By broadening the scope of expertise involved in the algorithm design-phase
to include expertise in clinical practice, qualitative research, health equity, health economics, trials, and implemen-
tation science, researchers can better anticipate and address potential challenges in clinical application and patient
outcomes.

It is also important to identify or design the collection of a large representative dataset with minimal potential for
current and historical bias. Ensuring the data represents the full diversity of the underlying population with large samples
for minority groups is particularly important for accuracy and downstream mitigation. For example, in 2018, the AMA
revised the pooled cohort equations for CHD by using a more diverse dataset.** Although the original algorithm
overestimated the risk for most patients, potentially leading to unnecessary treatment, the new version was significantly
better at predicting risk, especially for Black Americans. A subsequent investigation reported that the revised algorithm
improved equity by reducing differences in risk assessment and recommendations for statin use between Black and White
patients.*’

One of the advantages of using routinely anonymized EHRs for algorithm design in more socialized healthcare
systems with fewer access restrictions, such as the UK, is that it provides researchers with access to large
longitudinal datasets that are broadly representative of the underlying population. Many of the current QRISK
algorithms implemented by the UK’s National Health Service for cancer, cardiovascular and kidney disease were
derived using representative EHRs from primary and secondary health care settings.*®*” There have however been
concerns about QRISK algorithms generalizability due to variation between general practices in coding style,
completeness of data and patient case-mix (variation in risk factors for disease).*® Given the uncertainty, research
has led to suggestions that these tools should be used with additional input including clinical interpretation and
incorporation of causal risk factors that better capture the unmeasured heterogeneity between different general
practices.*®

Using data from the intended settings of an algorithm is important. If an algorithm is developed using data from
populations with regular healthcare access but deployed in underserved communities with barriers to access including
language barriers and discrimination, it risks perpetuating inequities due to differential access and disease detection.
The age of the data also matters, as historical data often contain biases from misclassification, missing data, or historical
inequities in care access and quality.’® Additionally, we should consider whether label bias affects the outcome, where
measured and true outcomes may systematically differ by race or ethnicity.”> Such inaccuracies can lead to biased
algorithms that misrepresent disease prevalence or severity across groups.

Measuring Race and Ethnicity

When developing clinical algorithms, it is important to consider the justification for incorporating race or ethnicity and
offer a clear explanation when publishing findings. Specifically, consider whether including these factors might reinforce
the flawed concept of race as a biological construct or if it was necessary to represent the impacts of systemic racism to
address inequalities.’

If there are strong reasons to include or explore race for bias detection and mitigation, the next consideration is the
measurement. Epidemiologists and health data scientists involved in algorithm development frequently work with pre-
collected data using broad ethnic and racial categorizations and therefore have limited influence over how race and
ethnicity were originally recorded. With routinely collected EHRs, where the data are intended for patient management
rather than research, and data collection methods vary between patient- or clinician-collected, developers often deal with
misclassification and missing data, which can hinder the evaluation of algorithmic bias and fairness across groups. While
difficult to address in the short-term, it is possible to advocate for better explanation to the public as to why accurate
ethnicity data needs to be collected, consistent collection and improved quality of ethnicity data as members of the
HDRUK are doing in the UK.%! In countries such as France, Canada, and the Netherlands, the collection of data on
protected characteristics such as race and ethnicity is often prohibited; therefore, addressing bias in these settings is not
possible.
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Development

Adding or Replacing Variables

In some contexts, removing race from an algorithm may have no major impact on the model accuracy. A prospective
cohort study of White, Black, Hispanic, and Asian adults found that race-neutral equations had similar accuracy to the
race-specific version in terms of predicting chronic lower respiratory disease events and mortality.>* Initially developed
in 2007, the VBAC calculator included race as a variable, assigning Black and Hispanic women a 15-18% lower
likelihood of success than White women, despite no clear biological basis for this adjustment.'>>® Further external
validation of the calculator in ethnically diverse cohorts in the US, Canada, and Sweden found no evidence that adding
race categories meaningfully improved model performance.’*>’

Several studies have shown that replacing race with other clinical variables can improve performance in terms of
accuracy. For example, the race-neutral VBAC calculator introduced in 2021 replaced race with clinical factors such as
chronic hypertension while maintaining equivalent model performance.’® In 2020, the American Heart Association
(AHA) introduced the PREVENT model, a race-neutral alternative developed using over six million diverse electronic
health records.”’ By replacing race with biomarkers, medication history, and metrics of social deprivation, PREVENT
demonstrated predictive performance comparable to that of the earlier ASCVD model across racial groups. However,
improved or maintained model performance may not always translate into algorithmic fairness. For instance, while
transitioning from ASCVD to race-neutral PREVENT maintained accuracy, it halved high-risk estimates for Black adults
(10.9% vs 5.1%), potentially limiting their access to statins and other preventive interventions.”® Given the well-
documented barriers Black patients face in accessing healthcare, some cardiologists have raised concerns that
PREVENT could inadvertently worsen treatment disparities and exacerbate health inequities.

Accurately understanding and measuring causal social and biological determinants in large datasets is essential for
developing clinical algorithms that reflect true health disparities, ensure equitable care, and avoid perpetuating biases or
inaccuracies in decision making. The challenge for algorithm developers is identifying and measuring these variables and
will likely require involvement of underserved communities in design as discussed above.

Social Determinants
Using race as a proxy for genetic or biological factors oversimplifies the complex social determinants of health (SDoH),
which are often the true causes of observed differences in health outcomes.>® For example, a study that included 48,170
NHANES participants found that adjusting for several SDoHs, including income, food security, and education, com-
pletely mediated the 60% higher premature mortality observed for Black people relative to White.®® However, social
determinants are not reliably coded in large-scale EHRs that are increasingly used to develop and validate clinical
algorithms.“’62 While measures of social deprivation can be inferred from address data, these are often outdated, derived
for a given area (not household), and sometimes categorized into quantiles, further aggravating precision. For example,
the largest providers of UK EHRs include a composite measure of social deprivation determined at the area level, divided
into quantile scores and last updated in 2011 following the Census.®®®® This is the deprivation measure used in the most
recent QRISK CVD tool updated in 2024.*® However, the PREVENT score demonstrated that even an imprecise measure
of SDoH can replace race and improve or at least maintain accuracy, although there are still disagreements regarding the
outcomes for CVD treatment equity.”®

Researchers have applied large language models (LLMs) to extract SDoH from EHR codes and free-text data with
some success.®**> For example, a machine learning (ML) analytic pipeline was applied to the EHRs of 10,192 US-based
patients to estimate an individualized polysocial risk score (iPsRS) and help identify type II diabetic patients at a high
social risk for hospitalization.®> The team applied causal Al techniques to identify modifiable risk factors and optimize
algorithmic fairness. They found that individual-level SDoH (eg, marital status, financial, and educational status) was
more important than contextual measures (eg, murder rate per 1000 population) for predicting hospitalization, but these
had high levels of missingness in the EHRs. For instance, housing stability had a particularly strong predictive value but
was missing in 58% of the cohort.

Rather than relying on routine clinical data to derive SDoH, external linkages with existing environmental, educa-
tional, and social data sources at the household or person level are arguably the most effective and unbiased way to
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obtain a more complete picture. Linking external data with electronic EHRs faces challenges in terms of accuracy
because of inconsistent and incomplete data and acceptability, as patients and providers may have concerns about privacy
and data use and governance. A lack of standardized protocols for data integration can exacerbate these issues. Future
research on data linkage should focus on developing robust data standards and interoperability frameworks to enhance
data accuracy, governance and public trust.®®® Additionally, increasing stakeholder engagement and education can
improve the acceptability and support of integrating SDoH data into EHRs.

Supporting the integration of external data sources, deployment of Al techniques, and the promotion of non-clinical
data recording by healthcare professionals will all enhance capacity to capture SoDH and produce more precise, fair
algorithms.

Biomarkers and Omics

In addition to better measuring the external environment, many researchers advocate the inclusion of biomarkers,
including genomics, to create race-neutral algorithms by focusing on individual genetic profiles rather than ethnic and
racial categories. These algorithms can theoretically reduce health disparities by identifying genetic risk factors specific
to individuals rather than relying on racial generalizations that are a poor proxy for continuous human genetic diversity.

However, early examples of this personalized approach were not encouraging in terms of accuracy. For example, one
of the first genetic tests approved in the US for the purpose of guiding treatment, in this case irinotecan chemotherapy,
produced a “null” result for 20-30% of people with recent African ancestry compared with 0% for White Europeans.®’
Subsequent investigations on replacing or supplementing race with genetic data have shown more promise with improved
kidney graft failure prediction’® and warfarin dosing for Black patients.”’

Genetics plays a strong and relatively simple role in the outcomes of these three examples. For more complex
diseases, such as CVD, the explanatory role of genetics is often weaker and multifactorial, involving many genetic
variants generally compiled by researchers into disease-specific polygenic risk scores (PGS). The addition of PGS to the
original CVD ASCVD risk tool resulted in modest improvements in 10-year CVD prediction for all ethnic categories
examined (net risk reclassifications of 3-9%), but a limited impact on reducing ethnic variation in the C statistic used to
measure model discrimination.”? In general, the portability of these tools, typically trained in European populations, to
other racially and ethnically defined groups is demonstrably low.”® A recent analysis of the general PGS landscape has
highlighted the poor performance of PGS in screening, prediction, and risk stratification.”* The cost-effectiveness of
integrating genomic screening with clinical algorithms remains a subject of debate, alongside the issue of the equitable
distribution and uptake of these services across diverse healthcare systems. By focusing on PGS and not questioning
what we are attempting to measure, there is also the risk of reinforcing the genetic determinism that underlies
problematic race-based algorithms. On balance, while genetic and PGS approaches may hold value in developing race-
neutral algorithms for health outcomes with a strong genetic component, the value for more complex multifactorial
diseases seems less promising. Focusing on methods to identify and incorporate strong SDoH may hold more value for
developers of complex disease/prognosis algorithms.

The incorporation of circulating biomarkers has also been studied as an alternative to race in clinical algorithms,
particularly in the field of kidney function. Following evidence of harm in terms of timely referrals, exclusion from trials,
and kidney transplant lists, several major bodies, including the National Kidney Foundation, American Society of
Nephrology, and the UK National Institute for Health and Clinical Excellence, simultaneously recommended the
redaction of race from clinical algorithms estimating eGFR.*”> Studies have characterized several biomarkers that
may offer a more accurate and inclusive approach to estimating kidney function and other health metrics without relying
on race as a variable.”®’” Cystatin C, beta-2 microglobulin, and beta-trace protein are emerging as promising alternatives
for developing race-neutral algorithms for estimated glomerular filtration rate (eGFR).”®’® For example, race-neutral
eGFR equations with creatinine and cystatin C are more accurate and result in smaller differences in observed versus
eGFR between Black and non-Black patients than equations without race with either creatinine or cystatin C alone.”®
A systematic review on bias and accuracy in US-based eGFR equations supported the role of cystatin C but emphasized
that the solution to the disproportionate burden of kidney failure on Black Americans is multifaceted and should also
include effective disease prevention, tackling SDoH, and systemic racism.”
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Before incorporating new biomarkers, it is important to consider the evidence that these measurements are racially
invariant to minimize the risk of bias in the algorithm output.* Furthermore, any improvements in accuracy and
reduction in bias resulting from the addition of biomarkers to existing algorithms will need to demonstrate value for
health systems with finite resources. Even inexpensive biomarkers that significantly improve model discrimination may
not be cost-effective.®’

Bias Detection

An initial examination of the training data can identify imbalances or underrepresentation of certain groups. Analysts can
identify potential algorithmic bias by breaking down model performance metrics (eg, C statistic, AUC) and explanatory
power (eg, R?, pseudo R?) by ethnic and racial categories. For example, the most recent iteration of a CHD risk tool used
extensively across the UKs National Health Service reported the C statistic for ethnic groups.*® This highlighted clear
differences in model performance, and the addition of nine additional clinical variables had no strong impact on reducing
these differences.

In addition to the performance measures, the clinical context and goal of the algorithm could necessitate multiple bias
metrics.® These might include anti-classification (effect of protected attributes on predictions), calibration (difference
between predicted risk and observed risk), optimizing equalized odds (sensitivity and specificity are similar across all
groups) and predictive parity (positive predictive values are similar across groups). However, the choice requires careful
consideration of the goal of the model owing to compatibility issues.®” GUIDE recommends against the use of
classification measures that are sensitive to disease prevalence (eg, sensitivity and specificity) when exploring bias.*
Model inputs may also have undergone previous race adjustments, such as lung function tests. It is important to identify
such variables and evaluate the possibility of eliminating adjustments in the main model, or as part of a sensitivity
analysis.

Statistical Mitigation
For researchers that identify potential issues with algorithmic bias and fairness,”> a rapidly increasing number of
statistical mitigation strategies have been reported to improve fairness for author-selected metrics.*>** In some contexts,
these algorithmic debiasing methods produce fairer models than removing race from training data.®®

Opportunities for statistical bias mitigation broadly fall into three stages for Al (and traditional) modelling strategies:
preprocessing, in-processing and postprocessing (Table 1).%-%¢
Preprocessing
Preprocessing refers to general data cleaning and the conversion of raw data into a format appropriate for analysis. It is
possible to address problems identified with representativeness at this stage by rebalancing the data. For example,

Table 1 Comparison of Data-Based Bias Mitigation Techniques Used in Clinical Algorithms Development

Development | Description Reported Effects or Trade-offs

Stage

Preprocessing General data cleaning and conversion of raw data into a format appropriate | Effective in addressing representativeness
for analysis. Techniques include probability weighting, oversampling, and issues but may introduce synthetic data
SMOTE. artifacts.

In-processing Techniques applied during the training phase to reduce bias and introduce Can harmonize error rates but may lead to

fairness goals. Methods include separate models by race, recalibration, and overfitting or miscalibration.
adversarial debiasing.

Post-processing | Adjusting outcomes in a group-dependent manner after training without Partially reduces inequities but often
altering the classifier or data. Methods include race-specific thresholds and insufficient alone.
recalibration.

Note: Data from these studies.®*#¢
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probability weighting or oversampling underrepresented groups and under sampling over representative groups. An
alternative approach, termed the Synthetic Minority Oversampling Technique (SMOTE), generates plausible synthetic
copies of the minority group through interpolation, maintaining diversity and not simply duplicating samples.®” The
random forest ensemble approach rebalances data by taking bootstrap samples from the minority group, followed by
equal samples from the majority.®® All these techniques perform well in the presence of marginal bias based on the
results of simulations and application to real health data.™®

In-Processing

In-processing refers to the techniques applied during the training phase of a model to reduce bias and to introduce
fairness goals. The simplest option is to develop models separately by race or ethnicity, but this assumes that race
necessarily interacts with other variables and can lead to implausible predictions owing to overfitting, particularly for
smaller minority samples.** Another option is to recalibrate the model to assign a greater weight to underrepresented
groups.® Researchers found that this method improved group-level calibration but also increased error rates when
deriving new ASCVD risk estimators in the context of guideline-recommended thresholds.® Forcing the use of racially
invariant priors instead of fully deriving the algorithm from the training data can help reduce bias in AI models.*® This
approach was adopted in the development phase of the first FDA-authorized autonomous Al diagnostic system aimed at
the early detection of diabetic retinopathy in the primary care setting.*® The equalized odds constraint method selects
a model that minimizes group-level differences in the true positive/negative and false positive/negative rates. This
method successfully harmonized error rates for guideline-recommended thresholds in a 10-year ASCVD risk prediction
model, but at the expense of increased miscalibration.** A Quasi-Pareto Improvement approach was proposed to enhance
the subgroup prediction performance and fairness of algorithms trained using thyroid nodule ultrasound image dataset.”
Adversarial debiasing in an ML method applies penalties to model iterations, where the output can predict sensitive
characteristics, such as race.”’ This method performed well in ethnically debiasing COVID-19 predictions relative to
other benchmarks using complex EHR data, achieving the best results with respect to equalized odds.”!

However, in processing mitigation may not be sufficient to prevent bias in isolation. For instance, to address the issue
of implausible CVD scores in Black Americans from an earlier algorithm, one group identified newer, more diverse
cohorts and applied elastic net regularisation to select predictors and accommodated non-proportional hazards to reduce
overfitting.** The authors reported that these adjustments improved calibration and plausible risk scores across sub-
groups, but the statistical measures were not sufficient without new diverse cohorts.** In another example, adding
a fairness constraint to penalize predictions that rely on race-reduced disparities in a model for postnatal depression were
outperformed by pre-processing methods.™

Post-Processing

Most postprocessing techniques only adjust the outcomes in a group-dependent manner after training without altering the
classifier or data. However, these post hoc mitigations are usually insufficient. For example, after identifying ethnic
biases in a previously validated ML opioid misuse classifier, the research team attempted two post hoc mitigation
experiments to reduce disparities in the false-negative rate.”® First, they applied race-specific thresholds and then
recalibrated them according to racial subgroups. These methods only partially reduced inequities in treatment and
education referrals and emphasized the need to consider bias across the full development pathway. Other methods,
that are beyond the scope of this review but worth highlighting, include self-correcting LLMs.”?

Dissemination

Reporting

To ensure fairness and accountability in clinical algorithm development, there needs to be strong emphasis on transparent
and inclusive reporting. Sharing code and de-identified datasets fosters transparency, enabling independent validation,
bias detection, and reproducibility. The lack of transparency, particularly for proprietary Al, was highlighted by the
AHRQ in its recent review as a barrier to patient understanding and trust, implementation and bias evaluation.” The use
of precise and inclusive terminology can also help address historical injustices and systemic inequities in health
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outcomes. A systematic review of articles published in The Epidemiology and American Journal of Epidemiology
between 2020 and 2021 aimed to understand how race, ethnicity, and similar social constructs were operationalized,
used, and reported.”* Although this review focused on the treatment of race as a confounder in causal research, there are
several relevant recommendations on reporting that we have adapted and expanded for algorithm dissemination, as
follows:

Clearly Define the Model’s Goal and Data Collection Methods

Specify whether the model is intended for shared decision-making or resource allocation. Detail the methodology used to
collect racial data, such as self-identification, observation, survey items, or clinical assignment, and where feasible, adopt
standardized classifications like those used in censuses.

Report Health Outcomes by Racial Categories Transparently

Present health outcomes for all racial categories alphabetically to facilitate comparisons of disparities without false
hierarchies. Avoid aggregating racial groups unless there is compelling justification, particularly when differences exist in
the prevalence or incidence of health outcomes. This practice ensures transparency and enhances the predictive accuracy
of the model. If racial categories are combined, provide a clear rationale, such as addressing model nonconvergence, and
use descriptive terms for the merged groups instead of labeling them as “other.”

Evaluate and Report Model Performance by Racial Groups

Provide detailed metrics of model performance (eg, C-statistic, AUC, calibration slope/intercept) and explanatory power
(eg, R?) by race and ethnicity. Explain how the bias was identified and mitigated. Consider tools like PROBAST to assess
the risk of bias and applicability systematically.”

Ensure Transparency Through Open Sharing

Improve transparency by sharing code and de-identified datasets with permanent identifiers to allow for independent
validation, bias assessment, and reproducibility. Publish these resources with safeguards such as anonymization and
governance frameworks to maintain privacy and foster ethical and secure collaboration.

Address Historical Context in Reporting Disparities
When discussing racial and ethnic disparities, acknowledge historical injustices, as recommended by the American
Medical Association (AMA).”® Use appropriate terminology, such as racism, structural racism, racial equity, or inequity.
Refer to guidelines such as those provided by the AMA and APA for inclusive and accurate scientific language when
referencing race and ethnicity.”®"’
Education
One of the most powerful tools available to those of us involved with training the next generation of epidemiologists and
health data scientists is education. Educational interventions on race have shown significant potential in reducing
biological essentialism among university students, which can lead to racial bias in health care. For example, US
undergraduate students taught to perceive race as a social construct rather than a biological characteristic, exhibited
greater emotional distress over social inequality, and were more motivated to address these issues.”® Conversely, students
primed to view race as a biological construct were more likely to see inequalities as unproblematic.”® Evidence from
a study that randomly assigned undergraduate students to an educational intervention on race also supports the role of
education in reducing biological essentialism.”” Other studies have focused on the impact of genetics education on high-
school students. They found that traditional genetics education, which often emphasizes genetic differences between
races, can inadvertently reinforce biological essentialism.'**'°" However, when the curriculum was adjusted to highlight
the social and environmental factors that influence genetic traits, students were less likely to adopt essentialist views.
This suggests that the way genetics is taught can significantly influence students’ perceptions of race.

Institutions delivering education in epidemiology and health data science can leverage existing evidence to enhance
undergraduate and postgraduate courses by incorporating comprehensive education on race as a sociopolitical construct.
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Educational frameworks should also include sessions on equity, algorithmic bias, and fairness-aware design. This
approach can help students understand how biases, stemming from historical inequities or biased data, manifest in
algorithms and influence clinical decision-making, as illustrated by various examples in this paper. Raising awareness of
the impact of race and ethnicity will equip future research leaders with the knowledge to critically evaluate and improve
these algorithms. This effort should be supported by equitable structures and systems within research institutions and
funding bodies.

Limitations

The collection and use of racial and ethnic data in healthcare differ widely across countries. This review predominantly
focuses on research in the UK and the US, reflecting their sociopolitical histories and the availability of large health
datasets with recorded racial and ethnic identities. Countries such as France, Canada, Germany and the Netherlands have
limited ethnicity data collection owing to legal and cultural restrictions, which may render some recommendations
developed in Anglo-American settings less applicable. Future research must explore how algorithmic bias manifests in
diverse healthcare systems and how fairness can be achieved without relying on racial data.

While the discussion primarily addresses race-related biases, the underlying principles and strategies are broadly
relevant to other protected characteristics such as gender, disability, and socioeconomic status. However, the focus of the
review on race may inadvertently narrow the scope, underemphasizing intersectional biases and the interplay of multiple
identities, which can interact and compound inequities in algorithmic outcomes. Intersectionality theory provides
a framework for understanding how overlapping identities, such as race, gender, class, and disability, interact to produce
compounded forms of disadvantage.'®® For example, a clinical algorithm may misclassify Black women not only due to
racial bias but also because of gendered assumptions embedded in the data and design.

While this review provides an overview of technical solutions, such as fairness metrics or statistical debiasing, these
can also obscure the need for structural change. These tools are valuable, but they must be situated within a broader
ethical and political framework that acknowledges the historical roots of racial bias in medicine and the ongoing impact
of systemic racism.

Future Priorities for Epidemiologists

We have focused on the development and reporting of new clinical algorithms, however, many will never be imple-
mented in a clinical setting.®**'*®> There are several reasons for low implementation, including a lack of transparency and
limited IT infrastructure. In their comprehensive review, The AHRQ expressed concern over the lack of real-world
evidence where disparities are potentially exacerbated due to structural inequities.” For example, a recent review found
that no clinical algorithms developed using EHRs and AI have been appraised in a real-world setting.®® Therefore,
instead of developing new algorithms, research efforts could refocus on observing how implemented algorithms play out
in clinical settings in terms of effectiveness, cost, and equity. Regular review and updating of existing algorithms to
reflect evolving data and societal contexts should also be prioritized. Otherwise, the promise of equitable healthcare risks
is undermined by the continued perpetuation of historical bias.

Conclusion

Dismantling racial bias in clinical algorithms presents a complex challenge that demands sustained attention from
development through implementation. Researchers and clinicians have begun replacing race-based adjustments with
race-neutral algorithms in areas such as pulmonary function testing and obstetrics, demonstrating that fairness can be
improved without compromising diagnostic accuracy. However, the outcomes of these changes vary across clinical
contexts. In some cases, it remains unclear whether race-neutral approaches reduce or inadvertently reinforce disparities
highlighting the need for rigorous evaluation and proactive strategies to identify and mitigate bias.

Future efforts by epidemiologists and health data scientists should focus on incorporating diverse data sources,
capturing the true social and biological determinants of health, implementing bias detection and fairness mitigation
strategies, ensuring transparent reporting, and engaging with diverse communities to understand specific healthcare
needs. Additionally, educating students and trainees on race as a sociopolitical construct is an important step towards
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raising awareness and achieving health equity. It is also essential to monitor, evaluate, and refine our approaches in real-
world settings to ensure that clinical algorithms serve all patients equally and effectively.

At the same time, algorithmic bias must be recognized not merely as a technical flaw, but as a reflection of deeper
structural inequities embedded in the data and systems that epidemiologists engage with. Addressing this bias requires
more than statistical fixes - it demands a commitment to justice, transparency, and accountability in how data are
collected, interpreted, and applied. For epidemiologists, algorithmic equity is not just a theoretical concern but
a professional and ethical responsibility. By critically examining the assumptions behind data and models, advocating
for inclusive practices, and collaborating across disciplines, epidemiologists can play a pivotal role in ensuring that
algorithms promote health equity. This is not only a methodological challenge but a moral imperative.

Acknowledgments
We would like to thank the anonymous reviewers for their thoughtful and constructive feedback. Their insights
significantly strengthened the depth and scope of this manuscript.

Funding

This research was funded in whole or in part by the Wellcome Trust [Grant number 225195/Z/22/Z]. For the purpose of
open access, the author has applied a CC BY public copyright license to any Author Accepted Manuscript version arising
from this submission.

Disclosure
Dr Paulina Bondaronek and Dr Laura J Horsfall report grants from Wellcome Trust, during the conduct of the study. The
authors report no other conflicts of interest in this work.

References

1. Visweswaran S, Sadhu EM, Morris MM, et al. Clinical algorithms with race: an online database. medRxiv. 2023:2023.07.04.23292231.
doi:10.1101/2023.07.04.23292231

2. Tipton KLB, Flores E, Jepson C, et al. Impact of healthcare algorithms on racial and ethnic disparities in health and healthcare. In: PbtE-PME-
bPCuCN (75Q80120D00002), ed. Comparative Effectiveness Review. Rockville, MD: Agency for Healthcare Research and Quality; 2024.

3. Vyas DA, Eisenstein LG, Jones DS. Hidden in plain sight-reconsidering the use of race correction in clinical algorithms. N Engl J Med.
2020;383(9):874-882. doi:10.1056/NEJMms2004740

4. Gama RM, Kalyesubula R, Fabian J, et al. NICE takes ethnicity out of estimating kidney function. BMJ. 2021:n2159. doi:10.1136/bm;j.n2159

5. Abbasi J. Race-based equations delayed black patients from getting onto kidney transplant lists-an unprecedented new policy seeks to undo the
damage. JAMA. 2023;329(11):869-871. doi:10.1001/jama.2023.2273

6. Braun L. Race correction and spirometry: why history matters. Chest. 2021;159(4):1670-1675. doi:10.1016/j.chest.2020.10.046

7. Braun L. Race, ethnicity and lung function: a brief history. Can J Respir Ther. 2015;51(4):99-101.

8. Braun L. Breathing Race Into the Machine: The Surprising Career of the Spirometer From Plantation to Genetics. University of Minnesota
Press; 2014.

9. Cartwright SA. Report on the diseases and physical peculiarities of the negro race. In: Caplan AL, McCartney JJ, Sisti DA, editors. Health,
Disease, and Illness: Concepts in Medicine. Georgetown University Press; 2004:28-39.

10. Miller K. A review of Hoffman’s Race traits and tendencies of the American Negro. 2020.

11. Rossiter CE, Weill H. Ethnic differences in lung function: evidence for proportional differences. Int J Epidemiol. 1974;3(1):55-61. doi:10.1093/
ije/3.1.55

12. Myers JE. Differential ethnic standards for lung functions, or one standard for all? S Afrr Med J. 1984;65(19):768-772.

13. Vyas DA, Jones DS, Meadows AR, et al. Challenging the use of race in the vaginal birth after cesarean section calculator. Women's Health
Issues. 2019;29(3):201-204. doi:10.1016/j.whi.2019.04.007

14. Nafilyan V, Islam N, Ayoubkhani D, et al. Ethnicity, household composition and COVID-19 mortality: a national linked data study. J R Soc
Med. 2021;114(4):182-211. doi:10.1177/0141076821999973

15. Benjamin R. Race After Technology: Abolitionist Tools for the New Jim Code. Polity; 2019.

16. Gudmand-Heyer M, Lopdrup-Hjorth T. Michel Foucault, The Birth of Biopolitics: lectures at the Collége de France, 1978-1979. Edited by
Michel Senellart. Translated by Graham Burchell (New York: Palgrave MacMillan, 2008), ISBN: 978-1403986542. Foucault Stud.
2009;99-130. doi:10.22439/f5.v0i7.2640

17. Roberts DE. Abolish race correction. Lancet. 2021;397(10268):17—18. doi:10.1016/S0140-6736(20)32716-1

18. Neal RE, Morse M. Racial health inequities and clinical algorithms: a time for action. Clin J Am Soc Nephrol. 2021;16(7):1120-1121.
doi:10.2215/CIN.01780221

Clinical Epidemiology 2025:17 htps: 659


https://doi.org/10.1101/2023.07.04.23292231
https://doi.org/10.1056/NEJMms2004740
https://doi.org/10.1136/bmj.n2159
https://doi.org/10.1001/jama.2023.2273
https://doi.org/10.1016/j.chest.2020.10.046
https://doi.org/10.1093/ije/3.1.55
https://doi.org/10.1093/ije/3.1.55
https://doi.org/10.1016/j.whi.2019.04.007
https://doi.org/10.1177/0141076821999973
https://doi.org/10.22439/fs.v0i7.2640
https://doi.org/10.1016/S0140-6736(20)32716-1
https://doi.org/10.2215/CJN.01780221

Horsfall et al

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Delanaye P, Schaeffner E, Cozzolino M, et al. The new, race-free, Chronic Kidney Disease Epidemiology Consortium (CKD-EPI) equation to
estimate glomerular filtration rate: is it applicable in Europe? A position statement by the European Federation of Clinical Chemistry and
Laboratory Medicine (EFLM). Biochim Clin. 2023;47(1):93-96. doi:10.19186/BC_2022.084

Lorusso L, Bacchini F. The indispensability of race in medicine. Theor Med Bioeth. 2023;44(5):421-434. doi:10.1007/s11017-023-09622-6
Bonner SN, Wakeam E. The end of race correction in spirometry for pulmonary function testing and surgical implications. Ann Surg. 2022;276
(1):E3-ES5. doi:10.1097/SLA.0000000000005431

Bonner SN, Lagisetty K, Reddy RM, et al. Clinical implications of removing race-corrected pulmonary function tests for African American
Patients requiring surgery for lung cancer. JAMA Surg. 2023;158(10):1061-1068. doi:10.1001/jamasurg.2023.3239

Ladin K, Cuddeback J, Duru OK, et al. Guidance for unbiased predictive information for healthcare decision-making and equity (GUIDE):
considerations when race may be a prognostic factor. NPJ Digital Med. 2024;7(1):290. doi:10.1038/s41746-024-01245-y

Bowerman C, Bhakta NR, Brazzale D, et al. A race-neutral approach to the interpretation of lung function measurements. Am J Respir Crit Care
Med. 2023;207(6):768-774. doi:10.1164/rccm.202205-09630c

Kanj AN, Scanlon PD, Yadav H, et al. Application of global lung function initiative global spirometry reference equations across a large,
multicenter pulmonary function lab population. Am J Respir Crit Care Med. 2024;209(1):83-90. doi:10.1164/rccm.202303-06130c

Diao JA, He Y, Khazanchi R, et al. Implications of race adjustment in lung-function equations. N Engl J Med. 2024;390(22):2083-2097.
doi:10.1056/NEJMsa2311809

Regan EA, Lowe ME, Make BJ, et al. Early evidence of chronic obstructive pulmonary disease obscured by race-specific prediction equations.
Am J Respir Crit Care Med. 2024;209(1):59—69. doi:10.1164/rccm.202303-04440c

Brems JH, Balasubramanian A, Psoter KJ, et al. Race-specific interpretation of spirometry: impact on the lung allocation score. Ann Am
Thoracic Soc. 2023;20(10):1408-1415. doi:10.1513/annalsats.202212-10040c

Bhakta NR, Kaminsky DA, Bime C, et al. Addressing race in pulmonary function testing by aligning intent and evidence with practice and
perception. Chest. 2022;161(1):288-297. doi:10.1016/j.chest.2021.08.053

Abramoff MD, Tarver ME, Loyo-Berrios N, et al. Considerations for addressing bias in artificial intelligence for health equity. NPJ Digital
Med. 2023;6(1):170. doi:10.1038/s41746-023-00913-9

Matson-Koffman DM, Robinson SJ, Jakhmola P, et al. An integrated process for co-developing and implementing written and computable
clinical practice guidelines. Am J Med Qual. 2023;38(5S Suppl 2):S12-S34. doi:10.1097/IMQ.0000000000000137

Landau AY, Blanchard A, Atkins N, et al. Black and latinx primary caregiver considerations for developing and implementing a machine
learning—based model for detecting child abuse and neglect with implications for racial bias reduction: qualitative interview study with primary
caregivers. JMIR Format Res. 2023;7:¢40194. doi:10.2196/40194

Chin MH, Afsar-Manesh N, Bierman AS, et al. Guiding principles to address the impact of algorithm bias on racial and ethnic disparities in
health and health care. JAMA Network Open. 2023;6(12):¢2345050. doi:10.1001/jamanetworkopen.2023.45050

Vaidya A, Chen RJ, Williamson DFK, et al. Demographic bias in misdiagnosis by computational pathology models. Nat Med. 2024;30
(4):1174-1190. doi:10.1038/s41591-024-02885-z

Sweis J, Ofori B, Murphy AB. Concerns regarding prostate cancer screening guidelines in minority populations. Prostate Cancer Prostatic Dis.
2024;27(4):591-593. doi:10.1038/541391-023-00765-0

Henning GM, Andriole GL, Kim EH. Liquid biomarkers for early detection of prostate cancer and summary of available data for their use in
African-American men. Prostate Cancer Prostatic Dis. 2022;25(2):180-186. doi:10.1038/s41391-022-00507-8

Paulus JK, Kent DM. Predictably unequal: understanding and addressing concerns that algorithmic clinical prediction may increase health
disparities. NPJ Digital Med. 2020;3(1):99. doi:10.1038/s41746-020-0304-9

Rubashkin N, Asiodu I, Vedam S, et al. Patient-led approaches to a vaginal birth after cesarean delivery calculator. Obstet Gynaecol. 2023;142
(4):893-900. doi:10.1097/a0g.0000000000005323

Varma T, Jones CP, Oladele C, et al. Diversity in clinical research: public health and social justice imperatives. J Med Ethics. 2023;49
(3):200-203. doi:10.1136/medethics-2021-108068

Thompson R, Konrad T, Xu H. Strengthening strategies to recruit racial/ethnic minority populations for health research studies. Innov Aging.
2021;5(Supplement 1):628-629. doi:10.1093/geroni/igab046.2394

National Institute for Health and Care Research. Improving Inclusion of Under-Served Groups in Clinical Research: Guidance From the NIHR-
INCLUDE Project. United Kingdom: National Institute for Health and Care Research; 2020.

Understanding Patient Data. Data for planning report. 2024. Available from: https://understandingpatientdata.org.uk/sites/default/files/2024-05/
UPD_Data_for Planning Report Final.pdf. Accessed June 26, 2025.

National Institute for Health and Care Research. Toolkit for increasing participation of Black, Asian and Minority Ethnic (BAME) Groups in
health and social care research (Version 2). 2023. Available from: https://arc-em.nihr.ac.uk/sites/default/files/uploads/downloads/Toolkit%20for
%?20increasing%?20participation%200f%20Black%20Asian%20and%20Minority%20Ethnic%20%28BAME%29%20Groups%20in%20health%
20and%?20social%20care%20research%20V2%20Feb%202023.pdf. Accessed June 26, 2025.

Yadlowsky S, Hayward RA, Sussman JB, et al. Clinical implications of revised pooled cohort equations for estimating atherosclerotic
cardiovascular disease risk. Ann Internal Med. 2018;169(1):20. doi:10.7326/m17-3011

Fairman KA, Romanet D, Early NK, et al. Estimated cardiovascular risk and guideline-concordant primary prevention with statins: retro-
spective cross-sectional analyses of US ambulatory visits using competing algorithms. J Cardiovasc Pharmacol Ther. 2020;25(1):27-36.
doi:10.1177/1074248419866153

Hippisley-Cox J, Coupland CAC, Bafadhel M, et al. Development and validation of a new algorithm for improved cardiovascular risk
prediction. Nat Med. 2024;30(5):1440-1447. doi:10.1038/541591-024-02905-y

Hippisley-Cox J, Coupland C. Development and validation of risk prediction algorithms to estimate future risk of common cancers in men and
women: prospective cohort study. BMJ Open. 2015;5(3):¢007825. doi:10.1136/bmjopen-2015-007825

Li Y, Sperrin M, Belmonte M, et al. Do population-level risk prediction models that use routinely collected health data reliably predict
individual risks? Sci Rep. 2019;9(1):11222. doi:10.1038/s41598-019-47712-5

Healthwatch. The challenges ethnic minority groups face, and the changes we must see. 2023. Available from: https://www.healthwatch.co.uk/
blog/2023-10-24/challenges-ethnic-minority-groups-face-and-changes-we-must-see. Accessed June 26, 2025.

660

https: Clinical Epidemiology 2025:17


https://doi.org/10.19186/BC_2022.084
https://doi.org/10.1007/s11017-023-09622-6
https://doi.org/10.1097/SLA.0000000000005431
https://doi.org/10.1001/jamasurg.2023.3239
https://doi.org/10.1038/s41746-024-01245-y
https://doi.org/10.1164/rccm.202205-0963oc
https://doi.org/10.1164/rccm.202303-0613oc
https://doi.org/10.1056/NEJMsa2311809
https://doi.org/10.1164/rccm.202303-0444oc
https://doi.org/10.1513/annalsats.202212-1004oc
https://doi.org/10.1016/j.chest.2021.08.053
https://doi.org/10.1038/s41746-023-00913-9
https://doi.org/10.1097/JMQ.0000000000000137
https://doi.org/10.2196/40194
https://doi.org/10.1001/jamanetworkopen.2023.45050
https://doi.org/10.1038/s41591-024-02885-z
https://doi.org/10.1038/s41391-023-00765-0
https://doi.org/10.1038/s41391-022-00507-8
https://doi.org/10.1038/s41746-020-0304-9
https://doi.org/10.1097/aog.0000000000005323
https://doi.org/10.1136/medethics-2021-108068
https://doi.org/10.1093/geroni/igab046.2394
https://understandingpatientdata.org.uk/sites/default/files/2024-05/UPD_Data_for_Planning_Report_Final.pdf
https://understandingpatientdata.org.uk/sites/default/files/2024-05/UPD_Data_for_Planning_Report_Final.pdf
https://arc-em.nihr.ac.uk/sites/default/files/uploads/downloads/Toolkit%20for%20increasing%20participation%20of%20Black%20Asian%20and%20Minority%20Ethnic%20%28BAME%29%20Groups%20in%20health%20and%20social%20care%20research%20V2%20Feb%202023.pdf
https://arc-em.nihr.ac.uk/sites/default/files/uploads/downloads/Toolkit%20for%20increasing%20participation%20of%20Black%20Asian%20and%20Minority%20Ethnic%20%28BAME%29%20Groups%20in%20health%20and%20social%20care%20research%20V2%20Feb%202023.pdf
https://arc-em.nihr.ac.uk/sites/default/files/uploads/downloads/Toolkit%20for%20increasing%20participation%20of%20Black%20Asian%20and%20Minority%20Ethnic%20%28BAME%29%20Groups%20in%20health%20and%20social%20care%20research%20V2%20Feb%202023.pdf
https://doi.org/10.7326/m17-3011
https://doi.org/10.1177/1074248419866153
https://doi.org/10.1038/s41591-024-02905-y
https://doi.org/10.1136/bmjopen-2015-007825
https://doi.org/10.1038/s41598-019-47712-5
https://www.healthwatch.co.uk/blog/2023-10-24/challenges-ethnic-minority-groups-face-and-changes-we-must-see
https://www.healthwatch.co.uk/blog/2023-10-24/challenges-ethnic-minority-groups-face-and-changes-we-must-see

Horsfall et al

50.

51
52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.
64.

65.

66.

67.
68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

Coley RY, Johnson E, Simon GE, et al. Racial/ethnic disparities in the performance of prediction models for death by suicide after mental health
visits. JAMA Psychiatry. 2021;78(7):726. doi:10.1001/jamapsychiatry.2021.0493

Quattroni P, Routen A, Alderman J, et al. Enhancing Diversity and Quality in Health Data. Zenodo; 2024.

Elmaleh-Sachs A, Balte P, Oelsner EC, et al. Race/ethnicity, spirometry reference equations, and prediction of incident clinical events: the
multi-ethnic study of atherosclerosis (Mesa) lung study. Am J Respir Crit Care Med. 2022;205(6):700-710. doi:10.1164/rccm.202107-16120c¢
Grobman WA, Lai Y, Landon MB, et al. Development of a nomogram for prediction of vaginal birth after cesarean delivery. Obstet Gynaecol.
2007;109(4):806-812. doi:10.1097/01.a0g.0000259312.36053.02

Fagerberg MC, Marsal K, Kaillén K. Predicting the chance of vaginal delivery after one cesarean section: validation and elaboration of
a published prediction model. Eur J Obstetrics Gynecol Reprod Biol. 2015;188:88-94. doi:10.1016/j.ejogrb.2015.02.031

Buckley A, Sestito S, Ogundipe T, et al. Racial and ethnic disparities among women undergoing a trial of labor after cesarean delivery:
performance of the VBAC calculator with and without patients’ race/ethnicity. Reprod Sci. 2022;29(7):2030-2038. doi:10.1007/s43032-022-
00959-2

Grobman WA, Sandoval G, Rice MM, et al. Prediction of vaginal birth after cesarean delivery in term gestations: a calculator without race and
ethnicity. Am J Clin Exp Obstet Gynecol. 2021;225(6):664.e1-64.¢7. doi:10.1016/j.ajog.2021.05.021

Khan SS, Matsushita K, Sang Y, et al. Development and validation of the American Heart Association’s PREVENT equations. Circulation.
2024;149(6):430-449. doi:10.1161/circulationaha.123.067626

Anderson TS, Wilson LM, Sussman JB. Atherosclerotic cardiovascular disease risk estimates using the predicting risk of cardiovascular disease
events equations. JAMA Intern Med. 2024;184(8):963. doi:10.1001/jamainternmed.2024.1302

Savage LC, Panofsky A. The self-fulfilling process of clinical race correction: the case of eighth joint national committee recommendations.
Health Equity. 2023;7(1):793-802. doi:10.1089/heq.2023.0064

Bundy JD, Mills KT, He H, et al. Social determinants of health and premature death among adults in the USA from 1999 to 2018: a national
cohort study. Lancet Public Health. 2023;8(6):e422—e31. doi:10.1016/s2468-2667(23)00081-6

Arroyave Caicedo NM, Parry E, Arslan N, et al. Integration of social determinants of health information within the primary care electronic
health record: a systematic review of patient perspectives and experiences. BJGP Open. 2024;8(1):BJGP0.2023.0155. doi:10.3399/
bjgpo.2023.0155

Institute of Medicine. Capturing Social and Behavioral Domains and Measures in Electronic Health Records: Phase 2. Washington, DC: The
National Academies Press; 2014. doi:10.17226/18951

QResearch: high-quality data for world-leading research. Available from: https://www.qresearch.org/. Accessed February 19, 2025.

Guevara M, Chen S, Thomas S, et al. Large language models to identify social determinants of health in electronic health records. NP.J Digital
Med. 2024;7(1):6. doi:10.1038/541746-023-00970-0

Huang Y, Guo J, Donahoo WT, et al. A fair individualized polysocial risk score for identifying increased social risk in type 2 diabetes. Nat
Commun. 2024;15(1):8653. doi:10.1038/s41467-024-52960-9

Panteli D, Polin K, Webb E, et al. Health and Care Data: approaches to data linkage for evidence-informed policy. Health Syst Transit. 2023;25
(2):1-213.

Sudlow C. Uniting the UK's Health Data: A Huge Opportunity for Society. Zenodo; 2024.

Li C, Mowery DL, Ma X, et al. Realizing the potential of social determinants data in EHR systems: a scoping review of approaches for
screening, linkage, extraction, analysis, and interventions. J Clin Transl Sci. 2024;8(1). doi:10.1017/cts.2024.571

Horsfall LJ, Zeitlyn D, Tarekegn A, et al. Prevalence of clinically relevant UGT1A alleles and haplotypes in African populations. Ann Hum
Genet. 2011;75(2):236-246. doi:10.1111/j.1469-1809.2010.00638.x

Julian BA, Gaston RS, Brown WM, et al. Effect of replacing race with apolipoprotein L1 genotype in calculation of kidney donor risk index.
Am J Transplant. 2017;17(6):1540-1548. doi:10.1111/ajt.14113

Lindley KJ, Limdi NA, Cavallari LH, et al. Warfarin dosing in patients with CYP2C9*5 variant alleles. Clin Pharmacol Ther. 2022;111
(4):950-955. doi:10.1002/cpt.2549

Weale ME, Riveros-Mckay F, Selzam S, et al. Validation of an integrated risk tool, including polygenic risk score, for atherosclerotic
cardiovascular disease in multiple ethnicities and ancestries. Am J Cardiol. 2021;148:157-164. doi:10.1016/j.amjcard.2021.02.032

Privé F, Aschard H, Carmi S, et al. Portability of 245 polygenic scores when derived from the UK Biobank and applied to 9 ancestry groups
from the same cohort. Am J Hum Genet. 2022;109(1):12-23. doi:10.1016/j.ajhg.2021.11.008

Hingorani AD, Gratton J, Finan C, et al. Performance of polygenic risk scores in screening, prediction, and risk stratification: secondary analysis
of data in the polygenic score catalog. BMJ Med. 2023;2(1):¢000554. doi:10.1136/bmjmed-2023-000554

Delgado C, Baweja M, Crews DC, et al. A unifying approach for GFR estimation: recommendations of the NKF-ASN task force on reassessing
the inclusion of race in diagnosing kidney disease. Am J Kidney Dis. 2022;79(2):268-88.¢e1. doi:10.1053/j.ajkd.2021.08.003

Inker LA, Couture SJ, Tighiouart H, et al. A new panel-estimated GFR, including 32-microglobulin and B-trace protein and not including race,
developed in a diverse population. Am J Kidney Dis. 2021;77(5):673—83.el. doi:10.1053/j.ajkd.2020.11.005

Coresh J, Inker LA, Sang Y, et al. Metabolomic profiling to improve glomerular filtration rate estimation: a proof-of-concept study. Nephrol
Dial Transplant. 2019;34(5):825-833. doi:10.1093/ndt/gfy094

Inker LA, Eneanya ND, Coresh J, et al. New creatinine- and cystatin C—based equations to estimate GFR without race. N Engl J Med. 2021;385
(19):1737-1749. doi:10.1056/nejmoa2102953

Yan AF, Williams MY, Shi Z, et al. Bias and accuracy of glomerular filtration rate estimating equations in the US. JAMA Network Open. 2024;7
(3):¢241127. doi:10.1001/jamanetworkopen.2024.1127

Abramoff MD, Lavin PT, Birch M, et al. Pivotal trial of an autonomous Al-based diagnostic system for detection of diabetic retinopathy in
primary care offices. NPJ Digital Med. 2018;1(1):39. doi:10.1038/s41746-018-0040-6

Horsfall LJ, Clarke CS, Nazareth I, et al. The value of blood-based measures of liver function and urate in lung cancer risk prediction: a cohort
study and health economic analysis. Cancer Epidemiol. 2023;84:102354. doi:10.1016/j.canep.2023.102354

Thomasian NM, Eickhoff C, Adashi EY. Advancing health equity with artificial intelligence. J Public Health Policy. 2021;42(4):602-611.
doi:10.1057/541271-021-00319-5

Clinical Epidemiology 2025:17 htps: 661


https://doi.org/10.1001/jamapsychiatry.2021.0493
https://doi.org/10.1164/rccm.202107-1612oc
https://doi.org/10.1097/01.aog.0000259312.36053.02
https://doi.org/10.1016/j.ejogrb.2015.02.031
https://doi.org/10.1007/s43032-022-00959-2
https://doi.org/10.1007/s43032-022-00959-2
https://doi.org/10.1016/j.ajog.2021.05.021
https://doi.org/10.1161/circulationaha.123.067626
https://doi.org/10.1001/jamainternmed.2024.1302
https://doi.org/10.1089/heq.2023.0064
https://doi.org/10.1016/s2468-2667(23)00081-6
https://doi.org/10.3399/bjgpo.2023.0155
https://doi.org/10.3399/bjgpo.2023.0155
https://doi.org/10.17226/18951
https://www.qresearch.org/
https://doi.org/10.1038/s41746-023-00970-0
https://doi.org/10.1038/s41467-024-52960-9
https://doi.org/10.1017/cts.2024.571
https://doi.org/10.1111/j.1469-1809.2010.00638.x
https://doi.org/10.1111/ajt.14113
https://doi.org/10.1002/cpt.2549
https://doi.org/10.1016/j.amjcard.2021.02.032
https://doi.org/10.1016/j.ajhg.2021.11.008
https://doi.org/10.1136/bmjmed-2023-000554
https://doi.org/10.1053/j.ajkd.2021.08.003
https://doi.org/10.1053/j.ajkd.2020.11.005
https://doi.org/10.1093/ndt/gfy094
https://doi.org/10.1056/nejmoa2102953
https://doi.org/10.1001/jamanetworkopen.2024.1127
https://doi.org/10.1038/s41746-018-0040-6
https://doi.org/10.1016/j.canep.2023.102354
https://doi.org/10.1057/s41271-021-00319-5

Horsfall et al

83. Chen F, Wang L, Hong J, et al. Unmasking bias in artificial intelligence: a systematic review of bias detection and mitigation strategies in
electronic health record-based models. J Am Med Inf Assoc. 2024;31(5):1172-1183. doi:10.1093/jamia/ocac060
84. Huang J, Galal G, Etemadi M, et al. Evaluation and mitigation of racial bias in clinical machine learning models: scoping review. JMIR Med
Inform. 2022;10(5):¢36388. doi:10.2196/36388
85. Park Y, Hu J, Singh M, et al. Comparison of methods to reduce bias from clinical prediction models of postpartum depression. JAMA Network
Open. 2021;4(4):¢213909. doi:10.1001/jamanetworkopen.2021.3909
86. Nazer LH, Zatarah R, Waldrip S, et al. Bias in artificial intelligence algorithms and recommendations for mitigation. PLOS Digit Health. 2023;2
(6):¢0000278. doi:10.1371/journal.pdig.0000278
87. Chawla NV, Bowyer KW, Hall LO, et al. SMOTE: synthetic minority over-sampling technique. J Artif Intell Res. 2002;16:321-357.
doi:10.1613/jair.953
88. Juwara L, El-Hussuna A, El Emam K. An evaluation of synthetic data augmentation for mitigating covariate bias in health data. Patterns.
2024;5(4):100946. doi:10.1016/j.patter.2024.100946
89. Foryciarz A, Pfohl SR, Patel B, et al. Evaluating algorithmic fairness in the presence of clinical guidelines: the case of atherosclerotic
cardiovascular disease risk estimation. BMJ Health Care Inform. 2022;29(1):¢100460. doi:10.1136/bmjhci-2021-100460
90. Yao S, Dai F, Sun P, et al. Enhancing the fairness of Al prediction models by Quasi-Pareto improvement among heterogeneous thyroid nodule
population. Nat Commun. 2024;15(1):1958. doi:10.1038/s41467-024-44906-y
91. Yang J, Soltan AAS, Eyre DW, et al. An adversarial training framework for mitigating algorithmic biases in clinical machine learning. NPJ
Digital Med. 2023;6(1):55. doi:10.1038/s41746-023-00805-y
92. Thompson HM, Sharma B, Bhalla S, et al. Bias and fairness assessment of a natural language processing opioid misuse classifier: detection and
mitigation of electronic health record data disadvantages across racial subgroups. J Am Med Inf Assoc. 2021;28(11):2393-2403. doi:10.1093/
jamia/ocab148
93. Echterhoff J, Liu Y, Alessa A, et al. Cognitive bias in decision-making with LLMs. arXiv. 2024.
94. Swilley-Martinez ME, Coles SA, Miller VE, et al. “We adjusted for race”: now what? A systematic review of utilization and reporting of race in
American Journal of Epidemiology and Epidemiology, 2020-2021. Epidemiol Rev. 2023;45(1):15-31. doi:10.1093/epirev/mxad010
95. Wolff RF, Moons KGM, Riley RD, et al. PROBAST: a tool to assess the risk of bias and applicability of prediction model studies. Ann Internal
Med. 2019;170(1):51. doi:10.7326/m18-1376
96. Flanagin A, Frey T, Christiansen SL. Updated guidance on the reporting of race and ethnicity in medical and science journals. JAMA. 2021;326
(7):621. doi:10.1001/jama.2021.13304
97. American Psychological Association. Inclusive Language Guidelines. American Psychological Association; 2021.
98. Williams MJ, Eberhardt JL. Biological conceptions of race and the motivation to cross racial boundaries. J Pers Soc Psychol. 2008;94
(6):1033-1047. doi:10.1037/0022-3514.94.6.1033
99. Skinner-Dorkenoo AL, Rogbeer KG, Sarmal A, et al. Challenging race-based medicine through historical education about the social
construction of race. Health Equity. 2023;7(1):764-772. doi:10.1089/heq.2023.0036
100. Donovan BM. Framing the genetics curriculum for social justice: an experimental exploration of how the biology curriculum influences beliefs
about racial difference. Sci Educ. 2016;100(3):586—616. doi:10.1002/sce.21221
101. Donovan BM, Weindling M, Lee DM. From basic to humane genomics literacy. Sci Educ. 2020;29(6):1479-1511. do0i:10.1007/s11191-020-
00171-1
102. Crenshaw K. Mapping the margins: intersectionality, identity politics, and violence against women of color. Stanf Law Rev. 1991;43
(6):1241-1299. doi:10.2307/1229039
103. Ruberg S, Menon S, Demanuele C. Resolving the credibility crisis: recommendations for improving predictive algorithms for clinical utility.
Harvard Data Sci Rev. 2023;5(4). doi:10.1162/9960892.¢1292c54
Clinical Epidemiology DOVepI'eSS

Taylor & Francis Group

Publish your work in this journal

Clinical Epidemiology is an international, peer-reviewed, open access, online journal focusing on disease and drug epidemiology, identification of
risk factors and screening procedures to develop optimal preventative initiatives and programs. Specific topics include: diagnosis, prognosis,
treatment, screening, prevention, risk factor modification, systematic reviews, risk & safety of medical interventions, epidemiology & biostatistical
methods, and evaluation of guidelines, translational medicine, health policies & economic evaluations. The manuscript management system is
completely online and includes a very quick and fair peer-review system, which is all easy to use.

Submit your manuscript here: https://www.dovepress.com/clinical-epidemiology-journal

. Clinical Epidemiology 2025:17
662 E X inDO P &


https://doi.org/10.1093/jamia/ocae060
https://doi.org/10.2196/36388
https://doi.org/10.1001/jamanetworkopen.2021.3909
https://doi.org/10.1371/journal.pdig.0000278
https://doi.org/10.1613/jair.953
https://doi.org/10.1016/j.patter.2024.100946
https://doi.org/10.1136/bmjhci-2021-100460
https://doi.org/10.1038/s41467-024-44906-y
https://doi.org/10.1038/s41746-023-00805-y
https://doi.org/10.1093/jamia/ocab148
https://doi.org/10.1093/jamia/ocab148
https://doi.org/10.1093/epirev/mxad010
https://doi.org/10.7326/m18-1376
https://doi.org/10.1001/jama.2021.13304
https://doi.org/10.1037/0022-3514.94.6.1033
https://doi.org/10.1089/heq.2023.0036
https://doi.org/10.1002/sce.21221
https://doi.org/10.1007/s11191-020-00171-1
https://doi.org/10.1007/s11191-020-00171-1
https://doi.org/10.2307/1229039
https://doi.org/10.1162/99608f92.c1292c54
https://www.dovepress.com
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress

	Introduction
	Historical Background
	Modern Data Science and the Reproduction of Structural Bias
	Clinical Context Matters
	How Can Epidemiologists Contribute to Improving the Algorithmic Fairness?
	Conception
	Design
	Diverse Teams and Samples
	Measuring Race and Ethnicity

	Development
	Adding or Replacing Variables
	Social Determinants
	Biomarkers and Omics

	Bias Detection
	Statistical Mitigation
	Preprocessing
	In-Processing
	Post-Processing

	Dissemination
	Reporting
	Clearly Define the Model’s Goal and Data Collection Methods
	Report Health Outcomes by Racial Categories Transparently
	Evaluate and Report Model Performance by Racial Groups
	Ensure Transparency Through Open Sharing
	Address Historical Context in Reporting Disparities

	Education


	Limitations
	Future Priorities for Epidemiologists
	Conclusion
	Acknowledgments
	Funding
	Disclosure

