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Abstract | The roots and consequences of inequities in genomic research and medicine are complex and
widespread. Efforts to improve diversity in the field are ongoing; however, an often overlooked source of
inequity is the choice of analytical methods used to process, analyse and interpret genomic data. New statistical
and machine learning techniques to understand, quantify and correct for the impact of biases in genomic data
are emerging within the wider genomic research and genomic medicine ecosystem. At this crucial time point, it
is important to clarify where improvements in methods and practices can, and cannot, play a role in improving
equity in genomics. In this Perspective, we review existing approaches to promote equity and fairness in
statistical analysis for genomics, and propose future methodological developments that are likely to yield the

most impact for equity in genomics.
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[H1] Introduction

For many years, concerns have been raised at the lack of diversity in genetic studies. For instance, genome-wide
association studies (GWAS) are disproportionately comprised of individuals of European genetic ancestries'™,
and large cancer genomics repositories, including The Cancer Genome Atlas (TCGA) exhibit similar stark
disparities®. Despite repeated calls to improve the representativeness of genetic datasets, the proportion of
GWAS conducted in individuals of European genetic ancestries has instead been increasing”*. The lack of
genomic data diversity is compounded by wider factors related to the sociopolitical system in which genomic
research takes place, including the underrepresentation of genomic scientists from diverse backgrounds® and
concerns from historically under-represented groups over data privacy and misuse’. Combined, these factors
can limit genomics’ role in achieving health equity, defined by the World Health Organisation as “the absence
of unfair, avoidable or remediable differences among groups of people”**’.

Another, often-overlooked source of inequity is the choice of analytical methods used to process,
analyse and interpret genomic data. Statistical models do not always adequately account for variation within
the study sample, and often make assumptions of homogeneity across individuals. One consequence is that, to
meet a model’s assumptions, researchers elect to exclude minority groups of individuals from analyses entirely?.
Another possibility is that important differences between the study sample and the target population are
overlooked, threatening the validity and generalizability of scientific conclusions. For example, UK Biobank
exhibits a ‘healthy-volunteer’ bias>!°, whereby participants tend to be healthier than the general UK population.
Such participation bias in UK Biobank has been shown to influence the results of GWAS across a range of traits®.

As the use of genetic data for clinical decision-making expands in healthcare systems, the lack of
diversity has the potential to exacerbate health inequalities - observable differences in health outcomes
between population subgroups. For example, screening using polygenic scores (PGSs), estimates of disease risk
based on genetic variation, can be less accurate for individuals of non-European genetic ancestries, especially
for individuals of African genetic ancestries'>*. This may limit the ability to identify high-risk individuals in

15,16

certain ancestry groups and deliver optimal care for them™*°. Meanwhile, disparities in variant effect

misclassification rates for Mendelian disorders have been, in part, attributed to the lack of diversity in genetic

17—

studies'’™°. This lack of generalizability of findings has the potential to amplify existing disparities for minoritised

groups throughout the healthcare system.

Whilst there are many initiatives underway to address the urgent lack of diversity in genomic datasets?®"
22 there remains a need to deal with imperfect data and models. There has been substantial interest in
developing new statistical techniques to understand, quantify, and correct for the impact of existing biases. To

date, this interest has largely been focused on statistical techniques for GWAS and PGS, which have been the
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subject of several recent reviews?>72>, While these efforts are directed to tackle technical challenges specific to
a particular analysis task, they also reveal a variety of strategies to address biases in genomic data analysis more
generally.

In this Perspective, we highlight the myriad ways in which statistical methods can serve health equity in
genomic data analysis. Our focus is on the guiding principles applied to promote equity, rather than on the
specific methods themselves. To place the role of analytical approaches within the wider genomic research and
genomic medicine ecosystem, we propose a conceptual genomic data analysis framework that clarifies where
improvements in analytical methods can (and cannot) improve equity in genomics. We also identify and
synthesize existing strategies used to promote equity. Finally, we propose candidates for the most salient

methodological gaps to spur future methodological developments likely to yield the most impact for equity.

[H1] A genomic data analysis framework

Recent efforts have sought to identify the potential impact of statistics and machine learning in equitable
healthcare?®?”- While genomics research can greatly benefit from these advancements, a tailored approach is
essential due to the unique complexities of genomic data. We propose a bespoke conceptual framework to
characterize the steps involved in the design, execution and deployment of genomic analysis models (Fig. 1).
Here, we outline each stage of the framework and identify ways in which bias can enter each one. By bias, we
refer to any process or context which can lead to results that differ systematically from the truth. The framework
also outlines the key aspects of the sociopolitical ecosystem within which genomic research takes place (see Box
1). These aspects can directly or indirectly influence each stage of a genomic data analysis with substantial
consequences for equity. Importantly, this highlights where methodological innovations do not have a role to

play; better methods cannot address sociopolitical challenges at the ecosystem level. Recommendations on how

to tackle such challenges have been discussed in detail elsewhere®42:46

[H2] Research design and data acquisition
At a study’s outset, researchers must make key design decisions and obtain the required data. Studies involving
primary data collection must recruit and then collect data from participants, while secondary data analyses

gather information from existing datasets.

[H3] Study design
Key considerations in study design include the sample size needed to offer sufficient statistical power, the
characteristics of participants and which variables to measure, for example, the choice of genotyping array.

Statistical theory and simulations can inform the design of a study to enhance its validity and reliability. The use
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of appropriate population descriptors to characterize variation within the population is particularly important
in ensuring the validity of scientific conclusions?. We use the term ‘population’ to refer to a group of individuals
with a common attribute or perceived characteristic. Examples include, but are not limited to, geographical

location, ethnicity and genetic ancestry (Box 1).

[H3] Study participation

For primary data collection, participants are recruited from a particular target population. Individuals in the
target population, however, may not be equally likely to participate, resulting in an unrepresentative sample.
For example, participants in volunteer-based studies such as the UK Biobank tend to be healthier and better
educated than the general population'®!!, Trust in genomics is another important factor (see Box 2). Statistical

methods can have little direct influence in boosting study participation.

[H3] Data collection and availability

The data collection process may also introduce biases. Cultural preferences, for instance for saliva over blood
samples’®®, can potentially lead to uneven data quality between groups®*®. Unequal participant retention can
lead to bias owing to higher dropout rates from individuals in minoritised groups?. Studies that rely on existing
genomic datasets are susceptible to their lack of diversity**, In particular, the lack of suitable reference datasets
can inhibit genomic analyses in under-represented groups. This is compounded by challenges around data
sharing, related to legitimate concerns around data privacy and data sovereignty, alongside technical issues

associated with data storage and transfer®’, which methodological innovations may help to resolve®®®.

[H2] Data preparation
Preparing data for analysis can involve a variety of steps depending on the type of study, but often include
mapping, quality control (QC) and various forms of preprocessing. Although often considered value-neutral

technical approaches, these steps can nevertheless introduce bias in ways that are often overlooked.

[H3] Mapping

Mapping involves aligning sequencing reads to a reference genome to determine their position within the
genome. The current most widely-used human reference genome, GRCh38, is a mosaic of sub-sequences
derived from a relatively small number of individuals, with a single individual contributing approximately 70%
of the reference®L. This reliance on a single, linear reference genome can lead to errors in identifying genetic

variants, a form of reference bias, as the reads may not align correctly or may align to incorrect locations in the
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genome32, Statistical methods can serve to identify and mitigate such errors to prevent them from biasing

downstream analyses.

[H3] QC

QC aims to eliminate low-quality data and minimize technical artefacts that can lead to spurious statistical
conclusions. QC procedures are typically highly specialized to the specific data collection technology, generally
based on statistical or scientific theory that assumes a homogeneous sample population. For example, in GWAS,
a variety of QC metrics are based on allele frequency estimates. In a diverse sample, applying these metrics
without accounting for population structure may lead to variants and samples being incorrectly flagged as errors

or outliers, particularly from under-represented groups?.

[H3] Preprocessing

A variety of further preprocessing steps may be undertaken before analysis. A common example is imputation
following array genotyping or low-pass sequencing, whereby missing genotypes are inferred based on the
observed data. This process relies on a reference panel, a collection of known haplotypes in a particular
population. Currently available reference panels lack diversity, which can lead to biased imputation for under-
represented populations. For example, when a genetic variant is common in a group of non-European
individuals but rare or absent in the reference panel, the imputation process might fail to accurately predict the
presence of that variant®. This can result in incomplete or incorrect genetic data along axes of disparity,

reducing study accuracy and potentially overlooking important disease associations®?.

[H2] Model development
Next, a model is developed that seeks to capture the particular characteristics of the dataset. This comprises

several interrelated steps including feature engineering, model specification and model training.

[H3] Feature engineering

Most models do not operate directly on raw data, and rather take as input specific transformations, or ‘features’
of the data. Such transformation of data is known in the machine learning literature as feature engineering. This
can overlap substantially with the preprocessing step described in the previous Data preparation stage;
imputation, for example, can be seen as a form of feature engineering. A common form of feature engineering
is dimensionality reduction, for instance the use of principal components analysis (PCA) to correct for population

structure in GWAS and other settings. Other techniques, such as uniform manifold approximation and projection
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(UMAP), are often used in single-cell genomics to cluster cell types®**and have also been applied in tandem with
PCA to summarise human genetic variation. UMAP excels at preserving local structures and identifying fine-
scale patterns but distorts global distances, making geometric relationships between clusters non-meaningful
in terms of genetic differentiation!®!. Another common but highly fraught application of dimensionality
reduction occurs in the analysis of genetic ancestry groups (Box 1 and discussed further under More nuanced
approaches to categorization). Bias can occur if features are misinterpreted or derived with respect to
unsuitable reference populations, which can negatively affect statistical performance and result in invalid
scientific conclusions. For instance, overlaying self-reported ethnic groups onto UMAP to visualize genetic
variation in the All of Us research programme?! was criticized by researchers concerned that it risks reinforcing

racist ideologies®*

[H3] Model specification

Model specification refers to the choice of model type, the model’s hyperparameters, and the selection of its
functional form, that is, how features or variables interact within the model. Bias can enter here if the model's
structure is based on data or biological knowledge derived predominantly from certain — typically European
ancestry — populations, or on false conceptions of population differences (Box 2). For instance, gene-by-gene
interactions or linkage disequilibrium (LD) structures that are more representative of individuals of European
genetic ancestries might overshadow or inadequately account for genetic architectures more relevant to
individuals of non-European genetic ancestrie®. Such mis-specified models produce less accurate results when

applied to diverse populations®’.

[H3] Model fitting

Model fitting, or model training, is the process of estimating the model parameters that best align with the
observed data. This typically includes obtaining measures of uncertainty around these estimates, used to draw
statistical conclusions. Key choices include the training dataset, the loss function (that is, the measure of
similarity between fitted model output and observed data) and often a procedure for model selection. Similarly
to model mis-specification, bias can occur owing to false assumptions of homogeneity. For example, a model
trained to optimize overall accuracy will favour groups that are well-represented in the training data over those

that are under-represented.

[H2] Evaluation
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Finally, model evaluation assesses the suitability, reliability and utility of a model. This is often performed
iteratively with model specification as a way to improve the overall model. Different types of evaluation may be

required depending on the purpose of the data analysis.

[H3] Validation

Validation typically involves verifying the assumptions of a model or estimating a model’s performance on new
data. For predictive tasks such as PGS, accuracy is assessed on a held-out test set, that is, a subset of the original
dataset that was not used in model training. In these cases, bias can manifest if the test set is not representative
of the target population. For example, PGS derived predominantly from individuals of European genetic
ancestries have been shown to perform poorly for certain traits when applied to individuals of African or Asian

genetic ancestries, underscoring the need for population-specific validation!**3,

Importantly, model
performance can vary significantly among populations traditionally homogenised using labels such as ‘African’.
For instance, genetic risk scores derived from African American individuals exhibited variable predictive
performance in South African Zulu and Ugandan cohorts, likely reflecting underlying genetic and environmental

diversity®2.

[H3] Cost-benefit analysis

Models can be evaluated by weighing the potential health benefits of implementing a model in clinical practice
against the costs associated with its deployment3®. Such a cost-benefit analysis facilitates comparison to other
potential uses of healthcare spending. It should account for the broader societal implications of deployment,
including its impact on health inequities®®, and may also account for broader economic effects associated with
inequities*. A focus solely on overall population health can conflict with efforts to reduce inequities, for

instance, if delivering care effectively to disadvantaged groups is associated with extra costs*.

[H3] Audit

The systematic review of performance after deployment serves to ensure that the model is continuing to
function as intended and does not introduce unintended biases or inequities. Post-deployment audits are crucial
to identify when models are used in more diverse populations or for different purposes than they were designed
for, which can contribute to health disparities**. Audits should also consider the ethical implications of continued
model use and whether adjustments or recalibrations are necessary to maintain equity in healthcare

outcomes**.
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[H1] The role of statistical methods

The genomic data analysis framework illustrates the different stages at which biases can enter and their
potential impact on equity. To highlight the ways in which statistical methods can promote equity, we now
describe an ontology of methods for equitable genomic data analysis. This ontology bridges the gap between
the statistical purpose of a method and its potential downstream benefit to health equity (Fig. 2). We also
outline examples of specific methodological strategies and techniques that can be employed for different
statistical purposes (Table 1). We largely focus on analyses of genetic data to illustrate these issues, although
we stress that the principles are applicable to other types of genomic data. To illustrate the role methods can
play throughout a single data analysis project, we also outline a case study on the development of an integrated

risk tool for cardiovascular disease (Box 3).

[H2] Reduce bias
Bias threatens the validity of a study’s conclusions and can lead to disparities in accuracy. While there exist many
different sources of bias (for examples, see the Catalog of Bias®!), we focus here on those that are especially

relevant to genomic equity.

[H3] Sampling bias

The lack of diversity in genomics can be seen as a sampling bias. Also known as ascertainment or selection bias,
sampling bias occurs when the distribution of individuals in a study differs systematically from the population
of interest. In machine learning, this difference between training data and target population is known as
distribution shift.

Methods that address sampling bias and distribution shift can also enhance downstream statistical
performance (see also Increase statistical power for discovery and predictive accuracy for further methods to
mitigate sampling bias). One such method is transfer learning, also known as out-of-distribution generalization.
This general machine learning strategy uses data from one context to boost performance in another context.
For example, transfer learning can be used to adjust an existing PGS to a new target population®*°3. Another
approach relies on propensity scores, which quantify the probability that an individual will participate in a study
given their personal characteristics. Propensity score regression can correct for population structure in GWAS,
which unlike PCA-based methods also accounts for non-genetic factors®. Targeted study design can also be

used to correct for sampling bias. For instance, the MULTIPOP framework guides the design of follow-up studies
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using multi-population data to improve fine-mapping>. Data sampling strategies to construct training sets for

PGS can also provide insight into where data collection efforts should be focused®>” .

[H3] Reference bias

Genomic references play a crucial role at various stages of genomic analyses, especially in mapping and
imputation, but also in diagnostic analyses. Reference bias occurs due to the use of an inappropriate reference
genome or panel. Naturally, the use of more representative references or panels reduces this bias, and has been
found to improve imputation performance in diverse populations®® Meanwhile, meta-imputation provides a
statistical approach to mitigate aggregate genotype data imputed with distinct reference panels into a single
consensus imputed dataset®. Population-specific allele frequency estimates can reduce the search space of
variants that may be more common in one group but rare in reference panel as a whole, but can mask within-
group heterogeneity. Approaches to adjust allele frequencies accounting for this heterogeneity, such as
Summixss, can therefore provide an important tool to reduce variant effect misclassification. For mapping and
variant detection, pangenomic methods offer a promising path towards reducing bias arising from reference

genomes (see Better genomic references, including pangenomic references).

[H3] Confounding bias

Many genomic analyses seek to estimate the association between an ‘exposure’ or risk factor (for example a
genetic variant) and an outcome of interest (for example, a disease). Confounding occurs when a third factor, a
confounder, is associated with the exposure and influences the outcome. Consequently, an observed
association between exposure and outcome may in fact be spurious. In GWAS, confounding due to population
structure is well-recognised and a variety of robust methods are available to correct for this bias (see Inclusion
of more individuals). When conducting GWAS in admixed populations, further care must be taken to
appropriately adjust for substantial intra-individual differences in allele frequencies, both at the global and local
level. Importantly, which level to adjust for may depend on the analysis task, with global-ancestry adjustment
preferred for screening and local-adjustment preferred for fine-mapping®2. Approaches are also available for
GWAS co-localization for expression quantitative trait loci (eQTL) mapping®, and the analysis of population
differences in gene regulation®. Note that such adjustments are typically achieved by simply adding estimates
of population structure to the model, for instance the first ten components of a PCA. Such methods, however,
are incomplete proxies for human genetic diversity (see More nuanced approaches to categorization) and can

only ever partially mitigate confounding biases.
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[H2] Increase statistical power for discovery and predictive accuracy

Methods to boost power for statistical inference or prediction provide benefits across the population, although
given the current lack of diversity in genomic datasets, they can lead to outsized improvements in under-
represented groups. We highlight three strategies to boost power and specific methodological techniques that
have been employed for each: i) include more individuals, ii) include more traits, and iii) leverage non-genetic

data.

[H3] Inclusion of more individuals

For any statistical task, two key determinants of performance are the sample size and the similarity of the
training sample to the target population. Methods that facilitate the inclusion of more diverse individuals may
improve statistical performance, especially for under-represented groups. General strategies include meta-
analysis, joint or mixed modelling, and ensemble methods.

Meta-analysis methods combine summary statistics from multiple studies. Traditional meta-analytic
approaches for GWAS typically use fixed-effects models, which assume that variant effect size is constant across
studies. However, this assumption is often violated in meta-analyses involving diverse cohorts, owing to
heterogeneity in LD structure, gene—gene interactions, gene-by-environment (GxE) interactions and variations
in study design (for example, imputation artefacts). While cross-cohort heterogeneity in meta-analysis can be
captured using random effects models® or trans-ancestral models®®®’, these approaches can suffer from lower
discovery power.

Data from diverse cohorts can also be integrated through more sophisticated modelling. Such joint
analysis is appealing because it includes all participants regardless of ancestry. A common example is the linear
mixed model (LMM) for GWAS. LMMs can control for population stratification and relatedness (see Confounding
bias) and benefit from increased power due to the larger sample size. Implementations are available for both

6869 and for binary phenotypes’®’. The Tractor method also enables the inclusion of

continuous phenotypes
admixed individuals in GWAS’? (see Admixed populations). As discussed in Confounding bias, LMMs may not
fully control for population stratification, especially if there is further confounding from non-genetic factors that
are correlated with genetic ancestry®®3.

Beyond GWAS, joint modelling approaches can be used for fine-mapping. For example, extensions of

I”® to multiple populations are available in SuSIEx”* and MeSusie’. Bayesian approaches

the popular SuSIE mode
that rely on priors, which allow for more heterogeneity in effect size estimates across populations, have also

been proposed’®.
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A wide array of PGS methods combine data from multiple populations to improve predictive accuracy.
Bayesian approaches that jointly model data from distinct populations include PRS-CSx”” and MUSSEL’®.
Ensemble methods such as CT-SLEB”® and PROSPER® seek to optimally combine several distinct PGS trained on
different populations. Other methods take a two-stage approach. For example, XP-BLUP leverages information
from an independent (non-target) population by selecting SNPs that are strongly associated in the target
population to inform the priors of the variance parameters in a LMM&.. Methods specifically designed for
admixed individuals remain in their infancy and generally rely on the use of local ancestry inference to inform
effect size estimates (see Admixed individuals). These have been shown to improve performance in two-way

recently admixed populations but have yet to be comprehensively evaluated against other PGS methods41%5,

[H3] Use related traits

Data on related traits can be exploited to boost statistical power. Since common variants can influence different
but related traits, information associated with these secondary traits can be relevant for the primary trait. The
DeGAs method combines summary statistics from GWAS performed across many phenotypes, using a truncated
singular value decomposition to identify shared components of genetic association and uncover novel variants
and biological mechanisms across populations®?. Relatedly, the adaptive sum of powered score (aSPU) statistical
test is a form of variance components test that combines GWAS on related phenotypes to boost association
power for rare variants®®. XPXP improves PGS performance by incorporating population- and phenotype-specific

effects within a LMM estimated using multiple traits and multiple populations®*.

[H3] Leverage non-genetic data
Non-genetic data, such as demographic information, environmental factors, clinical measures and other
biological information, can enrich the contextual understanding of genetic information and further improve the
generalizability of results. Functional annotations, information on the role of genetic variants across different
cell types, can boost statistical power and predictive accuracy in cross-population settings for fine-mapping®
and PGS®®’. Enrichment analyses, which combine information from variants implicated in common genes or
functional pathways, can boost power to identify more genetic associations across ancestries®. Non-biological
information can also be combined with genetic data. For example, incorporating family history boosts the
accuracy of cross-population PGS®. Alternatively, existing clinical risk scores can be augmented with PGS to
improve cross-population performance® (Box 3).

Although integrating such datasets can improve statistical performance, these additional data sources

often exhibit the same lack of representativeness as genetic datasets and so can be subject to similar biases®..
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Functional annotations may be less comprehensive for biological processes associated with diseases that have
been historically understudied®®®. Clinical information in databases of genetic variants such as ClinVar may be
impacted unequal access to genomic healthcare. Moreover, the quality and completeness of such data may vary
across the population®2. For example, the lack of diversity has also been highlighted in molecular QTL datasets®®

and in epigenomic studies®*.

[H2] Assessing genetic variation

Statistical methods can be used to quantify variation at the population and individual levels. Assumptions of
homogeneity can lead researchers to exclude certain subpopulations from an analysis, or if the assumptions are
unfounded, bias the results of the analysis. The various techniques described above to increase statistical power
can help in identifying variation; our focus here is instead on methods specifically designed to characterise

heterogeneity in genetic structure within a population (Box 2).

[H3] Population structure

At the population level, quantifying genetic variation can provide insight into the transferability of models
trained on genetic data. A generalization study is a form of hypothesis testing that aims to establish whether a
particular association in a “discovery” GWAS on one population replicates in a “follow-up study” in another
population'??123, The field of population genetics offers a wide array of approaches to characterize population
structure. PCA, for instance, is widely used to correct for population structure in GWAS (see Confounding bias),
by leveraging genetic relationship matrices derived from allele frequencies. Rare variants can further enhance
resolution, uncovering fine-scale population structure that may remain hidden when relying solely on common
variation®®’. In contexts where rare variants are unavailable—such as in cohorts genotyped exclusively using
arrays—haplotype-based methods like identity-by-descent (IBD) and coalescent-informed approaches to
construct genetic relationship matrices, can detect subtle patterns of heterogeneity that may not be apparent

using allele frequency-based methods alone!26:168,

[H3] Trait-specific variation

Other measures assess genetic variation associated with a particular trait. For example, heritability quantifies
the degree of variation of a trait that is due to genetics. This can vary with genetic architecture as well as the
environment®’. The popular LD score regression (LDSC) method estimates heritability for different populations
using GWAS summary statistics®®. LDSC, and related methods, typically rely on an accurate estimate of the LD

matrix, which may not be available for heterogeneous or admixed populations. Approaches that account for
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this heterogeneity, such as cov-LDSC*, may enable more robust heritability estimation in such populations. The
PESCA method employs ancestry group-specific LD estimates in combination with GWAS summary statistics to
assess the distribution of shared versus population-specific causal variants for a trait!?. Similarly, estimates of
genetic correlation between two populations, as provided by methods such as Popcorn?®® and MAGIC!?, can be

t103

used in PGS development™ and to provide insights into PGS transferability and the shared genetic architecture

across populations®,

[H3] Admixed populations

Admixed populations (Box 1) make up a significant part of global human genetic diversity, but are frequently
overlooked in genomics research, limiting our scientific understanding of genetic variation and thus the
evidence base for genomic medicine for such groups. The unique statistical challenges of admixed populations,
due to their inheritance of genomic segments from several source populations, have been the main reason for
their historical exclusion from genetic studies.

Methods to characterize the genetic structure of admixed populations can broadly be split into two
categories: global and local ancestry inference (GAI and LAI, see Ref. 1% for a recent review)). GAl aims to
estimate an individual’s overall ancestry proportions from each source population, while LAl seeks to determine
the source population for each portion of an individual’s genome. Model-based approaches for GAI based on
parental ancestry proportion an allele frequency include STRUCTURE!® and ADMIXTURE!Y’, while fast
algorithmic alternatives based on PCA-based heuristics are available for large datasets'®1%, Many LAl methods
are available!'®. These are often based on hidden Markov models, used to estimate the transitions along the
genome from one source population to another!!!2, The popular RFMix relies instead on conditional random
fields to specify the relationship between genotype and local ancestry!’3. Both LAl and GAIl estimates can be
used to improve downstream analyses for admixed individuals, but further methodological work is needed (see

More nuanced approaches to categorisation).

[H3] Sex differences

There is a growing recognition that sex differences in genetics should be studied to better understand
inequalities across sex and gender!'*!'>, The sex chromosomes have in the past often been excluded from
GWAS, mainly due to the lack of availability of appropriate statistical approaches!®. Specific methods and best
practices are now available, providing tools needed to study sex differences and their role in health

118,119' and

inequalities'?’, including specific statistical tests for genetic association on the X chromosome
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software to facilitate mapping, quality control, and imputation, and association testing for both sex

chromosomes!?%122,

[H2] Identifying disparities in existing analyses
Finally, statistical methods can be used to detect inequitable group-level differences in the results of genomic
studies. In doing so, these methods highlight when results are and are not applicable for different populations.
A key challenge consists in establishing the source of these differences; methods outlined in the previous section
can help to disentangle biological variation from true biases. This can in turn improve clinical or scientific
decisions made based on the evidence from these studies. Moreover, it can inform the wider research agenda
and thus influence the design of future studies.

A clear example of this lies in the development of PGSs. A series of papers highlighted the differential

12,13,47

performance of PGSs across genetic ancestries , using population-aware modelling, simulation studies, and

hypothesis testing. This instigated an avalanche of methodological developments targeted at reducing this gap
and spurred further investigations into the factors underlying this differential performance#1%4,

Hypothesis testing can be used to confirm whether observed disparities are statistically significant.
Hypothesis tests have also been used to highlight differences in variant prioritization between genetic ancestry
groups?®, to identify disparities in diagnostic performance between ethnic groups for hypertrophic myopathy?!’
and cystic fibrosis!8, and to disentangle the role of ethnicity and genetic ancestry in disease outcomes!?.

We caution that investigations into disparities must be carried out with great care. Attempts to identify
group-level disparities carry the risk of supporting the idea that there exists an innate biological hierarchy

between groups of humans. In particular, conflating sociopolitical groupings as biological categories can feed

into racist ideologies (Box 1, and More nuanced approaches to categorization).

[H1] Future outlook
Methods development in genomics and genomic medicine is increasingly addressing equity, but there remain
many challenges. Here, we outline several priorities for methodological innovation that we believe would yield

the greatest positive impact to equity.

[H2] More nuanced approaches to categorization
A key challenge in genomics is the appropriate use of population descriptors. Researchers often categorise
individuals into discrete groups, often by ethnicity, geography, or genetic similarity. Which categorization to use

— or whether to use discrete categories at all — should be driven by the scientific question, and researchers
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should articulate and justify their choice*>. Whilst data-driven approaches for assigning group labels have been

proposed!?®?’  others have argued for a shift away from discretizations, which tend to exclude admixed

indiviuals from analyses?12

, risk ignoring within-population heterogeneity, and may over-emphasise apparent
differences between groups. A recent National Academies report instead recommends the use of genetic
similarity measures, without additional labelling, for many genetic analyses?, with further methodological work
needed to build such measures into standard genetics analyses. Local ancestry methods may provide a more
fine-grained characterization of variation which is more inclusive of admixed individuals, though these hinge on
the choice of source populations and availability of suitable reference data from these populations. Continuous
notions of diversity may also facilitate a move away from discrete groupings that fail to reflect biological
realities. For example, a recent approach that utilised a continuous metric of genetic distance from the centre
of the training cohort to assess PGS performance represents an important step toward more accurate and
inclusive frameworks*. Methods that approximate ancestral recombination graphs (ARGs), such as Relate or
tsinfer, offer another promising avenue!®®’°, By capturing the complex branching patterns of genetic ancestry,
ARGs provide a detailed representation of genomic variation without relying on categorisation, unlocking
opportunities for high-resolution and innovative applications in statistical genomics'’t. New ARG-based
methods are needed to perform essential tasks such as association analyses, variant prioritization, and PGS

construction Given the varied practical, ethical and statistical considerations in these approaches, an

interdisciplinary collaboration is paramount in developing better ways of characterizing diversity.

[H2] Harnessing advances in genomic references

Oversimplified categorization occurs implicitly in the use of reference genomes and panels. For instance, the
current most commonly used human reference genome GRCh38 is not representative of the global population
or indeed any population®*°. The potential for reference bias has prompted calls for alternative references'*. A
promising alternative is the draft human pangenome reference®®!. A pangenome is a collection of genome
sequences, typically represented by a graph-based data structure. New statistical methods are needed to reap
the rewards of this new data structure. While some bioinformatics techniques are available to perform read
mapping and variant calling!®*%34, further work is needed to improve computational scalability, and to extend
the use of pangenomes to common analysis tasks such as genotype imputation. Potential biases in reference
datasets can have direct clinical implications in the misclassification of variants for disease diagnoses®’.
Mitigating these biases is challenging as the datasets only publish summary statistics rather than individual-level
data. Methodological advancements in federated learning may provide a path forward to safely overcoming

these challenges (see Facilitating data sharing and federated learning safely).
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[H2] Understanding the role of social and environmental effects

Although the multifaceted nature of health inequalities has been well-documented®*%13’

, its role in the context
of genetic analyses has been less studied. Understanding this interplay is crucial to developing effective
interventions to reduce inequalities, which exist along numerous axes, including gender, ethnicity and other
social determinants of health. At the population level, these social determinants may be correlated with genetic
structure, which can introduce confounding bias. Advances in causal inference techniques, including Mendelian
randomization'*?, are required to handle more complex forms of interactions between these factors,

173 While there has been recent interest in the use of GxE

particularly in the context of highly polygenic traits
methods to investigate health inequalities!**'%.these are subject to similar biases as genetic studies!*! with new
methods required to mitigate these effects. Moreover, analysis of social and environmental data introduces a
range of new challenges including noisy measurements, self-reporting biases, and inconsistent metrics. Effect
sizes are often small and so achieving sufficient statistical power can be difficult. Recent efforts to use

metabolomics to enhance environmental exposure studies may provide a useful path forward to address some

of these challenges'’®,

[H2] Facilitating data sharing and federated learning safely

Widening the pool of existing genomic data available for statistical analysis can boost statistical power. The
widespread publication of GWAS summary statistics, for example, has significantly advanced our understanding
of the genetic architecture of complex traits and diseases. Nevertheless, important technical, statistical, and
ethical issues must be addressed to harness distributed datasets safely and effectively®’. Beyond GWAS, a
fundamental statistical challenge is to determine which summary statistics are needed to make inference on a
given statistical model. Combining genetic and non-genetic information (such as electronic health records or
socioeconomic data) provides a further challenge. Data privacy and sovereignty is a crucial consideration (see
Box 2). Statistical methods that reliably preserve privacy can help pave the way towards more inclusive and
representative genomic databases!®>. New methods are needed to efficiently combine information across
datasets while reducing the risk of identification. Privacy-preserving synthetic data generation (SDG) could be
used to fit models or train clinical algorithms**. However, most existing SDG methods introduce statistical bias
into downstream analyses, although approaches are available to mitigate this*>. Moreover, while privacy-
preserving methods may help to build trust, interdisciplinary efforts are nonetheless necessary to ensure

appropriate compliance with ethical and legal issues around data sharing®’>.
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[H2] Methods for multi-omics and pharmacogenomic studies

Many of the methods we have outlined were developed for GWAS or their downstream applications. By
contrast, relatively few methods are available in emerging areas of genomics, such as tumour sequencing, single-
cell sequencing, spatial transcriptomics, organoids, pharmacogenomic and multi-omics studies. However, the
data disparities in GWAS are also present in other omics fields, with individuals of European genetic ancestries
comprising 93% of protein QTL (pQTL) studies, and 82% of the GTEx project, a commonly used eQTL study*647,
New ‘multi-modal’ methods to integrate and analyse data from multi-omics studies are required to understand
the biological mechanisms underlying diseases and provide insight in how to best prevent and treat diseases!*.
Importantly, mutation rates, DNA methylation and mRNA expression have been shown to vary by genetic
ancestry'® . Given their role in identifying cancer pathways and driver genes, such genetic ancestry-related

differences must be properly accounted for. Further methodological developments are required to detect,

characterize and appropriately handle population heterogeneity within these studies.

[H1] Conclusions

In this Perspective, we have highlighted how methodological developments can play a crucial part in promoting
equity. In conjunction with the ongoing drive to build more representative genomic datasets, we encourage
researchers to take equity into account at all stages of a genomic study, from inception to data acquisition and
analysis. Emerging fields such as single-cell genomics can learn lessons from GWAS by considering equity from
the beginning, before data disparities and biases are ‘baked in’. Meaningful patient and public involvement from
study design to analysis can provide an additional human perspective into more statistical notions of equity.
Such an approach will also help to build trust in genomic research and medicine’. We also urge researchers to
improve the reporting of methods, both in terms of performance across key demographic strata and the
representativeness of the training data on which they were developed'’®. Realistic measures of uncertainty in
conclusions or estimates that accommodate non-representative data will improve the robustness of conclusions
and highlight potential biases. Finally, we ask researchers to look further afield than genomics for innovations
with the potential to improve equity. The push towards better, more equitable analytical tools has been initiated
across several disciplines including clinical trials, computational medicine, epidemiology and public health, as
well as in purely methodological areas of the statistical and machine learning literature*°. As well as technical
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solutions, these disciplines provide a wealth of useful frameworks?’, standards?’®, and toolkits'’” from which,

suitably adapted, genomics could stand to benefit in its efforts towards advancing health equity.
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Table 1. Categorization of methods for genomic data analysis and their potential benefit to health equity

Purpose of method

Benefit(s) to equity

Analysis stage

Methodological

Example applications

strategy or
technique
Sampling bias Improve generalizability of | Research design | Tailored study PGS°6->7
Account and results; & data design
correct for data | Reduce disparities in acquisition; Transfer learning
representativen | statistical performance Model
ess and clinical utility development USSP I PGS™*
Reduce
bias Confounding Improve generalizability of | Model Population-aware
bias results development modelling:
Establish
genuine causal
effects
Mixed models GWASE71

PC regression

GWAS®2, eQTL analysis®?

Reference bias
Reduce errors
due to
unrepresentativ
e reference
genomes or

panels

Improve generalizability of
results;

Reduce disparities in
statistical performance

and clinical utility

Data preparation;
Model

development

Meta-imputation

Genotype imputation®¢°

Pangenome

methods

Variant calling?31132

Increase statistical power
(e.g. fine-mapping; variant
detection) and

Boost predictive accuracy

(e.g. polygenic scoring)

Improve generalizability of
results;

Reduce disparities in
statistical performance

and clinical utility

Research design
& data
acquisition;
Model

development

Inclusion of more

individuals:

Meta-analysis

GWA565—67

Mixed/joint models

GWA568-72,164

Fine-mapping’*7®
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Purpose of method

Benefit(s) to equity

Analysis stage

Methodological

Example applications

strategy or
technique

PGs77,78
Ensemble methods | PGS7>#°

Multi-trait analysis

GWAS®®, PGS

Leverage non-
genetic data

GWA585,87,88 PGSsS,89,90

Assess genetic variation

Inform research agenda;

Improve future

Model

development;

Hypothesis testing

GWA5122,123

downstream analyses Evaluation
Trait-specific Heritability®®
100
variation GWAS
Genetic correlation0%192

Population-aware
modelling:
Admixed Global ancestry inference!?6-1%°
populations Local ancestry inference!10-112
Sex chromosomes GWAS7-121

Identify disparities Inform research agenda Evaluation Hypothesis testing | Variant classification”°

Population-aware

modelling

PGsl4,104

‘Population-aware models’ are those that take into account particular characteristics, such as genetic

architecture, of the study population (Box 2).

Table 2. Challenges and opportunities for methodological innovation to advance equity in genomics

‘ Key challenges

Methodological opportunities
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More nuanced approaches to
categorization

- Overreliance on discrete population
groupings that do not reflect human
genetic diversity

- Exclusion of admixed individuals from
analyses

- Approaches that rely solely on genetic
similarity measures without group labels
- Continuous characterisations of genetic
ancestry

- Tools based on ancestral recombination
graphs

Harnessing advances in genomic
references

- Standard reference genomes and panels
are unrepresentative of the global
population

- Methods for alternative references are
computationally expensive

- Scalable implementations of
pangenome methods and extensions to
standard genetic analyses

- Federated learning combining
reference-based summary statistics and
individual-level data

Understanding the role of social and
environmental effects

- Confounding biases from correlations
between social determinants and genetic
structure.

- Challenges in analyzing noisy, self-
reported, or inconsistent data.

- Causal inference techniques, including
Mendelian randomization, for high-
dimensional data

- Careful use of proxies, e.g.
metabolomics for environmental
exposures

Facilitating data sharing and federated
learning safely

- Combining genetic and non-genetic
information

- Compliance with ethical and legal
considerations

- Development of summary statistics
beyond GWAS

- Privacy-preserving synthetic data
generation and federated learning

Methods for multi-omics and
pharmacogenomic studies

- European ancestry bias in omics
datasets

- Limited availability of population-aware
tools for emerging fields

- Multi-modal tools to integrate different
data types

- Adaptations of GWAS approaches that
account for population heterogeneity

Figure 1. A conceptual framework for a general genomic data analysis task. Genomic research operates within
a broader sociopolitical ecosystem (see Box 2). Critical factors for equity at the ecosystem-level include
workforce diversity, partnerships, public and patient involvement, and funding. Each of these stages are
interwoven and have an impact on data analysis but in particular influence the Research agenda and
prioritization, which in turn shapes the subsequent design of a research study. At the outset of a study, the
research design & data acquisition stage determines what data is both required and available to investigate a
particular scientific question. Who gets included in the study data is determined via study design and
participation as well as the limitations of data collection/availability. This is followed by a data preparation stage
which consists of tasks such as read mapping and alighnment to a reference genome, quality control, and
preprocessing steps such as imputation. The model development stage typically involves feature engineering,
whereby data is transformed into ‘features’ that can be used in a particular model; determining the model
specification to characterize the functional form of the data; and model training in which the parameters of a
model are tuned to best align with the observed data. In many machine learning models, features or
representations are learnt from the data iteratively through model training. Once a model has been specified
and trained, it undergoes an evaluation stage. In the research context, model validation assesses the accuracy
and reliability of the results. Meanwhile, in the clinical context, a cost-benefit analysis determines its practical

implementation value. Additionally, once a model is deployed, an audit process aims to monitor its
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performance. There may be several iterations of model development and evaluation steps to optimize
performance. The outcomes of a genomic data analysis feed back into the sociopolitical ecosystem by advancing
our scientific understanding through knowledge generation and the formulation of clinical policy, both of which
loop back to influence the research agenda and prioritization, highlighting the cyclical nature of genomic
research and its impact on genomic medicine. Analytical tools have variable influence throughout this

framework, comprising key aspects of a data analysis but having little impact on the sociopolitical backdrop.

Figure 2. Pathways to equity. Statistical methods play a crucial role throughout a genomic data analysis. This
schematic illustrates where and how statistical methods can benefit equity in genomics research, highlighting
the different stages within the genomic data analysis framework (Figure 1), their goal or purpose at a statistical
level, and the subsequent benefits to equity. At the model evaluation stage, statistical methods can serve to
identify disparities in the results of genetic studies. The appropriate selection of evaluation cohorts and outcome
measures can play a crucial role in identifying such disparities, which can serve to influence the research agenda
and inform the design of future studies. Methods to assess genetic variation within the population can be used
at both the model development and evaluation stages. Data preparation can also have an impact here;
important population-specific variation may be overlooked as noise or smoothed over. Characterisations of
genetic variation can inform both the specification of downstream analyses, reducing bias and improving power,
as well as the design of future studies. Techniques to reduce statistical bias and increase statistical power can
be used at various stages of a data analysis. These serve the twin goals of improving the generalizability and
reducing disparities in accuracy of model outputs. In turn, these enhance the validity of scientific conclusions
and the evidence-base for clinical decision making, particularly for those currently under-represented in

genomic studies.

Box 1. Population descriptors

Genomics research studies patterns in genomic data to gain insights into the biological mechanisms that
underpin human life, and how they interact with the environmental context. Researchers often use discrete
labels to group individuals as a convenient way to describe the continuous and intricate patterns of human
genetic variation shaped by history, migration, and evolution. In practice, no single categorization can
adequately represent the complexity of genetic variation, and the use of population descriptors should be
carefully tailored to the scientific question at hand to avoid further exacerbating disparities2%. Here we provide

key definitions and terminology for population descriptors commonly used in genomics.




Population
A population refers to a group of individuals with a common attribute or perceived characteristic. Examples

include geographical location, race, ethnicity, genetic ancestry, sex, and gender.

Race, ethnicity and ancestry

These terms are often - and mistakenly - conflated. Race is a sociopolitically constructed system, often used
to classify and rank people based on supposed innate biological characteristics. Ethnicity is another
sociopolitically constructed system for classifying people based on shared heritage or cultural similarities,
such as language or religion. Both of these systems vary globally. Ancestry is a context-dependent term that
generally refers to a person’s descent over (a varying amount of) generations, and can encompass both social
and biological factors. As such, the term "ancestry" alone should be avoided in genetic analyses. Instead, it
should be qualified to clarify its intended meaning—such as “genetic ancestry” (see Genetic ancestry below),
or “genealogical ancestry” for descent through family lineages, to prevent misconceptions and ensure
precision. Similarly, neither race nor ethnicity should be confused with genetic ancestry, or used as proxies

for population genetic variation.

Genetic ancestry

Genetic ancestry, defined by the complex mosaic of stretches of genomes inherited from different
genealogical ancestors 121 is formalized in a structure called an ancestral recombination graph (ARG), which
traces how genetic variation is inherited by individuals over time. Whilst researchers often define genetic
ancestry groups by clustering together genetically similar individuals and assigning a geographic label to their
members, such groups are modelling constructs with that vastly reduce the full complexity of genetic
ancestry. Due to the risk of conflating these group labels with race or ethnicity and thus feeding into racist
ideologies, this process should be undertaken carefully and with a comprehensive understanding of its

limitations (see More nuanced approaches to categorization).

Admixture
Statistical models in genomics often rely on an assumption of the existence of discrete ancestral populations
from which individuals today inherit their genetic material. In this context, admixture occurs when individuals

from different ancestral groups mix. It is important to note that this concept is timescale-dependent and
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makes the simplifying assumption of the existence of ‘pure’, homogeneous populations in the past. By
definition, all humans are admixed, but not everyone is recently admixed. In practice, the term ‘admixed’ is

typically used to refer to individuals with recent admixture (<100 generations).

Sex and gender

These are different concepts that are sometimes mistakenly used interchangeably. Sex is a biological
characteristic that is generally defined according to reproductive organs, chromosomes, or hormones. Sex is
typically treated as a binary trait, although there are cases of intersex individuals who do not fit within this
binary characterization. Gender, on the other hand, refers to a sociocultural identity held by an individual and

refersto a spectrum.

Box 2. The sociopolitical backdrop to genomic data analysis
Each stage of the genomic data analysis framework (Figure 1) is shaped by the broader sociopolitical context

of genomic research and medicine. Better methods have limited direct influence here; tackling these
challenges will instead require significant ecosystem-level efforts®*>4¢. Here, we highlight key ecosystem-

level considerations with cascading effects on genomic data analysis.

Knowledge generation and clinical policy

A study can influence clinical policy and lead to advances in scientific knowledge. Biases at any stage can lead
to spurious conclusions or limit the relevance of evidence to support clinical decision-making. Moreover, the
interpretation of findings may also reflect existing social or cultural prejudices. Such biases can result in less
accurate diagnoses and suboptimal treatment recommendations, ultimately resulting in poorer health
outcomes for those historically under-represented and marginalized in genomics research**’. Clinical policy
may also be impacted by funding constraints and strategic priorities, particularly in the face of other public

health challenges such as infectious diseases.

Workforce diversity, funding and partnerships

Across biomedical research, scientists from low-income countries and diverse ethnic groups are under-
represented®. This lack of workforce diversity diminishes important perspectives and research questions that
experts from different backgrounds contribute to genomics. Similar diversity gaps in funding agencies and

journal editorial boards may also inadvertently create barriers to opportunities at different points in the




596

research cycle. Conversely, funders can promote equity in genomics by prioritizing greater inclusion of
underserved populations in study designs and review criteria®. Equitable partnerships between high-income

and lower-income countries also have a key role to play in improving diversity in genomics®.

Patient and public engagement

Exploitative research in genomics can be harmful to study participants specifically and damage trust in
genomics medicine more generally!’®17°, Concerns over data privacy and misuse, particularly those from
historically under-represented groups, can act as a barrier towards equitable participation in genomic
studies’. Issues of data ownership and consent have significant implications for data sharing and secondary
analyses'®!. Engagement of study populations throughout the research process also has a crucial role to play

in enhancing the quality of research and ultimately reducing health disparities!®°

. What constitutes proper
engagement is rapidly evolving, moving away from viewing participants as mere “research subjects” toward

involving them as active collaborators, for example, by providing input into study design®.

Research agenda and prioritization

Because of these ecosystem-level factors, the research questions that are posed and the focus of efforts in
genomic medicine do not always represent diverse priorities. Funding incentives alongside the personal
interests of a homogeneous workforce move the focus of genomic data analysis to diseases that affect
privileged demographic groups, often further marginalizing minoritized populations***°. For example, intense
research efforts have been invested to study cardiovascular disease, which disproportionately affects older
men, but comparatively little research has been undertaken into sickle cell disease, which affects mostly
people of African descent. The influence on the research agenda in turn affects study design and data
availability, bringing us back to the beginning of our framework. Thus, the framework is cyclical in nature:
biases can enter at various stages of analysis, cascading negative effects to downstream stages and future

studies, and amassing inequity in each cycle.

Box 3. Population-aware modelling

The appropriate choice of model for any statistical analysis is essential to drawing valid scientific insights from

observed data. False assumptions of homogeneity across populations can result in invalid conclusions and
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suboptimal statistical performance arising from genomic data analysis. A well-studied example of this is the
impact of population stratification in GWAS: differences in population structure that are left uncorrected can
lead to spurious associations. In some cases, these assumptions of homogeneity can be a direct consequence
of lack of available data. The misclassification of genetic variants for hypertrophic cardiomyopathy in Black
Americans rested both on a lack of control data in diverse cohorts and an implicit assumption of similar allele
frequencies across populationsiZ. In other circumstances, researchers may instead elect to exclude minority
groups of individuals from analyses entirely, in order to meet the assumptions of the model, thus limiting the
scientific evidence base for these groupsé.

Population-aware strategies are those that acknowledge and leverage the diverse genetic landscapes present
in human populations to mitigate against false assumptions of homogeneity. The term ‘population-aware’
encompasses ‘ancestry-aware’ methods that account for differences in genetic architecture that occur
between populations as well as approaches that address other forms of population variation, including sex
differences and social disparities. The availability of ancestry-aware methods, especially for GWAS and PGS,
has increased markedly in recent years, carrying the potential to promote equity in genomics research (see
The role of statistical methods for several examples). Further methodological development towards
approaches that account for other forms of population variation is required to further our understanding of
the interplay between the genetic and non-genetic factors underlying health inequalities (see Understanding

the role of social and environmental effects).

Box 4. Case study: an integrated risk score for cardiovascular disease

Statistical methods can promote health equity in genomics in numerous ways, at several stages of analysis,
even for a single study. To illustrate this, we place a recently developed integrated risk tool for atherosclerotic
cardiovascular disease (ASCVD-IRT)2 in the context of the genomic data analysis framework (Fig. 1).
Research agenda and prioritization

Clinical risk scores for cardiovascular diseases (CVD) such as the QRISK and atherosclerotic cardiovascular
disease pooled cohort equations (ASCVD-PCE) scores are being used in clinical practice to identify and offer
preventative treatment to those at increased risk of CVD. Combining these risk scores with a polygenic score

(PGS) to create an integrated risk tool (IRT) can boost predictive performance, although this has yet to be




rigorously evaluated across diverse population groups. ASCVD-IRT was expressly developed “to predict 10-

year risk of ASCVD across diverse ethnicity and genetic ancestry groups”2.

Research design and data acquisition

To construct the PGS, ten GWAS datasets for ASCVD were obtained. These represented individuals from
multiple ancestry groups and geographies. ASCVD-IRT was then developed by combining ASCVD-PCE with the
PGS, with the relative contribution of the two risk scores tuned using data from four further, genetically
diverse cohorts. The use of diverse cohorts can improve transferability beyond individuals of European genetic

ancestries (see Inclusion of more individuals).

Data preparation

The PGS was constructed using summary statistics from existing GWAS and did not carry out new sequencing.
These GWAS may be subject to bias arising from the use of a single reference genome (see Better genomic
references, including pangenomic references), although we note that the impact on PGS performance of such
reference bias has not yet been evaluated. Details to perform each GWAS were not all available, but we note
that the use of GWAS in diverse cohorts typically requires tailored techniques for preprocessing, including

quality control (QC), adjustment for population structure, and genotype imputation?.

Model development
The PGS was developed using LDPred*2 following a fixed-effects meta-analysis of the ten GWAS datasets. This

step also used trait-specific functional information to inform the effect size estimates for each SNP22

, Which
may serve to enhance the generalizability of the PGS (see Leverage non-genetic data). We note that only a
single PGS was developed; the use of ancestry-specific PGS may yield improved predictive performance for
CVD across genetic ancestriest®?, although this would carry further difficulties in implementation to determine

which PGS an individual should receive.

ASCVD-IRT was trained by combining ASCVD-PCE with a rescaled PGS, where the scaling factor was tuned
using four diverse cohorts in which both the required genetic and clinical data was available. The scaling factor
was estimated separately by sex and by African v non-African ancestry, reflecting empirical patterns observed
in the four cohorts (see Assessing genetic variation). This is an example of Population-aware modelling (Box

2), whereby heterogeneity is accounted for in order to improve statistical performance across the population.




599
600

601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620

Evaluation

The performance of ASCVD-IRT was carefully evaluated across three diverse cohorts, two in the US and one
in the UK. Various performance metrics were used, including sensitivity, specificity, and net reclassification
improvement over ASCVD-PCE. The reporting of these metrics was stratified by self-reported ethnicity,
genetically inferred ancestry, age group, and sex. Hypothesis testing was used to confirm the statistical
significance of the performance improvements of ASCVD-IRT over ASCVD-PCE for different subgroups.
Performance for admixed individuals, however, was not evaluated.

The potential clinical benefit of a closely related IRT was also evaluated in two follow-up studies investigating

the clinical utility, feasibility, and acceptability to both participants and healthcare providers in implementing
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the IRT into clinical practice in the UK National Health Service
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