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Abstract

The expansion of ancestrally diverse genetic cohorts has altered 
the landscape of complex disease genetics. Differences in linkage 
disequilibrium across populations have improved fine-mapping and 
the identification of target genes — key steps for translating findings 
from genome-wide association studies into biological understanding. 
Whilst there is widespread sharing of genetic architecture across 
ancestries, loci that display heterogeneity in causal genetic effects 
across populations can offer unique biological insights. Here, we review 
how ancestral and global diversity shape genetic discoveries. As we 
advance towards global precision medicine, integrating genomic data 
with diverse environmental and social factors will be crucial to account 
for population-specific contexts that can influence disease risk or 
treatment response.
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Here, we review how key demographic events and evolutionary 
forces, including migration, genetic drift and natural selection, contrib-
ute to population genetic variation by influencing allele frequency dif-
ferences, patterns of linkage disequilibrium and population structure. 
We then discuss how increased ancestral and geographic diversity in 
genomic resources has contributed to novel genetic discoveries, includ-
ing population-specific variants, new trait associations and improved 
fine-mapping resolution. Diverse data resources also offer new insights 
on the generalizability of genetic findings based largely on one ancestry 
group across diverse ancestries and settings. Finally, we address how 
genetic ancestry can influence patterns of disease prevalence.

Human evolution and genetic diversity
Applying a population genetics framework can help understand 
observed genetic differences in the context of the demographic events 
and evolutionary forces that act on allele frequencies over time and 
across populations24 (Fig. 1). In this section, we introduce the key con-
cepts of population and ancestry before outlining how demographic 
events, such as migration and archaic introgression, and evolution-
ary forces, such as genetic drift and natural selection, contribute to  
variation and why these patterns are relevant for genetic research.

‘Human populations’ refers to groups of people who live in a 
specific geographic area and share certain characteristics25, includ-
ing genetics, location, and demographic and cultural aspects26.  
An individual’s ‘genetic ancestry’ refers to a person’s family origins and 
genetic lineage, tracing back through generations25. Genetic ancestry is 
a concept that is relative to time, geographic context, reference popu-
lation data and the analytical methods used for ancestry inference27.  
In this Review, we mean ‘genetically inferred ancestry’ when discussing 
diversity in genetic research. Of note, when estimated using genetic 
data, ancestry is a continuous measure shaped by historical patterns 
of admixture and migration, and no clear line of distinction can be 
drawn between populations or ancestry groups25. When comparing 
genetic findings across populations or ancestry groups, it is important 
to carefully disentangle the social and genetic constructs that can 
influence them.

Most genetic association studies use methods such as princi-
pal component analysis to assign individuals to genetically inferred 
ancestry groups. This means that an individual’s sample is assigned 
to a genetically similar reference group and labelled accordingly. The 
choice of reference groups and the boundaries for assignment are 
somewhat arbitrary. We use the term ancestry group throughout this 
Review to refer to the genetic similarity-based groupings that were used 
by the primary research studies and country-based ancestry (for exam-
ple, labelling Biobank Japan as East Asian). However, we acknowledge 
that assigning individuals to discrete ancestry groups, although useful 
for comparisons, as done in this Review, oversimplifies the continuous 
nature of genetic variation28 and is shaped by social and historical con-
text (Box 1). Moreover, individuals do not derive from a single ancestry 
in any meaningful sense. Given the long history of race concepts being 
weaponized, it is crucial to distinguish these ancestry groups used  
in genetic research from socially constructed racial hierarchies29.

Migration
Africa is the origin of all modern humans30,31. Most human genetic vari-
ation (about 99.9% at the DNA level) is shared across populations32. 
Approximately 50,000–100,000 years ago, modern humans began 
dispersing from Africa33,34, resulting in a severe population bottleneck 
(a sharp reduction in population size35) that reduced genetic diversity 

Introduction
Common, complex diseases arise from a combination of genetic and 
non-genetic risk factors, such as environmental exposures, lifestyle 
(diet, physical activity, smoking) or socioeconomic factors, that can 
interact to influence disease susceptibility. Disease prevalence, that is, 
the proportion of individuals in a population with a disease at a given 
time, can vary by geographic location. For example, the prevalence of 
obesity is considerably higher in the USA (42% in adults) than in Japan 
(5%), largely due to differences in dietary patterns such as higher con-
sumption of sugar-sweetened beverages in the USA1, which increases 
the risk of obesity-associated diseases such as type 2 diabetes and car-
diovascular disease2. Air pollution and insufficient physical activity are 
other geographically stratified exposures that have a strong impact 
across several complex diseases, including coronary artery disease and 
stroke3,4. Prevalence rates for some diseases or specific subtypes can 
also differ for ethnic groups within a country. For example, in England, 
overall cancer incidence rates are lower in Black and Asian ethnic groups 
than in the white ethnic group; however, the incidence rate of prostate 
cancer is 2.1-fold higher in Black men than in white men5.

Over the past two decades, genome-wide association studies 
(GWAS) have uncovered many genetic variants linked to complex 
traits or diseases. However, the vast majority (86%) of published stud-
ies were based on data for individuals with European ancestries6. This 
Eurocentric bias has ethical, scientific and clinical consequences as the 
generalizability of genetic findings is uncertain, which could deepen 
existing health disparities across global populations7. Polygenic risk 
scores (PRS) are an important example that illustrates how a lack of 
ancestral diversity in genetic studies hinders discovery and inclusive 
research. PRS are derived by aggregating the effects of genetic vari-
ants associated with disease and can estimate part of an individual’s 
susceptibility to diseases8. PRS have shown utility in research settings 
and, despite limited predicative accuracy, are increasingly incorpo-
rated into clinical practice, for example, to identify individuals at 
higher lifetime risk9–11. The predictive accuracy of PRS developed 
using data from individuals of European ancestry can be up to 4.9-fold  
lower in non-European populations than in European populations, 
raising concerns that their clinical use may exacerbate disparities  
in health outcomes12.

A lack of ancestral diversity in genetic research also limits the 
discovery of risk alleles that are common or have stronger effects 
in specific populations. For example, a damaging missense variant 
(rs730881101) in TNNT2, which is associated with lower heart function 
and increased risk of heart failure, was identified in a GWAS of more 
than 260,000 Japanese individuals and would have been undetectable 
in European-ancestry-only cohorts13. As another example, an intronic 
variant (rs77408001) in the ELN gene, associated with kidney function, 
was identified in a meta-analysis of approximately 80,000 individuals 
of African ancestries and provided new insights into the pathogenesis 
of chronic kidney disease14. Addressing imbalanced representation in 
genetic research is therefore essential to ensuring that advances in 
genomics benefit all equitably.

The past few years have seen major developments in the genetic 
and genomic data landscape, with large biobanks emerging outside 
Western countries as well as large studies focusing on underrepre-
sented groups within Western countries15–18. However, recent politi-
cal developments in the USA pose emerging challenges to equity in 
biomedical research19,20. Reducing funding and support for research 
focusing on diversity and equity in genomics risks undermining efforts 
to understand complex diseases in diverse populations7,21.
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in populations outside of Africa (Fig. 1). Subsequent demographic 
events, such as migration and admixture, including episodes of archaic 
introgression, whereby ancient humans, such as Neanderthals and 
Denisovans, interbred with anatomically modern humans36, further 
combined with evolutionary forces, such as mutation, genetic drift, 
gene flow and natural selection, to shape present-day human genetic 
diversity37. Populations that remained in Africa did not experience the 
severe bottleneck that reduced genetic diversity in non-African popula-
tions and hence have retained greater genetic diversity, which is key to 
understanding genetic architecture and disease risk6,38. Because genetic 
diversity and demographic history differ among populations, so too 
do patterns of population structure and linkage disequilibrium (that 
is, the non-random association of alleles with each other)39. Shorter 
linkage disequilibrium blocks in African populations reflect greater 
historical recombination and accumulated genetic variation40, pro-
ducing a rich mosaic of haplotypes. By contrast, European and other 
populations that have experienced bottlenecks exhibit longer linkage 
disequilibrium blocks, as recombination has had fewer opportuni-
ties to reshuffle alleles41. Leveraging the greater genetic diversity and 
shorter linkage disequilibrium blocks in African populations can aid 
the discovery of novel loci, identify population-specific variants and 
improve fine-mapping resolution42,43.

Admixture and introgression
Admixture between populations has substantially contributed to 
present-day human genetic diversity, as groups with different evolu-
tionary histories came into contact and exchanged genetic material. 

Although population genetic models often describe human popula-
tions as distinct groups, evidence indicates that ancestry is largely 
continuous, shaped by gradients of genetic variation44,45. This means 
that differences between populations tend to change gradually rather 
than aligning with discrete boundaries, and models of clearly sepa-
rated groups are now recognized as oversimplified, given the extensive 
admixture observed across human history.

As modern humans migrated and expanded across the world, 
they encountered and admixed with archaic human populations, 
such as Neanderthals and Denisovans, leaving detectable segments of 
archaic DNA in non-African populations46,47. Approximately 1–3% of the 
genomes of non-African individuals are of Neanderthal origin, whereas 
Denisovan introgression is found at higher levels in populations from 
Oceania and parts of Asia48. These introgressed DNA segments from 
archaic populations can have functional effects on human physiology. 
For example, variants introgressed from Neanderthals have been asso-
ciated with regulation of the OAS1–OAS2–OAS3 gene cluster, which is 
involved in innate immunity49. Moreover, variants introgressed from 
Denisovans have been found in the EPAS1 gene, which has contributed to 
high-altitude adaptation in Tibetans by regulating the body’s response 
to low oxygen levels50. Archaic introgression thus represents a specific 
form of admixture that has shaped genetic diversity in modern humans.

Genetic drift
One of the key evolutionary forces to consider in studies of different ances-
try groups is genetic drift. Because only a subset of the alleles present  
in one generation is randomly passed on to the next, genetic drift leads 

1 2 Selection
Non-random adaptation

Founder event
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Reduction in population size
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Adapted populationAdapted populationSurviving population

Mutation
Environment 1 Environment 2

Fig. 1 | The impact of evolutionary forces on genetic variation. a, The ancestral 
population (top) contains a high level of genetic diversity (represented by a 
wide variety of coloured alleles). During a bottleneck event, a sharp reduction 
in population size occurs, allowing only a small, non-representative subset of 
genetic variants to be passed on in the surviving population (1). This results in a 
population with reduced genetic diversity and increased linkage disequilibrium 

across the genome relative to the ancestral population. Under selective pressure 
(for example, sun, diet adaptation), certain variants that are advantageous 
increase in frequency, whereas others decrease (2). Consequently, genome-wide 
association studies in these populations may identify different phenotype–
genotype associations (Fig. 3). Alternatively, the two populations can be exposed 
to different environments, which interact with some genetic factors or epistasis.
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to fluctuations in allele frequencies (that is, specific genetic variants 
become more or less common) by chance rather than selection, making 
it one of the main contributors to allele frequency differences and 
genetic diversity between populations51. Small populations, such as 
those formed after bottleneck or founder events, are especially sus-
ceptible to genetic drift, leading to rapid and sometimes unpredictable 
shifts in allele frequencies52.

Although the majority of genetic variation is shared across popu-
lations, some variants are population-specific (that is, only present or 
common in certain populations), and these differences can be medi-
cally relevant53–55. For example, isolated populations are communities 
founded by a small number of individuals who have remained relatively 
separate from other populations over generations, often due to geo-
graphical, cultural or other barriers56. As a result, rare variants can drift 
to higher frequencies, increasing the power to detect associations 
with complex traits (Fig. 1), or be lost entirely, with a potential impact 
on disease risk37,38. For example, a null mutation in APOC3 linked to 
favourable lipid profiles was first discovered in the Amish population57 
and replicated in a Greek isolate population58.

Natural selection
Natural selection ‘favours’ variants that increase survival or repro-
duction, thereby shaping the frequency of these alleles59. Adaptation 
to local environments has played a role in shaping genomic differ-
ences between populations (Fig. 1). For example, the sickle-cell trait, 
caused by inheriting one copy of a point-mutated allele of the HBB 
gene, provides malaria resistance, offering a survival advantage in 
malaria-endemic regions of Africa. This selective pressure has led to a 
higher frequency of the sickle-cell allele, and consequently sickle-cell 
disorder, in populations historically exposed to malaria, particularly 
in parts of sub-Saharan Africa, the Middle East and India60,61. The sur-
vival advantage helps maintain the gene in the population despite 

the severe health risks associated with inheriting two copies, serving 
as an example where natural selection has driven population-specific 
allele frequency changes62. Of note, although natural selection acts on 
genetic variants, it is often in response to environmental exposures, 
including diet, pollution, infections and stress63,64.

Polygenic adaptation to natural selection involves subtle allele 
frequency changes for a large number of variants, each with a small 
effect on the outcome, and has shaped the genetic architecture of 
complex diseases65,66. Polygenic adaptation to local selection pressures 
could explain why some genetic associations with complex diseases are 
population-specific. However, it has been demonstrated that subtle 
population stratification can influence estimates of polygenic signa-
tures of selection, making it challenging to quantify the impact of selec-
tion on complex traits67,68. Moreover, the interaction of the exposome 
(totality of exposures) with the genome through gene–environment 
interactions can influence health and disease, which may affect popu-
lations differently owing to variations in environmental exposures, 
socioeconomic conditions and geography69.

From ancestral diversity to genomic discovery
Recognizing the importance of global representation in genetic and 
genomic research, recent efforts have focused on increasing ancestral 
diversity in large-scale genetic studies. The following sections highlight 
how ancestrally diverse biobanks have emerged across many regions 
worldwide and how this representation is reshaping genetic discovery 
by expanding the catalogue of genetic variants, enabling the discovery 
of novel trait associations and empowering fine-mapping to identify 
target genes, revealing new biological insights.

Diversity in biobanks
We first describe developments in terms of global biobanks, followed 
by introducing some notable disease-focused cohorts. We then present 

Box 1 | Ancestry research in the shadow of racism
 

Ancestry differences in disease prevalence raise the question of whether  
genetics contribute to them. However, correlating disease with 
ancestry is often confounded because of the connection between 
ancestry and ethnicity or race and the myriad of differences in cultural  
practices as well as systemic bias, which can affect disease risk. In 
general, the validity and justification of group comparisons need to be  
considered with extreme caution. Historically, there have been repeated  
attempts to explain observed differences in complex traits between 
‘races’ through genetics to confirm racist stereotypes21. The complexity  
of these group comparisons with both known and hidden biases and 
the pervasive influence of the exposome on complex traits lead to a 
high risk of incorrect conclusions, and there is also a substantial risk of 
intentional misappropriation of any comparative genetic research22,23.

It is important to acknowledge that current research practices 
often assign individuals to discrete ancestry groups — an inherently 
imperfect approach given the continuous nature of human genetic 
variation29. While these groupings serve practical purposes in assessing  
representation and controlling for population stratification, they are 
not independent of social and historical context, which influence the 
number and choice of reference populations and the decision of the 
scale at which to consider population structure. Therefore, the use 
of genetic ancestry groups in research risks reinforcing problematic 

concepts25. The historical weaponization of ‘biological race’ concepts 
across colonial contexts reminds us that genetic ancestry categories, 
while sometimes scientifically useful, must not be conflated with 
socially constructed racial hierarchies159. These discredited notions 
continue to have a pervasive influence on people’s lives, including 
in the context of health-care systems160. Consequently, many 
observable group differences reflect the enduring legacy of racism 
rather than biological reality161. The historical and present-day 
misuse of genetic differences to justify racial hierarchies demands 
heightened vigilance.

Recent political developments in the USA, including legislation 
such as Florida’s ‘Stop WOKE Act’, which prohibits discussions of 
systemic racism or diversity in federally funded projects162, and 
executive orders that directly impede research into health disparities, 
exemplify the ongoing risks of conflating ancestry research with 
ideological agendas. Concurrently, funding for studies addressing 
equity and diversity has faced targeted cuts163–165, reflecting a 
broader backlash against equity-focused science166. These policies 
mirror historical efforts to suppress research that challenges racial 
hierarchies, underscoring the need for vigilance in defending 
rigorous, inclusive genomics.
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an overview of cohorts that aim to address the underrepresentation 
of minoritized ethnic groups in Western countries.

The field of complex trait genetics has been revolutionized by one 
data resource, the UK Biobank, due to its easy accessibility coupled 
with deep phenotyping and large sample size. About 30,000 study par-
ticipants of the 500,000 cohort have some non-European ancestries. 
However, most of the research based on the UK Biobank has excluded 
the data from these individuals27.

Some of the first large biobanks outside Western countries were 
established in China and Japan, and these biobanks have now been used 
to publish extensive work and included in multi-ancestry GWAS (Table 1). 
Biobank Japan includes DNA samples from 270,000 individuals, focus-
ing on 47 target diseases16. The China Kadoorie Biobank recruited 
512,000 participants from 10 geographically diverse regions in China, 
collecting DNA, serum and electronic health-care records (EHR) to 
study chronic diseases and their risk factors17. These resources have 
used consistent phenotyping, linked EHRs and applied state-of-the- 
art analyses in large non-European populations, thereby enabling 
considerable new insights. Other global biobanks, such as the Qatar 
Biobank, are following suit and are starting to yield new insights into 
disease genetics70.

Whilst large biobanks are not yet available for all global regions, 
there are noteworthy efforts focused on specific disease groups. One 
of the advantages of case–control designs is that they can provide much 
better power to study the genetics of the disease of interest compared 
with national biobanks or community-based recruitment. When a dis-
ease is relatively rare, only dedicated case recruitment can yield suf-
ficiently large numbers. Moreover, severely ill participants are often 
underrepresented in biobanks, leading to ascertainment bias. In conti-
nental Africa, notable studies include the Africa Wits-INDEPTH Partner-
ship for Genomic Studies (AWI-Gen) study, which has collected DNA and 
phenotypic data to study cardiometabolic disease in 12,000 participants 
from Ghana, Burkina Faso, Kenya and South Africa71. AWI-Gen, which 
launched in 2012, is part of the pan-African initiative Human Heredity 
and Health in Africa (H3Africa), which supports large-scale genomics 
research led by African scientists. NeuroGAP, also part of H3Africa, has 
enrolled almost 43,000 participants to investigate the genetic basis of 
neuropsychiatric disorders across countries in Africa using DNA and 
clinical interviews for mental health phenotyping72. Over 2 billion people 
live in South Asia; yet, this group is currently severely underrepresented 
in genetic research. An example of emerging large-scale initiatives to 
change this is the Pakistan Alliance on Genetic Risk Factors for Health 
(PARKH), which includes three sister studies: DIVERGE73, focused on 
major depression; Gen-SCRIP, on schizophrenia; and Gen-BLIP, on bipo-
lar disorder74,75. PARKH has recruited approximately 28,000 patients 
with severe mental illness and 14,000 controls.

Another development has been the improved representation 
of ancestrally diverse participants in biobanks in high-income coun-
tries (Table 1). To empower meaningful research, it is usually neces-
sary to recruit minority groups at a higher proportion compared with 
their representation in the general population. The All of Us research 
programme was a trailblazer for representation and engagement 
of communities that are historically underrepresented in biomedi-
cal research15. The initiative aims to enrol over 1 million participants 
across the USA, collecting DNA, serum, EHRs, surveys and data from 
wearables to study a wide range of diseases15. Genes & Health is a large 
community-based, long-term study recruiting 100,000 British Bang-
ladeshi and British Pakistani people18. Genes & Health has recognized 
the increased burden of cardiometabolic diseases in British South 

Asians (Box 2) and is releasing advanced omics datasets on subsets of 
individuals, enabling deep multi-omic analyses of health and disease.

Finally, the Global Biobank Meta-analysis Initiative (GBMI) is a 
global network of 29 biobanks and initiatives representing diverse 
origins and ancestries across four continents. GBMI comprises data 
from over 2.2 million individuals with genetic and EHR data, aiming  
to harmonize and integrate data from diverse biobanks76,77.

Diversity-driven discovery
By encompassing greater ancestral diversity, these new data resources 
are expected to capture a broader spectrum of genomic variation 
compared with studies limited to participants of European ancestries, 
thereby expanding the set of genetic variants that can be tested in 
association studies. Here, we examine whether this increased diver-
sity has, in practice, enabled the discovery of novel variants and trait 
associations. We then discuss the identification of causal variants and 
target genes by fine-mapping, one of the main challenges after locus 
discovery.

Novel variants. Studies with ancestrally diverse participants have 
markedly expanded the genomic variation that genetic association 
studies are able to assess. For example, the increased genomic diversity 
of the non-European samples in GBMI enabled researchers to analyse 
an additional 21.8 million genetic variants that were not present in the 
1.4 million biobank participants with European ancestries76. Of these 
variants, 3.4 million were common in at least one non-European-
ancestry group. Using whole-genome sequencing, the All of Us study 
found 275 million previously unreported genetic variants, including 
3.9 million coding variants15. In the Million Veteran Program (MVP), over 
half of the variants analysed in a multi-ancestry meta-analysis were not 
present in a GWAS restricted to European ancestries78. Many of these 
variants are unique to certain populations. The immense genomic 
diversity present in African populations makes this group particularly 
promising to identify population-specific risk alleles79. However, a limi-
tation is that most large cohorts used DNA microarrays for genotyping, 
which do not capture all of the genomic variation present in diverse 
populations either because they were designed primarily for popula-
tions with European ancestries or because they do not have sufficient 
numbers of variants on them to capture the variation in highly diverse 
populations, for example, from Africa80. Whole-genome sequencing 
avoids these biases, and its falling costs may make its use increasingly 
feasible across diverse populations81. To improve coverage of genetic 
variation, studies based on DNA microarrays use genotype imputation 
where variants that are missing on the array are stochastically inferred 
based on complete genomic information from a reference data set 
with whole-genome sequencing. Studies have shown that including 
ancestry-matched samples in the imputation reference panel improves 
both coverage and imputation quality, especially for low-frequency 
and rare-frequency variants82. When public reference panels do not 
adequately represent the ancestry or genetic diversity of a target group, 
a useful strategy has been to sequence a small subset of individuals 
from the study population to build a custom reference panel, which can 
then be used for improved imputation across the rest of the sample79.

Novel trait associations. Variants unique to certain populations and 
alleles with higher frequencies in a given ancestry group can increase 
statistical power to discover novel trait associations. A comprehen-
sive assessment of the additional discoveries across a wide array of 
phenotypes has been implemented by the Pan-UKB project83. Overall, 
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Table 1 | Notable global or ancestrally diverse genetics data resources

Study Country Acestry Current 
enrolmenta

Data 
accessb

Cohort 
design

Official website Refs.

Global biobanks and general population cohorts

Biobank Japan Japan East Asian 270k Yes PDC https://biobankjp.org/en 115

Tohoku Medical 
Megabank

Japan East Asian 150k Yes CBC https://www.megabank.tohoku.ac.jp/english/ 116

China Kadoorie 
Biobank

China East Asian 512k Yes NBR https://www.ckbiobank.org 17

Chinese Millionome 
Database

China East Asian 141k NA RFR https://cmdb.bgi.com/ 117

Taiwan Biobank Taiwan East Asian 200k Yes NBR https://www.twbiobank.org.tw/ 118

Taiwan Precision 
Medicine Initiative

Taiwan East Asian 500k Yes NBR https://tpmi.ibms.sinica.edu.tw 119

Qatar Biobank Qatar Middle 
Eastern

40k Yes NBR https://www.qphi.org.qa 70

Genome India India South Asian 20k Yes NBR https://genomeindia.in 120

BELIEVE Bangladesh South Asian 75k Yes CBC https://www.believestudy-bangladesh.org 121

The Egypt Genome 
Project

Egypt North African NA NA NBR https://egp.sci.eg 122

Uganda Genome 
Resource

Uganda African 22k Yes CBC NA 123,124

H3Africa Multiple 
African 
countries

African Multiple 
studies

Yes PDC https://h3africa.org 125,126

Mexico City 
Prospective Study

Mexico Latin 
American

150k Yes CBC https://datashare.ndph.ox.ac.uk/mexico/ 127

Estonian Biobank Estonia European 212k Yes NBR https://genomics.ut.ee/en/content/
estonian-biobank

128,129

FinnGen Finland European 500k Yes NBR https://www.finngen.fi/en 130

UK Biobank UK Diverse 500k Yes NBR https://www.ukbiobank.ac.uk 131

Genomics England UK Diverse 100k Yes PDC https://www.genomicsengland.co.uk/ 132

Disease-specific cohorts

AWI-Gen Multiple 
African 
countries

African 12k Yes 
(part of 
H3Africa)

PDC https://h3africa.org/index.php/awi-gen/ 71,104

NeuroGAP Multiple 
African 
countries

African 43k No PDC https://www.broadinstitute.org/stanley-center- 
psychiatric-research/stanley-global/ 
neuropsychiatric-genetics-african-populations- 
neurogap

72,133

PARKH Pakistan South Asian 42k No PDC https://www.genes-and-mental-illness.com/
https://lird.org/projects/the-gen-scrip-study/

73

PROMIS Pakistan South Asian 40k No PDC https://www.ncbi.nlm.nih.gov/projects/gap/ 
cgi-bin/study.cgi?study_id=phs000917.v1.p1

134,135

Resources addressing underrepresentation in Western countries

Our Future Health UK Diverse >2.5 million Yes NBR https://ourfuturehealth.org.uk 136

Genes & Health UK South Asian 100k Yes CBC https://www.genesandhealth.org 18,101

All of Us USA Diverse >867k Yes NBR https://allofus.nih.gov
https://www.researchallofus.org

15,137

Million Veteran 
Program

USA Diverse 1 million Yes CBC https://www.mvp.va.gov/pwa/ 78

PAGE USA Diverse NA Yes CBC https://www.pagestudy.org 138
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this study found 237,360 independent associations across 431 phe-
notypes. Out of these, 14,676 loci (6.2%) were uncovered by including 
non-European ancestries from the UK Biobank (4.5% of the samples)83 
(Fig. 2). A total of 1,270 traits were assessed in the MVP cohort, which 
identified 26,049 significant variant–trait associations, out of which 
3,477 were identified when individuals of non-European ancestries were 
included78. On a cross-study level, the GBMI identified 163 associations 
across 14 diseases in addition to the 337 loci identified in the analysis 
restricted to European-ancestry participants76.

Many of the novel associations found in diverse populations have 
lead variants, also known as sentinel variants, with lower allele frequen-
cies in European ancestries (Fig. 2), suggesting that ancestral diversity 
played an important role in these discoveries.

Fine-mapping. Although genome-wide studies in diverse populations 
have uncovered many novel associations, identifying the specific 
causal variants in a trait-associated locus is difficult. Due to linkage 
disequilibrium across the genome, many variants in a GWAS-nominated 
region can appear statistically associated with a trait, even if only one 
or a few of them are causally linked to the trait or disease. Without 
knowledge of the causal variants, the target genes of these associa-
tions remain elusive, given that most associations in GWAS are found 
outside of protein-coding genome regions84. Linkage disequilibrium 
differences between ancestry groups are predicted to improve our 
ability to pinpoint the causal variants at a GWAS locus85,86, a process 
known as fine-mapping87.

If a causal variant is the same in both groups — a common assump-
tion — then it should be present in the intersection of the two lists of 
potential causal variants, known as the credible sets, from both groups. 
By contrast, non-causal variants with small P values can show heteroge-
neity in associations across ancestry groups. For example, a locus near 
CHRM3 associated with schizophrenia risk contained seven plausible 
variants when fine-mapped using European-ancestry data alone. When 
East Asian data were included, a single variant (rs11587347) showed a 
strong association in both populations, whereas the other six variants 
remained equally associated in individuals of European ancestries but 
not in those of East Asian ancestries88.

The smaller average linkage disequilibrium blocks in individu-
als of African ancestries are particularly beneficial for fine-mapping 
because fewer variants that correlate with the causal variant imply 
smaller credible sets. For example, in a sample-size-matched compari-
son, fine-mapping using data from individuals of African ancestries 
yielded significantly smaller credible sets compared with individuals of  
European ancestries in the MVP (Wilcoxon signed-rank P = 3.8 × 10–52)78.

Several fine-mapping methods have been developed to carry out 
multi-ancestry fine-mapping, for example, MESuSiE and MGFlashFM89,90 
(Table 2). When comparing fine-mapping using European-ancestry data 
and multi-ancestry data for major depression and bipolar disorder43,91, 
the inclusion of multi-ancestry data demonstrates improved 
fine-mapping resolution with smaller credible sets for both disorders. 
For example, the median size of the 99% credible sets was reduced from 
66 to 30 variants for major depression. Similarly, a multi-ancestry effort 
for fine-mapping breast cancer loci reduced the size of credible sets by 
half, from 12 to 6 variants, compared with a previous study using only 
European-ancestry data92. At one locus on 17q21.31, the credible set was 
reduced from 2,277 credible causal variants to two variants. Overall, out 
of 332 association signals, 50 of the credible sets contained a single puta-
tively causal variant. However, we acknowledge that none of these com-
parisons accounts for the fact that the multi-ancestry fine-mapping also 
featured a larger sample size compared to the European-ancestry-only 
GWAS, which can contribute to the reduced size of the credible sets.

Novel biological insights. Novel trait associations identified in diverse 
ancestries lead to new biological insights and have real-world impli-
cations for health and clinical management. For example, research 
using data from the China Kadoorie Biobank identified an association 
of variants in MYLK4 with cholecystitis. The gene has been linked to 
serum alkaline phosphatase, which is an established marker of bile 
duct stones and acute cholecystitis17. Biobank Japan uncovered three 
disease-linked missense variants that were specific to East Asians93.  
One of these variants was associated with lung cancer and was located in 
POT1, which encodes a protein that regulates telomere length, further 
strengthening the evidence that telomere dysregulation is pathogenic 
for lung cancer and other cancers. Participants with African ancestries 

Study Country Acestry Current 
enrolmenta

Data 
accessb

Cohort 
design

Official website Refs.

Resources addressing underrepresentation in Western countries (continued)

Michigan Genomics 
Initiative

USA Diverse >90k NA PDC https://aidhi.umich.edu/mgi-community 139

HCHS/SOL USA Hispanic 16k Yes CBC https://sites.cscc.unc.edu/hchs 140,141

TopMed USA Diverse 206k Yes CBC
PDC

https://topmed.nhlbi.nih.gov 142

23 and Me USA Diverse 15 million Yes Commercial https://blog.23andme.com/tag/gwas
https://research.23andme.com/research- 
innovation-collaborations/

NA

BioVU USA Diverse 300k Yes PDC https://victr.vumc.org/biovu-description/ 143

BioME USA Diverse >57k Yes PDC https://icahn.mssm.edu/research/ipm/ 
programs/biome-biobank

NA

CanPath Canada Diverse 330k Yes NBR https://canpath.ca/cohort/ontario-health-study/ 144

AWI-Gen, Africa Wits-INDEPTH Partnership for Genomic Studies; CBC, community-based cohort; H3Africa, Human Heredity and Health in Africa; NA, not available; NBR, national biobank 
or population registry linkage; PARKH, Pakistan Alliance on Genetic Risk Factors for Health; PDC, patient-based/disease-oriented cohort; RFR, reference genome or frequency resource. 
aEnrolment as of September 2025. bStandardized procedures in place (Yes/No).

Table 1 (continued) | Notable global or ancestrally diverse genetics data resources
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in the MVP enabled the identification of variants near PCAT2 that were 
associated with a twofold increased risk of prostate cancer78.

Comparisons of genetic associations  
across populations
Most genotype–phenotype associations identified to date have been 
inferred from European-ancestry data, which raises the question of 
whether these associations are transferable across different ancestries 
and global settings. Differences in allele frequencies due to genetic 
drift or different selection pressures can affect the statistical power 
to observe an association in a given ancestry group. It is also possi-
ble for distinct causal variants in one gene or pathway to have shared 
functional consequences across populations. For example, in East 
Asian populations, a common missense variant in ALDH2 markedly 
reduces enzyme activity, leading to acetaldehyde accumulation, alco-
hol flushing, and strong protection against heavy drinking and alcohol 
dependence94. By contrast, in European-ancestry groups, a missense 
variant in the gene ADH1B was associated with alcohol use and alcohol 
use disorders, whereas a distinct missense variant in the same gene was 
identified in samples with African ancestries95. Although these alleles 
differ by ancestry and gene, they converge on the same metabolic path-
way of ethanol oxidation and acetaldehyde clearance, illustrating how 
different populations can harbour distinct causal variants that exert 
shared functional effects. Similar patterns were observed at immune 
loci in a GWAS of rheumatoid arthritis, where ancestry-specific variants 
converged on the same gene function or pathway96.

Genotype–phenotype associations can display heterogeneity 
across ancestries; that is, a variant can have a stronger or weaker effect 
size depending on the ancestry group. For example, a multi-ancestry 

GWAS of type 2 diabetes found that 40% of genome-wide significant 
loci showed evidence of heterogeneity across ancestries97. One possi-
ble explanation for this result could be ancestry differences in linkage 
disequilibrium (see ‘Transferability of disease loci across populations’). 
In this scenario, the true causal effect may actually be consistent across 
ancestries. Alternatively, causal effects can be population-specific, 
for example, if they are subject to the presence of specific environ-
mental factors (such as an obesogenic environment). Understand-
ing the transferability of genetic associations is vital to ensuring that 
downstream applications yield equitable benefits. We first discuss 
research that has aimed to quantify similarity of genetic associations 
between two ancestry groups across the genome using trans-ancestry 
genetic correlations. Subsequently, we review ancestry-specific effects 
at specific loci.

Genome-wide comparisons of genetic effect sizes
Several methods have been developed to compare effects of genetic 
variants on complex traits between ancestries (Table 2). Genetic correla-
tion estimates are a widely used tool to assess the similarity of genetic 
effect sizes between two ancestry groups across the genome. These 
estimates reflect shared genetic effects with respect to the genetic 
variation that is captured by the respective genotyping technology 
of the study, that is, common single-nucleotide polymorphisms for 
most GWAS. A correlation coefficient of 1 indicates perfect alignment 
of the genetic effects, whereas estimates closer to 0 highlight hetero-
geneity in effect sizes between two groups. Popcorn can estimate the 
genetic correlation between two ancestry groups by modelling the 
linkage disequilibrium structure98. A modified version that accounts 
for bias where linkage disequilibrium similarity affects the estimates 

Box 2 | Type 2 diabetes in British South Asians
 

Individuals belonging to South Asian communities in the UK have 
two to four times higher rates of type 2 diabetes mellitus compared 
with white British individuals167. The Genes & Health study found a 
trans-ancestry genetic correlation of 0.68 (rg) and a power-adjusted 
transferability ratio of 0.75 (ref. 168) when assessing type 2 
diabetes associations from previously published genome-wide 
association studies in European ancestries with British Pakistani and 
Bangladeshi people, suggesting that some of the genetic effects are 
population-specific. To investigate the causes of these differences, 
Farmaki et al. compared diabetes risk between first-generation 
and second-generation migrants as well as individuals with South 
Asian, European and mixed ancestry169. Prevalence was 20% lower in 

second-generation versus first-generation South Asians, a difference 
likely driven by environmental factors (see the figure; reference groups 
have been assigned 100 for comparison). The South Asian–European 
mixed ethnicity group had a 70% lower risk compared with the South 
Asian group, which could only partially be explained by differences 
in socioeconomic deprivation and obesity (see the figure; reference 
groups have been assigned 100 for comparison). The association 
between genetic admixture and diabetes risk, once environmental 
risk factors were accounted for, approached linearity. Whilst this 
finding points to genetic factors playing a role in the increased risk of 
diabetes, it remains possible that there are non-genetic confounders 
that correlate with these ancestry proportions.

Figure adapted from ref. 169, CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
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was developed to better estimate sharing of true causal effect sizes99. 
Another method, S-LDXR, can further estimate enrichment of stratified 
squared trans-ancestry genetic correlation across functional categories 
of single-nucleotide polymorphisms100.

One of the most extensive efforts to assess the similarity of genetic 
effects for people of different ancestries in the USA was conducted 
in the MVP cohort78 and included data from individuals assigned 
to African (n = 121,177), admixed American (n = 59,048), East Asian 
(n = 6,702) and European (n = 449,042) ancestry groups for 131 diseases 
and disease-related binary outcomes. Comparisons of individuals 
with European versus African ancestries had the greatest statisti-
cal power. The median genetic correlation was 0.64 (inter-quartile 
range (IQR) 0.58–0.70), and most estimates differed significantly 
from 1. Other studies reported genetic correlations between East 
Asian-ancestry and European-ancestry GWAS, which were closer to 1. 
For example, for Biobank Japan, the average genetic correlation with 
European-ancestry studies across 31 complex diseases and traits was 
0.85 (standard error (SE) 0.01)100. Few estimates have been reported 
for South Asians. Comparing British Bangladeshi or Pakistani people 
from the Genes & Health study with those with European ancestries, 
the genetic correlation was 0.98 for coronary artery disease and 0.68 
(SE 0.15) for type 2 diabetes101.

Of note, besides ancestry differences, these genetic correlation 
estimates can be influenced by differences in study design, for example, 
when a study in one ancestry group ascertained disease status using 
EHR data within a specific health-care system and another study used 
a case–control design102. Using meta-analysed data to combine studies 
with different designs can be a challenge in this context.

In summary, recent large studies report relatively high trans-
ancestry genetic correlations for several diseases when comparing 
GWAS from East Asia with those of European ancestries. However, trans-
ancestry correlations were lower for some traits, and for individuals of 
African and European ancestries in the USA the genetic correlations for 
more than 100 disease outcomes differed significantly from 1. Overall, 
there is evidence for both widespread sharing of genetic effects and 
some heterogeneity.

Cross-population heterogeneity in genetic effects
Given the evidence from genome-wide comparisons of genetic effects 
that there can be heterogeneity, it is important to assess whether the 
association of a given locus is transferable to other ancestry groups. 
For example, investigators carried out ancestry-specific genome-wide 
association analyses of 843 traits in the UK Biobank, followed by 
meta-analysis, yielding 14,438,869 genome-wide significant associa-
tions; they identified 20,287 associations in 82 independent loci that 
demonstrated heterogeneity across ancestry groups103. Similarly, the 
All of Us study identified several associations that were specific to some 
ancestries15. Whilst they replicated associations of the HLA-DQB1 locus 
with increased risk of type 1 diabetes across ancestries, the association 
of this locus with increased risk of coeliac disease was only observed in 
individuals with European ancestries. Moreover, an association at the 
TCF7L2 locus with type 2 diabetes was not observed in participants with 
East Asian ancestries. These cross-ancestry differences in associations 
were not driven by low minor allele frequency. Finally, the MVP study 
confirmed heterogeneity in the effect of APOE-e4, with a 30% lower 
risk of dementia for carriers in the African-ancestry group compared 
with the European-ancestry group78.

These studies investigated individuals of diverse ancestries from 
the same country. However, it is vital to consider global cohorts because 

different environments can have an impact on genetic effects due to 
gene–environment interactions. The AWI-Gen study investigated the 
genetics of hypertension using data from over 10,000 individuals from 
three countries in sub-Saharan Africa104. Two genome-wide significant 
blood pressure associations were identified that had not been previ-
ously found in much larger cohorts comprised mostly of participants 
of European ancestries, despite one of the lead variants being common 
across all ancestries. Neither locus demonstrated evidence of asso-
ciation in other cohorts with African ancestries, which suggests that 
environmental factors, such as diet or other exposures, interact with 
these variants to influence blood pressure. Similarly, the Qatar Biobank 
reported a significant association of a locus near APOBEC3H–CBX7 
with type 2 diabetes that did not demonstrate evidence of association 
in European-ancestry samples despite similar allele frequencies and 
substantially larger sample sizes105.

Variants classified by the Human Gene Mutation Database as 
disease-causing were assessed in the Uganda Genome Resource. Sev-
eral variants were unexpectedly common in the Ugandan samples and 
did not display evidence of association with relevant traits79, including 
variants in or near LPA (P = 0.40 for association with total cholesterol), 
ADAMTS13 (P = 0.90 for association with platelet count) and HNF1A, 
which has been linked to maturity-onset diabetes of the young type 3 
(P = 0.20 for HbA1c level). These findings raise questions about the 
pathogenicity of these variants in the Ugandan population.

Transferability of disease loci across populations
Assessing whether a specific disease-linked locus is ‘transferable’, 
that is, relevant to other ancestries, is challenging. The examples 
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Fig. 2 | Differences across ancestries yield novel genetic discoveries. 
a, Significantly associated variants for a set of 140 quantitative traits identified 
in the European genetic ancestry group (blue) versus those discovered only 
in the multi-ancestry meta-analysis (black) of the Pan-UKB project, with 
allele frequencies and effect sizes in European ancestries shown. b, The same 
significantly associated variants as shown in part a but with ancestry-specific 
frequencies and effect sizes estimated from the multi-ancestry meta-analysis. 
Associations on the X chromosome are denoted with triangles. Contrasting 
parts a and b highlights the importance of higher allele frequencies in 
underrepresented ancestry groups for empowering associations. Reproduced 
from ref. 83, Springer Nature. AFR, African; AMR, Admixed American; CSA, 
Central or South Asian; EAS, East Asian; EUR, European; MAF, minor allele 
frequency; MID, Middle Eastern.
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discussed so far have tested whether sentinel variants discovered in 
European-ancestry GWAS show similar effects in other ancestry groups. 
However, as discussed earlier, sentinel variants are not necessarily 

causal and instead may be in linkage disequilibrium with the (possibly 
unmeasured) true causal variant in the discovery population. If the 
measured variant is not in linkage disequilibrium with the causal variant 

Table 2 | Methods and tools for genetic studies with diverse ancestries

Method Type Description Ref.

S-LDXR Genetic correlation Estimates stratified LD scores to assess genetic correlation 100

Popcorn Genetic correlation Estimates transethnic genetic correlation from summary statistics, accounting for 
LD and allele frequency differences

98

Causal effect size correlation estimator Genetic correlation Adjusts observed genetic correlation to estimate the correlation of true causal 
effect sizes across populations; corrects for differences in LD patterns

99

Unbiased cross-ancestry genetic 
correlation estimator

Genetic correlation Uses individual-level data to build ancestry-specific genomic relationship matrices 
that account for allele frequency and trait architecture differences; produces 
unbiased estimates

145

LAVA (Local Analysis of Variance 
Association)

Local genetic correlation Estimates local genetic correlations using variance association models; works for 
one ancestry at a time and requires ancestry-specific GWAS summary statistics and 
corresponding LD panels

146

MR-MEGA Association testing Assesses heterogeneity in genetic associations across diverse populations using 
meta-regression

147

Environment-adjusted meta-regression 
model (env-MR-MEGA)

Association testing Accounts for both environmental exposures and genetic ancestry in meta-analyses 148

METASOFT Association testing Performs meta-analysis of GWAS using a novel random-effects model (RE2) that 
avoids overly conservative P values
Enhances power to detect associations in the presence of cross-study 
heterogeneity

149

TRACTOR Association testing Local ancestry-aware GWAS tool improving discovery in admixed populations 150

Power-adjusted transferability ratios Transferability 
assessment

Aggregates information across loci and accounts for all three factors, sample size, 
MAF and differences in LD

101

PESCA Transferability 
assessment

Identifies population-specific and shared causal variants using GWAS summary 
statistics and LD

106

msCAVIAR Fine-mapping Performs fine-mapping across multiple studies using a random-effects model to 
account for cross-study heterogeneity

151

MESuSiE Fine-mapping Multiple-ancestry extension of the SuSiE model, accounting for shared and 
ancestry-specific genetic effects (up to two ancestries)

89

MultiSuSiE Fine-mapping Multiple-ancestry extension of the SuSiE model 152

SuSiEx Fine-mapping Cross-ancestry extension of the SuSiE model 86

MGflashfm Fine-mapping Jointly fine-maps signals from multiple traits and population groups 90

TESLA TWAS Aggregates GWAS summary statistics, whole-genome sequences and eQTL data 
from diverse ancestries

153

METRO TWAS Incorporates expression prediction models constructed in different genetic 
ancestries through a likelihood-based inference framework, producing calibrated 
P values with substantially improved TWAS power

154

MA-FOCUS TWAS fine-mapping A multi-ancestry framework leveraging differences in ancestry-specific patterns of 
LD and eQTL signals
Consistently outperforms single-ancestry TWAS fine-mapping approaches

155

PRS-CSx Polygenic prediction Improves cross-population polygenic prediction by integrating GWAS summary 
statistics from multiple populations

156

CT-SLEB Polygenic prediction Calculates PRS using summary statistics from multi-ancestry training samples, 
integrating clumping and thresholding, empirical Bayes, and superlearning

157

PolyPred Polygenic prediction Improves cross-population PRS by combining two predictors: a new predictor that 
leverages functionally informed fine-mapping to estimate causal effects (instead of 
tagging effects), addressing LD differences; and BOLT-LMM, a published predictor

158

eQTL, expression quantitative trait locus; GWAS, genome-wide association study; LD, linkage disequilibrium; LMM, linear mixed model; MAF, minor allele frequency; PRS, polygenic risk scores; 
TWAS, transcriptome-wide association study.
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in other ancestries, its effect may be reduced or absent, leading to a lack 
of replication (Fig. 3). Moreover, some studies may not have sufficient 
power to replicate an association. Most non-European-ancestry stud-
ies have a much smaller sample size compared with their respective 
European-ancestry discovery GWAS, or the allele frequency of a variant 
may be lower. Methods have been developed to assess locus sharing 
whilst accounting for these factors (Table 2).

Power-adjusted transferability (PAT) ratios first assess the evi-
dence of transferability for each locus, taking into account linkage 
disequilibrium43,101,106. A ratio of the number of observed transferable 
loci over the expected number given the statistical power is then 
computed. For example, a study assessing 71 previously identified 
loci for coronary artery disease replicated only nine of them in British 
South Asian individuals from the Genes & Health study101. This small 
number was not explained by differences in allele frequencies, which 
were similar in both ancestry groups for most loci. However, sample 
size differences had a great role, with only four loci having power 
>60% to show significant effects in the Genes & Health study; indeed, 
three of these loci were amongst the nine that showed evidence of 
replication. The PAT ratio accounts for replication power by consider-
ing the expected number of transferable loci given the power. In this 
study101, 13% of loci showed evidence of replication; however, the 
study was powered to replicate 21% of loci, yielding a PAT ratio of 0.62. 
This discrepancy suggests that, even when accounting for power and 
differences in linkage disequilibrium, one would expect to see more 
significant associations of coronary artery disease loci in the Genes & 
Health study. By contrast, for continuous cardiometabolic traits, the 
study found PAT ratios of 1.

Another study assessed PAT ratios for major depression, which 
were about 0.30 for African, East and South Asian ancestries43. The 

genetic architecture of major depression is exceptionally poly-
genic, that is, involving many variants each exerting a small effect107.  
A complex interplay of the genetic risk factors with geographically  
or culturally stratified environmental factors, as well as ascertain-
ment differences and global differences in disease diagnosis, is likely  
to contribute to the low PAT ratios.

Fundamental biology is shared across all humans. Possible reasons 
why effect sizes can differ nonetheless include heterogeneity in study 
design or outcome, as well as epistasis, that is, the interaction between 
different genetic variants. Gene–environment interactions and local 
polygenic adaptation could also lead to heterogeneity in effect esti-
mates. For example, the All of Us study assessed ancestry-matched 
replication rates for published variants from the phenotype–genotype 
reference map in ancestrally diverse participants from the USA15. This 
study found high replication rates ranging from 72% to 100% for all 
ancestry groups, except for individuals of East Asian ancestries, for 
whom the replication rate was 46.6%. This group was the only group 
for which results from USA-based East Asians were compared to GWAS 
discovery data mostly from East Asian countries. Comparisons for 
African-ancestry participants of All of Us were based on GWAS find-
ings mostly from other diaspora communities of people with African 
ancestries in the USA or the UK108. Therefore, the low replication rate 
for East Asians may result from a location mismatch for this group 
relative to previous GWAS with East Asian samples, and could implicate 
environmental factors underlying these effects.

Lack of transferability can have important implications, for 
example, in the context of drug development. The cholesteryl-ester 
transfer protein, encoded by CETP, is essential for reverse cholesterol 
transport, facilitating the movement of cholesterol from peripheral 
tissues back to the liver. It mediates the exchange of triglycerides 
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Fig. 3 | The impact of ancestral diversity on GWAS 
associations. Representation of two ancestral 
populations, each with a population-specific causal 
variant. Population 1 has experienced a bottleneck 
event, leading to reduced genomic diversity (single-
nucleotide polymorphism 5 (SNP5) is lost), whilst 
alleles at other variants have risen in frequency 
(SNP1). Population 2 has lost the alternative allele 
of SNP1 as a consequence of adaptation to the local 
environment. Additionally, due to different linkage 
disequilibrium patterns in the two populations, 
a shared causal SNP3 is tagged by different variants, 
leading to different observed associations: SNP2 is 
significant in the genome-wide association study 
(GWAS) in population 1 and SNP4 in population 2. 
Adapted with permission from ref. 106, Elsevier.
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and cholesteryl esters between high-density lipoprotein choles-
terol (HDL-C) and apolipoprotein-B-containing lipoproteins, such 
as low-density lipoprotein cholesterol (LDL-C). Given its influence on 
HDL-C and LDL-C levels, researchers have extensively explored CETP 
inhibitors as potential therapeutics to lower the risk of coronary heart 
disease109. GWAS then uncovered that the LDL-C association observed 
in European ancestries was not transferable to people of South Asian 
and East Asian ancestries101,110. This finding raised concerns about the 
cross-population efficacy of CETP inhibitors, especially when a study 
using data from the China Kadoorie Biobank was unable to replicate the 
protective effect of lower CETP levels on coronary heart disease that 
had been reported for a European-ancestry group110. However, recent 
work has confirmed a protective effect for a wider East Asian popula-
tion group at the global ancestry level109. This example highlights the 
importance of identifying and following up on observed population 
differences in genetic associations for loci with potential therapeutic 
implications. The precise mechanisms underlying the different asso-
ciation patterns of CETP variants with lipids in European and Asian 
ancestries are not yet fully understood.

Ancestry and disease prevalence
Prevalence rates for some complex diseases differ both between coun-
tries and among ethnic groups within the same country5. Similarly, 
many disease-linked variants exhibit frequency differences across 
ancestries, which raises the question of whether prevalence differences 
are at least partially attributable to genetic factors.

Founder effects have driven up the frequencies of some mutations 
with large effects in isolated populations. For example, founder muta-
tions in the BRCA1 and BRCA2 genes in Ashkenazi Jewish people and 
several other groups have been well studied. However, the presence of 
such large-effect variants does not necessarily increase overall disease 
prevalence in these populations111. Examples where genetic differences 
may contribute to prevalence differences exist but clear causal links are 
difficult to establish. For example, the MVP study identified a variant in 
SLC22A18–SLC22A18AS associated with keloid scarring78. This variant is 
common in African-ancestry groups and monomorphic in individuals 
with European ancestries. The authors hypothesize that this variant 
may contribute to differences in the prevalence rate of keloid scarring, 
which is 300 times greater in individuals of African ancestries than  
in those of European ancestries.

As complex diseases are multifactorial and polygenic, assess-
ing the overall impact of genetics requires consideration of multiple 
genetic variants simultaneously, for example, through PRS, where the 
number of disease-associated alleles is summed up across genetic vari-
ants to form a score. However, relating PRS to prevalence rates is highly 
problematic owing to ascertainment biases in variant discovery. Even 
large differences in average PRS across ancestries can be purely arte-
factual112. For example, the average schizophrenia PRS is much lower 
in people of African ancestries compared with people of European 
and other ancestries, although the disease prevalence is similar across 
populations113. The variants were discovered and effect sizes estimated 
in data predominantly from one ancestry group, usually European. 
When carried forward to another ancestry group, the allele frequencies 
of these variants are expected to differ in that group due to genetic drift 
and other population genetic forces, which yields a different mean for 
the PRS in that group. These variants only explain a small proportion 
of disease risk (in the discovery sample), and most of them are not 
causal. Differences in linkage disequilibrium across ancestries mean 
that these non-causal variants are less predictive of the outcome in 

another ancestry group, and therefore differences in average PRS do 
not translate to differences in disease prevalence. These observations 
highlight the risk of misinterpreting differences in PRS as evidence 
of differences in disease susceptibility between populations, which 
has important implications for both research and clinical translation 
of PRS.

Conclusions and future perspectives
The expansion of diverse genetic cohorts has fundamentally altered the 
landscape of complex disease genetics, helping to address critical gaps 
in our understanding. These new resources have enabled the study of 
millions of additional genetic variants, empowering the identification 
of novel disease associations with important biological implications. 
The field’s next major challenge lies in systematically elucidating the 
biological mechanisms of these associations, particularly for vari-
ants in poorly characterized genomic regions. Here, genetic diversity 
has proven particularly valuable, as demonstrated by the improved 
resolution of fine-mapping in diverse cohorts. Emerging tools, such 
as SuSiEx, MESuSiE and MGFlashFM, are advancing multi-ancestry 
fine-mapping, creating new opportunities to pinpoint causal variants 
and their target genes. As most loci identified in GWAS lie outside of 
coding regions, this effort to identify causal associations needs to go 
hand in hand with continued work to functionally interrogate gene 
regulatory effects.

Genetics can contribute to differences in disease prevalence across 
populations, with implications for risk prediction and stratification. 
However, the polygenic architecture of complex diseases requires con-
sideration of thousands of variants to estimate the genetic impact on 
disease risk. Whilst causal variants remain unknown for most loci, differ-
ences in linkage disequilibrium patterns, allele frequencies and hetero-
geneity in causal genetic effects continue to challenge the transferability 
of PRS12. Methodological innovations can address some technical limita-
tions. However, dedicated genetic studies in diverse populations remain 
essential to fully capture population-specific effects.

Although genetics contributes to disease prevalence, socio- 
environmental factors often dominate, which underscores the need 
for researchers to carefully contextualize findings and avoid deter-
ministic narratives through active community engagement embed-
ded in study design. Considerable barriers remain, particularly a lack 
of large biobank resources in some global regions, including Africa 
and South Asia. Addressing these gaps is crucial for a comprehensive 
understanding of complex disease genetics and their environmental  
interactions.

To fully harness the growing global database, more research with 
a dedicated focus on the role of ancestry and different environments, 
as well as their implications for equity in genomic medicine, is urgently 
needed114. This includes studies on the transferability of genetic find-
ings, performance of genomics in risk stratification and the effect of 
population genetic forces, such as local adaptation, on genetic archi-
tectures. As the field advances, four imperatives emerge: translating 
ancestry-aware discoveries into mechanisms through experimental 
validation; expanding resources to underrepresented regions; dedi-
cated equity-focused research to ensure precision medicine benefits 
all; and confronting the historical misuse of genetic differences. The 
promise of this research lies not merely in cataloguing diversity but in 
leveraging it to dismantle disparities and deliver on the unmet potential 
of genomics for global health.
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