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Abstract 20 

Admixed individuals have largely been understudied in medical research due to their complex 21 

genetic ancestries. However, the consideration of admixture can help identify ancestry-enriched 22 

genetic associations, delineating some of the genetic underpinnings of cross-population 23 

phenotypic variation.  24 

To this end, we performed local ancestry inference within the All of Us Research Program to 25 

identify individuals with recent admixture between African (AFR) and European (EUR) populations 26 

(N=48,921). We identified evidence of local AFR ancestry enrichment at the HLA locus, 27 

suggestive of putative selection since admixture. Furthermore, we performed the largest 28 

admixture mapping (ADM) efforts in AFR-EUR Admixed individuals for 22 traits, identifying 71 29 

associations between inferred local AFR ancestries and a trait. Variants from published GWAS 30 

could only account for 18 (25%) of the ADM associations, highlighting novel loci where ancestral 31 

haplotypes explained some phenotypic variation. Previous studies likely have not identified these 32 

loci due to the low availability of high-powered GWAS in populations genetically similar to AFR. 33 

One such loci was 9q21.33, associated with 1.4-fold risk of end-stage kidney disease (ESKD) for 34 

carriers of inferred local AFR ancestries at the region. This locus contains the gene SLC28A3, 35 

which has previously been linked to kidney function but has never been associated with cross-36 

population ESKD prevalence differences.  37 

Together, our results expand upon the existing literature on phenotypic differences between 38 

populations, highlighting loci where genetic ancestries play a critical role in the genetic 39 

architecture of disease. 40 

  41 
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Introduction 42 

Genome wide association studies (GWAS) have successfully identified thousands of genetic loci 43 

associated with a range of diseases and related quantitative traits over the past 15 years1. GWAS 44 

results are increasingly being leveraged into potential clinical insights, including the identification 45 

of novel drug targets2,3 and improved disease risk prediction using polygenic scores (PGS)4,5. 46 

Historically, many of these studies were conducted within populations genetically similar to 47 

European individuals6. However, growing recognition of the importance of diversifying genetics 48 

research has spurred multiple global initiatives to include more underrepresented population 49 

groups within genetic studies7–15. Such efforts have led to improvements in PGS portability16,17, 50 

fine-mapping18,19, and the identification of GWAS signals with cross-ancestry heterogeneity7,20. 51 

Despite broader inclusion of these populations, genetic analyses largely continue to exclude 52 

recently admixed individuals, defined here as individuals which underwent a mixture of multiple 53 

diverged continental populations within the last 20 generations. The genomes of these individuals 54 

contain many segments from these different ancestral populations with differing linkage-55 

disequilibrium (LD) and allele frequency (AF) patterns, referred to as local ancestry, which can 56 

complicate population structure adjustments in GWAS. Inclusion of admixed individuals can also 57 

make downstream uses of GWAS, such as fine-mapping and colocalization methods, more 58 

difficult as they require reference panels from pre-defined ancestral populations21–23. However, as 59 

the number of admixed individuals continues to increase, improving their representation in genetic 60 

analyses is crucial for translating genetic insights into healthcare settings.  61 

The unique genomes of admixed individuals can also shed light on the genetic architecture of 62 

traits. For example, previous work has explored how GWAS from different populations can be 63 

meta-analyzed together to identify “heterogeneous” signals24. However, non-genetic differences 64 

between the populations such as environmental and ascertainment bias also confound such 65 
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insights, muddying the interpretation of results. These biases can be attenuated when studying 66 

admixed populations, which tend to share similar environmental and ascertainment contexts but 67 

contain different genetic segments with “local ancestry” from multiple populations. This allows for 68 

more robust associations of cross-population genetic variations with traits of interest25. One such 69 

method, called admixture mapping (ADM), is well-powered for identifying trait-associated loci with 70 

different allele frequencies between ancestral populations26,27, and has previously identified 71 

several important genes relevant to disease prevalence differences such as the APOL1 locus in 72 

end stage kidney disease (ESKD)28,29. Furthermore, deviations in local ancestry proportions from 73 

genome-wide averages may indicate regions that have undergone selection since admixture30. 74 

Historically, however, ADM has had several limitations. First, the small sample size of admixed 75 

individuals in most genetic datasets have limited the statistical power for ADM31. Second, most 76 

ADM initiatives have been performed in specific disease cohorts, preventing robust multi-trait 77 

comparisons that could guide ideal use cases of ADM. Finally, despite increases in the diversity 78 

of biobanks, the lack of inferred local ancestry data prevents larger, standardized genetic 79 

analyses within admixed individuals.  80 

Here, we describe for the first time inferred local ancestry data within the All of Us Research 81 

Program (AoU), a diverse US-based biobank with linked genetic, electronic health record (EHR) 82 

data, and survey information13,32. Leveraging this local ancestry data, we identified 48,921 83 

genetically-inferred two-way African-European admixed individuals (AFR-EUR Admixed) and 84 

found evidence of selection since admixture around the HLA locus. We then performed the largest 85 

ADM initiative in AFR-EUR Admixed individuals with 22 binary and quantitative traits, discovering 86 

over 50 genetic loci associated with at least one phenotype. Many of our associations were 87 

independent of an established GWAS signal, including loci which have never been associated 88 

with specific disease-relevant traits before. Together, these results highlight the power of including 89 
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admixed individuals in genetic studies to uncover novel biological mechanisms that underly cross-90 

population trait variations. 91 

Results 92 

Characterization of admixture within The All of Us Research Program 93 

 94 

Fig. 1. Overview of admixture mapping in All of Us. (A) Workflow of the study design for 95 

performing admixture mapping in All of Us (AoU). (B) AoU participants plotted in PC space, along 96 

with reference populations from 1000G. AoU participants who are not classified as AFR-EUR 97 

Admixed are colored grey. PMBB: Penn Medicine Biobank. UKBB: UK Biobank 98 
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To assess levels of admixture within the US, we pulled common variants from short read whole 99 

genome sequencing (srWGS) data for 245,394 AoU participants, then performed global and local 100 

ancestry inference using four super population labels from the 1000 Genomes Project (1000G; 101 

African: AFR; European: EUR; East Asian: EAS; South Asian: SAS) and 1000G samples from 102 

Lima, Peru, which we refer to as Native American (NAT; Methods). Using inferred global ancestry 103 

proportions, we subset the data to unrelated AFR-EUR Admixed individuals (N=48,921; Fig. 1A; 104 

Fig. 1B; Methods). We observed an 85% overlap between the AFR-EUR Admixed individuals 105 

and participants whose self-identified race and ethnicity (SIRE) is non-Hispanic Black or African 106 

American (Extended Data Fig. 1; Supplementary Table 1), suggestive of high similarity between 107 

genetically inferred admixed individuals and self-reported race/ethnicity. We note AFR-EUR 108 

Admixed individuals were also closer to EUR individuals compared to SIRE non-Hispanic Black 109 

or African American individuals within principal component (PC) space (Extended Data Fig. 2), 110 

indicating a larger inclusion of admixed individuals closer to European ancestry compared to SIRE 111 

non-Hispanic Black or African American subsets. 112 

Previous studies have explored selection within admixed individuals28,30,33, where genomic loci 113 

with local ancestry frequencies significantly differing from the average over the whole genome 114 

could indicate regions under putative selection since admixture. We tested for evidence of 115 

selection in AFR-EUR Admixed individuals within AoU, a dataset almost twice as large as those 116 

previously used for similar analyses33 (Methods). With both the same QC steps and p-value cutoff 117 

previously described33, we found the inferred European ancestry was significantly depleted in the 118 

HLA locus relative to the rest of the genome with an estimated lower bound selection coefficient 119 

of 0.037 (Fig. 2; Methods). We observed similar results when using SIRE non-Hispanic Black or 120 

African American individuals (Extended Data Fig. 3). As replication, we also tested if such 121 

variations exist in other AFR-EUR Admixed populations. Indeed, within the Penn Medicine 122 

Biobank (PMBB; N=9,324), we still observed significant decreases in inferred local EUR 123 

ancestries with an estimated lower bound selection coefficient of 0.015, even after masking the 124 
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HLA locus (Extended Data Fig. 4; Methods). To determine if there were any phenotypic 125 

consequences of this candidate selection, we tested for associations between inferred European 126 

ancestry at the HLA locus and phecodes and immune-relevant labs within AoU (Methods). After 127 

adjusting for multiple-hypothesis testing, we did not observe any significant associations 128 

(Supplementary Table 2; Supplementary Table 3; Methods).  129 

 130 

Fig. 2. Putative evidence of selection since admixture. Proportion of local EUR ancestry 131 

across the genome in unrelated genetically-inferred AFR-EUR Admixed participants. The solid 132 

black line represents the genome-wide average proportion of local EUR ancestry, and the red 133 

dashed lines represent the genome-wide significant P<0.05 cutoff of 4.42 SD away from the 134 

mean. 135 

Identification of genomic loci associated with trait differences across populations 136 

Evaluating local ancestry associations with various phenotypes can highlight novel trait-137 

associated loci and shed light on cross-ancestry genetic heterogeneity. To this end, we performed 138 

ADM within AFR-EUR Admixed individuals for 22 traits (7 binary and 15 quantitative; Methods). 139 

ADM identified a total of 59 independent loci significantly associated with 17 (77.3%) of the traits 140 

tested (P<5×10-5), for a total of 71 different loci-to-trait associations (Fig. 3A, 3B; Supplementary 141 
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Table 4; Methods). Among these hits included well-characterized admixture associations, such 142 

as that between the Duffy locus and neutrophil count34 and the APOL1 locus and ESKD28,29,35 143 

(Supplementary Table 4). As QC, we tested whether errors in local ancestry inference due to 144 

low-complexity regions36 could explain some of these associations, and found minimal overlap 145 

between our associated loci and low-complexity regions (Supplementary Table 5; Methods). 146 

Twelve (20.4%) of the loci were associated with multiple traits, suggestive of shared cross-147 

population genetic architecture for related traits. We tested these associations for evidence of 148 

pairwise colocalization, defined as having a posterior probability of sharing a causal signal greater 149 

than 0.8. In total, 11 (91.7%) of the multi-trait associated loci demonstrated evidence of 150 

colocalization, which is expected given the high correlation between many of the traits (i.e. hip 151 

circumference and BMI; Supplementary Table 5; Methods). More broadly, we found evidence 152 

of genetic correlation between related traits across the 59 loci, including HbA1c and type 2 153 

diabetes (Pearson R=0.6; P=5.4×10-8; Extended Data Fig. 5; Methods), indicating pleiotropy of 154 

admixture signals between traits.  155 

As an example, ADM in AoU identified 8 loci where inferred local African ancestry is significantly 156 

associated with BMI. When comparing these results to available All by All AoU GWAS in 157 

participants AoU previously denoted as genetically similar to European and African reference 158 

populations32, we found 6 loci with ADM significance only (Fig. 3C, left), 2 loci identified also with 159 

GWAS (Fig. 3C, center), and additional loci ADM fails to identify but are found in a GWAS, even 160 

if the loci is differentially significant between subgroups (Fig. 3C, right) when using the traditional 161 

genome-wide significance threshold for GWAS (P<5×10-8). These latter examples may be due to 162 

several factors including limited power of current available sample sizes for ADM, loci without 163 

extensive admixture between African and European populations, or causal variants with similar 164 

frequencies on AFR and EUR haplotypes.  165 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


For replication, we conducted ADM on 20 of the 22 previously defined traits (4 binary and 16 166 

quantitative) in 4,326 AFR-EUR Admixed individuals from the UK Biobank (UKBB) 167 

(Supplementary Table 6; Extended Data Fig. 6; Methods) and on 19 of the 22 traits (7 binary 168 

and 12 quantitative) in 9,324 previously-defined AFR-EUR Admixed individuals from the Penn 169 

Medicine Biobank (Supplementary Table 8; Methods)37. We found that 2 of the associations 170 

replicated in UKBB and 6 in PMBB (Supplementary Table 7; Supplementary Table 9; 171 

Extended Data Fig. 7A; Methods). This included associations between white blood cell and 172 

neutrophil count and the Duffy locus, as well as various associations with height and BMI. While 173 

the number of replications was low, effect size estimates were strongly correlated and had 174 

consistent effect directions between AoU and UKBB (Pearson R: 0.5; P=6.5×10-5) and between 175 

AoU and PMBB (Pearson R: 0.5; P=2.5×10-4), especially for nominal associations (P<0.05; 176 

UKBB: Pearson R=0.7, P=3.5×10-3; PMBB: Pearson R=0.6, P=3.5×10-4), suggesting shared 177 

signals but limited power in UKBB and PMBB (Extended Data Fig. 7B, 7C). 178 
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 179 

Fig 3. Summary of admixture mapping results. (A) Miami plot of admixture mapping (ADM) 180 

results across all traits, with effect directions relative to AFR local ancestry haplotypes. The 181 

dashed lines represent the genome-wide significant cutoff (P<5×10-5). Traits are colored based 182 

on phenotype category, including orange for respiratory, dark blue for cancer, light blue for 183 

immune, pink for anthropometric, dark green for lipid, yellow for circulatory, and light green for 184 

metabolic/endocrine traits. The shape of the dots indicates the unique traits within each 185 
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phenotype category. (B) Bar plot of the number of genome-wide significant ADM peaks per trait. 186 

(C) Example loci detected using GWAS and/or ADM for BMI. Dashed red lines represent the 187 

genome-wide significance cutoffs for GWAS (P<5×10-8) or ADM (P<5×10-5). Red dots represent 188 

associations which pass the genome-wide significance cutoff.  189 

Genetic architecture underlying ADM associations 190 

Previous studies have also demonstrated that ADM is most powered to detect causal signals with 191 

differing allele frequencies between ancestries27. To characterize the underlying signals we 192 

capture with ADM, we re-ran ADM conditioning on variants reported to be significantly associated 193 

with the same trait in the GWAS catalog38 (Supplementary Table 10; Methods). Of the 71 ADM 194 

associations, 69 (97%) were near a published GWAS signal and 18 (25.4%) decreased in 195 

significance after conditional analysis (P>1×10-4), suggesting the conditioned variant may partially 196 

explain the ADM signal (Fig. 4A). We found these conditioned variants had a significantly larger 197 

absolute difference between the alternate allele frequencies (altAF) in AFR and EUR populations 198 

when compared to variants which did not decrease ADM significance after conditioning (Mann-199 

Whitney U P=1.0×10-4; Fig. 4B). Variants which did not condition an ADM association were also 200 

more common in EUR populations compared to AFR populations, suggesting conditional 201 

analyses may be underpowered for some of these variants since average EUR global ancestry 202 

proportions in the AoU AFR-EUR Admixed populations were smaller than the average AFR global 203 

ancestry proportions (Fig. 2). Variants which conditioned an ADM association also had a 204 

significantly larger absolute log fold change between the altAFs of AFR and EUR populations 205 

(Mann-Whitney U P=3.2×10-4; Extended Data Fig. 8A). When comparing the effect sizes of these 206 

variants from their associations with the traits in AoU participants genetically similar to AFR (AFR-207 

like) and EUR (EUR-like) populations (Methods), we also found significantly larger effect size 208 

differences for variants that decreased ADM significance after conditioning compared to those 209 
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that did not (Mann-Whitney U P=5.4×10-7; Fig. 4C). These results remained significant even after 210 

adjusting effect sizes for standard error (Mann-Whitney U P=8.3×10-3; Extended Data Fig. 8B).  211 

 212 

Fig 4. Characterization of ADM-associated loci. (A) Summary of conditional admixture 213 

mapping results, with the number of loci without any GWAS hits within 5Mb of the ADM loci 214 

(orange bar), number of loci with a GWAS hit that also reduces the ADM association (P>1×10-4) 215 

after conditional analyses (dark green bar), and the number of loci with a GWAS hit that does not 216 

reduce the ADM association (P<1×10-4) after conditional analyses (light green bar). (B) Boxplot 217 

comparing the difference in alternative allele frequencies (altAF) between 1KG EUR and AFR 218 

populations for variants which condition and do not condition ADM associations. (C) Boxplot 219 
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comparing the difference in effect sizes from variant-trait associations in genetically-inferred AFR 220 

and EUR populations in All of Us for variants which condition and do not condition ADM 221 

associations. ** P<1×10-3; ***P<1×10-5 222 

Unsurprisingly, the conditional variant with the largest difference in allele frequencies between 223 

AFR and EUR populations was rs2814778 within the Duffy locus, with an altAF of 0.97 in AFR 224 

populations and 0.01 in EUR populations. The altAF was also 0.98 in AFR local ancestry 225 

haplotypes and 0.005 in EUR local ancestry haplotypes as reported in gnomAD v4.139. The 226 

conditional variant with the second largest difference in AF was rs1131877, which conditioned the 227 

association between loci 14q32.32 and BMI (Fig. 5A) and had an AFR altAF of 0.91 compared to 228 

an EUR altAF of 0.25 (Fig. 5B). The altAF was also 0.93 and 0.22 in gnomAD v4.1 AFR and EUR 229 

local ancestry haplotypes respectively. rs1131877 is a predicted missense variant within the gene 230 

TRAF3, which is also strongly associated with BMI in all individuals (Beta (95% CI)=0.13 231 

(0.08,0.18); P=3.5×10-7), with similar effect sizes in AFR-like and EUR-like populations (Fig. 5C). 232 

TRAF3 is involved in immune function and related disorders40,41, including metabolic 233 

dysfunction42–44. rs1131877 has also previously been nominated as explaining some variation 234 

between Hungarian and Anglo-Saxon populations in Brooke-Spiegler Syndrome symptoms and 235 

sarcoidosis risk in admixture analyses of self-identified African American men45. 236 

The conditional variant with the largest effect size difference between AFR-like and EUR-like 237 

populations in AoU was rs36086195, which conditioned the association between 1p36.13 and 238 

total cholesterol (TC; Fig. 5D). Although rs36086195 is more common in EUR populations 239 

(AF=0.56) relative to AFR (AF=0.05; Fig. 5E), the effect size in AFR-like populations (Beta (95% 240 

CI)=-2.2 (-3.9,-0.4); P=0.02) was larger than that in EUR-like populations (Beta (95% CI)=-0.3 (-241 

0.7,0.2); P=0.30; Fig. 5F). This could indicate differences in LD structure, statistical power, or 242 

differences in true causal effect sizes. Interestingly, the effect sizes are largely similar between 243 

AFR-like and EUR-like populations in Graham et al., which originally reported the association46, 244 
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suggesting unique LD structures in AoU or non-genetic factors such as cohort differences. 245 

Graham et al. also performed fine-mapping on their multi-ancestry GWAS for TC, identifying three 246 

variants within the 95% credible set of this loci, including rs36086195. LD structure between these 247 

three variants differed greatly between AFR-like and EUR-like populations (rs36086195 vs 248 

rs924204: AFR-like R2=0.47, EUR-like R2=0.94; rs36086195 vs rs1497406: AFR-like R2=0.49, 249 

EUR-like R2=0.99; rs924204 vs rs1497406: AFR-like R2=0.82, EUR-like R2=0.94), suggesting LD 250 

differences between tagged and causal signals could explain the difference in observed effect 251 

size between populations. rs36086195 is a non-coding variant 1.9 Mb upstream of the lead ADM 252 

signal and is closest to the gene EPHA2, which encodes the ephrin type-A receptor 2, is involved 253 

in cell-cell signaling, and interacts with cholesterol47–49. rs36086195 is also associated with liver 254 

chromatin accessibility and alanine transaminase (ALT), highlighting the role of this locus in 255 

metabolic function50. In summary, these results demonstrate the utility of ADM to identify loci with 256 

different allele frequencies and heterogeneous effect sizes of variants that either are differentially 257 

tagging the causal signal or—less likely—are the causal signal itself. 258 
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 259 

Fig 5. Differential allele frequencies and effect sizes underly ADM associations. (A) ADM 260 

association on chr14 with BMI, before and after conditioning on a previously published genome-261 

wide significant variant from GWAS catalog (pink line). (B) Allele frequencies for the C-allele of 262 

rs1131877 in 1000G. (C) Effect sizes for associations of the C-allele of rs1131877 with BMI in 263 

AFR-like, EUR-like and all participants within AoU. (D) ADM association on chr1 with total 264 

cholesterol (TC), before and after conditioning on a previously published genome-wide significant 265 

variant from GWAS catalog (pink line). (E) Allele frequencies for the T-allele of rs36086195 in 266 

1000G. (F) Effect sizes for associations of the T-allele of rs36086195 with TC in AFR-like, EUR-267 

like and all participants within AoU.  268 

ADM uncovers novel genetic associations  269 
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The low number of ADM associations which decreased in significance after conditioning on a 270 

GWAS catalog variant suggests that our ADM results are tagging genetic signals which previous 271 

GWAS have not reported. To identify putative signals underlying these ADM associations, we 272 

performed single variant association analyses on all common variants within 10 Mb of an ADM 273 

association which could not be mapped to a published GWAS catalog signal, then re-ran ADM 274 

conditioning on all nominally significant variants (P<0.05; Methods). Thirty-two (60.3%) of ADM 275 

associations decreased in significance (P>1×10-4) after conditioning on a single variant 276 

(Supplementary Table 11). Interestingly, 26 (81.3%) of these variants did not reach genome-277 

wide significance in the single variant association analyses, highlighting the utility of ADM to 278 

identify differentially frequent signals which traditional GWAS may miss. Twenty-seven of the 279 

variants were common (MAF>0.05) in either AFR or EUR 1000G populations, with 18 (66.7%) of 280 

these variants being more common in AFR compared to EUR populations (Fig. 6A; 281 

Supplementary Table 11). GWAS may have missed these variants due to the 282 

underrepresentation of individuals genetically similar to AFR populations. Indeed, the AFR-283 

enriched variants were on average less significant in EUR-like GWAS compared to the 9 EUR-284 

enriched variants (P=0.04; Fig. 6B). Similarly, these variants were also more significant in AFR-285 

like and AFR-EUR admixed populations compared to the EUR-enriched variants, though these 286 

trends were not statistically significant likely due to limited sample sizes (Fig. 6B).  287 
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 288 

Fig. 6. Novel ADM associations tag AFR-enriched variants. (A) Histogram of the difference in 289 

MAF between AFR and EUR 1000G populations for common variants which condition one of the 290 

ADM associations that cannot be attributed to a published association on GWAS catalog. (B) 291 

Comparison of the difference between AFR and EUR MAF values and the association 292 

significance of the variant from GWAS run within AFR-like, EUR-like, and AFR-EUR Admixed 293 

populations within AoU. Associations between MAF differences and GWAS significance are only 294 

significant for the EUR-like analysis (P=0.04). 295 

As an example, one such novel ADM association was within region 9q21.33, where inferred local 296 

African ancestry was associated with increased risk of ESKD (OR (95% CI)=1.4 (1.2,1.7); 297 

P=3.6×10-5; Fig. 7A, upper panel). The closest published association in GWAS catalog was for 298 

the variant rs4744712, 15 Mb away from the lead loci, which did not change the significance of 299 

the ADM association after conditional analyses (P=3.7×10-5). Furthermore, this association 300 

remained significant even when including T2D status as a covariate (P=3.5×10-5), a common 301 

comorbidity of ESKD. Single-variant association analyses in AoU identified the variant 302 

rs56145118 as decreasing the ADM association significance the most after conditional analysis 303 

(Pcond=5.6×10-4; Fig. 7A, lower panel). This variant is located within the intron of SLC28A3 and 304 

the first exon of the non-coding RNA gene ENSG00000285987 (Fig. 7B). The insertion of 305 

AA B
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AAACAACAACAAC is more common in AFR populations (AF: 0.23) relative to EUR populations 306 

(AF: 0.001) (Fig. 7C), with increased ESKD risk for the insertion (OR (95% CI)=1.3 (1.1,1.4); 307 

P=7.1×10-4; Fig. 7D, upper panel), matching the increased risk with AFR local ancestry 308 

haplotypes observed in ADM. To further characterize this variant, we calculated its association 309 

with related quantitative traits, and similarly found significant associations with standardized 310 

eGFR (Beta (95% CI)=-0.02 (-0.04,-0.01); P=5.6×10-4) and creatinine (Beta (95% CI)=0.04 311 

(0.02,0.06); P=9.4×10-4), as well as a borderline significant association with BMI (Beta (95% CI)=-312 

0.01 (-0.02,0); P=0.06; Fig. 7D, lower). While little is known on the function of 313 

ENSG00000285987, SLC28A3 is a sodium-dependent nucleoside transporter with high protein 314 

levels in the kidney51. Previous rare variant association analyses have also reported moderate 315 

associations between SLC28A3 and ESKD52, and SLC28A3 is overexpressed in kidney plasma 316 

cells of patients with chronic kidney disease (CKD)53. To explore if rs56145118 may be tagging 317 

other exonic variants, we calculated R2 between rs56145118 and all other exonic variants 318 

proximal to rs56145118 (Methods). We observed low correlation with the other exonic variants, 319 

with the most correlated variant being in the 3’UTR of SLC28A3 with an R2 of 0.1 in both AFR and 320 

EUR local ancestry haplotype homozygous carriers (Supplementary Table 12).  321 
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 322 

Fig. 7. SLC28A3 variation is associated with End-Stage Kidney Disease. (A) Upper Panel: 323 

Novel End-Stage Kidney Disease (ESKD) associated loci identified with ADM, with increased risk 324 

of ESKD associated with inferred local African ancestry. The red dotted line represents the 325 

genome-wide significance threshold (P<5×10-5) and the green dotted line represents the 326 

suggestive significance threshold (P<1×10-4). Lower Panel: The ADM association decreases in 327 
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significance after conditioning on the variant rs56145118. The vertical pink line represents the 328 

position of rs56145118. (B) rs56145118 is located within the first intron of SLC28A3 and the exon 329 

of the non-coding RNA gene ENSG00000285987. (C) Allele frequencies for the 330 

AAACAACAACAAC insertion of rs56145118 in 1000G. (D) Forest plots of odds ratios for ESKD 331 

and standardized effect sizes of related quantitative traits for rs56145118, relative to the 332 

AAACAACAACAAC insertion, across all individuals in All of Us. Red points indicate nominally 333 

significant (P<0.05) associations. 334 

Discussion 335 

Here, we aimed to identify genetic loci with differential enrichment and effects between ancestry 336 

groups to identify novel disease associations. To this end, we performed the largest admixture 337 

mapping efforts to-date in AFR-EUR Admixed individuals, identifying 59 loci where differences 338 

between AFR and EUR local ancestries are associated with at least one of 22 different 339 

quantitative and binary traits, for a total of 71 trait-to-loci mappings. Importantly, comparison of 340 

ADM-identified signals with known GWAS associations revealed that 75% of ADM associations 341 

were independent of variants from a published GWAS. Sixty percent of these independent 342 

associations could be linked to a single variant in AoU, a majority of which were enriched in AFR 343 

populations. Similar to IBD-mapping associations which can identify rare variant associations 344 

missed in traditional GWAS54, these ADM signals may represent novel disease-associated loci 345 

which previous GWAS have not reported due to reduced power from the limited representation of 346 

participants genetically similar to African populations. Consequently, they may include novel 347 

biological insights into diseases to identify treatment options and improve disease prediction 348 

models. Furthermore, 81% of these associations did not reach the traditional GWAS genome-349 

wide significance threshold, highlighting the power of admixture mapping for identifying 350 

associations which GWAS may miss. 351 
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Beyond these association analyses, investigations of local ancestry frequencies within admixed 352 

individuals can shed light on regions under selection since admixture. Using a sample size almost 353 

20K larger than the previous largest such investigation of selection in AFR-EUR Admixed 354 

individuals33, we found evidence of selection at the HLA locus. Previous studies have similarly 355 

described enrichment of African ancestry at the HLA locus, with improvements in immune function 356 

from these African-ancestry HLA alleles potentially driving selection55–57. We also found similar 357 

patterns of enrichment in a smaller replication sample, even when masking the HLA locus, 358 

suggesting errors in local ancestry inference and sequencing at the locus may not be solely driving 359 

this trend. Together, these results highlight possible rapid selection of immune-relevant genes 360 

due to admixture between African and European populations. However further work is required 361 

to determine if the observed enrichment of AFR local ancestry haplotypes at the HLA locus is truly 362 

due to selection rather than other factors such as other sources of errors in local ancestry 363 

inference methods. 364 

Previous work has demonstrated the utility of admixture mapping for identifying loci with differing 365 

causal variant allele frequencies between populations27, which we also confirmed when 366 

comparing altAF values across variants which reduce ADM significance after conditional analysis. 367 

Furthermore, we found evidence that effect sizes also vary for these variants when estimated in 368 

predicted African and European populations. As causal effects are mostly shared between 369 

populations25, these differences may represent large standard errors due to differences in power 370 

from allele frequency variations, differential LD architecture with true causal signals, or exceptions 371 

to the largely shared effect-sizes. Interactions between genetics and non-genetic factors could 372 

also explain some of these differences, but further work is required to determine if such 373 

interactions exist at these loci. 374 

Disease prevalence and trait distribution are known to vary across populations. For example 375 

African Americans have a higher prevalence of ESKD compared to European Americans, 376 
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motivating ADM studies in African American participants58. In previous ADM studies, increased 377 

ESKD risk was associated with African ancestry near the APOL1 locus, ultimately leading to the 378 

development of drugs targeting APOL1 variations59. Thus, ADM results not only can help explain 379 

prevalence variations between populations, but also lead to novel therapeutic options for patients. 380 

In this study, we identified a novel association between inferred local African ancestries at the 381 

SLC28A3 locus and increased risk of ESKD, which an intronic variant within SLC28A3 may 382 

partially explain. Such results identify an additional source of ESKD risk and may lead to novel 383 

therapeutic approaches to preventing ESKD progression. As this variant is both in the intron of 384 

SLC28A3 and the first exon of a non-coding RNA gene, further work is required to determine the 385 

biological mechanisms, and additional underlying variants, of this association. 386 

We conclude with several limitations. First, heterogeneity within our genetically-inferred AFR-EUR 387 

Admixed samples could potentially result in non-genetic effects being differentially present in 388 

some individuals, leading to confounders driving some of our observed associations. Second, we 389 

performed LD clumping on ADM results to identify lead loci. However, the high correlation of local 390 

ancestry segments could result in loci lacking a causal variant to be identified as a lead loci. 391 

Consequently, we generated broad boundaries around lead loci for GWAS signal identification. 392 

We anticipate that future methods improving fine mapping efforts on ADM results can help parse 393 

these results. We also recognize the minimal overlap of significant ADM associations in our 394 

replication efforts, especially for UKBB. Low statistical power may underly the low replication, 395 

evident from the high effect size correlation between the replication ADM and AoU ADM results. 396 

However, this low overlap is also expected due to the differences in genetic architectures and 397 

population histories of AFR-EUR Admixed populations in the US and UK60,61, as well as other 398 

non-genetic differences between AoU, an EHR-based biobank, and UKBB, a population-based 399 

biobank. Finally, we only performed conditional analyses with one variant at a time. However, 400 

multiple variants could jointly underly ADM associations and such interplays are not considered 401 
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in our analyses. As we tested thousands of variants in our single-variant conditional analysis 402 

models, adding multiple variants per model was computationally infeasible.  403 

In summary, we performed the largest local ancestry inference effort in the All of Us Research 404 

Program. Leveraging this data, we identified loci under putative selection since admixture within 405 

AFR-EUR admixed individuals and found novel associations from ADM which have not been 406 

described in GWAS. As inclusion of recently admixed individuals in genetic studies increases, 407 

these results suggest ADM efforts will continue to identify novel genetic associations and insights 408 

into trait biology.    409 

Extended data figures 410 

 411 
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Extended Data Fig. 1. Overlap of genetically inferred AFR-EUR Admixed individuals with 412 

SIRE categories. A Sankey plot of AFR-EUR Admixed individuals and their self-reported race 413 

and ethnicity. 414 

 415 

Extended Data Fig. 2. Overlap of SIRE non-Hispanic Black or African American participants 416 

in AoU and reference populations from 1000G. AoU participants plotted in PC space, along 417 

with reference populations from 1000G. AoU participants who are not self-report as being non-418 

Hispanic Black or African American colored grey. 419 
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 420 

Extended Data Fig. 3. Putative evidence of selection since admixture in SIRE non-Hispanic 421 

Black or African Americans. Proportion of local EUR ancestry across the genome in unrelated, 422 

self-reported non-Hispanic Black or African American participants in All of Us. The solid black line 423 

represents the genome-wide average proportion of local EUR ancestry, and the red dashed lines 424 

represent the P<0.05 cutoff of 4.2 SD away from the mean.  425 
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 426 

Extended Data Fig. 4. Putative evidence of selection since admixture in PMBB. (A) 427 

Proportion of local EUR ancestry across chromosome 6 in AFR-EUR Admixed participants within 428 

PMBB. The solid black line represents the genome-wide average proportion of local EUR 429 
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ancestry. (B) Proportion of local EUR ancestry around the HLA locus. Local ancestry inference in 430 

both (A) and (B) was performed after masking the HLA locus. 431 

432 

Extended Data Fig. 5. Correlation of effect sizes across ADM-associated loci. Plotted is a 433 

heatmap of Pearson R correlation values between effect sizes per trait pair across all independent 434 

loci with at least one genome-wide significant ADM association.  435 
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 436 

Extended Data Fig. 6. UK Biobank participants plotted in PC space. Red dots highlight 437 

genetically inferred UK Biobank two-way admixed AFR/EUR individuals, gray dots denote the 438 

entire UK Biobank population, orange dots denote 1000G EUR individuals, and blue dots denote 439 

1000G AFR individuals. 440 
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 441 

Extended Data Fig. 7. Comparison of admixture mapping results between All of Us, UK 442 

Biobank, and Penn Medicine Biobank. (A) Venn diagram of the overlap of genome-wide 443 

significant admixture mapping (ADM) associations across All of Us (AoU), UK Biobank (UKBB), 444 

and Penn Medicine Biobank (PMBB). (B) Scatterplots of ADM effect sizes between AoU and 445 

UKBB and between AoU and PMBB. (C) Scatterplots of ADM effect sizes between AoU and 446 
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UKBB for ADM associations with P<0.05 in UKBB and between AoU and PMBB for ADM 447 

associations with P<0.05 in PMBB. 448 

 449 

Extended Data Fig. 8. Alternative comparisons of variants which condition ADM 450 

associations. (A) Comparison of absolute log fold-change (FC) for the same alternative allele 451 

frequencies (altAF) between AFR and EUR populations from 1000G for variants which condition 452 

and do not condition ADM associations. (B) Comparison of absolute difference in z-scores for 453 

variant-trait associations between AFR-like and EUR-like populations for variants which condition 454 

and do not condition ADM associations. **P<1×10-3. *P<0.01 455 

Methods 456 

Overview of cohorts 457 

All of Us Research Program 458 

The All of Us Research Program (AoU) is a large, US-based biobank developed to improve and 459 

enable the inclusion of diverse, underrepresented populations in large-scale genetic and 460 
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epidemiological research studies13,32. We accessed short read whole genome sequencing 461 

(srWGS) data, survey data, electronic health record data from participants included in the v7 462 

release of AoU. Age within AoU was calculated as participants’ age as of August 1, 2022. Sex 463 

was determined using self-reported sex-at-birth data provided by AoU. We identified individuals 464 

as being non-Hispanic Black or African American if their self-reported race was “Black or African 465 

American” and their self-reported ethnicity was “not Hispanic or Latino”. 466 

AoU provides a list of flagged individuals with poor srWGS data quality based on the number of 467 

variants, insertion/deletion ratios, number of insertions, number of deletions, heterozygosity of 468 

variants or indels, transition/transversion ratios, and number of variants not in gnomAD v3.1. 469 

Additionally, variants from srWGS were flagged as being low quality based on a GQ threshold of 470 

<20, a DP threshold of <10, an allele balance filter of <0.2, a low QUAL score (60 for SNPs and 471 

69 for indels), or an ExcessHet score <54.69. These individuals and variants were removed from 472 

all subsequent analyses. AoU additionally provides a minimized list of related individuals, with 473 

relatedness determined using PC-Relate to account for population structure when calculating 474 

relatedness, which was used to remove related participants62.  475 

To infer local and global ancestry in AoU, we first extracted genetic data from the 1000 Genomes 476 

Project (1000G) for individuals from each superpopulation. We then calculated principal 477 

components within these individuals, then projected the AoU participants into the same PC space. 478 

These PCs were additionally used in all statistical models in AoU. Finally, we estimated inferred 479 

local and global ancestry with RFMix v263 with default parameters, using the 1000G data above 480 

as reference and HapMap3 variants. AFR-EUR admixed individuals were identified if their 481 

combined global ancestry proportions of AFR and EUR was >0.95 but the individual proportions 482 

of AFR and EUR was <0.95. This definition was used to identify individuals with any level of 483 

admixture between African and European populations.  484 
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UK Biobank 485 

The UK Biobank (UKBB) is a large-scale biomedical database containing genetic and electronic 486 

health record information from half a million residents from the United Kingdom. Genotype data 487 

was prepared as described in Hou et al. 202325. Briefly, pre-imputed variants were retained with 488 

imputation R² > 0.8, minor allele frequency (MAF) > 0.5%, and ancestry-specific MAF > 0.5% in 489 

both the African and European populations. Ancestry inference was performed using SCOPE 490 

v664, which estimated global ancestral proportion based on 1000G allele frequencies, where 4,326 491 

individuals with more than 5% of both AFR and EUR ancestries. Furthermore, local ancestry was 492 

inferred using RFMix v2 with default setting using 99 Northern and Western European residents 493 

in Utah (CEU) in 1000G and 108 Yoruba individuals from Ibadan, Nigeria (YRI) in 1000G. Only 494 

HapMap3 SNPs were used for local ancestry inference, with other variants interpolated. 495 

Penn Medicine Biobank 496 

The Penn Medicine Biobank (PMBB) collects genetic data and electronic health record data from 497 

consenting individuals within the University of Pennsylvania Health System. Zaidi et al. previously 498 

reported local ancestry inference within PMBB participants genetically similar to AFR37. Briefly, 499 

genotype data was phased using Beagle then local ancestry inference was performed using 500 

RFMix v1 with CEU and YRI populations as reference. The HLA locus was masked before local 501 

ancestry inference.   502 

Phenotypes 503 

We analyzed a total of 7 binary and 15 quantitative traits in AoU, 5 binary and 16 quantitative 504 

traits in the UKBB, and 7 binary and 12 quantitative traits in PMBB. For the AoU dataset, we 505 

selected the most recent measurements categorized under "condition" and "lab and physical 506 

measurement," identified using "concept ID" and ICD-10 codes for the binary traits. A full 507 
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description of the phenotypes selected has been described previously65. Outliers in the 508 

quantitative traits, defined as values exceeding 5 standard deviations from the mean, were 509 

excluded from the analysis. In UKBB, traits with corresponding definitions and ICD codes were 510 

extracted following the procedures outlined in the script available 511 

at https://github.com/privefl/UKBB-PGS/blob/main/code/prepare-pheno-fields.R. In PMBB, 512 

quantitative and binary traits were derived from patients’ electronic health records.  513 

Admixture mapping 514 

Association of local ancestry haplotypes with phenotypes was performed using admix-kit with the 515 

ADM method66. Associations in all cohorts were adjusted for age, sex, and the first 10 principal 516 

components. Additionally, models generated within AoU additionally adjusted for the site where 517 

the srWGS was performed. Single ancestry haplotype analyses were performed for AFR-EUR 518 

Admixed individuals within AoU and UKBB, where the effect of having an AFR haplotype relative 519 

to not having an AFR haplotype within a specific local ancestry locus on phenotypes was 520 

assessed. For BMI, we compared the associations we detected with ADM to those from AoU 521 

GWAS. A full description on the GWAS can be found here 522 

(https://support.researchallofus.org/hc/en-us/articles/27049847988884-Overview-of-the-All-by-523 

All-tables-available-on-the-All-of-Us-Researcher-Workbench). Briefly, GWAS was run using 524 

SAIGE67 on quantitative traits and phecodes within AoU, stratified by genetically inferred ancestry 525 

groups. These genetically inferred ancestry groups were determined using a random forest 526 

classifier trained on data from gnomAD, 1000G, and the Human Genome Diversity Project32.  527 

To determine the effective number of tests to adjust for, we explored three different approaches. 528 

First, we used an MCMC approach previously described68, and estimated an average of 297 tests. 529 

Second, we used the number of local ancestry segments in high LD with each other, using PLINK 530 

with a window or 5 Mb and R2 cutoff of 0.8, and estimated a total of 757 tests. Finally, we explored 531 
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a cutoff of 1000 tests from literature searches of previous admixture mapping efforts69,70. We opted 532 

to use the latter approach to minimize the number of false positives, as well as allow for a constant 533 

significance threshold across the replication datasets.  534 

After generating ADM summary statistics, loci were clumped to find independent significant hits, 535 

using the PLINK clumping function with significance threshold of 5 x 10-5, or an adjusted P<0.05, 536 

LD threshold of 0.1, and physical distance threshold of 5Mb at each chromosome for every trait. 537 

LD reference panels were constructed using inferred local AFR haplotypes from unrelated AFR-538 

EUR Admixed individuals per local ancestry segment.  539 

As local ancestry inference errors are concentrated in low-complexity regions36, we tested 540 

whether our ADM hits overlap these regions. Since there are many small low-complexity regions 541 

from the UCSC genome browser, and the local ancestry segments are large, 90.1% of the 542 

genome-wide significant ADM associations intersected with at least one low-complexity region. 543 

The amount of overlap was minimal, ranging from 0.05% to 1.80% (Supplementary Table 5). 544 

Furthermore, 5 of the ADM associations contained one HapMap3 variant used for local ancestry 545 

inference which was in a low complexity region. However, the total number of input HapMap3 546 

variants used for each of these 5 regions ranged from 26 to 116, meaning only a small percentage 547 

of these input variants could have created errors stemming from the low-complexity regions 548 

(Supplementary Table 5). Since these results suggest that errors in local ancestry inference due 549 

to low-complexity regions may not greatly impact our results, we did not perform any filtering by 550 

low-complexity regions. 551 

To identify if any genome-wide significant loci are the same across traits, we checked if any of 552 

the genome-wide significant loci from the 71 associations are in correlated with each other 553 

(R2>0.8). In total, this left us with 52 loci which are genome-wide significant for an ADM 554 

association and independent from other loci. For the 12 loci associated with multiple traits, we 555 
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tested for evidence of colocalization using COLOC 5.2.371 and a posterior probability of 556 

colocalization (PP.H4) >0.8. Colocalization boundaries were calculated with a 10 Mb window 557 

around the center of the local ancestry segment. This large window was selected to ensure 558 

enough local ancestry haplotypes were included in the colocalization analysis. We calculated 559 

pleiotropy of effect sizes across all ADM associations using z-scores calculated for each of the 560 

22 traits at the 52 independent loci. We used the equation Z = B / (sqrt(N) * SE) to calculate z-561 

scores per trait. We then calculated Pearson correlations between Z-scores per trait across the 562 

52 loci.  563 

We identified shared loci between the AoU and UKBB and PMBB ADM analyses by looking for 564 

intersections of local ancestry segments with genome-wide significant ADM associations for the 565 

same trait in both datasets. 566 

Evidence of selection 567 

Inferred local EUR frequencies for unrelated AFR-EUR Admixed individuals and SIRE non-568 

Hispanic Black or African American individuals were calculated using PLINK. We removed the 569 

first and last 2 Mb of each chromosome to avoid errors with local ancestry inference in low quality 570 

genomic regions.  571 

We tested for associations between inferred local EUR ancestry and any phecode or relevant 572 

immune lab using the same covariates described above for ADM. P-values for binary and 573 

quantitative traits were independently FDR adjusted using the Benjamini-Hochberg procedure 574 

with a cutoff of 0.05. 575 

Conditional ADM analyses 576 

To perform the admixture mapping analysis conditional on genotype variants, we first collected 577 

GWAS associations of from the GWAS catalog for the same traits with an ADM association and 578 
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converted them to hg38 using liftOver. We then removed variants which were farther than 20 Mb 579 

from any significant ADM association. We used a large window around the ADM associations to 580 

account for the high correlation of local ancestry haplotypes. To avoid testing duplicate signals, 581 

we further filtered variants using a clumping strategy, with a MAF cutoff of 0.01, P-value threshold 582 

of 5×10-8, LD threshold of 0.01, and distance threshold of 5×106. For each trait, we re-ran 583 

admixture mapping, additionally including an LD-independent genome-wide significant variants 584 

as a covariate. We ran these conditional models for each genome-wide significant variant such 585 

that no model included more than one variant. We determined whether a variant is involved in the 586 

ADM association if the ADM P-value dropped below 1×10-4, or a P-value greater than 0.1 after 587 

adjusting for 1000 different tests. To avoid cases where missing variants drops the number of 588 

samples such that decreases in the P-value could instead be due to power issues, we only 589 

considered conditional analyses where the sample size was at least 95% of that of the original 590 

analysis. 591 

Single variant association analyses 592 

We calculated allele frequencies of variants of interest using data from 1000G continental 593 

populations labelled as EUR or AFR.  594 

 We estimated effect sizes for single variants with their traits of interest in AoU using either linear 595 

or logistic regression models depending on the trait type. Variants within 10 Mb of an ADM peak 596 

were extracted from the AoU ACAF files, which are pre-filtered to include only variants with a MAF 597 

>1% in at least one ancestry superpopulation. All models were adjusted for age, sex, the first 10 598 

PCs, and sequencing site. Models were run in AoU participants genetically-similar to AFR 1000G 599 

populations (AFR-like), AoU participants genetically-similar to EUR 1000G populations (EUR-600 

like), or all AoU participants. We defined AFR-like participants as those with a global AFR 601 

proportion >0.9, and EUR-like participants as those with a global EUR proportion >0.9. 602 
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When evaluating the significance of difference in allele frequency and effect size variations 603 

between populations for variants which condition and do not condition an ADM association, we 604 

utilized the non-parametric Mann-Whitney U Test, since we were comparing the absolute 605 

difference values, which are not normally distributed.  606 

Single variant fine-mapping 607 

To determine if any specific variants may be underlying the ADM association which we could not 608 

assign to a known GWAS loci, we ran clumping on the single variant associations generated using 609 

all AoU participants with a P-value threshold of 0.05. LD threshold of 0.01, and distance threshold 610 

of 5×106. We then re-ran the conditional analyses pipeline described above on all lead variants 611 

from this clumping step. 612 

To identify additional variants which may underly the ADM association with ESKD at chromosome 613 

9, we extracted exonic variants from all genes flanking rs56145118, including SLC28A3, NTRK2, 614 

SLC28A3-AS1, and ENSG00000285987, and calculated R2 in AFR-like and EUR-like populations 615 

using PLINK. 616 

Author Contributions 617 

R.M. performed ADM, selection scans, and single variant analyses within AoU, analyzed the 618 

results, and led the study design and manuscript writing. Z.S. performed admixture mapping 619 

within PMBB and UKB, integrated ADM associations between datasets, ran conditional analyses 620 

using GWAS catalog variants, and contributed to the writing. K.H. ran local ancestry inference 621 

and contributed to study design. Y.W. prepared AoU phenotype data. G.M. tested for replication 622 

of selection signal in PMBB. A.J.A contributed to ADM replication analyses in PMBB. S.C., E.K., 623 

E.A., and A.R.M. provided feedback throughout the project and revised the paper. B.P. conceived 624 

the study, supervised the analyses, and contributed to the manuscript writing. 625 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


Declarations of Interests 626 

We have no interests to declare. 627 

Acknowledgements 628 

We gratefully acknowledge All of Us participants for their contributions, without whom this 629 

research would not have been possible. We also thank the National Institutes of Health’s All of 630 

Us Research Program for making available the participant data examined in this study. 631 

We also acknowledge the Penn Medicine BioBank (PMBB) for providing data and thank the 632 

patient-participants of Penn Medicine who consented to participate in this research program. We 633 

would also like to thank the Penn Medicine BioBank team and Regeneron Genetics Center for 634 

providing genetic variant data for analysis. The PMBB is approved under IRB protocol #813913 635 

and supported by Perelman School of Medicine at University of Pennsylvania, a gift from the 636 

Smilow family, and the National Center for Advancing Translational Sciences of the National 637 

Institutes of Health under CTSA award number UL1TR001878.  638 

Data Availability 639 

Individual-level phenotype and genetic data from All of Us are available on the All of Us Research 640 

Workbench for all approved, controlled-tier researchers, and phenotype and genetic data from 641 

UK Biobank are also publicly available for approved researchers. Inferred local ancestry data can 642 

be made available to other approved All of Us and UK Biobank researchers upon request. 643 

Individual-level data from Penn Medicine BioBank cannot be shared to researchers without an 644 

approved Penn Medicine BioBank IRB, but summary statistics can be made available upon 645 

reasonable request.  646 

References 647 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fallofus.nih.gov%2F&data=05%7C02%7Csamanthal.stewart%40vumc.org%7C678ed66174a94b4f8dd608dc4cfa0938%7Cef57503014244ed8b83c12c533d879ab%7C0%7C0%7C638469883976050637%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C0%7C%7C%7C&sdata=SQ7K5gynNolDGdPwBW%2FO4qKZx89FRLJjXHLpsXbzY7I%3D&reserved=0
https://nam12.safelinks.protection.outlook.com/?url=https%3A%2F%2Fallofus.nih.gov%2F&data=05%7C02%7Csamanthal.stewart%40vumc.org%7C678ed66174a94b4f8dd608dc4cfa0938%7Cef57503014244ed8b83c12c533d879ab%7C0%7C0%7C638469883976050637%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C0%7C%7C%7C&sdata=SQ7K5gynNolDGdPwBW%2FO4qKZx89FRLJjXHLpsXbzY7I%3D&reserved=0
https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


1. Abdellaoui, A., Yengo, L., Verweij, K. J. H. & Visscher, P. M. 15 years of GWAS discovery: 648 

Realizing the promise. Am. J. Hum. Genet. 110, 179–194 (2023). 649 

2. Trajanoska, K. et al. From target discovery to clinical drug development with human 650 

genetics. Nature 620, 737–745 (2023). 651 

3. Minikel, E. V., Painter, J. L., Dong, C. C. & Nelson, M. R. Refining the impact of genetic 652 

evidence on clinical success. Nature 629, 624–629 (2024). 653 

4. Lennon, N. J. et al. Selection, optimization and validation of ten chronic disease polygenic 654 

risk scores for clinical implementation in diverse US populations. Nat. Med. 30, 480–487 655 

(2024). 656 

5. Mars, N. et al. Polygenic and clinical risk scores and their impact on age at onset and 657 

prediction of cardiometabolic diseases and common cancers. Nat. Med. 26, 549–557 658 

(2020). 659 

6. Martin, A. R. et al. Clinical use of current polygenic risk scores may exacerbate health 660 

disparities. Nat. Genet. 51, 584–591 (2019). 661 

7. Suzuki, K. et al. Genetic drivers of heterogeneity in type 2 diabetes pathophysiology. Nature 662 

627, 347–357 (2024). 663 

8. Kachuri, L. et al. Gene expression in African Americans, Puerto Ricans and Mexican 664 

Americans reveals ancestry-specific patterns of genetic architecture. Nat. Genet. 55, 952–665 

963 (2023). 666 

9. Yengo, L. et al. A saturated map of common genetic variants associated with human height. 667 

Nature 610, 704–712 (2022). 668 

10. Johnson, R. et al. Leveraging genomic diversity for discovery in an electronic health record 669 

linked biobank: the UCLA ATLAS Community Health Initiative. Genome Med. 14, 104 670 

(2022). 671 

11. Sohail, M. et al. Mexican Biobank advances population and medical genomics of diverse 672 

ancestries. Nature 622, 775–783 (2023). 673 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


12. He, Y. & Martin, A. R. We need more-diverse biobanks to improve behavioural genetics. 674 

Nat. Hum. Behav. 8, 197–200 (2024). 675 

13. All of Us Research Program Investigators et al. The ‘All of Us’ Research Program. N. Engl. 676 

J. Med. 381, 668–676 (2019). 677 

14. Zhou, W. et al. Global Biobank Meta-analysis Initiative: Powering genetic discovery across 678 

human disease. Cell Genomics 2, (2022). 679 

15. Taliun, D. et al. Sequencing of 53,831 diverse genomes from the NHLBI TOPMed Program. 680 

Nature 590, 290–299 (2021). 681 

16. Huerta-Chagoya, A. et al. The power of TOPMed imputation for the discovery of Latino-682 

enriched rare variants associated with type 2 diabetes. Diabetologia 66, 1273–1288 (2023). 683 

17. Tsuo, K. et al. All of Us diversity and scale improve polygenic prediction contextually with 684 

greatest improvements for under-represented populations. 2024.08.06.606846 Preprint at 685 

https://doi.org/10.1101/2024.08.06.606846 (2024). 686 

18. Gao, B. & Zhou, X. MESuSiE enables scalable and powerful multi-ancestry fine-mapping of 687 

causal variants in genome-wide association studies. Nat. Genet. 56, 170–179 (2024). 688 

19. Yuan, K. et al. Fine-mapping across diverse ancestries drives the discovery of putative 689 

causal variants underlying human complex traits and diseases. Nat. Genet. (2024) 690 

doi:10.1038/s41588-024-01870-z. 691 

20. Kim, J. J. et al. Multi-ancestry genome-wide association meta-analysis of Parkinson’s 692 

disease. Nat. Genet. 56, 27–36 (2024). 693 

21. Kichaev, G. & Pasaniuc, B. Leveraging Functional-Annotation Data in Trans-ethnic Fine-694 

Mapping Studies. Am. J. Hum. Genet. 97, 260–271 (2015). 695 

22. Kanai, M. et al. Meta-analysis fine-mapping is often miscalibrated at single-variant 696 

resolution. Cell Genomics 2, 100210 (2022). 697 

23. Wallace, C. A more accurate method for colocalisation analysis allowing for multiple causal 698 

variants. PLOS Genet. 17, e1009440 (2021). 699 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


24. Mägi, R. et al. Trans-ethnic meta-regression of genome-wide association studies accounting 700 

for ancestry increases power for discovery and improves fine-mapping resolution. Hum. Mol. 701 

Genet. 26, 3639–3650 (2017). 702 

25. Hou, K. et al. Causal effects on complex traits are similar for common variants across 703 

segments of different continental ancestries within admixed individuals. Nat. Genet. 55, 704 

549–558 (2023). 705 

26. Cullina, S., Shemirani, R., Asgari, S. & Kenny, E. E. Systematic comparison of phenome-706 

wide admixture mapping and genome-wide association in a diverse biobank. 707 

2024.11.18.24317494 Preprint at https://doi.org/10.1101/2024.11.18.24317494 (2024). 708 

27. Mester, R. et al. Impact of cross-ancestry genetic architecture on GWASs in admixed 709 

populations. Am. J. Hum. Genet. 110, 927–939 (2023). 710 

28. Kopp, J. B. et al. MYH9 is a major-effect risk gene for focal segmental glomerulosclerosis. 711 

Nat. Genet. 40, 1175–1184 (2008). 712 

29. Daneshpajouhnejad, P., Kopp, J. B., Winkler, C. A. & Rosenberg, A. Z. The evolving story of 713 

apolipoprotein L1 nephropathy: the end of the beginning. Nat. Rev. Nephrol. 18, 307–320 714 

(2022). 715 

30. Seldin, M. F., Pasaniuc, B. & Price, A. L. New approaches to disease mapping in admixed 716 

populations. Nat. Rev. Genet. 12, 523–528 (2011). 717 

31. Global Biobank Meta-analysis Initiative: Powering genetic discovery across human disease: 718 

Cell Genomics. https://www.cell.com/cell-genomics/fulltext/S2666-979X(22)00141-0. 719 

32. Bick, A. G. et al. Genomic data in the All of Us Research Program. Nature 627, 340–346 720 

(2024). 721 

33. Bhatia, G. et al. Genome-wide scan of 29,141 African Americans finds no evidence of 722 

directional selection since admixture. Am. J. Hum. Genet. 95, 437–444 (2014). 723 

34. Chen, M.-H. et al. Trans-ethnic and Ancestry-Specific Blood-Cell Genetics in 746,667 724 

Individuals from 5 Global Populations. Cell 182, 1198-1213.e14 (2020). 725 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


35. Kao, W. H. L. et al. MYH9 is associated with nondiabetic end-stage renal disease in African 726 

Americans. Nat. Genet. 40, 1185–1192 (2008). 727 

36. Honorato-Mauer, J. et al. Characterizing features affecting local ancestry inference 728 

performance in admixed populations. Am. J. Hum. Genet. 112, 224–234 (2025). 729 

37. Zaidi, A. A., Verma, A., Morse, C., Ritchie, M. D. & Mathieson, I. The genetic and 730 

phenotypic correlates of mtDNA copy number in a multi-ancestry cohort. Hum. Genet. 731 

Genomics Adv. 4, (2023). 732 

38. Sollis, E. et al. The NHGRI-EBI GWAS Catalog: knowledgebase and deposition resource. 733 

Nucleic Acids Res. 51, D977–D985 (2023). 734 

39. Chen, S. et al. A genomic mutational constraint map using variation in 76,156 human 735 

genomes. Nature 625, 92–100 (2024). 736 

40. Lin, W. W., Hostager, B. S. & Bishop, G. A. TRAF3, ubiquitination, and B-lymphocyte 737 

regulation. Immunol. Rev. 266, 46–55 (2015). 738 

41. Pap, É. M. et al. Identification of putative phenotype-modifying genetic factors associated 739 

with phenotypic diversity in Brooke-Spiegler syndrome. Exp. Dermatol. 29, 1017–1020 740 

(2020). 741 

42. Zhou, Z. et al. The effects of TLR3, TRIF and TRAF3 SNPs and interactions with 742 

environmental factors on type 2 diabetes mellitus and vascular complications in a Han 743 

Chinese population. Gene 626, 41–47 (2017). 744 

43. Gokhale, S. et al. Elevated choline kinase α–mediated choline metabolism supports the 745 

prolonged survival of TRAF3-deficient B lymphocytes. J. Immunol. Baltim. Md 1950 204, 746 

459–471 (2020). 747 

44. Chen, Z. et al. Myeloid cell TRAF3 promotes metabolic inflammation, insulin resistance, and 748 

hepatic steatosis in obesity. Am. J. Physiol. Endocrinol. Metab. 308, E460-469 (2015). 749 

45. Rybicki, B. A. et al. A genome-wide admixture scan for ancestry-linked genes predisposing 750 

to sarcoidosis in African-Americans. Genes Immun. 12, 67–77 (2011). 751 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


46. Graham, S. E. et al. The power of genetic diversity in genome-wide association studies of 752 

lipids. Nature 600, 675–679 (2021). 753 

47. Mercurio, F. A. & Leone, M. The Sam Domain of EphA2 Receptor and its Relevance to 754 

Cancer: A Novel Challenge for Drug Discovery? Curr. Med. Chem. 23, 4718–4734 (2016). 755 

48. Husain, A. et al. Ephrin-A3/EphA2 axis regulates cellular metabolic plasticity to enhance 756 

cancer stemness in hypoxic hepatocellular carcinoma. J. Hepatol. 77, 383–396 (2022). 757 

49. Schuck, R. J. et al. Cholesterol inhibits assembly and activation of the EphA2 receptor. 758 

2024.06.10.598255 Preprint at https://doi.org/10.1101/2024.06.10.598255 (2024). 759 

50. Pandey, G. K. et al. Liver regulatory mechanisms of noncoding variants at lipid and 760 

metabolic trait loci. Hum. Genet. Genomics Adv. 5, (2024). 761 

51. Sjöstedt, E. et al. An atlas of the protein-coding genes in the human, pig, and mouse brain. 762 

Science 367, eaay5947 (2020). 763 

52. Dhindsa, R. S. et al. Rare variant associations with plasma protein levels in the UK Biobank. 764 

Nature 622, 339–347 (2023). 765 

53. Abedini, A. et al. Single-cell multi-omic and spatial profiling of human kidneys implicates the 766 

fibrotic microenvironment in kidney disease progression. Nat. Genet. 56, 1712–1724 (2024). 767 

54. Browning, S. R. & Thompson, E. A. Detecting rare variant associations by identity-by-768 

descent mapping in case-control studies. Genetics 190, 1521–1531 (2012). 769 

55. Tu, B. et al. HLA-A, -B, -C, -DRB1 allele and haplotype frequencies in an African American 770 

population. Tissue Antigens 69, 73–85 (2007). 771 

56. Bhatia, G. et al. Genome-wide Comparison of African-Ancestry Populations from CARe and 772 

Other Cohorts Reveals Signals of Natural Selection. Am. J. Hum. Genet. 89, 368–381 773 

(2011). 774 

57. Norris, E. T. et al. Admixture-enabled selection for rapid adaptive evolution in the Americas. 775 

Genome Biol. 21, 29 (2020). 776 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


58. Umeukeje, E. M. & Young, B. A. Genetics and Endstage Kidney Disease Disparities in 777 

African Americans. Am. J. Kidney Dis. Off. J. Natl. Kidney Found. 74, 811–821 (2019). 778 

59. Egbuna, O. et al. Inaxaplin for Proteinuric Kidney Disease in Persons with Two APOL1 779 

Variants. N. Engl. J. Med. 388, 969–979 (2023). 780 

60. Zakharia, F. et al. Characterizing the admixed African ancestry of African Americans. 781 

Genome Biol. 10, R141 (2009). 782 

61. Constantinescu, A.-E. et al. A framework for research into continental ancestry groups of the 783 

UK Biobank. Hum. Genomics 16, 3 (2022). 784 

62. Conomos, M. P., Reiner, A. P., Weir, B. S. & Thornton, T. A. Model-free Estimation of 785 

Recent Genetic Relatedness. Am. J. Hum. Genet. 98, 127–148 (2016). 786 

63. Maples, B. K., Gravel, S., Kenny, E. E. & Bustamante, C. D. RFMix: a discriminative 787 

modeling approach for rapid and robust local-ancestry inference. Am. J. Hum. Genet. 93, 788 

278–288 (2013). 789 

64. Chiu, A. M., Molloy, E. K., Tan, Z., Talwalkar, A. & Sankararaman, S. Inferring population 790 

structure in biobank-scale genomic data. Am. J. Hum. Genet. 109, 727–737 (2022). 791 

65. All of Us diversity and scale improve polygenic prediction contextually with greatest 792 

improvements for under-represented populations | bioRxiv. 793 

https://www.biorxiv.org/content/10.1101/2024.08.06.606846v1.full. 794 

66. Hou, K. et al. Admix-kit: an integrated toolkit and pipeline for genetic analyses of admixed 795 

populations. Bioinformatics 40, btae148 (2024). 796 

67. Zhou, W. et al. Scalable generalized linear mixed model for region-based association tests 797 

in large biobanks and cohorts. Nat. Genet. 52, 634–639 (2020). 798 

68. Shriner, D. Overview of Admixture Mapping. Curr. Protoc. 3, e677 (2023). 799 

69. Cheng, C.-Y. et al. Admixture Mapping of 15,280 African Americans Identifies Obesity 800 

Susceptibility Loci on Chromosomes 5 and X. PLOS Genet. 5, e1000490 (2009). 801 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


70. Horimoto, A. R. V. R., Xue, D., Thornton, T. A. & Blue, E. E. Admixture mapping reveals the 802 

association between Native American ancestry at 3q13.11 and reduced risk of Alzheimer’s 803 

disease in Caribbean Hispanics. Alzheimers Res. Ther. 13, 122 (2021). 804 

71. Giambartolomei, C. et al. Bayesian Test for Colocalisation between Pairs of Genetic 805 

Association Studies Using Summary Statistics. PLOS Genet. 10, e1004383 (2014). 806 

 807 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


N=245,394

AFR-EUR 
Admixed

individuals
N=48,921

71 associations
with 17 traits

Discovery

Admixture 
Mapping

Ntraits = 22

A

Identification of 
novel disease-
associated loci 

Characterization
of signals

Examination of
ancestry

heterogeneity

Comparison with
GWAS

Single-variant
Conditional 

analyses

Replication

UKBB
AFR-EUR Admixed

Individuals
N=4,326

EUR
AFR
CSA
AMR
EAS
AFR-EUR
Admixed
Other

B

PMBB
AFR-EUR Admixed

Individuals
N=9,324

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


B

A

SLC28A3

SLC28A3-AS1 ENSG00000285987

rs56145118

10 Kb

0.9 1 1.1 1.2 1.3 1.4 1.5

ESKD

Odds Ratio (95% CI)

Beta (95% CI)

OR (95% CI)=1.23 (1.09, 1.39)
P: 7.6e-4
N: 132,822

Beta (95% CI)=-0.01 (-0.02, 4.0e-4)
P: 0.06
N: 219,083

Beta (95% CI)=-3.1e-3 (-0.03, 0.02)
P: 0.82
N: 91,219

Beta (95% CI)=0.01 (-0.01, 0.04)
P: 0.39
N: 90,455

Beta (95% CI)=-7.2e-3 (-0.04, 0.02)
P: 0.65
N: 66,146

Beta (95% CI)=5.1e-3 (-0.02, 0.03)
P: 0.64
N: 126,468

Beta (95% CI)=3.0e-3 (-0.02, 0.03)
P: 0.82
N: 92,543

Beta (95% CI)=1.2e-3 (-0.02, 0.03)
P: 0.93
N: 76,508

Beta (95% CI)=-0.02 (-0.04, -0.01)
P: 5.6e-4
N: 132,410

Beta (95% CI)=0.04 (0.02, 0.06)
P: 9.4e-4
N: 132,807

T
ra

its

C D

rs56145118

−0.05 0 0.05 0.1

Creatinine

eGFR

HbA1c

Triglyceride

Random Glucose

LDL

HDL

Total Cholesterol

BMI

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


rs1131877

rs1131877

−0.4
−0.3

−0.2
−0.1

0

All participants

EUR-like

AFR-like

Beta (95% CI) for associations
between rs1131877_C and BMI

Beta (95% CI)=-0.20 (-0.37, -0.04)
P: 1.77e-02
N: 39,169

−4 −3 −2 −1 0

All participants

EUR-like

AFR-like

Beta (95% CI)=-0.16 (-0.22, -0.09)
P: 2.37e-06
N: 126,469

Beta (95% CI)=-0.13 (-0.18, -0.08)
P: 3.51e-07
N: 219,391

rs36086195

Beta (95% CI)=-2.15 (-3.92, -0.38)
P: 1.72e-02
N: 13,189

Beta (95% CI)=-0.25 (-0.73, 0.23)
P: 0.30
N: 62,354

Beta (95% CI)=-0.55 (-0.98, -0.13))
P: 1.03e-02
N: 94,264

Beta (95% CI) for associations
between rs36086195_T and Total Cholesterol

A B C

D E F

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


A B

C

**
***

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


All-by-All
EUR GWAS
N=111,482

All-by-All
AFR GWAS
N=49,855

AFR-EUR 
Admixed

participants
N=47,104

A

CB

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


AFR-EUR Admixed

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 161718 20 22

P
ro

po
rt

io
n 

of
 E

U
R

 a
nc

es
tr

y 0.275

0.225

0.250

0.200

0.175

0.150

0.206

0.227

0.184

HLA locus
0.153

Chromosome

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/


AA B

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 3, 2025. ; https://doi.org/10.1101/2025.04.02.25325115doi: medRxiv preprint 

https://doi.org/10.1101/2025.04.02.25325115
http://creativecommons.org/licenses/by-nc-nd/4.0/

