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Exome sequencing and analysis of 44,028 
British South Asians enriched for high 
autozygosity
 

Genes & Health (G&H) is a biomedical study of adult British Pakistani 
and Bangladeshi research volunteers enriched for autozygosity. Here 
we performed whole-exome sequencing in 44,028 G&H participants, 
establishing a large publicly available South Asian exome resource linked 
to longitudinal electronic health records. We performed exome-wide 
association analyses for 645 electronic health record-derived traits under 
additive and recessive models, and meta-analyses of 33 cardiometabolic 
traits with UK Biobank, finding more than 100 novel gene–phenotype 
associations. We identified 2,991 genes with rare biallelic predicted 
loss-of-function (‘knockout’) genotypes, 546 of which had not been 
previously reported. We show that drugs targeting genes with knockouts 
in adults are associated with a 2.2-fold higher likelihood of progressing 
beyond phase 1 clinical trials. We further illustrate how phenotypic profiles 
associated with knockout genotypes can enhance efficacy and safety 
assessment of drug targets and aid in the interpretation of variants with 
ambiguous clinical significance in autosomal recessive disease genes.

Major advances in our understanding of human diseases have been 
achieved through genotyping, sequencing and analyses of large 
population- or hospital-based cohorts1–5. However, there remains a criti-
cal underrepresentation of non-European ancestral groups in genetic 
datasets6,7. Addressing this imbalance is essential not only for ensuring 
equity in genetic research but also for maximizing discoveries by har-
nessing distinct variant spectra present in diverse ancestry groups8–11.

Genes & Health (G&H) is a population-based cohort study of British 
Bangladeshi and Pakistani adults, aiming to improve the health out-
comes of these communities through genetic research. G&H benefits 
from comprehensive lifelong healthcare data from the UK National 
Health Service (NHS), which allows systematic genetic association 
analyses of disease diagnoses and clinical traits12,13 and detailed medical 
record reviews in specific carriers of interest14,15.

A distinctive characteristic of this cohort is its high degree of 
autozygosity and, hence, enrichment of rare homozygous genotypes16,17.  
Particularly informative are homozygous carriers of loss-of-function 
variants, often called human knockouts. Studies from this cohort 
and others have demonstrated the valuable insights that human 

knockouts can provide into human biology, disease mechanisms and 
drug development14,16,18–20.

Here, we present analyses of whole-exome sequences of 44,028 
participants in G&H, representing a large South Asian exome resource 
with linked electronic medical data. We share key findings from rare 
variant association analyses, using both additive and recessive models, 
alongside meta-analyses with UK Biobank (UKB) that uncovered numer-
ous novel gene–phenotype associations. We further highlight clinical 
and drug development insights gained from the human knockouts 
identified in this cohort.

Results
Protein coding variation and population structure in 44,028 
South Asian exome sequences
We identified a total of 4,723,926 variants (4,458,984 single-nucleotide 
variants (SNVs) and 264,942 insertions or deletions (INDELs)) from 
44,028 G&H exome sequences after stringent quality control (Supple-
mentary Methods). Across 17,545 transcripts from the Matched Annota-
tion from the NCBI and EMBL-EBI (MANE) project21, we found 122,690 
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extensive identity-by-descent (IBD) sharing due to founder effects24. 
Using an IBD-based clustering method24 (Methods), we identified 21 
clusters among 8,109 unrelated British Pakistani individuals (Fig. 1d, 
Supplementary Figs. 1 and 2, and Supplementary Table 1) representing 
putative subgroups. Several clusters have particularly extensive IBD 
sharing (Fig. 1d and Supplementary Fig. 2). We identified 15,200 variants 
that were significantly enriched in specific clusters compared with all 
the others combined, which may have resulted from founder events or 
possibly positive selection, described further in Supplementary Note 1  
(Supplementary Figs. 2 and 3, and Supplementary Tables 2 and 3).

There were 8,450 variants across 2,855 genes that were curated 
as pathogenic or likely pathogenic (PLP) in ClinVar25 and had at least 
one heterozygous or homozygous genotype in G&H exomes (Supple-
mentary Note 2, Supplementary Fig. 4a and Supplementary Table 4). 
Among the 81 clinically actionable genes defined by the American 
College of Medical Genetics and Genomics26 (ACMG SF v3.2), we found 
1,012 individuals heterozygous for PLP variants in autosomal dominant 
genes and 7 individuals homozygous for PLP variants in autosomal 
recessive (AR) genes. Including pLoF variants that are previously unan-
notated by ClinVar in genes with a known loss-of-function mechanism 
further increased these numbers (Supplementary Note 2). Compared 
with a size-matched subset of European-ancestry exomes from UKB 
(UKB-EUR), a smaller portion of pLoF and pDM variants in G&H were 
already present in ClinVar, and a smaller portion of those in ClinVar 
were annotated as pathogenic or of uncertain significance (Supple-
mentary Note 2, Supplementary Fig. 4b,c and Supplementary Table 5). 
These presumably reflect the relative paucity of patients of South Asian 
ancestry who have undergone clinical sequencing, as well as potential 
geographical differences in the practice of reporting variants to ClinVar.

predicted loss-of-function (pLoF) variants that are high-confidence 
(pLoF-HC) by LOFTEE22, and 1,704,012 missense variants, of which 
524,290 are predicted damaging missense (pDM) (Combined 
Annotation-Dependent Depletion (CADD) score >20, Polymorphism 
Phenotyping v2 (Polyphen2) score >0.445 and predicted deleterious 
by Sorting Intolerant From Tolerant (SIFT)) (Fig. 1a). As expected, 
pLoF and pDM variants were heavily enriched among singleton and 
ultrarare variants (Fig. 1b). We compared the allele frequency (AF) of 
the variants in G&H with those in the Genome Aggregation Database22 
(gnomAD, v4.1), which catalogs variants from 807,162 genomes and 
exomes of diverse ancestry, including 45,546 of South Asian ancestry. 
Among all the variants in G&H, 26.2% are absent from gnomAD, a fur-
ther 24.4% are in gnomAD but not in the non-Finnish European (NFE) 
subset, and a further 18.8% have >10-fold higher AF in G&H compared 
with gnomAD-NFE (Fig. 1c). Compared with gnomAD-NFE, 325,276 vari-
ants were significantly enriched in 17,172 unrelated individuals of G&H 
(Methods) (Fisher’s exact test P < 4.93 × 10−8 with Bonferroni correction).

G&H consists of British residents of self-identified Pakistani (40%) 
and Bangladeshi (59%) ancestry (Fig. 1d). The cohort has a high rate of 
self-reported parental relatedness (22.8% related; 15.1% first cousins) 
and autozygosity. Compared with the European-ancestry subset of UKB, 
the genetically determined rate of consanguinity (offspring of second 
cousins or closer) was higher in G&H (33% compared with 2%), and so 
was the average fraction of the genome in runs of homozygosity (1.8% 
compared with 0.4%)17. Principal component analysis demonstrates that 
there is considerable population structure among the British Pakistanis 
but much less among the British Bangladeshis23 (Supplementary Fig. 1). 
The population structure of British Pakistanis is strongly influenced 
by the biraderi social stratification system and is characterized by 
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Fig. 1 | Protein coding variation and population structure in 44,028 G&H 
exomes. a, Number of all variants, including SNVs and INDELs, broken down by 
functional category. b, AF spectrum of all, pLoF-HC and pDM variants. 
 c, Proportions of variants completely absent in gnomAD, absent in the NFE 
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AF. d, South Asian ancestry breakdown in G&H and subpopulation structure 
among British Pakistanis. For the British Pakistani subpopulations in light purple, 
the width indicates the relative proportion of clusters, and the height indicates 
the IBD score in the clusters.
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Rare variant association analyses
Exome-wide association analyses across 645 EHR-derived traits. 
We performed exome-wide association analyses using REGENIE27 for 
54 quantitative traits extracted from routine clinical and laboratory 
measurements and 591 binary traits derived from diagnosis and clini-
cal procedure codes (Supplementary Table 6 and Supplementary 
Methods). Given that many phenotypes, variants and gene masks are 
correlated, we performed permutations at the second step of REGENIE 
to determine the P-value threshold corresponding to a false discovery 
rate (FDR) of 5% (Supplementary Methods) rather than applying an 

overly conservative Bonferroni correction (P < 0.05/1,122,594,120 
tests = 4.45 × 10−11) (see Supplementary Note 3 for comparison). We 
permuted the genotypes instead of the phenotypes to control for the 
fine-scale population structure and relatedness in the samples. There 
was minimal genomic inflation in the summary statistics, indicating 
that REGENIE was adequately controlling for these potential confound-
ers (Supplementary Note 4 and Supplementary Table 7).

In total, we found 2,982 single-variant and 907 gene-based asso-
ciations (FDR <5%; Supplementary Tables 8 and 9). Among the sig-
nificant single-variant associations, 265 involved variants that are 
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size (β) for significant quantitative (a) and binary (b) trait associations. Circle 
markers, pLoF variants; diamond markers, pDM variants; dark marker outlines, 
novel gene–phenotype association; purple marker colors, G&H MAF enrichment. 
c, Proportion of pLoF and pDM single-variant associations annotated as novel or 
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ratio between G&H and gnomAD-NFE. e, pLoF-HC and pDM variants in MMACHC 
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significantly enriched in specific British Pakistani subpopulations, 
and 218 out of these 265 (82%) involved human leukocyte antigen 
(HLA) variants (Supplementary Note 1). We removed associations 
involving HLA variants/genes, synonymous gene masks and asso-
ciations that were not significant after conditioning on nearby 
genome-wide association study (GWAS) associations, resulting in 
the final set of 1,191 single-variant and 722 gene-based associations 
(Extended Data Fig. 1). These included many known gene–phenotype 
relationships, and in many cases, variants that were either private or 
enriched in G&H further expanded the allelic series (Supplementary 
Note 4 and Supplementary Fig. 5). We attempted replication of the 
significant associations from G&H in an independent set of 11,863 
exomes from G&H (G&H 12k) and in the 430,998 European-ancestry 
exomes of UKB28. For single-variant and gene-based associations, 
respectively, we replicated 86.3% and 85.8% at nominal P < 0.05 and 
40.2% and 66.7% at Bonferroni-corrected P < 0.05 in either replication 
dataset (Extended Data Fig. 2, Supplementary Table 10 and Methods).

We assessed whether gene–phenotype pairs with significant asso-
ciations in G&H have previously been implicated by GWAS or rare vari-
ant association studies (Methods). The single-variant and gene-based 
associations involved 169 unique gene–phenotype pairs for quantita-
tive traits and 40 for binary traits (Supplementary Fig. 6). Among these 
209 gene–phenotype pairs, 66 (32%) did not have prior genetic associa-
tions, and we term these ‘novel’ (Supplementary Table 11). Variants that 
are absent in gnomAD or enriched in G&H tended to be rarer and have 
larger effects on the phenotypes, driving many novel gene–phenotype 
relationships (Fig. 2a,b). Specifically, among pLoF/pDM single-variant 
associations, variants in lower minor AF (MAF) bins were more likely 
to implicate novel gene–phenotype pairs (Cochran–Armitage test, 
z = 3.37, P = 7.50 × 10−4; Fig. 2c), as were variants absent from gnomAD 
(Fisher’s exact test, odds ratio (OR) 5.31, P = 0.026; Fig. 2d).

We highlight two associations that are driven by variants pri-
vate to or enriched in G&H (for further details, see Supplementary 
Note 4). First, we identified novel associations between three rare 
(MAF <0.2%) pDM variants in ABCB6 and increased serum potassium 
levels. ABCB6 encodes an erythrocyte membrane ABC transporter, 
and rare ABCB6 missense variants have been reported to cause auto-
somal dominant pseudohyperkalemia, a temperature-dependent 
passive leak of red blood cell potassium into plasma29. One variant, 
p.Arg375Trp (chr2-219216028-G-A), is highly enriched in G&H (MAF 
3.4 × 10−4) compared with gnomAD-NFE (MAF 8.5 × 10−7) and coincides 
with a previously reported pedigree for pseudohyperkalemia from 
East London30. Among these three pDM associations, one replicated at 
Bonferroni-corrected P < 0.05, another replicated at nominal P < 0.05, 
and the last was too rare to test in the G&H 12k replication cohort. 
Another example is the association between the pLoF/pDM burden of 
MMACHC and vitamin B12 levels (P = 1.61 × 10−11, β = 0.49) with nominal 
replication in G&H 12k (P = 0.004). MMACHC encodes a vitamin B12 
transporter, and rare MMACHC mutations cause a vitamin B12 disorder, 
methylmalonic aciduria and homocystinuria, cblC type31. A noncoding 
variant 12 kb upstream has been linked to homocysteine levels32, and a 
previous study reported a single MMACHC missense variant associated 
with B12 levels33; here, we report multiple coding variants in MMACHC 
associated with vitamin B12 levels, illustrating a compelling allelic series. 
Among the 33 variants in the burden, 3 are absent in gnomAD, 8 are 
absent from gnomAD-NFE, and 1 is 187-fold more frequent in G&H (MAF 
3.18 × 10−4) compared with gnomAD-NFE (MAF 1.70 × 10−6) (Fig. 2e).

Meta-analyses of 33 cardiometabolic traits with UKB. Cross-ancestry 
meta-analysis may benefit from increased allelic diversity within a gene 
and number of carriers leading to improved statistical power for discov-
ery. Because British Bangladeshi and Pakistani communities have the 
highest prevalence of cardiometabolic diseases in the UK34, we performed 
meta-analyses for select cardiometabolic traits between 44,028 G&H par-
ticipants and 409,499 European-ancestry UKB participants (Methods).

From single-variant analyses, we identified 1,738 significant  
associations with consistent effect direction between G&H and UKB 
(P < 3.3 × 10−8 for binary traits, P < 7.5 × 10−9 for quantitative traits),  
399 of which were not identified in either cohort alone 
(Supplementary Table 12). There were 146 associations for pLoF or pDM  
variants, 24 of which only became significant in the meta-analysis 
(Fig. 3a). From gene-based analyses, we identified 577 significant 
associations (P < 3.5 × 10−8 for binary traits, P < 4.5 × 10−7 for quan-
titative traits), comprising 139 unique gene–phenotype pairs 
(Supplementary Table 13). Among these, 21 rose to significance only 
in the meta-analysis (Fig. 3b). In both single-variant and gene-based 
analyses, the benefit of meta-analysis was particularly prominent for 
binary traits, with 41% and 50% of the significant associations, respec-
tively, being only identified in the meta-analysis.

To explore the degree of power gain G&H contributed to the 
meta-analysis, we compared the P values from the meta-analysis with 
those from UKB alone (Fig. 3c,d and Extended Data Fig. 3). The great-
est power gain was seen for binary traits related to circulatory system 
diseases in both single-variant and gene-based results. In fact, the asso-
ciations for these circulatory system diseases had stronger P values 
in G&H compared with UKB, despite the nearly 10-fold difference in 
sample size between the two cohorts (Supplementary Fig. 7) and lower 
case prevalence in G&H compared with UKB (Supplementary Table 6). 
Both the frequency and effect size of the variants were greater in G&H 
compared with UKB (Supplementary Fig. 7), probably contributing to 
the stronger P values. This suggests that power gain in cross-ancestry 
meta-analysis can be influenced not only by the difference in variant 
frequency spectrum but also by the difference in variant penetrance 
between ancestry groups.

Among the 21 and 24 gene–phenotype pairs newly implicated by 
gene-based and single-variant meta-analyses, 14 and 13 were novel, 
respectively. One notable example is the association between the 
pLoF/pDM burden of LMNA and atrial fibrillation and flutter (OR 1.52, 
P = 9.5 × 10−9) driven by rich allelic diversity in G&H and UKB (Fig. 3d). 
Interestingly, the effect size of the burden was much greater in G&H 
than in UKB (heterogeneity P = 5.51 × 10−4) (Fig. 3d). A smaller candidate 
gene study has suggested a potential link between LMNA and lone atrial 
fibrillation35; here, we report evidence from unbiased genetic associa-
tion analyses. This association was minimally affected by the removal 
of individuals with dilated cardiomyopathy (I42), a rare condition 
previously linked to LMNA, from the analysis. Another example is the 
association between ADCY6 singleton pLoF-HC burden and intracer-
ebral hemorrhage (OR 326, P = 3.7 × 10−9). ADCY6 encodes a member 
of the adenylyl cyclase protein family and plays an important role in 
maintaining a homeostatic contractile state of smooth muscle cells in 
the vessel wall and in regulating blood pressure36, which may explain its 
association with intracerebral hemorrhage. Biallelic mutations (mostly 
missense and one splice donor) in this gene have been reported to 
cause a lethal congenital contractures syndrome37 (Online Mendelian 
Inheritance in Man (OMIM) 616287). Lastly, a rare stop-gain variant 
(chr14-22773945-G-A, p.Arg473Ter) in SLC7A7 was associated with 
atherosclerosis (OR 74.28, P = 4.7 × 10−9). This variant is pathogenic 
in ClinVar for lysinuric protein intolerance, a rare AR genetic disor-
der caused by impaired metabolism of lysine. Dysregulation in lysine 
metabolism has been linked to cardiometabolic pathophysiology38,39, 
which may influence the risk of atherosclerosis.

Recessive burden analyses with biallelic genotypes. High autozygo-
sity in G&H can provide greater statistical power for recessive association 
analyses, which have been relatively less explored40–43. There were 13,821 
and 110,194 homozygous genotypes for pLoF and pDM variants with MAF 
<5%, respectively (Supplementary Table 14). We performed statistical 
phasing (Supplementary Methods and Supplementary Fig. 8a) to iden-
tify compound heterozygous genotypes43, further increasing the num-
ber of biallelic pLoF and pDM genotypes by 45% (Extended Data Fig. 4a 
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and Supplementary Table 14). Individual genotypes were then col-
lapsed into three gene burdens, one with biallelic pLoF genotypes 
alone, another with biallelic pLoF and pDM genotypes, and the third 
with biallelic synonymous genotypes as negative control. We estimated 
that, on average across all genes that had at least one biallelic pLoF or 
pDM genotype, the high autozygosity resulted in 2.44-fold increase in 
the total number of biallelic genotypes compared with what would be 
expected under Hardy–Weinberg equilibrium. In Supplementary Note 
5 and Supplementary Fig. 9, we illustrate the increase in the statistical 
power for recessive effects that we gain from autozygosity given a range 
of parameters. Using REGENIE27, we performed a recessive gene-based 
test with gene burdens with at least 4 biallelic carriers for 54 quantitative 
and 439 binary traits (Supplementary Table 6).

We found 13 significant associations under the recessive model  
(P < 2.89 × 10−7, FDR ~7.14%; Supplementary Fig. 8b, Supplementary  
Table 15 and Supplementary Methods), many of which had stronger 
P values and effect sizes under the recessive model than under the 
additive model (Supplementary Fig. 10). To identify associations with 
non-additive effects, we tested for dominance deviation by jointly 
modeling the additive and dominant effects (Methods). Three associa-
tions had significant dominance deviation (Pdomdev < 0.05/13 = 0.0038) 
with a clear recessive phenotypic pattern (Extended Data Fig. 4b,c) and 
had no prior associations linking the gene to the phenotype. First is an 
association of NLRP10 with viral pneumonia (Prec = 6.11 × 10−8; Pdomdev  
= 0.0028) (Extended Data Fig. 4b) along with a suggestive association 
with ‘viral agents causing diseases classified elsewhere’ (Prec = 4.01 × 10−6; 
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Pdomdev = 0.0028), consistent with a key role of NLRP10 in the inflam-
masome pathway44. Next, HSD17B14, a gene involved in steroid hor-
mone metabolism45 with possible indirect impact on bone health, 
was associated with disorders of  bone density (Prec = 7.12 × 10−8; Pdomdev  
= 2.0 × 10−5) (Extended Data Fig. 4b). Lastly, we found an association 
between NCAPD2 and vitamin B12 (Prec = 2.60 × 10−7; Pdomdev = 2.48 × 10−4) 
(Extended Data Fig. 4c). NCAPD2 encodes a condensin I complex subunit 
essential for chromosome condensation46, and additional studies are 
needed to establish its relevance to B12 metabolism. More details on these 
and additional suggestive associations (Prec < 5.0 × 10−6) are provided in 
Supplementary Note 6 and Supplementary Table 15. Overall, these results 
suggest that increasing the sample size of biallelic carriers, especially 

those of rare variants, for recessive association testing may yield further 
novel findings that may be missed by additive association testing.

Insights from human knockouts
Discovery of 2,991 genes with putative human knockouts. G&H 
exomes, as expected, showed higher accrual rate of genes with one or 
more homozygous pLoF-HC genotypes compared with the ancestry 
groups in UKB that originate from populations with low consanguinity 
(Fig. 4a,b). In the 44,028 G&H exomes, we identified a total of 2,991 genes 
with biallelic pLoF genotypes, referred to as putative human knockouts 
(Supplementary Table 16): 2,951 genes with 8,144 homozygous genotypes 
and 249 genes with 473 compound heterozygous genotypes. Genes with 
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development and clinical variant interpretation. a, Accrual of genes with at 
least one homozygous pLoF genotype in G&H and UKB exomes stratified by 
ancestry groups. Inset: magnified data points for smaller sample sizes. EUR, 
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homozygous carriers of pLoF variants in AR disease genes. Large points in dark 
purple indicate the lifetime median values of the homozygous (‘Hom’) carriers. 
Box plots in light purple show the distribution of values among the heterozygous 
(‘Het’) carriers. The center lines indicate the median values. The edges of the box 
indicate the first and third quartiles. The whiskers extend to the most extreme 
data points within 1.5 times the interquartile range. The points indicate the data 
points that fall outside the range of the whiskers. Gray violin plots show the 
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carriers and noncarriers are indicated to the left of the plots. f, Enrichment 
analysis results for antagonistic drugs with human knockouts per clinical trial 
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biallelic loss in G&H were depleted among the genes that are essential in 
cell culture, knockout lethal in mice and implicated in AR diseases (Sup-
plementary Note 8, Supplementary Fig. 11 and Supplementary Table 17).

We compared the list of genes with human knockouts in G&H with 
those found in other genomic datasets, although some of these studies 
may not include phenotype information as detailed as that available in 
G&H. Aggregating across five datasets (gnomAD22 v4 exomes, which 
includes UKB, RGC-ME47, deCODE18, PROMIS19 and Born in Bradford16), 
there were 7,348 genes with human knockouts in approximately over 
1.4 million individuals. Despite the much smaller sample size, 546 genes 
were found to have human knockouts only in G&H (Fig. 4c, left). We 
also found that 1,669 genes have human knockouts only in G&H com-
pared with 2,327 genes with human knockouts in the 430,771 exomes 
of UKB28, a cohort with broadly accessible phenotypic information 
(Fig. 4c, right).

In G&H, unlike the ancestry groups with low consanguinity in 
UKB, the number of genes with human knockouts is growing close to 
linearly at the current sample size (Fig. 4a,d), suggesting that sequenc-
ing of additional individuals will identify more genes with biallelic 
loss. Because the average level of autozygosity is higher among British 
Pakistanis compared with British Bangladeshis17, sequencing British 
Pakistanis is generally expected to find more homozygous pLoF geno-
types. However, there is slightly reduced genetic diversity in Pakistanis 
compared with Bangladeshis, resulting from the historic bottleneck 
events mentioned above24. We found that, when conditioned on the 
level of autozygosity and sample size, sequencing British Bangladeshis 
can maximize the number of unique pLoF variants (and genes) with 
at least one homozygous genotype, while sequencing British Paki-
stanis can maximize the number of pLoF variants with more than one 
homozygous genotype (Supplementary Note 7, Supplementary Fig. 12 
and Supplementary Methods).

Clinical utility of human knockouts in variant interpretation for AR 
disease genes. The high autozygosity and rich phenotypic information 
in G&H can facilitate the assessment of the clinical impact of variants in 
AR disease genes.Although pLoF variants in disease genes with a known 
loss-of-function mechanism are often automatically classified as likely 
pathogenic, computational predictions may be erroneous22. We found 
368 Mendelian disease genes with AR inheritance48 that have indi-
viduals homozygous for pLoF variants in G&H (Supplementary Fig. 4d 
and Supplementary Table 18). Among these pLoF variants, 63% are 
unreported in ClinVar and 12% have uncertain significance or conflict-
ing interpretations (VUS/CI). We inspected the health records of the 
homozygous carriers of these variants and identified several examples 
where they provided supporting evidence that the variants are indeed 
pathogenic (Supplementary Table 19). One example is a stop-gain vari-
ant in LPL (chr8-19955849-C-T, p.Gln262Ter) with conflicting interpreta-
tions in ClinVar. Loss of this gene causes lipoprotein lipase deficiency 
(OMIM 238600) characterized by highly elevated serum triglycerides 
and ectopic lipid deposition. One homozygous carrier of this variant 
had significantly elevated serum triglyceride levels from their early 30s 
(lifetime median of 15.7 compared with 1.5 mM among the rest of the 
cohort; z-test P = 2.22 × 10−5), lowered high-density lipoprotein choles-
terol levels (0.4 versus 1.2 mM; z-test P = 3.47 × 10−6), diagnostic codes 
for E78 (disorders of lipoprotein metabolism) and other related com-
plications including K85 (acute pancreatitis), type 2 diabetes, and stea-
tohepatitis, and prescriptions of Omacor tablets (omega-3-acid ethyl 
esters used for hypertriglyceridemia). Another example is a frameshift 
variant in ABCC2 (chr10-99818879-CCT-C, p.Leu788ValfsTer13) with 
conflicting interpretations in ClinVar. Loss of this gene is implicated 
in Dubin–Johnson syndrome (OMIM 237500) with clinical manifesta-
tion of chronic cholestatic jaundice. One homozygous carrier of this 
variant had persistently raised bilirubin from their early 30s (56 versus 
7 μM; z-test P = 6.06 × 10−6) and diagnosis codes for E80 (disorders 
of porphyrin and bilirubin metabolism). This phenotypic profile is 

comparable to that observed in another homozygous carrier of a likely 
pathogenic splice donor variant (chr10-99792360-G-A), including con-
sistently elevated serum bilirubin from their mid-20s (65 versus 7 μM; 
z-test P = 1.17 × 10−6) and diagnoses codes for E80, K76 (other disorders 
of liver) and steatohepatitis. Of note, the quantitative phenotypes 
relevant to the implicated diseases displayed clear recessive patterns 
(Fig. 4e), confirming the AR nature and the need for homozygous 
carriers to assess the clinical impact of these variants. These results 
illustrate G&H as a unique resource to guide variant interpretation for 
AR disease genes based on the abundance of homozygous genotypes 
and medical records.

Insights into drug development from human knockouts. The pres-
ence of human knockouts without major adverse health outcomes 
suggests that complete lifelong loss of the gene is compatible with 
viability and that therapeutic antagonism of the gene may likewise be 
safe and well tolerated14,16,20. Using the drug dataset from Open Targets 
(v23.12)49, we examined the enrichment of drugs with human knockouts 
in their target genes over those without per clinical trial phase transi-
tion (Methods). Among 3,324 drugs with antagonistic modes of action, 
drugs with human knockouts were 2.2 times more likely to transition 
past phase 1 (P = 5.3 × 10−5), the primary focus of which is safety and 
tolerability (Fig. 4f). This pattern was specific to phase 1 transition, 
drugs with antagonistic modes of action and drugs with non-oncology 
indications (Supplementary Fig. 13a and Supplementary Table 20). A 
comparable association was observed when the analysis was restricted 
to drugs with a single target gene and when enrichment was examined 
for drugs with human knockouts in all target genes versus in any target 
gene (Supplementary Fig. 13b and Supplementary Table 20).

Phenotypic profiles in human knockouts can help inform the 
therapeutic benefits anticipated by antagonizing a gene. For example, 
SLC10A2, a bile acid transporter, is targeted by several small-molecule 
inhibitors primarily to treat biliary diseases. We observed that two indi-
viduals homozygous for a frameshift variant (chr13-103052648-CA-C, 
p.Trp186GlyfsTer23) in SLC10A2 have markedly reduced low-density 
lipoprotein (LDL) cholesterol levels (50.3 and 36.3 compared with 
106.3 and 116.0 mg dl−1 among matched noncarriers; z-test P = 6.3 × 10−3 
and 6.2 × 10−6, respectively). This is consistent with the significant 
LDL-cholesterol reduction (13.4–27.0 mg dl−1) observed in the clinical 
trials of SLC10A2 inhibitors50–54. Notably, we observed minimal altera-
tion in the LDL-cholesterol levels among the heterozygous carriers 
(114.1 compared with 116.0 mg dl−1 among noncarriers, regression 
P = 0.93 adjusting for relevant covariates), suggesting that close to 
complete loss of SLC10A2 action may be necessary to yield changes in 
LDL-cholesterol levels. Another example is APOC3, which is targeted by 
several antisense oligonucleotide drugs to treat hypertriglyceridemia 
based on its well-understood role in triglyceride metabolism. Consist-
ent with previous reports19, we found that one individual homozygous 
for a stop-gain variant (chr11-116830637-C-T, p.Arg19Ter) in APOC3 had 
a 62% lower triglyceride level (49.6 compared with 131.1 mg dl−1 among 
matched noncarriers, z-test P = 0.036), the magnitude of which is 
comparable to the range of maximal triglyceride reductions (44–77%) 
reported in clinical trials of APOC3 inhibition55–57.

Phenotypic information on human knockouts can also inform 
the potential safety issues of antagonizing a gene. One example is 
HSD17B13, which is targeted by several RNA interference therapeutics 
for the treatment of non-alcoholic liver diseases based on a gene–phe-
notype association identified through genetic studies58. HSD17B13 
belongs to the hydroxysteroid (17b) dehydrogenase superfamily 
involved in steroid metabolism, raising potential risks for reproduc-
tive health. We found four (including one from G&H 12k) individuals 
homozygous for two frameshift variants (chr4-87318347-ATCTCT-A, 
p.Glu98AspfsTer14 and chr4-87313944-CG-C, p.Ala192AspfsTer14) in 
HSD17B13. Three female carriers had medical records indicating suc-
cessful pregnancy, with one reporting four healthy pregnancies and 

http://www.nature.com/naturegenetics
http://omim.org/entry/238600
http://omim.org/entry/237500


Nature Genetics | Volume 58 | April 2026 | 821–830 828

Article https://doi.org/10.1038/s41588-026-02553-7

children at a follow-up research visit. This suggests that the absence 
of HSD17B13 does not severely impact the reproductive potential or 
pregnancy in females. The remaining male carrier’s health record was 
unremarkable. Overall, this is consistent with the lack of major health 
or reproductive issues reported in phase 1 trials (NCT04565717 and 
NCT04202354), which included both male and female participants of 
reproductive age59,60. Another example is IGF1R, which is targeted by 
several small-molecule inhibitor or antibody drugs for cancer indica-
tions. Hyperglycemia was reported as an adverse drug reaction for 
two inhibitory antibody drugs, while hypoglycemia was reported 
as a reason for early termination of a trial that tested recombinant 
IGF1, a ligand of IGF1R (NCT00330668). We found that one individ-
ual homozygous for a frameshift variant (chr15-98957361-CGA-C, 
p.Arg1343ThrfsTer30) in IGF1R has markedly higher HbA1c levels (89 
compared with 40 mmol mol−1 among matched noncarriers, z-test 
P = 4.3 × 10−4, or 47 mmol mol−1 among the diabetic subset, z-test 
P = 0.023) despite being prescribed three glucose-lowering medica-
tions at maximal doses. HbA1c levels were only mildly elevated among 
the six heterozygous carriers (41 compared with 38 mmol mol−1 among 
noncarriers, regression P = 0.087 adjusting for relevant covariates), 
consistent with the minor increase (1.1 mmol mol−1) observed among 
the heterozygous carriers of rare damaging missense variants in UKB61.

These results show that the presence of human knockouts and 
detailed review of their phenotypes can provide meaningful insights 
for drug development, enabling the assessment of efficacy and possible 
safety risks of therapeutically targeting a gene.

Discussion
Our study demonstrates the power of large-scale exome sequencing in a 
South Asian-ancestry cohort with high autozygosity to drive novel bio-
logical discoveries. We identify over 100 previously unreported gene–
phenotype associations (with considerable replication in independent 
datasets) and more than 500 additional genes where homozygous pLoF 
genotypes are found in adults. We highlight valuable insights that can 
be gained through the phenotypic review of these human knockouts. As 
sequencing in G&H scales beyond 100,000 individuals, we anticipate 
identifying additional genes with human knockouts given the near 
linear accrual pattern observed thus far62.

Beyond the rich genomic and medical data currently presented, 
ongoing initiatives for detailed molecular phenotyping in G&H—
encompassing transcriptomics, proteomics and metabolomics—will 
further enhance the interpretability of genotype–phenotype relation-
ships for these rare genotypes and expand functional allelic series 
beyond pLoF variants. Another valuable capability in G&H is the ability 
to recontact individuals for detailed characterization to enable mecha-
nistic insights14,15. While profound advances can be made even with a sin-
gle knockout individual in the presence of strong scientific priors14–16, 
recalling first-degree relatives of index knockout individuals can be an 
effective way to further solidify findings19,20 (Supplementary Fig. 12d).

Overall, the G&H exome resource presents a valuable opportunity 
to advance biomedical research within the South Asian community, 
which has been historically underrepresented in genomic research, 
while also broadening our understanding of and expanding therapeutic 
options for human health and disease.
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Methods
Cohort description
G&H is a longitudinal population genomic medicine study of currently 
over 65,000 individuals of South Asian ancestry living in the UK, with 
ongoing recruitment and cohort size target of >100,000 participants34. 
Adult volunteers aged 16 years and over from self-reported British 
Bangladeshi and British Pakistani ethnicities have been recruited 
since 2015. At recruitment, each volunteer completes a brief ques-
tionnaire, provides an Oragene saliva sample (for DNA and genetic 
data) and consents for linkage to their longitudinal health records. 
This includes local primary (general practitioner or family doctor) 
and secondary (hospital) care electronic health records from UK NHS 
alongside national datasets from NHS England, which contain Office 
for National Statistics mortality data (death registry with International 
Classification of Diseases, 10th Revision (ICD10) coded cause of death), 
Hospital Episode Statistics data (ICD10 coded inpatient and emer-
gency department diagnoses) and cancer registry data, among others. 
The demographic characteristics of the cohort have been previously 
described34. The current exome sequencing dataset includes 44,028 
individuals, comprising 59% British Bangladeshi, 40% British Pakistani 
and 1% other South Asian ancestry, with 56% females and 44% males. 
The work was conducted with approval from the London South East 
National Research Ethics Service (NRES) Committee of the UK Health 
Research Authority (14/LO/1240).

Genetic and phenotypic data preparation
The Supplementary Methods contain details on the generation and 
quality control of exome sequencing data, calculation of runs of 
homozygosity, statistical phasing, and the extraction and preparation 
of phenotypes. Supplementary Tables 20–23 show various details of 
the variant and genotype quality control.

Variant annotation
Variants were annotated using the Ensembl Variant Effect Predictor 
(VEP v105) with LOFTEE plugin (v1.04_GRCh38)22. For all analyses, we 
used the predicted effect on the MANE transcript21. pLoF included 
frameshift, stop-gain, splice acceptor and donor variants and were 
further annotated by LOFTEE to be high- or low-confidence (pLoF-HC 
or pLoF-LC, respectively). pDM variants were defined as CADD >20, 
Polyphen2 >0.445 and SIFT deleterious. There were 138 single variants 
that had significant associations but did not affect MANE transcripts; 
we annotated these 138 variants with the most severe effect on an 
Ensembl canonical transcript (136 variants) or the most severe con-
sequence on a noncanonical transcript (2 variants). We used gnomAD 
(v4.1) to check for the presence of G&H variants in gnomAD or in the 
non-Finnish European (NFE) subset of gnomAD, and to compare AF in 
G&H against that in the gnomAD-NFE subset.

Clinical variation
We used the ClinVar database63 (accessed 13 November 13 2022) to 
annotate disease-relevant variants in G&H exomes. We analyzed vari-
ants labeled as pathogenic, likely pathogenic or pathogenic/likely 
pathogenic in ClinVar (PLP), variants with uncertain significance (VUS), 
and variants with conflicting interpretations (CI). Disease inheritance 
patterns were obtained from the OMIM database48 (accessed 29 April 29 
2024). The list of clinically actionable genes was derived from ACMG64 
v3.2. For the comparison of ClinVar annotation against UKB, we down-
sampled 44,028 European-ancestry exomes from UKB to match the 
sample size of G&H.

Fine-scale population structure and founder variants
We defined a set of 17,172 unrelated G&H individuals (9,063 British 
Bangladeshis and 8,109 British Pakistanis) by removing one individual 
from each pair if they were related up to third degree and shared IBD 
segments >40 cM. We used principal component analysis to explore 

population structure in G&H. We first combined the cohort with a refer-
ence panel composed of the 1000 Genomes Project and Pakistanis from 
the Human Genome Diversity Project (Supplementary Fig. 1a) and then 
combined it with another reference panel comprising only South Asian 
individuals from the 1000 Genomes Project and Pakistanis from the 
Human Genome Diversity Project and BiB (Supplementary Fig. 1b–h). 
To explore fine-scale structure within the British Pakistanis, we used 
IBIS65 to infer IBD regions and then clustered individuals on the basis 
of their total IBD with other individuals using the Louvain method. 
We used Fisher’s exact tests to identify variants with significantly 
different frequencies between British Pakistani subpopulations 
(Supplementary Fig. 2, and Supplementary Tables 1 and 2), consider-
ing only the variants that were sufficiently common to see a significant 
difference after multiple testing given the size of each cluster. Full 
details are provided in Supplementary Methods.

Rare variant association analyses under the additive model
We included 54 quantitative traits with measurements in at least 5,000 
participants and 591 binary traits with at least 100 cases for rare variant 
association analyses. We used REGENIE27 v3 to carry out single-variant 
and gene-based tests adjusting for age, sex, age2 and the first 20 PCs. For 
whole genome regression in step 1, we used variants from the exome 
sequence data with MAF >1%, minor allele count (MAC) >100, missing 
call rate <10% and Hardy–Weinberg equilibrium P value < 1 × 10−15 and 
samples with missing rate <10%. We also pruned the variants with 
PLINK using window sizes of 500 variants, shifted by 50 variants, and 
LD r2 > 0.2. In step 2, we ran a single-variant test for variants with MAC 
≥5 and gene-based tests (burden, SKAT and SKAT-O) for four variant 
consequence masks (Mask A, pLoF-HC; Mask B:, pLoF-HC and pDM; 
Mask C, all pLoF and missense; Mask D, synonymous) and four AF 
cutoffs (singletons, <0.01%, <0.1% and <1%). This included 122,690 
pLoF-HC variants, 14,958 pLoF-LC variants, 524,289 pDM variants, 
1,179,722 other missense variants and 805,502 synonymous variants 
(SpliceAI <0.1). The number of variants per mask ranged from 66,841 
singleton variants in MASK A, up to 1,816,278 variants with AF <0.01 in 
MASK C (Supplementary Table 21). We applied a Firth correction for 
associations with P values <0.01.

Genomic inflation factors were calculated as the median of the 
observed chi-squared test statistics divided by the expected median of 
the corresponding chi-squared distribution for each test and each phe-
notype (Supplementary Note 4 and Supplementary Table 7). We used 
permutation to determine P-value cutoffs corresponding to a 5% FDR 
(Supplementary Methods). Associations driven by synonymous vari-
ants and masks, variants in olfactory genes (HGNC ‘Olfactory receptors 
(OR)’) or the major histocompatibility complex (MHC, chr6:28510120-
33480577), and associations that were not conditionally independent 
from nearby GWAS associations (Supplementary Methods) were omit-
ted from the reporting of the number of associations.

Because binary traits were derived from ICD10 codes and custom 
code lists, there was some overlap in phenotype definitions, each with 
varying sensitivity and specificity. To accurately report the number 
of unique associations, we merged phenotypes with >75% reciprocal 
case overlap and applied text matching and manual curation to harmo-
nize trait labels (Supplementary Table 6). All matches were manually 
reviewed. In total, 675 binary traits were consolidated into 591 unique 
phenotypes, which were used to report the number of unique associa-
tions. Supplementary Tables 7–9 contain results for all 675 binary traits.

We used a custom pipeline to annotate gene-phenotype pairs as 
‘novel’ or ‘reported’ compared with GWAS/rare variant association 
studies captured in Open Targets49 and Genebass66, and Mendelian 
diseases reported in OMIM48 (Supplementary Methods). We assessed 
replication of significant associations using two datasets: (1) 11,863 
additional exomes from G&H (G&H 12k), and (2) ExWAS results using 
430,998 European-ancestry exomes of UKB28 deposited in the GWAS 
Catalog (Supplementary Methods). For replication, we focused on the 
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1,191 single-variant and 722 gene-based associations that remained 
after filtering out associations involving HLA variants/genes, syn-
onymous gene masks, or associations that were not significant after 
conditioning on nearby GWAS association.

Meta-analysis with UKB
The analyses in UKB included 425,618 individuals of European-ancestry 
following the quality control measures previously described66, includ-
ing heterozygosity and missing rates, sex concordance and sex chro-
mosome aneuploidy. We conducted rare variant association analyses 
for 33 cardiometabolic traits, including 13 binary traits and 20 quan-
titative traits (Supplementary Table 6), adjusting for age, sex, age2, 
age:sex, age2:sex, exome sequencing batch and top 10 PCs. Compara-
ble approaches to the analyses in G&H were used for whole-genome 
regression (except for the use of chip genotype data) in step 1 and 
association testing (including matching mask definitions) in step 2 of 
REGENIE. Single-variant and gene-based results from UKB and G&H 
were meta-analyzed with a fixed-effects model weighted by the inverse 
of standard error using METAL. Genomic control was applied to adjust 
for population stratification. Results with inconsistent effect directions 
between UKB and G&H were filtered out.

Recessive burden analyses
We performed statistical phasing for pLoF and pDM variants with MAF 
<5% following a previously described approach43 to identify compound 
heterozygous genotypes with high confidence (phasing probabil-
ity >0.9) (Supplementary Methods and Supplementary Fig. 8a). We 
then aggregated biallelic (homozygous or compound heterozygous) 
genotypes into recessive burden genotypes per gene (1 if the individual 
carried a biallelic genotype or 0 otherwise). Recessive gene burdens 
with at least 4 carriers were tested for association with 54 quantitative 
phenotypes (with measurements in at least 5,000 individuals) and 
439 ICD10 codes (with at least 120 cases) (Supplementary Table 6), 
adjusting for age, sex, age:sex, age2, age2:sex and top 20 PCs. We per-
formed whole-genome regression in step 1 using the variants filtered 
by the same parameters as in the additive analyses but in the subset 
of individuals with corresponding chip genotype data, then tested 
association with recessive genotype burden in step 2 of REGENIE. We 
also tested association with additive genotype burden for comparison. 
We used permutations to derive the P-value threshold of significance 
at Prec < 2.89 × 10−7 corresponding to an FDR of 7.14% (Supplementary 
Methods and Supplementary Fig. 8b). We additionally considered 
suggestive associations with P values (Prec < 5.0 × 10−6).

Next, we investigated which of the identified associations exhib-
ited significant dominance deviation using a 2-degree-of-freedom 
test13. Specifically, we examined the following model to jointly test 
additive and non-additive effects:

y = β × gadd + γ × gdomdev + covariates + ϵ,

where gadd is encoded as [0,1,2] to represent additive genotypes and 
gdomdev is encoded as [0,1,0] to represent dominance genotypes. We 
used linear or logistic regression for quantitative or binary traits, 
respectively, using the same covariates among a subset of unrelated 
individuals. Due to the requirement of using unrelated individuals, 
the dominance deviation test could be underpowered compared to 
the mixed-model test by REGENIE which included related individuals. 
The significance P-value threshold was determined by adjusting for 
the number of associations considered for dominance deviation tests 
(13 for significant associations and 35 for suggestive associations).

Identification and analyses of human knockouts
Human knockouts are defined as the homozygous or compound het-
erozygous carriers of pLoF-HC (MAF <1%) variants within the gene. For 
the comparison of accrual rate of genes with human knockouts across 

ancestry groups, we used exome sequence data from UKB28 with the 
ancestry label previously reported67. The MAF was calculated within 
each ancestry group to accurately filter out pLoF variants that may exist 
at a higher frequency in specific ancestry groups. Exome data in each 
ancestry group were downsampled to match the maximum sample sizes 
available in different ancestry groups. For the comparison of genes with 
human knockouts from other genomic datasets, we used the list of genes 
either reported in previous publications16,18,19 (note that the criteria used 
to define human knockouts differ slightly depending on the cohort) or 
generated on the basis of the variant-level information publicly available 
in gnomAD22 (v4.1) using the same criteria used in G&H. The comparison 
of pLoF genotype distributions between G&H British Pakistanis and 
Bangladeshis is described in Supplementary Methods. Details of the 
gene set enrichment analyses are available in Supplementary Methods.

Phenotypic review of homozygous carriers of pLoF variants in 
AR disease genes for clinical interpretation
We focused on pLoF variants that are unreported or have unknown 
significance or conflicting interpretations in ClinVar and that have 
homozygous carriers in G&H. For statistical testing on quantitative 
traits, we used z-test (in the case of one homozygous individual) or 
Wilcoxon rank-sum test on log-transformed traits between the homozy-
gous carriers versus noncarrier and heterozygous carriers assuming 
the recessive effect. We also manually inspected the health record data 
to examine longitudinal changes in the quantitative traits, diagnostic 
codes and medication prescriptions relevant to the disease.

Human knockouts and drug phase transition in clinical trials
Drug target, indication, mode of action and trial phase information was 
obtained from the Open Targets (v23.12)49 drug dataset. For each drug, 
we derived the maximal trial phase and whether any or all of its target 
genes have human knockouts in G&H. Logistic regression test, along 
with Fisher’s exact test, was used to assess the association between the 
presence of human knockouts in a drug’s target genes and the drug’s 
progression through trial phases, adjusting for the number of target 
genes. To assess sensitivity, the analyses were repeated stratifying by 
antagonizing versus agonizing modes of action and oncology versus 
non-oncology indications, and among the drugs with only one target 
gene. Drugs listed as inhibitor, antagonist, blocker, negative allosteric 
modulator, antisense inhibitor, RNAi inhibitor, inverse agonist, disrupt-
ing agent, negative modulator, degrader and allosteric antagonist were 
included as antagonistic drugs, while those listed as activator, agonist, 
partial agonist, positive allosteric modulator, positive modulator and 
stabilizer were included as agonistic drugs. Oncology indications were 
identified by performing a text match for the following terms: ‘cancer’, 
‘neoplasia’, ‘neoplasm’, ‘leukemia’, ‘tumor’ or words ending in ‘oma’.

Phenotypic review of human knockouts in drug target genes 
for insights on drug development
To examine the utility of human knockouts in drug development, we 
focused on drug target genes with antagonistic modes of action that 
have human knockouts in G&H. The information on indications, adverse 
drug reactions and safety trial stop reasons was obtained from Open 
Targets. For statistical analyses, relevant quantitative traits were log 
transformed, and the lifetime median value in the human knockout was 
compared with that of an age- (±5 years), sex-, ancestry- (Pakistani or 
Bangladeshi) and body mass index- (±5 kg m−2) matched subset of non-
carriers using a two-tailed z-test. For statistical analyses between het-
erozygous carriers and noncarriers, linear regression was used adjusting 
for age, sex, ancestry and body mass index. Clinical efficacy and safety 
readouts from the trials were derived from relevant publications.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.
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Data availability
Summary-level data from the G&H 44,028 exomes are publicly available 
via a Google cloud storage bucket at https://console.cloud.google.
com/storage/browser/genesandhealth_publicdatasets/results_44k_
ExWAS for web access and gs://genesandhealth_publicdatasets/ for 
programmatic access. Individual-level data are available only within a 
Secure Data Environment with controlled access owing to their sensi-
tive nature. Bona fide researchers may obtain access upon application 
to G&H and approval by the Executive Committee. Detailed instruc-
tions can be found at https://www.genesandhealth.org/researchers/
apply-for-access/.

Code availability
Custom codes are available via GitHub (for phasing and identifying bial-
lelic genotypes: https://github.com/BRaVa-genetics/snakemake_pipe-
line_for_phasing, for recessive association and related analyses: https://
github.com/giorkala/gnh_flagship_recessive, TREtools for trait extrac-
tion and preparation: https://github.com/genes-and-health/tre-tools) 
and via Zenodo at https://doi.org/10.5281/zenodo.18445301 (ref. 68).
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Extended Data Fig. 1 | Significant associations from exome-wide association 
analyses of 44,028 G&H exomes. Significant associations for quantitative 
(top) and binary (bottom) traits in Manhattan plots. The y-axis indicates −log10 
association P-values and is truncated at 100. Fill color indicates phenotype 

categories. Marker shape indicates single variant (circle) and gene-based 
(diamond) associations. Marker outline indicates gene-phenotype associations 
annotated as novel. Blue dashed lines indicate single variant P-value cutoffs. 
Orange dashed lines indicate gene-based P-value cutoffs.
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Extended Data Fig. 2 | Replication of significant associations from G&H 
ExWAS. a,b, Comparison of effect sizes between G&H 44k discovery and G&H 
12k replication sets for the significant single variant (a) and gene-based (b) 
associations from G&H 44k discovery. c,d, Comparison of effect sizes between 
G&H 44k discovery and UK Biobank replication sets for the significant single 
variant (c) and gene-based (d) associations from G&H 44k discovery. Marker 

color indicates the replication outcome based on the association P-values from 
the replication set (Bonferroni corrected or nominal) and the concordance of 
effect directions between the discovery and replication sets. Absolute effect sizes 
are truncated at 2 in c and 4 in d. Note, gene-based results that do not have effect 
sizes (SKAT, SKAT-O) are not plotted.
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Extended Data Fig. 3 | Contribution of G&H to the statistical power gain 
by meta-analysis. a, Comparison of −log10 association P-values between the 
meta-analysis and the UKB-only analysis for the significant single variant pLoF/
pDM associations from meta-analysis. −log10 P-values were truncated at 100. 
Marker shape indicates variant type. b, Comparison of −log10 association P-
values between the meta-analysis and the UKB-only analysis for the significant 

gene-based associations from meta-analysis. −log10 P-values were truncated at 
35. Marker shape indicates variant frequency cutoff used for the mask. Marker 
color indicates phenotype categories. Dark marker outline indicates that the 
gene-phenotype association is annotated as novel. Blue and orange dashed lines 
indicate QT and BT P-value cutoffs, respectively.
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Extended Data Fig. 4 | Number of biallelic genotypes and significant 
associations from recessive burden analyses. a, The number of compound 
heterozygous and homozygous genotypes found among the 39,148 phased 
exomes stratified by variant consequence. b, Bar plots showing the proportion of 
diseased individuals per pLoF/pDM burden genotype for the significant recessive 
associations with binary traits. The number of diseased carriers is shown at 
the top of each bar and the association P-values from recessive (Prec), additive 
(Padd), and dominance deviation (Pdomdev) tests are shown in the inset table. c, Box 

plots showing the quantile normalized levels of covariate adjusted phenotypes 
per pLoF/pDM burden genotype for a significant recessive association with a 
quantitative trait. The center line indicates the median. The edges of the box 
indicate the first and third quartiles. The whiskers extend to the most extreme 
data points within 1.5 times the interquartile range. The points indicate the 
datapoints that fall outside the range of the whiskers. The number of carriers is 
indicated at the top of each box, and the association P-values from recessive (Prec), 
additive (Padd), and dominance deviation (Pdomdev) tests are shown within the plot.
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