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SUPPLEMENTARY DISCUSSION 

 

Limitations and caveats 

The following caveats should be considered when interpreting results from our study. 

 

A small number of associations were observed with variants flagged to have low quality. Of 

the 12 million coding variants identified, 447,533 (3.7%) were flagged as potentially having low 

quality by our machine learning approach. However, of these variants, only 53 were found among 

our top 8,865 variant-trait association pairs discovered in the UKB cohort, including 14 pairs for 

which no other variant in the same gene provided stronger evidence for association (index variant 

in Supplementary Table 6). Six of these variant-trait pairs were tested for replication in the 

DiscovEHR cohort, of which four (67%) were found to have a significant and consistent 

association. As such, we conclude that only a small number of potentially low-quality variants 

were among the top associations and, for most of these, the observation that the trait associations 

replicated in an independent cohort indicates that genotyping errors (if present) did not lead to 

false-positive associations. 

 

Associations explained by correlated traits. We found a few examples of associations with a 

given trait A that were likely explained by a stronger association with a correlated trait B. This is 

analogous to the rare vs. common variant confounding effect that we addressed systematically 

through formal conditional analysis, but in this case involving correlated traits (instead of variants). 

For example, we noticed that rare variants in SLC27A3 – which we found to be associated with 

lower asthma risk (Supplementary Table 7) – also had a sub-threshold  association with higher 
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lung function, specifically forced expiratory volume in 1 second (FEV1; effect = 0.037 s.d. units, 

95% CI 0.015 to 0.058, P=0.0009). However, the same variant had a stronger association with 

height (effect = 0.054 s.d. units, 95% CI 0.039 to 0.070, P=10-11), which is highly correlated with 

FEV1. When we tested the association between SLC27A3 and FEV1 after controlling for height, 

the association was no longer significant (effect = 0.006 s.d. units, 95% CI -0.012 to 0.024, 

P=0.513). Another example of this was sepsis (specifically the diagnosis code ICD10 A41), for 

which we found four genes with rare variant associations with higher disease risk: three genes with 

somatic mutations found in patients with myeloid leukemia (ML) and other hematological 

malignancies (ASXL1, JAK2, SRSF2), and one gene related to chronic kidney disease (PKD1). 

Individuals with ML have a high risk of sepsis1, and so we hypothesized that the associations 

between sepsis and ASXL1, JAK2 and SRSF2 were at least partly confounded by disease status for 

ML. Consistent with this possibility, the association between sepsis and all three genes was greatly 

attenuated after controlling for ML status (ASXL1: P=3x10-4; JAK2: P=2x10-6; SRSF2: P=0.002). 

Similarly, PKD1 has a very strong association with kidney disease (for example, a burden of 

singleton pLOF variants increases risk of cystic kidney disease by 450-fold; Supplementary Data 

2) and, in turn, kidney disease is a risk factor for sepsis2. When we controlled for cystic kidney 

disease, the association between sepsis and PKD1 decreased from an odds ratio of 9.8 (95% CI 5 

to 19, P=2x10-11; Supplementary Data 2) to an odds ratio of 3.9 (95% 1.9 to 7.9, P=0.0001), 

suggesting that the association between PKD1 and sepsis is at least partly explained by a 

confounding effect of kidney disease. Overall, these findings suggest that traits that increase risk 

of sepsis (such as ML and kidney disease) are likely to explain the rare variant associations with 

sepsis observed in this study. It is likely that there are other examples of trait associations that are 

explained by correlated traits. Unlike the analogous effect of common variant associations 
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sometimes explaining rare variant associations, which can be controlled for systematically by first 

identifying and then adjusting for common variant signals through conditional analysis, it is not 

straightforward to identify and control for the impact of correlated traits at scale. Instead, ad-hoc 

trait-specific analyses may be more appropriate to understand in greater detail associations such 

as those described above. 

 

Burden tests when the effects of rare variants are in different directions. The burden tests we 

performed were not designed to identify associations with genes that harbor both trait-increasing 

and trait-lowering rare variants, and are expected to provide limited power in these instances. Other 

approaches have been developed for these situations, such as SKAT3/SKAT-O4.  

 

Enrichment of rare variant associations near GWAS signals. For this analysis, we considered 

only the subset of GWAS sentinel variants (identified by approximate conditional analysis using 

GCTA-COJO5) that were located >10Mb apart. We did this to ensure that a given gene could only 

be mapped to a single GWAS sentinel variant (except for the widest gene-set tested: all genes 

within 10Mb of a sentinel variant). However, by doing so, genes located near any additional 

independent signals located <10Mb apart did not contribute to the gene-sets tested (e.g. nearest 

gene to a GWAS sentinel variant), but instead were included among the genes that defined the 

control gene-set (i.e. rest of the genome). If genes located near these additional peaks are enriched 

for significant rare variant associations, this would tend to attenuate the overall enrichment 

estimated in our analysis. This could potentially explain the lower enrichment observed for 

quantitative traits (see Supplementary Notes and Supplementary Figure 10a), which had a 

greater number of GWAS sentinel variants overall (often located <10Mb apart) when compared to 



 5 

binary traits (Extended Data Fig 4b). Our analysis also did not control for differences in gene 

size (and related variables, such as number of heterozygous carriers) between genes in the test set 

(e.g. nearest gene to a GWAS sentinel variant) and genes in the rest of the genome. We repeated 

the analysis using Firth regression, for each trait testing the association between significance of 

the gene burden test (significant vs. not significant) and location relative to GWAS sentinel 

variants (e.g. nearest gene vs. not nearest gene), while controlling for gene size, and results were 

largely unchanged (not shown). We also note that a recent exome-wide association study of six 

lipid phenotypes in 170,000 individuals also found that genes located in GWAS loci were enriched 

for significant rare variant associations, when compared to a set of genes located elsewhere in the 

genome and matched for gene size and total number of variants, among other variables6. For 

example, Hindy et al.6 found that genes nearest to non-protein altering GWAS variants for HDL 

cholesterol were 4.1-fold more likely to have a rare variant association at P<0.005 when compared 

to a matched gene set. When considering GWAS loci that were explained by common coding 

variants, the enrichment was much larger (57-fold). However, a caveat of the analysis reported by 

Hindy et al. is that the associations with rare variants were estimated without conditioning on 

nearby common variant signals, which may explain some sub-threshold rare variant associations 

near GWAS loci. Nonetheless, the enrichment we observed among the nearest gene to GWAS 

sentinel variants in our analysis of HDL cholesterol (which included all GWAS loci discovered in 

UKB 450K TOPMed data, both with and without coding variants in LD with the sentinel variants) 

is consistent with that reported by Hindy et al.: 1.85-fold, 31.6-fold, 61.7-fold and 94.4-fold when 

using P≤0.05, P≤10-4, P≤10-7 and P≤2.18x10-11 to define significant gene burden associations. 
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No GWAS performed for 3,502 traits. Of the 3,994 traits tested for association with exome 

sequencing variants in individuals of European ancestry, 492 had at least one gene with a rare 

variant associated at P≤2.18x10-11. For these 492 traits (but not the remaining 3,502 traits) we 

performed a GWAS of variants imputed using the TOPMed reference panel, and used results from 

these analyses to subsequently (i) determine if rare variant associations from exome sequencing 

were independent of common variant signals from GWAS; and (ii) match quantitative traits with 

a relevant disease, through genetic correlation analyses. Because we did not run a GWAS for the 

remaining 3,502 traits, we (i) were not able to determine how many traits in total had common 

variant signals but no rare variant signals; and (ii) may have not matched quantitative traits with 

the most genetically correlated disease available among the 3,994 traits (only among the 492 traits 

with a GWAS). 

 

Enrichment of FDA-approved targets among 564 genes associated with at least one trait. 

This analysis did not consider the possibility that the traits associated in the WES data with each 

of the 36 genes that are FDA-approved targets may be unrelated to the diseases for which the 

corresponding drug is approved for. Similarly, for some of the remaining 345 genes that are FDA-

approved drug targets, we may not have tested any trait that is related to the approved indication.  
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SUPPLEMENTARY NOTES 

 

Impact of burden test composition on yield of genetic associations 

As noted, association of a phenotype with the burden of rare coding variants in a gene is a 

compelling way for human genetics to connect genes and disease7. We explored how often the 

7,449 burden associations we discovered (for pLOF and/or deleterious missense variants with 

MAF≤1%) could be detected in single-variant analyses. On average across all genes, each burden 

test aggregated information from 299 rare variants, of which 37 were sufficiently common to be 

tested individually. Of the 7,449 burden associations discovered (Supplementary Data 2), 77.5% 

did not include any single variant with P≤2.18x10-11 in the set of aggregated variants. Relaxing the 

single-variant significance threshold to P≤0.001, we found that 1,791 (24.0%) burden associations 

had no individual variant associated per se, 2,198 (29.5%) had one associated variant, and 3,460 

(46.4%) had two or more associated variants. These results show that burden associations are 

generally supported by multiple variants. 

Next, we assessed the impact of allele frequency of individual variants on the yield of 

significant burden tests. For this analysis, we considered association results obtained after 

conditioning on common variant signals (details below) so as to minimize the potential 

confounding effect of LD between rare and common variants. Generally, burden tests that 

aggregated variants across a wider range of allele frequencies identified a larger number of 

significant associations overall. For example, when considering a burden of pLOF variants, we 

found 884 significant associations when aggregating information across variants with a MAF up 

to 1%, as compared to 500 associations for a MAF up to 0.001% (Supplementary Table 16). 

However, this was not because burden test associations were often explained by variants with a 
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greater MAF. Instead, we found that gene-trait associations often remained significant at 

P≤2.18x10-11 after excluding variants with a MAF between 0.1% and 1% from the burden test 

(Extended Data Figure 6a). For example, 762 (86.2%) of the 884 associations with a burden of 

pLOFs discovered at MAF≤1% were also discovered at MAF≤0.1% (Supplementary Table 16). 

This pattern held as we focused the analysis on increasingly rarer variants, down to singletons. 

Therefore, the greater yield of associations with tests that aggregated variants with a MAF up to 

1% is likely explained by the ability to capture in a single test association signals across a wide 

range of allele frequencies.  

 Finally, we compared the yield of associations between burden tests that considered only 

pLOF variants with those that included both pLOF and deleterious missense variants. When 

considering a burden of singletons, we found a total of 238 unique gene-trait associations across 

the two burden strategies, of which 136 (57.1%) were identified by both strategies, 56 (23.5%) 

only by pLOFs, and 46 (19.3%) only by aggregating pLOF and deleterious missense variants 

(Extended Data Figure 6b). At more permissive MAF thresholds, combining pLOFs and 

deleterious missense variants in the same test became progressively more valuable. For example, 

of 1,539 associations discovered by burden tests that included variants with a MAF≤1%, about 

half (655 or 42.6%) were discovered exclusively by aggregating pLOF and deleterious missense 

variants (Extended Data Figure 6b). These results demonstrate the utility of performing a variety 

of burden tests for discovery of genetic associations.  
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Enrichment of associations in GWAS loci 

A major challenge for genetic association studies of complex traits is the identification of effector 

genes for the thousands of loci identified through GWAS, which often point to large numbers of 

variants in high LD and act through enhancers or other gene regulatory elements 8. Identification 

of effector genes can require extensive in vitro experimental follow-up 9 and is especially 

challenging for GWAS loci that harbor many genes. We addressed the possibility that rare variant 

associations might help systematically pinpoint effector genes at GWAS loci. 

 We first determined how many of the 8,865 trait associations (across 564 genes and 492 

traits) with rare coding variants discovered in Europeans were located within 1 Mb of a common 

variant GWAS signal for the same trait. To this end, we performed a GWAS for each of the 492 

traits among individuals with WES data (see Methods, Supplementary Data 1 and 

Supplementary Figure 4), identifying a total of 107,276 independent associations with common 

variants (hereafter “GWAS sentinel variants”). Of the 8,865 rare variant associations, 6,564 (74%) 

were within 1Mb of a GWAS sentinel variant for the same trait (Extended Data Figure 4a), when 

we expected only 3,736 (42%) to overlap by chance (see Methods). We then repeated the rare 

variant association analysis while adjusting for the GWAS common variant signals and found that 

most rare variant associations (8,059 of 8,865, 91%) remained significant at P≤2.18x10-11 

(Extended Data Figure 4c and Supplementary Data 2). Thus, while rare variant signals and 

common variant signals were often near each other, they were almost always independent. 

However, we note that RV associations were more likely to be attenuated by GWAS signals if they 

included higher allele frequency variants, and if they were observed with single variants rather 

than burden tests (Supplementary Table 17). 
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We next proceeded to dissect the overlap between common GWAS signals and nearby rare 

variant signals in more detail. Specifically, for each trait, we compared the proportion of genes 

with a significant burden association (P≤2.18x10-11 after conditioning on GWAS sentinel variants) 

between genes located within 1 Mb of GWAS sentinel variants (considering only GWAS peaks 

located >10Mb apart) versus the remainder of the genome. Across all traits, we found that 

significant rare variant associations were 11.4-fold (95% CI 10.1 to 13.0, P<10-300) more common 

in genes located within 1 Mb of a GWAS peak (Figure 1). Furthermore, we found that the signal 

for enrichment (i) decreased when we considered more liberal significance thresholds to define 

burden associations, dropping to 1.14-fold (95% CI 1.12 to 1.15) when using P≤0.05; (ii) 

progressively increased as we narrowed the window around each GWAS peak, reaching 59.4-fold 

(95% CI 51.8 to 68.2) when we focused only on the gene nearest to GWAS sentinel variants; and 

(iii) was stronger for binary (OR=61.3, 95% CI 40.3 to 93.2) than for quantitative (OR=10.4, 95% 

CI 9.1 to 11.9) traits (Supplementary Figure 10a). One caveat that could potentially explain the 

latter observation is that we restricted the enrichment analysis to GWAS signals located >10Mb 

apart; if genes located near any additional independent signals (which are more frequent for 

quantitative traits, due to higher power) are enriched for rare variant associations, this would tend 

to decrease the overall enrichment estimated in our analysis (see caveats in Supplementary 

Discussion). The diseases with largest enrichment of significant associations in genes nearest gene 

to GWAS peaks were hypothyroidism (288-fold) and type-2 diabetes (268-fold). Although the 

enrichment for quantitative traits was lower overall, some traits had a very large enrichment, such 

as vitamin D (809-fold), corneal hysteresis (707-fold) and airway obstruction (475-fold; 

Supplementary Figure 10b). These results show strong overlap between common variant signals 
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from GWAS and rare variant signals from exome-wide association studies, suggesting that rare 

variant burden signals will identify effector genes for thousands of GWAS loci.  

 
Associations with brain imaging traits 

In addition to the associations with PLD1 discussed in the main text, other notable associations 

with brain imaging phenotypes include those between the iron transport gene transferrin (TF) and 

higher intra-cellular volume fraction (ICVF) derived from diffusion MRI, mostly with the cerebral 

peduncle and internal capsule;  GBE1 – which encodes a glycogen branching enzyme associated 

with adult polyglucosan body disease, an autosomal recessive leukodystrophy characterized by 

neurogenic bladder, progressive spastic gait, and peripheral neuropathy 10 – and both lower white 

matter lesion load and higher ICVF diffusion MRI measure; PLEKHG3 – which encodes a protein 

that enhances polarized cell migration 11 – and diffusion MRI measures across several white matter 

tracts in a direction that reduces the magnitude of the primary axis diffusion (or increases 

dispersion); and associations between brain structures and STAB1, a scavenger receptor implicated 

in brain imaging phenotypes in the first 50K exome-sequenced individuals from the UKB 12, and 

that is located in a GWAS locus for bipolar disorder 13 (fifth nearest gene) and cognitive 

performance 14 (nearest gene). 
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SUPPLEMENTARY FIGURES 

 
 

Supplementary Figure 1. Allele frequency spectrum for coding variants identified from 

exome sequencing of 454,787 individuals in the UK Biobank. a, All 12 million coding variants. 

b, All coding variants except those occurring at CpG transitions. c, Only coding variants occurring 

at CpG transitions. The top plot in each panel shows variants across the full allele frequency 

spectrum, while the bottom plot shows only variants up to a minor allele count of 5. 
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Supplementary Figure 2. Population prevalence of binary traits tested in individuals of 

European ancestry from the UK Biobank cohort. We tested 3,702 binary traits with at least 100 

cases, of which 1,871 had a population prevalence <1%, 1,136 between 1% and 10%, and 695 

>10%. Prevalence was estimated by dividing the number of cases by the total number of 

individuals with non-missing data, considering only individuals of European ancestry. For female-

specific phenotypes (e.g. breast cancer) males were set to missing, and conversely for male-

specific phenotypes.  
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Supplementary Figure 3. Genomic inflation factor (λ) across 3,994 traits tested for 

association with exome sequencing data from 430,998 individuals of European ancestry from 

the UK Biobank. a, Results for 292 quantitative traits. b, Results for 3,702 binary traits. Genomic 

inflation factors were calculated separately for variants in four different minor allele frequency 

(MAF) bins: MAF>1% (purple), 0.1%<MAF<1% (blue), 0.01%<MAF<0.1% (green) and 

MAF<0.01% (yellow). Red line indicates mean, blue line indicates median. For binary traits, we 

found that the genomic inflation factor for variants with a MAF<0.01% was <1 for many traits, 

caused by a large proportion of variants having a minor allele count (MAC) of 0 in affected 

individuals, as noted previously 15.  
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Supplementary Figure 4. Assessment of inflation of association test statistics using genomic 

inflation factor and LD-score statistics. Results are shown for the 492 traits (314 binary, 178 

quantitative) with at least one rare variant association at P≤2.18x10-11, for which we also ran a 

GWAS based on TOPMed imputed data. a, Comparison of genomic inflation factors (lambda 

genomic control, GC) for common variants between analysis of exome sequencing data (x-axis, 

based on about 637,000 variants) and TOPMed imputed data (y-axis, based on about 9.2 million 

variants). Estimates obtained with imputed data were comparable to those obtained with exome 

sequencing data, despite the latter including a smaller number of common variants. Given this 

observation, and the small overlap between common variants from exome sequencing and 

HapMap 3 variants required to run LD-score regression (LDSC) analyses16,17, we then used 

TOPMed imputed data for LDSC analyses. Intercept (b) and attenuation ratio (c) from LDSC 

analysis of TOPMed imputed data. We used the more recent LDSC “baseline model” 16 and not 

the LDSC “original model”17 because, as described previously18, we found that the latter produces 

attenuation ratios that are relatively high (>0.1) when applied to quantitative traits in the UKB 

cohort. Most binary traits (309 of 314) had an LDSC intercept <1.1, consistent with no substantial 

impact of population structure or unmodeled relatedness on the results for common variants. 

Among quantitative traits, 87 (49%) had an LDSC intercept >1.1, but most of these (67 of 87, 

77%) had an LDSC attenuation ratio ≤0.1 (y-axis on panel c). This is consistent with the relatively 
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high lambda GC and intercept from LDSC being explained by polygenic effects and not population 

structure or unmodelled relatedness. Individual values plotted in this figure are provided in 

Supplementary Data 1.  
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Supplementary Figure 5. Regional association plots for serum glucose levels at the FAM234A 

locus. a, Associations with variants from TOPMed imputed data, showing a single GWAS signal 

with sentinel variant rs112374228 (MAF=15%). b, Associations with variants from exome 

sequencing, highlighting the most significant burden test between FAM234A and serum glucose 

levels. c, Associations with variants from exome sequencing after conditioning on the GWAS 

sentinel variant rs112374228.  
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Supplementary Figure 6. The most extreme example of a trait (myeloid leukemia, ICD10 

C92) with multiple genes with a rare-variant association but no GWAS signals. a, 

Associations with common variants from GWAS. b, Associations with individual rare variants 

from exome sequencing. c, Burden test associations from exome sequencing. All seven genes with 

a rare variant association (DNMT3A, TET2, JAK2, IDH2, SRSF2, ASXL1 and RUNX1) have been 

described to harbor somatic mutations associated with clonal hematopoiesis of indeterminate 

significance (CHIP).  
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Supplementary Figure 7. Comparison of effect sizes across ancestries for the full 8,865 

associations identified in Europeans. For each of the 8,865 associations identified in Europeans 

(6,498 with a quantitative trait, 2,367 with a binary trait; see Supplementary Data 2), we 

compared the effect size estimated in Europeans with that estimated in individuals of South Asian 

(SAS), African (AFR) and East Asian (EAS) ancestry, if available. a, Of the 6,498 associations 

with a quantitative trait, 4,321 (83% directionally concordant), 4,178 (73%) and 2,525 (72%) were 

available in SAS, AFR and EAS, respectively. b, Of the 2,367 associations with a binary trait, 

1,023 (65% directionally concordant), 996 (67%) and 239 (65%) were available in SAS, AFR and 

EAS, respectively. Red circles represent associations with P≤0.05 in the corresponding non-

European ancestry. Numbers in the corner of each quadrant represent the proportion of 

associations in that quadrant, out of the total number of associations in black, and out of the subset 

a P≤0.05 in red. Triangles: associations between binary traits and variants for which the minor 

allele count (MAC) was 0 in affected individuals. 
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Supplementary Figure 8. Example of a rare variant association (HSPG2 and alkaline 

phosphatase) that was significant before but not after conditioning on common variant 

signals from GWAS. a, Association results for common variants from a GWAS of alkaline 

phosphatase using TOPMed imputed data. b, Association results for rare variants from exome 

sequencing before conditioning on GWAS signals. c, Results for rare variants from exome 

sequencing after conditioning on GWAS signals. Panels b and c show results for individual pLOF 

and deleterious missense variants in grey and burden tests in green. 
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Supplementary Figure 9. Predicted imputation accuracy for variants from exome 

sequencing as a function of the size of the reference panel using a 3-parameter logistic model. 

a, Each panel shows the imputation accuracy (r2, y-axis) as a function of the number of individuals 

included in the reference panel (x-axis), for a given allele frequency bin (estimated in the reference 

panel). Grey dots show the imputation accuracy that was observed when analyzing reference 

panels with up to 400,000 individuals. Red dots show the imputation accuracy that was predicted 

for reference panels with >400,000 individuals, obtained by fitting a 3-parameter logistic curve to 

results from reference panels with ≤400,000 individuals. The fit from this logistic curve is shown 

by the solid line, with associated 95% confidence intervals shown in light red. The blue dot is the 

extrapolated value for a reference panel of 400,000 individuals obtained by fitting the curve using 
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only reference panels with <400,000 individuals. b, Imputation accuracy (r2, y-axis) is shown as a 

function of the variant allele frequency (x-axis; minor allele count [MAC] for ultra-rare variants, 

minor allele frequency [MAF] for variants with MAF>10-4) and the number of individuals (N) 

included in the reference panel (different lines). Solid lines show the imputation accuracy that was 

observed when analyzing reference panels with up to 400,000 individuals. Dashed lines show the 

imputation accuracy that was predicted for reference panels with >400,000 individuals, obtained 

by fitting a 3-parameter logistic curve to results from reference panels with ≤400,000 individuals. 
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Supplementary Figure 10. Enrichment of rare variant (RV) associations among genes 

located in GWAS loci. We tested if genes located in GWAS loci were more likely to have 

significant associations (P≤2.18x10-11) with a burden of RVs when compared to genes elsewhere 

in the genome. We considered 13 different gene-sets, from all genes located within 10 Mb of, to 

only the nearest gene to, the GWAS sentinel variants. a, Enrichment of significant associations 

among genes in GWAS loci was stronger for binary traits (101 included in this analysis) than for 

quantitative traits (87 included in this analysis). See Supplementary Discussion for caveats. b, 

Comparison of the proportion of significant burden associations (P≤2.18x10-11) among genes 

nearest to GWAS sentinel variants (x-axis) and genes located elsewhere in the genome (y-axis).  
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SUPPLEMENTARY TABLES 1 to 22 

Supplementary tables are provided in accompanying Excel file. 

 

Supplementary Table 1. Demographics and clinical characteristics. 

 

Supplementary Table 2. Number of coding variants available in UKB exome sequencing data, 

gnomAD, TOPMed and UKB TOPMed imputed data. 

 

Supplementary Table 3. Proportion of coding variants in UKB exome sequencing data that were 

accessible through TOPMed imputation.  

 

Supplementary Table 4. Broad phenotype categories that encompass the 3,994 traits tested for 

association with rare variants in individuals of European ancestry. 

 

Supplementary Table 5. Number of association tests performed. 

 

Supplementary Table 6. Most significant rare variant-trait association pair for 564 genes with at 

least one rare variant association with P≤2.18x10-11 in individuals of European ancestry. 

 

Supplementary Table 7. Risk-lowering associations with disease outcomes in individuals of 

European ancestry. 
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Supplementary Table 8. Association between SLC9A3R2 and blood pressure before and after 

conditioning on PKD1 missense variant Arg2200Cys. 

 

Supplementary Table 9. Associations with SLC9A3R2 and PIEZO1, but not SLC27A3 and 

MAP3K15, were also observed at P<10-7 when using TOPMed (instead of exome sequencing) data 

for assocation analysis (individual variants and burden tests). 

 

Supplementary Table 10. Number of pLOF and deleterious missense variants included in the 

burden tests for SLC27A3 and MAP3K15, using exome sequencing and TOPMed imputed data. 

 

Supplementary Table 11. Variants for which the direction of effect on a quantitative trait was 

consistent with a beneficial effect on disease risk. 

 

Supplementary Table 12. Genes for which a variant was associated with both a favorable effect 

on a quantitative trait and a protective association with a genetically correlated disease. 

 

Supplementary Table 13. Traits with two or more genes with a rare variant association but no 

GWAS signals. 

 

Supplementary Table 14. Variant allele fraction and association with age for rare variants in 

genes associated with traits that had no GWAS signals (traits from Supplementary Table 13). 
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Supplementary Table 15. Gene associations identified in the analysis of non-European but not 

European ancestries. 

 

Supplementary Table 16. Number of burden associations that remained significant at P<2.18x10-

11 after adjusting for GWAS signals, stratified by variant class and allele frequency bin. 

 

Supplementary Table 17. Number of burden associations that remained significant at P<2.18x10-

11 after adjusting for GWAS signals. 

 

Supplementary Table 18. Genes that (i) had a significant burden association after adjusting for 

GWAS signals; and (ii) were the nearest gene to a GWAS sentinel variant. 

 

Supplementary Table 19. Association between coding and non-coding variation in HAL and 

vitamin D levels and skin-cancer related traits. 

 

Supplementary Table 20. Trait-variant pairs associated with phenotypes derived from brain 

imaging in individuals of European ancestry at a P≤2.18x10-11 after adjusting for GWAS signals. 

 

Supplementary Table 21. Trait-variant pairs with a sub-threshold association (2.18x10-11<P≤10-

7) with phenotypes derived from brain imaging in individuals of European ancestry after adjusting 

for GWAS signals. 
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Supplementary Table 22. Number of autosomal genes with at least N carriers of rare LOFs (MAF 

≤ 1%) in (i) UK Biobank exome sequencing data; (ii) UK Biobank TOPMed imputation; and (iii) 

expected in 1 and 5 million sequenced individuals. 

 

Supplementary Table 23. Imputation accuracy stratified by reference panel size and minor allele 

count or minor allele frequency.  
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SUPPLEMENTARY DATA S1 TO S3 

 

Supplementary datasets S1, S2 and S3 are provided in accompanying Excel file. 

 

Data S1. List of 3,994 traits tested for association with rare variants in individuals of European 

ancestry from the UK Biobank cohort. 

 

Data S2. Summary statistics for 8,865 associations discovered in the analysis of individuals of 

European ancestry. 

 

Data S3. Summary statistics for 376 associations discovered in the analysis of individuals of 

African, East Asian or South Asian ancestries. 

 

Data S4. Accession numbers for summary statistics available through the GWAS catalog. 
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