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Rare coding variants shape inter-individual differences in human phenotypes'.
However, the contribution of rare non-coding variants to those differences remains

poorly characterized. Here we analyse whole-genome sequence (WGS) data from
347,630 individuals with European ancestry in the UK Biobank?? to quantify the relative
contribution of 40 million single-nucleotide and shortindel variants (with a minor
allele frequency (MAF) larger than 0.01%) to the heritability of 34 complex traits and
diseases. On average across phenotypes, we find that WGS captures approximately
88% of the pedigree-based narrow sense heritability: thatis, 20% from rare variants
(MAF <1%) and 68% from common variants (MAF >1%). We show that coding and
non-coding genetic variants account for 21% and 79% of the rare-variant WGS-based
heritability, respectively. We identified 15 traits with no significant difference between
WGS-based and pedigree-based heritability estimates, suggesting their heritability is
fully accounted for by WGS data. Finally, we performed genome-wide association
analyses of all 34 phenotypes and, overall, identified 11,243 common-variant
associations and 886 rare-variant associations. Altogether, our study provides high-
precision estimates of rare-variant heritability, explains the heritability of many
phenotypes and demonstrates for lipid traits that more than 25% of rare-variant
heritability can be mapped to specific loci using fewer than 500,000 fully sequenced

genomes.

Most human traits are heritable and influenced by thousands of DNA
variants. Whereas the nature and effect size of most causal genetic
variants remain largely unknown, previous studies have nonetheless
quantified, using a variety of methods, an overall contribution to trait
heritability from observable genetic variation*®. For example, one
study’ showed, on average across 1,000 traits, that single-nucleotide
polymorphisms (SNPs) that are common in European ancestry
populations explain approximately 9% of phenotypic variance, with
trait-specific estimates ranging from 5% to 49%.

The overall proportion of phenotypic variance explained by additive
genetic effects of SNPs, also known as SNP-based heritability (hcyp), is
acritical parameter that determines the statistical power of genome-
wide association studies (GWAS) and provides an upper bound for the
performance of trait prediction from genomic data. So far, although
GWAS have identified thousands of SNPs associated with many
traits and diseases, the amount of phenotypic variance explained by
GWAS-detected associations(hGZWAS)remains,for most traits, substan-
tially lower than hSZNP. The gap between héWAS and hSZNP was previously

referred to as ‘hiding heritability’® and is expected to vanish as GWAS

samplesizesincrease*. Consistent with this prediction, arecent GWAS
of human height including more than 5 million individuals has now
demonstrated convergence between hGZWAS and hSZNP (ref. 11). Esti-
mates ofhszNP have long been restricted to common SNPs (typically,
with a minor allele frequency (MAF) larger than 1% or 5%) because of
relatively small experimental sample sizes available and a lack of
reliable, cost-effective and scalable technologies to measure rarer
genetic variation. Consequently, these estimates are systematically
lower than traditional estimates of narrow sense heritability (that is,
heritability due to additive genetic effects) from pedigree-based stud-
ies (hPZED) (ref.12). Various factors have been proposed to explain the
gap between hpzED and hSZNP (based on common variants) also known
as ‘still-missing heritability’’°. Those factors include genetic variation
not well tagged by common SNPs (including rare variants and structural
variants), shared environmental effects between close relatives and
non-additive genetic effects (forexample, interactions between genetic
variants or between genetic variants and shared environment between
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relatives), which may have inflated estimates of additive genetic
variation from pedigree-based studies. Overall, quantifying the con-
tribution of these different factors is crucial for designing optimal
experiments to identify causal genetic variation for complex traits and
disease.

Since 2022, a series of studies using data from the Trans-Omics for
Precision Medicine (TOPMed) programme have generated whole-
genome sequence (WGS)-based estimates ofhszNP (hereafter denoted
h\,ZVGS) for height and body mass index (BMI)* as well as for smoking-
related traits™, type 2 diabetes and coronary artery disease'. Despite
WGS enabling better measurement of rare genetic variation compared
with reference-based imputation, the previous WGS-based studies
were still limited by their sample sizes (N of about 25,000) such
that reported estimates ofh\fms had standard errors as large as 10%.
Thislimitation has made it difficult to draw firm conclusions regarding
the recovery of the still-missing heritability from WGS data. More
recently, whole-exome sequence (WES) data of more than 300,000
participants in the UK Biobank (UKB) have been used to obtain more
precise estimates of the role of rare coding variants' (comprising less
than 3% of the genome), but a substantial gap remains for rare non-
coding variants.

In this study, we address these previous limitations using WGS
data from 347,630 unrelated individuals with European ancestry in
the UKB? to accurately quantify the contribution of coding and non-
coding SNPs (MAF > 0.01%) to the heritability of 34 complex traits and
diseases. On average across traits, we show that coding and non-
coding WGS variants account for 17% and 83% of estimated hys
(21% versus 79% for the rare-variant component ofhvzvcs), respectively;
and that WGS variants overall account for approximately 88%
of pedigree-based heritability estimated from 171,446 pairs of rela-
tives. We complemented these analyses by conducting GWAS of all
phenotypes in a larger sample of 452,618 individuals with European
ancestry (347,630 unrelated individuals plus all their relatives in the
UKB) and identify 886 associations across traitsinvolving rare variants
(0.01% < MAF <1%). For lipid-related quantitative traits these rare-
variant associations (RVAs) explain more than one-quarter of their
overall rare-variant heritability. Our GWAS results indicate that asub-
stantial amount of the still-missing heritability of complex traits is
already mappable using the GWAS experimental design applied to
WGS data of fewer than 500,000 individuals.

Overview of study design

We analysed 490,542 genomes included in the second tranche of WGS
data released by the UKB in December 20233, We focused our main
analyses on 40,575,204 autosomal sequence variants (including
bi-allelicand multi-allelic SNPs and indels) with a MAF > 0.01% (Sup-
plementary Tables1and 2) in a genetically homogeneous sample of
347,630 conventionally unrelated individuals (that is, with agenomic
relationship coefficient lower than 0.05) sampled from alarger sub-
group of 452,618 UKB participants with European ancestry (Methods).
We selected 41 complex phenotypes spanning a wide range of human
traits and common diseases (Supplementary Table 3) and showing
amarginally significant estimate ofh,,zED from 171,446 pairs of relatives
in the UKB. We then estimated hvf,cs for these 41 traits using the
GREML-LDMS method" implemented in MPH v.0.53.2 (ref. 18). Herit-
ability estimates for all 41 phenotypes are reported in Supplementary
Table 4.

Insubsequent sections of the paper, we focus on 34 phenotypes with
botha significant}?\,%,GS (two-sided Wald test P < 0.05/41=0.001) and a
marginally significant rare-variant heritability estimate (P < 0.05). We
report in the main text estimates ofh\,z,,GS (ﬁ\f,cs) from our most con-
servative correction for population stratification (Methods). Sensitiv-
ity analyses of the effect on E@GS of varying the number of principal
components and birthplace clusters fitted as fixed effects are reported
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in Extended Data Fig. 1. These sensitivity analyses notably show
that heritability estimates are robust to covariate-adjustment for
most traits. However, uncorrected estimates of hys for educational
attainment and fluid intelligence score were significantly inflated by
fine-scale geographical structures in the United Kingdom that were
not fully captured by genotypic principal components. This under-
scores the importance of using geographical information to inform
and correct biases affecting heritability estimates®?°, especially for
behavioural traits involved in migration patterns®*.,

Estimates of heritability from WGS data

Across 34 selected phenotypes, E‘f,GS ranged between 0.075 (standard
error (s.e.) 0.010) for the number of children and 0.709 (s.e. 0.006)
for height, with an average of 0.284 (s.e. 0.002) (Fig. 1a and Table 1).
Our estimates for height, BMI (0.339 (s.e. 0.009)) and smoking status
(0.174, s.e. 0.015) were all consistent with previous studies based on
WGS data from the TOPMed consortium®™* (Table 2). We also compared
our GREML estimates ofh\f,GS with those obtained using Haseman-
Elston (HE) regression®. We found highly concordant results across
bothapproaches, except for height (HE0.862, s.e.0.01) and educational
attainment, measured as the number of years of schooling completed
(HE 0.464, s.e. 0.011; GREML 0.347, s.e. 0.009) (Extended Data Fig. 2
and Supplementary Table 5). These discrepancies are expected because
assortative mating on both traits* is known to differentially affect
estimates from these two methods®. In fact, assortative mating-
adjusted HE-regression estimates (Methods) for height and educational
attainment were 0.702 (s.e.0.008) and 0.353 (s.e. 0.007), respectively
(Extended Data Fig.2 and Supplementary Table 6), which is more con-
sistent with GREML estimates.

Overall, we observed asignificant, yet moderate, correlation between
the rare-variantand common-variant components of ﬁvzvcs (Pearson’s
correlation R = 0.55, two-sided test P= 8.5 x107*; Fig. 1b). The average
rare-variant heritability across traits was 0.063 (s.e. 0.002), which rep-
resents about 22% of the mean E&,GS across traits. Educational attain-
mentshowed the largest contribution of rare variantstoits estimated
heritability with approximately 43% of Evzvcs accounted for by rare
variants. By contrast, SNPs with 0.01% < MAF <1% contributed less than
12% ofﬁ\f,cs forbone mineral density and low-density lipoprotein (LDL)
cholesterol. Finally, we also quantified genetic correlations between
phenotypes and found highly concordant estimates from common
and rare variants (Supplementary Note 1, Extended Data Fig. 3 and
Supplementary Table 7).

Comparisonwith pedigree-based estimates

Next, we compared H\,ZVGS with pedigree-based estimates of narrow
sense heritability (EPZED) from 171,446 pairs of relatives in the UKB
(Fig. 1c). Pairs of individuals were labelled as relatives when their
genomic relationship coefficient (estimated as an allelic correlation;
Methods) exceeded 0.05. Comparison with pedigree-based heritabil-
ity estimates obtained from the same cohort minimizes systematic
differences due to phenotype definition and measurement error. We
estimated pedigree-based heritability using statistical models account-
ing for non-additive genetic effects and assortative mating (Methods
and Supplementary Figs.1and 2) butalso report estimates based ona
model assumingthatall resemblance betweenrelatives is due to addi-
tive genetic effects (Supplementary Table 8).

Overall, we found no significant difference between ﬁ\f,cs and EPZED
(two-sided Wald test P> 0.05) for 25 phenotypes, including 15 quanti-
tative traits with s.e. of EPZED lower than 3%, suggesting their pedigree-
based narrow sense heritability is largely explained by WGS data
(Table1). Furthermore, we defined the explained heritability ratio (EHR)
as the ratio of /jycs to fipep. EHR is expected to vary between 0 and 1
suchthatlarge valuesindicate a substantial amount of pedigree-based
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Fig.1|Estimates of heritability for 34 complex traits and diseases.

a, Estimates of heritability from WGS data (denoted th,GS on the xaxis) for

34 phenotypeswith amarginally significant rare-variant heritability. Results for
alargersetof phenotypesareavailable in Supplementary Table 4. Heritability
estimates for binary traits are reported on the liability scale (Methods).
Allestimates were adjusted for covariates described in the Methods section.
b, Comparisonbetween the common-variant component (xaxis) and the
rare-variant component ofhvzVGS (yaxis). ¢, Comparison between WGS-based
(xaxis) and pedigree-based (y axis; hPZED) estimates of heritability. Pedigree-
based estimates for height (HT), educational attainment (EA) and fluid
intelligence score (FI) were adjusted for assortative mating as described in

heritability is accounted for by observed WGS variants. Across pheno-
types, EHR varied between 0.34 (s.e. 0.04) for telomere length and 1.29
(s.e.0.26) for alanine aminotransferase levels, with an average 0of 0.88
(medianis 0.87), suggesting that additive genetic effects at WGS vari-
ants explain most ofﬁPZED for these traits (Fig. 1d).

Insummary, wereportsignificant estimates of rare-variant heritabil-
ity for 34 phenotypes with high precision (s.e. between 0.6% and 2.7%
for quantitative traits and 1.5% to 3.0% for binary traits), we highlight
at least 15 traits whose narrow sense heritability appears to be fully
explained by WGS data, and show that WGS data, on average, captures
approximately 88% of the pedigree-based narrow sense heritability,
with differences across traits probably explained by statistical power
and genetic architecture.

2 2 2
hWGS hWGS/hPED

Extended DataFig.2 and Supplementary Table 6. In a-c, error bars represent
s.e.s.Correlationbetween heritability estimates reportedinband c were
calculated using a Pearson’s correlation coefficient (R) over n = 34 traits.

The Pvalue measuring the significance of these correlations is denoted as
Pinthe corresponding panel andis based on atwo-sided Pearson’s correlation
test.d, Partitioning of pedigree-based narrow sense heritability into common-
variant, rare-variantand missing components. The x axis represents the ratio
h“z,os/hszD. Phenotype names with anasterisk *indicate cases where hV%'GS > hszD.
Thedotted vertical lineindicates 88%, thatis the mean ratio ofh\,f,GS t0 hpgp
across 34 phenotypes.

Heritability enrichment at coding loci

We partitioned ﬁvzvos to assess the relative contribution of coding and
non-coding variants (Methods and Supplementary Table 9). Consistent
with previous studies, we found a significant enrichment of heritabil-
ity in coding variants (that is, 0.71% of all 40 million in our primary
analyses; Supplementary Table 2), which contributed 17.5% of ﬁ‘f,cs
onaverage across traits (Fig. 2a). Stratified by allele frequency, coding
variants accounted for 21.0% of rare-variant heritability and 16.9% of
common-variant heritability (Fig. 2a). However, relative to the propor-
tion of coding variants included in our primarily analyses thisimplies
a36-fold and 26-fold heritability enrichment for common and rare vari-
ants, respectively (Supplementary Table 10). Heritability enrichment
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Table 1| Summary of pedigree-based estimates of heritability (ﬁ,,ZED) and WGS-based estimates of heritability (E@GS) for 34

phenotypes

Phenotype Acronym ,;:ED s.e. (,;PQED) h \:’ o se.(h ‘f’ s) P
Albumin ALB 0.277 0.031 0.243 0.010 0.299
Alkaline phosphatase ALK 0.435 0.026 0.420 0.009 0.572
Alanine aminotransferase ALT 0.148 0.029 0.190 0.010 0.156
Heel bone mineral density BMD 0.375 0.035 0.396 0.014 0.591
BMI BMI 0.392 0.023 0.339 0.009 0.031
Chronic ischaemic heart disease (125) CIHD 0.300 013 0.228 0.026 0.539
Creatinine CREA 0.244 0.028 0.295 0.009 0.077
C-reactive protein CRP 0.178 0.030 0.138 0.010 0.203
Diastolic blood pressure DBP 0171 0.029 0.21 0.010 0.191
Dyslipidaemia (E78) DISLIP 0.350 0.080 0.216 0.018 0.101
Educational qualification EA 0.409 0.015 0.347 0.009 <0.001
Forced expiratory volume in1s FEV1 0.313 0.033 0.299 0.0m 0.689
Fluid intelligence score Fl 0.405 0.036 0.328 0.027 0.084
Hand grip strength GRIP 0.310 0.028 0.223 0.009 0.003
Haemoglobin concentration Hb 0.272 0.028 0.272 0.009 0.987
HDL cholesterol levels HDL 0.541 0.029 0.398 0.009 <0.001
Standing height HT 0.882 0.010 0.709 0.006 <0.001
Hypertension (110) HypT 0.251 0.070 0.253 0.015 0.986
IGF-1 IGF 0.405 0.028 0.354 0.009 0.083
LDL cholesterol levels LDL 0.239 0.029 0.228 0.010 0.705
Mean corpuscular volume MCV 0.509 0.027 0.413 0.008 <0.001
Number of children NC 0.152 0.028 0.075 0.010 0.010
Neuroticism score NEURO 0.212 0.034 0.185 0.01 0.455
Platelet count PLAT 0.554 0.027 0.457 0.008 <0.001
Red blood cell count RBC 0.388 0.027 0.355 0.009 0.251
Systolic blood pressure SBP 0188 0.029 0.217 0.010 0.333
Sleep duration SLP 0.106 0.028 0.125 0.009 0.523
Ever smoked SMK 0.248 0.060 0174 0.015 0.237
Type 2 diabetes (E11) T2D 0.597 0.100 0.403 0.030 0.065
Telomere length TELO 0.377 0.028 0127 0.010 <0.001
Triglycerides levels TG 0.323 0.029 0.287 0.009 0.240
Vitamin D VITD 0.227 0.030 0178 0.010 0.118
White blood cell count WBC 0.319 0.028 0.324 0.009 0.864
Waist-to-hip ratio WHR 0.291 0.027 0.240 0.009 0.07M

Standard errors are denoted as s.e. and P values comparing EPZED with F'&/GS as P. P values were conservatively derived from a two-sided Wald test. ICD10 codes for diseases are indicated
between brackets following the phenotype name. We report here P values lower than 0.001 for EA (6.06x10™), HDL (2.50x10°®), HT (3.30x107%), MCV (7.94x10™%), PLAT (5.74x10™*) and TELO
(8.02x10™). Pedigree-based estimates for HT, educational attainment and fluid intelligence are adjusted for assortative mating as described in Extended Data Fig. 2 and Supplementary Table 6.

incoding variants was significantly correlated (across traits) between
common-variant and rare-variant heritability (Pearson’s correlation
R=0.56; two-sided test P=5.6 x 107*; Fig. 2b). Yet, such a moderate
correlationimplies that differences in heritability enrichment between
commonand rare variants can be expected across traits. For example,
heritability enrichment in coding variants for type 2 diabetes was only
significant for common variants (21-fold, s.e. 2.3) but not for rare
variants (tenfold, s.e. 6.0). Overall, we identified three phenotypes
(including two common diseases) showing a significant greater-
than-sixfold heritability enrichment (two-sided Wald test P < 107%; Sup-
plementary Table 10) in coding variants, which was only detected with
common variants but not with rare variants (two-sided Wald test:
P>0.05). Whereas the latter set of observations could be explained
by alack of statistical power to detect heritability enrichment with
rare variants (and with disease), it is also consistent with coding del-
eterious variants being kept at much lower frequencies than the ones
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spanned by our primary analyses and thus contributing less to trait
heritability for variants with MAF > 0.01%. To further characterize her-
itability enrichment for trait-altering variants, we discuss in Supple-
mentary Note 2 further analyses of heritability enrichmentin regulatory
variantsin close vicinity of genes and in genomic regions that are con-
served across species (Supplementary Table 10 and Supplementary
Figs.3and 4).

Insummary, our results confirm that coding variants disproportion-
ally contribute to trait heritability and show that heritability enrichment
in coding variants is relatively smaller for rare variants compared with
common variants and that it varies across traits.

Overview of GWAS analyses

We performed GWAS analyses of all 34 phenotypes with the primary
goal to assess how much of their rare-variant heritability can already



Table 2 | Comparison of WGS-based estimates of heritability
for BMI, height and smoking initiation with those from
previous studies from the TOPMed consortium

TOPMed data UKB data (this study)
Trait N Estimate (s.e.) N Estimate (s.e.)
Height 25,465 0.68(0.10) 346,828 0.709 (0.006)
BMI 25,465 0.30(0.10) 346,381 0.339(0.008)
Smoking initiation 26,257  0.23(0.10) 346,215  0.174(0.015)

Height and BMI estimates are from ref. 13 and estimates for smoking initiation are from ref. 14.
Sample size is denoted by N.

be mappedtosinglelociusing WGS data from 452,618 genomes. More
comprehensive and trait-focused GWAS analyses using WGS datain
the UKB have been conducted in previous studies??. Across traits,
we detected 12,129 independent associations (two-sided Wald test
P<5x107),including11,243 common-variant associations (CVAs) and
886 RVAs (Supplementary Table 11). The 12,129 independent associa-
tionsinvolved 10,924 unique variants (10,164 unique common variants
and 760 unique rare variants; Extended Data Fig. 4). RVAs were only
detected for 30 traits (Supplementary Table 12) and 64% of themhad a
MAF > 0.1%, reflecting that power to detect associations with rarer vari-
antsremains limited. Among all genome-wide significant variants, 848
(thatis, about 8%) were associated with at least 2 traits (Supplementary
Table13). The most pleiotropic CVA was the SLC394A8 missense variant
rs13107325 (MAF = 7.5%), associated with 14 different traits, whereasa
rareindel (rs754165241) within the fourth intron of ASGRI (MAF = 0.8%)
was associated with up to 9 different traits (Supplementary Table 13).

After winner’s curse correction®**, we found each RVA to explain
on average 0.027% of phenotypic variance compared with 0.023%
for CVAs. On average across traits, the cumulative proportion of
phenotypic variance explained by CVAs and RVAs represents 31%
(range across traits 1.9-56%) and 11% (range across traits 0.2-50%)
of the average common-variant and rare-variant heritability, respec-
tively (Fig. 3a,b). Interestingly, 18% of all RVAs involved at least one
lipid-related trait (dyslipidaemia n =11; triglycerides levels n = 35; LDL
n=41and high-density lipoprotein (HDL) cholesterol n =72, Supple-
mentary Table12), which only represent 12% of the 34 traits analysed.
This 1.5-fold enrichment (that is, 18%/12%) suggests that rare variants
associated with lipids tend to have larger effect sizes than those associ-
ated with other traits. Consistently, RVAs for HDL and LDL altogether
account for more thanone-third of their estimated rare-variant herit-
ability (Fig. 3a and Supplementary Table 14). We replicated this last
result in an independent sample of approximately 67,000 unrelated
individuals with European ancestry in the Alliance for Genomic Dis-
covery (AGD) cohort (Methods and Supplementary Note 3). We found
that RVAs for LDL (40 out of 41 passed quality controlin AGD) and HDL
identified in the UKB altogether explain 0.9% of LDL variance and 1.8%
of HDL variance, respectively. This represents approximately 34% and
29%, respectively, of LDL and HDL rare-variant heritability (Supple-
mentary Table 15). Alkaline phosphatase (ALK) was the only non-lipid
trait with more than one-third of its estimated rare-variant herit-
ability already accounted for by 61 RVAs (Fig. 3a and Supplementary
Table12). These 61 ALK-associated RVAs cumulatively explained 3% of
ALK varianceinthe AGD European ancestry sample, equivalent to 26%
of rare-variant heritability estimated in the UKB. Two ALK-associated
RVAs (rs79257782 and rs73728135) had frequencies larger than 3%
inindividuals with African ancestry in AGD (N =15,690) and showed
significant association with ALK (two-sided Wald test P< 5 x1078) with
effect sizes highly consistent with those observed in individuals with
Europeanancestry fromboth UKB and AGD (Supplementary Table 16).
SNP effects for LDL-associated, HDL-associated and ALK-associated
RVAs in participants with European and African ancestry from AGD
arereported in Supplementary Table 16.

We found that 362 of 886 = 41% of RVAs were located within genomic
loci covered by WES technologies (of these, 353 were coding and 9
non-coding), which represents a 41-fold enrichment relative to the
proportion of WGS variants within those loci. However, and consistent
with previous studies?, RVAs explaining large amounts of phenotypic
variance were also detected outside WES-covered loci. That notably
includesrs754165241 (mentioned above as the most pleiotropic RVA),
inwhich a short deletion (allele frequency 0.8%) was associated with
al.43 (s.e.0.01) standard deviation (s.d.) increase in ALK levels, thus
explaining around 3% of the phenotypic variance. This was the largest
amount of variance explained observed across all associations. Note
thatrs754165241was previously associated with ALK and lipids levelsin
the Trgndelag Health (HUNT) Study®, inarecent study® and replicates
inour AGD analyses (Supplementary Table 16).

Summary statistics for all 12,129 independent associations are avail-
able in Supplementary Table 11. We also present and discuss further
analyses in Supplementary Note 4 quantifying the gain of WGS over
imputation for detecting and fine-mapping trait-associated loci. We
notably quantify the improvement in fine-mapping resolution from
using WGS instead of imputed SNPs, while highlighting that existing
imputation panels may still be missing common haplotypesin European
ancestry populations (Extended Data Figs. 5 and 6, Supplementary
Tables17-19 and Supplementary Data).

Genomic distribution of RVAs

Next, we sought to characterize the genomic distribution of RVAs by
quantifying, post hoc, how much genomic annotations contribute to
differences in per-SNP variance explained at trait-associated loci. We
focused on four genomic annotations with previous evidence of herit-
ability enrichment across many complex traits®. These four annota-
tions are: (1) distance between each RVA and their closest CVA (hereafter
denoted DCCVA, distance to closest common variant association) for
the sametrait, (2) broadly defined coding regionsincluding all variants
captured by WES, (3) conserved regions across mammals defined using
the Zoonomia phylogenetic score and (4) variant functional roles on
canonical transcripts as described by Sequence Ontology®.

Among those four annotations, DCCVA was the only one signifi-
cantly (P < 0.05) predictive of per-SNP variance explained (R* = 0.007;
two-sided F-test with 2 and 879 degrees of freedom P=1.85 x 10 Fig.3b
and Supplementary Fig. 5) whereas other annotations (such as Pri-
mateAI3D%; Supplementary Fig. 6) were also predictive of the mag-
nitude of effect sizes (Extended Data Fig. 7 and Methods). Therefore,
we focus below on DCCVA and further characterize colocalization
patterns between RVAs and CVAs across 19 phenotypes, each with at
least 10 RVAs detected.

We observed a significant enrichment of RVAs near CVAs, with a
median DCCVA of 27 kilobases (kb) across all trait—RVA pairs (Sup-
plementary Fig. 7). The strongest and weakest colocalizations were
observed for ALK (median DCCVA across 61 RVAs 5 kb) and C-reactive
protein levels (median DCCVA across 27 RVAs 1.7 megabases (Mb)),
respectively. For each trait, the significance of RVA-CVA colocaliza-
tion was assessed relative to random subsets of SNPs matched on size
(thatis, the same number of SNPs as the trait-specific number of asso-
ciations), MAF and linkage disequilibrium (LD) score distributions
(Supplementary Fig. 7). We also assessed RVA-CVA colocalization by
quantifying the density, within a specified genomic window on both
sides, of CVAs around each RVA™. On average across traits, we found a
mean density of 1.8 CVAs within 100 kb of each RVA (Fig. 3¢).

Finally, we found that genomic loci with high density of CVAs also
tend to have a high density of RVAs (Extended Data Fig. 8). Previous
studies have shown that high density of associations is partly explained
by imperfect tagging of underlying structural variants™. Therefore,
we sought to quantify the relationship between RVA and CVA density
and the presence of structural variants associated with the same trait
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Fig.2|Relative contribution of coding and non-coding variants to WGS-
based heritability. a, This panel represents, across 34 phenotypes, the ratio of
proportion of phenotypic variance explained by coding variants (hcf,dmg)over
thatexplained by all WGS variants (th,GS ). The contribution to hygs from coding
and non-coding variants were estimated jointly (Methods). The blue (and
dashed) verticallinerepresents the mean ofhczoding/h‘f,cs across phenotypes.
hc2oding was further partitioned intojointly estimated contributions fromrare
and common coding variants. The purple vertical line represents the mean
across phenotypes of the ratio of phenotypic variance explained by common
coding variants over that explained by all common variants. The green vertical

(Methods). Overall, we found that loci where RVAs share their locations
with at least 2 other RVAs (within 100 kb) are also associated with a
1.8-fold increase in the probability of colocalization with a structural
variant associated with the same trait (Supplementary Fig. 8). By con-
trast, 100-kb-density of CVAs larger than 2 increases the probability
of colocalization between CVAs and structural variants by 1.4-fold
(Supplementary Fig. 8).

Collectively, these results indicate that CVAs and RVAs colocalize
(nearby genes; Supplementary Fig. 9) and that RVAs detected closer to
CVAstend to explain more phenotypic variance (and thus heritability)
than those located further away.

Discussion

In this study, we report precise estimates of rare-variant heritability
for 34 complex phenotypes, including 23 quantitative traits for which
standard errors of heritability estimates were lower than 1%. We show,
onaverageacrosstraits, that heritability attributable to additive genetic
effects at WGS variants is approximately 88% of that estimated from
relatives in the UKB. We highlight at least 15 quantitative traits with
no significant difference between WGS-based and pedigree-based
estimates, suggesting their heritability may no longer be missing.
Although more precise pedigree-based estimates from future stud-
ies may still reveal statistical differences from WGS-based estimates
for those 15 traits, our results demonstrate that any such differences
are likely to be small.
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Ourresults also reveal substantial still-missing heritability for num-
ber of children and telomere length with less than half of their
pedigree-based heritability accounted for by sequenced variants with
MAF > 0.01%. The average still-missing heritability observed across
traits, which we estimated to be approximately 12% ofhszD, canbe
explained by several sources. For example, ultra-rare variants
(MAF < 0.01%) not included in our primary analyses, long structural
variants not well tagged by SNPs sequenced using short-read WGS
technologies, gaps in the current hg38 genome build accounting for
about 8% of the genome®, (and thus potentially about 8% of ix,) but
also non-additive genetic effects (for example, interactions between
variants or correlations between genes and the environment), which
might haveinflated pedigree-based estimates despite our attempts to
model them (Methods). How much these different sources contribute
to the residual still-missing heritability of specific traits remains an
open question that future research will illuminate. Nevertheless, we
describe below extra analyses that can inform the contributions of
these factors.

Across traits, patterns of heritability enrichment in coding regions
were correlated between common and rare variants. However, this
correlation was moderate (Pearson’s correlationR=0.56;s.e.0.12), sug-
gesting that significant differences in functional enrichment between
common-variant and rare-variant heritability exist for specific traits
(for example, vitamin D). We also observed differences in functional
enrichment between common-variant heritability and rare-variant her-
itability for other annotations (Supplementary Note 2, Supplementary
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Table10 and Supplementary Figs. 3 and 4). In addition, we found that
coding variants explainalarger fraction of heritability for rare variants
(that is, approximately 21%) compared with common variants (that
is, about17%). However, relative to the size of the genome covered by
these annotations, our findings imply alarger heritability enrichment
incodingregions for variants with MAF > 1% (that is, 36-fold) compared
with variants with MAF < 1% (that is, 26-fold). These results further
indicate that GWAS-derived analyses (for example, polygenic scores
methods integrating information from functional annotations®*)

c
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Null distribution
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Average density around rare variant
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Window size (kb)
The Pvalue shown at the top-left corner of the panelisbased onatwo-sided
F-testwith2and 879 degrees of freedom. Here, n denotes the number of RVAs
inthe corresponding annotation. A few RVAs were further annotated with the
corresponding traitand the closest gene. The boxplots shown here represent
the first quartile, the medianand the third quartile of the corresponding
distribution. ¢, Average of density of CVA withinanincreasing window size
(xaxis) around eachRVA. Error barsrepresents.e.s.

assuming similar enrichment in functional annotations irrespective
of MAF may be suboptimal, and that modelling potential interactions
between functional annotations and MAF might help address this
limitation.

Our GWAS analyses show that a substantial amount of the rare-variant
heritability of lipid-related traits can already be mapped to specific
loci. In particular, we found that 41 rare variants associated with LDL
(Supplementary Table 12) together account for 1% of phenotypic vari-
ance, whichis more thanathird of its estimated rare-variant heritability
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(Fig. 3). However, for many traits, it appears that much larger sample
sizes are required to explain the same fraction of rare-variant herit-
ability. Moreover, consistent with previous studies, we found a strong
colocalization between RVAs and CVAs. For example, 97% of RVAs
detected for height were located within 100 kb of previously identified
height-associated loci (Extended Data Fig. 9). Extended Data Fig. 9 also
shows alower enrichment of height heritability within GWAS-associated
loci for variants with MAF between 0.001% and 0.1%, suggesting that
future WGS-based GWAS of height may still identify novel loci, although
the proportion of variance explained by yet-to-be-discovered associa-
tions will be vanishingly smaller. Overall, the genomic colocalization
of rare-variant heritability and common-variant heritability can be
utilized toimprove GWAS discovery for rare (and ultra-rare) non-coding
variants, for example, by aggregating pathogenic variants within loci
containing CVAs inburden test analyses*.

Our study also allowed to empirically assess the limits of statisti-
cal methodologies such as LD score regression®, which have previ-
ously been used to estimate the heritability of complex traits using
GWAS summary statistics. We found that LD score regression esti-
mates were still well-calibrated for variants with a MAF > 0.1% but
were substantially biased when SNPs with MAF < 0.1% were included
(Supplementary Fig. 10). Recently, the Burden Heritability Regres-
sion methodology was proposed to estimate the contribution of rare
coding variants to the heritability of complex traits’. This method
uses summary statistics from gene-specific burden tests and thus
could not straightforwardly be extended to analyse non-coding vari-
ants in WGS data. Overall, future research is needed to improve the
reliability of methods using GWAS summary statistics to estimate
rare-variant heritability and our study could serve asabenchmark to
develop those approaches.

Our study has several limitations. First, our analyses were restricted
toindividuals with European ancestries because of the limited sample
sizes of other ancestry groups in the UKB (N <12,000), especially for
studying rare variants. To date, there is a crucial need for heritability
studies in other ancestry groups to better benchmark the accuracy
of polygenic predictors of complex traits (including risk of disease)
and refine understanding of their genetic architectures. Recent stud-
ies focusing on common variants have shown consistent heritability
estimates between ancestry groups*. However, future large scale and
multi-ancestries studies using WGS data and family-based designs are
stillneeded to bridge the gap.

Second, our primary analyses focused on variants with a MAF larger
than 0.01% to ensure comparability with estimates previously reported
intheliterature and, mostimportantly, toimprove the precision of our
estimates. Nevertheless, we also performed secondary analysesinclud-
ing ultra-rare variants (Methods, Supplementary Fig. 11 and Supple-
mentary Table 20) and found, on average across traits, that including
those yielded a 6% variation around E@GS obtained from SNPs with
MAF > 0.01%. The most notable change was observed for number of
children for which iy increased from 0.074 up to 0.126 (that is, a
1.7-fold increase; Supplementary Fig.11), whichis no longer statistically
different from its pedigree-based estimate (EPZED =0.151,s.e.0.028;
two-sided Wald test P> 0.05). Overall, the relatively small contribution
of ultra-rare variants for most traits aligns with the fact that EHR was
uncorrelated with statistics measuring the strength of natural selec-
tion, which otherwise would have predicted alarger contribution from
this class of variants (Supplementary Note 5, Supplementary Fig. 12
and Supplementary Table 21). However, these secondary analyses
should be taken with caution as biases affecting SNP-based heritability
estimates from ultra-rare variants are not fully understood and further
research is needed before we can reliably apply statistical methods
such as GREML in this context. For example, we observed significantly
negative estimates of heritability for many traits (Supplementary
Fig.11b and Supplementary Table 20), which classically indicates model
misspecification*,
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Third, estimates of the rare-variant heritability for most common
diseases analysed in this study were not significantly different from
zero, reflecting alack of precision of ﬁ\f,cs for diseases obtained using
population-based (that is, not ascertained for a specific condition)
biobank data. Consequently, our quantification of the average contri-
bution of rare variants to trait heritability might be inflated because it
was obtained from phenotypes with marginally significant rare-variant
heritability estimates. Future studies may improve on these results by
using case-control designs, larger experimental sample sizes and larger
sets of traits.

Fourth, our study focused on autosomal variants, such that the con-
tribution of sex chromosomes remains unclear. However, previous
studies have shown that common X-chromosome variants contribute,
on average across 20 complex traits, less than 3% of the SNP-based
heritability estimated from autosomes*. Therefore, assuming the
relative contribution of rare variants to ﬁ‘f,cs is similar between the X
chromosome and the autosomes, we could extrapolate that account-
ing for X-chromosome variants would only inflate Hvzvcs by up to
1.03-fold, thus contributing asmall amount of the average still-missing
heritability across traits.

Fifth, our study used the hg38 genome build that, compared with the
morerecent telomere-to-telomere (T2T) genome builds, misses approx-
imately 8% of DNA sequence®?, Directly quantifying the contribution
of genetic variation absent from hg38 will therefore require recalling
variants for the entire UKB, which is not available at present. Neverthe-
less, we showin Supplementary Note 6 (Supplementary Fig.13 and Sup-
plementary Table 22) using the LD score regression methodology that
common variants outside hg38 contribute 4.7% more common-variant
heritability (on average across traits) than those in hg38. This gainin
heritability isless than the 9.6% increase in the total number of common
variants detected with T2T, suggesting that genomic regions outside
hg38 are relatively depleted of heritability signal.

Sixth, pedigree-based heritability estimates for diseases (onanunder-
lying liability scale) reported in this study are based on the prevalence
of those diseases in the UKB. Therefore, given the healthy-volunteer
bias affecting UKB participation*®, we expect those estimates to be
downwardly biased.

In conclusion, our study fillsimportant gapsin the quantification of
heritability fromrare variants, and thereby significantly reduces uncer-
tainty regarding how much other factors (for example, non-additive
effects) might contribute to the missing heritability of human pheno-
types. Our results indicate that future polygenic scores integrating
rare variants may improve their predictive power by up to 20% and that
discovery of rare trait-associated variantsiis likely to occur within loci
already detected by current GWAS.
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Methods

Ethics declaration

Thisresearchused datafrom participantsinthe UKB study for discovery
and from the Vanderbilt University’s biorepository of DNA (BioVU)
linked to de-identified medical records for replication of specific
results. Writteninformed consent was obtained from every participant
in UKB study. The BioVU study was designed as an opt-out biobank.
The UKB study received ethics approval from the North West Centre
for Research Ethics Committee (no.11/NW/0382) and the BioVU study
from the Vanderbilt Institutional Review Board.

Research collaboration framework

This study mainly used WGSs called with DRAGEN 3.7.8 from 490,542
UKB?? participants (data field 24310). Further analyses used SNP-array
genotypes and imputed genotypes from two reference panels:
Haplotype Reference Consortium (HRC) plus UK10K and TOPMed.
This work is the result of a collaboration between teams at lllumina
Inc. (UKB application ID 33751) and The University of Queensland
(UKB application ID 12505). All WGS analyses were performed under
lllumina’s application. All analyses requiring WGS data or SNP-array
dataimputed with TOPMed reference panel were performed onthe DNA
Nexus platform, whereas analyses not requiring individual-level data
or not cloud-restricted were performed on local computing clusters.

Selection of samples of European ancestry using SNP-array data
Thefirst sample selection was performed using principal component
loadings computed from 1000 Genomes (1KG) for 207,965 autosomal
SNPsonthe 488,377 samples with SNP-array dataavailable and selecting
samples within 3 s.d. of the IKG reference European ancestry population
mean for the first 10 principal components (455,516 samples of Euro-
pean ancestry retained). We selected samples having both SNP-array
and WGS data available and consenting to data use to have 452,618
samples of European ancestry in the GWAS analyses.

Processing of raw WGS data

We defined stringent quality control steps to ensure high quality of the
remaining genotypicinformation. Wefirstindividually processed each
oneof the136,477 autosomes chunks of raw Binary Variant Call Format
data. In the first step, we kept all samples and removed variants with
the following conditions: minor allele count (MAC) < 30, non-‘PASS’
variant and variants with more than 200 alleles. Multi-allelic variants
were split into separate rows and long allele names fewer than 100
characters were renamed. We merged each chunk into a single file
containing all autosomes variants of MAC > 30 and all WGS samples
(about 130 million variants). We thenapplied a second quality control
step, keeping only the European ancestry samplesidentified previously,
normalizing variants on GRCh38 reference genome and applying the
following filters: genotype missingness more than 0.1, Hardy-Weinberg
equilibrium P=10"®and sample missingness threshold of 0.05. We had
a total of My,gs=40, 575,204 SNPs and indels. These samples were
used in GWAS analyses. We computed a genomic relationship matrix
(GRM) for these 452,618 samples from 583,191 genotyped SNPs of
MAF > 0.01. We extracted a sparse GRM with non-zero entries for pairs
of relatives with a genomic relationship coefficient (calculated as an
allelic correlation, equation (1)) above 0.05 and used it to estimate
pedigree-based heritability. We also extracted a set 0f 347,630 unrelated
Europeanancestry samples for the GREML analyses for which we gen-
erated anew set of WGS genotypes. Finally, we computed allele frequen-
ciesfromthe full 452,618 set and the LD scores from the smaller 347,630
set with ablock size of 1 Mb and an overlap of 500 kb between blocks.

Grouping variants for GREML-LDMS and covariates processing
To compute MAF and LD partitioned GRMs, each variant was assigned
in one of four MAF (0.01-0.1%, 0.1-1%, 1-10%, 10-50%) and further

assigned an LD bin (on the basis of the median LD score statistic within
each MAF bin) (Supplementary Table 2). LD score statistics were calcu-
lated for each SNP as the sum of squared correlations between allele
counts at that SNP and that of all nearby SNPs within a 1-Mb window.
Sample relatedness between individuals i and k was computed using
the following estimator*’:

4] % (06— 2p) (X~ 2p;) .

ik Mj:l 2Pj(1—pj) ()
wherex;is the minor allele countat SNPjfor individual i, Mthe number
of variants used to quantify relatedness and p;the MAF at SNP;.

As asecondary analysis, we further quantified the contribution to
trait heritability from ultra-rare variants (MAF < 0.01%) by including an
extra GRM in both our GREML and HE analyses. Given that unrelated
individuals are unlikely to share ultra-rare variants, this extra GRM was
assumed to be diagonal (infact, it is diagonal dominant) with diagonal
elements (D, for individual i) calculated as

K 2
D, 1 3 N(N=-2Kk)Sy + kM, @)
M5 k(N-k/2)

In equation (2), M=760,525,073 denotes the total number of
ultra-rare variants, M, the number of ultra-rare variants found in exactly
koutof Nindividuals and S, is the number of variants of count kin the
sample (for example, number of singletons when k =1) that individual
i carries. We show in Supplementary Note 3 how equation (2) can be
derived from equation (1).

Phenotypes and covariates quality control
From the initial set of 40 million variants, we computed a set of geno-
typic principal components for each MAF/LD bin independent vari-
ants. Parameters for LD pruning was awindow of 1 Mband aR*= 0.1 for
variants of MAF > 0.01 and R*= 0.01 for MAF < 0.01. In total, 325,484
common variants and 2,435,866 rare variants were retained and
30 genotypic principal components for each bin (that is, 8 x 30 =240
principal components in total) were computed in the set of unrelated
samples using the randomized matrix algorithm implemented in
PLINK2 (ref. 48). To obtain genotypic principal components for the
full sample set, we computed the loading for each variant then projected
themforaper-samplescore.Forsamplesincludedinboth sets, the mean
correlation between computed and projected genotypic principal com-
ponents was more than 0.999, with the minimum correlation at 0.982.

Weincluded as base covariates sex, year of birth, assessment centres,
fasting time at blood sample collection, month of assessment and pre-
scription drug usage. For the drug usage information, we extracted the
field 20003 of the UKB, mapped it to Anatomical Therapeutic Chemical
classification codes and groupedin large categories (statins, diuretics,
anti-hypertensive, beta-blockers, calcium blockers, angiotensins)*.
Furthermore, we also grouped individuals on the basis of their north
and east birth coordinates (UKB fields 129 and 130) with a k-means clus-
tering, with different numbers of clusters (10, 20, 50,100). Individuals
with missing birth location (typically, those born outside the United
Kingdom) were groupedinto aseparate cluster. All fasting times greater
than 24 h were merged into a single group. Similarly, missing data for
assessment centres and month of assessment were grouped into dis-
tinct groups. We binarized each of these sets of covariates including
each possibleyear of birth, dropped unused levels for each phenotype
and standardized each covariate to have amean of 0 and a variance of
1. Toreduce data dimensionality (and reduce collinearity), we applied
asingular-value decomposition onthe covariate matrix fromwhich we
selected the top singular vectors associated with eigenvalues explain-
ingin total greater than 99% of the total variance.

Phenotypes were selected on the basis of data availability and clini-
cal relevance. Phenotypes were standardized within each sex to have



amean of 0 and a variance of 1. For quantitative traits, samples with
phenotypicvalues above 6 s.d. were excluded. Further specific quality
control procedures were performed on a trait-dependant basis (Sup-
plementary Table 3).

For each of the 41 phenotypes, we generated 5 sets of covariateson
the basis of the singular-value decomposition of the base covariates,
the base covariates and principal components, the covariates principal
components and the 4 different numbers of k-means-based birth clus-
ters. Intotal, we fitted as covariates the singular-value decomposition
of six different sets of covariates, generated on either the unrelated or
full (related) sets of samples.

GREML-based estimates

After generating several sets of covariates and/or phenotypes, we used
MPH*to obtain GREML and Haseman-Elston (HE) regression heritabil-
ity estimates. HE estimates were obtained by initializing all variance
components to O (except the residual variance initialized to 1) then
performing one iteration of the minimum norm quadratic unbiased
estimationimplemented in MPH', whichis equivalent to HE regression
and allows a proper adjustment for covariates. Our primary analyses
used GRMs calculated for each of the eight MAF/LD groups of SNPs
and several sets of covariates. Analyses aiming at partitioning}?&,GS
across various genomic annotations were obtained using alarger num-
ber of GRMs as described below. SNP-based heritability estimates of
binary traits were converted on the liability by multiplying them by
K1 -K)/Ip(@ 1 (K))?], where K denotes the prevalence of the binary
trait in the population (here the entire sample of 452,618 European
ancestry participantsinthe UKB), ¢ and @ are the probability density
function and quantile function of a standard normal distribution,
respectively.

Pedigree-based estimates

Pedigree-based estimates of narrow sense heritability (Engo) were
obtained from a set of 171,446 pairs of relatives (GRM value greater
than 0.05) identified in the UKB. For all traits except height, educational
attainment and fluid intelligence score, we modelled the phenotypic
covariance between relatives (conditionally on a set of covariates X)
using the following model:

2 2 2 2
cov(y}, Y;1X) = 04T + ONATE; + 6,0, (3)

where y; and y; are the phenotypes of individuals i and j, i, their
observed GRM value and 6; a direct indicator variable that equals 1
wheni=jand 0 otherwise. Parameters 62, 62, and o capture addi-
tive genetic effects, non-additive genetic effects (including effects of
shared environments that are correlated with ;) and residual effects,
respectively. We estimated these parameters using acomputationally
efficient maximume-likelihood procedure implementedin R (‘Code
availability’). We then used resulting estimates to calculate hpp as
heen = 0%/(02+ 02+ 0.

For height, educational attainment and fluid intelligence, which
are known to be subject to assortative mating (AM), we used a similar
model toref. 50, thatis

cov(y, y;1X) = (0.5)%[1+ 61 + 66
~ 07(0.5)% + 020[(0.5)%d,] + 06,

log(m;)
=02m;+ UAZM”ij {log(OUS)] +02 5

where d;;=log(m,)/log(0.5) measures the degree of relatedness bet-
ween pairs ofind’ividuals, 6 denotes the correlation between genetic
values of mates in a population undergoing assortative mating for
many generations, and o,= 020. The first order approximation in
equation (4) assumes that 0 < 1.

__Using estimates of g7 and o, we then calculated fipep, as App =
02/(og+ 0?). Note that 02, does not affect the phenotypic variance
because its contribution is multiplied log(r,) = O (in outbred popula-
tions). Standard errors for both models (equations (3) and (4)) were
obtained using the deltamethod. We used the TetraHer module® imple-
mented in the LDAK software tool* to estimate the heritability of binary
traits (under models defined by equations (3) and (4)) directly on the
liability scale using the prevalence in the entire sample of European
ancestry participants. All analyses were adjusted for the same set of
covariates used for GREML analyses.

For each trait, we calculated the EHR as EHR = /s s/ fipep- Standard
errors of EHR were calculated using the delta method assuming the
sampling correlation between Evzvcs and EPZED is zero. This assumption
issupported by the fact that pairs of individuals contributing to each
estimator are non-overlapping.

Heritability enrichment in coding variants

We partitioned Evzvcs toassess therelative contribution of coding and
non-coding variants to trait heritability. Specifically, we focused on
coding variants withinloci covered by WES technologies. We identified
these WES loci using the Resource field 3803 (based on IDT xGen Exome
Research Panel v.1.0 and 100 bp flanking region upstream and down-
stream of each capture target). Intotal, 408,096 (that s, 1% of all WGS
variants with MAF > 0.01%) variants were included in the WES-covered
regions and 40,167,108 variants were not. We used the Nirvana pipeline
version 3.22.0 (Code availability section) to predict the functional
consequence of each variant. We defined a set of coding and non-
coding variants on the basis of different consequence categories (Sup-
plementary Table 2). Each of the eight MAF and/or LD groups of
variants was then splitinto three subgroups defined as coding variants
within WES loci (0.71% of all WGS variants with MAF > 0.01%), non-
coding variants within WES loci (0.29% of all WGS variants with
MAF > 0.01%) and variants outside WES loci (99% of all WGS variants
with MAF > 0.01%). We then calculated a GRM for each of the 24 result-
ing subsets of variants. We ran GREML analyses simultaneously fitting
those 24 GRMs and also fitting the full set of covariates. We defined
the heritability enrichment in coding variants using the following
equation:

2

hCoding/MCOding (5)
~2
hWGS/MWGS

where ECzoding is the overall contribution to E@GS from coding vari-
ants and Mc,q;,e the total number of coding variants used in the analy-
sis, that is approximately 0.71% of 408,096. Standard errors of
F(coding) were derived using the delta method. We used a similar
approachto define and calculate heritability enrichmentin other func-
tional annotations (for example, in non-coding variants within WES
lociorinvariants withinloci thatare conserved across species). These
further analyses are described in the Supplementary Note 1.

E(coding) =

GWAS analyses
We performed associations analyses between 34 phenotypes and
WGS variants using Regenie®® while fitting all covariates used for her-
itability estimation (including 100 k-means for birth coordinates). We
computed the step1leave-one-chromosome-out genomic predictors
using 500,999 LD-pruned common variants (LD r*> 0.9, window size
10 Mb, MAF > 0.05). We then used these predictors for step 2 in both
WGS and imputed datasets. We used a stringent Pvalue threshold of
5x107 to determine genome-wide significance. We used PLINK** to
clump genome-wide significant associations for each trait into inde-
pendent loci. The PLINK parameters used to perform clumping were
anLD 2 < 0.01between lead SNPs located within 1 Mb of each other.
Tofurther ensure the statisticalindependence of our associations, we
performed ajoint analysis fitting all clumped SNPs simultaneously, then
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only retained genome-wide significant SNPs from the joint analysis.
Joint analyses were performed independently for each chromosome
while fitting the same covariates as in marginal GWAS analyses and
corresponding leave-one-chromosome-out genomic predictors to
account for stratification and cryptic relatedness as implemented
in Regenie. Joint analyses used multivariate linear regression for
quantitative traits and Firth’s penalized logistic regression for binary
traits. Specifically, we used the R package logistf (‘Code availability’)
to perform Firth’s correction following the procedure described
inref.53.

We quantified the proportion of variance explained (on the observed
scale) by different sets of associations using the following equation:

EGZWAS = '21 2p,(1- pj)ﬁ_;ml;j\c (6)
=

where m is the number of SNPs in the focal set of association, ﬁ and
ﬁ the (winner’s curse corrected®*™) estimated marginal and condi-
tlonal effect size of SNPj, respectively. For binary traits, we calculated
ESWAS as the proportion of liability variance explained by trait-associ-
ated variants using the R code provided in ref. 55 (‘Code availability’)
withwinner’s curse corrected effect sizes (on the observed scale), and
allele frequencies and prevalence from the entire sample set. We cal-
culated hGWAS for CVAand RVAs separately then compared these quan-
tities with thelr corresponding components ofhwGS (Fig. 3a). We
re-assessed hGWAS for LDL, HDL and ALK in an independent sample of
Europeanancestry participants of the AGD cohort as described in Sup-
plementary Note 2.

We annotated GWAS-identified variants using Gencode v.39 (ref. 56)
to determine their position relative to genes and IDT xGen Exome
Research Panel (described above) to assess whether a variant lies within
aWESlocus. We binned trait-associated variants as a function of their
distance to the nearest gene. For annotations, we annotated variants
using different methods with respect to their functional role. We used
unified rank scores annotations provided by dbSNFP**® to evaluate the
association of rare variants effect sizes with their predicted pathogenic
effects. We selected the main annotations (AlphaMissense®®, CADD®,
Polyphen2 (ref. 61), Revel®?, SIFT®*) as well PrimateAI3D?, SpliceAl**
and PromoterAl®. We selected a 0.1 and |0.1]| thresholds to define
pathogenicity in SpliceAl and PromoterAl, respectively. For all other
annotations, we used their normalized percentile score and defined
pathogenicity as scores above the third quintile of each standardized
scores distribution (Supplementary Fig. 6). Conserved variants were
defined as variants with Zoonomia phylogenetic score above 2.27, as
done previously®*.

Finally, we used SuSiE®**’ to fine-map GWAS loci into 95% credible
sets. Lociwere defined as genomic regions within a 250-kb window on
each side of an independent associations. Effect sizes of binary traits
were converted to the liability scale using the method in ref. 55.

GWAS of imputed SNPs from HRC + UK10K and TOPMed panels

We ran similar GWAS analyses (to those described above) simply
replacing WGS variants with imputed variants from different panels:
the HRC + UK10K imputation panel and the TOPMed imputation pan-
els. We applied similar quality control thresholds to both datasets
(MAF > 0.01%, hardcalls genotyping missingness rate less than 0.1,
sample missingness <0.05, imputation quality INFO score greater than
0.3 and Hardy-Weinberg Equilibrium test P >107%). We processed the
HRC + UK10K-imputed data locally, while TOPMed-imputed geno-
types were processed on the DNA Nexus platform. After the quality
control process, we were left with 35,152,666 variants for HRC + UK10K
imputation and 35,657,593 for TOPMed imputation. For each dataset,
we ran Regenie on dosage genotypes for each of the 34 quantitative
and binary phenotypes. We used the leave-one-chromosome-out
predictions derived from the step 1 computed on WGS data. We used

the same clumping and joint analysis parameters described above
to identify independent loci. A fine-mapping analysis with SuSiE (as
described above) was also performed for each imputed dataset with
similar parameters.

Association between variant density and structural variants

For each CVA, we calculated the density of other CVAs (associated
withthe same trait) within awindow of 100 kb. We hereafter refer this
quantity as the CVA-CVA density. We perform the same calculations
for RVAs and similarly defined an RVA-RVA density for each RVA.
Next, we then assigned each of the GWAS variants to an LD block on
the basis of European ancestry-specific GRCh38 LD definitions®s, We
then used publicly available independent associations for tandem
repeats (VNTR) and copy-number variants (CNV) and matched them
with the traitsin our study (20 out of 34 traits, 8,839 unique variants,
9,542 intotal). We used ref. 69 for VNTRs, ref. 70 for array-called CNVs
(CNV,gray) and ref. 71 for WES-called CNVs (CNV,;¢) to inform of the
presence or absence of VNTR, CNV,gray and CNV s in proximity of a
trait-matched GWAS significant variant. We had 3,397 GWAS variants
(3,049 common and 348 rare) located on the same chromosome as
astructural variant associated with the same trait. We found 300
out of these 3,397 located within 100 kb (172 common and 128 rare).
Finally, we fitted two logistic regression models (for common and
rare variants separately) regressing a binary indicator of the pres-
ence of a nearby (within 100 kb) trait-associated structural variant
onto a binary indicator of CVA-CVA or RVA-RVA density equal or
larger than 2.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Individual-level data of UKB participants canbe accessed on application
tothe UKB (http://www.ukbiobank.ac.uk). Results of fine-mapping anal-
yses of GWAS loci identified in this study are available in Supplemen-
tary Data. Data used to generate Figs.1-3 and Extended Data Figs.1-9
are available at Zenodo (https://doi.org/10.5281/zenod0.17255322)™.
Owing to the nature of the AGD dataset and commercial limitations,
individual-level raw dataare not available. Genotypes of participantsin
the1000 Genomes Project were downloaded under the hg38 genome
build at https://www.cog-genomics.org/plink/2.0/resources and the
T2T genome build (chm13v2.0) at https://s3-us-west-2.amazonaws.
com/human-pangenomics/index.html?prefix=T2T/CHM13/assem-
blies/variants/1000_Genomes_Project/chm13v2.0/. Source data are
provided with this paper.

Code availability

Analyses were performed using publicly available software. Statistical
analyses were performed using R (v.4.1.0, v.4.2.1) available from the
R site at https://cran.r-project.org/. Firth’s penalized logistic regres-
sion was implemented using the R package logistf (v.1.26.1) available
through the Rsite at https://cran.r-project.org/web/packages/logistf/
index.html. GWAS analyses were performed using REGENIE available
through GitHub at https://rgcgithub.github.io/regenie/. Genotype data
quality control, including filtering and LD pruning, as well as allelic
scoring was performed with PLINK v.1.90b6.20 available at https:/www.
cog-genomics.org/plink/ and PLINK2 v.2.00a6LM (authors S. Purcell
and C. Chang) available at https://www.cog-genomics.org/plink/2.0/.
Fine mapping was performed with SuSiE available through GitHub at
https://stephenslab.github.io/susieR/index.htmlimplementedintheR
package susieRv.0.12.35. lllumina Nirvana annotation was performed
using v.3.22.0 available through GitHub at https://illumina.github.io/
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NirvanaDocumentation/ and at https:/www.illumina.com/science/
genomics-research/articles/Connected-Annotations-blog.html. Vari-
ance component estimations were performed using MPH v.0.54.0
available through GitHub at https://jiang18.github.io/mph/. Variance
component estimation for family-based analyses were performed using
acustom R scripts available on GitHub available at https://github.com/
loic-yengo/REML-with-sparse-relationship-matrices. Liability scale
estimates of pedigree-based heritability for binary traits were obtained
using LDAK’s TetraHer module available at https://dougspeed.com/
tetraher/. Variance explained by SNPs on the liability scale was obtained
using the code providedinref. 63 and on GitHub at https://github.com/
tianwull17/EStrans/blob/main/EStrans.R.LD scores between hg38 and
T2T genome builds were calculated using a custom C++code available
atZenodo (https://doi.org/10.5281/zen0d0.16550864)7. R scripts used
togenerateFigs.1-3and Extended DataFigs.1-9 are available at Zenodo
(https://doi.org/10.5281/zenodo.17255322)"2.
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Extended DataFig.1|Sensitivity analyses showing the effect of covariates
adjustment on WGS-based heritability estimates. The x-axis shows different
sets of covariates considered, and the y-axis represents the difference between
adjusted and unadjusted estimates. The list of base covariatesis described in
the METHODS section. PCs denote that 240 genotypic principal components
calculated from common and rare variants wereincluded in the analyses as fixed
effects. Clusters represent k-means based clusters of birthplace coordinates for
UK Biobank participants (METHODS). The number of clusters was varied
between10and 100 to better capture localized geographic confounding.
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consistent with priorevidence of AM on these traits and the fact that AM affects
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corrected for AM-induced biased using the formula proposed by Border et al.”.
AM-adjustment assumes aspousal correlation of 0.2 for height and 0.4 for EA.
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Genetic correlation estimated from common variants using GREML

was calculated using a Pearson’s correlation coefficient (R) over n = 86 pairs

of traits. The p-value measuring the statistical significance of Ris denoted as p
andisbased onatwo-sided Pearson’s correlation test. (d) Comparison between
common-variant (x-axis) and rare-variant (y-axis) genetic correlations for 86 pairs
of traits. Labelsindicate pairs of traits with marginally significant difference
(two-sided Wald test: p-value < 0.05). Error bars in panels (c) and (d) represent
standarderrors.
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imputation-based GWAS. (c) Example of zero-density common variant

(MAF =45%): intronic variant with splicing effect significantly associated
with waist-to-hip ratio (WHR) in WGS GWAS but missed by imputation-based
GWAS. (d) Example of zero-density rare variant (MAF = 0.8%): pathogenic SNP
(PrimateAl 3D percentile score of 0.78) downstream T/NF2 associated with
telomerelength (TELO) in WGS-based GWAS and missed by imputation-based
GWAS. A high-level comparison of fine-mapping resolution between WGS and
imputationis shownin Extended DataFig. 6.
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represents the -log10 p-value from an analysis of variance comparing the
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marginalsignificance, thatislog,,(0.05) ~1.3. We highlight 4 genomic
annotations withamarginally significant association with effect size magnitude:
PrimateAl, “Functional”, WES-coverage and DCCVA. The PrimateAl annotation
classifies variants with anormalized score below (resp. above) 0.4 asbenign
(resp. pathogenic). The “Functional” annotation has 6 groups: UTRs, Missense,
Loff-of-Function, Intron, Synonymous and Intergenic. The WES-coverage
annotation has 3 groups indicating variant outside of genomic regions covered
by WES (WES loci), non-coding variants within WES loci, and coding variants
within WES loci. The DCCVA (short for Distance to Closest Common Variant
Association) was binned into 3 groups: less than 20 kb, between 20 kb and

100 kb, and more than 100 kb. Description of other genomic annotationsis
providedinthe METHODS section.
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other socially relevant components were used to determine genetic proximity to a reference sample of 504 individuals in the 1000 Genomes
groupings Project, whose ancestry group was broadly defined as European.
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assessment and prescription drug usage. For the drug usage information, we extracted the field 20003 of the UK Biobank,
mapped it to ATC codes and grouped in large categories (statins, diuretics, anti-hypertensive, beta-blockers, calcium
blockers, angiotensin). Additionally, we also grouped individuals based on their north and east birth coordinates (UK Biobank
fields 129 and 130) with a k-means clustering, with different number of clusters (10, 20, 50, 100). Individuals with missing
birth location (typically, those born outside of the UK) were grouped into a separate cluster. All fasting times > 24h were
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distinct groups. We binarized each of these sets of covariates including each possible year of birth, dropped unused levels for
each phenotype, and standardized each covariate to have a mean of 0 and a variance of 1. To reduce data dimensionality
(and reduce collinearity), we applied a singular-value decomposition (SVD) on the covariate matrix from which we selected
the top singular vectors associated with eigenvalues explaining in total >99% of the total variance.

Recruitment UK Biobank investigators sent postal invitations to 9,238,453 individuals registered with the UK’s National Health Service who
were aged 40-69 years and lived within approximately 25 miles (40 km) of one of 22 assessment centers located throughout
England, Wales, and Scotland. Overall, 503,317 participants consented to join the study cohort and visited an assessment
center between 2006 and 2010, resulting in a participation rate of 5.45%. (Fry et al. Am J Epidemiol. 2017 Nov
1,186(9):1026-1034).
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consent was obtained from every participant in UK Biobank study. The BioVU study was designed as an opt-out biobank. The
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Data exclusions  quantitative traits, phenotypic values larger than 6 standard deviation away from the mean (in the sample) were discarded.

Replication Replication of GWAS results for LDL was conducted in the Alliance for Genomic Discovery (AGD) dataset consisting of 191,454 European
ancestry samples and 28,232 African ancestry samples.
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