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Rare coding variants that substantially affect function provide insights into the biology
of agene'®. However, ascertaining the frequency of such variants requires large sample
sizes* 8, Here we present a catalogue of human protein-coding variation, derived from
exome sequencing of 983,578 individuals across diverse populations. In total, 23% of
the Regeneron Genetics Center Million Exome (RGC-ME) data come from individuals
of African, East Asian, Indigenous American, Middle Eastern and South Asian ancestry.

The catalogue includes more than 10.4 million missense and 1.1 million predicted
loss-of-function (pLOF) variants. We identify individuals with rare biallelic pLOF
variantsin 4,848 genes, 1,751 of which have not been previously reported. From
precise quantitative estimates of selection against heterozygous loss of function
(LOF), we identify 3,988 LOF-intolerant genes, including 86 that were previously
assessed as tolerant and 1,153 that lack established disease annotation. We also define
regions of missense depletion at high resolution. Notably, 1,482 genes have regions
that are depleted of missense variants despite being tolerant of pLOF variants. Finally,
we estimate that 3% of individuals have a clinically actionable genetic variant, and
that11,773 variants reported in ClinVar with unknown significance are likely to be
deleterious cryptic splice sites. To facilitate variant interpretation and genetics-
informed precision medicine, we make this resource of coding variation from the
RGC-ME dataset publicly accessible through a variant allele frequency browser.

Exome sequencing has enabled the discovery of rare coding variants,
and has thus provided insights into gene function that have accelerated
the pace of disease-associated gene discovery across Mendelian and
commondisorders'>*°2 Furthermore, exome sequencing has identi-
fied protective alleles that highlight drug targets that could be ame-
nable to pharmacological intervention®>™, For example, anti-PCSK9
drugtherapyisbased on the observation thataloss of PCSK9 function
is associated with reduced levels of cholesterol™s,

Cataloguing rare coding variation can help with the implementa-
tion of precision medicine'®?, Large datasets of genetic variation
that are representative of the human population are essential for
the comprehensive discovery and interpretation of rare variants.
Roadmaps for numerous large-scale sequencing studies have been
proposed, and several efforts are now underway? 2. The Genome
Aggregation Database* (gnomAD) and Trans-Omics for Precision

Medicine® (TOPMed) initiatives have developed large public databases
of genetic variation derived from approximately 200,000 individu-
als and 132,000 individuals, respectively. Here, we describe a harmo-
nized collection of exonic data derived from 983,578 individuals who
represent a diverse array of ancestries. We calculate continental and
fine-scale ancestry-based allele frequencies across this dataset and
make the data publicly available through the RGC research browser:
https://rgc-research.regeneron.com/me.

Survey of variation in the RGC-ME dataset

The Regeneron Genetics Center Million Exome (RGC-ME) dataset con-
tainsthe genetic variation observed in 983,578 individuals. These data
span dozens of collaborations, including large biobanks and health
systems. All datawere generated by Regeneron Genetics Center using
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Fig.1|Variantsurvey and population countsinthe RGC-ME dataset.
a,Summed proportional ancestry (sum of weighted ancestry probabilities) at
continental, sub-continental and regional levels for 821,979 unrelated samples
(Supplementary Table 1b). All subsequent variant counts and surveys have
been performed inthe unrelated analysis set. UNK, unknown. b, Count of
variants unique to RGC-ME (that s, variants notingnomAD v.3.1.2 genomes,

asingle harmonized sequencing and informatics protocol. Previously
published datasets, such as the UK Biobank and the Mexico City Pro-
spective Study, were reprocessed®”. The RGC-ME dataset comprises
both outbred and founder populations spanning African (AFR), Euro-
pean (EUR), East Asian (EAS), Indigenous American (IAM), Middle
Eastern (MEA) and South Asian (SAS) continental ancestries, and
includes cohorts with relatively high rates of consanguinity. More than
190,000 of the unrelated participants (23%) are of non-EUR ancestry
inthe RGC-ME dataset, as compared with 35,000 in gnomAD genomes
(v.3.1.2), 53,000 in gnomAD exomes (v.2.1.1), and 91,000 in TOPMed
Freeze 8, indicating that RGC-ME represents a large increase in the
number of individuals of non-EUR ancestry in datasets of genetic vari-
ation*® (Fig. 1a and Supplementary Table 1a).

We performed acomprehensive survey of genetic variation, encom-
passing single-nucleotide variants (SNV) and insertion-deletion (indel)
variants. To estimate population allele frequencies, we focused on
821,979 unrelated samples (referred to hereafter as the 822K unrelated
set; Supplementary Table1a). Weidentified 16,425,629 unique mutated
genomic positions (that is, sites) in autosomal and X-chromosomal
coding regions, with one unique reference-alternate allele change
(that s, variant) every two bases on average. In canonical transcripts
within sequencing target regions, mutations at 35.6%, 32.2% and 9.5%
of all possible genomic positions that can lead to synonymous, mis-
sense and stop-gained variants, respectively, were observed. In highly
methylated CpG sites, we observed 95.0% of all possible synonymous,
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gnomADv.2.1.1exomes and TOPMed Freeze 8), broken down by singletons and
variant functional category. M, million. ¢, Variant countsin different functional
categories, proportion of singletons and per-individual median values. All
counts were based on variantsin the canonical transcript. pLOF includes
frameshift, essential splice donor and acceptor (excluding splice sites in UTRs)
and stop-gained variants.

92.2% of missense and 78.6% of stop-gained variants. Across all muta-
tional contexts, 21.4% and 8.4% of all possible synonymous variants and
stop-gained variants, respectively, were observed (Extended Data
Fig.1). Thus, RGC-ME represents a major advance towards the com-
prehensive discovery of rare variants.

Among coding variation in canonical transcripts, 1,115,116 pLOF
variants were identified, which include those causing a premature
stop, affecting essential splice donor and acceptor sites or causing
frameshifts (Fig. 1c). Of these pLOF variants, 53.3% were observed
as singletons; that is, only observed in one individual. In addition,
4,645,092 synonymous (35.7% as singletons) and 10,444,562 missense
(40.0% as singletons) variantsin canonical transcripts were detected.
Atotal of 48% of coding variants in canonical transcripts were unique
to RGC-ME and absent in other large-scale datasets*® (Fig. 1b). Each
sample had amedian of 137 pLOF, 8,652 missense and 10,184 synony-
mous variants (Fig. 1c). AFR individuals had, on average, 18.6% more
variants across all functional categories compared with individuals of
other ancestries (Extended DataFig. 2), as expected on the basis of the
‘Out of Africa’ model of human population history?.

Constrained genes

Population-scale sequencingallows the quantification of pLOF variation
ingenes, whichis key tounderstanding therelationship between genes
and diseases. Several gene constraint metrics have been developed
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Fig.2|Estimates of gene-level constraint, representings,,.., from the RGC-ME
dataset. a, Means, . probability density for 16,710 canonical transcripts with
95% Cls calculated with10,000 bootstrapped samples from the means of
individual genes. b, Odds ratios (points) and 95% Cls (short horizontal lines;
computed using standard error) for genes with s cut-off > 0.073 (deemed
highly constrained genes) tobeincludedin each gene category listed onthe

to estimate the pLOF tolerance of genes?. Here, we estimated pLOF
depletion using the cumulative frequency of pLOF variants in a gene
toderive aselection coefficient, s, that quantifies fitness loss due to
heterozygous pLOF variation®, We estimated the indispensability of
16,710 protein-coding genes on the basis of the observed number of
rare pLOF variants per gene with acumulative alternate allele frequency
(AAF) of less than 0.1% compared with the expected number based on
gene-specific mutation rates (Supplementary Table 2).

The means, value inthe RGC-ME dataset for canonical transcripts
was 0.073 (95% highest posterior density (HPD)):[0.043, 0.12] (median
Shee = 0.021) (Fig. 2a), which suggests that, on average, a pLOF would
resultin7.3% lower evolutionary fitness relative to the reference allele.
This estimate is comparable with the mean s, value of 0.073 [0.029,
0.18] (median = 0.028) computed using the same method on the EXAC
dataset® (n =~ 60,000). Our samplessize (n = 822,000) helped to accu-
rately quantify rare pLOF variants and compute more precise con-
straint scores than the EXAC values. This finding is best illustrated
in known haploinsufficient genes, which are expected to be more
constrained and thus have larger s, values relative to all genes
(Extended Data Fig. 3a). Compared with values that were computed
with EXAC data, s, values for haploinsufficient genes in the RGC-ME
dataset were significantly higher (As,..=0.045, P=0.002) and had
smaller 95% HPD ranges despite those larger means (AVar(s;,) =
-0.026, P=4.5x10"%). Estimates for all genes were more precise in
822K samples compared with arandomly downsampled set of 60,000
samples from the RGC-ME dataset (Extended Data Fig. 3b), in
which mean and median 95% HPD ranges were 6.2- and 4.0-fold larger,
respectively.

The s, value is higher in genes that are associated with Mendelian
diseases®* (Extended Data Fig. 3a), and can differentiate groups of
genes under varying degrees of selection (Fig. 2b). We used s;,.. to
identify constrained genes by comparing the s, scores of known
high-constraint genes (haploinsufficient, autosomal dominant
and developmental-specific autosomal dominant) with those of
low-constraint genes (haplosufficient and genes with rare biallelic
pLOF variants from the RGC-ME dataset) (Extended Data Fig. 4a).
Among 1,476 genes in the ‘high-constraint’ and 3,893 genes in the
‘low-constraint’ groups, 89.1% of genes with a s, score greater than
the mean (0.073) and 66.6% of genes with a s, score greater than the
median (0.021) belonged to the high group (Supplementary Table 2).
These thresholds served as cut-offs for mean and lower bound
(2.5% HPD), respectively, to identify highly constrained genes with
fitness deficits ona par with dominant disease-causing genes that also
reflect uncertainty in the mean.
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Developmental autosomal dominant
Cancer Census
Autosomal dominant
Mouse lethal .

Cell essential *

ClinVar and HGMD L4

No annotation
Developmental autosomal recessive
Autosomal recessive
Haplosufficient
Human knockout

¢
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Odds ratio for highly constrained genes (s, > 0.073)

yaxis compared with genes below the cut-off. Genes defined as ‘human
knockouts’ are those with carriers of rare, biallelic pLOF variants observed in
the RGC-ME dataset. Atotal of 16,710 canonical transcripts wereincluded in
each category, which contained at minimum 234 ‘true’ genes (that category
being haploinsufficient genes). HGMD, Human Gene Mutation Database.

We compared s, to other published LOF constraint measures,
such as LOEUF*, and an alternate method for estimating s, based on
approximate Bayesian computing®, which we refer to as S,.sc (Sup-
plementary Figs. 2-4). Spearman rank correlations between s;,.. from
RGC-ME and these estimates were high (-0.768 with LOEUF; 0.778 with
Shet-asc)- However, s, derived from RGC-ME had higher sensitivity and
specificity in differentiating between constrained and unconstrained
genes, compared with LOEUF and s;....sc (EXtended Data Fig. 4a).

Improving s, estimates is most valuable for genes with few expected
pLOF mutations*, particularly shorter genes. The RGC-ME dataset
allowed s, to be estimated more precisely for the smallest quantiles of
gene codingsequence (CDS) length (Extended DataFig. 3c),and derived
moreinformative constraint metrics using an allele-frequency-based
approach and alarger sample. We derived constraint scores for 923
genes that had 5 or fewer expected pLOF variants, deemed under-
powered for similar analyses with LOEUF*2, These 923 underpowered
genes were significantly shorter, with a mean CDS length of 573 base
pairs compared to1,797 base pairs for genes with more than 5 expected
pLOF variants. Eighty-six genes were highly constrained, with a mean
Shee Value greater than 0.073 and a lower bound greater than 0.021
(Extended Data Fig. 4b), and are promising candidates for efforts to
discover new disease-associated genes. Thirty per cent (26 of 86) have
been linked to human diseases or shown to be essential in mice or cell
lines (Supplementary Table 2). These include well-studied genes with
knownimportancein cellular function, such as the transcription factor
TWISTI (ref. 33), DNA- and RNA-binding protein BANF1 (refs. 34,35) and
transactivator CITED2 (ref. 36).

Overall, 3,988 highly constrained genes had s, values greater than
0.073 and a lower bound greater than 0.021. Although 1,153 of these
lack known associations with human diseases or lethal mouse knock-
out phenotypes, they are likely to have high functional importance.
These constrained genes might lack disease associations because the
loss of even a single copy is incompatible with life or causes reduced
reproductive success without clinical disease®.

Constrained coding regions

Identifying sub-genicregions thatareintolerant of mutations canreveal
functionally important regions that would otherwise be missed when
constraint scores are aggregated at the gene level. Models of local
coding constraint are powerful tools for identifying protein domains
with crucial functions and for variant prioritization®®**°. In addition
to gene constraint derived from pLOF variation, we also identified
regions depleted of missense variation using the missense tolerance
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Fig.3|Missense regional constraintcaptured by MTR. a, Oddsratio (OR)
(points) and 95% Cls (error bars, two-sided Fisher’s exact test) of Clinvar
pathogenic versus benign variantsin MTR ranking regions across the whole
exome. Comparisonsinclude MTR calculated using the 822K unrelated
samples from the RGC-ME dataset on 31-codon (blue) and 21-codon (pink)
windows, and MTR calculated using arandom subset 0f225,000 samples from
thelarger 822K samples using a 31-amino-acid sliding window (yellow). MTR
valuesinclude variants for which the FDRis less than 0.1. A total of 21,047
benign ClinVar variants and 12,872 pathogenic ClinVar variants (two stars or
more (CV2+)) wereincluded. b, MTR ranking distribution of different protein
functional regions and variant groups (in order: DNA-binding sites (n=2,787),
Clinvar pathogenicsites (n =10,673), active sites (n =2,787), transmembrane
region (n=2,787),localized to extracellular (n = 25,665), localized to cytoplasm
(n=32,994) and ClinVar benign sites (n =20,739)). Box plot shows median

and 25-75% interquartile range. The whisker minima and maximarepresent
thesmallest and largest data points within1.5x the interquartile range from
thelower quartile and upper quartile, respectively. Every functional category

ratio (MTR)***, defined as the ratio of the observed to the expected
proportion of missense variants adjusted by synonymous variation
in a defined codon window. Using the 822K unrelated samples, we
calculated the MTR for each amino acid along the CDS within sliding
windows of 21 and 31 amino acids (MTR scores available on figshare;
see ‘Dataavailability’) and characterized continuous segments of mis-
sense constrained regions (Supplementary Table 3).

Compared with benign missense variants, ClinVar pathogenic mis-
sense (two stars or more) variants were highly enriched in the top
percentile of exome-wide MTR scores (odds ratio =100.0 and 89.8,
computed with 21- and 31-codon windows, respectively; Fig. 3a). Our
sample size, whichis nearly four times larger than that usedin previous
MTR estimates®, resulted inimproved discrimination between patho-
genic and benign variants for top-10-percentile MTR scoresin which we
observedsignificant enrichment (Fig. 3a). This larger sample size ena-
bled us to identify 24% more missense variantsin the top-1-percentile
constrained MTR scores (512,499 versus 413,147) compared with asub-
sampled set 0f225,000, after adjusting for afalse discovery rate (FDR)
lower than 0.1. In addition, the increased power derived from 822K
samples resulted in higher resolution for distinguishing pathogenic
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was significantly more constrained than the category to its right with two-
sided Wilcoxon rank-sum test (least significant p-value =2 x107*, Bonferroni
correction). ¢, Distribution of the proportion of geneslocated in exome-wide
top-15-percentile MTRregions against the heterozygous selection coefficient,
Shee- GENes withasignificant proportionin the most constrained 15-percentile
MTRregionare colouredin pinkandyellow (P < 0.05, Bonferroni-corrected,
one-sided binomial tests with t, = 0.15), stratified by LOF constraint (s, = 0.073).
Pink dots highlight genes that are tolerant of LOF, but have some regions
depleted of missense variation. Blue lines indicate the density of genes with s,
scoresfromOtol(right margin) and genes withaproportion of MTRin the top
15 percentile exome wide (above plot).d, MTR track of anoncogene, KRAS,
amissense-specific constrained gene, along with the domain structure of the
protein. The blue MTR-constrained regionis defined by top-15-percentile
exome-wide MTRrank. The N-terminal region containingamino acids1-80is
depleted of missense variation, even though KRAS istolerant of heterozygous
LOF variation (s, = 0.002).

from benign variants for MTR computed with 21-codon windows, albeit
attheexpense of having fewer scored missense variants overall (295,958
constrained missense variants).

Deleterious variants are expected to have lower allele frequencies
than neutral variants, owing to negative selection. We can infer the
functional importance of different classes of variation by comparing
the proportion of singletons in each class. We computed the deleteri-
ousness of variants using an updated mutability-adjusted proportion
of singletons (MAPS) metric**?and derived an MTR score threshold at
which their MAPS score corresponds to that of missense variants that
were predicted tobe deleterious by five out of five prediction algorithms
indbNSFP (v.3.2; see Supplementary Information); that s, 5/5 missense
variants. Variants with MTR values in the top-15-percentile exome-wide
threshold (MTR < 0.841) were predicted to be as deleterious as 5/5 mis-
sense variants (Extended Data Fig. 5a). For 31-codon windows, 1.24%
(129,990) of all missense variants (excluding known ClinVar pathogenic
variants) observed inthe RGC-ME dataset had significant MTR scoresin
thetop 15 percentile. These missense variants in the top 15 percentile of
exome-wide MTR are potentially deleterious and could be suitable for
prioritizationin projects aiming to discover disease-associated genes.



MTRis auseful metric of regional constraint that may capture func-
tionallyimportant segments withingenes. We defined MTR-constrained
regions as continuous regions within a protein that have variants
with MTR values in the top-15-percentile threshold (Supplementary
Information and Extended Data Fig. 6a). We identified 41,114 missense
constrained regions in 12,349 genes (Supplementary Table 3). Our
findings overlap withresults from a previous study®® that estimated the
regional observed-to-expected missense ratio (y) fromaround 60,000
ExACsamples (Extended Data Fig. 6b) to derive acomposite missense
deleterious score called MPC. We refer to the MPC-derived constrained
regions as MPC segments, and compared these with MTR-constrained
regions. MTR-constrained regions had amedian length of 22 residues
[14-35, quartile 1-quartile 3], compared with 358 [208, 579] in MPC
segments. Overall, we identified 8.59 times more MTR-constrained
regions than MPC segments (y < 0.612, top 15 percentile) across 2,832
transcripts with data from both methods (Extended Data Fig. 6c).

We examined the distribution of de novo missense variants in
MTR-constrained regions and observed a significant enrichment
(P=2.61x107°) of variants identified in individuals with neurodevel-
opmental disorders (Extended Data Fig. 7a,b). Case variants were 1.85
times [1.50, 2.31(95% CI)] more likely to occur in constrained regions,
compared with controls. As expected, well-supported (two stars or
more) ClinVar pathogenic missense variants were also highly enriched
(P=0) in MTR-constrained regions. Pathogenic variants were 8.82
times[8.17,9.53 (95% Cl)] more likely to occur in missense constrained
regions than were benign variants.

Missense constrained sites were found in key functional regions, such
as DNA-binding regions and active sites (Fig. 3b). Among membrane
proteins, transmembrane regions ranked higher in MTR-constrained
regions than did cytoplasmic and extracellular domains. We also
compared the overlap of MTR-constrained and functional regions
by computing Jaccard indices. Ubiquitin-conjugating (UBC) core
domains and DNA-binding regions had the highest overlap with con-
strained regions (Jaccard index = 0.52 and 0.18, respectively), sug-
gesting that, among UBC enzymes, more than half of the union set
between MTR-constrained regions and core domains overlapped. Other
enriched functional regionsincluded protein kinases and nuclear recep-
tor ligand-binding domains (Supplementary Table 4).

Atotal of 4,064 genes contained regions depleted in missense varia-
tion with asignificant proportion of their coding sequenceinthe top 15
percentile of MTR (binomial test with 1ty = 0.15, P < 0.05 after multiple
testing correction; Supplementary Table 5). To identify genes with
signatures of missense-only constraint, we assessed the LOF-constraint
metric, Sy, Of these highly missense constrained genes (Fig. 3c). Among
the 4,064 genes, 1,482 either were not LOF constrained or lacked s,
estimates. These genes had significantly shorter CDS lengths thanthose
of the 1,424 LOF-specific constrained genes (P=2.9 x 10™°, Wilcoxon
test; Extended Data Fig. 7c). Estimating region-level LOF constraint is
difficult owing to strong selection against pLOF variants, which leads
to apaucity of pLOF variation. MTR serves as acomplementary lens for
identifying, first, functionally important regions at a higher resolution
thangene-level LOF constraint, and, second, regions within genes that
are depleted of missense variation but tolerant of LOF variation. For
example, KRAS, a well-known oncogene, is LOF tolerant (s, = 0.002,
LOEUF =1.24); however, the first 80 amino acids (42%) of the protein
sequence were ranked in the top 1 percentile of exome-wide MTR
(Fig. 3d). This region includes the P-loop, switch 1 and switch 2 func-
tional domains, which form crucial binding interfaces for effector
proteins*, and these results therefore highlight the importance of
regional constraint metrics.

Understanding ‘human knockouts’

Identifying genes with biallelic pLOF variants provides an opportu-
nity to understand gene function directly through the phenotypic
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Carriers of homozygous pLOFs and compound heterozygous variants were
includedin this analysis. b, Breakdown of the number of unique pKO genes
observedinthe RGC-ME dataset by ancestry. Both sets of rare biallelic variants—
homozygous pLOFsand compound heterozygous—wereincluded in this
analysis. See Extended Data Table 1a for abreakdown by ancestry of each type.
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Curvesreflect the accrual ofthe expected number of genes with atleast one,
atleastfive and atleasttencarriers, respectively, of arare, homozygous pLOF.
Asterisk denotes the inclusion of cohorts with a high rate of consanguinity.

characterization of individuals who have such variants—effectively,
naturally occurring ‘human knockouts’. The RGC-ME dataset includes
founder populations and cohorts with high rates of consanguin-
ity, contributing to a comprehensive collection of homozygous
loss-of-function variation®**, Overall, we identified 4,686 genes
comprising 8,576 rare (AAF <1%) homozygous pLOF variantsin 64,852
individuals (Supplementary Table 6). Furthermore, we identified 1,205
genes with carriers of rare (AAF <1%) heterozygous pLOF variants in
trans; thatis, compound heterozygotes, 162 of which lacked homozy-
gous pLOFs. Intotal, 4,848 genes were discovered with carriers of bial-
lelic pLOF variants inwhich both alleles of agene were affected by pLOF
variation and could be described as putative gene knockouts (pKOs).
Ofthese, 1,751 (1,650 from homozygous pLOFs only) have not to our
knowledge been previously reported. Biallelic pLOF variantsin RGC-ME
arerare; 64.3% of homozygous pLOF variants and 37.4% of pKOs were
detected in one participant (Fig. 4a). As expected, cohorts with higher
rates of consanguinity were enriched in homozygous pLOF variants,
compared with outbred populations, despite smaller sample sizes
(Fig. 4b,c and Extended Data Table 1).

pKOs weressignificantly less constrained, with alower s, (on average
-0.074[-0.077,-0.071(95% CI)], t-test) relative to all other genes. Only
2.67% of pKOs had an s, value greater than 0.073, as compared with
21.6% of allhuman genes, and 47.2% of pKOs were in the lowest quintile
of s, SCOres exome-wide (sp,.; < 7.07 x 107%). A caveat is that s,,,, like most
gene-specific measures of constraint, is designed to capture the effect
of heterozygous LOF*. Although genes containing biallelic pLOF vari-
ants are under less heterozygous selective pressure, existing sample
sizes are inadequate* to directly compute selection on homozygous
variation. pKOs are overrepresented in drug and xenobiotic metabolism
pathways (Supplementary Fig. 6).

Among very rare doubleton variants for which we observed exactly
two copies of the alternate allele, we observed a clear excess of
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Fig.5|Identification of deleterious variants thatare predicted to affect
splicing. a, MAPS across different functional categories. Error bars show
standard deviation around the mean proportion of singletons (points).
Theyellowdashed linerepresents the SpliceAland MMSplice score threshold
for variants that have aMAPS score equal to that of 5/5 missense variants
(predicted deleterious by five algorithms). Variants with a SpliceAl score > 0.35
oraMMSplicescore > 0.97 are predicted deleterious SAVs. Noncoding variants
referstointronic, downstream (variantlocated 5’ of agene), upstream (variant
located 3’ of agene) and 5’ and 3’ UTR variants captured by exome sequencing.
Codingvariants areinclusive of canonical splice sites, splice regionand UTR
splicesites. All variants that passed quality control and were observed in
unrelated individuals in the RGC-ME dataset were included in this analysis

homozygotes that is likely to be explained by population structure
and background inbreeding. For example, among missense and syn-
onymous variants, we observed 5,857 and 2,490 homozygotes among
1,580,917 and 679,335 doubleton variants, respectively, compared with
a Hardy-Weinberg equilibrium (HWE) expectation of fewer than one
homozygote in each case. These estimates corresponded to a back-
ground inbreeding coefficient of 0.37%. Among pLOF variants, we
observed only 406 homozygotes among 129,405 doubleton variants
(Supplementary Table 7). Although this number is much larger than
HWE expectations, itis around 15% less than the expected 479 homozy-
gotes calculated using aninbreeding coefficient of 0.37% (P = 0.0095,
Fisher’s exact test). This suggests that a notable proportion of these
homozygotes were never observed in our sample population.

Genes with biallelic inactivating mutations could reveal potential
drug targets that can be disrupted with minimal side effects*. Drug
targets with homozygous pLOF variants in humans are more likely to
progress from phasel trials to approval*. 0f 997 inhibitory preclinical
targetslisted in the Drug Repurposing Hub, 182 (18.3%) had at least one
individual with a rare biallelic pLOF variant in the RGC-ME dataset*s.
In-depth phenotyping of human knockouts can help researchers to
better understand the efficacy and side-effect profiles of these poten-
tial drug targets. Human knockouts provide a way to understand the
consequences of lifelong deficiency of a gene®.

Annotation of splice-affecting variants

Several prediction tools® > have been developed to understand the
effects of genetic variants on alternative splicing. Although these tools
mainly assess whether a variant affects splicing, some also provide a

588 | Nature | Vol 631 | 18 July 2024

(n=34,512,842 variants). b, Enrichment of ClinVar pathogenic variants
(twostarsor more) in predicted SAVs compared with corresponding variant
setsfiltered by either LOFTEE, 5/5 missense deleteriousness models or CADD.
Pointsrepresent odds ratios and bars depict 95% Cls (two-sided Fisher’s exact
test, nomultiple testing correction). ‘All variants’include 313,390 coding and
noncoding variants, and ‘splicessites’ include essential and UTR splice sites;
counts of variantsincluded in each calculation are provided in the table. HC,
high-confidence. ¢, Empirical validation of MAPS-predicted deleterious SAVs
(intersection set): enrichment of predicted deleterious SAVs in experimentally
validated SDVs compared with non-SDVs. Points represent odds ratios and bars
depict 95% Cls (two-sided Fisher’s exact test, no multiple testing correction).
Atotal of n=36,636 variants, of which346 SAVs are validated SDVs, areincluded.

pathogenicity metric or score threshold as a measure of deleterious-
ness. Predicted cryptic splice sites with SpliceAl scores greater than
0.8 have been validated at high rates using RNA sequencing and are
asdepleted at common allele frequencies as pLOF variants*®. Here, we
used humangenetic datato optimize splice prediction score thresholds
enriched for deleterious variants that affect splicing. We systematically
quantified the deleteriousness of variants at various splice prediction
score thresholds using the MAPS metric. As previously demonstrated*,
pLOF variants had the highest MAPS scores, followed by missense,
synonymous and noncoding variants, respectively (Fig. 5a).

We used splice predictions from SpliceAI’® and MMSplice® to group
variantsinto predicted splice score bins, and identified the minimum
threshold at which the MAPS score of the variantsis equal to that of 5/5
missense variants (variants predicted to be deleterious by five out of
five prediction methods). The proposed prediction score thresholds
of 0.35 for SpliceAl and 0.97 for MMSplice pathogenicity (Fig. 5a and
Extended DataFig. 5b) identify predicted deleterious splice-affecting
variants (SAVs).

Atotal 0f 296,696 predicted deleterious coding SAVs (inclusive of
canonical splice sites, splice region and untranslated region (UTR)
splice sites) in the RGC-ME dataset had scores that exceeded the
MAPS-derived splicing thresholds for both SpliceAl and MMSplice
(referred to as the intersection set; Extended Data Fig. 8a). Of these,
43.5% (129,118) were cryptic splice sites (that is, non-canonical splice
sites). Unsurprisingly, canonical splice sites and variants within the
spliceregion comprised the largest category of predicted deleterious
SAVs. Both SpliceAl and MMSplice identified around 80% of LOFTEE
(loss of function transcript effect estimator; ref. 4) high-confidence
splicesites and around 10% of variants within splice regions as predicted



deleterious SAVs (Extended Data Fig. 8a,b). Inaddition, around 68% of
LOFTEE low-confidence splice sites were predicted to be deleterious
SAVs (94% of low-confidence splice sites were in the UTR). The impact
of non-canonical splice variants on alternative splicing is often under-
estimated; we found that missense variants accounted for 11.3% of all
predicted deleterious SAVsidentified by both SpliceAland MMSplice
inthe RGC-ME dataset (Extended Data Fig. 8a,b).

Predicted deleterious SAVs were enriched in well-supported ClinVar
pathogenic variants (two stars or more) compared with other metrics
of variantdeleteriousness (Fig. 5b); for example, compared with com-
bined annotation dependent depletion (CADD)>** score > 20 (odds
ratio =4.5, P=0). Missense SAVs were significantly enriched for patho-
genic variants compared with 5/5 missense variants (odds ratio =1.8,
P=3.3x107®) and missense variants with CADD > 20 (odds ratio = 3.6,
P=1.01x107%), respectively. Notably, splice sites in the intersection set
were also significantly enriched for pathogenic variants compared to
LOFTEE high-confidence splice sites, indicating that the MAPS-derived
metricidentifies deleterious splice sites. Similar results were obtained
when we evaluated the enrichment of pathogenic variants compared
with benign ones (Supplementary Table 8a).

We next assessed the MAPS-derived splice prediction thresholds for
variants that have been experimentally assessed for splicing effects*¢®
(Supplementary Table 9). Predicted deleterious SAVsidentified in the
intersection set were significantly enriched in experimentally validated
large-effect splice-disrupting variants (SDVs) compared withnon-SDVs
in all functional categories except the splice site category, although
the odds ratiowas greater than one for splice sites (Fig. 5c). Variants of
unknownsignificance (VUSs) in ClinVar that were predicted as deleteri-
ous SAVs were also significantly enriched in experimentally validated
SDVs (Fig. 5¢). Of the 563 predicted deleterious SAVs assayed in the
experimental data, 346 (61.5%) were SDVs and more than half were
crypticsplicesites, including 13 ClinVar VUSs (Extended Data Fig. 8d).

We also derived stringent thresholds to identify SAVs by removing
canonical splicesites and calibrating exclusively coding non-splice-site
(nonSS) variants to a MAPS score comparable with 5/5 missense vari-
ants. These thresholds corresponded to aSpliceAl score of 0.43and an
MMSplice score of 0.97 (Extended Data Fig. 5¢). Pathogenic enrichment
was consistent when comparing deleterious coding nonSS and missense
SAVswith corresponding variant categories filtered by CADD > 20 (Sup-
plementary Table 8b,c). Consistent results were also obtained when
comparing the enrichment of deleterious SAVs in SDVs to non-SDVs after
applyingthresholds for coding nonSS variants (Extended Data Fig. 8c,e).

Clinical utility of rare variants

To understand the prevalence of disease-associated allelesin the gen-
eral population, we identified well-supported ClinVar® pathogenic vari-
ants (two stars or more) across 2,042 genesin 822K unrelated RGC-ME
samples. We found that 40.7% of pathogenic variants (20,343/49,990)
were observed in the RGC-ME dataset, of which 99.6% (20,262) had an
AAF of less than 0.1% and 17.8% (3,619) were observed once. In compari-
son,20% (9,821) and 29% (14,700) of pathogenic variants were observed
inExAC exomes (n=60,000) and gnomADv.2.1.1exomes (n =126,000),
respectively (Extended Data Fig. 9a). This highlights the importance of
the RGC-ME dataset’s larger sample size inidentifying rare pathogenic
variants. On average, individuals carry 1.58 pathogenic variants, with
the majority of theseindividuals being heterozygous carriers of these
variants. Specifically, 61.4% of the 822K unrelated individuals were
heterozygous carriers of pathogenic recessive allelesin 1,143 of 2,659
known autosomal recessive genes (mean, 0.98 pathogenic alleles per
person); 0.21% of the samples were homozygotes of pathogenic vari-
ants in 167 autosomal recessive genes; and 3.64% were heterozygous
carriers of 353 0f 1,629 total autosomal dominant genes. Pathogenic
variant annotations should be interpreted cautiously owing to the
incomplete penetrance of disease alleles®°.

The American College of Medical Genetics identified a set of genes
(ACMG SF v.3.1) with clinically actionable variants that predispose
individuals to diseases and for which medical interventions are avail-
able to reduce mortality and morbidity®. Among the 822K unrelated
individuals, 22,846 (2.77%) had atleast one ClinVar-reported (two stars
or more) pathogenic missense or pLOF variant for 72 out of 76 autoso-
mal genes onthe ACMG list (Supplementary Table 10). As expected, two
of the most prevalent pathogenic variations were the HFE Cys282Tyr
allele (enriched in EUR, Ngyg homozygotes = 3,220 and AAF, =13.8%) and
the TTRValil42lle allele (enriched in AFR, nyg =1,670 and AAF ¢z = 3.4%).

We also tallied carriers of likely pathogenic pLOF variants (novel
variants notyet reported as pathogenicin ClinVar) in44 genesinwhich
truncationisknowntoleadto disease. A total of 2,357 (0.3%) individuals
inthe RGC-ME dataset carried 1,407 likely pathogenic variants across
40 of these genes. In total, 3.06% of the individuals in the RGC-ME
dataset were carriers of pathogenic or likely pathogenic variants.
Excluding individuals with high-frequency pathogenic variantsinthe
HFE (Cys282Tyr) and TTR (Vall42lle) genes, 2.38% of the individuals
inthe RGC-ME dataset carried an actionable variant (Supplementary
Table10). This number is comparable with those from other reports®”
of actionable variants, which range from 2% to 4.1% for gene sets that
include ACMGv.2.0 and v.3.0. As expected, pathogenic variants are rare
inlarge-scale studies of the general population. We found that 39% and
79% of pathogenic and likely pathogenic variants, respectively, were
singletons. Focusing on non-ACMG genes, we found that1.27% of indi-
viduals were heterozygous carriers of pathogenic variants inautosomal
dominant genes, and 0.21% were homozygotes of pathogenic variants
inautosomal recessive genes.

Because the RGC-ME dataset includes uniformly processed exome
datafromarelatively large proportion of individuals from continental
ancestries other than EUR, we assessed the range of allele frequencies
of variants present in ClinVar across four continental populations:
AFR, EUR, IAM and SAS. Approximately 34% of unique pathogenic
coding variants in equalized subsamples were observed only in indi-
viduals of non-EUR ancestry, which indicates that sampling diverse
populationsisnecessary for the comprehensive identification of rare
variation. Across all unrelated individuals, on average, those of EUR
ancestry had 63% more pathogenic variants that were well character-
ized (rated two stars or more) per sample than did individuals of AFR
ancestry. Conversely, individuals of EUR ancestry had, per sample,
25.6% fewer VUSs (Extended Data Fig. 9b,c) and 18.6% fewer variants
acrossallfunctional types (Extended DataFig.2). Inindividuals of AFR
ancestry, a consistent pattern of significantly fewer high-confidence
(two stars or more) pathogenic variants (-0.576 [-0.567, —0.585
(95% Cl)], t-test) to a surplus of VUSs (42.13 [421.97, 42.28]), com-
pared with individuals of EUR ancestry, suggests that the most well-
characterized pathogenic variants were depleted in this population
(Extended Data Fig. 9b). Recruiting diverse individuals to enable
the identification and characterization of novel pathogenic vari-
ants might help to address this ascertainment bias. Further analyses
of pathogenic coding variants and differentiated alleles between
ancestries are included in Supplementary Fig. 7 and Supplementary
Table1l.

Understanding VUSs is currently abottleneckinthe interpretation of
variationinclinically relevant genes and a challenge in clinical manage-
ment®, Although VUSs have less empirical evidence for pathogenicity,
they comprise the bulk of ClinVar, with more than one million variants.
Notably, VUSs in regions of low MTR may be deleterious, comprising
5,079 (0.68%) VUSs in the top 1 percentile of MTR-constrained regions
and 17,500 VUSs (2%) inthe top 15 percentile (Supplementary Table 12).
Using the MAPS-derived splicing score thresholds, we identified more
than 11,000 candidate deleterious cryptic splice sites among VUSs
(1,366 synonymous variants in 822 genes and 10,407 missense vari-
ants in 3,501 genes), offering potential insights into their functional
consequences for clinical prioritization and interpretation efforts.
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Discussion

The RGC-ME dataset, derived from 983,578 exomes, provides a har-
monized catalogue of around 20 million coding variantsinindividuals
fromadiverse array of ancestries and is publicly accessible at https://
rge-research.regeneron.com/me/home. Cataloguing variation at scale
provides an opportunity to accurately estimate the frequency of rare
variants—allowing usto precisely compute gene and regional constraint
metrics, expand the compendium of rare human knockouts, annotate
deleterious cryptic splice sites, characterize variant frequencies across
differentancestries and assess the population prevalence of pathogenic
variation. RGC-ME will be aninvaluable resource for interpreting rare
variants and is a step towards the realization of precision medicine.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Genetic variation data for 821,979 unrelated individuals are made
publicly available through the RGC-ME browser (https://rgc-research.
regeneron.com/me/home). Featuresinclude genomiclocations, alleles,
fine-scale ancestry assignments, population-specific allele frequencies
and functional annotations for the genetic variants. In addition, vcf
files can be downloaded fromthe web portal. Exome-wide MTR scores
are available for download from figshare: https://doi.org/10.6084/
m9.figshare.24587328 (ref. 63). The human reference genome GRCh38
canbe obtained from ftp://ftp-trace.ncbi.nlm.nih.gov/1000genomes/
ftp/technical/reference/GRCh38_reference_genome/GRCh38 full_anal-
ysis_set_plus_decoy_hla.fa. Ensembl Release 100 gene and transcript
builds canbe accessed from https://ftp.ensembl.org/pub/release-100/
gtf/homo_sapiens/ and corresponding gene and transcript reference
nucleotide and protein sequence data from https://ftp.ensembl.org/
pub/release-100/fasta/homo_sapiens/.Individual-level sequence data
have been deposited with the UK Biobank and are freely available to
approved researchers. Instructions for access to UK Biobank data
are available at https://www.ukbiobank.ac.uk/enable-your-research.
Information about the data access policy for researchers interested
in the Mexico City Prospective Study data can be found at https://
www.ctsu.ox.ac.uk/research/prospective-blood-based-study-of-150-
000-individuals-in-mexico. Geisinger Health System individual-level
dataareavailable to qualified academic, non-commercial researchers
through an information transfer agreement by contacting LanceJ.
Adams (ljadamsl@geisinger.edu). Information about the dataaccess
policy, procedures and contact details for the cohortsincluded in this
dataset canbe obtained through the URLs givenin the RGC-ME browser
at https://rgc-research.regeneron.com/me/data-contributors. This
informationis also provided in Supplementary Table 1c, with relevant
referencesif available.

Code availability

Publicly available software and packages used in this study are
described in the Supplementary Information. In summary, sequenc-
ing reads were generated using bcl2fastq v.2.20 and were mapped to
references using BWA-MEM v.0.7.17. Variants were identified using
DeepVariantv.0.10, aggregated with GLnexus v.1.4.3 and converted to
bed, bim or fam format using PLINK v.1.9. Variants were annotated with
VEP (Ensembl, v.100.4) and pLOF variants were further classified with
the VEP LOFTEE plug-in. Array variants were phased using Eagle v.2.4
andimputed using Minimac4. PLINK v.2 was used for principal compo-
nent analysis and to compute Fst, ameasure of genetic differentiation
among population groups. The csq functionin BCFtools v.1.18 was used
toannotatein-frameindels resulting from a combination of frameshift
indels onthe same haplotype, and bedtools v.2.30.0 was used to deter-
mine the genetic context and neighbouring nucleotides of variants.
Picard LiftoverVcf v.3.0.0 was used to transform sequence coordi-
nates to GRCh38. Relatedness was determined with PRIMUS: https://
primus.gs.washington.edu/primusweb/res/documentation.html. We
adapted scripts from https://github.com/pjshort/dddMAPS to compute
updated MAPS metrics. For identifying compound heterozygous vari-
ants, exome variants were merged with a well-imputed common variant
backbone and phased using SHAPEITS (https://github.com/odelaneau/
shapeit5). Large-scale datamanipulation used Scalav.2.12ona10.4 LTS

runtime (Apache Spark v.3.2.1) with standard Spark functions. Beyond
standard R packages, visualization tools and data-processing libraries
(for example, dplyr, ggplot2 and data.table), we used rstan (v.2.33)
to build Bayesian hierarchical models for calculating heterozygous
selection coefficients, rmutil (v.4.1.2) to project LOF accrual and boot
(v.4.1.1) for bootstrapping. Python code used standard packages (for
example, scipy, numpy and pandas) for analysis, scikit-learn (v.1.0) to
model variant quality (see Supplementary Tables 13 and 14) and sqla-
Ichemy (v.2.0.23) to store and query tables. Custom code to generate
LOF projection curves is available at https://github.com/rgcgithub/
rgc_me_analysis.

63. Sun, K. Exome-wide MTR scores computed with RGC-ME data for all possible missense
variants in canonical transcripts. figshare https://doi.org/10.6084/m9.figshare.24587328
(2024).
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highly-methylated CpG lowly-methylated CpG non-CpG transition transversion
Effect Variant type Methylation level # Observed # Singletons # Possible % Observed % Singletons
synonymous CpG transition 0 89,044 20,349 154,429 22.85%
1 37,375 4,116 49,282 11.01%
2 405,065 5,507 426,265 [1.36%
non-CpG transition 2,922 155 998,223 9,882,062 29 57% B3416%
transversion 1,149,817 437,225 10,970,265 [0.48% 138.03%
missense CpG transition 0 130,568 32,974 246,054 3.06% 2525%
1 61,225 7,801 84,582 2.39% | 12.74%
2 822,365 24,695 892,153 M8% | 3.00%
non-CpG transition 4,801,333 1,745,547 18,821,504 B551% 86.36%
transversion 4,550,200 1,879,483 50,792,179 8.96% 4131%
splice_acceptor CpG transition 0 0 0 4 0.00%
1 0 0 1 0.00%
2 1 0 16 6875% | 0.00%
non-CpG transition 14,153 6,655 90,720 15.60%
transversion 12,480 6,110 186,473 6.69% 48.96%
splice_donor CpG transition 0 91 38 203 44783% 4176%
1 96 14 129 4.42% | 14.58%
2 1,213 66 1,442 5.44%
non-CpG transition 20,717 8,738 89,528 2314% 42.18%
transversion 19,428 9,358 195,347 8.95% 4817%
stop_gained CpG transition 0 1,509 517 4,082 B86.97% 34.26%
1 1,863 261 2,750 1.75% | 14.01%
2 41,834 3,954 53,251 9.45%
non-CpG transition 143,649 65,779 765,157 [18.77% 45.79%
transversion 149,284 71,567 3,204,397 b.66%
frameshift insertion 391,470 204,038 52.12%l
deletion 169,515 87,282

Extended DataFig.1|Mutationsaturationsurvey in RGC-ME data. Counts
arebased onvariant-transcript pairs. *Methylation level: mean methylation
values across tissues of >0.65,0.2-0.65,<0.2 correspond to methylation level
of2,1,0, respectively. CpGsites with methylation level of 2 are highly methylated,

siteswithmethylationlevel O or1are grouped aslowly methylated sites. Variants
aresubsettotargetexomeregions. Only variants that passed QCareincluded
inthe number of all possible variants.
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Extended DataFig. 2| Box plots summarizing counts of variants observed
ineachunrelated sampleinthe RGC-ME dataset. The lowerbound, centre
and upperbound ofeachbox plot represents the 25,50, and 75 percentiles of
thedistributions of counts. Points represent outliers, and whisker minima and

maximarepresent the smallest and largest points1.5-times beyond the
interquartile range. Individuals were assigned discrete ancestries based on
overallfine-scaleancestry probabilities >50% and a total of 755,261 individuals
wereincluded.See Supplementary Table 1for sample size breakdowns.
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Extended DataFig. 3 | s, distributionacross gene essentiality and disease
categories, and evidence thatalarger sampleimproves the precision of s,
estimates. a, Proportion of genes in each disease/essentiality annotation list
(gathered from published literature and databases) that correspond to each
shec decile. b, Ratio of variances from MCMC sampling for s, calculated on full
dataset (824k) and randomly downsampled set of 60,000 individuals. The
meanratio around 0.05 suggests that gene-level variance from the full dataset

is20x smaller than variance for the same gene using the downsampled set. This
isthe case despite similar, or even higher, s, mean estimates as shown by the
colour bar. ¢, Mean (points) and 95% HPD (green bars) from MCMC sampling for
Shec €Stimates of genesineach CDS length quantile for downsampled 60k (left)
and full 822K (right) samples. HPD and variance in panels b,c were derived from
MCMC sampling for 8,000 finaliterations.
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Extended DataFig.4|Comparisons betweens;..computed withRGC-ME
and other gene constraint metrics. a, Receiver operator curves showing the
discrimination between the “high” and “low” constraint genes using different
constraint metrics: Specroemer Sheeasc, and LOEUF for transcripts with values
fromall three methods. The highly constrained category comprised 1,476
haploinsufficientand autosomal dominant (including developmental-specific)
genesand the comparison group was represented by 3,893 haplosufficientand
genes withrare, biallelic pLOFs in RGC-ME. Dotted lines indicate specificity and
sensitivity for s,..=0.073.Sensitivity =TP/ (TP+FN), Specificity = TN/ (TN+FP).
Spearmanrank correlations between ;.. from RGC-ME with these estimates are
high (-0.768 with LOEUF, 0.778 With S, agc)- b, Shec VS LOEUF results for 973 genes
with<5expected LOFs.5genes are highlighted for short coding sequence
length (CDS), that are constrained accordingto s;.. (both mean>0.073 and lower
bound>0.021) and unconstrained according to LOEUF. LOEUF is an alternate
measure of pLOF-based gene constraint and ranges from O to around 2;
avalue<0.35isconsidered constrained. Error bars (grey lines) around s,
denote 95% highest posterior density.
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Extended DataFig. 5| Determination ofthe MAPS score threshold to
define constrained regions and SAVs. a-c, To systematically evaluate the
deleteriousness of missense variants at various MTR scores, we compared
MAPS scores across MTR (a) and splice score (b,c) thresholds.a, MTR was
divided from 5% to100% with step size of 5% (lower MTR percentile is more
constrained). Foreach MTR percentile threshold, we divided variants into two
sets: variants that pass the percentile threshold (red dots), and variants greater
thanthe percentile (blue dots). The y axis represents MAPS score for each set
of'variants; the x-axis shows the tested MTR percentile threshold. Error bars
represent standard deviation around the mean proportion of singletons per
bin. Atotal of 68,636,473 variants were included in this analysis. b,c, Schematic
of MAPS-derived filters for SpliceAland MMSplice for all variants (b) and coding
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nonSS variants (c), respectively. Alist of prediction score thresholds were set
up forboth SpliceAland MMSplice, ranging from 0.1to 0.99, with step size of
0.02.Foreachthreshold, we divided variants into two sets: the set of variants
that passed thethreshold, represented as red dots, and the set of variants that
failed thefilter, represented as blue dots. They axis represents MAPS score
foreachset of variants; the x-axis shows the tested score threshold. Al MAPS
scores were calculated based on the set of variants that pass QC metrics

and havesplice predictionscoresin RGC-ME unrelated samples. Error bars
represent standard deviation around the mean proportion of singletons per
bin. For all variants (b), the total number of variantsweren =12,886,467 and
20,604,651 for SpliceAland MMSplice, respectively. For coding nonSS variants
(c),n=5,468,779 and 4,013,820 for SpliceAl and MMSplice, respectively.
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Extended DataFig. 6| MTR-based segmentation and comparison of
constrainedregionsin 2,832 genes thathave constrained regionsinboth
MTR and MPC (matched on transcriptIDs).a, Dashed lineindicates the top-
15-percentile exome-wide MTR threshold used for MTR-based segmentation
(0.841).Blueand red regions represent MTR-constrained and unconstrained
regions, respectively. b, Constrained MTR regions that overlap with MPC
segments.80% of MTR-constrained regions (represented by the combined
areaofred and yellow) overlap with MPC-constrained segments (yellow),
whereas40% of constrained MPC segments (represented by the combined
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Fold change of #Regions in Genes (MTR/MPC-Regions)

areaofgreenandyellow) areincludedintheintersection (yellow). The numbers
indicated on the Venn diagram represent number of amino acids. Aside from
2,832 genes thathad both MTR-and MPC-constrained regions, an additional
297 genes had only MPC-constrained segments, and 9,514 genes had only
MTR-constrained regions (notincluded in the Venn diagram). ¢, Distribution

of thefold change of the number of MTR-constrained regions and constrained
MPC segments (y<0.6) per gene. Dashed line indicates the median fold change
of3.Datashownis for the 2,832 genes that have constrained region annotations
bothinMTRand MPC segments.
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Extended DataFig.7|Constrained MTRregionsareenrichedin ClinVar
pathogenicvariants and shorter than LOF-specific constrained genes.

a, Odds ratios (points) comparing enrichment of pathogenic versus benign
ClinVar variants (solid line) and de novo variants in cases versus controls
(dottedline) in MTR-constrained regions. Error bars represent 95% Cls (Fisher’s
exacttest). The totalnumber of variantsin each comparison are showninb for
the MTR-percentile cut-offs highlighted in yellow. In total, 5,818 case and 553
control variants were used in the de novo analysis and 7,944 pathogenic and
11,993 benign variants were used in the ClinVar analysis. b, Table of case and
control variantsin constrained and unconstrained regions to compute
statistical tests for Clinvar (“CV”) and de novo (“DN”) variants across 5 different
MTR-percentile thresholds (13-17%, yellow boxed regionin a). Statisticsinclude

hypergeometric tests (p-value for enrichment of case and control variantsin
constrained regions) and odds ratios comparing enrichment of case vs control
inconstrainedregions. The backgroundrate of constrained regions among
variants in the comparison set represented by “% constrained background”.
c,CDSlength comparison between 1,482 missense-specific constrained
genes (defined where >15% of geneisinthe top 15 percentile of MTR, based
onone-sided binomial tests with, = 0.15, p < 0.05, Bonferroni corrected)

and 1,424 LOF-specific constrained genes with s, score <0.073.Log10 CDS
length for all19,644 genes (canonical transcripts) showninthegrey curve.
The missense-specific constrained genes had significantly shorter CDS length
than LOF-specific constrained genes (p =2.9 x107*°, two-sided Wilcoxon test).
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Extended DataFig. 8| Characteristics of predicted deleterious SAVs.

a, Summary of unique variant-transcript pairs of predicted deleterious SAVsin
different functional categories using MAPS-defined prediction score thresholds
for SpliceAland MMSplice. Percents are computed out of total variantsin each
effect class. b, Distribution of different functional categories of predicted
deleterious SAVs. (HC: High confidence, LC: Low confidence. These annotation
tagsare derived from LOFTEE). ¢, Empirical validation of MAPS-predicted

deleterious coding nonSS SAVs: enrichment of predicted coding nonSS
deleterious SAVsin experimentally validated SDVs compared to non-SDVs.
Oddsratios (points) were derived using two-sided Fisher’s exact test and
error bars show 95% Cls. A total of n =17,395 variants, of which 147 SAVs were
validated SDVs, wereincluded. d,e, Fraction of predicted deleterious SAVs
(d) and coding nonSS SAVs (e) that were validated as SDVs by any of the three
splice reporter assays.
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Extended DataFig. 9| ClinVar variant counts. a, Counts of autosomal
pathogenic ClinVar high-confidence variants (two stars or more) observed in
large-scale exome sequencing studies, including RGC-ME, gnomAD (exomes,
v2.1.1),and EXAC, areindicated on the top of each bar. The left axis indicates
the total coverage of ClinVar pathogenic variants represented ineach
dataset. b, Bars and points both depict the mean per cent difference of per-
individual countsin ClinVar categories (pathogenic 0+, 1+, 2+, VUS+CI) across
continental ancestries using all unrelated samples, with respect to EUR (e.g.
[count e, - countggl/count e, x100). CVO, 1, and 2 refer to ClinVar pathogenic
starrating O+, 1+, and 2+ categories, respectively. VUS/Cl combines variants

annotated as “variants of unknownsignificance” and “conflictinginterpretations”.

All per-individual countsin non-EUR were significantly different compared to
countsinEUR (e.g. per-individual counts of ClinVar 2+ variantsin AFR were

0.576[0.567,0.585] lower than those in EUR) except for ClinVar O+ countsin
IAM compared with EUR (t-tests with Bonferroni correction). Error bars show
95% Clof mean per cent difference fromt-test. ¢, Per-individual count of VUSs
and conflictinginformation (CI, left); and pathogenic variants (right) in RGC-ME
forallunrelated samples. The lower bound, centre and upper bound of each
boxplotrepresentsthe 25,50, and 75 percentiles of the distributions of counts.
Pointsrepresent outliers, and whisker minimaand maximarepresent the
smallestand largest points1.5-times beyond the interquartile range. Forb,c,
atotal of 749,584 unrelated individuals were included across 4 ancestries
andindividuals were assigned discrete ancestries based on overall FSA
probabilities >50%; see Supplementary Table 1a for sample size breakdowns.
Thex-axisindicates ClinVar star rating which is ameasure of the confidence
oftheannotation (pathogenic/benign).



Extended Data Table 1| Sample breakdown of individuals with rare biallelic pLOF variants by ancestry

Homozygous pLOFs Compound heterozygous pLOFs All biallelic pLOFs
# of genes with # of genes with # of genes with
:::r?:)les 21 carrier 25 carriers 210 carriers | 21 carrier 25 carriers 210 carriers | 21 carrier 25 carriers 210 carriers
AFR 55281 1059 390 285 543 175 107 1258 631 513
EAS 5849 308 56 35 73 6 3 340 95 70
EUR 722477 2483 673 396 966 310 149 2729 1052 748
1AM 85125 1243 154 79 306 36 15 1367 308 221
SAS* 30752 2035 252 106 220 26 9 2071 307 160
ALL 983578 4686 1406 877 1205 522 294 4848 1632 1042

Counts of genes with rare homozygous and rare compound heterozygous pLOF variants (includes variants with AAF < 0.01). ‘Total samples’ denotes the number of individuals per ancestry in the
related dataset (983,578 individuals) based on continental ancestry with a probability assignment greater than 50%.
*Includes cohorts with high rates of consanguinity.
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Data collection  No software was used for data collection.

Data analysis Publicly available software and packages used in this study are described in the Supplementary Information. In summary, sequencing reads
were generated using bcl2fastq v2.20 and were mapped to references using BWA MEM v0.7.17. Variants were identified using DeepVariant
v0.10, aggregated with GLnexus v1.4.3, and converted to bed/bim/fam format using PLINK 1.9. Variants were annotated with VEP (Ensembl,
v100.4) and pLOF variants were further annotated with the VEP LOFTEE plug-in. Array variants were phased using Eagle v2.4 and imputed
using MINIMAC4. PLINK2 was used for principal components analysis and to compute Fst. The csq function in BCFtools v1.18 was used to
annotate inframe indels resulting from a combination of frameshift indels on the same haplotype and bedtools v2.30.0 was used to determine
variant genetic context and neighboring nucleotides. Picard LiftoverVcf v3.0.0 was used to transform sequence coordinates to GRCh38.
Relatedness was determined with PRIMUS: https://primus.gs.washington.edu/primusweb/res/documentation.html. We adapted scripts from
https://github.com/pjshort/dddMAPS to compute updated MAPS metrics. For identifying compound heterozygous variants, exome variants
were merged with a well imputed common variant backbone and phased using SHAPEITS
(https://github.com/odelaneau/shapeit5). Large-scale data manipulation used Scala 2.12 on a 10.4 LTS runtime (Apache Spark 3.2.1) with
standard Spark functions. Beyond standard R packages, visualization tools, and data processing libraries (e.g. dplyr, ggplot2, data.table), we
used Rstan (v2.33) to build Bayesian hierarchical models for calculating heterozygous selection coefficient, rmutil (v4.1.2) to project LOF
accrual,and boot (v4.1.1) for bootstrapping. Python code used standard packages (e.g. scipy, numpy, pandas) for analysis and sglalchemy
(v2.0.23) to store and query tables. Custom code to generate LOF projection curves is available at https://github.com/rgcgithub/
rgc_me_analysis.
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Genetic variation data for 821,979 unrelated individuals are made publicly available through the RGC Million Exome Browser (https://rgc-research.regeneron.com/
me/home). Features include genomic locations, alleles, fine-scale ancestry assignments, population-specific allele frequencies, and functional annotations for the
genetic variants. In addition, the public browser allows academic researchers to download "vcf" files. Exome-wide MTR scores are available for download from
Figshare: https://doi.org/10.6084/m9.figshare.24587328.v2. Individual-level sequence data deposited with the UK Biobank are freely available to approved
researchers. The human reference genome GRCh38 can be obtained from ftp://ftp-trace.ncbi.nlm.nih.gov/1000genomes/ftp/technical/reference/
GRCh38_reference_genome/GRCh38_full_analysis_set_plus_decoy_hla.fa. Instructions for access to UK Biobank data are available at https://
www.ukbiobank.ac.uk/enable-yourresearch. Information about data access policy for researchers interested in the MCPS data can be found at https://
www.ctsu.ox.ac.uk/researc/prospective-blood-based-study-of-150-000-individuals-in-mexico. Geisinger Health System individual-level data are available to qualified
academic, non-commercial researchers through an information transfer agreement by contacting Lance Adams (ljadams1@geisinger.edu). Information about the
data access policy, procedures, and contact details for the cohorts included in this dataset can be obtained via the URLs given in the RGC ME browser at https://rgc-
research.regeneron.com/me/data-contributors. This information is also provided in the Supplementary Table 1c with relevant references, if available.
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Population characteristics The RGC Million Exome dataset comprises harmonized whole-exome sequencing data from 983,578 individuals sequenced
by the Regeneron Genetics Center (RGC).This study aggregates data from multiple cohorts, compiled retrospectively without
any selection criteria based on age, gender, or genotypic information. The complete RGC-ME dataset (N=983,578) is made up
of 57.55% females. Age data was available for 874,175 individuals, with a median age of 57 [47.0 - 64.7, Q1-Q3]. The data
includes participants from biobanks: UK BioBank, Geisinger Health System, The Mexico City Prospective Cohort, Penn
Medicine BioBank, BioMe BioBank, Dallas Heart Study, Amish Research Clinic, Center for Non-Communicable Diseases,
Australian New Zealand MS Genetics Consortium and a variety of case control studies for complex diseases such as psoriasis,
rheumatoid arthritis, diabetes. The source of all data along with links to the projects (where available) are listed in the RGC-
ME web portal (https://rgc-research.regeneron.com/me/data-contributors). To ensure this sample set characterizes genetic
variation representative of the general population, we excluded available samples from cohorts specifically enrolling
participants with Mendelian diseases, neurodevelopmental disorders and blood cancers.

Recruitment The data contributors for RGC-ME are listed in a table in the Data Availability section of the manuscript. The recruitment
strategy of participants can be found in the corresponding URLs and/or reference publications. We did not specifically recruit
subjects for this manuscript as this is a retrospective analysis.

Ethics oversight Ethical approval for the UK Biobank was previously obtained from the North West Centre for Research Ethics Committee (11/
NW/0382). The work described herein was approved by UK Biobank under application number 26041. Approval for Geisinger
Health System MyCode analyses was provided by the Geisinger Health System Institutional Review Board under project
number 2006-0258. Informed consent was obtained for all study participants. Appropriate consent for the The Penn
Medicine BioBank was obtained from each participant regarding storage of biological specimens, genetic sequencing and
genotyping, and access to all available EHR data. This study was approved by the Institutional Review Board of the University
of Pennsylvania and complied with the principles set out in the Declaration of Helsinki. All subjects participating in the
MAYO-RGC Project Generation provided informed consent for use of specimens and data in genetic and health research and
ethical approval for Project Generation was provided by the Mayo Clinic IRB (#09-007763). All research performed in this
study uses de-identified data (without any Protected Health Information data) with no possibility of re-identifying any of the
participants. Approval for Indiana Biobank was provided by Indiana University Institutional Review Board under project
number 1105005445. For MCPS study paricipants, approval for the study was given by the Mexican Ministry of Health, the
Mexican National Council of Science and Technology (0595 P-M) and the Central Oxford Research Ethics Committee
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Mexico (UNAM) (FMED/CI/SPLR/067/2015). All study participants provided written informed consent. Study participants
were recruited from the BioMe Biobank Program of The Charles Bronfman Institute for Personalized Medicine at Mount Sinai
Medical Center from 2007 onward. The BioMe Biobank Program (Institutional Review Board 07-0529) operates under a
Mount Sinai Institutional Review Board-approved research protocol. All study participants provided written informed
consent. Informed consent was obtained for all study participants.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size Sample size was not predetermined. Most analyses were restricted to unrelated samples that passed quality control metrics. Supplementary
Table 1a shows the details of analyses subsets and the sample numbers included in those analysis. For each analysis, we used the maximum

number of samples available in that subset. These sample sizes are larger than earlier published reports and the analyses in the paper show
improved estimation of constraint metrics (see Extended Fig. 3c).

Data exclusions  Variant level QC was performed as described in Supplementary Information section titled "Quality control (QC) of dataset". Variants flagged
by the SVM prediction as "low quality" were excluded from the analyses.

Replication This paper describes genetic variation observed in about a million individuals and describes the properties and insights from the data. There is
no other dataset of comparable size. Nonetheless, we show that gene constraint metric, Shet, derived from RGC-ME correlates well with
other published reports (Extended Fig 4, main manuscript line numbers 148 - 153)

Randomization  Randomization was not required for this study as this is a population-based study and not a case-control study.

Blinding Blinding was not required for the analyses completed in this study as this is a population-based study and not a case-control study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |:| ChIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

wus applied-
Authentication Describe-any-atthentication-procedures foreach seed stock-tised-or-novel-genotype-generated.—Describe-any-experiments-tused-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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