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Large-scale sequencing has enabled unparalleled opportunities to investigate
therole of rare coding variation in human phenotypic variability. Here, we
present a pan-ancestry analysis of sequencing data from three large biobanks,
including the All of Us research program. Using mixed-effects models, we
performed gene-based rare variant testing for 601 diseases across 748,879
individuals, including 155,236 with ancestry dissimilar to European. We
identified 363 significant associations, which highlighted core genes for

the human disease phenome and identified potential novel associations,
including UBR3for cardiometabolic disease and YLPMI for psychiatric disease.
Pan-ancestry burden testing represented aninclusive and useful approach for
discoveryindiverse datasets, although we also highlight the importance of
ancestry-specific sensitivity analyses in this setting. Finally, we found that effect
sizes for rare protein-disrupting variants were concordant between samples
similar to European ancestry and other genetic ancestries (Bpeming = 0.7-1.0).
Our results have implications for multi-ancestry and cross-biobank approaches
insequencing association studies for human disease.

Inrecent years, the advent of large-scale sequencing has propelled
studiesintotherole of rare coding variation in human phenotypic vari-
ability, including the human disease phenome' °. However, for binary
disease endpoints, previous work has had limitations in terms of power
and/or statistical methodology. These limitations have included the
use of simple tests that do not account for ancestry and other covari-
ates, or models that produce miscalibrated test statistics for highly
imbalanced phenotypes. Furthermore, discovery analyses typically
focused onindividuals of European (EUR) genetic ancestry"*”®, limit-
inginterpretability, transferability and equity of genomic findings® ™.

Several contemporary biobank initiatives have prioritized the
inclusion of samples from understudied groups, with agoal toincrease
equitable understanding of health and disease>***. Notably, the All of

Us (AoU) research program has completed whole-genome sequencing
(WGS) on almost 250,000 participants across the USA, of which most
are enrolled from underrepresented communities and around half
are of non-EUR genetic ancestry>”. In this work, we set out to create
a dataset of gene-based rare coding variant associations for human
disease across large biobanks with sequencing data, and assess therole
of diverse ancestral compositioninrare variant association analyses.

Results

Ancestry distributions across three sequenced biobanks

We combined large-scale whole-exome sequence (WES) datafromthe
UK Biobank (UKB) and the Mass General Brigham Biobank (MGB), with
WGS data from AoU (Fig. 1). While several phenome-wide association
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Fig.1|Study overview for rare variant discovery across human disease.
Three studies were included in the analysis: AoU with WGS data, UKB with

WES dataand MGB with WES data. Over 600 disease Phecodes were identified
using a hierarchal clustering algorithm. Disease Phecodes were analyzed using

Discovery yield from
non-European samples
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exome-wide gene-based testing of rare genetic variants using three masks (LOF,
LOF+missense and ultrarare missense) after which P values were combined into a
single P value using the Cauchy distribution for each gene-disease pair.

studies (PheWAS) for protein-coding variants have been published
from the EUR ancestry subset of UKB"*7, AoU and MGB represent less
well-characterized cohorts. MGB is a health system biobank from east-
ernMassachusetts with a relatively high disease prevalence’®. AoUis a
diverse biobank thatis actively enrolling participants from both health
systems and via population-based ascertainment across the USA™>Y,
with an emphasis on underrepresented groups. After quality-control
procedures (Supplementary Note and Supplementary Fig.1), we had a
total of 748,879 individuals, including 454,162 from UKB, 242,902 from
AoU and 51,815 from MGB (Supplementary Table1).

Althoughancestry is not truly categorical'®, we groupedindividu-
als into principal continental ancestry groups based on their genetic
similarity to samples from the 1000 Genomes project'’ (Supplementary
Note), namely African (AFR), Admixed-American (AMR), East-Asian
(EAS), EUR and South Asian (SAS) ancestries. Furthermore, individu-
als not falling clearly within predefined categories may not truly have
‘mixtures’ of such categorical ancestries; nevertheless, we refer to
such samples as having ‘admixed’ ancestry. As expected, in our data,
the ancestral diversity was greatest in AoU, with 49.9% of participants
having agenetically determined ancestry other than EUR (most notably
21.0% AFR and 16.6% AMR ancestry). In contrast, 94.4% and 83.5% of
samples from UKB and MGB were genetically determined to be of EUR
ancestry (Fig.2aand Supplementary Table1). Across the three datasets,
119,660 individuals (16.0%) were similar to a defined continental ances-
try otherthan EUR, and another 35,576 samples (4.7%) were of ‘admixed’
ancestry, totaling 155,236 samples with an ancestry dissimilar to EUR
ancestry (20.7%) (Supplementary Table 1).

Phenotype and disease distributions

When comparing the three datasets, we found that several quantitative
measures were similar across cohorts, including standing height, HDL
cholesterol and creatininelevels (Supplementary Table 1). Nevertheless,
several measures substantially differed between UKB and the US-based
cohorts. Body massindex (BMI) and HbAlclevels were lower in UKB than
in MGB and AoU, which potentially reflects higher obesity rates in the

USA as compared with the UK?°. LDL cholesterol, triglycerides and blood
pressure levels were lower in AoU and MGB as compared with UKB (Sup-
plementary Table 1), which might reflect different practices regarding
hypertension control between the countries”**and increased utilization
of lipid-lowering therapy over the past decade, especially in the USA”*.
Overall, quantitative measures were comparable between AoU and MGB.

To define disease endpoints for our main genetic analyses, we
created upto1,866 phecodes (disease phenotypes) from International
Classification of Disease (ICD) code mappings, after which we pruned
down to alist of 601 index codes using a hierarchal clustering algo-
rithm (Methods), asapplied previously’. This approach was chosento
limit the number of highly correlated phenotypes—and thereby many
potentially redundantrare variant associations—that have been found
inmany previous PheWAS approaches. Inour primary analyses, we set
aminimum of 50 cases, which left 546 phecodesin UKB, 601in AoU and
601in MGB (Supplementary Table 2). We note that not all AoU partici-
pants had complete electronic health record (EHR) linkage, although
inclusion of such samples did not meaningfully affect any genetic
association analyses (Supplementary Note and Supplementary Fig. 2).

In keeping with the health-system-based ascertainment of MGB,
we found markedly higher phecode prevalence estimates in MGB as
compared with UKB and AoU (Fig. 2b and Supplementary Note), as
well as higher rates of likely pathogenic variants for cardiomyopathy
(Extended DataFig.1). Furthermore, we found that disease prevalence
estimates were generally lower in UKB than in AoU, probably due to
sampling procedures and due to slightly different ICD coding systems
(ICD in UKB and ICD-CM in AoU and MGB). Despite the differences
between cohorts, disease prevalence estimates were highly correlated
across datasets (Spearman’s rin range of 0.7 and 0.9; Supplementary
Fig.3). Furthermore, gene-based effect sizes for three masks correlated
reasonably between datasets (Supplementary Fig. 4).

Rare variant meta-analysis across biobanks
For the 601 phecode endpoints, we then performed exome-wide,
gene-based burdentestingin each dataset followed by a meta-analysis.
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Fig.2|Multi-ancestry meta-analysis of rare genetic variation across three
sequenced biobanks in over 750,000 individuals identifies 363 rare variant
associations. a, Stacked bar chart with the proportion of each continental
ancestry on they axis and dataset on the x axis. Ancestral diversity was largest in
AoU.b, Violin plot with overlaid boxplot showing the prevalence of Phecodes on
they axis and each dataset on the x axis. Plotted Phecodes were those included
inthe analysis with at least 50 cases in each dataset (n = 546). ¢, Stacked bar chart
showing the number of identified disease associations (Cauchy Q < 0.01) on the
yaxisand each dataset and x axis, as well as the meta-analysis results. Bars are
stacked by the class of mask that yielded the lowest P value (from LOF masks,
LOF+missense masks and ultrarare missense masks). d, Multitrait gene-based
Manhattan plot highlighting results from the overall meta-analysis, each dot
representing one gene-trait test, with the -log,, of the Cauchy P value on the
yaxis and different disease categories on the x axis. For disease categories with
strong associations, the top three nonredundant genes are annotated with

the gene names. e, Violin plot with overlaid boxplot showing the distribution
ofinflation factors by phenotype (1 estimated at 95 percentile) on the y axis,

and different rare variant masks on the x axis, as well as the distribution for the
Cauchy combination results (on the far right). Dotted lines show the 0.75 and 1.25
cutoffs for inflation factor on the y axis. The number of phenotypes is 601 in all
violins. f, Distribution of inflation factors by gene across the different masks and
for the Cauchy combination results (on the far right), where the number of genes
equals 14,388;15,529;17,809;16,742;15,462;18,238 and 18,456. Cauchy P values
represent the omnibus P value of all masks for a gene-phecode pair (unadjusted
for multiple testing) after combining them using the Cauchy distribution.

The Cauchy Q values represent the Benjamini-Hochberg FDR adjustments of
these Cauchy P values. P values for mask-phecode pairs (before the Cauchy
combination) were derived from Z-score-based meta-analyses of score tests
from logistic mixed-effects models with SPA. All statistical tests and P values are
two-sided. All boxplots show median (center), 25th percentile (bottom of box),
75th percentile (top of box), smallest/largest value within 1.5 x interquartile range
from hinge (bottom/top whiskers, respectively), and datapoints outside of this
range (dots). UND, undefined ancestry.
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Fig.3| Assessment of bias from inclusion of non-EUR samples among

the significant associations. a, Scatterplot with each dot representing a
gene-phecode pair that reached test-wide significance in our primary analysis
(Q<0.01), with -1og;o(Pc,ychy) from the primary analysis on the x axis, and the
—log0(Pcauchy) derived from a EUR ancestry sensitivity analysis on the y axis
(both log-transformed for clarity). Specific cutoffs on the y axis are highlighted
using dotted lines. Any strong deviation of P values could indicate bias in our
multi-ancestry approach, or alternatively indicate markedly lower power among
EUR samples. No associations were abolished when restricting to EUR samples.
There were six additional strongly attenuated genes (0.05 > Py > 0.0005).
Amongthese, several represent known gene-disease links (Supplementary
Note). b, Scatterplot with the effect sizes for significant associations from the
primary analysis on the x axis, with the effect sizes from EUR-only sensitivity
analyses on the y axis. The effect size for the most significant mask is plotted for
eachgene-phecode pair, restricting to masks that had adequate allele countsin
both the primary analysis and in the sensitivity analysis (c(MAC > 20). Any large
deviations from the dotted line (x = y) indicate bias from our multi-ancestry
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approach. Strikingly, no strong deviations of effect sizes were observed in

this sensitivity analysis. For eight associations, there were insufficient alleles
among EUR ancestry samples to compute an effect size, although represented
well-known gene-disease links (Supplementary Note). Together, these results
show that the bias from inclusion of non-EUR samples was not substantial. Bias
is defined here as the spurious change in effect sizes/test statistics that is caused
by inclusion of several ancestries but is not caused by true biological differences.
Cauchy Pvalues represent the omnibus P value of all masks for a gene-phecode
pair (unadjusted for multiple testing) after combining them using the Cauchy
distribution. The Cauchy Q values represent the Benjamini-Hochberg FDR
adjustments of these P values. P- values for mask-phecode pairs (before the
Cauchy combination) were derived from Z-score-based meta-analyses of score
tests from logistic mixed-effects models with SPA. All statistical tests and
Pvalues are two-sided. ORs were estimated using inverse-variance-weighted
meta-analysis of two-sided Firth’s logistic regression results. ALL, all-ancestry
individuals.

We assessed six rare variant masks, including various combinations
of loss-of-function (LOF) variants and missense variants, and using
various frequency filters (maximum continental population minor
allele frequency (MAF ,,puiation-max) < 0.1%and < 0.001%). For each gene-
phecode pair, we combined P values from each mask into one P value
using the Cauchy distribution (Methods; Fig.1). For various sensitivity
analyses, we also performed burden testing inclusive of both rare and
low-frequency variants (MAF ,o,u1ationmax < 1%; Fig. 1). Analyses in AoU
and MGByielded mostly positive-control associations, including many
that were identified in the large UKB dataset; conversely, there were
associations where AoU/MGB afforded better yield (that s, associations
did not reach significance in UKB) (Supplementary Note).
Per-cohort test statistics were very well calibrated for all masks,
aswell as for the Cauchy combination, highlighting the robustness of
our mixed-effectsregression framework (Supplementary Figs. 5-10).
Inaninitial meta-analysis, however, we found an earlier-than-expected
deviation of test statistics (Supplementary Figs. 11and 12). This infla-
tion was due largely to the meta-analysis of AoU and MGB. Given partial
recruitment from same sites, we investigated test-wide correlations
of test statistics between AoU and MGB in more detail; phecodes
showed a median of ~0.05 exome-wide correlation in test statistics
(Supplementary Fig.13 and Supplementary Note). We therefore applied
a Z-score-based meta-analysis with correction for sample overlap,
which markedly improved the calibration (especially for high allele
count masks that were most affected; Supplementary Figs. 14 and
15). As large sequencing biobanks continue to grow, issues relating to
sample overlap will also increase; in future, central biobank policies
might need reconsideration to allow identification of overlapping

participants. Considering acceptable calibration of test statistics using
ourapproach, we proceeded with the overlap-corrected meta-analysis.

Genetic association data quality

When assessing individual datasets, the largest number of significant
associations was observed within the UKB (n =185 at Benjamini-
Hochberg false-discovery rate (FDR) Q < 0.01; FDR across all genes
by all phecodes), while MGB yielded the fewest associations (n =52 at
Q<0.01;Fig.2¢c, Supplementary Figs. 5-8 and Supplementary Table 3).
Acrossthe 11,060,516 unique gene-phecode pairs inour multi-ancestry
meta-analysis, 363 gene-based associations reached significance atan
overall FDRQ < 0.01(Fig. 2d and Supplementary Table 3), comprising
165 unique phenotypes and 123 unique genes. Of note, 464 signals
would have been identified in a naive meta-analysis without correction
for sample overlap; in a meta-analysis omitting MGB, we would have
identified 319 significant associations. After correction for sample
overlap, meta-analysis test statistics were reasonably calibrated within
different bins for disease case counts and rare variant carrier counts
(Supplementary Figs.14-17 and Supplementary Table 4). Consistently,
noindividual phecode showed evidence of marked test statistic infla-
tionin our final meta-analysis (all A5y, < 1.16; Fig. 2e).

In contrast, we found several genes with strong inflation (n =198
genes with A, > 1.5,11genes with A4, > 2.5; Fig. 2f and Supplementary
Table5). Per gene inflation may be caused by uncorrected confounders
(that is, overlap, population stratification), stochastics (given small
number of tests per gene; <601) or, alternatively, by widespread del-
eteriousness or pleiotropy of rare variants in the gene. In support of
the latter, we found that many inflated genes represent known causes
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of Mendelian disease (for example, PKD1, APC, TTN and FBNI), for
which inflation was most prominent in relevant disease categories
(SupplementaryFig.18).Furthermore, inflated genes were enriched for
LOF intolerance®* (LOEUF < 0.5: odds ratio (OR) 2.8, 95% confidence
interval (CI) [2.1,3.7], P=5.5x107"%; pLI> 0.9: OR 2.6, 95% CI [1.9, 3.6],
P=4.3x10"% two-sided Fisher exact tests). In a sensitivity analysis
restricting to samples of EUR ancestry, we observed a markedly bet-
ter test statistic calibration for aminority of genes, but for most it was
not substantial (Supplementary Fig. 18). Finally, we observed that
amatched analysis of two synonymous masks yielded no signals at
FDR Q< 0.1 (Supplementary Note), with the most significant signals
including IGLLS for white blood cell-related traits**%. These results
suggest that a substantial proportion of gene-based inflation in our
primary analysis was due to deleterious effects and/or stochastics,
although a degree of finer (subcontinental) population stratification
cannot be excluded.

Assessment of bias from pan-ancestry analyses in diverse
populations

Given theincreasing numbers and size of ancestrally diverse biobanks
(forexample, AoU), itisimportant to understand whether pan-ancestry
burden testing yields reasonable results. We therefore assessed the
potential bias introduced by performing pan-ancestry analyses. To
this end, we performed sensitivity analyses restricting to individuals
with genetic ancestry similar to EUR ancestry (Fig. 3, Supplementary
Note and Supplementary Table 6). For the 363 significant signals, we
compared the P values from the all-ancestry and EUR-ancestry analy-
sis, which flagged six potentially problematic associations that were
markedly weaker in EUR ancestry individuals (Fig. 3a). However, several
of the weakened signals represented well-known gene-disease links,
and comparison of log(OR) estimates showed a very high consistency
between the pan-ancestry and EUR-ancestry analysis (Fig. 3b).

Toassess the effect of ancestry bias ina highly diverse dataset, we
thenrepeated these analyses restricting to AoU only (Supplementary
Note).In AoU, we found alimited number of likely false-positive signals
driven by potential ancestry bias (2 of 111-121 signals; one gene; Sup-
plementaryFig.19).Finally, we assessed whether genes were associated
with our categorical ancestry outcomes. While several gene burdens
were associated with ancestry, the significant genes from our primary
analysis did not overlap ancestry-associated genes (Supplementary
Note).

Together, our findings indicate that pan-ancestry burden test-
ing—using mixed regression-based methods—may be a reasonable
and inclusive approach to identify rare variant association signals in
diverse datasets where cases and controls are well-represented across
continental ancestries. At the same time, our results outlineimportant
ancestry-specific sensitivity analyses that should be considered to
scrutinize such signals.

Somatic variation impacting sequencing association studies

We noticed several genes associated with clonal hematopoiesis of inde-
terminate potential (CHIP) among the inflated genes®’~*'. We explored
somatic variation further, through prediction of age by rare variant car-
rier status, and by evaluation of the phenotypic associations found for
known CHIP and known somatic leukemia genes (Supplementary Note).
As expected, known CHIP genes were associated most strongly with age
(DNMT3A, TET2,SRSF2,SF3B1and ASXL1; Extended Data Fig.2a). These
CHIP genes—and several known somatic leukemia genes (TP53, NOTCHI,
IDH2,KLHL6,RUNX1,CHD2and DDX41)—werealso associated with hema-
tological traits and leukemic outcomes (Supplementary Tables 6-8
and Extended DataFig. 2b). We conclude that somatic variation affect-
ing hematological outcomes and CHIP genes is likely, although most
of the significant associations are probably causal—albeit by somatic
variation rather than germline variation. The effect of somatic varia-
tion in driving associations for nonhematological traits seems small

inour dataset (Supplementary Note). Nevertheless, we advise careful
interpretation of results from sequencing of blood-derived DNA for
hematological outcomes and known hematological genes.

Genetic effects of core genes for the human disease phenome
Among the 363 significant associations in our meta-analysis, 301 were
reported directly inthe Online Mendelian Inheritance in Man (OMIM)
database or were plausibly related to entries in this database (82.9%;
Supplementary Table 8). Indeed, the significant signals from our analy-
ses highlight pleiotropic disease genes (that is, those associated with
several disease outcomes and sequelae) and genes associated with
large effect sizes (Fig. 4), pointing towards core genes for the human
disease phenome.

Notable examples include associations of FBNI—a causative
gene for Marfan syndrome (MIM 154700)—with 13 diseases across
cardiovascular and genetic disease codes (Fig. 4a and Supplementary
Tables 6-8). FBNI showed the largest effect size for ‘chromosomal
anomalies” and ‘genetic disorders’ (OR, o 569.08, Pcyyeny = 9.3 X107
Fig.4b, cand Supplementary Table 6). Similarly, the known adenoma-
tosis poligene APC was associated with colorectal cancer (MIM175100;
Peaucny = 2.8 X107, OR, o 12.7) and 22 other codes related largely to
gastrointestinal disease (Fig. 4 and Supplementary Tables 6-8). The
largest number of gene-based associations was identified for PKDI—a
gene causative in autosomal polycystic kidney disease (MIM173900).
PKD1associated with 29 codes (Fig. 4aand Supplementary Tables 6-8),
most notably genitourinary congenital anomalies (Pc,ycy = 1.1 X 1075,
OR\ ¢ 78.71) and chronic renal failure (P,,cn, = 1.8 X 107%; OR, ¢ 17.36).
Notably, the present analysis identifies various disease sequelae asso-
ciated with known Mendelian diseases genes (such as PKDI and APC),
many of which were not identified in previous PheWAS approaches
(Supplementary Table 8).

Similarly, our large sample size allowed identification of many
Mendelian gene-disease links that were not observed in previous
PheWAS (Supplementary Table 8). For example, PTEN was associ-
ated with several phenotypes that recapitulate Cowden syndrome
(MIM 158350), including congenital anomalies and thyroid disease;
LMNA and TNNT2 were associated with cardiomyopathy and various
sequelae (MIM 601494;135150); CFTR was associated with cystic fibro-
sis (MIM 219700); FLCN was associated with congenital anomalies and
renal cancers (MIM 135150); SMAD3, COL3A1and LDLR were associated
withvascular aneurysms (MIM 613795,130050,143890); PAX6 was asso-
ciated with congenital diseases of the eye (MIM 120430); (potentially
somatic) variantsin TP53were associated with various cancers; NODAL
was associated with congenital heart disease (MIM 270100) and SODI
was associated with anterior horn cell disease (MIM 105400). These
results highlight how the continued growth in sequencingis enabling
an increased detection of bona fide Mendelian contributors to the
disease phenome.

Most of the significant associations were driven by masks
that combined LOF variants with missense variants (for example,
a LOF+missense mask had the lowest P value; n =193 associations),
while LOF-only masks drove results for 157 gene-phecode pairs
and missense-only masks drove results in only 13 cases (Fig. 2¢). For
instance, among the highly pleiotropic genes, associations for LMNA,
TP53,BRCA2 and BRCA1 were strongest for LOF+missense masks, while
associations for MYH7were driven largely by ultrarare missense varia-
tion (Fig.4aand Supplementary Tables 6 and 7), consistent with genetic
mechanisms in cardiomyopathy®>*,

Understanding the effect sizes conferred by rare variants from
a genome-first view may enable unbiased interpretation of risk and
allow comparison with common variant effects. For disease categories
with multiple associations, we tabulated the distributions of effect
sizes (Fig. 4b and Supplementary Table 9). For ‘circulatory system’,
the median OR for LOF variants was 4.5 (first quantile-third quantile,
Q1-Q3 (2.7-16.6), 53 pairs), with the largest effect identified for FBN1
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Fig. 4 |Large genetic effect sizes and pleiotropic associations identify core
genes for the human disease phenome. a, Stacked barcharts for all genes
from the meta-analysis that showed at least three associations, with the number
of associations on the y axis and gene on the x axis. Bars are stacked by the
class of the best mask (LOF, LOF+missense masks or ultrarare (UR) missense
masks) for each gene-trait association. b, Grouped boxplots showing rare
variant effect size distributions per Phecode category, with log-scaled ORs
onthey axis and categories on the x axis. The figure is restricted to gene-trait
associations reaching Cauchy Q < 0.01and restricting to rare variant masks
with P< 2.6 x107°. Per category, only masks with at least seven associations

are shown (and therefore some categories do not show all masks and not all
categories are plotted). In boxplots, the number of contributing associations
from left to right equals 53, 44, 23,15,9,16,37,30, 9,15, 8,22,32,54,58,18,9,9
and 8. All boxplots show median (center), 25th percentile (bottom of box), 75th
percentile (top of box), smallest/largest value within 1.5 x interquartile range
from hinge (bottom/top whiskers, respectively) and datapoints outside of this
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Q<0.01and rare variant masks with P<2.6 x107°), and Phecode categories on
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respective category. In all panels, ORs were estimated using inverse-variance-
weighted meta-analysis of two-sided Firth’s logistic regression results, while
mask-phecode P values were estimated from Z-score-based meta-analysis

of score tests from logistic mixed-effects models with SPA. Cauchy P values
represent the omnibus P value of all masks for a gene-phecode pair after
combining them using the Cauchy distribution (unadjusted for multiple testing),
while the Cauchy Q values represent the Benjamini-Hochberg FDR adjustments
ofthese P values. All statistical tests and P values are two-sided.

andaortic aneurysm (OR,,;108.5; Fig. 4c and Supplementary Tables 6
and 9). The category ‘neoplasms’ showed a median OR, ; 0f 8.3 (Q1-Q3
(5.1-19.5), 54 pairs) with the largest effect conferred by (potentially
somatic) variantsin the leukemia gene NOTCHI (OR,;118.9; Fig. 4b,c).
As expected, the largest median effect size was identified for asso-
ciations in the category ‘congenital anomalies’ (OR,o; of 24.3 (Q1-Q3
(15.0-119.8), 15 pairs; Fig. 4b and Supplementary Table 9). Although we
acknowledge that associationyield is determined by statistical power,
andthereforelarger sample sizes may identify additional smaller-effect
associations, our current work provides a useful reference of human
Mendelian variation for common disease categories within the adult
population.

Power from pan-ancestry approaches
Inour pan-ancestry approach, we identified markedly more significant
associationsthanarestrictive approachincluding only individuals with

ancestries similar to the largest continental ancestry in our dataset
(EUR ancestry; 18.2% fewer associations, n = 297). Theimproved yield
may reflect the larger total sample size or additional power afforded
by theinclusion of diverse ancestries. To assess this more formally, we
downsampled AoU to an ancestrally diverse dataset of equal sample
size to the EUR ancestry subset (Methods)—n =106,057 samples with
complete EHR linkage—and reran our main rare variant analyses. We
observed comparable or slightly fewer numbers of significant sig-
nals in the ancestrally diverse subsets of AoU than in the EUR subset
(Supplementary Table 10). When including low-frequency variant
masks (MAF ,;puiation-max < 1%), we still did not observe a yield benefit of
the ancestrally diverse subset as compared with the EUR-only subset
(Extended DataFig. 3).

Case frequencies across different ancestries may have contrib-
uted to this finding. Overall, disease prevalences were higher among
samples with genetically determined EUR ancestry, as compared with
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otherindividuals (Extended DataFig.3cand Supplementary Tables 11).
It currently remains unclear whether this may represent an artifact of
AoU sampling® or potentially reflects broader bias in medical carein
underrepresented populations®~>. Despite this, removal of phecodes
thatwere enriched strongly among EUR ancestry samples did not alter
the results markedly (Supplementary Table 12).

For common variant genome-wide association studies, it has
been shown that ancestry-specific variants may contribute strongly to
geneticsignaland discovery” *. By contrast, our analyses did not estab-
lish a marked increase in discovery yield from ancestral diversity for
rare variant burden testing of disease phenotypes, at aphenome-wide
scale. This result may partly represent higher disease frequency among
individuals genetically similar to EUR ancestry. In addition, we note
that (1) certain distinct rare variant signals may exist in populations dis-
similar to EUR ancestry; (2) specific phenotypes might haveincreased
yield in populations dissimilar to EUR ancestry, forinstanceif the phe-
notypeis enriched in that population (Extended Data Fig. 3¢); and (3)
our results may not translate to founder populations and populations
with high degrees of consanguinity®*°. Furthermore, it is possible that
sample sizes for underrepresented groups currently remain too small
to confer meaningful boosts in power for burden testing.

Rare variant signals informing disease biology

Weidentified several biologically plausible gene-disease links, which
were described recently in biobank studies****? (Supplementary
Tables 6-8). These included PIEZO1, which encodes amechano-sensing
protein, with varicose veins (OR ¢ 1.92; Peyyeny = 5.3 X 107%); AJUBA, which
encodes a protein involved in cell-cell adhesion, with erythematos-
quamous dermatosis (OR o 26.1; Peyyeny = 2.1 X 107); and GIGYF1, which
encodes aregulator of insulin-like-growth-factor signaling, with type
2 diabetes (OR,or 3.3; Payeny = 4.8 X 107™).

Overall, 42.4% of significant associations (154 out of 363) did not
reach significance in two previous biobank-scale PheWAS (Supple-
mentary Table 8); 8.8% of associations (32 out of 363) were also not
reported in the OMIM database. Among these signals, several were
consistent withrecent literature. For instance, the association between
SRCAP-complex-encoding genes DMAPI (OR o 3.7; Pcayeny = 6.3 X 107%)
and YEATS4 (ORof 3.8; Peaycny = 5.6 X 107®) with benign neoplasms of
uterus*; APOB, which encodes a lipid particle apolipoprotein, with
chronic liver disease and cirrhosis** (OR of 2.3; Pcayeny = 1.0 X 107%);
and NOS3, which encodes a nitric oxide synthase, with ischemic heart
disease” (OR of 1.7; Peayeny = 9.1 X107°).

We additionally focus on select novel findings, restricting to
those that survived sensitivity analyses (Supplementary Table 6).
For instance, we found that rare variants in YLPMI were associated
significantly with bipolar disorder (P¢,,e,, = 8.1x107%; OR o 3.9) and
personality disorders (Pc,ycny = 2.0 X 107; OR, ¢ 7.8; Extended Data
Fig.4). Common variants near YLPMI are associated with mood instabil-
ity, depressed affect and neuroticism**™*%, and OpenTargets* reports
strong colocalization fora YLPMI eQTL with ‘feeling worry’ and ‘feeling
nervous’ (posterior probability of colocalization >0.8). Furthermore, a
rare YLPMI missense variant was among several variants cosegregating
withapparent autosomal-dominantbipolar disorder in one pedigree®.
In a recent exome sequencing study of bipolar disorder, ultrarare
YLPM1LOF and missense variants reached nominal significance (OR 3.4;
P=0.01, one-sided Fisher exact test), although some case overlap with
ourdiscovery samplesis possible®. YLPMI is expressed in many tissues,
includingbrain, although it has not been widely studied functionally.

We further found that UBR3 variants were associated with an
adverse metabolic profile, including hypertension (Pc,yeny = 6.7 X107
OR,0¢2.8), type 2 diabetes (Pc,cy = 3.8 X107 OR ¢ 3.6) and asuggestive
signal for obesity (Pcaycny = 1.8 X107 OR\ 2.6; Extended Data Fig. 5). In
OpenTargets, there was moderate evidence for colocalization between
acommon UBR3sQTL and BMI-adjusted waist-to-hip ratio (posterior
probability for colocalization of 0.66). A previous mutational screen

in mice identified Ubr3 loss as a strong inducer of increased weight
and fat-to-lean mass in both male and female mice*, and a paralog of
UBR3, UBR2, was found in a recent sequencing study for BMI*. UBR3
and UBR2are highly constrained (pLI =1) and encode ubiquitin protein
ligase components™.

Other novel associations include MIB1, which encodes a Notch
signaling protein® found to regulate pancreatic B-cell formation in
mice®, with type 2 diabetes (Pc,ucny = 5.3 X 107% OR(¢ 1.3), and SYTLI,
which encodes a synaptotagmin, a protein class involved in neuronal
and endocrine exocytosis®”**, with hypothyroidism (Pc,yeh, = 6.5 X 107%;
OR,;1.7). Although we identified initial replication evidence for these
genes (Supplementary Note), new associations will require further
external replicationin other large datasets.

Consistency of rare variant effects across ancestries

Finally, we asked whether our multi-ancestry dataset could answer
whether the effects of rare coding variation for human disease are con-
sistent across ancestries. Tothis end, we used athree-sample approach
toassess whether effects are consistent between EUR ancestry samples
andindividuals of other genetic ancestries. We firstidentified sugges-
tively significant signals (P < 2.6 x 107®) from a meta-analysis of EUR
individuals from UKB and MGB, and then assessed the effect sizes of
these signals in the diverse AoU dataset (Methods).

Phenome-wide significant burden effect sizes from EUR ancestry
samples correlated well with the estimated effects from other ancestries
(Fig.5and Supplementary Table 13), similar to previous trans-ancestry
findings for common variants® ® and quantitative traits'. To better
incorporate measurement error and assess calibration, we then used
Deming regression (Methods). We found highly significant slopes (all
P<2.4x107®) for LOF and missense masks, which, in most cases, were
consistent with a calibration of 1 (Fig. 5 and Supplementary Table 13).
Forinstance, for LOF variant masks, the regressionslope was 0.9 for EUR
versus AFR ancestry (P=3.9 x10%,95% C1(0.72,1.08)), and 0.9 for EUR
versus AMR ancestry (P= 6.4 x10™¥,95% C1(0.78,1.02)).

Wethen performed several sensitivity analyses. Theseincluded the
removal of genes associated with age and/or leukemic outcomes, and
analyses accounting for bins of effective sample size. These analyses
produced largely consistent results, although estimated coefficients
for ultrarare missense variants tended to be somewhat attenuated
(Fig. 5 and Supplementary Tables 14 and 15). Finally, for LOF variants,
we used arandom-effects inverse-variance-weighted (IVW) approach
to combine phenotype-specific results for phecodes with atleast three
qualifying genes. Although we caution against overinterpretation of
the individually noisy estimates, the meta-analysis yielded consistent
results when comparing EUR ancestry with non-EUR ancestry (Bpeming vw
0.82-0.87, P<2x1077) and when comparing EUR ancestry with AFR
ancestry (Bpemingvw 0.84-0.87, P < 0.004; Supplementary Table 15).

Broadly, our results provide evidence that effect sizes for rare LOF
variants have reasonable consistency between EUR and other genetic
ancestries, justifying further trans-ancestry approaches to improve
discovery power in disease sequencing association studies. In addition,
these analyses support the notion that causal variants share high con-
sistency in their effects across different ancestries®”. Nevertheless, our
analyses assume homogeneous effects across phenotypes and genes;
subgroup analyses with respect to specific diseases and genes were
not adequately powered at the current sample size and remain direc-
tions for future work. Furthermore, our analyses were not powered
to assess other principal continental ancestries (for example, Asian
ancestry) at this time.

Publicly available data viathe Human Disease Knowledge
Portal

We have released a web portal to browse our gene-based results
through the Human Disease Knowledge Portal (https://hugeamp.
org:8000/research.html?pageid=600_traits_app_home). Users may
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Fig. 5| Effect sizes of rare coding variants for disease correlate between
genetic EUR and other genetic ancestries. Scatterplots with the effect sizes
from EUR-ancestry analyses on the x axis with the respective effect sizes
estimated among individuals dissimilar to EUR ancestry on the y axis. Ineach
panel, athree-sample design was applied: significant mask-disease pairs were
identified from a EUR meta-analysis of UKB and MGB (significance determined
at P<2.6 x107°), after which those mask-disease pairs were assessed within
different ancestry groups from the AoU dataset. Each panel shows effect sizes
(thatis, log(OR)) for EUR analysis on the x axis and effect sizes from other
ancestries on they axis; the left panels show EUR versus all non-EUR samples,
the middle panels show EUR versus AFR samples and the right panels show
EUR versus AMR samples. a, Results for rare LOF variant masks with at least

20 carriers in both ancestry assignments. b, Results for ultrarare missense0.5

log(OR) EUR

log(OR) EUR

variant masks with atleast 20 carriers in both ancestry assignments. Linear trend
lines from error-in-variable total-least-squares Deming regression are added to
the plots. Statistics from Deming regression, including estimated 8 (95% Cl) and
Pvalues, are added in text in the top left corners. A regression coefficient (f..s)
and 95% Clis also provided in the bottom right corners, showing results from
acombined sensitivity analysis where genes associated with age or leukemic
outcomes are removed, and where analyses are adjusted for quantiles of effective
sample size (Supplementary Table 14). All ORs were estimated using Firth’s
logistic regression models among unrelated participants. Deming regression
was run using beta coefficients and their standard errors, making the analysis
comparable with York regression with the assumption of uncorrelated errors.
Standard errors were computed using Jackknife estimators. All statistical tests
and Pvalues are two-sided. sens, sensitivity analysis.

browser results fromindividual datasets (UKB, AoU and MGB), various
meta-analyses (including uncorrected and sample overlap-corrected
meta-analyses), different ancestries (all-comers or EUR ancestry only)
and various mask filters (MAF o, iation-max < 0-1%; MAF o tation-max < 1%). FOr
instance, our portal highlights eight and nine exome-wide significant
(P<1x107%) genes for cardiomyopathy and diabetes mellitus, respec-
tively (Extended Data Figs. 6 and 7). For de novo discovery or replica-
tion, researchers might wanttorestrict to specific subsets of our data;
tothisend, theindividual cohortresults and results for meta-analyses
of UKB + AoU and UKB + MGB are available.

Discussion

The present workisimperfect and subject to several limitations. First,
phecode definitions may imperfectly capture disease status, and
therefore a degree of phenotype misclassification is likely. Second,
the overlapping samples between AoU and MGB may have introduced

bias despite applying an overlap-aware meta-analysis, as rare variant
burdens may be affected differently by sample overlap compared with
single common variants. Reassuringly, however, the uncorrected infla-
tion was most notable for higher allele count burdens—expected to
behave more similarly to common variants—whereas few significant
results were observed for low allele count burdens (Supplementary
Figs.16 and 17). Third, while our main signals were not driven by con-
tinental population stratification, it is possible that finer population
stratificationintroduced somebias. Fourth, we applied amoreliberal
cutoffbased onan FDR of 1% in our PheWAS analyses. For all the above
reasons, any specific new gene-disease links will require replication
inindependent datasets. Fifth, our statistical analyses were focused
specifically on rare variant burden testing and might not translate to
rare single variant and/or variance component tests. Relatedly, our
analyses of discovery yield in diverse datasets may still have been lim-
ited by sample size. Future studies with even larger diverse datasets
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might be needed to identify benefits for rare variant burden testing,
especially considering our focus on binary outcomes. Finally, our
analyses were restricted to protein-coding genes, while rare noncod-
ing regions remainlargely unexplored ona populationscale. The AoU
research program aims to eventually release WGS data on over Imillion
participants, and the UKB recently made WGS data available on almost
500 thousand samples; these data will be instrumental to extend our
findings to additional populations and noncoding regions.

In conclusion, through pan-ancestry meta-analysis of over
750,000 sequences, we present a dataset of gene-based rare variant
associations across a wide range of human disease phenotypes. Our
results provide insights into the consistent effects of ultrarare coding
genetic variation for human disease across ancestries, while provid-
ing analytical implications for future sequencing approaches. These
findings are of relevance given theimportantand continued efforts to
sequence underrepresented populations'***** To propel use of our
data, we have made our results available for download and browsing
inthe Human Disease Knowledge Portal.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-024-01894-5.
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Methods

Study datasets

In the present study we utilized three large biobanks with available
sequencing dataand linkage to EHRs.

UK Biobank. The UKBis alarge population-based prospective cohort
study from the UK that included over 500,000 individuals with deep
phenotypicdata, including medicalinterviews, EHR linkage and death
registry linkage® . Participants were recruited between 2006 and 2010
attheages of 40-69 years®. Relevant genomic data currently includes
exome sequencing on over 450,000 samples funded throughindustry
partnerships“”’. Exomes were captured using the revised version of
the IDT xGen Exome Research Panel v.1.0 on Illlumina NovaSeq 6000
machines (https://www.ukbiobank.ac.uk/media/najcnoaz/access_O
64-uk-biobank-exome-release-faq_v11-1_final-002.pdf). Alignment
using BWA-MEM, calling using DeepVariant, and joint genotyping using
GLNexus have been described in detail elsewhere (https://biobank.
ndph.ox.ac.uk/showcase/ukb/docs/UKB_WES_Protocol.pdf). In the
present study, we utilized the OQFE exome call set and closely followed
a previously published pipeline to perform stringent quality control
(QC) of the exome sequencing data, including genotype QC, vari-
ant QC and sample QC°. Details on custom QC, principal component
analysis, ancestry inference and relatedness inference are described
in the Supplementary Note. After QC, we were left with 18,752,405
high-quality autosomal variants and 454,210 high-quality samples,
of which 454,162 could be linked to their phenotypic data. The UKB
resource was approved by the UKB Research Ethics Committee, and
all participants provided written informed consent to participate. Use
of UKB data was performed under application number 17488 and was
approved by the Mass General Brigham Institutional Review Board.

All of Us. The AoU research program of the National Institutes of
Health (NIH) is a longitudinal cohort study that aims to include 1 mil-
lion racially, ancestrally and demographically diverse participants
fromacross the USA, combining phenotypic datafrom various sources
including patient-derived information and EHR linkage®®. One of the
goals setby AoUwastorecruitindividuals that have been, and continue
to be, underrepresented in biomedical research because of limited
access to healthcare'>®, Consistently, AoU prioritized underrepre-
sented participants for genome sequencing and data collection and
included them in the first few releases of the dataset, resultingin a
diverse research population with rich phenotypic data. As part of the
releasein April 2023, WGS was performed on approximately 250,000
participants using lllumina NovaSeq 6000 machines following manu-
facturer’s best practices. The same protocol for library preparation
(PCR Free Kapa HyperPrep) and software for variant calling (DRA-
GEN v.3.4.12) were used to keep consistent WGS data generated from
different AoU Genome Centers. A stringent central QC procedure
was applied, as described in the program’s genomic quality report
(https://support.researchallofus.org/hc/en-us/articles/461789995
5092-All-of-Us-Genomic-Quality-Report-), leaving 245,394 samples
(47.7% described as racial/ethnic minorities). We performed further
genotype, variantand sample QC procedures on the exome-region call
set (contains variants that are within the exon regions of the Gencode
v.42 basic transcripts, with padding of 15 bases on either side of each
exon) released by the program, resulting in 242,902 eligible samples
and 31,247,262 high-quality genetic variants. Details on the QC proce-
dure, ancestry inference, principal component analysis and related-
ness inference are described in the Supplementary Note. All enrolled
participants provided informed consent to AoU. Use of AoU data was
approved under a data use agreement between the Massachusetts
General Hospital and the AoU research program.

Mass General Brigham Biobank. The MGB (formerly known as Part-
ners Biobank) is an ongoing observational research project enrolling

participants from a multicenter health system in eastern Massachu-
setts®. Participants are enrolled with broad-based consent collected
by localresearch coordinators, either as part of acollaborative research
study or electronically through a patient portal”. Demographic data,
blood samples and surveys are collected at baseline and linked to
EHR data. All adult patients provided informed consent to partic-
ipate. A small number of children were enrolled with Institutional
Review Board-approved assent forms; upon reaching 18 years of age
allenrolled children had to provide consent or were removed from the
study. The Human Research Committee of MGB approved the Biobank
protocol (2009P002312). Exome sequencing has currently been com-
pleted forover 53,000 MGB participants, partly within the Centers for
Common Disease Genomics initiative of the National Human Genome
Research Institute and partly through industry partnership with IBM
health. Samples were sequenced on lllumina NovaSeq machines with
acustomexome panel (TWIST Human Core Exome), with atarget of at
least 20x coverage at >85% of target sites. Alignment, processing and
joint calling of variants were performed using the Genome Analysis
ToolKit (GATK v.4.1) following GATK best practices, after which we
applied a stringent QC pipeline on the sequencing data (comparable
with the pipeline applied in the UKB). Details on QC, ancestry infer-
ence, principal component analysis and relatedness inference are
describedinthe Supplementary Note. After stringent QC, we were left
with 12,421,458 autosomal genetic variants across 52,059 high-quality
samples, of which 51,815 could be matched to their EHRs.

Ancestry definitions

In all analyses across all datasets, ancestry labels were based on infer-
ence from the genetic data. In all datasets, we defined labels for con-
tinental ancestries, namely EUR, EAS, SAS, AFR and AMR ancestries.
Methods for genetic inference of ancestry differed between UKB and
MGB, as compared with AoU. Methodology for ancestry inference is
described in the Supplementary Note.

Phenotype construction

We defined a harmonized set of disease endpoints across the included
datasets. To this end, we used the R package PheWAS (v.1.0, https://
github.com/PheWAS/PheWAS) to create disease phecodes mapped from
variousICD-10billing codes”. We required at least one instance of anICD
code to define a sample as a case, while all other samples were consid-
ered controls for the given phecode. Prevalent and incident cases were
pooled. In MGB and AoU, 1,866 and 1,835 phecodes could be mapped
from ICD-10-CM code data, respectively, while in UKB available ICD-10
code data allowed mapping to 1,591 phecodes. In UKB, we manually
curated a select number of traits, which had low case numbers in UKB
duetoabsence of available ICD-10 codes (but had high case numbersin
AoU/MGB; Supplementary Note). Given the high degree of correlation
between various phecodes, we then utilized a clustering algorithm
to identify important index phecodes’; we performed the clustering
algorithm within the most phenotypically rich dataset, MGB. We first
excluded any phecode with <50 casesin MGB (leaving 1,770 phecodes),
which we then used to create a cosine similarity matrix and a cosine
distance matrix (1 - similarity matrix). We used Ward’s method to hierar-
chically cluster the cosine distance matrix, using a clustering tree height
cutoffof 1.0 to define meaningful phecode clusters. We defined the index
phecode as the phenotype with the highest case count withina cluster,
utilizing the sum of case counts across UKB, a previous release of AoU
(n=98k) and MGB. Therefore, itis possible that agivenindex phecodeis
not presentineachdataset; however, we keep the phecodeyieldingahigh
overall case number toincrease statistical power for downstream genetic
analysis. The clustering process left 519 index phecodes; we manually
inspected the codes that were removed and pulled back 82 phecodes,
leaving a final set of 601 largely independent phecodes for analysis. Of
the 601 phecodes, 555, 601 and 601 codes were found in UKB, AoU and
MGB, respectively, of which 546, 601 and 601 had at least 50 cases.
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Variant annotation

In each dataset, variants were annotated using dbNSFP (v.4.2a for
MGB and v.4.3afor UKB and AoU’) and the loss-of-function transcript
effect estimator (LOFTEE®) plug-in implemented in the variant effect
predictor (VEP; v.105)” (https://github.com/konradjk/loftee). VEP
was used to ascertain the most severe consequence of a given variant
for each gene. LOFTEE was implemented to identify high-confidence
LOF variants, which include frameshift indels, stop-gain variants and
splicesite-disrupting variants. LOFs flagged by LOFTEE as dubious were
removed. Missense variants were assigned a missense score represent-
ingthe proportion of bioinformatics tools predicting adamaging effect,
following previously published methods’. In short, we used information
from30toolsincluded in the dbNSFP database to score each missense
variant by the number of tools predicting a damaging/deleterious
effect,and divided this value by the number of tools that gave a predic-
tion. Missense variants with fewer than seven predictions were removed.
Forinstance, if 14 tools predicted a damaging effect and 28 total tools
gave a prediction, then the missense score would equal 0.5 (14/28).
Details on the contributing tools are provided in the Supplementary
Note. Finally, variants were annotated with the highest continental
allele frequency from gnomAD v.2 exomes (extracting frequencies for
EUR, EAS, SAS, AFR and AMR superpopulations) denoted as ‘gnomAD
popmax’®. Withina dataset, the highest MAF between gnomAD popmax
and the within-dataset MAF was designated the MAF ., ation-max-

Rare variant analyses

Ineach dataset, we performed exome-wide rare variant collapsing tests
across theincluded disease phecodes with =50 cases. We assessed six
rare variant masks in our main discovery analysis, namely:

(1) ‘rare LOF’ mask restricting to LOF variants with
MAF ;oputation-max < 0.1% (that is, MAF < 0.1% in the dataset and
gnomAD popmax < 0.1%),

(2) ‘rare LOF+missense0.8” mask including both LOF variants and
predicted-deleterious missense variants with missense score >
0.8 and MAF . acion-max < 0-1%,

(3) ‘rare LOF+missense0.5 mask including both LOF variants and
predicted-deleterious missense variants with missense score >
0.5 and MAF o, iacion-max < 0.1%,

(4) ‘ultrarare LOF+missense0.5’ mask including both LOF variants
and predicted-deleterious missense variants with missense
score > 0.5 and MAF ,,,iation-max < 0.001% (for within-dataset
filtering, we used MAC <5 if more inclusive)

(5) ‘ultrarare missense0.5’ mask restricting to missense variants
with missense score > 0.5 and MAF o,y 1ation-max < 0.001% (for
within-dataset filtering, we used MAC < 5 if more inclusive)

(6) ‘ultrarare missense0.2’ mask restricting to missense variants
with missense score > 0.2 and MAF ,,,,jation-max < 0-001% (for
within-dataset filtering, we used MAC <5 if more inclusive)

The stringent frequency cutoffs were chosen to limit resultsto very
rare genetic variation in an attempt to enforce orthogonality to con-
ventional common variant genome-wide association study results™’.

Insecondary analyses, we also performed burdentesting inclusive
of low-frequency variants (MAF ,iation-max < 1%; Fig. 1), for

(1) LOF variant mask (MAF ,o,uiation-max < 1%),
(2) LOF+missense0.8 mask (MAF o,y iation-max < 1%), and
(3) LOF+missense0.5 mask (MAF o uiation-max < 1%)

For a given phenotype, rare variant masks were analyzed in a
two-sided logistic mixed-effects score test using custom software
(https://github.com/seanjosephjurgens/UKBB_200KWES_CVD/tree/
v1.2),whichisapreviously described adaptation® of the R package GEN-
ESIS (v.2.18)™. Fixed effects included age, age?, sex, sequencing batch
(ifapplicable; Supplementary Note), ancestral principal components
1to 4, and any other component among the first 5 to 20 components

if associated with the phecode (nominal P < 0.05 among unrelated
samples). In AoU, only the first 16 components were available. We
accounted for relatedness by including a sparse kinship matrix as a
random effect (Supplementary Note), and P values were computed
using the saddle-point approximation (SPA) to account for case-con-
trol imbalance”. In cases where the mixed-effects model failed to
converge, analyses were conducted using regular logistic regression
among unrelated individuals. Missing genetic data were imputed to
zero. For tests reaching nominal significance (P < 0.05), ORs, and s.e.
were estimated using an approximate Firth’s bias-reduced logistic
regression’®” in the unrelated subset of each dataset.

Meta-analyses

To compute meta-statistics, we used a score-based meta-analysis
approach. For each phenotype-mask test, we computed the score .,
asthe sum of study-specific score statistics, and the score variance, .,
as the sum of study-specific score variances’. To account for case-
control imbalance in our meta-analysis, we recomputed the score
variances in each dataset using the SPA P values before meta-analysis™
(Supplementary Note). To prevent false positives driven by low minor
allele count, we removed any tests with cumulative minor allele count
(cMAC) <10inthe study-specific results before meta-analysis. Because
AoU does notallow extraction of summary statistics describing results
from <20 individuals, the minimum number of alternative allele carri-
ers for AoU was set to 20 before extraction of data from the AoU web
portal. After meta-analysis, we removed any results with cMAC < 20.
Therefore, our meta-analysis resultsinclude only tests withcMAC > 20,
where each contributing study has cMAC > 10. Effect sizes for signifi-
cantassociations were estimating using aninverse-variance weighted
meta-analysis of ORs and SEs.

Because we found that there was evidence of sample overlap
and/or cryptic relatedness between AoU and MGB (median 0.05 test
statistic correlation), we then applied an approach to correct the
meta-analytical P values for thisissue (Supplementary Note). Inshort,
we used a weighted Z-score meta-analysis that (1) first estimates the
spurious test statistic correlationacross datasets, estimated separately
for each phenotype (we found that correlations were approximately
consistent across masks; Supplementary Fig.13); and (2) then corrects
the meta-analytical weights, accounting for the spurious correlation.
While not perfect, we found that this approachyielded a substantially
better calibration of meta-analytical test statistics. We note that this
correction does not directly correct the effect size estimation, and
therefore the variance of the effect sizes might be underestimated;
nevertheless, we found that the corrected P values were reasonable
for hypothesis testing.

To compute a single Pvalue per gene-phecode pair, we used the
Cauchy distribution to combine the mask-specific P values (fromall six
different masks) into a single omnibus P value. The Cauchy distribu-
tionallows for valid aggregation of several, potentially correlated, test
statistics into a single test statistic®*’. ABenjamini-Hochberg FDR cor-
rection was thenapplied to these Cauchy P values to compute multiple
testing-corrected Q-values, taking into account all gene-phecode pairs
inone FDR correction. Q values < 0.01 were considered significant. All
discovery analyses and meta-analyses considered all samples irrespec-
tive of ancestry. In sensitivity analyses, all discovery and meta-analyses
were repeated restricting to samples determined genetically to be
similar to EUR ancestry. We also analyzed matched synonymous vari-
ants, as described in the Supplementary Note.

Assessment of power benefits from diverse ancestries

To investigate the effect of ancestral diversity on discovery yield, we
compared the number of identified associations at various signifi-
cance cutoffs, when using all samples, and when using only samples of
genetically determined EUR ancestry. We assessed the number of sig-
nals at Bonferroni-corrected significance (P<1x107) and at standard
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exome-wide significance (P <2.6 x 10°). To disentangle whether differ-
encesinnumber of discovered associations were due to the diminished
samplesize for the EUR-only analysis compared withthe entire dataset,
we thenapplied adownsampling approach. We downsampled the AoU
datasetinsuchaway (removed samples) so the remaining sample size
matched the sample size of the EUR subset of AoU. While doing so, we
ensured themost ancestrally diverse composition of the downsampled
dataset (Supplementary Note). As such, we created two equally sized
subsets of AoU: one of exclusively EUR ancestry, and one highly diverse
dataset. We performed exome-wide discovery analyses as described for
our primary analysis. We then assessed the discovery yield—measured
by number of significant associations at P < 1x 107 and exome-wide sig-
nificance—inboth datasets. We further performed meta-analyses where
we combined either dataset with UKB, to assess whether an ancestrally
diverse dataset may improve yield when combined in meta-analysis
with alarge homogenous set (Supplementary Table 10).

Assessment of rare variant effect sizes across ancestry

We then aimed to assess whether rare variant effects estimated from
genetically determined EUR samples were consistent in other ances-
tries. For this analysis, we considered rare LOF variant (MAF < 0.1%)
masks and ultrarare missense0.5 (MAF < 0.001%) variant masks. We
employed a three-sample design to avoid bias from Winner’s curse.
First, we identified suggestively significant mask-phecode associa-
tions from a EUR ancestry meta-analysis of UKB and MGB, defined as
P<2.6 x10"°among samples of genetically determined EUR ancestry.
We then estimated effect sizes for those masks in various subsets of
AoU. Forinstance, our main analysis focused on the effect sizes of those
signals among EUR ancestry individuals in AoU, and the respective
effect sizes among samples with a genetically defined ancestry dis-
similar to EUR (AFR, AMR, EAS, SAS, admixed). Effect sizes and standard
errors forboth groups were estimated using Firth’s regression among
unrelated samples, requiring >20 rare variant carriersin both groups.
In secondary analyses, we performed similar comparisons, this time
comparing effect sizes from EUR ancestry samples with the respective
effect sizes from two defined ancestry groups with sufficient sample
sizein AoU, namely AFR and AMR ancestries.

To compare phenome-wide effect sizes between different groups,
we computed Pearson correlation estimates, quantifying the correla-
tion between rare variant effect sizes from EUR samples against the
respective effect sizes in non-EUR samples. Because effect sizes from
our analysis are estimated with error (large s.e. given low numbers of
carriers) this can downward bias correlation and regression estimates,
a phenomenon known as attenuation bias®. Given known s.e. of our
estimates, we also computed disattenuated correlation coefficients
providing upper bound estimates of the possible true correlations
between EUR effect sizes and non-EUR effect sizes (Supplementary
Note). We then aimed to build regression models quantifying the rela-
tionship between EUR and non-EUR effect sizes. To incorporate the
error in effect estimates, we used Deming regression®>*>—a form of
error-in-variables total-least-squares regression—to regress non-EUR
effect sizes on EUR effect sizes (using function deming() in R pack-
age deming v.1.4). Since the s.e. values for each beta coefficient were
known, these were fed directly into the regression model. As such, the
assumption of equal error ratios was relaxed, making the regressions
comparable with York regression with the assumption of uncorrelated
errors. Regression weights were applied to account for potential het-
eroscedasticity, and s.e. was computed using Jackknife estimators for
all regressions including more than eight datapoints.

Insensitivity analyses, we removed genes associated with leukemic
outcomes and/or age, to assess potential effects from somatic vari-
ation on phenome-wide effect size correlations. We also performed
analyses accounting for bins of effective sample size, to better account
for differential discovery power across different phenotypes (Supple-
mentary Table14); in these analyses, we performed Deming regression

within quantiles determined by the effective sample size (computed
within EUR ancestry samples), and then performed a random-effects
IVW meta-analysis to combine the results from the quantiles. For LOF
variants, we finally performed analyses using phenotype-specific
effect size correlations. To this end, we used phenotypes with at least
three qualifying genes and performed Deming regression for each
phenotype separately. We then used the IVW approachto combine the
phenotype-specific Deming coefficients.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Results from our gene-based association analyses are available for
browsing and download through our online portal (https://hugeamp.
org:8000/research.html?pageid=600 _traits_app_home). Bulk down-
load of summary statistics is possible via the Cardiovascular Disease
Knowledge Portal (https://cvd.hugeamp.org/downloads.html). Access
toindividual-level UKB data, both phenotypic and genetic, isavailable to
bonafideresearchersthrough application onthe UKB website (https://
www.ukbiobank.ac.uk). The final release of the exome sequencing
dataset of UKB is available only through the DNAnexus Research Analy-
sis Platform (https://www.ukbiobank.ac.uk/enable-your-research/
research-analysis-platform). Additional information about registra-
tion for access to the datais available at http://www.ukbiobank.ac.uk/
register-apply/. Use of UKB data was performed under application
number 17488. Access to individual phenotypic and genetic datafrom
AoU is currently available to bona fide researchers within the USA
through the AoU Researcher Workbench, a cloud-based computing
platform (https://www.researchallofus.org/register/). A publicly
available data browser is provided by the research program (https://
databrowser.researchallofus.org/). Access toindividual-level data for
participants from the MGB is currently not publicly available. Other
datasets used in this manuscript include: the dbNSFP database v.4.2a
andv.4.3a (https://sites.google.com/site/jpopgen/dbNSFP); gnomAD
exomes v.2.1 (https://gnomad.broadinstitute.org/downloads); the
OMIM database (omim.org) accessed on 25 August 2022; Ensembl
release 105 (https://www.ensembl.org/info/data/index.html); and the
ClinVar database (https://www.ncbi.nlm.nih.gov/clinvar/) accessed in
December 2022.

Code availability

QC ofindividual-level data was performed using Hail v.0.2 (https://hail.
is) aswellas PLINK v.2.0.a (https://www.cog-genomics.org/plink/2.0/).
Variant annotation was performed using VEP v.105 (https://github.
com/Ensembl/ensembl-vep). Main rare variant association analyses
were performed using an adaptation of the R package GENESIS v.2.18
(https://rdrr.io/bioc/GENESIS/man/GENESIS-package.html), which
has previously been made available by us through the GitHub reposi-
tory https://github.com/seanjosephjurgens/UKBB_200KWES_CVD /
v.1.2 (https://doi.org/10.5281/zenodo.11638262). Meta-analyses were
performed using custom code available in the same repository, and
using METAL (2017-12-21release). Analyses that were runinR, were run
within Rv.4 (https://www.r-project.org).
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Extended Data Fig.1| Prevalence of rare likely pathogenic and pathogenic
variantsin cardiomyopathy genes across UKB and MGB datasets. a,b, Bar
graphs reflect the percentage of biobank participants found to carry pathogenic
or likely pathogenic variants for dilated cardiomyopathy (a) or hypertrophic
cardiomyopathy (b) with 95% binomial confidence intervals, where light blue
represent Massachusetts Biobank (MGB) and dark green represents UK Biobank
(UKB). The absolute number of carriers identified in a given groupingisadded
above each bar. The total number of participants was n = 51,815in MGB and
n=454,162 in UKB. Pathogenic or likely pathogenic variants reported in ClinVar

Carrier frequency (%)

212

0.5

0.4

Dataset

o
i
0.3
MGB
Buxks
o
0.2
~
oh’)
5
w
~
0.1 87
R (Weox
-Q = -
T o
NN - ©
'I N v 0w 0°9-°9-°0°°«
0.0 L T Son s TIPS R SIS R

©
N
i
FRFES ISP OO L P
L 8 SR PRI S
S@@@@ AN \&‘p@vooe&{?\y&p
O
A

and submitted by clinical testing labs from 2015 onwards were included, as

well as high-confidence LOF variants affecting canonical transcripts for select
genes (where truncation is considered pathogenic for the disease); for TTN,
only variants affecting the cardiac exons were included. Variants were filtered to
MAF < 0.1%. The combined prevalences (all genes combined) are shown on the
far right of the panels. Overall, rare disease-causing variants for both disorders
were more frequent in MGB vs. UKB (non-overlapping 95% binomial confidence
intervals).
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Extended Data Fig. 2| Evidence of age-related somaticism and phenotype
associations for potentially somatic gene variants. a, Volcano plot with results
from linear regression models predicting age from rare variant carrier status (ina
meta-analysis of UKB, AoU and MGB), with the -10g;(Pc,ycny) 0N the y-axis and the
estimated effect size per year for the most significant mask on the x-axis (B,g.).
The same pipeline was used as for our primary analysis. The horizontal dotted
line shows a suggestive significance cutoff of P<1x 107, while the vertical lines
highlight B, = -0.1and B, = 0.1, respectively. Significant genes (P <1x107°) are
annotated with their gene names; all genes that were significantly associated
withany outcome in our primary analysis (Supplementary Table 16) and with

age are also annotated with their gene names. Gene masks reaching P <1x107
and B, > 0.1can be considered suggestively affected by age and therefore raise
suspicion that they are affected by age-related somatic variants. Indeed, many of
these genes are known clonal hematopoiesis of indeterminate potential (CHIP)
genes (Supplementary Note). b, Heatmap with Phecodes on the x-axis and genes
on the y-axis. The heatmap shows results for genes that reached significance in
our PheWAS for leukemic/hematological outcomes and/or genes associated
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withage. These genes are plotted against a range of representative phenotypes
suggestively associated at P <1x 10 with any of the genes. The color in each cell
represents the odds ratio (OR) for the most significant mask (lowest nominal
P-value) with red indicating increased disease risk (OR >1) and blue indicating
decreased disease risk (OR <1). Significance levels are shown in each cell using
circlesand boxes, with asmall dot representing nominal P, < 0.05, alarger dot
representing Pc,,qy < 0.001, ablack box representing Pc,,cn, =1%107° and ablack
box with smaller white box representing Qc,ychy < 0.01in our primary analysis.
ORs were estimated using inverse-variance weighted meta-analysis of two-sided
Firth’s logistic regression results. The reported P-values are Cauchy P-values

that represent the omnibus P-value of all masks for a gene-phecode pair after
combining them using the Cauchy distribution (unadjusted for multiple testing).
Q-values represent the Benjamini-Hochberg FDR adjustments of these P-values.
P-values for mask-phecode pairs (prior to the Cauchy combination) were derived
from a Zscore-based meta-analysis of score tests from logistic mixed-effects
models with saddle-point-approximation. All statistical tests and P-values are
two-sided. LOF, loss-of-function; OR, odds ratio.
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Extended Data Fig.3|No apparent discovery benefitinrare variantburden
testing from ancestral diversity at current case numbersin AoU. a,b, Grouped
barcharts with the number of significant signals identified from rare variant
burden testing on the y-axis, comparing results from two different sub-samples
of datasets. Blue bars represent results for LOF variants only (MAF ,,puiation-max
<0.1%), while dark red bars show results for the Cauchy combination of 6 masks
and light red bars represent a Cauchy combination of 9 masks (including 3
low-frequency variant masks at MAF ,;,,,1ation-max < 1%). Plot in a shows results

for the subset of AoU consisting of individuals genetically similar to European
ancestry (n =106,057 samples with complete EHR linkage; EUR) on the left

side of each comparison, while the right side shows results for an ancestrally
diverse sub-sample of AoU of equal size (n = 106,057 samples with complete
EHR linkage; Mixed). Results are restricted to 584 phecodes that were testable
inboth subsamples. Plot in b shows those same sub-samples of AoU in ameta-
analysis with UKB, restricting to 530 phecodes that were testable across AoU
subsamples and in the UKB dataset. ¢, Violin plot showing prevalence ratios for
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all 601 phecodesin AoU, where the prevalence ratios represent the ratio between
prevalence among EUR samples and within individuals genetically dissimilar

to European ancestry (non-EUR). Prevalence ratios are presented on the log,-
scale, where one unit difference represents a doubling/halving of the relative
prevalence. The black line represents prevalence ratio of O (no difference),
while the dotted lines represent prevalence ratios of 1and -1. Select phenotypes
enriched on either side are annotated. Many phecodes are relatively enriched in
EUR as compared to non-EUR, which might contribute to the slightly diminished
discovery yield within the ancestrally diverse subsample of AoU as compared to
the EUR subsample. The Cauchy P-values represent the omnibus P-value of all
relevant masks for a gene-phecode pair after combining them using the Cauchy
distribution (unadjusted for multiple testing). P-values for mask-phecode pairs
(prior to the Cauchy combination) in AoU were derived from a saddle-point-
approximation score tests from logistic mixed-effects models, while meta-
analysis P-values were derived from Zscore-based meta-analysis of such score
tests. All statistical tests and P-values are two-sided.
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Total rows: 601 Save data / set table £
Phenotype Category Meaning P-Value: Rare P-Value: Low Freq Beta Evidence
phecode_296.1 mental disorders Bipolar 8.14e-9 1.21e-8 A1.301
phecode_301.0 mental disorders Personality disorders 2.00e-7 2.70e-7 A1612
phecode_316.0 mental disorders Substance addiction and disorders 0.0000136 0.00002 A0.931
phecode_327.32 neurological Obstructive sleep apnea 0.0000233 0.0000176 A1.017
phecode_579.0 digestive Other symptoms involving abdomen and pelvis 0.0000652 0.0000893 A0.941
phecode_278.1 endocrine/metabolic Obesity 0.0001329 0.000165 A0.591
phecode_276.0 endocrine/metabolic Disorders of fluid electrolyte and acidbase balance 0.000158 0.0001199 A0.815
phecode_278.0 endocrine/metabolic Overweight obesity and other hyperalimentation 0.0001948 0.0002629 A0.571
phecode_513.0 respiratory Respiratory abnormalities 0.0002016 0.0002567 A1.253
phecode_722.0 musculoskeletal Intervertebral disc disorders 0.00023 0.0003211 A0.612

Extended Data Fig. 4 | Broad Human Disease Knowledge Portal showing
phenome-wide results for YLPMI. Output from a search for the gene YLPMI on
the Broad Human Disease Knowledge Portal, which showcases the results from
our primary meta-analysis of UKB, AoU and MGB. The top of the figure shows a
dot plot with each dot representing a different phecode tested for association
with YLPM1, where the y-axis shows the -log;,(Cauchy P-value) and the x-axis
represents different phenotypes grouped by broad phecode category. The
arrows represent directionality, with an upwards arrow indicating that rare
variants in YLPMI are associated with increased risk of the given phecode, and
downwards arrows representing decreased risk; directionality is based in the
‘Best Mask’ which is the mask that yielded the lowest nominal P-value in burden
testing. The dotted line represents the significance level used for phenome-wide
testing of asingle gene on the portal (a = 5 x107°). Phenotypes reaching this level
of significance are highlighted in black text. The bottom of the figure shows the
associated results table as presented on the portal, including details on the most

strongly associated phecodes, the Cauchy P-values for burden testing of rare
variant masks, the Cauchy P-values for burden testing of rare and low-frequency
masks, and the beta coefficient of the ‘Best Mask’ (ie the mask that reached the
lowest nominal P-value in burden testing). Results can be queried through the
following link: https://hugeamp.org:8000/research.html?ancestry=mixed&co
hort=UKB_450k_AoU_250k_MGB_53k_META _overlapcorrected&file=600Traits.
csv&gene=YLPM1&pageid=600 _traits_app.Betas, which representlog(odds
ratios), were estimated using inverse-variance weighted meta-analysis of
two-sided Firth’s logistic regression results. The reported P-values are Cauchy
P-values that represent the omnibus P-value of all masks for a gene-phecode pair
after combining them using the Cauchy distribution (unadjusted for multiple
testing). P-values for mask-phecode pairs (prior to the Cauchy combination)
were derived from Z-score-based meta-analysis of score tests from logistic
mixed-effects models. All statistical tests and P-values are two-sided. LOF, loss-of-
function; OR, oddsratio.
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Phenotype Category Meaning P-Value: Rare P-Value: Low Freq Beta Evidence
phecode_401.0 circulatory system Hypertension 6.69e-9 5.42e-9 A1.075
phecode_250.2 endocrine/metabolic Type 2 diabetes 3.84e-8 2.88e-8 A1.288
phecode_250.0 endocrine/metabolic Diabetes mellitus 1.49e-7 1.12e-7 A1.226
phecode_278.1 endocrine/metabolic Obesity 1.41e-6 1.06e-6 A0.985
phecode_278.0 endocrine/metabolic Overweight obesity and other hyperalimentation 1.98e-6 1.48e-6 A0.972
phecode_366.0 sense organs Cataract 0.0000593 0.0000446 A0.961
phecode_585.0 genitourinary Renal failure 0.000092 0.0000691 A1.293
phecode_496.0 respiratory Chronic airway obstruction 0.0002478 0.0003527 A0613
phecode_327.3 neurological Sleep apnea 0.0009586 0.0014338 A0.327
phecode_686.0 dermatologic Other local infections of skin and subcutaneous tissue 0.0014265 0.0010728 A1.467

Extended Data Fig. 5| Broad Human Disease Knowledge Portal showing
phenome-wide results for UBR3. Output from asearch for the gene UBR3on the
Broad Human Disease Knowledge Portal, which showcases the results from our
primary meta-analysis of UKB, AoU and MGB. The top of the figure shows a dot
plotwitheach dot representing a different phecode, where the y-axis shows the
-log,,(Cauchy P-value) and the x-axis represents different phenotypes grouped
by broad phecode category. The arrows represent directionality, with an upwards
arrow indicating that rare variants in UBR3 are associated with increased risk
of'the given phecode, and downwards arrows representing decreased risk;
directionality is based in the ‘Best Mask’ which is the mask that yielded the lowest
nominal P-value inburden testing. The dotted line represents the significance
level used for phenome-wide testing of a single gene on the portal (o =5x107).
Phenotypes reaching this level of significance are highlighted in black text.
Thebottom of the figure shows the associated results table as presented on the
portal, including details on the most strongly associated phecodes, the Cauchy

P-values for burden testing of rare variant masks, the Cauchy P-values for burden
testing of rare and low-frequency masks, and the beta coefficient of the ‘Best
Mask’ (ie the mask that reached the lowest nominal P-value in burden testing).
Results can be queried through the following link: https:/hugeamp.org:8000/
research.html?ancestry=mixed&cohort=UKB_450k_AoU_250k_MGB_53k_META_
overlapcorrected&file=600Traits.csv&gene=UBR3&pageid=600_traits_app.
Betas, which represent log(odds ratios), were estimated using inverse-variance
weighted meta-analysis of two-sided Firth’s logistic regression results. The
reported P-values are Cauchy P-values that represent the omnibus P-value

of all masks for a gene-phecode pair after combining them using the Cauchy
distribution (unadjusted for multiple testing). P-values for mask-phecode pairs
(prior to the Cauchy combination) were derived from Z-score-based meta-
analysis of score tests from logistic mixed-effects models. All statistical tests and
P-values are two-sided. LOF, loss-of-function; OR, odds ratio.
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Gene Region P-Value: Rare P-Value: Low Freq P-Value: Best Mask Beta Best Mask Type Cases Controls
TTN 2:179390716-179695529 3.04e-74 4.56e-74 5.07e-75 A1.223 LOF (MAF<0.1%) protein_coding 14691 734188

MYBPC3 11:47352957-47374253 1.72e-39 1.09e-39 2.11e-40 A2333 LOF (MAF<1%) protein_coding 14691 734188
MYH7 14:23881949-23904869 1.21e-24 1.81e-24 2.62e-25 A1.13 missense0.2 (MAF<0.001%) protein_coding 14691 734188
LMNA 1:156052364-156109872 1.53e-9 2.30e-9 2.63e-10 A1.29 LOF+missense0.5 (MAF<0.001%) protein_coding 14691 734188
TNNT2 1:201328136-201346892 3.89e-8 2.90e-8 6.99e-9 A0.877 LOF+missense0.5 (MAF<1%) protein_coding 14691 734188
PKP2 12:32943679-33049711 3.66e-7 7.36e-8 1.63e-8 A1.103 LOF+missense0.8 (MAF<1%) protein_coding 14691 734188
FLNC 7:128470460-128499328 2.57e-7 1.66e-7 3.23e-8 A1.622 LOF (MAF<1%) protein_coding 14691 734188

DSP 6:7541850-7586947 6.10e-7 4.57e-7 1.03e-7 A1.592 LOF (MAF<0.1%) protein_coding 14691 734188
ACTC1 15:35082431-35087750 2.00e-6 1.93e-6 6.00e-7 A 1552 LOF+missense0.5 (MAF<1%) protein_coding 14691 734188

Extended Data Fig. 6 | Broad Human Disease Knowledge Portal showing
exome-wide results for the phecode ‘Cardiomyopathy’. Output from asearch
for the phecode Cardiomyopathy on the Broad Human Disease Knowledge
Portal, which showcases the results from our primary meta-analysis of UKB, AoU
and MGB. A Manhattan plot is shown in the top left, with each dot representing
adifferent gene tested for association with Cardiomyopathy, where the y-axis
shows the -log;,(Cauchy P-value) and the x-axis represents genomic coordinates.
Inthis figure, results are restricted to ‘rare variant’ masks only (MAF < 0.1%). The
dotted line represents the significance threshold used for a single phenotype
onthe portal (a =1x107°). A quantile-quantile plot in the top right shows the
observed genome-wide test statistics on the y-axis, against the expected test
statistics under the null hypothesis on the x-axis; the red line represents thex =y
line. The bottom of the figure shows the associated results table as presented on
the portal, including details on the most strongly associated genes, the Cauchy
P-values for burden testing of rare variant masks, the Cauchy P-values for burden

testing of rare and low-frequency masks, the P-value and beta coefficient for the
‘Best Mask’ (that is the mask with the lowest nominal P-value in burden testing),
and information on case/control numbers. The table hereis restricted to 9 genes
with at least suggestive evidence (P <3 x107®). Results can be queried through the
following link: https://hugeamp.org:8000/research.html?ancestry=mixed&co
hort=UKB_450k_AoU_250k_MGB_53k_META overlapcorrected&file=600Traits.
csv&pageid=600_traits_app&phenotype=phecode_425.0. Betas, which represent
log(odds ratios), were estimated using inverse-variance weighted meta-analysis
of two-sided Firth’s logistic regression results. The reported P-values for ‘rare’
and ‘low-freq’ represent omnibus P-values of all relevant masks for a gene-
phecode pair after combining them using the Cauchy distribution (unadjusted
for multiple testing). P-values for mask-phecode pairs (prior to the Cauchy
combination) were derived from Z-score-based meta-analysis of score tests from
logistic mixed-effects models with saddle-point-approximation. All statistical
tests and P-values are two-sided. LOF, loss-of-function; OR, odds ratio.
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Gene Region P-Value: Rare P-Value: Low Freq P-Value: Best Mask Beta Best Mask Type Cases Controls
GCK 7:44182812-44237769 3.68e-35 1.46e-35 2.21e-36 A164 LOF+missense0.8 (MAF<1%) protein_coding 89991 658888
HNF1A 12:121416346-121440315 2.55e-19 1.91e-19 4.25e-20 A2628 LOF (MAF<0.1%) protein_coding 89991 658888
HNF4A 20:42984339-43061485 3.33e-16 5.55e-16 5.99e-17 A0.859 LOF+missense0.8 (MAF<0.1%) protein_coding 89991 658888
GIGYF1 7:100277130-100291873 3.13e-13 2.34e-13 5.87e-14 A1.143 LOF+missense0.8 (MAF<1%) protein_coding 89991 658888
SLC30A8 8:117962512-118188953 5.44e-6 6.40e-11 7.11e-12 v-0.402 LOF+missense0.5 (MAF<1%) protein_coding 89991 658888
MiB1 18:19284918-19450914 2.82e-8 2.23e-8 4.72e-9 A0.304 LOF+missense0.5 (MAF<0.1%) protein_coding 89991 658888
PPARG 3:12328867-12475855 8.88e-8 5.35e-8 1.35e-8 A1.152 LOF+missense0.8 (MAF<1%) protein_coding 89991 658888
UBR3 2:170683964-170940641 1.49e-7 1.12e-7 3.21e-8 A1.226 LOF (MAF<0.1%) protein_coding 89991 658888
IRS2 13:110405042-110438930 9.90e-7 7.42e-7 2.54e-7 A1.292 LOF (MAF<0.1%) protein_coding 89991 658888
BSN 3:49591910-49708982 4.87e-6 2.81e-6 9.38e-7 A1.029 LOF (MAF<1%) protein_coding 89991 658888

Extended Data Fig. 7 | Broad Human Disease Knowledge Portal showing
exome-wide results for the phecode ‘Diabetes Mellitus’. Output from asearch
for the phecode Diabetes Mellitus on the Broad Human Disease Knowledge
Portal, which showcases the results from our primary meta-analysis of UKB, AoU
and MGB. A Manhattan plot is shown in the top left, with each dot representing
adifferent gene tested for association with Diabetes Mellitus, where the y-axis
shows the -log,,(Cauchy P-value) and the x-axis represents genomic coordinates.
In this figure, results include both ‘rare variant’ and ‘low-frequency’ masks

(MAF <1%). The dotted line represents the significance threshold used for a
single phenotype on the portal (. =1x107°). A quantile-quantile plot in the top
right shows the observed genome-wide test statistics on the y-axis, against

the expected test statistics under the null hypothesis on the x-axis; the red
linerepresents the x = yline. The bottom of the figure shows the associated
results table as presented on the portal, including details on the most strongly
associated genes, the Cauchy P-values for burden testing of rare variant masks,
the Cauchy P-values for burden testing of rare and low-frequency masks, the

P-value and beta coefficient for the ‘Best Mask’ (that is the mask with the lowest
nominal P-value in burden testing), and information on case/control numbers.
Thetable hereis restricted to 10 genes with at least suggestive evidence (P<3
x107°). Results can be queried through the following link: https://hugeamp.
org:8000/research.html?ancestry=mixed&cohort=UKB_450k_AoU_250k_
MGB_53k_META_overlapcorrected&file=600Traits.csv&pageid=600_traits_ap
p&phenotype=phecode_250.0. Betas, which represent log(odds ratios), were
estimated using inverse-variance-weighted meta-analysis of two-sided Firth’s
logistic regression results. The reported P-values for ‘rare’ and ‘low-freq’
represent omnibus P-values of all relevant masks for agene-phecode pair after
combining them using the Cauchy distribution (unadjusted for multiple testing).
P-values for mask-phecode pairs - prior to the Cauchy combination - were derived
from Z-score-based meta-analysis of score tests from logistic mixed-effects
models with saddle-point-approximation. All statistical tests and P-values are
two-sided. LOF, loss-of-function; OR, odds ratio.
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Data collection For the UK Biobank and All of Us sequencing datasets, data collection and data pre-processing were performed centrally, and therefore no
commercial software was needed to collect data specific to the present study. Pre-processing of sequencing data for the Massachusetts
General Brigham Biobank dataset was performed using the Genome Analysis Toolkit v4.1 (https://github.com/broadinstitute/gatk/releases),
as described in the Supplementary Note.

Data analysis Quality-control of individual level data was performed using Hail version 0.2 (https://hail.is) as well as PLINK version 2.0.a (https://www.cog-
genomics.org/plink/2.0/). Variant annotation was performed using VEP version 105 (https://github.com/Ensembl/ensembl-vep). Main rare
variant association analyses were performed using an adaptation of the R package GENESIS version 2.18 (https://rdrr.io/bioc/GENESIS/man/
GENESIS-package.html), which has previously been made available by us through the GitHub repository https://github.com/
seanjosephjurgens/UKBB_200KWES_CVD/ version 1.2 (DOI: 10.5281/zenodo.11638262). Meta-analyses were performed using custom code
available in the same repository, and using METAL (2017-12-21 release). Analyses that were run in R, were run within R version 4 (https://
WWW.r-project.org).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Results from our gene-based association analyses are available for browsing and download through our online portal (https://hugeamp.org:8000/research.html?
pageid=600_traits_app_home). Bulk download of summary statistics is possible via the Cardiovascular Disease Knowledge Portal (https://cvd.hugeamp.org/
downloads.html). Access to individual level UK Biobank data, both phenotypic and genetic, is available to bona fide researchers through application on the UK
Biobank website (https://www.ukbiobank.ac.uk). The final release of the exome sequencing dataset of UK Biobank is available only through the DNAnexus Research
Analysis Platform (https://www.ukbiobank.ac.uk/enable-your-research/research-analysis-platform). Additional information about registration for access to the data
is available at http://www.ukbiobank.ac.uk/register-apply/. Use of UK Biobank data was performed under application number 17488. Access to individual
phenotypic and genetic data from All of Us is currently available to bona fide researchers within the United States through the All of Us Researcher Workbench, a
cloud-based computing platform (https://www.researchallofus.org/register/). A publicly available data browser is provided by the research program: https://
databrowser.researchallofus.org/. Access to individual level data for participants from the Mass General Brigham Biobank is currently not publicly available.

Other datasets used in this manuscript include: the dbNSFP database v.4.2a and v.4.3a (https://sites.google.com/site/jpopgen/dbNSFP); gnomAD exomes v.2.1
(https://gnomad.broadinstitute.org/downloads); the Online Mendelian Inheritance in Man (OMIM) database (omim.org) accessed on August 25th 2022; and
Ensembl release 105 (https://www.ensembl.org/info/data/index.html); the ClinVar database (https://www.ncbi.nlm.nih.gov/clinvar/) was accessed in December
2022.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample sizes were based on the number of samples for which phenotypic and genetic (WGS and WES) data were available in the UK Biobank,
All of Us and Massachusetts General Brigham Biobank datasets at the time. No power calculations were performed to pre-determine the
required sample size.

Data exclusions  For the UK Biobank WES dataset, we used samples that passed central quality controls, and then we removed individuals who revoked their
consent, duplicated samples, sex-mismatched samples, samples with overall call rates < 90%, and individuals who were outside 8 standard
deviations from the mean for various other metrics (Ti/Tv ratio, het/hom ratio, SNV/INDEL ratio, and the number of singletons).

For the All of Us WGS dataset, most QC was performed centrally and consisted of per-sample QC, including fingerprint concordance (array vs.
WGS data), sex concordance (genetically determined vs. self-reported), cross-individual contamination rate and coverage to detect major
errors, such as sample swaps or contamination. Participants who failed these tests were removed from the release. We removed flagged
participants (population outliers) and possible duplicates from the current study

For the Massachusetts General Brigham Biobank WES dataset, we removed duplicated samples, sex-mismatched samples, samples with
discordance between sequence and genotyping array data, samples with overall call rates < 90%, and individuals who were outside 8 standard
deviations from the mean for various other metrics (Ti/Tv ratio, het/hom ratio, SNV/INDEL ratio, and the number of singletons).

Replication In the present study, the goal was to assemble a large meta-analysis of available sequencing biobanks, as to develop a strong discovery
dataset of large size across hundreds of outcomes. Therefore, for the gene-based rare variant associations, no separate dataset was sought a
priori to replicate the significant findings. After querying significant gene-phenotype findings, we did identify a small list of interesting novel
findings for which we attempted replication: YLPM1 with bipolar disorder and personality disorders; UBR3 with hypertension, diabetes type 2,
and obesity; MIB1 with diabetes; SYTL1 with hypothyroidism. In particular, we i) queried large-scale sequencing association studies if available
and did not include UK Biobank, All of Us or MGB, and ii) we queried LOF results from FinnGen version 10 (if imputed LOF variants were
available for the gene).

For YLPM1, we queried published results from a large exome sequencing study on bipolar disorder (https://bipex.broadinstitute.org/gene/
ENSG00000119596) where ultra-rare LOF and missense variants reached nominal significance (OR 3.4, P=0.01; one-sided Fisher exact test);
nevertheless, we cannot exclude some sample overlap with our discovery datasets. For UBR3 and MIB1 with type 2 diabetes, we used a
published large-scale exome sequencing study, where UBR3 LOFs could not be replicated due to only a single carrier in the dataset (OR 3.1,
one-sided P=0.31, https://hugeamp.org/gene.html?gene=UBR3) and MIB1 LOFs showed the same effect size as in discovery but also did not
reach significance (OR 1.3, one-sided P=0.08, https://hugeamp.org/gene.html?gene=MIB1). In FinnGen, imputed LOFs could only be found for
SYTL1 and MIB1; both showed consistent effects when compared to our discovery findings: SYTL1 and "Hypothyroidism, strict autoimmune"
reached significance (rs1238817269, OR 1.22, one-sided P=0.005) as did MIB1 with "Type 2 diabetes, wide definition" (rs200545301, OR 2.1,
one-sided P=0.01).
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For analyses of rare variant effect size consistency across ancestries, we assessed two different rare variant masks (namely LOF variants and
ultra-rare missense variants) separately. Here, the two orthogonal rare variant masks were chosen to represent cross-validation of trans-
ancestry effect size correlation.

Randomization  Samples were not experimentally randomized, given that the exposure in our analysis is genetic variation.

Blinding No formal blinding was performed during analysis of the data. We note, however, that the main discovery analyses represented exome-by-
phenome-wide association tests, where all genes/variants reaching minimum allele count criteria were tested for association with 601 disease
endoints. At the same time, group allocation was performed systematically through billing codes (phenotype) and genetic variation
(genotype), both of which were not influenced in any way by knowledge of the analysts; therefore blinding was not relevant to the study
design.

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.
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Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |:| ChiIP-seq
Eukaryotic cell lines IZ D Flow cytometry
Palaeontology and archaeology EI |:| MRI-based neuroimaging
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Human research participants

Policy information about studies involving human research participants

Population characteristics We combined large-scale exome sequence data from the UK Biobank (UKB) and the Mass General Brigham Biobank (MGB),
with whole-genome sequencing data from All of Us (AoU). After QC procedures, we had a total of 748,879 individuals
including 454,162 from UKB, 242,902 from AoU and 51,815 from MGB.

The mean age in UKB was 57.0 (SD=8.1) years, while 207,859 had a genetically-determined male sex (45.8%); in AoU the
mean age was 51.7 (SD=16.9) and 94,882 (39.1%) had genetic male sex; in MGB the mean age was 57.7 (SD=17.6) and 22,946
(44.2%) had genetic male sex.

As expected, the ancestral diversity was greatest in AoU with 49.9% of participants having an ancestry other than European
(most notably 21.0% African and 16.6% Admixed-American ancestry). In contrast, 94.4% and 83.5% of samples from UKB and
MGB were determined to be of European ancestry. Across the three datasets, 119,660 individuals (16.0%) were of a defined
ancestry other than European, and another 35,576 samples (4.7%) were of undefined/admixed ancestry, totaling 155,236
non-European samples (20.7%).

Recruitment For UKB, prospective participants were invited to visit an assessment centre, at which they completed an automated
questionnaire and were interviewed about lifestyle, medical history and nutritional habits; basic variables such weight,
height, blood pressure etc. were measured; and blood and urine samples were taken. These samples were preserved so that
it was possible to later extract DNA and measure other biologically important substances. During the whole duration of the
study it was intended that all disease events, drug prescriptions and deaths of the participants are recorded in a database,
taking advantage of the centralized UK National Health Service.

For MGB (formerly known as Partners Biobank) samples were prospectively recruited - in an ongoing observational design -
from a multicenter health system in Eastern Massachusetts. In MGB, participants are enrolled with broad-based consent
collected by local research coordinators, either as part of a collaborative research study or electronically through a patient
portal. Demographic data, blood samples and surveys are collected at baseline and linked to electronic health record data.

For AoU, samples were enrolled in a longitudinal cohort study (with aim of including 1 million racially, ancestrally and
demographically diverse participants) from across the United States. Data is prospectively collected, combining phenotypic
data from various sources including patient-derived information and electronic health record linkage. One of the goals set by
AoU was to recruit individuals that have been and continue to be underrepresented in biomedical research because of
limited access to health care.

Lc0c Y21o

Ethics oversight The UKB resource was approved by the UK Biobank Research Ethics Committee and all participants provided written
informed consent to participate. Use of UKB data was performed under application number 17488 and was approved by the
local Massachusetts General Hospital Institutional Review Board.

Use of AoU data was approved under a data use agreement between the Massachusetts General Hospital and the AoU




program.

All adult patients provided informed consent to participate. A small number of children were enrolled with IRB-approved
assent forms; upon reaching 18 years of age all enrolled children had to provide consent or were removed from the study.
The Human Research Committee of MGB approved the Biobank protocol (2009P002312).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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