nature genetics

Article

https://doi.org/10.1038/s41588-025-02364-2

Population-scale gene-based analysis of
whole-genome sequencing providesinsights

into metabolic health

Received: 27 May 2024

Accepted: 9 September 2025

Published online: 10 October 2025

W Check for updates

Yajie Zhao ® 232, Sam Lockhart® *5'2, Jimmy Liu®5'2, Xihao Li® "2,

Adrian Cortes®2, Xing Hua®'°, Eugene J. Gardner ®", Katherine A. Kentistou®’,
Marisa Canadas-Garre", Laurie Fabian®", Karen Ho", Nicholas Timpson®",
Yancy Lo ®°¢, Jonathan Davitte®, David B. Savage ®*, Carolyn Buser-Doepner®,
Ken K. Ong', Haoyu Zhang ® °%, Robert Scott ® >'?, Stephen O’Rahilly ®*"? &
JohnR. B. Perry ®'4

In addition toits coverage of the noncoding genome, whole-genome
sequencing (WGS) may better capture the coding genome than exome
sequencing. Here we sought to exploit this and identify new rare,
protein-coding variants associated with metabolic health in WGS data
(n=708,956) from the UK Biobank and All of Us studies. Identified genes
highlight new biological mechanisms, including protein-truncating

variants (PTVs) inthe DNA double-strand break repair gene RIF1 that have a
substantial effect onbody mass index (2.66 kg m,s.e.0.43,P=3.7 x107°),
UBR3isanintriguing example where PTVsindependently increase body
massindex and type 2 diabetes risk. Furthermore, PTVsin/RS2havea
substantial effect on type 2 diabetes (odds ratio 6.4 (3.7-11.3), P=9.9 x 10",
34% case prevalence among carriers) and were also associated with chronic
kidney disease independent of diabetes status, suggesting animportant role
for IRS2 in maintaining renal health. Our study demonstrates that large-scale
WGS provides new mechanistic insights into human metabolic phenotypes

through improved capture of coding sequences.

Genome-wide, hypothesis-freeinterrogation of the association between
genomicvariantsand humantraits and diseasesin large populations has
resulted in many key insights into the pathogenesis of common cardio-
metabolic disorders. The power of this approach hasincreased with the
availability of population-scale whole-exome sequencing (WES) data'.
Incontrast to earlier common-variant genome-wide association studies
(GWAS), where most associated variants are noncoding®* and the causal
geneis often unclear, studies leveraging rare protein-coding variation
ingene-based collapsing tests more confidently identify causal genes
and directions of effect relative to gene function. Thisapproach more
readily identifies new causal pathways and mechanisms of disease for
experimental interrogation’.

Arecentadvance has come from the widespread adoption of WGS
inlarge population studies®. Although the obvious advantage of WGS
above WES is its ability to interrogate the noncoding genome, it has
also been demonstrated that WGS identifies more functional coding
variation than exome sequencing based technologies’.

Here we sought to leverage the increased sample size and pur-
ported enhanced capture of rare coding variation from UK Biobank
(UKBB) WGS data’ to provide new insight into the genetic basis of
two cardiometabolic traits of principal significance to population
health: type 2 diabetes (T2D) and body mass index (BMI). Previous
large-scale WES studies have identified several genes harboring rare
protein-coding variants of large effect for these traits®* ", including
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examples where heterozygous loss of function either increases (for
example, GIGYFI for T2D", BSN for obesity®"*) or decreases the risk
of disease (for example, MAP3K15 for T2D'?, GPR75 for obesity®). By
extending these analyses to consider WGS datain about 490,000 UKBB
participants, we identify five new associations that we replicate in
around 220,000 individuals from the All of Us (AoU) study. These find-
ings include T2D risk-increasing PTVs in IRS2, encoding a key node in
theinsulin/IGF1signaling cascade, which also increased risk of chronic
kidney disease (CKD) independent of diabetes status, and PTVsin the
ubiquitin ligase gene UBR3 with independent effects on BMl and T2D
risk. Together, these findings identify new genetic determinants of
cardiometabolicrisk and highlightimpaired IRS2-mediated signaling
as an unexpected candidate mechanism of renal disease.

Results

Toidentify genes associated with either adult BMI or T2D risk, we per-
formed association testing using WGS data available in up to 489,941
UKBB participants (Methods). Thisrepresents asample size increase of
up to 71,505 people compared to our recent WES analyses of the same
cohort™, attributable to both anincrease in the number of sequenced
samples (n =35,725) and the inclusion of people of non-European ances-
try (n = 64,609). Individual gene-burden tests were performed by col-
lapsingrare (minor allele frequency (MAF) <0.1%) variants across 19,457
protein-coding genes. We tested three categories of variants based
ontheir predicted functional impact: high-confidence PTVs, and two
overlapping missense masks that used arare exome variant ensemble
learner® (REVEL) score threshold of 0.5 or 0.7. This yielded a total of
81,350 tests (40,750 tests for T2D and 40,600 tests for BMI) for gene
masks with atleast 30 informative rare allele carriers, corresponding to
aconservative multiple-test corrected statistical significance threshold
of P<6.15x107(0.05 of 81,350).

Genetic association testing identified a total of 21 genes with at
least one mask associated at this threshold withadult BMI (n =10 genes)
orT2D (n=12genes) (Fig.1and Supplementary Table1). The only over-
lapping association between the two traits was with PTVsin UBR3. Our
WGS analysis confirmed previously reported gene associations using
WES for BMI, including PTVs and damaging missense variantsin MC4R,
UBR2,SLTM and PCSK1, BSN, APBAI and PTPRG®'*">™, Our WGS analysis
also confirmed previously reported gene associations using WES for
T2Dincluding PTVsin GCK, HNF1A, GIGYFI and TNRC6B, and missense
variantswith REVEL >0.7 in/GFIR"", Our WGS gene-burden test seemed
statistically well calibrated, asindicated by low exome-wide test statis-
ticinflation (A5c = 1.15 for BMI and 1.20 for T2D) and by the absence of
significant associations with any synonymous variant masks (included
asanegative control).

Identification of new geneticrisk factors for BMI

At the three genes that we newly identified for BMI, PTVs conferred
higher adult BMI: RIF1, encoding an effector in the nonhomologous
end-joining pathway activated in response to double-stranded
DNA-breaks'; UBR3, encoding an E3-ubiquitin ligase that is highly
expressed in sensory tissues"” and the nonreceptor tyrosine kinase
gene TNK2. Previous GWAS also identified loci associated with BMI
within 500 kb of TNK2 (BMI: rs34801745:C, beta = 0.013, s.e. = 0.002,
P=7x10™) (Supplementary Table 2). Using a variant to gene mapping
method™ (Methods), GWAS signals at both the TNK2loci could be con-
fidently linked to the function of this gene; for example, we observed
colocalization between expression quantitative trait loci for TNK2, with
decreased expression corresponding to increased BMI, directionally
concordant with their rare PTV effects (Supplementary Table 2).

Identification of new genetic risk factors for T2D

At the seven genes that have not been implicated previously by
population-scale studies for T2D, PTVs conferred higher risk for T2D:
IRS2, encoding akey adapter moleculein the insulin-signaling cascade;

UBR3, encodingan E3-ubiquitinligase thatis highly expressedin sensory
tissues’; NAAIS, encoding acomponent of N-terminal acetyltransferase
complexes'” and RMCI, encoding part of a protein complex critical
for lysosomal trafficking and autophagy*** (Supplementary Table1).
Our missense mask also identified associations with /P6K1, encoding
an inositol phosphokinase, the known MODY gene HNF4A and UBB
encoding ubiquitin (Supplementary Table1). There were also common
GWAS loci associated with T2D within 500 kb of /RS2 (T2D:rs9301365:
T,beta=0.024,s.e.=0.003, P=2.1x107¢), RMCI (T2D: rs1788819:G,
beta = 0.032, s.e.=0.003, P=4 x107%), IP6K1 (T2D: rs7613875:A,
beta=0.025,s.e.=0.003,P=4.8 x107'¢) and HNF4A (T2D: rs12625671:C,
beta=0.067,s.e.=0.004, P=1.7 x10"%) (Supplementary Table 2). Of
these, we could confidently link variants at the /RS2 and HNF4A T2D
lociwiththe corresponding gene’s function (Supplementary Table 2).

Sensitivity analyses
We also tested whether any of our rare variant discoveries were ‘tagged’
by common-variant associations. We generated polygenic risk scores
for each trait and included these as covariates. Of our five confirmed
new gene-disease associations, four were modestly attenuated (but
retained exome-wide significance) and one was modestly strengthened
(HNF4A T2D). We performed additional analyses adjusting for regional,
common single-variant associations identified directly in UKBB WGS
data (MAF > 0.001, P < 6.15 x 107) and did not observe any meaning-
ful attenuation in test statistics (Supplementary Tables 20 and 21).
Theseresultsindicate that the identified rare variant effectson T2D and
BMlareindependent of common variants (Supplementary Table 3).In
addition, as we identified common genetic variation probably acting
through/RS2tobe associated with T2D, these results support the pres-
ence of agenuine allelic series supporting the role of JRS2in T2D risk.
As a further sensitivity analysis, we performed ‘leave-one-out
analyses, which confirmed that none of the above gene-level asso-
ciations were driven by asingle rare variant (Supplementary Table 4).
Furthermore, all new associations exhibited similar effectsin published
results using WES data from UKBB but at subthreshold significance
(P<8.3%x107).

Increased power using an all-ancestry WGS approach

For most of the associated genes, we observed stronger associations
using WGS than we reported previously using WES, with an overall
29% increase in mean chi-square values for these associated genes
using similar variant masks (Supplementary Table 5). To ascertain the
determinants of this stronger association, we first compared the effect
sizesin the current study and our previously published whole-exome
analyses (ngy, = 419,668 and ny,, = 418,436), observing comparable
effect sizes (Supplementary Fig.1). Next, we examined the increase in
sample size in our all-ancestries based approach to a European-only
WGS analysis using otherwise identical analytical parameters. Among
the 27 significant associations we identified, 21 had a stronger P value
in the all-ancestries sample, with a 4.6% increase in mean chi-square
values. To similarly quantify the gain in statistical power using WGS,
inthe UKBB sample with both WGS and WES data available, WGS pro-
duceda21%increasein meanchi-square values for the associated genes
masks (Supplementary Table 5) and included (median =11.5, quartile
1to quartile 3: 4.5-16.5) more variants compared to WES. Moreover,
sensitivity gene-burden tests considering only those additional carriers
identified by WGS (that is, not identified by WES data), 16 of the 23 gene
masks with at least five carriers showed a nominally significant asso-
ciation (P< 0.05) with the target phenotype, indicating that the addi-
tional coding variants identified by WGS are likely to be functionally
relevant. In contrast, gene masks (with at least five carriers) of WES-only
variants did not show even nominally significant associations with the
target phenotype. To exemplify the benefits of WGS versus WES based
sequencingin UKBB, we show /RS2 coding variant detection by WES and
WGS in Supplementary Figure 2. Restricting analysis to samples with
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Fig.1| Genome-wide multi-ancestry gene-burden test for T2D and BMIin
UKBB. a,b, Manhattan plots showing gene-burden test results for T2D (a) and
BMI (b) with unadjusted two-sided P values derived from gene-burden testing
conducted in BOLT-LMM and plotted on a —log,, scale. Genes passing exome-

wide significance (P< 6.15 x 107 (0.05/81,350)) are labeled. Points are annotated
with variant mask information. MISS_REVEL, missense variants with REVEL scores
above 0.50r 0.7; HC_PTV, high-confidence PTVs.

both WGS and WES sequencing of IRS2, WGS identifies 15 more PTVs
than WES (79% increase), resulting inan almost 50% increase in sample
size for thismask (Supplementary Table 5). Increased variant discovery
didnotseemtoberestricted to select regions of IRS2 (Supplementary
Fig. 2). Our findings confirm and quantify the enhanced coverage of
coding variants provided by WGS above WES in UKBB.

Replication in AoU of five new genes associated with BMI
and/or T2D

Toreplicate our findings in UKBB WGS data, weimplemented aniden-
tical variants annotation workflow for genes identified from UKBB
and ran gene-burden testing using WGS data derived from 219,015
participants in the AoU studies. Two of the three new gene associa-
tions with BMI (R/F1 and UBR3) were replicated in AoU (at P < 0.05;
Fig. 2 and Supplementary Table 6), whereas three of the seven gene
associations with T2D (/RS2, UBR3 and HNF4A) were replicated in AoUs

(Supplementary Table 6). All of these associations remained significant
(P<0.05) after adjustment for BMI (Supplementary Table 7).

To understand whether failed replication was related to limited
statistical power, we conducted power calculations after correction
forwinner’s curse (Methods). For BMI, the risk of type 2 error exceeded
30% for all three of the nonreplicating masks. For T2D, four of the non-
replicating masks had a type 2 error rate exceeding 15%, whereas the
other three nonreplicating masks had adequate power (GCK Missense,
REVEL>0.5, TNRC6B and NAA15PTVs) (Supplementary Tables 8 and 9).

A phenotypicassociation scanreveals arole for /RS2 in human
kidney health

Toexplorethebroader phenotypiceffects of ouridentified BMI-raising
and T2D risk genes, we conducted a phenotypic association scan
(PheWAS) for each gene variant mask significantly associated with T2D
and BMIin our discovery analysis (Supplementary Tables 10 and 11).
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mutations in the indicated gene on BMI (left) and T2D risk (right) in the UKBB and
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Nryp, aou = 219,015. Odds of T2D are plotted on alog,, scale. All error bars represent
95% Cls and all P values are two-sided. Gene names of results replicated in AoU
are highlighted inbold.

We observed several expected associations, for example, between
T2D risk genes with HbAlc and glucose and between BMI genes with
whole body fat mass (Fig. 3). However, we were intrigued to observe
anew, highly statistically significant association of /RS2 PTVs with
lower Cystatin-C-derived estimated glomerular filtration rate (eGFR;
effect=-12.92mlI" min1.73m?,s.e.=1.87,P=4.9 x 10", carriern = 55).
This effect of IRS2PTVs on renal function was consistently observed
across three different methods of GFR estimation (Fig. 4). This asso-
ciation does not simply reflect the consequences of T2D-mediated
chronic hyperglycemia on renal function as it was also observed in
carriers of PTVsin/RS2without a diagnosis of T2D (Cystatin-C-derived
eGFR:effect=-10.42ml™" min 1.73 m%,s.e. =2.24, P=3.3 x10°, carrier
n=36), and effects were still observed after including T2D status as
acovariate in the model (Supplementary Table 12). Consistent with
arenoprotective role for IRS2 in humans, PTVs in /RS2 were associ-
ated with an increase of around fourfold in odds of CKD (odds ratio
(OR) =4.0, 95% confidence interval (CI) (1.9-8.6), P=3.1x10"*, car-
rier n =58, 14% case prevalence; Fig. 4). Again, this association per-
sisted after adjustment for diabetes status (Supplementary Table 12).
Finally, we sought to demonstrate the robustness of this observation
withorthogonalvalidationinanindependent cohort. Therefore, we
undertook alookup of IRS2in a publicly accessible PheWAS of the AoU
Cohort (Methods) and found nominally significant, highly ranked
associations for abiomarker of renal function (blood urea nitrogen),
CKD and other traitsrelated to renal failure (Supplementary Table 13).
These results identify /RS2 as a T2D risk gene with an independent
effect on CKD risk.

We also observed that PTVs in the adapter protein G/GYFI con-
ferred beneficial effects on serum lipids, consistent with previous
findings®, but deleterious effects on renal function, including a
roughly twofold increase in odds of CKD (Fig. 3 and Supplementary
Table 10). We also note a striking reduction in circulating SHBG (sex
hormone binding globulin) levels in carriers of predicted damag-
ing missense mutations in HNF4A (effect =-6.4 nmol 7, s.e.=0.73,
P=7.5x107%, carrier n=1,200), which has been reported to regulate
SHBG transcriptioninvitro®. PTVsin RMCI were associated with higher
triglycerides, lower high-density lipoprotein (HDL) (and therefore
higher triglyceride (TG):HDL ratio) and increased risk of metabolic
(dysfunction)-associated fatty liver disease—a pattern suggestive of
lipotoxicinsulin resistance.

Evidence of functional diversity in IRS1/IRS2-mediated
signaling

IRS1 and IRS2 are critical nodes in the insulin/IGF1 signaling cascade.
They are recruited to, and phosphorylated by, the activated insulin
receptor, serving as essential adapter molecules to mediate down-
stream signaling. An interesting finding from mouse genetic studies
isthat /rs1knockout mice do not show fasting hyperglycemia, despite
evidence of insulin resistance and reduced body size, consistent with
impaired growth due to IGF1**%, In contrast, /rs2 knockout mice are
comparable in size to their littermate controls but exhibit fasting
hyperglycemia and glucose intolerance due to failed beta-cell com-
pensation?®. To determine whether similar phenotypic heterogeneity
is present in humans, we compared the effects of IRS1 and /RS2 10ss of
function mutations (Fig. 5 and Supplementary Tables 10 and 11). Con-
sistent with the described mouse biology, human carriers of PTVsin /RSI
had reduced fat-free mass and reduced height, suggestive of impair-
ment in the anabolic effects of IGF1 signaling. In contrast, carriers of
PTVsin/RS2had no changesinlean mass or height, but asubstantially
increased risk of T2D (Fig. 5). These findings suggest that the functional
specificity of IRS1/IRS2 described previously in mice is conserved in
humans; IRS1 probably mediates the effects of IGF1signaling on linear
growth and lean mass, whereas IRS2 is relatively more important for
glucose tolerance, probably due to its key regulatory actions in the
pancreatic beta cell.

No evidence for a highly penetrant severe insulin resistance
syndrome in carriers of IRS2PTVs

Damaging mutations in canonical members of the insulin signaling
cascade can cause highly penetrant monogenic severe insulin resist-
ance syndrome, but there is considerable phenotypic heterogeneity.
For example, dominant-negative mutations in /INSR cause amonogenic
severeinsulinresistance syndrome that often presentsinadolescence/
early adulthood, whereas simple loss-of-function mutations carried
in heterozygosity do not cause severe insulin resistance, but prob-
ablyincreaserisk of T2D in later life””?s. It is plausible that the T2D risk
associated with /RS2 PTVs is a manifestation of a severe insulin resist-
ance syndromein these carriers. Unfortunately, we cannot test thisin
UKBB asinsulin measurements are unavailable, and surrogate measure-
ments of insulin resistance are not reliable when the affected gene is
proximalintheinsulinsignaling pathway. Therefore, to assess whether
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IRS2PTVs may cause asevere monogenicinsulin resistance syndrome,
we interrogated exome sequence data from The Avon Longitudinal
Study of Parents and Children (ALSPAC)**—abirth cohort with fasting
insulin measurements available in a substantial subset. We found two
carriers of IRS2PTVs, both of whom had normal (between 2.5th and
97.5th of age and sex matched centiles) serum insulin levels in late
adolescence/early adulthood (Supplementary Tables 14 and 15). Thus,
it seems unlikely that /RS2 PTVs cause a penetrant monogenic severe
insulin resistance syndrome.

E3-ubiquitin ligases UBR2 and UBR3, body compositionand
cardiometabolicrisk

UBR2 and UBR3 are related E3-ubiquitin ligases. UBR2 is a canonical
N-recognin that recognizes modified N-terminal amino acid residues
(so-calledN-degrons) and ubiquitinates these proteinsto target them
for degradation®**, UBR3 shares weak homology with UBR2. Although
UBR3 does not possess N-recognin activity, it does mediate N-terminal
ubiquitination through an as yet unknown degradation signal***. In
our discovery analyses, UBR2 and UBR3 PTVs were both associated

withincreased BMI, but only UBR3 conferred a significant increase
in T2D risk (Figs. 1and 3), consistent with distinct molecular actions
of the encoded proteins. The association of PTVin UBR3 and T2D was
not solely due to increased BMI as the effect on T2D was attenuated
only partially after adjustment for BMI (OR = 2.5, 95% CI (1.5-4.1),
P=2.7x107"). To gain further insight into the mechanism through
which UBR3 disruptionincreases T2D risk, we examined associations
with body composition and surrogate markers of insulin resistance
measured in UKBB, SHBG and TG:HDL (Supplementary Table 11). We
found no evidence for an effect of PTVsin UBR3on body fat distribution
as assessed by WHRadjBMI and inconsistent effects on the surrogate
markers of insulinresistance, thatis, TG:HDL was not altered but SHBG
was nominally decreased.

UBR2hasbeenimplicated in regulation of muscle mass in several
mouse studies® >, Therefore, we assessed the effect of UBR2and UBR3
PTVs on lean and fat mass measured by bioimpedance in UKBB. Car-
riage of aPTVin UBR2 or UBR3was associated with higher whole body
fat mass and, whereas UBR2 PTV carriers showed a nominal increase
inwhole body fat-free mass, this association was modest and likely to
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Fig. 4 | Loss-of-function variants in JRS2 increase CKDrisk. a, Effects of protein
truncating variants in /RS2 on various measures of eGFR (ml min™1.73m™) and
CKD (OR) are plotted with 95% Cls. All P values are two-sided and unadjusted.
The presented summary statistics are derived from linear (eGFR) and logistic
regression (CKD risk) implemented in the GLM framework. b, Effects of rare
predicted damaging mutations in the labeled genes on T2D risk are plotted
(log(OR) T2D risk + 95% Cls) against the effect on eGFR (beta estimate + 95% Cls)

across three different methods of estimation to illustrate that the effect of
PTVsin/RS2onrenal function seemindependent of its effect on T2D. For clarity,
only the Gene x Mask combination most significantly associated with T2D is
plotted. All error bars represent 95% Cls. Plotted test statistics are derived from
linear regression for eGFR and from logistic regression for T2D implemented

using GLMS. neyp, 120 = 489,941 Nereainine ecrr = 461,884 Neystatin.cecrr = 462,081
Ncystatin-C Creatinine eGFR = 461,543.

beasecondary effect of increased adiposity (Supplementary Table11).
Although we did not observe any notable effects of UBR3 PTVs on
fat-free mass measurements, maximum hand-grip strength was nomi-
nally increased (Supplementary Table 11).

Alongside anincreased risk of T2D, the risk of aclinical diagnosis
of hypertension was increased significantly in carriers of UBR2 and
UBR3PTVs in our PheWAS analysis, but the effect observed in UBR3
PTV carriers was nearly double that of UBR2. UBR3 seems to increase
adiposity from an early age—an effect not apparent for UBR2in UKBB.
Itisinteresting to speculate that differential regulatory roles of these
proteins throughout the life course may underlie the heterogeneity in
their effects on cardiometabolic risk (Fig. 6).

Discussion

By conducting genome-wide multi-ancestry gene-burden testing using
WGS data from a cumulative total of >700,000 people, we identified
several new BMI and T2D-associated genes. Compared with previ-
ous European-only analyses based on WES data, we increased carrier
number and statistical power by incorporating all participants with
available WGS data. We demonstrate that our findings from UKBB are

robust and reproducible, as several were replicated in an independ-
ent US population-based study (AoU) that has considerably different
demographics, notably its younger age, higher baseline prevalence of
T2D and enhanced ethnic diversity™.

Our study also highlights some emerging challenges in conduct-
ing rare variant association studies across diverse populations. For
example, we failed to replicate two gene masks using AoU data: GCK
(Missense variants, REVEL >0.5) and /GFIR (REVEL >0.7). Both genes
arerobustly associated with T2D in UKBB, have >100 informative car-
riersinthe AoU cohort and have a high probability of being true based
on either known clinical associations with T2D (GCK) or orthogonal
support from common-variant association studies (/GFIR)". This may
reflect specific challengesin the fidelity of missense classification tools
across different pools of rare missense variants present in different
cohorts with varying ethnic composition.

Our results provide several new biological insightsinto the deter-
minants of human cardiometabolic health. The association with RIF1,
agene implicated in telomere regulation, DNA repair and replication
timing, expands the list of DNA damage response genesinvolved in met-
abolic health™. The biological mechanisms behind these associations
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Fig. 5| Genetic evidence for functional heterogeneity of insulin receptor
substrates in humans. Effects of PTVs in /RSI and /RS2 on continuous traits
are beta-estimates from linear regression plotted in centimeters for height
and kilograms for fat-free mass, and as OR from logistic regression for
T2D.Odds of T2D are plotted onalog scale. All error bars represent 95% Cls.
Ngacreemass = 481,100; Nyyeign, = 488,455; nyyp = 489,941

remain unclear. However, as the same variants in RIFI showed not
even nominal association with recalled childhood adiposity in UKBB
(P>0.05), contrasting with their robust association with adult BMI
(P=3.7 x107°), we speculate that mechanisms that regulate neuronal
degeneration might influence risk of adult-onset obesity’.

We identified arobust, replicable association of PTVs in the criti-
cal signaling node in the insulin/IGF1 pathway, /RS2 and T2D, with
carriers exhibiting >3.6-fold increase in odds of diagnosis with T2D
(OR3.68inAoUand 6.45in UKBB). Although insulin resistance is well
known as a necessary antecedent to the development of T2D, there
is alongstanding interest in discerning the role of specific nodes in
the insulin-signaling cascade in the development of insulin resist-
ance and its related complications. By necessity, this work has been
donelargely in animal models, and the translational relevance of these
findings to human health is uncertain. Candidate-gene testing and
exome-sequencingstudies of probands with extreme phenotypesiden-
tified in the clinical setting have been leveraged to provide insightinto
the function of several nodes of the insulin-signaling cascade in humans
(INSR, PIK3R1and AKT2)*~*?, Our findings definitively link /RS2 to T2D
asacomponent oftheinsulin-signaling cascade through study of rare
loss-of-function variants using a hypothesis-free population-based
sequencing approach. Using exome sequence datafromabirth cohort,
we identified two probands with normal fasting insulin levels in ado-
lescence and early adulthood. These data makes it very unlikely that
haploinsufficiency for IRS2 causes a highly penetrant monogenic
severeinsulinresistance syndrome. Rather, /RS2 variants probably act
as arisk modifier for T2D onset in later life by predisposing to insulin
resistance and through effects in beta cells. Togain further insightinto
the specific phenotypic consequences of insulin/IGF1resistance medi-
ated by IRS2PTVs, we compared carriers of these variants with carriers
of the other broadly expressed IRS protein, IRS1. We found that PTVs
in IRSI conferred a much more modest effect on T2D risk compared
to /RS2, but significantly reduced height and lean mass, phenotypes
that were not associated with /RS2 PTVs. These findings recapitulate
observations first made in lower organisms, for example, Irs1 knockout
mice are insulin resistant and small but develop only modest dysgly-
cemia due to compensatory changes in the beta cell**”. In contrast,
Irs2knockout mice grow normally and exhibit significant hepatic and
skeletal muscle insulin resistance but, in contrast to their /rs1 knockout
counterparts, develop severe dysglycemia due to beta-cell failure?. Our
results suggest that functional heterogeneity in IRS1/IRS2-mediated
insulin/IGF1 signaling is conserved across species and is consistent
with an important function of IRS2 in human beta-cell health, as has

been demonstrated in mice®. Future recall by genotype studies of
IRS2PTV carriers with detailed assessment of glucose homeostasis and
insulin sensitivity will be key in determining the relative contribution
ofinsulinresistance and beta-cell failure to the development of T2Din
the context of /RS2 haploinsufficiency.

To gain a broader perspective of the effects of T2D risk and BMI-
raising genes, we conducted a PheWAS for these genes. Notably, we
observed that PTVs in IRS2 significantly reduce eGFR independent of
T2D status and cause a fourfold increase in the odds of CKD in UKBB.
T2Drisk genes did not generally increase CKD risk in UKBB, indicating
thatthisisaspecific effect of IRS2 disruption. Although the mechanistic
basis of this association remains to be shown, insulin signaling exerts
salutatory effects on podocyte health and function in mice***¢, and
germline loss of Irs2 in mice results in smaller kidneys*’. Both mecha-
nisms could contribute to the adverse effects of PTVs in /RS2. Podo-
cyte dysfunction and loss is a key early step in many forms of kidney
disease, including diabetic nephropathy, and there is an increasing
appreciation that the nephron number at birth (nephronendowment)
isanimportant determinant of kidney health in later life***°, so both of
these potential pathogenic mechanisms could be involved. Our dem-
onstration of a causal role for /RS2 in kidney health provides impetus
to determine whether effects on renal health are mediated by arole
of IRS2 in kidney development and nephrogenesis or by a regulatory
rolein postnatal renal physiology. If arenoprotective function of IRS2
in postnatal life exists, then examining the effects of risk factors for
renal disease such as diabetes and obesity on IRS2-mediated signaling

GENE e UBR2 e UBR3

L
BMI -
. 4
T T T
(0] 1 2 3
Effect of PTV in UBR2/3 on BMI (kg m™, 95% Cl)
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Fig. 6 | Effects of PTVsin UBR2 and UBR3 on adiposity and cardiometabolic
health. Effects of PTVs in UBR2 and UBR3 on adiposity (adult BMI, body size

age 10 years) and cardiometabolic outcomes are plotted. The points represent
beta-estimates from linear regression for BMI (kg m™) and size age 10 years, and
ORs derived from logistic regression for T2D and hypertension. All error bars
represent 95% CIs. ngy = 481,137; Ngjye yge 10 = 479,615; Npyp, nypertension = 489,941

Nature Genetics | Volume 57 | October 2025 | 2436-2444

2442


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02364-2

could highlightanew and potentially modifiable mechanism of kidney
disease. Our findings support the notion that /RS2PTVs cause CKD inde-
pendent of chronic hyperglycemia as we found no similar associations
for several genes with stronger effects on T2D risk, including HNFIA,
where microvascular complications are known to develop if glycemic
control is suboptimal.

Anintriguing finding was the association of the related genes UBR2
and UBR3 with BMI, with the latter also elevating T2D risk in a man-
ner only partially dependent on its effect on BMI. Both genes encode
E3-ubiquitin ligases: UBR2 functions as an effector of the N-degron
pathway recognizing modified N-terminal amino acids and targeting
their host protein for degradation, whereas UBR3, despite structural
homology to UBR2, lacks canonical N-recognin activity*>*'. Although
both UBR2and UBR3 arerelatively broadly expressed, UBR3is enriched
inanumber of sensory tissues, including tongue, ear and olfactory epi-
thelia, whichmay have relevance toits effects on BMI”. Both UBR2 and
UBR3arerelatively enriched in expressionin skeletal muscle. Although
the specific effects of these proteins in muscle are unclear, UBR3 may
playanonredundantroleinskeletal muscle functionas carriers of PTVs
in UBR3 had reductions in grip strength. Our work clearly highlights
UBR2 and UBR3 as important regulators of cardiometabolic health,
but further study exploring their substrates and function are necessary
to gain amechanistic understanding of their effects on BMIand T2D.

There are translational implications of our findings. Notably, in
aPheWAS of potentially relevant traits, we observed a strong associa-
tion between predicted damaging missense mutations in HNF4A and
reduced circulating SHBG. Although it has been noted that HNF4A
can activate the SHBG promoter?, and a causal relationship between
HNF4A and circulating SHBG has been suggested*’, our study provides
genetic evidence in humans which supports this notion. Pathogenic
mutations in HNF4A cause a type of monogenic diabetes onset of the
young (MODY); we speculate that people with apparent T2D and low
SHBG without significantinsulin resistance may be enriched for HNF4A
mutations. We have also identified phenotypic consequences of loss
of IRS2in humans. Our work provides an impetus for research-based
genetic testing of people exhibiting cases of atypical diabetes®, par-
ticularly ifthey also have CKD and/or amonogenic cause is suspected.
Insummary, our study expands the number of genes directly implicated
inmetabolic health by rare human genetic variation and further illus-
trates the benefit of genome over exome sequencing for the discovery
of rare variants associated with disease.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
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Methods

Ethics

Our research complies with all relevant ethical regulations. All stud-
ies included in this research were approved by the relevant board
or committee. UKBB has approval from the North West Multicentre
Research Ethics Committee (REC reference 13/NW/0157) as aResearch
Tissue Bank (RTB) approval, and informed consent was provided by
each participant. This approval means that researchers do not require
separate ethical clearance and can operate under RTB approval. This
RTBapprovalwas granted initiallyin 2011and isrenewed every 5 years;
hence, UKBB successfully renewed approvalin 2016 and 2021. Allwork
in UKBB reported in this manuscript was performed under UKBB appli-
cation numbers 20361 and 52293. The collection of participant infor-
mation adhered to the AoU Research Program Operational Protocol
(https://allofus.nih.gov/article/all-us-research-program-protocol). The
AoU Institutional Review Board (IRB) (https://allofus.nih.gov/about/
who-we-are/institutional-review-board-irb-of-all-of-us) is charged with
reviewing the protocol, informed consent and other participant-facing
materials for the AoU Research Program. The IRB follows the regula-
tions and guidance of the Office for Human Research Protections for
allstudies, ensuring that the rights and welfare of research participants
are overseen and protected uniformly. For ALSPAC, ethical approval
for the study was obtained from the ALSPAC Ethics and Law Committee
and the Local Research Ethics Committees.

UKBB WGS data processing

The WGS of UKBB participants is described in detail in ref. 7. In brief,
490,640 UKBB participants were sequenced to an average depth
of 32.5x using Illumina NovaSeq 6000 platform. Variants were
jointly called using Graphtyper®, which resulted in 1,037,556,156
and 101,188,713 high-quality (AAscore <0.5 and <5 duplicate incon-
sistencies) single-nucleotide polymorphisms (SNPs) and indels,
respectively.

We further processed the jointly called genotype data in Hail
v.0.2%, where multi-allelic sites were first split and normalized. Vari-
ants were then filtered based on low allelic balance (ABHet <0.175,
ABHom <0.9), low quality-by-depth (QD) normalized score (QD < 6),
low phred-scaled quality score (QUAL <10) and high missingness
(callrate <90%). For the analysis in the European-ancestry cohort (see
below), we further removed variants that failed test for Hardy-Wein-
berg equilibrium (P <1x107°) within this cohort.

Variants were annotated using Ensembl variant effect pre-
dictor (VEP)** v.108.2 with the LOFTEE plugin®. Combined
annotation-dependent depletion (CADD) annotations were based
on precomputed CADD** v.1.7 annotations for all SNPs and gnomAD
v.4 indels. REVEL" annotations were obtained from the 3 May 2021
release of precomputed REVEL scores for all SNPs. We prioritized the
individual consequence for each variant based on severity, whichwas
defined by VEP. The PTV category is the combination of stop-gained,
frameshift, splice acceptor and splice donor variants. The missense and
synonymous variants were adopted directly from VEP. Only the vari-
ants on autosomes and chromosome X, which were within ENSEMBL
protein-coding transcripts, were included in our downstream analysis.

Demographics of the study population are presented in Supple-
mentary Table 16.

European ancestry definitionin UKBB WGS

We defined a European-ancestry cohort as people who most resembled
the NFE (non-Finnish European) population as labeled in the gno-
mAD v.3.1dataset®. This NFE group was one of nine ancestry groups
labeled in gnomAD, which was based on Human Genome Diversity
Projectand 1000 Genomes Project samples. Variantloadings for 76,399
high-quality informative variants from gnomAD were used to project
the first 16 principal components onto all UKBB WGS samples. A ran-
domforest classifier trained on the nine ancestry labelsingnomAD was

thenusedto calculate probabilities that reflect the similarity between
the UKBB participant and each of the gnomAD ancestry labels.

Phenotype preparationin UKBB

Binary outcomes were prepared using a combination of hospital
episode statistics (UKBB showcase IDs: 41202, 41204, 41200, 41210)
primary care records (UKBB showcase IDs: 42040), death certificates
(UKBB showcase IDs: 40001, 40002) and self-reported medical con-
ditions (UKBB showcase ID: 20002). Qualifying codes pertaining
to each condition are listed in Supplementary Table 10. Any partici-
pant with a qualifying code was considered a case, those without a
qualifying code were considered controls. For T2D, qualifying terms
included codes specifying diagnoses of noninsulin-dependent dia-
betes, T2D, and insulin-treated T2D. Participants who self-reported
a history of T2D were also classified as cases. For CKD, diagnostic
codes included those specifying chronic renal failure, chronic renal
impairment, CKD, end-stage renal failure, hypertensive renal disease
with renal failure, or codes indicative of preparation or receipt of
renal replacement therapy. Participants who self-reported renal/
kidney failure, dialysis or procedures to prepare for peritoneal or
hemodialysis were specified as cases. For T2D and CKD phenotype
definitions, all participants who did not meet the qualifying terms
were classified as controls (see Supplementary Table 10 for a full list
of qualifying codes). Thinness was defined as having the lowest 5% of
BMI. Metabolic dysfunction-associated steatotic liver disease required
the presence of steatosis and a qualifying metabolic risk factor, namely
obesity, T2D or other metabolic dysregulation®. Steatosis was defined
using the fatty liverindex, acomposite measurement of triglycerides,
glutamyl-transferase, waist circumference and BMI that ranges from
0t0100 (ref. 58). Specific fatty liver index cut-offs according to par-
ticipant sex, BMIand waist circumference as described inref. 59 were
applied to define presence of steatosis.

Genome-wide gene-burden testing in the UKBB
BOLT-LMM*®° v.2.4.1 was used as our primary analytical software to
conduct gene-burden tests.

Torun BOLT-LMM, we first derived a set of genotypes consisting of
common (MAF >0.01) linkage disequilibrium (LD)-pruned (LD < 0.1)
variants in people with WGS data to build the null model. Pruning was
conducted using PLINK2' on a random subset of 50,000 individuals
(optionsin effect: -maf 0.01 -thin-indiv-count 50,000 -indep-pairwise
1,000 kb 0.1).

We adopted the same strategies used in our previous analyses
using WES data®". We generate the dummy genotype filesinwhich each
gene-mask combination was represented by a single variant, which
were required as the genotype input for BOLT-LMM. We then coded
people with a qualifying variant within agene as heterozygous, regard-
less of the total number of variants they carried in that gene. We then
created the dummy genotypes for the MAF <0.1% high-confidence PTVs
asdefined by LOFTEE, missense variants with REVEL >0.5 and missense
variants with REVEL >0.7. After getting all required inputs, BOLT-LMM
was used to analyze BMI and T2D using default parameters except
for the inclusion of the ‘ImmInfOnly’ flag. The covariates included in
our analysis are age, age?, sex, age x sex, the first 20 principal compo-
nents as calculated from all WGS samples and the WGS-released batch
(Vanguard project, Sanger: 49,932, Sanger: 193,075, deCode: 247,504).
Different from our previous studies, we included all samples without
restricting their ancestries to maximize the sample size. Only people
who withdrew consent or had missing phenotypes and covariates were
excluded; filtering resulted in 481,137 and 489,941 samples remaining
for BMland T2D, respectively.

To identify single variants driving a given association within a
single gene, we performed a leave-one-out analysis for all identified
genes using ageneralized linear model (GLM) in R v.4.0.2 by dropping
the variants contained in the gene-mask combination one at atime.
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Totest whether our significant burden test results are independ-
ent of common-variant GWAS associations, we generated polygenic
risk scores for each traitand included these as covariatesin our linear
mixed model. Independent genome-wide significant (P < 5 x 1078) vari-
ants from existing single-variant GWAS summary statistics for each
trait were firstidentified using GCTA-COJO®. Polygenicrisk scoresin
each UKBB participant were then calculated as the weighted sum of
the person’s genotypes across the significant single variants, where
weights were derived from the variants’ beta coefficientsin the corre-
sponding GWAS. This score was thenincluded as an additional covari-
ate in the burden analysis as implemented in BOLT-LMM described
above. As BOLT-LMM use a linear mixed model, we estimated and
reported the OR using the generalized linear modelinRv.4.0.2 for all
T2D-associated genes.

In an additional analysis designed to exclude that our new, rep-
licated rare variant associations were the result of confounding by
LD with common variants we interrogated marker level results from
WGS-analyses of BMI and T2D. Regional common variants that could
conceivably be driving the rare variant associations (MAF >0.001,
P<6.15x107,+500 kb from index gene) were extracted and clumped
(r*<0.001) to identify approximately independent variants, which
were then included as covariates in a generalized linear model with
the cognate gene-burden mask as the predictor variable of interest.
Asin our discovery analysis, age, age?, sex, age x sex and the first 20
principal components as calculated from all WGS samples, and the
WGS-released batch were included as covariates.

Replicationin AoU study

Participantsanalyzed in thisstudy were selected from the AoU Research
Program cohort®. The collection of participant information adhered
to the AoU Research Program Operational Protocol (https://allofus.
nih.gov/article/all-us-research-program-protocol). Detailed method-
ologies regarding genotyping, ancestry classification, quality control
measures and the methodology for excluding related participants
are thoroughly documented in the AoU Research Program Genomic
Research Data Quality Report (https://support.researchallofus.org/
hc/en-us/articles/4617899955092-All-of-Us-Genomic-Quality-Report).

We conducted our analysis on short-read WGS data (v.7.1) sub-
setted to the protein-coding exome, focusing on two phenotypes:
BMI and T2D. The analysis encompassed 219,015 unrelated people,
including 112,526 of European ancestry, 46,414 of African/African
American ancestry, 34,865 of American Admixed/Latino and 25,210
various other ancestries (see Supplementary Table 3 for detailed sam-
ple size information). Ancestry assignment was conducted centrally
by AoU. Briefly, a random forest classifier was trained on data from
the Human Genetic Diversity Project and 1000 Genomes Project. This
classifier was then applied to the AoU data. Further information is
available fromthe AoU (https://support.researchallofus.org/hc/en-us/
articles/4617899955092-All-of-Us-Genomic-Quality-Report-ARCHIVE
D-C2022Q4R9-CDR-v7).

BMI data were derived from the ‘body mass index (BMI) [Ratio]’
metric (Concept Id 3038553) within the ‘Labs and Measurements’
domain. BMlvalues <10 or >100 were excluded and the earliest remain-
ing value recorded and corresponding age was used. The ‘Type 2 dia-
betes mellitus’ identifier (Concept Id 201826, https://databrowser.
researchallofus.org/ehr/conditions/201826) in the ‘Conditions’ domain
facilitated the identification of T2D cases, and the age corresponding
to the earliest diagnosis of T2D was used. The participants’ ages were
calculated by subtracting the birth year from the timestamp of the
earliest record. Among these people, 32,462 were identified as T2D
cases, and 186,553 served as controls. Only people aged over 18 years
wereincludedinthe analyses. Only asmall proportion of episodes that
indicated a diagnosis of T2D had a contemporaneous BMI measure-
ment. As such, to adjust T2D for BMI, we used two approaches: the
median BMI value recorded was included as a covariate in the model

or the BMI record closest to T2D was used. Population demographics
by ancestry are described in Supplementary Table 17.

Gene-based burdentests were applied to variants with MAF <0.001
that met prespecified bioinformatic criteriaand were in selected genes
(for example, those significant in UKBB discovery). Note that, due to
different population composition, variant MAF will differ between
AoU and UKBB. Burden tests were conducted using STAAR (variant-set
test for association using annotation information)®® implemented in
STAARpipeline®* (R package v.0.9.7), with covariates adjustments for
age, age?, sex, age x sex, and the first 16 principal components. The
criteria for gene-burden masks followed the methodology of the main
UKB analyses.

Power calculations

To estimate statistical power for replication in the AoU study, we first
corrected effect estimatesin the discovery analysis for winners’ curse
using the bootstrap method® implemented in the winner’s curse pack-
age in R (https://amandaforde.github.io/winnerscurse/). For T2D,
theresulting effect estimates (betas from alinear mixed model) were
transformed to odds ratios®® (https://shiny.cnsgenomics.com/LMOR/).
Power calculations using the relevant winners’ curse corrected effect
estimates were then conducted ingenpwr (https://cran.r-project.org/
web/packages/genpwr/vignettes/vignette.html).

UKBB WES processing

To quantify the gain from WGS versus WES in UKBB, we compared vari-
ant counts between our WGS data with those from the 450,000 original
quality functional equivalence release of the UKBB WES data (454,756
participants total). We processed multisample pVCFs using Hail**v.0.2,
where multi-allelic sites were first splitand normalized. Sites were then
excluded if they failed the following quality metrics: for SNPs, ABHet
<0.175,QD<2,QUAL <30,SOR >30, FS>60,MQ <40, MQRankSum<-12.5
and ReadPosRankSum <-8; forindels: ABHet <0.175, QD <2, QUAL <30,
FS >200 and ReadPosRankSum <-20, resulting in 23,273,514 variants
available for analysis. People with high heterozygosity rates, discord-
ant WES genotypes compared to array and discordant reported versus
genetic sex were removed, resulting in 453,931 participants. Variants
were annotated using the identical VEP pipeline, LOFTEE, CADD and
REVEL annotations as described for WGS.

PheWAS of identified BMI-associated and T2D-associated
genes in UKBB

We ran association tests between each identified genes carriers and a
list of representative phenotypes (full list canbe found in Supplemen-
tary Tables 10 and 11) availablein the UKBB using Rv.4.0.2 including the
same covariates we used in our genome-wide gene-burden tests. We
also extracted the phenotypic associations with P< 0.05for allgenes we
identified in our analysis from AstraZeneca PheWAS Portal® (version:
UKBB 470 KWES v.5; Supplementary Tables 18 and 19).

BMIand T2D GWAS lookup

Identified genes were queried for proximal BMI and T2D GWAS sig-
nals, using data from the largest published GWAS meta-analyses.
For BMI, we used data from the GIANT consortium®, whichincludes
data on up to 806,834 individuals. For T2D, we used data from the
DIAGRAM consortium®’, whichincluded up to 428,452 T2D cases and
2,107,149 controls.

For each of these GWAS, we performed signal selection and pri-
oritized causal GWAS genes using the ‘GWAS to Genes’ pipeline as
described elsewhere™®. The genes identified previously were annotated
iftheir start or end sites were within 500 kb up- or downstream of GWAS
signalsin the two meta-analyses, using the National Center for Biotech-
nology Information RefSeq gene map for GRCh37, and overlayed with
further supporting functional dataset information. For further details
about the specific application of this method, see ref. 18.
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Assessment for severe insulin resistance in carriers of /RS2
PTVsinaUKbirth cohort

ALSPAC is a prospective birth cohort from the southwest of England
that recruited >75% of all pregnancies delivered in the Greater Bristol
area between 1990 and 1992 (refs. 70-73). The study has currently
enrolled 14,833 unique women (GO mothers), 3,807 GO partners and
14,901 children. Full details of the cohort and study design are available
at http://www.alspac.bris.ac.uk. Please note that the study website
contains details of all the data that is available through a fully search-
abledatadictionary and variable search tool (http://www.bristol.ac.uk/
alspac/researchers/our-data/). Exome sequencing data from 8,605
children and 3,389 of their parents was interrogated for carriers of
any high-confidence protein truncating variants in /RS2 as defined by
LOFTEE with MAF <1%. Two such carriers were identified (Supplemen-
tary Table 14), and insulin and glucose measurements extracted from
available dataand insulinlevels were compared to population specific
reference ranges (2.5th and 97.5th centile) and commonly used clinical
cut-offs for severe insulin resistance (<150 pmol I™). Insulin was meas-
ured using either an ELISA (Mercodia) or an ECLIA (Roche)™. Details of
exome sequencing, quality control, variant calling and annotation have
beendescribedin https://wellcomeopenresearch.org/articles/9-390/v1.

Lookup of effects of IRS2 PTVs on CKD-related traits in the

AoU cohort

To provide supporting evidence of an effect of loss-of-function variants
in/RS2on CKD, we leveraged the results of arecent PheWAS conducted
inthe AoU cohort, publicly accessible using the ‘All by All web browser’
(https://allbyall.researchallofus.org/). The relevant gene page is avail-
able directly at https://allbyall.researchallofus.org/app?state=%7B%
22regionld%22%3Anull%2C%22geneld%22%3A%22ENSGO00001859
50%22%2C%22resultindex%22%3A%22gene-phewas%22%2C%22resu
ItLayout%22%3A%22full%22%2C%22analysisld%22%3A%223027114%
22%2C%22variantld%22%3Anull%2C%22burdenSet%22%3A%22pLoF
%22%2C%22ancestryGroup%22%3A%22meta%22%2C%22phewasOpt
s%22%3Atrue%2C%22selectedContig%22%3A%22all%22%2C%22hide
GeneOpts%22%3Afalse%7D.

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

Data availability

The UKBB phenotype, WEG and WES data described here are publicly
availabletoregistered researchers through the UKB data access proto-
col. Information about registration for access to the datais available at:
https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access.
Data for this study were obtained under Resource Application nos.
20361 and 68574. The AoU phenotype and WGS data described here
are available to registered researchers through the AoU data access
protocol. Informationabout registration for access to the datais avail-
ableat https://www.researchallofus.org/register/. Summary statistics
from the exome-wide association studies are reported in the Supple-
mentary Tables. All bona fide researchers can apply to use ALSPAC
data for health-related research that is in the public interest. Infor-
mation regarding the ALSPAC cohort and data access is available at:
https://www.bristol.ac.uk/alspac/researchers/our-data/.

Code availability
Allanalyses were performed used publicly available software. No cus-
tom code was developed.
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Sample size We used the full available sample with whole-genome sequencing data in UK Biobank (N=490,640) for discovery analyses. This is a

convenience sample using all available data in one of the worlds largest population genetics resources with whole genome sequencing
information.

Data exclusions  Only individuals with missing phenotype or covariates were excluded from analysis. This decision was made prior to performing any
downstream analysis.

Replication We replicated findings in All of Us Research Program (total N=219,015). All attempted replication has been reported in the manuscript
without exception.

Randomization  N/A

Blinding Blinding was not applicable. This study involved a retrospective analysis of genetic and phenotypic data from the UK Biobank. All genotyping
and phenotype collection were completed prior to analysis, and no experimental interventions were performed. Statistical analyses (e.g.,
association testing) were conducted using predefined models without manual interpretation or subjective outcome assessment.
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