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Abstract

Recent large-scale whole-exome sequencing (WES) studies in population biobanks have
transformed our understanding of the role of rare protein coding on human health. However,
the size and design of these biobanks limit deep phenotyping and genotype-targeted follow-
up. To address this, we present new WES in the Fenland study, a population-based cohort of
11,458 individuals with extended metabolic phenotyping. Using this resource, we performed
the first large-scale rare variant association analysis of measured Resting Energy
Expenditure (REE) and fasting/post-challenge measures of glucose and insulin. We
identified damaging variants in BRSK2, NID2 and PC influencing glycaemic traits; and in
COL8A1 and CASQ7 reducing REE. Notably, the CASQ7 association was sex- and
menopause status-dependent, highlighting a potential estrogen-mediated mechanism by
which menopause may contribute to declining metabolic health. Collectively, our findings
demonstrate the utility of the Fenland study as a resource for genetic discovery.

Introduction

Whole-exome sequencing (WES) efforts in large-scale population biobanks such as UK
Biobank (UKB) (1) and the All of Us Research Program (AoU) (2) have transformed our
understanding of the role of rare genetic variation with disease and health-related traits.
Unlike genotyping arrays, which assay common, largely non-coding, variants, WES enables
assessment of rare protein-coding variation that can exert substantial effects on gene
function and disease risk, and hence directly implicate causal genes (3). While whole-
genome sequencing (WGS) extends coverage beyond coding regions, variation in non-
coding sequence is generally more challenging to interpret and, at current cohort sizes, has
yielded fewer associated variants with large effect sizes than protein-coding variation (4).
Consequently, WES data remains a powerful approach, and to date hundreds of studies



have applied single-variant and gene-based burden approaches in these cohorts, identifying
multiple gene-trait associations (5, 6).

Despite these advances, several challenges remain. The scale and design of large biobanks,
while statistically powerful, often compromise on the depth of phenotyping. Many traits are
estimated through self-report or single time-point measurements, and opportunities are
limited for genotype-directed recall and detailed physiological follow-up. Rare variant
association studies have also been limited by a lack of replication in independent datasets,
reflecting challenges related to cohort size, phenotype availability, and variant sparsity (7-
10). Well-characterised population-based cohorts with deep phenotyping therefore provide
an important complement to large biobank resources, enabling more nuanced investigation
of previously identified loci, particularly where consent for recall-by-genotype studies is in
place. The Fenland study is one such cohort, comprising of ~12,000 individuals aged 29-64
years old at baseline with extensive metabolic phenotyping, including oral glucose tolerance
testing (OGTT), detailed anthropometry, and physiological assessment (11). This enables
interrogation of traits that are not routinely captured in larger studies, and prior genome-wide
analyses using array-based genotyping in Fenland have identified common variant
associations across these phenotypes (12-14). We now report the generation, quality
control, and release of WES data in this cohort, extending genetic investigation to rare coding
variation.

Using Fenland WES data, we develop a pipeline for performing rare variant gene-burden tests
and apply it to disease-relevant metabolic traits that are not measured in existing large
biobanks. In doing so we identify several new gene-associations such as CASQ7 with resting
energy expenditure (REE) and BRSK2 with fasting glucose. Here we present the quality
control, analysis and emerging results of the Fenland WES data release, which is available
to researchers on request.

Results

Quality control of Whole Exome Sequencing Data

Generation and initial quality control (QC) of WES data in the Fenland study was performed
by the Wellcome Sanger Institute (15). The QC pipeline included sample-level checks,
ancestry assignment, and variant-level filtering using a random forest classifier, which
achieved ~99.0% test accuracy when benchmarked against Genome-in-a-Bottle reference
data (16). Variants were stratified into relaxed, medium, and stringent QC sets based on
classifier output and genotype-level metrics (Supplementary Table 1). Only stringent
variants showed expected allele counts (AC) in this sample that scaled with its sample size
versus the 470K UK Biobank (UKB) WES dataset (38.7x higher in UKB; R? = 0.98), with
consistent scaling also across gene-burden masks (Supplementary Figures 1-2).
Consequently, only the stringent variant set was used. Following QC, 11,478 individuals and



3,379,158 variants remained for downstream analyses. Cohort level summary statistics are
presented in Table 1.

Table 1: Baseline characteristics of the Fenland whole exome sequencing sample

Characteristic Fenland WES cohort (N = 11478)
Demographics
Age - years 48.6 £7.5(29.4-64.7)
BMI 26.9+4.8(13.8-59.9)
Sex
Female 6188 (53.9%)
Male 5289 (46.1%)
Ancestry
European 11083 (96.6%)
South Asian 140 (1.2%)
African 119 (1.0%)
East Asian 102 (0.9%)
Admixed American 34 (0.3%)
Relatedness
Unrelated 8923 (77.7%)
1st degree 1011 (8.8%)
2nd degree 285 (2.5%)
3rd degree 1259 (11.0%)

Continuous variables are presented as mean + standard deviation, with the observed range in
parentheses. Categorical variables are presented as number and percentage of participants. Genetic
ancestry was assigned by projection onto principal components derived from the 1000 Genomes
reference panel. Relatedness was estimated using KING and classified according to the closest identified
relationship. BMI, body mass index; WES, whole-exome sequencing.

To further validate the new WES dataset, we used UKB as an external discovery cohort to test
whether coding variant associations could be replicated in Fenland by performing exome-
wide association studies (EXWAS) and gene-burden tests for height and BMI in both cohorts.
For common coding variants, defined as minor allele frequency (MAF) >1%, UKB-associated
variants showed strong directional concordance in Fenland, particularly at more stringent
UKB significance thresholds (Supplementary Figure 3). For rare variant gene-burden tests
(MAF £1%), concordance was strong for associations with height, with 82% of exome-wide
significant genes in UKB showing concordant effect directions in Fenland. Concordance
could not be reliably assessed for BMI, as too few genes met the AC =215 inclusion criterion
in Fenland. Despite this, we replicated the top UKB signal for BMI (MC4R, p = 0.025) and
multiple height-associated genes, including ZFAT (p = 4.5%x10°) in Fenland.



Investigation of Resting Energy Expenditure

Having validated the WES data, we leveraged the phenotypic depth of Fenland to analyse
traits not available in large-scale biobanks with WES data, performing rare gene-burden tests
for REE and glycaemic traits (fasting and 2-hour post-OGTT glucose and insulin). Analyses
were restricted to samples of European ancestry and to genes with AC 215, using BOLT-LMM
with significance thresholds corrected for the effective number of tests performed
(Supplementary Table 2).

We measured REE in Fenland using indirect calorimetry, which estimates energy
expenditure from respiratory gas exchange. Due to issues of cost feasibility, large biobanks
do notinclude formal measures of REE but instead rely on estimated values calculated from
anthropometry and bioelectrical impedance. However, these perform poorly; in Fenland,
estimated REE and measured REE show only moderate concordance (R*> = 0.54;
Supplementary Figure 4), while in UKB estimated REE predominantly reflects fat-free mass
(R? = 0.99). Leveraging indirect calorimetry in Fenland, we performed gene-burden tests
(mask definitions in Supplementary Table 3) of REE adjusted for BMI (REEadjBMI) and
identified two significant gene associations: CASQ7 (Mask=DMG_AMO056, AC=70, [=-
180kJ/day, P=7.5x107) and COL8A1 (Mask=MISS_AM034, AC=27, f=-297kJ/day, P=3.9x107).
As a sensitivity analysis, we separately adjusted REE for correlated body composition traits
in Fenland, including DEXA-derived lean mass (CASQ7 B=-169kJ/day, P=5.7x10%, COL8A1
B=-313klJ/day, P=1.1x107), finding no meaningful attenuation of the associations for either
gene (Supplementary Tables 4-5). To assess possible collider bias, we tested associations
with BMI and body composition traits across Fenland and UKB. As DEXA data are limited in
the UKB (~70,000 participants), we developed predictive models and imputed total lean and
fat mass for the whole UKB European ancestry cohort (r* = 0.93 and 0.71; Supplementary
Table 6, further details in Methods). No strong associations were observed in either study,
with only a nominal signal for CASQ7 with DEXA fat mass in the UKB (Supplementary Table
7).

Given known sex differences in energy expenditure and skeletal muscle biology, we tested
for sex-specific effects. Qualifying variants in CASQ17 conferred a male-specific reduction in
REEadjBMI (B men = -254.16kJ/day, P men = 5.6x10-7, B women = -46.91kJ/day, P women =
0.38, P-het = 4.8x10®) consistent across alternative REE adjustments (Supplementary Table
5). This sex-specificity appeared driven by a single protein truncating variant (PTV),
rs145486953 (AC men = 22, AC women = 17, P-het = 1.0x1073; Figure 1), although the gene-
burden association with REE persisted after its exclusion (P = 2.3x10*). Notably, in UKB,
rs145486953 showed female-specific associations with higher body fat percentage (BF%),
BMI and total fat mass, with no corresponding associations observed in men
(Supplementary Table 8). No sex-specificity was observed for COL8AT.



Figure 1: Rare variants in CASQ17 have sex-specific associations with resting energy
expenditure and adiposity
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Effect estimates (B; points) and 95% confidence intervals (vertical bars) are shown for sex-combined
analyses (grey circles), men (blue triangles) and women (pink squares). The upper panels show
associations with resting energy expenditure (REE) measured by indirect calorimetry in the Fenland study
and adjusted for body mass index (REEadjBMI; klJ/day). The lower panels show associations with
bioimpedance-derived body fat percentage (BF%; percentage points) in UK Biobank (UKB). Gene-burden
results are shown for three CASQ7 masks: damaging variants, comprising protein-truncating variants
(PTVs) or missense variants with an AlphaMissense (AM) pathogenicity score 20.564; missense variants
with an AlphaMissense score 20.564; and PTVs alone. The right-hand panels show the corresponding
single-variant association for the CASQ7 PTV rs145486953 (GRCh38 chr1:160192801 G>C). The dashed
horizontal line indicates no association. Stars indicate two-sided tests of heterogeneity between the male
and female effect estimates: P <0.05 *, <0.01** and <0.001***,

To investigate the possible mechanism behind this sex-specificity, we examined whether the
rs145486953-BF% association in women was modified by menopause status. In the UKB,
rs145486953 was associated with higher BF% only in post-menopausal women (AC = 524,
=1.19%, P = 1.5x107), with no effect in pre-menopausal women (AC = 183, 3= -0.05%, P =
0.92) and little effect in post-menopausal women taking hormone replacement therapy
(HRT) (AC = 30 3=-0.85, P=0.51; Figure 2A). Longitudinal analyses corroborated this finding,
with carriers showing greater BF% increases than non-carriers as they transitioned through
menopause (Carrier: N=21, ABF%=4.10%; Non-carrier: N=6,200, ABF%=2.39%; P-het =
0.049; Supplementary Figure 5), and interaction analyses confirming menopause status, but
not age, as a significant BF% modifier (Supplementary Figure 6). In Fenland, where



menopause status was not reported, we used age 50 as a proxy and observed a similar
pattern, with rs145486953 being significantly associated with REE in women aged =50 years
(B = -251.20kJ/day, P = 0.033) but not in those aged <50 years (B = 135.28klJ/day, P = 0.10;
Figure 2B).

Figure 2: Effects of rs145486953 on REE and BF% interact with menopause status or
age
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A) Association of rs145486953 with body fat percentage (BF%; percentage points) among pre-
menopausal women, post-menopausal women not taking hormone replacement therapy (HRT), and
post-menopausal women taking HRT in UK Biobank (UKB). B) Association of rs145486953 with body mass
index-adjusted resting energy expenditure (REEadjBMI; kJ/day) in Fenland participants stratified by sex
and age below or above 50 years. Points show effect estimates () and vertical bars show 95% confidence
intervals; the dashed horizontal line indicates no association. Values beneath each estimate indicate the
alternate allele count within that stratum.

To further explore the potential mechanisms influenced by CASQ7, we tested whether
circulating sex hormone levels (oestradiol, SHBG, testosterone, and genetically
instrumented FSH) might modify the effect of rs145486953 on BF% in UKB; however, we
found no clear evidence (Supplementary Figure 7). Extending this to circulating proteomics,
only PBXIP1 levels in men were significantly associated with rs145486953 carrier status after
multiple testing correction (Men: AC=67, =0.22, P=6.1x10° Women: AC=80, 3=0.01,
P=0.84, P-het = 3.4x10®). To assess potential gene dosage effects, we explored the effects
of rs145486953 homozygosity across a range of anthropometric and physiological traits.
Despite their small numbers in UKB (N=4), homozygotes showed larger reductions in
predicted lean mass, consistent with a skeletal muscle role for CASQ7 (Supplementary
Figure 8).



Investigation of glycaemic traits

We investigated glycaemic traits in Fenland (N = 10,622 with OGTT data), performing sex-
combined and sex-stratified gene-burden tests for fasting and 2-hour glucose and insulin,
adjusting for BMI and restricting to non-diabetic individuals. We identified three novel
associations (Figure 3). Rare variants in BRSK2 were associated with increased fasting
glucose (Mask=DMG_AMO056, AC=16, P=0.56mmol/L, P=2.3x107); PC variants were
associated with decreased 2-hour insulin (Mask=MISS_AM056, AC=34, 3=-0.71log(pmol/L),
P=1.1x107); and NID2 variants were associated with increased 2-hour glucose but in men
only (Mask=MISS_REV05; Men: AC=46, f=1.04mmol/L, P=4.2x107; Women: AC=64, 3=0.02,
P=0.90, P-het = 9.2x10°). We additionally recapitulated the known fasting glucose
association at GEPC2 (Mask=DMG_REV05, AC=348, 3=-0.14, P=1.2x107%) (17-20).

Figure 3: Significant gene-burden associations across glycaemic traits in Fenland
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the change between these measurements (Ta = Ti20-To). Glucose effect estimates are expressed in
mmol/L, while insulin measurements are shown on the log(pmol/L) scale. Results are shown for G6PC2,
BRSK2, NID2 and PC using the gene-burden mask producing the reported association. DMG_REV05
comprises protein truncating variants (PTVs) and missense variants with REVEL >0.5; DMG_AMO056
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association (P < 0.05), and two stars denote an association exceeding the relevant Bonferroni-corrected
exome-wide significance threshold.



To assess independence of these rare variant associations from known common variant
effects, we performed conditional analyses including polygenic risk scores for the
corresponding trait derived from published MAGIC GWAS results (21). This did not materially
attenuate associations for BRSK2 or NID2 (Supplementary Table 9), and neither mapped to
previously reported MAGIC fasting or 2-hour glucose loci, nor to established type 2 diabetes
loci (1 Mb) (21, 22). No equivalent GWAS data exists for 2-hour insulin; however, PC lay
outside known MAGIC insulin fold-change loci (¥1 Mb), although the region was implicated
in type 2 diabetes risk. We next sought replication in UKB using random glucose
measurements in non-diabetic individuals. Discovery masks did not directly replicate,
however alternative missense masks yielded nominal associations for BRSK2 with fasting
glucose (defined as random glucose restricted to participants reporting 8-24 hours fasting;
Mask=MISS_AMO034, AC=28, [=0.19, P=0.045) and NID2 with random glucose, though
without evidence of sex-specificity (Mask=MISS_AM034, AC=1331, 3=0.03, P=0.032, P-het =
0.74). Insulin phenotypes were unavailable in the UKB, precluding replication of the PC
signal.

Discussion
Validation of Fenland WES data

Quality control of the Fenland WES data was supported by both technical validation and the
replication of known genetic signals. Established gene-trait relationships were observed
across anthropometric and glycaemic traits, including MC4R for BMI, ZFAT for height, and
G6PC2 for fasting glucose, alongside strong directional concordance with UKB results.
Together, these findings support the validity and biological consistency of the Fenland WES
dataset despite its smaller sample size.

Novel insights into resting energy expenditure

Resting energy expenditure reflects the basal energetic cost of sustaining essential
physiological processes and, in most individuals, is the largest component of total energy
expenditure (~60-70%) (23, 24). Modest differences in basal energy expenditure can
cumulatively influence weight trajectory, highlighting REE as a potential therapeutic target
(25-27). However, accurate REE measurement requires calorimetry under controlled
conditions, limiting scalability. Most biobanks therefore rely on proxy measures that
predominantly reflect body composition and correlate only moderately with calorimetry-
based values (22), creating a trade-off between scale and precision. To date, large common
variant studies have relied on estimated phenotypes (28, 29), while calorimetry-based
coding variant studies have remained small, with the largest previous gene-based burden
test (=262 mixed-ancestry participants) finding no significant associations (30), and the
largest coding-variant study being limited to a sample of 373 American Indians (31). Here,
we use indirect calorimetry-based REE measurements in ~10,000 Fenland participants to



conduct, to our knowledge, the largest rare variant burden analysis to date, identifying
damaging variants in CASQ7 and COL8A1 associated with reduced REE.

CASQ1 encodes calsequestrin-1, the major sarcoplasmic reticulum (SR) Ca?* buffer in fast-
twitch skeletal muscle (32). Here, we find that damaging CASQ7 alleles are associated with
lower REE in men, and with adiposity and REE in post-menopausalwomen in UKB. This effect
on REE is robust to adjustment for alternative DEXA-derived body composition measures
and therefore is unlikely to be confounded by differences in body composition. A potential
mechanism is reduced SERCA-dependent ATP turnover; SERCA1a is the dominant Ca*
pump in fast muscle fibres, and Ca? cycling accounts for a substantial fraction (~40-50%)
of muscle resting energy expenditure (33, 34). Accordingly, CASQ17 loss of function is
expected to reduce SR Ca?* buffering, lowering Ca?" cycling and SERCA-dependent ATP
turnover at rest, and thereby REE. A role for CASQ1 in REE is supported in mouse models,
where complete Casq7 knockout results in increased REE (35, 36). This opposing direction
of effect to our heterozygous effect in humans may reflect species-specific differences in
calcium handling and energy metabolism, or differences due to allelic dosage.

The sex specificity of CASQT7 is biologically plausible. Men have greater type Il muscle fibre
mass, and therefore a higher contribution of CASQ1-SERCA1a to whole-body energetics,
whereas in pre-menopausal women the effect of CASQ7 variation may be partially buffered
by estrogen. Estrogen enhances SERCA activity and expression, and in Casqg7-null mice
markedly lowers heat-induced mortality by reducing SR Ca?* leak and normalising calcium
handling (37, 38). Loss of this buffering effect at menopause may therefore unmask the
metabolic effects of CASQ7 variation, consistent with the association with lower REE in men
and post-menopausal women, but not pre-menopausal women. The accompanying
association with increased adiposity in post-menopausal women may reflect the
emergence of this REE deficit during the menopausal transition. By contrast, the absence of
a corresponding adiposity signal in men despite lower REE may suggest compensatory
physiological or behavioural adaptations, such as reduced energy intake, that offset the
effects of reduced energy expenditure over time. This estrogen-mediated model is further
supported by the male-specific association of rs145486953 with increased circulating levels
of PBXIP1, an enhancer of estrogen receptor signalling (39). While the basis of this sex
specificity remains unclear, it may reflect a genetic driver of estrogen sensitivity that is
relevant only in a low-estrogen environment, whereas higher systemic estrogen levels in pre-
menopausal women could saturate this response.

The possible mechanism underlying the observed association between COL8A7 and REE is
less clear. COL8A1 encodes a short-chain extracellular matrix collagen implicated in
vascular remodelling and angiogenesis (40), with experimental studies showing roles in cell
migration and proliferative remodelling (41-43). One possible interpretation is that loss of
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COLB8AT1 reduces the energetic cost of tissue maintenance by limiting extracellular-matrix
turnover, though understanding the relevant tissue and mechanism requires further study.

Novel insights into glycaemic traits

We investigated glycaemic traits rarely captured in large-scale biobanks, performing rare
gene-burden tests on fasting and post-challenge glucose and insulin, and identifying three
novel associations. Variants in BRSK2 were associated with higher fasting glucose in
Fenland, with nominal replication in UK Biobank. This was possible as although UK Biobank
only assessed random glucose at baseline, we were able to identify a subset of participants
who report as fasted (8+ hours) at time of measurement (though the association was much
less significant). BRSK2 encodes an AMPK-related kinase specifically expressed in pancreas
and brain that regulates glucose-stimulated insulin secretion, but experimental studies
report opposing effects on B-cell function (44, 45). Our finding of higher fasting glucose in
carriers of damaging variants in BRSK2 support arole for BRSK2 in linking nutrient sensing to
basalinsulin secretion.

Variants in NID2 were associated with a male-specific decrease in 2-hour glucose in
Fenland. Nominal replication was observed in UK Biobank using random glucose, a less
specific proxy that does not capture the post-challenge, sex-specific effect. NID2 encodes
nidogen-2, a basement-membrane protein that has been shown to inhibit glucagon
secretion and regulate glucose homeostasis (46). Notably, experimental overexpression
causes increased adiposity and metabolic dysfunction specifically in male mice, supporting
our sex-specific findings (47).

Missense variation in PC was associated with lower 2-hour insulin. PC encodes pyruvate
carboxylase, a mitochondrial enzyme required for anaplerosis and the metabolic
amplification of insulin secretion (48). Experimental studies consistently show that reduced
PC impairs glucose-stimulated insulin secretion (49, 50). This finding extends that evidence
into human genetics, where such associations have been limited by the lack of post-
challenge insulin phenotypes.

Limitations and future research

A key limitation of our study is that replication was unavailable for some of our associations
due to the lack of comparable phenotypes in large-scale biobanks. Where related traits were
available, these were not always directly equivalent to Fenland measurements. For example,
Fenland measured glucose from blood collected into fluoride tubes, which inhibit ex vivo
glycolysis and reduce artefactual lowering of glucose after collection, whereas UK Biobank
measured glucose in serum following sample separation after a delay of unknown duration,
introducing potential for measurement error. Despite this we were able to replicate two of
the glucose-associated signals identified, providing reassurance of the robust
methodological approaches we have followed. We also note existing in vitro and in vivo work



11

supporting a biological role for other observed associations (51). Given the longitudinal
design and supportive regulatory permissions of Fenland, recall-by-genotype studies
represent a natural next step to directly characterise the biological mechanisms underlying
these associations in variant carriers.

Conclusion

In this study, we present whole-exome sequencing data in the Fenland study and establish
a rare variant analysis framework for deeply phenotyped metabolic traits. Although large-
scale biobanks such as UK Biobank and All of Us have transformed rare variant discovery,
their greatest strength is scale rather than physiological resolution. Fenland provides a
complementary resource: smaller than those biobanks, but rich in metabolic and
physiological phenotyping, with repeated oral glucose tolerance testing, indirect
calorimetry, and participant consent for downstream recall-by-genotype. Our results show
that this combination is valuable in two ways. First, Fenland is sufficiently well powered and
technically robust to reproduce expected genetic architecture. Second, and more
importantly, it enables rare variant discovery in phenotypes that are absent or crudely
approximated in larger sequencing datasets, illustrated by the identification of a sex-specific
CASQ1 effect on REE and multiple novel gene associations for glycaemic traits.



12

Methods

Study description

The Fenland Study is a population-based cohort, recruited between 2005 and 2015 from
general practice surgeries around Cambridgeshire, UK. Participants were aged between 29
and 64 (mean 48.6). Exclusion criteria included: terminal illness, clinically diagnosed
diabetes mellitus, clinically diagnosed psychotic disorder, inability to walk unaided,
pregnancy or lactation. The study was designed as a longitudinal cohort, with participants
undergoing follow-up assessments in subsequent study phases. Written informed consent
was attained from all participants, including that for future recall-by-genotype studies. The
study was approved by the Cambridge Local Research Ethics Committee. Full study details
have been described previously (11).

Whole exome sequencing and quality control

Quality control

Whole-exome sequencing (WES) data for the Fenland cohort were generated at the
Wellcome Sanger Institute and underwent quality control (QC) using a standardised pipeline
(52).

Sample contamination was assessed using VerifyBamlID (v2.0), requiring FREEMIX <0.05.
Concordance between Fenland WES and array genotypes was evaluated using bcftools
gtcheck following liftover of array data to GRCh38, to identify potential sample mismatches
or mapping errors (53). Sex concordance was assessed by comparing imputed genetic sex
with reported sex. Genetic ancestry was inferred by projection onto principal components
derived from the 1000 Genomes reference panel, with superpopulation labels assigned by
proximity in principal component space (54). Within ancestry groups, samples were
excluded if they were outliers (>+6 SD) for sequencing metrics including variant count,
transition/transversion ratio, insertion/deletion ratio, heterozygosity rate, and
heterozygote/homozygote ratio (Supplementary Figure 9). Relatedness was estimated using
the KING algorithm implemented in PLINK (55).

Variant quality control used a random forest (RF) classifier to distinguish true variants from
sequencing artefacts. Training data comprised high-confidence variants from the 1000
Genomes Project (54), HapMap3 (56), and Mills et.al. indels (57), alongside putative false
positives defined using lenient hard filters (Quality by Depth <2, Fisher Strand >60, Mapping
Quality <30). The classifier achieved 99.0% test accuracy, comparable to similar sequencing
studies (e.g. BiB, ALSPAC), and showed consistent feature importance profiles across
cohorts (Supplementary Table 1). Final filtering thresholds were defined using RF scores and
genotype-level metrics, including depth (DP), genotype quality (GQ), allele balance, and
missingness. Thresholds were calibrated separately for SNVs and indels against Genome in
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a Bottle reference samples (58). Three QC levels (relaxed, medium, and stringent) were
defined.

Variant annotation and masking

Variants were annotated using the Ensembl Variant Effect Predictorv114 (59) with additional
plugins for REVEL (60), CADD (61), AlphaMissense (62) and LOFTEE (63) annotations.
Variants were allowed to map to multiple genes where applicable. For each variant-gene
pair, a single consequence was retained using a transcript prioritisation scheme favouring
protein-coding transcripts, with preference given to MANE Select and canonical transcripts.
Variants were grouped into gene-based masks based on predicted consequence and
functionalimpact scores (Supplementary Table 3).

Validation against UKB

Minor allele counts for common variants with MAF >1% were compared between Fenland
and UKB across random forest QC classes (relaxed, medium, stringent) using linear models
to inform selection of the QC threshold. Gene-level carrier counts for rare variants (MAF
<1%) across a random subset of 200 genes were then compared between datasets across
four burden masks: high-confidence protein-truncating variants (HC_PTV), missense
variants with REVEL >0.5, missense variants with CADD >25, and missense variants with
AlphaMissense >0.564.

EXWAS and gene-based burden analyses for height and BMI were performed independently
in the Fenland cohort and UKB using WES data. Analyses were restricted to variants with
MAF £1% for burden tests and >1% for single-variant analyses. Gene-based burden tests
were conducted using the same masks as listed, and analyses were restricted to genes with
a minimum AC =15 within each cohort. For cross-cohort comparisons, effect estimates were
aligned by allele, and directional concordance was assessed across UKB significance
thresholds using binomial tests.

Phenotype Derivation

Resting energy expenditure in Fenland

Resting energy expenditure (REE) was derived at baseline assessment from indirect
calorimetry using breath-by-breath measurements (Jaeger Oxycon Pro, CareFusion, CA)
collected under standardised resting conditions in the Fenland cohort, as described
previously (64). Participants were measured in a supine, awake state following a period of
rest, with respiratory exchange recorded over a six-minute protocol. Breath-by-breath
oxygen consumption (VO,) and carbon dioxide production (VCO,) were processed and
extensively quality controlled. Briefly, physiologically implausible and unstable breaths were
excluded, and analyses were restricted to the final 120 seconds of measurement to ensure
steady-state respiratory exchange. Participants with evidence of non-steady-state
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respiration or insufficient valid data were excluded. REE (kJ/day) was calculated from mean
VO, and VCO, using the abbreviated Weir equation:

REE = 6.025 % (3.9 x VO, + 1.1 X VCO,)
Values were regressed against REE device and room temperature to remove technical
effects for subsequent analyses.

Anthropometric and physiological measures

In Fenland, anthropometric and physiological traits were derived from baseline
measurements. Weight was measured to the nearest 100g and height was measured to the
nearest 0.1cm (12). Body composition was assessed using whole-body dual-energy X-ray
absorptiometry (DXA) in individuals weighing <140kg. Scans were performed using GE
Healthcare Lunar Prodigy Advanced systems, with a minority acquired on iDEXA platforms.
Fromthese, total fat mass (TFM) and total lean mass (TLM) were obtained, and used to derive
body fat percentage (BF%), fat mass index (FMI), and lean mass index (LMI).

In UKB, weight (field 23098), BMI (23104), BF% (field 23099) and predicted REE (field 23105)
were obtained from baseline measurements using the Tanita BC-418MA device. Predicted
total lean mass (TLM) and total fat mass (TFM) were derived for UK Biobank participants of
European ancestry, adapting previously described DXA-calibrated bioimpedance prediction
methods (65). Models were developed separately for men and women using DXA-measured
lean and fat mass (fields 23280 and 23278) from the subset of 63,129 participants with
available imaging. Candidate predictors included bioimpedance, anthropometric, and
lifestyle measures collected at the same imaging visit, including height, weight, waist and
hip circumference, whole-body and segmental (arm and leg) impedance, handgrip strength,
physical activity, sleep duration, and smoking and alcohol status. Impedance measures
from paired limbs were summed, and height-indexed impedance indices were derived.
Handgrip strength was measured using a hydraulic hand dynamometer, with the maximum
value across left and right hands (fields 46/47) retained. To avoid circularity, bioimpedance-
derived body composition fields (fat-free mass, fat mass, water mass, BMR, BMI) were
excluded from model development. All traits were winsorised at +10 SD within each sex, and
values below zero were set to missing. Within each sex, individuals with DXA measurements
were split into training (95%) and validation (5%) sets. Predictor selection was performed
using forward-backward stepwise regression with the Bayesian Information Criterion,
yielding the final sex-specific models (Supplementary Table 6). Model performance was
assessed in the held-out validation set by R> and RMSE, and the resulting models were
subsequently applied to the full cohort to generate TLM and TFM estimates.

Hormonal and reproductive measures

Circulating sex hormones in UK Biobank were measured from baseline serum biochemistry
samples. Total testosterone (field 30850), estradiol (field 30800) and sex hormone-binding
globulin, SHBG (field 30830), were assayed centrally using Beckman Coulter DXl 800
chemiluminescent immunoassays. Testosterone and estradiol were measured using
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competitive-binding immunoassays, while SHBG was measured using a two-step sandwich
immunoassay. The manufacturer analytical ranges were 0.35-55.5 nmol/L for testosterone,
73-17,621 pmol/L for estradiol, and 0.33-226/242 nmol/L for SHBG. The UK Biobank
observed lower reportable limits were 0.35 nmol/L for testosterone, 175 pmol/L for estradiol,
and 0.33 nmol/L for SHBG. For full reference data see
https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/serum_biochemistry.pdf. As FSH
was not directly measured in UKB, we used the promoter variant rs10835638 at FSHB as a
genetic proxy for circulating FSH levels (66). Hormonal contraceptive use (field 2784),
hormone replacement therapy (HRT; field 2814), and menopause status (field 2724) were
obtained from self-reported questionnaire data.

Glycaemic traits

In Fenland, participants completed a 2-hour 75 g oral glucose tolerance test (OGTT)
following an overnight fast. Blood samples were collected at fasting (To) and 2 hours after
glucose load (T120). Plasma glucose (mmol/L) was assayed from fluoride oxalate tubes and
measured using a Dade Behring Dimension RxL analyser. Insulin (pmol/L) was measured in
plasma from EDTA tubes using a DELFIA immunoassay (PerkinElmer). Change measures
were defined as Ta=Tq2-Tofor both traits. All insulin traits were log-transformed.

In UKB, random glucose (field 30740) was derived from blood biochemistry measures taken
at baseline visit. Fasting glucose was defined in ~15,000 individuals reporting 8-24 hours of
fasting (field 74), which is not restrictive to an overnight fast.

Across studies/traits, outliers beyond +10 standard deviations from the mean were removed.
Diabetic individuals, defined as usage of diabetes medication or having fasting glucose =7
mmol/L, 2-hour glucose =11.1 mmol/L, or HbA1¢c =6.5%, or were excluded.

Statistical analysis framework

Association tests

Exome-wide association analyses were performed in Europeans ancestry individuals in both
Fenland and the UKB using BOLT-LMM v2.4.1 (67) under the infinitesimal mixed model. The
mixed model was fitted using an LD-pruned set of high-quality genotyped variants to
account for population structure and relatedness. Association testing was conducted for
both single variants and gene-based burden masks. For burden tests, variants were
aggregated within each gene according to predefined masks, and tests were restricted to
gene-mask combinations with a combined AC >15. Synonymous variants were analysed in
parallel as a negative control, providing an internal null model for gene-based aggregation.

Unless otherwise stated, all analyses included standard covariates: age, age?, sex (where
applicable) and the first ten genetic principal components. Study-specific covariates (test
site in Fenland and WES batch in the UKB) were also included.


https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/serum_biochemistry.pdf
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Significance thresholding

Significance thresholds for gene-based burden tests were defined using a Bonferroni
framework adjusted for correlation between burden masks and phenotypes (Supplementary
Table 4). Burden test statistics were converted to signed Z-scores using the direction of
effect and corresponding two-sided P-values. Correlation matrices were constructed
between masks and between phenotypes using gene-level Z-scores, and used to estimate
the number of independent tests using an eigenvalue-based approach, where

Meff = Z min(/li, 1)

and A; are the eigenvalues of the correlation matrix (68).

For analyses of resting energy expenditure (REE), significance thresholds were defined as:
0.05

Ngenes X Meff,mask
For analyses of related glycaemic traits (e.g. glucose at Ty, T;,,, and AT), thresholds were
defined as:

0.05

Ngenes X Meff,mask X Meff,pheno

Sex-specificity

Where associations exceeded the significance threshold and passed DFBETA filtering, sex-
stratified burden tests were performed separately in men and women, and sex-specificity
was assessed by comparing sex-stratified effect sizes using the formula below (where f
denotes female-, and m denotes male-estimates)(8):

ﬁf_ﬂm

/se% + seZ,

Results were classed as sex-specific if P(z) < 0.05 and the association was not nominally
significant in the opposite sex (P > 0.05).

Z =

Assessment of resting energy expenditure

Phenotype correlations

Phenotypic correlations between REE and anthropometric and body composition traits in
Fenland were assessed using multivariable linear regression, adjusting for REE
measurement device, room temperature, age and sex. Variance explained was summarised
using R?, and significance was derived from the corresponding model term.
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Primary analysis

Gene-burden tests for REE in Fenland were performed in Europeans using BOLT-LMM. BMI,
room temperature at REE measurement, and REE measurement device were included as
additional covariates. To assess whether significant associations were confounded by body
composition beyond BMI, primary models were re-run with additional adjustment for DEXA-
derived measures. To evaluate potential collider bias, significant gene-mask combinations
were tested for association with BMI and other body composition traits in both Fenland and
UKB.

Menopause, age and hormone modification

In UKB, the effect of rs145486953 on BF% was assessed across baseline menopausal strata
(pre-, post-, and post-menopausal on HRT) using BOLT-LMM. Longitudinal effects were
evaluated in women with repeated BF% and menopause measures across instances,
comparing differences between carriers and non-carriers using a two-sample t-test. In
Fenland, women were stratified by age (<50 vs =50 years) as a proxy for menopausal
transition, and associations with REEadjBMI were tested within strata using linear
regression.

To assess modification by circulating sex hormones in UKB, interaction terms between
rs145486953 carrier status and baseline levels of total testosterone, estradiol, and SHBG
were tested in sex-stratified linear regression models of BF%. As FSH was not measured in
UKB, genotype at the promoter variant rs10835638 in FSHB was used as a proxy for
circulating FSH levels.

Proteomic associations

To explore downstream molecular effects of rs145486953, proteomic association analyses
were performed in UKB individuals with available Olink plasma measurements (69). Olink
protein measurements were processed by panel, and proteins were excluded if more than
25% of values were below the limit of detection. Individual measurements below the limit of
detection were set to missing. Protein levels were tested for association with rs145486953
carrier status using linear regression, including sex-stratified analyses. Models included
standard covariates with additional adjustment for Olink batch, processing start date and
the number of proteins measured. Statistical significance was defined using Bonferroni
correction for the number of proteins and sexes tested.
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Assessment of glycaemic traits

Primary analysis

Gene-burden tests for glycaemic traits were performed in Fenland in non-diabetic
Europeans using BOLT-LMM with BMI as a covariate. Analyses were conducted in both sex-
combined and sex-stratified models.

Polygenic risk score adjustment

Polygenic risk scores (PRS) for glycaemic traits were constructed using pre-computed
MAGIC weights for fasting glucose, fasting insulin, and 2-hour glucose (21). Variants were
harmonised to hg38 and aligned by allele prior to score calculation using plink2 (70). Scores
were computed per chromosome on imputed genotype data and summed genome-wide for
each individual. PRS were included as additional covariates in burden analyses of glucose
traits and fasting insulin to account for common variant effects. No equivalent summary
statistics were available for 2-hour insulin, so this trait was excluded from PRS adjustment.

Independence from common variant signals

To assess independence from known common-variant glycaemic loci, significant gene-
mask associations were cross-referenced against MAGIC consortium index variants. As no
GWAS data are available for 2-hour insulin, loci reported for insulin fold change were used
as a proxy. For fasting glucose, fasting insulin, 2-hour glucose and insulin fold change,
genome-wide significant variants (P < 5x10%®) were obtained from BMI-adjusted MAGIC
summary statistics (including exome-wide analyses where available) and published
European-ancestry GWAS lead-variant lists (14, 21, 71). Established type 2 diabetes loci
were additionally obtained from large European-ancestry meta-analyses (22). Variants from
summary statistics were pruned to approximately independent signals using distance-
based clumping (¥250 kb) and mapped to GRCh38 using Liftover (72). Gene-mask
associations were considered to overlap known loci if an index variant lay within =1 Mb.
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Data availability

Permission to access the Fenland Study data for analyses through the IMS Epidemiology
Trusted Research Environment can be requested by bona fide researchers for specified
scientific purposes through an application process via the study website
(https://studies.epi.ims.cam.ac.uk/fenland/data-sharing).
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