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Altered energy metabolismis a shared driver across cardiometabolic diseases—the
leading cause of death globally'. Energy metabolism varies between individuals and
is partly heritable®®. Here, to investigate the genetic basis of energy metabolism, we
perform an exome-sequencing analysis 0f 1,032,116 people from America, Europe and
Asia, and estimate associations between rare protein-coding variants and the ratio

of triglyceride to high-density-lipoprotein cholesterol (TG:HDL)—an energy-state
biomarker that we associate with diverse cardiometabolic risk factors and diseases.
Weidentify 59 independent genes (P <1.04 x 107) that are enriched for liver- and
adipose-expressed master regulators of energy balance, storage and metabolism;

23 (39%) of these genes encode approved or clinical-stage drug targets. Ultra-rare
protein-truncating variants in FN/PI (allele frequency, 0.01%), which encodes a
suppressor of energy expenditure and mitochondrial metabolism, are associated
with alower TG:HDL ratio, lower liver fat, lower glycaemia, favourable fat distribution
and around 60% lower odds of cardiometabolic disease. FN/P1 knockdown in primary
human hepatocytesinduceslipid breakdown and lysosomal gene expression, while
combined hepatic knockdown of Fnip1 withits paralogue Fnip2 or knockdown of its
interactor Flcn protect against weight gain, reduce liver fat and enhance insulin
sensitivity in mice fed a high-fat diet. Our study implicates the FNIP1 pathway in
human energy metabolism and highlights its inhibition as a potential therapeutic
strategy in cardiometabolic disease.

Altered energy and lipid metabolism contribute to cardiometabolic
diseases suchas coronary artery disease (CAD), obesity, type 2 diabetes
and metabolic-dysfunction-associated steatotic liver disease (MASLD),
which collectively represent the leading cause of death worldwide
and account for a substantial and growing burden of morbidity"™.
The TG:HDL ratio has been proposed as abiomarker of the metabolic
state of the body and its levels are associated with insulin resistance,
type 2 diabetes and CAD™™,

Large exome-sequencing association studies of rare coding variants
have led to the identification of therapeutic targets®*> '8, Here we use

datafrom over 1 million people with exome sequencing, genome-wide
common variant imputation and detailed health phenotypes from 11
cohortsacross theworld (Fig.1and Supplementary Table1) to validate
the TG:HDL ratio as abiomarker of the energy state of the body and risk
of various cardiometabolic diseases.

We also perform a genetic discovery analysis of the TG:HDL ratio,
implicating 59 genes of which coding variants areindependently asso-
ciated with this metabolic biomarker, including known and new thera-
peutictargets. With acombination of human genetics, omics data, and
invitroandinvivo validationin experimental models, we implicate the

A list of affiliations appears at the end of the paper. *Lists of authors and their affiliations appear at the end of the paper. ®e-mail: viktoria.gusarova@regeneron.com; luca.lotta@regeneron.com

Nature | Vol 657 | 17 September 2026 | 703


https://doi.org/10.1038/s41586-026-10864-2
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-026-10864-2&domain=pdf
mailto:viktoria.gusarova@regeneron.com
mailto:luca.lotta@regeneron.com

Article

MAYO-RGC
CCPM GHS .BiOMe
° DEﬁ PMBB

ATLAS Study Country

UKB UK
MCcPS @ GHS USA

MCPS Mexico
MAYO-RGC USA
BELIEVE Bangladesh
CCPM USA
ATLAS USA
BioMe USA
PMBB USA
DBS USA
MDCS Sweden

Total

Fig.1|Overview of the cohorts contributing to the exome-wide association
analysis of the TG:HDL ratio. In total, 1,032,116 individuals were included in
the exome-wide association analysis of rare variants witha TG:HDL ratio. The
contributing cohorts were as follows: UCLA ATLAS Precision Health Biobank
(ATLAS); BangladEsh Longitudinal Investigation of Emerging Vascular and
nonvascular Events (BELIEVE); Mount Sinai BioMe BioBank (BioMe); Colorado
Center for Personalized Medicine Biobank (CCPM); Dallas Biobank Study at

folliculininteracting protein1 (FNIPI) and folliculin (FLCN) pathway in
energy metabolism and the aetiology of cardiometabolic disease in
humans as anillustrative example of how massive rare-coding-variant
discovery analyses of this circulating metabolic biomarker canlead to
translational and therapeutically relevant insights.

Epidemiology of the TG:HDL ratio
Inanin-depth epidemiological analysis of refined anthropometric
and metabolic traits, a higher TG:HDL ratio was associated with higher
total and visceral adiposity across body imaging modalities (Fig. 2a,
Supplementary Fig. 2 and Supplementary Table 2). This was accom-
panied by greater ectopic fat deposition in the liver and skeletal mus-
cle, higher levels of liver damage biomarkers (for example, alanine
aminotransferase (ALT)) and higher levels of liver-biopsy-defined
steatosis, inflammation and fibrosis (Fig. 2b,c). There were statistically
significant associations with higher fasting insulin, higher glycated
haemoglobin, higher blood pressure and higher circulating C-reactive
protein (CRP; Fig. 2d). Finally, a higher baseline TG:HDL ratio was
predictive of anincreasedrisk of incident type 2 diabetes, myocardial
infarction, MASLD and liver cirrhosis (Fig. 2e). These associations were
consistently observed across African, admixed American, East Asian,
South Asian and European ancestries (Supplementary Figs. 3-7).
Thus, the TG:HDL ratio is asimple and powerful biomarker of energy
metabolism and cardiometabolic disease risk, which can be used for
genetic and biologic discovery.

Genomics of the TG:HDL ratio

We next performed agenetic discovery analysis of the TG:HDL ratioina
diverse set 0f1,032,116 individuals from 11 cohorts and three continents
(Fig.1and Supplementary Table 1).

Inmultiancestry genome-wide association and fine-mapping analy-
ses of common variants (minor allele frequency >1%), we identified
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UT Southwestern Medical Center (DBS); Geisinger Health System MyCode
(GHS); Mayo Clinic Project Generation (MAYO-RGC); Mexico City Prospective
Study (MCPS); Malmé Diet and Cancer Study (MDCS); University of Pennsylvania
Penn Medicine BioBank (PMBB); and UK Biobank (UKB). AFR, Africanancestry;
AMR, admixed Americanancestry; EAS, East Asianancestry; EUR, European
ancestry; SAS, South Asian ancestry. World maps were generated inR (v.4.5.2)
using the maps package (v.3.4.3).

1,617 independent signals at 801 physical loci associated with the
TG:HDL ratio (Methods, Supplementary Note 1, Supplementary Tables 3
and 4 and Supplementary Fig. 8). In ancestry-specific fine-mapping
analyses, weidentified 1,406 independent signalsin European,209in
admixed American, 63 in South Asian, 44 in Africanand 9 in East Asian
analyses (Supplementary Note 1, Supplementary Table 5 and Supple-
mentary Figs. 9-13). Common variant signals showed enrichment for
genes expressed in adipose and liver tissues (Supplementary Fig. 14)
and we found strong genetic associations with anthropometric and
metabolic phenotypes (Supplementary Fig. 15).

In an exome-wide gene-level association analysis of rare coding
variants (minor allele frequency < 1%), 60 genes were associated with
the TG:HDL ratio at the exome-wide level of statistical significance
(P<1.04 x107), in an analysis adjusted for the 1,617 common variant
signals identified in the same individuals (Fig. 3a,b, Extended Data
Table 1and Supplementary Note 2). Of the 60 genes, 59 showed an
independentassociation when adjusting for other gene-burden signals
(Supplementary Tables 6 and 7 and Supplementary Note 2), whereas
the association of the AC126283.2 gene disappeared in the conditional
analysis, reflecting the sequence overlap with PLA2GI12A (Supplemen-
tary Tables 6 and 8 and Supplementary Note 2).

Of the 59 independent genes, 15 (25%) had been identified in the
previous largest rare variant analysis of TG:HDL ratio in around 170,000
people®, while the remaining 44 (75%) were novel rare-coding-variant
associations with the TG:HDL ratio (Supplementary Tables7and 9 and
Supplementary Note 2).

The associations of the 59 genes with the TG:HDL ratio were robust
and consistent in a series of sensitivity and subgroup analyses using
different common variant adjustment, ancestry adjustment, pheno-
type definitionapproaches, as well as sex-, ancestry- and fasting-state
subgroups analyses (Supplementary Tables 10-16, Supplementary
Figs.16-18 and Supplementary Note 2). Gene-burden associations
were directionally consistent across ancestry groups, and the higher
frequency innon-European ancestry groups of rare variants in some of
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Fig.2|Association of the TG:HDL ratio with cardiometabolic phenotypes
and diseaserisk. Epidemiological associations of the TG:HDL ratio with body
mass and fat distribution as measured using dual-energy X-ray absorptiometry
(DEXA), bioimpedance (BIA) and magnetic resonance imaging (MRI) (a);
ectopic fatdepositionin theliver estimated by MRI-proton density fat fraction
(MRI-PDFF), liver injury measured by circulating aminotransferases and
intramuscular fat estimated by MRI (b); liver steatosis, inflammation, ballooning,
MASLD activity score and fibrosis assessed at liver biopsy (c); fasting plasma
insulinas ameasure of insulinresistance, haemoglobin Alc as ameasure of
glycaemic control, systolic and diastolic blood pressure, and CRP as ameasure
ofinflammation (d); and risk of incident type 2 diabetes (T2D), myocardial

the genes drove the identification of several associations (for example,
LIPE, PCSK9 and GALNT2; Supplementary Table 11, Supplementary
Fig.19 and Supplementary Note 2). In sex-stratified analyses, we noted
aninteresting sex interaction for PDE3B (I* = 93%; Pieraction = 1.8 X 107%;
Buwomen —0.40 versus B,..., —0.28 s.d. units per allele; Supplemen-
tary Table 13, Supplementary Fig. 17 and Supplementary Note 2)—a
fat-distribution-associated gene’.

TG:HDL ratio percentile TG:HDL ratio percentile

infarction (MI), MASLD and liver cirrhosis (e). Associations of the TG:HDL ratio
with phenotypes and disease outcomes were estimated in the UKB, except for
fasting plasmainsulin, which was estimated in the MDCS cohort. Associations
withliver biopsy measures (c) were estimated in the GHS bariatric surgery
cohort.Ina-d, associations between the TG:HDL ratio (per1s.d. increase) and
each outcome were estimated using linear regression adjusted for age and
sex; effect estimates are shown with two-sided Pvalues. Ine, the associations
betweenthe TG:HDL ratio (per1s.d.increase) and incident events were
estimated using Cox proportional hazards models adjusted for age and sex;
hazardratios (HR) are shown with two-sided Pvalues. No adjustment was made
for multiple comparisons.

In areplication analysis in 114,942 participants from the All of Us
Research program, association estimates for the 59 genes showed
strong correlations with those of our discovery analysis (Pearson’s
r=0.97,P=2.1x107%;Supplementary Table 14, Supplementary Fig.18
and Supplementary Note 2).

Using proteomics and immunoassay data, we studied theimpact on
circulating protein levels for predicted loss-of-function (pLOF) variants
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Fig.3|Associations with TG:HDL ratio in the exome-wide analysis and
tissue enrichment for theidentified genes. a, Gene-based exome-wide
associations withthe TG:HDL ratio. Trianglesindicate association witha
higher (upward) or lower (downward) TG:HDL ratio. Gene-level Pvalues were
determined using the Cauchy combination test (ACAT), combining Pvalues
from 24 gene-burden additive models per gene estimated by two-sided Wald
tests.b, Therelationship between the AAF and per-allele Sfor 1,617 fine-mapped
common variants (grey) and 60 gene-burden genotypes (coral) associated
with the TG:HDL ratio in our study. Symbolsize is proportional to effect size.
Per-allele S estimates are from the gene-burden additive model with the lowest
two-sided Wald test Pvalue per gene. c, Tissue expression enrichment among
the 59 TG:HDL-ratio-associated genes as compared totherest of the genesin

in13 genes with available measurements and found strong associations
withlower levels of the encoded proteins for all genes, consistent with
aloss-of-function effect (Supplementary Fig. 20). We also intersected
protein quantitative trait loci (pQTL) with common variant signals at
the gene-burden loci and identified 25 colocalizing signals between
pQTLsand TG:HDL fine-mapped peaks, 14 of which converged on the
exome-wide significant genes from the rare coding variant analysis
(Supplementary Table 17).

Amongthe 59 genes, there was aconsiderable over-representation of
geneswithenriched expressioninliver and adipose tissues (odds ratio
(OR) for enrichment, 13.6; P, ichmene = 9 X 107 for liver; OR of 31.2 and
18.1, P=1x10"%and P=1x10"*for subcutaneous and visceral adipose
tissue, respectively; Fig. 3¢,d), further emphasizing the enrichment
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thegenome. The ORrepresents the likelihood of observing a TG:HDL ratio
analysis P<1.04 x 10”7 among genes exhibiting expressionenrichmentina
giventissue, relative to genes lacking such enrichmentin that tissue. For each
gene, the tissue with expression enrichment was defined as the tissue with the
largest upward deviationin expression from the medianacross tissues and with
anexpressionofatleast 6 s.d.above the median expression across tissues.
Thesignificance threshold (P=0.0011), designated by the dashed blue line, was
derived after Bonferroni correction for 43 tissues. The plot shows the top 20
tissues. The enrichment ORs and Pvalues were obtained using a one-sided
penalized likelihood ratio test from the Firth-corrected logistic model.d, The
number and proportion of genes among the 59 TG:HDL-ratio-associated genes
enriched for specific tissuesin GTEX.

for the same energy metabolism tissues also observed in the common
variant analysis (Supplementary Fig. 14).

The 59 associated genes included: (1) 11(19%) genes for which coding
variants are known to cause monogenic diseases of lipid metabolism
(Supplementary Table 7); (2) 31 (53%) genes encoding known drug
targets, including 23 for drugs in clinical development in humans or
approved by health authorities (Supplementary Table 7); (3) 7 genes
inthelipoprotein lipase (LPL) pathway, which regulates tissue energy
availability (Extended Data Fig.1and Supplementary Table 7); and
(4) Sgenesencoding apo-lipoproteins regulating the transport of lipids
inthe circulation, including anovel association for rare coding variants
in the APOCI gene with a lower TG:HDL ratio (Extended Data Table 1
and Supplementary Tables 6 and 7).



We performed pathway enrichment analyses using DEPICT?, which
revealed 761 enriched pathways (ataBonferroni-corrected P<5.9 x107%;
Supplementary Table 18) dominated by energy metabolism pathways,
includinglipid and glucose homeostasis, oxygen and energy consump-
tion, lipoproteinmetabolism, insulin resistance, liver fat accumulation,
lipolysis regulation and fat storage (Supplementary Table 18 and Sup-
plementary Note 2). For these pathways, an average of 16 (interquartile
range, 11-19) of our 59 genes contributed to the pathway enrichment
association (Supplementary Table 18 and Supplementary Note 2),
reflecting a high concentration of true biological signal. Pathway analy-
sis for gene subsets defined by the relative contribution of triglycer-
ides versus HDL-C to the associations with the TG:HDL ratio revealed
enrichment for pathwaysrelating to the respective lipoprotein particles
(Supplementary Tables 19-21 and Supplementary Note 2).

More than half of the 59 TG:HDL-ratio-associated genes showed
gene-burden associations with glycaemic, liver or atherosclerosis
related phenotypes (Supplementary Fig. 21), consistent with their
centralroleinenergy balance, storage and metabolism (Extended Data
Fig.1). There were also extensive associations with refined lipoprotein
particle composition phenotypes measured using nuclear magnetic
resonance in 469,068 individuals (Extended Data Fig. 2).

The FNIP1 pathway in energy metabolism

Ultra-rare protein-truncating variants in FNIPI were observedinaround
loutofevery 7,000 people who we sequenced (combined alternative
allelefrequency (AAF) = 0.01%) and were associated witharound 0.5 s.d.
lower TG:HDL ratio (P=1.1x107%), representing a novel rare variant
association and one of the largest effect associations identified in our
analysis (Fig. 3, Extended Data Table 1 and Supplementary Tables 6
and 7). Associations with favourable phenotypes and disease protec-
tion for rare pLOF variants have highlighted a number of therapeutic
targets® %, leading to new approved medicines? %, so we examined
this association in more depth.

Atotal of 86 distinct ultra-rare pLOF variants in FNIPI contributed
to the association (Supplementary Table 22), including a validated™
loss-of-function variant implicated in immunodeficiency-93 and
hypertrophic cardiomyopathy (Online Mendelian Inheritance in Man
ID (MIM) 619705), an autosomal recessive disease caused by complete
loss of FNIP1 function®* (Supplementary Fig. 22a). Associations with
TG:HDL ratio were robust when restricting to variants predicted to
cause nonsense-mediated decay and for both N-and C-terminal variants
(Supplementary Fig. 22b), consistent with a loss-of-function effect.

Inover 1 million people with available exome-sequencing and clini-
cal data, FNIP1 pLOF variants were associated with lower atherogenic
blood lipids, lower body-massindex, alower visceral-gluteofemoral fat
volumeratio, lower body fat percentage, higher body lean percentage,
lower glycated haemoglobin, lower liver fat and lower liver enzyme
levels, highlighting a favourable cardiometabolic phenotype across a
broad range of traits (Fig. 4a and Extended Data Fig. 3).

In 227,636 cases and 265,114 controls, FNIPI pLOF variants were
associated with around 60% lower odds of cardiometabolic disease
outcomes (thatis, CAD, type 2 diabetes, MASLD and liver cirrhosis com-
bined; OR = 0.39; 95% confidence interval (Cl) = 0.22-0.69; P= 0.0011;
Fig.4a), in the heterozygous state.

Heterozygous FNIPI variants did not show a statistically significant
association withacomposite electronic health record phenotype for the
clinical features ofimmunodeficiency due to biallelic loss-of-function
of FNIP1 (refs. 31,33,34), consistent with the recessive inheritance of
this Mendelian syndrome (Supplementary Note 3, Supplementary
Table 23 and Supplementary Figs. 23 and 24).

FNIPI encodes folliculin-interacting protein 1, which interacts
withfolliculin (encoded by FLCN) to inhibit mitochondrial biogenesis,
oxidative phosphorylation and energy expenditure downstream of
AMPK®,

In our human genetic analysis, FLCN heterozygous pLOF plus del-
eterious missense variants were associated with alower TG:HDL ratio
(per-allele f=-0.13 ratio units; 95% Cl =-0.23t0-0.02; P=0.017) and
with anoverall pattern of association with cardiometabolic traits that
was similar in directionality, but weaker in magnitude compared with
FNIPI variants (Supplementary Fig. 25). Heterozygous variants of FLCN
cause autosomal dominant Birt-Hogg-Dubé syndrome (MIM 607273),
an adult-onset disorder characterized by pulmonary cysts, pneumo-
thorax and tumour predisposition, particularly renal®. Compared
withnon-carriers, heterozygous carriers of pLOF variantsin FLCNhad
an 18-fold higher risk of pneumothorax and a 9-fold higher risk of kid-
ney cancer and were at increased risk for a composite phenotype of
Birt-Hogg-Dubé symptoms (Supplementary Figs. 23 and 26a, Sup-
plementary Table 24 and Supplementary Note 3).

We did not observe associations with the TG:HDL ratio for pLOF vari-
antsin FNIP2 (Supplementary Fig. 27), which encodes another member
of the folliculin pathway with functions that have been hypothesized
to be similar to those of FNIPI.

Mechanistically, the FNIP1-FLCN complex inhibits TFEB and TFE3,
whichare transcription factors that drive mitochondrial and lysosomal
gene expression® *°, Accordingly, FNIP1-FLCN pathway inhibition
promotes energy use and expenditure® (Extended Data Fig. 4a).

Inthis context, our human genetics findings suggest that heterozy-
gous loss-of-function of FN/P1and, to alesser degree, FLCNmay induce
mitochondrial biogenesis and energy expenditure in metabolically
activetissues resultinginafavourable phenotype. Consistent with this
hypothesis, previous literature has proposed a role for Flcn in mouse
models of MASLD and liver inflammation, in which liver-specific knock-
down has shown benefit**?, whereas Fnip1 has not been studied in
such models.

FNIPI and FLCN are expressed in human and mouse hepatocytes
(Supplementary Fig. 28), suggesting that at least part of the metabolic
benefit observedin human variant carriers may be duetoliver energy
metabolism. This is important as there is precedent for the success-
ful development and regulatory approval of N-acetylgalactosamine
(GalNAc)-conjugated shortinterfering RNA (siRNA) therapeutics that
effectively, durably and specifically silence a variety of genes selectively
in hepatocytes in humans®?%4**5 Thus, selective silencing of FNIPI in
hepatocytes with siRNA may be a tractable approach for exploiting the
favourable metabolic effects of variants in this pathway, while avoiding
potential side effects of systemic loss-of-function.

Tovalidate this hypothesis, we used siRNA to knockdown FN/PI in pri-
mary human hepatocytes. FNIPI silencing (>90% mRNA reduction) led
toinduction of lysosomal and lipid catabolism genes (Fig. 4b, Extended
Data Fig. 5 and Supplementary Fig. 1), consistent with the reported
biology of this pathway®*¢ and with the hypothesis that knockdown
of FNIP1in human hepatocytes affects metabolic gene expression.

We next turned to in vivo mouse models to evaluate the impact on
whole body energy homeostasis of FNIP-FLCN pathway inhibition in
the liver. We used guide RNAs (gRNAs) delivered by adeno-associated
virus serotype 8 (AAV8-gRNAs) to ablate Flcn, Fnipl, Fnip2 or Fnipl
together with Fnip2intheliver of Cas9-expressing mice challenged with
ahigh-fat, high-fructose diet (HFHFD). DNA editing, mMRNA and protein
analysis confirmed the targeting approach (Extended DataFig. 4b,c,e),
which led to robust induction of mitochondrial and lysosomal genes
inliver (Extended DataFig.4d and Extended DataFig. 6a-c). Mice with
hepatic Flcn deletion were substantially protected against weight and fat
gainand had a higher proportion of lean mass (Fig. 4c,d and Extended
DataFig.7a-e).Individually, FnipI or Fnip2inhibitionhad noimpacton
weight gain, but combined Fnip1 + Fnip2 inhibition protected against
diet-induced obesity similarly to Flcninhibition (Fig.4c,d and Extended
Data Fig. 7a—e). The lack of phenotype in mouse with selective Fnipl
liverinhibition probably reflectsinterspecies differences between mice
and humans, given that (1) in our human genetics analysis, none of the
155 carriers of pLOF variants in FN/IP1 had any FNIP2 pLOF variants, as
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Fig.4|Associations with cardiometabolic traits for FNIP1 pLOF variants
inhumans, invitro knockdown of FNIP1in primary humanhepatocytes and
invivoliver knockdown of Fnipl, Fnip2 and Flcninmice. a, Association of rare
pLOF variants (AAF < 0.01%) in FN/IP1 with quantitative cardiometabolic traits
(B +95% CI) (top) and disease outcomes (OR + 95% CI) (bottom). Association
estimates are frominverse-variance weighted fixed-effect meta-analysis and
Pvalues were calculated using two-sided Wald tests. Cases of composite
cardiometabolic disease had adiagnosis of CAD, type 2 diabetes or liver
disease (non-alcoholicliver disease (MASLD) or cirrhosis); controls were
controls for each component disease. b, mRNA levels of FN/P1and lysosomal/
lipid catabolic genesin primary human hepatocytes after siRNA knockdown

of FNIPI (siFNIP1) or non-targeting control (siNeg). n = 6 biological replicates
pergroup. Dataare mean + s.e.m. Pvalues were calculated using unpaired
two-tailed t-tests. c-f, Cas9-Ready mice (male, 10 weeks of age) received

expected from their genotype frequency (Supplementary Table 25),
which means that the phenotype is solely due to FNIPI variants;
(2) FNIP2 variants did not show robust associations with metabolic
traits; and (3) human hepatocyte experiments showed the induction
of lipid catabolism and lysosomal genes with the specific knockdown
of FNIPI.

Mice with liver Flcn or FnipI + Fnip2 inhibition exhibited improved
insulin tolerance, lower circulating insulin, reduced liver triglycer-
ide content and lower ALT levels on an HFHFD (Fig. 4e,fand Extended
DataFig. 7f,g). These mice also displayed metabolically beneficial gene
expression profiles in adipose tissue, with higher transcript levels of
adipose master regulator Pparg and its target genes, as well as higher
transcript levels of lipolysis and oxidative phosphorylation genes*
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AAV8-gRNA or vehicle (PBS) and were maintained on an HFHFD. Animal
experiments (c-f) involved n =12 (vehicle), 11 (Flcn gRNA), 12 (Fnip1 gRNA),

12 (Fnip2gRNA) and 12 (Fnip1 + Fnip2 gRNAs) mice (biologically independent
subjects).c, Mouse body weights. Data are mean + 95% CI. d, Mouse fat mass
was determined by echoMRI at the baseline and 13 weeks after administration.
Dataaremeants.e.m.e, The non-fasted plasmainsulin was measured at the
baseline and 13 weeks after administration. Dataaremean+s.e.m.Inc-e,
Pvalues were calculated using two-way analysis of variance (ANOVA) with
Dunnett’s correction relative to the vehicle control. f, Hepatic triglyceride
contentafter 13 weeksonthe diet. Dataare mean + s.e.m. Statistical analysis
was performed using one-way ANOVA with Dunnett’s correction relative to
thevehicle control. Exact Pvalues are shownin the panels (b-f) and provided
assourcedata (c, weeks4-13). RR, homozygous reference; RA, heterozygous;
AA,homozygous alternative.

(Extended DataFig.8a-d). The adaptationsin adipose tissue appeared
to be secondary to changes in hepatic energy metabolism, given that
our AAV8-gRNA targeting approach did not perturb the Ficn, FnipI and
Fnip2 genesinnon-hepatictissues, including adipose (Extended Data
Fig. 8aand Supplementary Fig. 29). Notably, hepatic Inhbe transcript
levels were reduced by around 52-55% after Flcn or Fnipl + Fnip2inhibi-
tion (Extended DataFig. 8e). ActivinE, encoded by Inhbe, is ahepatokine
thatinhibits adipose lipolysis and regulates adipose depots through the
ALK7 receptor®, and similar levels of Inhbereduction have previously
beenshowntoelicit weightloss, fatloss and increased lipid oxidationin
obese mice*. Thus, the favourable adipose gene expression signatures
observed with hepatic FNIP-FLCN pathway inhibition may be partly
mediated by a reduction in hepatic activin E expression.



a - rs45512696
Colocalization: °
30 | Posterior probability = 99% :
o PY [ Venhicle (PBS) Il Control shRNA [ Hpn shRNA
® (]
g °
|
Q 20 d e f
] _ 12
8 - P=12x10 _ P 0.0005
T s S 20 P=17x107" D e _ 6o P =0.0011
° P o il
% 10 ° 2< 15 ° ) 5 o, |
9 [0-0.2] 8z . E 40 o
! 9 ® 02-0.4 5 10 : o £
- % © [0.4-06] o 2 5 o
@ [0.6-0.8] S =) T
. ® [0.6-1] 2T o5 I a
T T T T T 5 S T
[}
0 5 10 15 20 g 0 , z 0
-log, ,[P] HPN liver expression Liver
910 P Time (weeks)
b Mean: 518 Mean: 538 Mean: 573
800 4 s.d.: 107 s.d.: 113 s.d.: 122
_ n: 1,506 n: 514 n: 52 g h i
% 700
g 999 8 P=00008 T 150 p=0013
5 6 o P = 0.0088 '
@ 6001 £ 100 T S
Y [ ;o =
% 500 — 4 8 20 £
$ 5001 § 50 £
g 2 £ 2
s <
I 400 =
0 = 0 .
300 Time (weeks) Time (weeks) Time (weeks)
CcC CT T
rs45512696 genotype
c
Outcome Genotype count B (95% ClI) per
AAF P
gene variant RR/RA/AA allele in clinical units
TG:HDL rati '
: ratio '
HPN pLoF, AAF < 1% 1,012,915 /60/0 0.003% —e—i E -0.98 (-1.79 to -0.18) (ratio) 0.017
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 1,030,646/1,469/1 0.071% L —0.37 (-0.53 to -0.21) (ratio) 73x10°
rs45512696, HPN-expression-raising allele (T) 776,834 /233,888/21,344  13.4% . +0.08 (0.07-0.09) (ratio) 41 x10°
Triglycerides ,
HPN pLoF, AAF < 1% 1,056,125/63/0 0.003% —e— E -33.21 (-55.72 to —10.71) (mg dI"")  0.0038
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 1,073,856/1,541/1 0.072% L -12.52 (-17.07 t0 -7.97) (mg dI’") 7.1 x 107°
rs45512696, HPN-expression-raising allele (T) 807,092/245,685/22,571 13.5% . +2.65 (2.28-3.01) (mg dI”") 6.1 x10™
HDL cholesterol i
HPN pLoF, AAF < 1% 1,014,057/60/0 0.003% n—:o—| +0.30 (-3.38-3.99) (mg dI™") 0.87
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 1,031,798/1,470/1 0.071% tol +0.79 (0.06-1.51) (mg dI™") 0.034
rs45512696, HPN-expression-raising allele (T) 777,672/234,161/21,386  13.4% ¢ -0.10 (-0.16 to0 -0.05) (mg dI™") 47 x107*
LDL cholesterol i
HPN pLoF, AAF < 1% 1,048,767/63/0 0.003% —— E -19.47 (-29.05t0 -9.89) (ng dI') 6.9 x 107°
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 1,066,187/1,532/1 0.072% L -0.40 (-2.32-1.52) (mg dI™") 0.68
rs45512696, HPN-expression-raising allele (T) 801,434/243,815/22,421  13.5% » +0.51 (0.35-0.66) (mg dI”) 6.3x107"
Apolipoprotein B 1
HPN pLoF, AAF < 1% 652,936/42/0 0.003% —— E -10.81 (-17.64t0-3.99) (mg dl”)  0.0019
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 678,545/1,032/0 0.076% L4l -0.33 (-1.70-1.04) (mg dI™") 0.64
rs45512696, HPN-expression-raising allele (T) 507,073/157,695/14,797  13.8% » +0.40 (0.29-0.51) (mg dI”™") 15x 1072
Circulating albumin ,
HPN pLoF, AAF < 1% 856,500/30/0 0.002% +——e— E -0.27 (-0.39 t0 -0.16) (g dI”") 23 x107°
HPN pLoF plus deleterious missense (5/5 or ESM1vp), AAF < 0.1% 869,197/1,324/1 0.076% L —0.06 (-0.08 to -0.05) (g9 dl") 2.4x10™"
rs45512696, HPN-expression-raising allele (T) 631,922/217,485/21,070  14.9% 'e +0.02 (0.02-0.03) (g dI™") 1.9 x 10727
T T T T 1
-12 -08 -04 0 0.4

f(95% Cl) in s.d. units

Fig.5| Genetic associations of HPNvariants with cardiometabolic traitsin
humans andinvivo experimental results for Hpnliver knockdown in mice.
a, Correlation of —log,,[P] for liver HPN gene expression and the TG:HDL ratio
atthe HPNlocus. Linkage disequilibrium (r*) with index rs45512696 variant is
shown.b, HPNgene expressionlevelsin liver tissue by rs45512696 genotype.
Thebox plots show the median (centre line), 25th and 75th percentiles (box
bounds) and the whiskers extend to the most extreme datapoints within1.5x the
interquartile range from the box bounds. TMM, trimmed mean of M-values.

¢, Theassociation of rare pLOF variants (AAF <1%), pLOF plus missense variants
predicted tobe deleteriousinall five algorithms or by ESM1vp (AAF < 0.1%), or
the commonrs45512696 variant with blood lipid and albuminlevels (8 + 95% CI).
Association estimates are frominverse-variance weighted fixed-effect meta-
analysis and Pvalues were calculated using two-sided Wald tests. d, Liver mRNA

levels of Hpnin AAV8-control shRNA, AAV8-Hpn shRNA or vehicle-treated (PBS)
WT mice fed astandard diet. Dataare mean +s.e.m.n =10 mice per group.
Pvalues were calculated using one-way ANOVA with Tukey correction post-
testrelative to the vehicle control or control shRNA. e-h, Non-fasted plasma
lipids of WT mice before (week 0) and 6 weeks after AAV-shRNA or vehicle
administration onstandard diet. Hpn knockdown lowers plasmanon HDL-C (e),
HDL-C (f), LDL-C (g) and triglycerides (h). i, Non-fasted plasma albumin levels of
WT micebefore (week 0) and 6 weeks after AAV-shRNA or vehicle administration.
For all plasma measurements (e-i), dataare mean +s.e.m.n =10 mice per group
representing biologically independent data points. Pvalues were calculated
using two-way ANOVA with Tukey correction post-test relative to the vehicle
control or controlshRNA. For d-i, exact Pvalues are shown. ESM1vp, evolutionary
scale modelling.
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To validate that the energy metabolism changes observed in our
in vivo experiments were due to specific gene targeting in hepato-
cytes asopposedto other liver cells, we used GalNAc-conjugated Ficn
siRNAs and demonstrated that selective hepatocyte Flcn mRNA and
protein knockdown was associated with a phenotype analogous to that
observed in the AAV8-gRNA studies (Extended Data Fig. 9).

We further performed distinct series of AAV8-gRNAs experiments
investigatingliver Flcn or Fnipl + Fnip2inhibition at thermoneutrality
orinachow dietmodel (Supplementary Figs.30 and 31). In experiments
atthermoneutrality, we observed similar protective phenotypesin the
treated mice as those observed in the ambient temperature conditions
(Supplementary Fig. 30), indicating that enhanced energy metabo-
lism, rather than cold stress, confers metabolic benefits on Flcn or
Fnipl + Fnip2hepaticinhibition.In chow diet experiments, we observed
that Flcnor Fnipl + Fnip2inhibition protected against fat mass gain and
lowered liver triglycerides, although, as expected, the phenotype was
less pronounced than that observed in the HFHFD challenge model
(Supplementary Fig. 31).

Finally, to evaluate the long-term consequences of hepatic silenc-
ing, we performed a 30-week Flcn AAV-gRNA experiment in the set-
ting of HFHFD, which demonstrated reduced liver lipids and markedly
lower ALT levels, indicative of favourable metabolism and liver protec-
tion (Extended Data Fig. 10a-e). This was further supported by gene
expression profiling demonstrating that long-term Flcn inhibition
prevented the induction of fibrosis and liver damage/repair genes that
was observed in control animals onan HFHFD (Extended Data Fig. 10f).

Liver hepsininblood lipid metabolism

Giventhe enrichment for liver-expressed genes in our discovery analy-
sis, we used liver RNA-sequencing (RNA-seq) and expression QTL (eQTL)
datafromabariatric surgery cohort of1,946 people for deeper mining
of causative genes.

0f1,617 independent common variant associations with TG:HDL
ratio in our analysis, 151 (9%) at 150 genes co-localized with a sentinel
liver eQTL (posterior probability > 0.9; Supplementary Table 26). Of
the150 genesimplicated by the co-localized eQTLs, 9 (15%) were among
the 59 exome-wide significant genes (a21-fold enrichment compared
with what is expected by chance; P...ichmene = 1.4 X 107°), while an addi-
tional 9 genes met a more liberal Bonferroni correction for 150 liver
eQTL-implicated genes (gene-burden Pvalue greater than1.04 x 107,
but smaller than 3.3 x 107™*) (Supplementary Table 26).

Among the 18 genes with both gene-burden and common variant
liver eQTL evidence, 15 showed directional concordance, whereby the
liver-expression-lowering allele was associated with the TG:HDL ratio
inthesamedirection astherare deleterious coding variants (observed
percentage, 83%; expected percentage under null hypothesis, 50%;
Piinomial = 0.0075) (Supplementary Table 27), indicative of true signal
enrichment.

Among these genes was hepsin (HPN), which encodes a hepatocyte-
specifictransmembrane serine protease that is known to curb energy
expenditure and prevent adipocyte browning in mice, in part due to
regulation of HGF/MET signalling***° (Supplementary Figs. 32 and
33a,b). AneQTL for higher liver expression of hepsin co-localized with
anassociation peak for higher TG:HDL ratio (rs45512696) (Fig. 5a,b, Sup-
plementary Fig.34 and Supplementary Table 26). Conversely, ultra-rare
pLOF variantsin HPN showed large-effect associations with lower levels
of TG:HDL ratio, lower triglycerides, lower LDL-C and lower circulating
albumin (Fig. 5c and Supplementary Fig. 35).

Onthe basis of these orthogonal lines of human genetics evidence,
we hypothesized that reducing liver expression of hepsin might lead
to lower atherogenic lipid levels and tested this hypothesis in mice.
AAV8-delivered short-hairpin RNAs (AAV8-shRNAs) targeting Hpn
achieved 87% mRNA knockdown in the liver and were associated with
lower plasma cholesterol and triglycerides, but had noimpact onbody
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weight (Fig. 5d-h and Supplementary Fig. 33¢,d). Furthermore, consist-
entwith human genetics associations, Hpn knockdownled to reduced
circulating albumin and total protein levels (Fig. 5i and Supplementary
Fig.33e).

Discussion

Our large epidemiological and genomic study of the TG:HDL ratio pro-
vides substantial evidence advancing understanding of the genetic
basis of lipid and energy metabolism in humans.

Important insights from this analysis include (1) the validation of
the TG:HDL ratio as a biomarker of body energy state and risk of car-
diometabolic disease in the general population and across ancestries;
(2) the identification of several dozen associations with the TG:HDL
ratio for rare coding variants, greatly expanding the catalogue of genes
and molecular players in lipid and energy metabolism in humans;
(3) the description of ultra-rare coding variants in the FNIP1 pathway,
showing large-effect protective associations with a broad range of
cardiometabolic traits and diseases (atherogenic lipids, glycaemia,
liver fat and damage, and cardiometabolic disease outcomes); and
(4) the demonstration of convergence of rare coding and common vari-
ant associations, showing a central role of liver genes in TG:HDL-ratio
biology, including the identification of rare variants in hepsin confer-
ring a favourable lipidemic profile.

Our genetic findings demonstrate the importance of the FNIP1 path-
way in human energy metabolism and in the risk of cardiometabolic
diseases in the general population. Previous work®**¢ and the experi-
mental data presented here suggest that the protective effects of FNIP1
variants may be due to enhanced lipid breakdown, mitochondrial fatty
acid oxidation and energy expenditure in metabolically active tissues.
Itis therefore possible that therapeutic modulation of FNIP1 might
be beneficial in a range of cardiometabolic disease settings through
enhanced fat breakdown and energy expenditure.

Given the precedent for the development of hepatocyte targeted
siRNA therapeutics in humans®>°** we specifically explored the pos-
sibility that liver inhibition of this pathway may induce a favourable
metabolic profile. In human hepatocytes, silencing of FNIP1 induced
lipid breakdown and lysosomal genes and, across various mouse models,
hepaticsilencing of Flcn and of FnipI + Fnip2induced asimilar expression
profilein liver and adipose tissues, with beneficial impacts on weight
gain, circulatinglipids, liver fat, insulin sensitivity and glycaemic control.

Conceptually, selective inhibition in hepatocytes may also help to
avoid potential adverse phenotypes of systemic loss-of-function of this
pathway, suchas those observed in humanswith heterozygous FLCN vari-
ants, homozygous FNIPI variants or, to amilder degree, heterozygous
FNIPIvariants. Liver safety isanotherimportant considerationand previ-
ous experiments in mouse models of metabolic liver disease have shown
benefits for liver-specificinhibition of Flcn*"*2. However, arecent study
has shown susceptibility to liver injury and carcinogenesis for knockout
of Flcnin hepatocytes and cholangiocytesinmice®. In our experiments,
liver knockdown was associated with a protective liver phenotype, par-
ticularly in the HFHFD setting. In humans, liver cancer has not been
reported as a clinical feature of homozygous FNIPI deficiency® >**2* or
Birt-Hogg-Dubé syndrome®® and, in our large dataset, FNIPI variants
were associated with lower ALT, lower liver fat and protection from meta-
bolicliver disease consistent with afavourable liver phenotype. Neither
FNIPI nor FLCN heterozygous variants showed statistically significant
associations with hepatic cancers. Besides theliver, previous literature
onmouse models has suggested arole for the FNIP1-folliculin pathway
on skeletal muscle and adipose tissue metabolism®°, These findings
arebroadly consistent with results from our humangenetics study and
itistherefore possible that muscle- or adipose-specific inhibition of this
pathway may also be beneficial to human metabolism.

Taken together, our data demonstrate the importance of the
FNIP1 pathway in human energy metabolism. Future work across



experimental settings will ultimately clarify the full phenotypic land-
scape, as well as the potential for efficacy and safety of modulating
this pathway in humans.

In conclusion, our human genetic analysis of the energy-state bio-
marker TG:HDL ratio in over 1 million people provides an illustration
of the power of mega-scale exome sequencing and rare coding vari-
ant analysis to help map biologically important pathways in human
disease, including the identification of potential therapeutic targets
for common cardiometabolic diseases that collectively still represent
the most common cause of death worldwide.
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Methods

Study population

The genetic discovery analysis of TG:HDL ratio encompassed multi-
ple cohorts with a cumulative sample size 0f 1,032,116 participants.
Study participants were recruited from various population-based
and hospital-based health systems across three continents (Fig.1and
Supplementary Table 1). These cohorts included: the UK Biobank
population-based study (UKB, n=409,602)°; the Geisinger Health
System MyCode cohort (GHS, n=143,129)%; the Mexico City Prospective
Study (MCPS, n=136,725), astudy of residents in two districts of Mexico
City (Coyoacan and Iztapalapa)® with a genetically admixed popula-
tion with components of Indigenous American, European and African
ancestry as described in detail previously®; the Mayo Clinic Project
Generation health system-based cohort (MAYO-RGC, n = 80,941)%*; the
population-based BangladEsh Longitudinal Investigation of Emerging
Vascular and nonvascular Events (BELIEVE, n = 69,663)%; the Colorado
Center for Personalized Medicine biobank, ahealth system-based cohort
(CCPM, n=56,173); the UCLA ATLAS Precision Health Biobank, a health
system-based cohort (ATLAS, n=45,533); the Mount Sinai BioMe
BioBank, a health system-based cohort (BioMe, n = 45,440)%; the Uni-
versity of Pennsylvania Penn Medicine BioBank, a health system-based
cohort (PMBB, n =25,785)%’; the population-based Dallas Biobank
Study at UT Southwestern Medical Center (DBS, n=13,979)°; and the
population-based Malmo Diet and Cancer Study (MDCS, n=5,146)"".
Analyses of other cardiometabolic phenotypes included participants
fromthe aforementioned cohorts and also 4,755 participants from the
Indiana University School of Medicine (Indiana-CLDB) study and 53,325
participants from the South Asia Biobank’. All studies received approval
fromtherelevant ethics committees as listed below, and the participants
gave their informed consent to take part in the research. UKB cohort:
ethical approval for the UKB was obtained from the North West Centre
for Research Ethics Committee (11/NW/0382). The work described here
was approved by the UKB under application number26041. GHS cohort:
The MyCode Community Health Initiative was approved by the Geis-
inger institutional review board (IRB; study 2006-0258). MCPS cohort:
the study was approved by scientific and ethics committees withinthe
Mexican National Council of Science and Technology (0595 P-M), the
Mexican Ministry of Health and the Central Oxford Research Ethics
Committee (C99.260). MAYO-RGC cohort: the study was approved by
the Mayo Clinic IRB under protocol number 09-007763. BELIEVE cohort:
BELIEVE has received approvals from the relevant institutional review
boards of the Bangladesh Medical Research Council, the National Heart
Foundation Hospital and Research Institute, icddr,b and Bangabandhu
Sheikh Mujib Medical University (BMRC/NREC/2013-2016/390; BMRC/
NREC/2016-2019/243; BSMMU/2019/1184; BSMMU/2019/1185; PR-18051;
HBREC.2019.09). CCPM cohort: biospecimens and associated dataused
inthis study were obtained from the biobank at the Colorado Center for
Personalized Medicine (CCPM) at the University of Colorado Anschutz
Medical Campus (CUAMC). Allsamples and datawere collected under
IRB approved protocol (15-0461). ATLAS cohort: ATLAS isanapproved
study by the University of California Los Angeles (UCLA) IRB (UCLAIRB
17-001013). BioMe/Mount Sinai Million Health Discoveries Program:
The Icahn School of Medicine at Mount Sinai’s IRB, Program for the
Protection of Human Subjects (PPHS), approved the BioMe Biobank
and Mount Sinai Million Health Discoveries Program (PPHS IRB11-01139
and 21-01743). PMBB cohort: the PMBB is approved by the University
of Pennsylvania IRB under protocol number 813913. DBS cohort: The
University of Texas Southwestern (UTSW) Biobank was reviewed and
approved by the UTSW IRB under the study STU 022011-116: “Genetic
Variation in a Multi-Ethnic Population”. MDCS cohort: IRB approval
for MDCS was obtained from the Ethics committee of Lund University
(LU 51-90) and the Regional Board of Ethics in Lund (Dnr 2016/479).
Indiana-CLDB: the study has been reviewed by Indiana University IRB
and approved under the protocol number 1105005445. South Asia

Biobank: the study received ethical approval from the institutional
Research Ethics Committee (181C4698).

Clinical phenotypes

Clinical biomarkers. Measurements of blood lipids, glycaemic
markers, transaminases, CRP and blood pressure were obtained
eitherthroughdirect clinical assessments or electronic healthrecord
(EHR) extraction, depending on the cohort type. For participants in
population-based cohort studies, these measurements were conducted
during standardized visits to designated assessment centres. By con-
trast, for participants from health-system-based cohorts, data were
extracted retrospectively from EHR datasets and participant-specific
median values were used. Blood lipid levels were primarily assessed
using routine clinical chemistry methods across most cohorts. In the
MCPS and BELIEVE studies, lipid measurements were derived from
nuclear magnetic resonance metabolomics profiling, performed us-
ing the Nightingale Health platform. Blood lipids were corrected
for medication use by dividing by a class-specific correction factor
obtained from previously reported clinical trials'*”* "8, The TG:HDL ratio
was calculated using triglyceride and HDL cholesterol values obtained
fromthe sameblood draw at baseline in epidemiological cohort studies
(5 cohorts and 635,115 participants). In EHR-based studies (6 cohorts
and 397,001 participants), where multiple measurements were avail-
able, median values across clinical encounters were calculated for
TG and HDL separately and then the ratio of the median values was
calculated. The use of median values across encounters is a standard
approach in EHR-based genetic research to define a patient’s typical
lipid profile” 8. Importantly, this avoids the exclusion of participants
with valid but non-concurrent lipid measurements, thereby preserving
samplesize and discovery power. A sensitivity analysis was conducted
restricting the TG:HDL ratio to values derived from TG and HDL meas-
ured concurrently from the same blood draw. A stratified analysis by
fasting status was also conducted in the UKB, comparing TG:HDL ratios
derived from fasting samples (defined as atleast 6 h since the last meal)
with those from non-fasting samples (defined as at most 2 h since the
last meal). Blood pressure levels were corrected by adding 15 mmHg to
systolicand 10 mmHgto diastolic blood pressurein those individuals
receiving anti-hypertensive treatment as previously reported®.

Liver biopsy. The bariatric surgery cohort at Geisinger Health System
(GHS) comprises 3,599 participants of European ancestry who under-
went bariatric surgery procedures®. Intraoperative wedge liver biopsies
were systematically obtained 10 cm left of the falciform ligament before
any manipulationof theliver or stomach. Biopsies were sectioned, with
the principal portion allocated for clinical histopathology—fixed in10%
neutral buffered formalin and stained with haematoxylin and eosin for
general assessment and Masson’s trichrome for fibrosis evaluation. The
remaining tissue was preserved in aresearchbiobank, either stabilized
inthe RNAlater tissue collection system (Thermo Fisher Scientific) or
snap-frozeninliquid nitrogen. Histopathological evaluation was con-
ducted by an experienced pathologist and independently reviewed by a
second pathologist. Scoring followed the Nonalcoholic Steatohepatitis
Clinical Research Network (NASH CRN) system®?, with steatosis graded
as 0 (<5% parenchymal involvement), 1 (5 to <34%), 2 (34 to <67%) or
3 (>67%); lobular inflammation as 0 (none), 1 (mild, <2 foci per X200
field), 2 (moderate, 2-4 foci per x200 field) or 3 (severe, >4 foci per x200
field); hepatocyte ballooning as O (none), 1 (few ballooned cells), or
2 (many/prominent ballooned cells); and fibrosis staged from O (none)
to 4 (cirrhosis) according to established criteria. The MASLD activity
score was generated by summing of the steatosis, lobularinflammation
and ballooning scores.

Imaging phenotypes
MRI. MRIimages were obtained from the UKBimaging cohort. For quan-
tification of liver fat, we used data from a two-dimensional abdominal
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MRI scan that included the liver; a subset of individuals was scanned
using a Dixon gradient echo protocol, while those imaged from 2016
onward were scanned using the IDEAL (iterative decomposition of water
and fat with echo asymmetry and least-squares estimation) protocol.
Theresulting datahave anin-plane pixel size of 2.5 x 2.5 mmandaslice
thickness of 6 mm.

Whole-body MRI scans, spanning from the neck to the knees, were
obtained through a two-point Dixon®* spoiled gradient-echo (FLASH)
T1-weighted protocol with echo times of 2.39 ms (out of phase) and
4.77 ms (in phase), a repetition time of 6.69 ms and an excitation flip
angle of 10 degrees®. Image acquisition was split across six distinct
anatomical stages, each representing a separate 3D volume, with an
in-plane spatial resolution of 2.23 mm x 2.23 mm and an out-of-plane
resolution ranging from3.00 mm to 4.50 mm according to the specific
stage.

Allimages were captured using Siemens MAGNETOM clinical MRI
scanners (Siemens Healthineers).

MRI-derived phenotypes. To assess total body adipose tissue vol-
umes, we used an automatic segmentation model developed to delin-
eate major adipose depots from Dixon MRI datainto visceral and sub-
cutaneous compartments®; visceral fat was further subdivided into
mediastinal and abdominal components, and subcutaneous fatinto the
upper-body, abdominal and gluteofemoral components. The volume
of fat within these regions was computed by summing the fat fractions
for voxels within the segmented regions. The visceral-to-gluteofemoral
fat ratio—a marker associated with poor metabolic outcomes’—was
computed as the abdominal visceral fat volume divided by the subcu-
taneous gluteofemoral fat volume; the abdominal-to-gluteofemoral
subcutaneous fat ratio was similarly computed using the respective
total volumes. All data processing and phenotype extraction was con-
ducted using the UKB Research Analysis Platform.

Theliver fat percentage, measured as proton density liver fat fraction
(PDFF), represents the proportion of fat content in the liver. A deter-
ministicimage processing algorithm was used to segment the liver on
MRIimages, using a multithresholding approach to exclude vessels.
The methodology was validated using a publicly available phantom
dataset containing vials with varying fat concentrations. PDFF within
the segmented region was determined as the ratio of fat signal to the
total fatand water signals'®®”. Toaccount for any systematic differences
between PDFF estimates from gradient echo and IDEAL, the mean val-
ues were shifted to be equal for the two modalities, and an indicator
variable encoding the imaging modality wasincluded as an additional
covariate for genetic analyses to account for any residual differences.

BIA. BIA for body composition was performed at the baseline using
the TanitaBC 418maBody Fat Analyzer. Fat and fat-free mass estimates
derived from BIA were obtained from UKB fields 23100 and 23101,
respectively; these are defined such that fat-free mass is equal to total
body weight minus fat mass. The body fat percentage was calculated
using the BIA-derived fat mass and baseline weight (UKB field 23098).

DEXA.DEXA measures were obtained using the GE-Lunar iDXA instru-
ment. DEXA-derived measures of lean mass and android/gynoid fat
mass were obtained from the UKB (UKB fields 23280, 23245 and 23262
respectively).

Disease definitions

Type2diabetes. Individuals diagnosed with type 2 diabetes were
ascertained according to established methodologies’. Case identifi-
cation was based on the presence of (1) at least one inpatient or two
outpatient EHR entries with type 2 diabetes diagnosis codes (ICD-10:
E11,024.1; or ICD-9 equivalents), or documentation as a cause of death;
(2) glycaemic biomarker measurements (HbAlc, random or fasting
glucose) consistent with the diabetic range® or algorithmically defined

type 2 diabetes status derived from self-reported medical history and
medication use®. Participants were excluded from cases if they met
criteria for type 1 diabetes, indicated by ICD-10 codes E10, 024.0 or
algorithmic classification based onself-reported and medication data®.
Control participants were those not fulfilling type 2 diabetes criteria,
with further exclusions applied for any EHR evidence of diabetes (any
type), family history of diabetes or glycaemic biomarkers within the
prediabetic range.

Liver disease. Cases of liver disease, encompassing MASLD and liver
cirrhosis, were identified according to previously reported criteria®®.
Case inclusion required fulfilment of at least one of the following:
(1) documentation of liver disease in EHRs from at least one inpatient
encounter, two or more outpatient encounters or as arecorded cause
of death; (2) self-reported diagnosis at the baseline; or (3) documented
history of surgical or medical interventions related to liver disease.
Individuals not meeting these criteria were classified as controls.
Exclusion from the control group was applied if any of the following
were present: (1) diagnosis of a liver disease not qualifying as a case;
(2) outpatient encounter for the liver disease of interest; (3) elevated
ALT levels (>251U 1" in women, >33 IU I in men); or (4) diagnosis of
ascites attributed to liver pathology.

CAD. Cases of CAD were identified according to previously described
criteria’. Inclusion as a case required fulfilment of at least one of the
following: (1) documentation of CAD and/or myocardial infarction in
EHRs from at least one inpatient encounter, two or more outpatient
visitsorasarecorded cause of death; (2) self-reported diagnosis of CAD
or myocardialinfarction at the baseline; or (3) documented history of
surgical or medical interventions for CAD, including coronary artery
bypass grafting or percutaneous coronary intervention. Individuals
not meeting case criteria were classified as controls. Control samples
were further excluded if afamily history of CAD was identified, onthe
basis of EHR or self-reported information at the study baseline.

Epidemiological analysis methods

The associations between the TG:HDL ratio and various phenotypes—
including body weight, fat distribution, glycaemic indices, hepatic
steatosis, liver injury markers and histopathological features—were
estimated using correlation or linear regression models. TG:HDL ratio
levels were stratified in percentiles. Cox proportional hazards mod-
els were used to estimate the time-to-event relationship between the
TG:HDL ratio and the incidence of type 2 diabetes, myocardial infarc-
tion, MASLD and liver cirrhosis in at-risk individuals, that is, without
the outcome at or before baseline.

DNA preparation and exome sequencing

As previously outlined®®, genomic DNA (gDNA) libraries were con-
structed by enzymatically fragmenting high-molecular-mass DNA to
achieve anaverage fragment length of 200 bp. To facilitate multiplexed
exome capture and sequencing, unique 10 bp asymmetric barcodes
wereincorporatedinto the DNA fragments of individual samples during
library amplification. Equimolar quantities of these barcoded libraries
were combined and subjected to exome capture using either amodified
xGen Exome Research Panel probe library (Integrated DNA Technol-
ogy) or amodified version of the human comprehensive exome panel
(Twist Bioscience). After PCR amplification and quantification, the
enriched libraries were multiplexed and sequenced on Illumina plat-
forms, generating 75 bp paired-end reads. Sequencing was performed
onthelllumina HiSeq 2500 and NovaSeq 6000 instruments, using S2
or S4 flow cells.

Read mapping and variant calling
Sequencingreadsin FASTQ format were generated from Illluminaimage
datausing bcl2fastq (v.2.19.0) (Illumina). In accordance with the original



quality functional equivalent (OQFE) protocol®, reads were aligned
to the GRCh38 reference genome using BWA MEM (v.0.7.15)*?in an
alt-aware configuration. Duplicate reads were identified and flagged,
and additional per-read annotations were incorporated. Variant detec-
tionwas performed using a Parabricks-accelerated implementation of
DeepVariant (v.0.10), using a custom model to call single-nucleotide
variants and short insertions and deletions, resulting in per-sample
genome variant call format (VCF) files®>. These individual VCF files
were subsequently merged using GLnexus (v.1.4.3)** to produce a
joint-genotyped, multisample cohort-level VCF (pVCF). For down-
stream analyses, PLINK (v.1.9)” was used to convert the pVCF file into
PLINK-compatible files.

Exome sequencing quality control

Foreach cohort, we performed exome sequencing quality control with
the following parameters: sample missingness <10%, variant missing-
ness <10%, +10 bp buffer window around target regions, alow heterozy-
gosity HWE P>1x 107" and an excess heterozygosity HWE P>1x 107°,

Variant annotation

Variant annotation was performed using Variant Effect Predictor (VEP,
v.100.4)%¢, using Ensembl release 100 human protein-coding transcript
models”. For allanalyses, asingle functional consequence was assigned
toeachvariant onthebasis of its annotation on the canonical transcript.
The canonical transcript for each gene was determined using a com-
bination of MANE®®, APPRIS® and Ensembl canonical tags, following
previously described procedures®.

Nonsense-mediated decay (NMD) predictions were performed using
the NMD plugin in VEP%. A variant was predicted to escape NMD if it
satisfies any of the four canonical rules: (1) the variantis located in the
last exon of the transcript; (2) the variant is located within 50 bases
upstream of the penultimate (second to last) exon; (3) the variant is
located within the first 100 coding bases of the transcript; and (4) the
transcriptisintronless, containing only asingle exon. A variantis pre-
dicted to escape NMD if it satisfies any of these four rules!®%,

Genetic association analyses

Genetic association analyses were conducted in each cohort using
the linear whole-genome regression approach implemented in REG-
ENIE (v.3.4 or older)'°2. Two primary analyses were performed across
autosomes (chromosomes 1-22) and chromosome Xin the discovery
cohort:agenome-wide association study (GWAS) of common TOPMed-
imputed variants'® (AAF > 1%) and a gene-based association analysis
of rare coding variants. In the first step of REGENIE (trait prediction
based on genetic data), directly genotyped variants were included if
they had an AAF > 1%, missingness < 10%, Hardy-Weinberg equilibrium
P>10""and passed linkage disequilibrium (LD) pruning (window size,
1,000 variants; sliding window, 100 variants; r? threshold, 0.1). The
association model in the second step of REGENIE incorporated the
following covariates: age, age?, sex, age x sex, age” x sex, the first 10
principal components (PCs) based oncommon variants (derived from
aset of LD-pruned array variants: 1,000-variant windows, 50-variant
step size, r* threshold 0.1), the first 20 PCs based on rare variants (the
same pruning parameters) and cohort-specific sequencing batch
covariates. The second step of REGENIE also included as a covariate a
genome-wide leave-one-chromosome-out polygenic score generated
instep 1, which adjusts for relatedness and residual population strati-
fication'. For each variant or gene burden being tested in step 2, the
polygenicscore used leaves out the chromosome of the variant or the
gene burden being tested (https://rgcgithub.github.io/regenie/)'°%
The main analysis was a pooled multiancestry analysis (thatis, not strati-
fied by ancestry). We also separately performed sensitivity analyses
stratified by ancestry (that is, European, admixed American, South
Asian, African and East Asian ancestries). For the non-pseudoautosomal
regions of chromosome X, a dosage compensation model was used:

homozygous reference males were coded as 0, hemizygous males as
2 and heterozygous males set as missing.

Toensureindependence between rare and common variants signals
in the same chromosome, exome-wide gene-burden analyses were
additionally adjusted for common variant signals (minor allele fre-
quency >1%) identified by fine-mapping in the chromosome of the
gene-burdenbeingtested, a procedure thatis orthogonal to REGENIE’s
leave-one-chromosome-out polygenic score approach and ensures
control for locallinkage disequilibrium between common and rare vari-
ants. We also performed a sensitivity analysis in which the adjustment
was performed using common variants identified by ancestry-specific
fine-mapping. For the 59 independent gene-burden signalsidentifiedin
the main analysis, we also performed ancestry-, fasting-state- and sex-
stratified gene-burden analyses. To assess whether the inclusion of age
and sex covariates introduced bias through differential contributions
to TG versus HDL cholesterol estimates, for the 59 independent gene-
burden signals, we conducted quality control analyses by removing
each covariate group one at atime (thatis, age, age?, sex, age x sex, and
age’ x sex) from the genetic association models, finding correlations
between effect estimates across the 59 genesr> 0.99 for each leave-one-
covariate-out analysis for TG, HDL and TG:HDL ratio, consistent with
minimal co-variateimpact and consistentinfluences across TGand HDL.

Common variant analysis. A GWAS of common variants (minor
allele frequency > 1%) was conducted for the TG:HDL ratio. Association
analyses were performed within each cohortby fitting linear regression
models in REGENIE. Subsequently, cohort-specific results were com-
bined using fixed-effectinverse variance-weighted meta-analysis. After
meta-analysis, SuSiE (v.0.12.35)*** was used to identify the most probable
causalvariants for eachindependent signal surpassing the genome-wide
significance threshold of P< 5 x 1078, To define fine-mapping regions, we
firstidentified variants with P<1x10"° and separated theminto regions
atleast100 kb apart. Only regions containing at least one genome-wide
significant variant (P <5 x 10®) were retained. Each region was then
extended to the nearest recombination hotspot, with extensions rang-
ing from 25 kb to 250 kb. To ensure adequate coverage for fine-mapping,
regions smaller than 100 kb were symmetrically expanded to meet
the minimum length requirement. Finally, a100 kb buffer was applied
around eachregion and regions with overlapping buffers were merged
into a single region to form the final loci for causal variant identifica-
tion. For each locus, an exact LD matrix was computed on the basis
oftheindividualsincludedinthe association analysis using the pooled
estimate of the covariance across cohorts. This was calculated using all
cohorts in the meta-analysis and the exact set of individuals used for
analysisin each cohort. Specifically, the ith cohort’s covariance matrix
was weighted by its degrees of freedom (n; - 1), values across all cohorts
were then summed and the sum was divided by the total degrees of
freedom (N - k) where Nis the overall sample size and kis the number of
cohortsinthe meta-analysis. The generated pooled covariance matrix
was then used for fine-mapping using SuSiE (v.0.12.35)'*. SuSiE gener-
ates credible sets of commonvariants ateach locus, representing a high
likelihood of causality for the observed signal. Within these credible
sets, variants are assigned posterior inclusion probabilities (PIP), sum-
ming to unity, with higher PIPs indicating agreater probability of causal
association. For the main analysis, we set the L parameter of maximum
theoreticalindependent signals per region to 30. For signal within each
region, weidentified the minimum set of variants capturing 95% of the
cumulative PIP. This set represents the 95% credible set, and the variant
with the highest PIP at each locus was designated as the sentinel variant.
Sentinelvariants with frequency >1% were adjusted for in the gene-based
association analysis as described above.

Rare variant analysis. Variants predicted to induce frameshifts, pre-
mature stop codons or disrupt canonical splice donor or acceptor sites
were classified as pLOF. Missense variants were further annotated using
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six computational pathogenicity prediction tools: ESM1vp'®, SIFT™¢,
PolyPhen2+HumDiv'¥’, PolyPhen2+HumVar'”’, MutationTaster'® and
LRT'?, Variant inclusion for gene-burden testing was determined by
AAF, pLOF status (including stop gained, frameshift, splice donor and
splice acceptor variants) and, for missense variants, the number of al-
gorithms predicting adeleterious effect. Burden tests were conducted
across all combinations of four AAF thresholds (maximum AAF across
ancestries)—singleton, 0.0001, 0.001 and 0.01—and six variant class
groupings: (1) pLOF; (2) pLOF plus deleterious missense in 1 out of 5
algorithms (non-ESM1vp); (3) pLOF plus deleterious missensein 5 out
of 5 algorithms (non-ESM1vp); (4) pLOF plus deleterious missense
according to ESM1vp; (5) pLOF plus deleterious missense in 5 out of 5
algorithms and according to ESM1vp; (6) pLOF plus any missense. For
each gene, only the canonical transcript was considered for variant
annotation and gene-burden analysis. For each gene, this approach
yielded atotal of 24 gene-burden exposures, the Pvalues of which were
subsequently aggregated using ACAT to derive the overall BURDEN-
ACAT Pvalue. BURDEN-ACAT"® uses the ACAT™ method to integrate
results from 24 distinct burden tests into a single aggregated Pvalue.
P<1.04 x107 (Bonferroni corrected for 20,000 genes and 24 different
gene-burden exposures per gene) was used as the exome-wide signifi-
cance threshold in the exome-wide gene-burden discovery analysis,
consistent with previous literature®'¢. A within-chromosome condi-
tional analysis was also performed adjusting each gene-burden signal
for other gene-burden signals on the same chromosome.

Tissue-enrichment analysis

Expression tissue enrichment foridentified genes was calculated using
geneexpression values from the V8 data freeze from GTEX, as previously
described®. After RNA-seq quality-control steps described in GTEx, the
median expression level acrossindividuals was calculated for each tis-
sueand gene. For eachtissue, z,;,,. Scores were calculated by standard-
izing TMM-normalized gene-expression values for each gene using the
median and median absolute deviation of all gene expression values
within that tissue. Within agene, z,.,. values were generated using the
same standardization approach, across tissues, on 2. values. This
second layer of standardization ensures that comparisons for a gene
across tissues are easier to make and interpret. For each gene, expres-
sion enhanced tissues are defined as those where z,,. scores are at least
6s.d.greater than the median z,,. scores observed for that gene across
tissues, while expression enriched tissues are defined as those that
meet the enhanced definition and have the largest positive deviation.
To quantify per tissue enrichment of gene-burden associations from
the TG:HDL ratio exome-wide analyses, we first aggregated all of the
Pvaluesacross all burden tests using the Cauchy combination test™ per
gene. The OR is based on assessing the relationship between the out-
comeindicatorandthetissue specificindicator variable of the observed
expression enriched status per gene. The outcomeindicator variableis
lifthe per gene aggregated P<1.04 x 107 and O otherwise. The tissue
specific indicator variable is set to 1for a given gene and tissue if that
tissue is identified as an ‘expression enriched tissue’ for that gene (as
defined above); otherwise, itis 0. The enrichment ORis then calculated
using the Firth-corrected approach™ to account for cells with zero
counts after excluding all primary sexual and reproductive tissues.
Each tissue enrichment OR can therefore be interpreted as the odds
of seeinga TG:HDL ratio analyses P < 1.04 x 10”7 comparing genes with
expression-enriched status in the tissue to those that are not expres-
sionenrichedinthe tissue. For the common-variant tissue enrichment
analysis based on autosomal protein-coding genes, we defined the
outcome for eachtissue as1/0if the gene wasidentified as expression
enrichedinthetissue. The exposure variable was set tolifthe gene was
identifiedin the variant to gene prioritization approach and O otherwise
(see the ‘Variant to gene prioritization’ section below). To minimize the
potential confounding, gene length was included as a covariate. The
enrichment OR was then estimated using the Firth-corrected logistic

model"?to account for cells with zero counts after excluding all primary
sexual and reproductive tissues.

Liver RNA-seq

We conducted liver RNA-seq analysis of samples obtained from 1,946
participants enrolled in the Geisinger Health System (GHS) cohort, all
of whom underwent perioperative wedge liver biopsies during bariatric
surgery.

RNA preparation and sequencing. Total RNA was extracted and pro-
cessed using the NEBNext Poly(A) mRNA Magnetic Isolation Module
and the NEBNext Ultra Il Directional RNA Library Prep Kit for [llumina
(New England Biolabs), followed by amplification with Kapa HiFi poly-
merase (Roche) and custom barcoded primers (IDT). Sequencing was
performed on the lllumina NovaSeq 6000 platform using S2 flow cells,
generating paired-end 75 bp reads. The mean sequencing depth was
72 millionreads per sample (median, 68 million), with 93% of samples
yielding at least 50 million reads and 99% exceeding 45 million reads,
indicating high coverage.

RNA data quality control. RNA-seq data processing was performed
accordingto protocols similar to the GTEx v8 analysis pipeline (https://
gtexportal.org/home/documentationPage#staticTextAnalysisMethods).
Reads were aligned to the GRCh38/hg38 human reference genome
using STAR (v.2.5.3a)". Optical duplicate reads were marked using Pic-
ardv.2.9.0 with OPTICAL_DUPLICATE_PIXEL_DISTANCE set to15,000.
Gene quantification utilized GENCODE Release 32 annotation, col-
lapsed to a single transcript model per gene. Gene-level expression
was quantified with RNA-SeQC (v.1.1.9)™, applying the following read
filters: (1) uniquely mapped reads; (2) properly paired reads; (3) align-
ment distance < 6; and (4) reads fully contained within exon bounda-
ries. For tissue-specific quality control, gene expression values (read
counts) were normalized across samples using the TMM method™>"'¢,
Genes were retained for downstream analyses if they met expression
thresholds of 0.1 TPMin >20% of samples and >6 unnormalized reads
in>20% of samples.

eQTL analysis. eQTL analyses followed the GTEx workflow. Covariates
included age, sex, the first four PCs derived from common genetic
variants and the first 100 PCs from gene expression data to account
for potential batch effects. Gene expression levels were transformed
using a rank-inverse normal distribution prior to analysis.

eQTL to TG:HDL ratio colocalization. We performed an integrative
analysis of TG:HDL ratio fine-mapped sentinel variants and liver eQTLs
inthe GHS bariatric surgery cohort. By cross-linking 1,617 fine-mapped
sentinel variants associated with the TG:HDL ratio to liver eQTL sentinel
variants, and including proxiesin strong LD (r* > 0.8), we systematically
evaluated the potential for shared causal variants. Bayesian statistical
co-localization was conducted within 500 kb flanking regions around
each matched variant, estimating the posterior probability of ashared
causal signal between liver eQTLs and the TG:HDL ratio using the coloc
software (v.5.2.3) implemented in R'.

Proteomics and pQTL analysis

For UKB, we used summary-level data from the UKB Plasma Proteom-
ics Project (PPP)"8, For GHS, serum samples were obtained for 9,941
individuals and proteomic NPX values were generated by Olink based
on the Olink Explore 3072 assay and using the same protocol as used
for the UKB PPP"8, Analytes were measured across eight different dis-
ease specific panels (cardiometabolicI/1l, inflammation I/Il, neurology
I/Iland oncology I/11). The samples were processed according to the
manufacturer’s protocol with custom automation at the Regeneron
Genetics Center. The samples were sequenced on 10B flow cells on
the lllumina NovaSeq X platform. The following quality-control steps
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were applied: PC outliers were removed, putative sample swaps were
excluded and data were normalized using NPX Intensity Normalization,
which subtracts plate medians per assay. For pQTL analyses, protein
levels were rank-inverse normal transformed, then adjusted for age
(defined as age at serum collection), sex, age?, age x sex and age? x sex.
The final pQTL results comprised inverse-variance-weighted meta-
analysed datafrom the UKB PPP project and pQTL data generated from
individuals in the GHS cohort.

Variant to gene prioritization

In the TG:HDL-ratio common-variant GWAS, putative causal genes
were prioritized with the following criteria: (1) colocalization with
GTEx eQTL fine-mapped peaks in any tissue (defined as > > 0.8);
(2) colocalization with pQTL fine-mapped peaks (r* = 0.8); or (3) physi-
cal proximity to the nearest gene.

Pathway-enrichment analysis

We used DEPICT (v.1)*° gene-level pathway z-scores as an input. The
59 target genes (mapped to Ensembl IDs) were intersected with the
DEPICT gene set, and pathway enrichment was computed through a
Stouffer score: z,= 3,2z, ,/vn, with one-sided P values (P= ®@(-z,)) for
enrichment. Multiple-testing control by Bonferroni correction was per-
formed for the total number of pathways tested, yielding P< 5.9 x 10°°.
For reporting, we summarized mean pathway z scores and listed the
top contributing genes per pathway (highest positive zscoresamong
the 59 genes).

Mouse models and procedures

C57BL/6NTac mice were from Taconic. Cas9-Ready (v.2.5,2673) mice,
expressing Cas9 transgene under the CAG promoter, were previously
reported™. Male mice were housed under a12 h-12 hlight-dark cycle
at22+1°Cor 30 °C (for experiments at thermoneutral conditions),
under humidity-controlled conditions (30-70% humidity) in static cages
(<5 mice per cage) with free access to food and water and fed either
control chow diet (PicoLab Rodent Diet 20, LabDiet 5053) or HFHFD
(Research Diets, D09100310). Mouse experiments were performed on
age-matched and strain-matched pairs (littermates). Mice were between
6 and 11 weeks of age at the beginning of the studies. Animal sample size
(n) was chosen on the basis of previous experience with similar experi-
ments, experimental feasibility, availability of samples and the number
necessary to obtain definitive, significant results. No statistical methods
were used to predetermine sample sizes. In all studies, mice were allo-
cated into experimental groups on the basis of matching body weight,
body composition and lipid levels. The goal was to balance weight, body
composition and lipid levels at the baseline (similar values between
groups), to allow evaluation of treatment efficacy after intervention.
Investigators were blinded to group allocation during serum chemistry
analysis, liver lipid analysis, protein analysis and DNA editing analysis.
Blinding was not possible during the in-live part of the mouse studies
duetothe needtotreat mice with different reagents according to experi-
mental designs. All of the animals were monitored for changes inbody
weight on a weekly basis. No adverse reactions or signs of discomfort
were observed during the course of the experiment. Body mass composi-
tion was assessed in awake mice using echoMRI. Plasmawas collected at
various timepoints after AAV administration. The studiesinvolved male
mice only, which historically have shown more robust metabolic disease
phenotypes compared with female mice'?°'?2, We acknowledge that
this experimental design choice may limit the generalizability of mouse
model findings to female mice. Allanimal procedures were conductedin
compliance with protocols approved by the Regeneron Pharmaceuticals
Institutional Animal Care and Use Committee.

AAV administration. Non-fasted baseline serum chemistry was est-
ablished on a chow diet, and mice were sorted into treatment groups
on the basis of body weight and lipid levels. AAVs encoding shRNAs

were of serotype AAV8 designed for liver-targeted mRNA knock-
down in mice. AAV-shRNAs were diluted in saline and administered
to mice by intravenous injection at a dose of 2.5 x 10" viral genomes
per mouse. Hpn targeting AAV (AAV8-GFP-U6-m-Hpn-shRNA, Vec-
tor Biolabs, shAAV-261634) encoded for a 1:1 mixture of 2 shRNAs:
shRNA 1, 5-CCGGGTGGATCTTCAAGGCCATAAACTCGAGTTTATGG
CCTTGAAGATCCACTTTTT-3’; shRNA 2, 5-CCGGCAACGGCACATCG
GGCTTCTTCTCGAGAAGAAGCCCGATGTGCCGTTGTTTTT-3".

Scramble (non-targeting) shRNA (AAV8-GFP-U6-scrmb-shRNA, Vec-
tor Biolabs) was used as control AAV, while saline alone was used as a
vehicle control.

For studies using gRNAs, AAV8-multi-gRNAs targeting Flcn, Fnipl,
Fnip2 or Fnipl + Fnip2 (combined AAVs) were intravenously admin-
istered to recipient mice at 2.5 x 10" viral genomes per mouse.
Multi-gRNA constructsincluded five distinct gRNAs targeting the same
gene encoded by the same vector, with each gRNA driven by its own
U6 promoter. Co-delivery of multiple, distinct gRNAs was previously
shown to result in efficient gene perturbations and has been used to
dissect molecular pathways in vivo'>,

gRNA sequences (name, gRNA sequence, protospacer-adjacent
motif): mm_Fnipl_g15, GTAAGTGCTTGTGGATGCAG, GGG; mm_Fnip1_
19, AAGAGGCACTCCTGATCAGG, CGG; mm_Fnipl_g24, GCCAGGAAGA
GAACTGAATG, AGG; mm_Fnipl_g25, CTGAATGAGGACAGAGACAG, CGG;
mm_Fnipl_g28, AAAGTACCTGAACTCAGTCA, GGG; mm_Fnip2_g2,
GCTACAATGGGTAGCTTCTG, TGG; mm_Fnip2_g3, ATTAACCAAGATC
CTCAGGC, TGG; mm_Fnip2_g4, GAAGAGCTTGGAGACGGGAA, GGG;
mm_Fnip2_g5, TTGTCTGACTTCGGAGCCAG, CGG; mm_Fnip2_g6, TAT
GTAGTGTATCTTCAGGG, TGG; mm_Flcn_g21, TTACACCAGAGGGT
GCTGAA, GGG; mm_Flcn_g25, ATGGTCTGTGGACAACACGG, CGG;
mm_Flcn_g26, AGCATGGTCTGTGGACAACA, CGG; mm_Flcn_g28,
GTGTCTCACACACTTACCTG, AGG; mm_Flcn_g30, TATGAGTTTGTG
GTGACCAG, TGG; mm_Ttr_g26, TTACAGCCACGTCTACAGCA, GGG.

siRNA administration in vivo. Non-fasted baseline serum chemis-
try was established on chow diet, and mice were sorted into treat-
ment groups on the basis of body weight and body composition.
GalNAc-conjugated siRNAs targeting Flcn, or a non-targeting control
sequence, were administered through subcutaneousinjectionsat10 mg
per kg every 10 days. GaINAc-conjugated Flcn or control siRNAs were
provided by Alnylam Pharmaceuticals.

Amplicon library preparation. gDNA was extracted fromliver samples.
Target-specific oligos were designed (21-27 bp) to generate a maxi-
mum ampliconsize of 350 bp with a primer melting temperature (7,) of
60-65 °C.Barcode adapter sequences were added to the target specific
oligoandthe full sequence was ordered from Integrated DNA Technolo-
gies (IDT). PCR was completed on each gDNA sample. In brief, in each
reaction, 4 ng of gDNA was combined with IDT oligos, QS5 polymerase
(M0491, New England Biolabs), 10 pM dNTPs, buffer and water accord-
ing to the manufacturer’s specifications. The amplification products
were then diluted 1:100 and used for the PCR barcoding reaction to
create the final sequencinglibrary. Each barcoding reaction contained
asingleamplified target with aforward and reverse primer containing
aunique barcode and index. Each plate of PCRs was pooled in equal
volumes and then purified in a single tube using AMPure XP reagent
(A63881, Beckmann-Coulter) according to the manufacturer’sinstruc-
tions. The final library concentration was measured using the Qubit
fluorometer (Q32866, Invitrogen). Then, 4 nmol of the prepared library
was loaded onto the lllumina MiSeq system according to the manufac-
turer’s instructions using the 2x300 read kit (MS-102-3003, l[llumina).

Sequence mapping and characterization. Barcoded samples were
demultiplexed toindividual reads (FASTQ format). Forward and reverse
reads of each FASTQ file were then merged using PEAR (v.0.9.8)%*. Merged
reads were mapped to the Mus musculus genome version 10 (mm10)
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using Bowtie2 (v.2.5.4)'®, Each sample was sequenced with aminimum
0f20,000 merged reads across the expected guide cleavage location.
Finally, characterization of barcoded samples was performed usinga cus-
tomperlscript (available at https://rgc-community.regeneron.com/on
the page dedicated to this manuscript). Inbrief, allinsertions, deletions
orbase changes withinawindow of 20 bases upstream and downstream
ofthe expected cut site were considered to be CRISPR-induced modifi-
cations. The number of reads containing insertions, deletions or base
changes was compared to the number of reads with wild-type sequence
to determine the percentage of editing per group.

Liver and lipid analysis. Blood was collected in EDTA tubes and plasma
was obtained by centrifugation at 10,000 rpm for 10 minat4 °C. Circu-
lating total cholesterol, LDL-C, HDL-C, NEFA, albumin, total protein and
ALT levels were measured in plasma using the ADVIA Chemistry XPT
blood chemistry analyzer (Bayer). Non-HDL-C levels were calculated
by subtracting HDL-C from total cholesterol values. To determine liver
lipid levels, snap-frozen liver samples were weighed and homogenized
in chloroform:methanol (2:1) solution, followed by addition of saline
and centrifugationto achieve phase separation. The organic phase (bot-
tomlayer) was transferred into anew tube and evaporated with nitrogen
gas. The dried lipids were then solubilized with chloroform:Triton
X-100 (3:1) solution. Triglyceride and cholesterol content was meas-
ured enzymatically (Infinity, Thermo Fisher Scientific) according to
the manufacturer’sinstructions and normalized to wet tissue weight,
aspreviously described”.

Glycaemic control. To assess glycaemic control, aninsulin tolerance
test was performed. Mice were fasted for 4 h, followed by insulin admin-
istration through intraperitoneal injection (HumulinR, Lilly, 0.75 U per
kg body weight). The tip of the tail of each mouse was scratched to draw
blood. Blood samples were collected at 0,30, 60,90 and 120 min, and
glucose was measured using the Accu-check blood glucose monitor-
ing system (Roche). For insulinmeasurements, blood was collected in
capillary tubes containing protease inhibitors. Blood was centrifuged
at10,000 rpmfor 10 minto separate the plasmaand the mouse insulin
ELISA kit (Mercodia, 10-1247-01) was used to determine insulin levels.

Quantitative PCR with reverse transcription. Tissue samples were
collectedin RNAlater (Thermo Fisher Scientific) and frozen. Total RNA
was extracted using TRIzol reagent and Direct-zol RNA miniprep kits
according to the manufacturer’s instructions (Thermo Fisher Scien-
tific, Zymo Research). gDNA was removed using the DNase | provided
in the Direct-zol RNA kit (Zymo Research). mRNA (up to 2 pg) was
reverse transcribed into cDNA using SuperScript VILOTM Master Mix
(ThermoFisher Scientific). cDNA was amplified in duplicate reactions
containing 5 pl of 2x TagMan Gene Expression Master Mix (Thermo
Fisher Scientific), 0.5 pl TagMan assay probes (20%, Thermo Fisher
Scientific), 3.5 pl nuclease-free H,0 and 1 pl cDNA using the QuantStu-
dio 6 Flex Real-Time PCR System (Thermo Fisher Scientific) and data
were analysed using the 224t method.

RNA-seq and read mapping. Total RNA was purified from liver (n=5
mice fed achow diet for 30 weeks, n = 7 mice fed an HFHFD for 30 weeks
(vehicle control group), n = 8 mice treated with Flcn AAV8-gRNA onan
HFHFD for 30 weeks). Tissue samples were transferred from RNAlater
(Thermo Fisher Scientific, AM7021) to 1-3 ml Trizol reagent (Thermo
Fisher Scientific,15596026). The samples were homogenized on the cus-
tom Omni homogenizer (Omni, 51-000-1) at 20,000 rpm for 180 s. The
lysates were phase-separated with chloroform and the aqueous phase
was purified onthe KingFisher Flex (Thermo Fisher Scientific, 5400630)
system with the MagMAX-96 for Microarrays Total RNA Isolation Kit
(Thermo Fisher Scientific, AM1839) with an additional DNase (Qia-
gen,79254) step added between the first and second washes. RNA was
quantified on the Lunatic (Unchained Labs, 700-2000) systemusing a

standard Lunatic plate (Unchained Labs, 701-2019), and the integrity
was read on the 5300 Fragment Analyzer (Agilent, M5311AA) using
an RNAKit (Agilent, DNF-471-1000) according to the manufacturer’s
protocol. mRNA-seq libraries were generated using the KAPA mRNA
HyperPrep Kit (Roche Sequencing). Starting material was 500 ng RNA
and fragmentation was done at 85 °C for 6 min. cDNA was ligated with
1.5 pM xGen Dual Index UMI Adapters (Integrated DNA Technologies)
and amplified using 12 PCR cycles. Sequencing of the resulting librar-
ies was done on NovaSeq 6000 (lllumina) using a 51 cycle, single-end
sequencing recipe. Raw sequence data (BCL files) were converted to
FASTQformatby Illumina BCL Convert (v.4.3.6). Reads were decoded on
thebasis of their barcodes, and read quality was evaluated with FastQC
(v.0.12.1) (www.bioinformatics.babraham.ac.uk/projects/fastqc/).
Reads were mapped to the mouse genome (GRCm38.REGN) using
ArrayStudio software (v.12.5) (OmicSoft) allowing two mismatches.
Reads mapped to the exons of a gene were summed at the gene level.
Differential gene expression analysis was performed using the DESeq2
(v.1.34.0) package'. Benjamini-Hochberg multiple testing correction
was applied to the obtained Pvalues. Significant genes were determined
using cut-offs of FDR < 0.05 and fold change > 2.

scRNA-seq. Five humansingle-cell RNA-seq (scRNA-seq) datasets were
downloaded from the Gene Expression Omnibus (GEO): GSE136103
(ref. 127), GSE168933 (ref. 128), GSE115469 (ref. 129), GSE158723
(ref.130) and GSE185477 (ref. 131). Only samples from human liver
where scRNA-seq was performed were included from these datasets.
For GSE136103 (ref. 127), counts tables were used as provided by the
authors. For the other four datasets, raw data were processed with
10x Genomics Cell Ranger (v.7). Doublets were detected and removed
using Scrublet (v.0.2.3)"*, Cells with <200 detected genes and/or
mitochondrial counts >10% were removed. Counts from all datasets
were merged into a single AnnData object and downstream process-
ing was performed using scanpy (v.1.9.1)"**. Genes not expressed in any
cellin the merged object were filtered out. Counts were normalized
t010,000 counts per cell then log-transformed. The top 5,000 highly
variable genes were identified, and principal component analysis was
performed using the top 100 PCs. Batch effects across datasets were
corrected using the pythonimplementation of Harmony, Harmonypy
(v.0.0.10)*. Ashared nearest-neighbour graph was constructed on the
corrected embedding using 20 neighbours and 100 PCs and a uniform
manifold approximation and projection (UMAP)™** was computed.
Leiden clustering was performed at a resolution of 0.1, and clusters
were annotated to major cell types using canonical markers. Myeloid
and lymphoid compartments were extracted and further subclustered
toresolve additional cell types. Mouse liver scRNA data were obtained
from a previous study (GSE156052)™*¢. Author-provided UMAP coor-
dinates and cell type annotations were used without modification.

Protein detection using liquid chromatography-mass spectrome-
try. Protein lysates were generated from livers using SDS buffer contain-
ing protease inhibitors. After reduction and alkylation, proteins were
enzymatically digested into peptides using trypsin/Lys-C. Synthetic
stable isotope labelled peptide (®C,,N,-arginine or C,,”N,-lysine,
AQUA QuantProHeavy, Thermo Fisher Scientific) standards for FLCN
and FNIP2 were added for validation. Peptides were separated ona C18
columnusinga70 mingradient and analysed on the Thermo Scientific
Exploris480 Mass Spectrometer using parallel reaction monitoring.
Extracted ion chromatograms for target peptides (FLCN, LLEGAPT
EDTLVQMEK; FNIP2, GPSSEPVPNR) were generated using Thermo Sci-
entific Freestyle software (v.1.8.65.0) and the area under the curve was
used for quantification. Datawere normalized to histone H4Cl1 protein
(DNIQGITKPAIR) to account for input differences.

Knockdown in primary human hepatocytes. Cryopreserved primary
human hepatocytes were obtained from Thermo Fisher Scientific (donor
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HU8450, male, HMCPTS). Cells were authenticated by the manufacturer
by evaluating phase I enzyme activities, transporter activity and bile
canaliculiformation. Cells were not tested for mycoplasma contamina-
tion. Cells were thawed and cryopreservation medium was exchanged
for plating medium (William’s E medium (A1217601, Thermo Fisher
Scientific) supplemented with primary hepatocyte thawing/plating
supplements (CM3000, Thermo Fisher Scientific)). Cells were seeded
into collagen-precoated 12-well tissue culture plates (356500, Corn-
ing) at adensity of 600,000 cells per well. After 6 h, when cells had set-
tled and formed a monolayer, the plating medium was exchanged for
maintenance medium (William’s Emedium supplemented with primary
hepatocyte maintenance supplements, serum-free (CM4000, Thermo
Fisher Scientific)). Hepatocytes were transfected with 100 nM siRNAs
(Silencer Select siRNA: FNIP1s41304, 4392421; siNeg Silencer siRNA 1,
AM4635, ThermoFisher Scientific) using lipofectamine RNAiMax reagent
(13778150, Invitrogen) diluted in OptiMEM medium (51985034, Gibco),
according to the manufacturer’s protocol. Cells were collected after
96 hand collected for RNA extraction using the RNeasy Mini Kit (74104,
Qiagen), followed by gene expression analysis and immunoblotting.

Immunoblot analysis. Primary human hepatocyte cell pellets were
resuspended in 1x RIPA buffer (20-188, EMD Millipore) supplemented
with protease inhibitors (PIA32955, Thermo Fisher Scientific). The
lysates were centrifuged at 10,000g for 10 min at 4 °C. The superna-
tantwas collected and protein concentrations were determined using
the DC assay (5000111, Bio-Rad). Identical amounts (8 pg) of protein
were size-fractionated on 4-20% gradient SDS-PAGE gels (5671093,
Bio-Rad) under reducing conditions and transferred to PYDF mem-
branes (1704157, Bio-Rad). The membranes were blocked with 5% milkin
Tris-buffered saline with 0.1% Tween-20. After blocking, the membranes
were probed with primary antibodies (anti-human FNIP1, Cell Signaling,
36892,1:1,000; anti-HSP90, Cell Signaling, 4877,1:1,000) and the signal
was detected using an enhanced chemiluminescent detection system
(WBULSO0500, EMD Millipore) and imaged on the Amersham Imager
600 (GE Healthcare Life Sciences). Full scans of the immunoblots are
provided in Supplementary Fig. 1.

Statistical analysis and reproducibility. In cell and animal exp-
eriments, statistical and graphical data analyses were performed
using Microsoft Excel and Prism 10 (GraphPad). Data are expressed as
mean + s.e.m. or mean + 95% Cls. Mean values were compared using
one-way or two-way ANOVA as implemented in GraphPad Prism 10
(GraphPad). P < 0.05was considered to be significant. Allexperiments
with AAV8-gRNAs (Flcn, Fnipl and Fnip2) in mice fed high-fat diets
for up to13 weeks, studies in primary human hepatocytes (FnipI) and
studies with AAV-shRNAs (Hpn) were independently performed twice
and produced similar results. Studies with long-term (30 weeks) inhi-
bition of Flcn, Fnipl and Fnip2, as well as studies of mice fed chow, at
thermoneutrality or using GaINAc-conjugated siRNAs were performed
once, but yielded results that were similar to the AAV8-gRNA studies
inmice fed high-fat diets.

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

Data availability

Summary association statistics for the TG:HDL genome-wide discov-
ery analysis are available online (https://rgc-community.regeneron.
com/). All other association results are reported in the Article and its
Supplementary Information. Data from the MCPS are available tobona
fide researchers. For more details, the study’s data and sample shar-
ing policy is available (in English or Spanish; https://www.ctsu.ox.ac.
uk/research/mcps). Study data can be examined through the study’s

datashowcase (https://datashare.ndph.ox.ac.uk/mexico/) and MCPS
ancestry-specific allele frequencies are available online (https://rgc-
mcps.regeneron.com). Data from the BELIEVE study are available on
reasonable request to the dataaccess committee. Further information
onthe application process canbe found on the BELIEVE study website
(https://www.believestudy-bangladesh.org/accessing-believe-data/).
UKB genotypic and phenotypic dataare available to approved investi-
gators through the UK Biobank study (www.ukbiobank.ac.uk/). Addi-
tional information about how to access the dataare available onthe UK
Biobank website (https://www.ukbiobank.ac.uk/use-our-data/). GHS
data are available to qualified academic non-commercial research-
ers for reproducibility of data, results and conclusions of the Article
throughthe portal (https://regeneron.envisionpharma.com/vt_regen-
eron/) under a data access agreement. For the UCLA-ATLAS (ATLAS)
cohort, due to privacy regulations, individual-level data cannot be
published. Comprehensive processed data and summary statistics
areavailableinthe Supplementary Tables or through the UCLA-ATLAS
browser (https://atlas-phewas.mednet.ucla.edu). For PMBB, BioMe,
DBS, MAYO-RGC and CCPM, academic, non-commercial research-
ersinterested in reproducing the results reported in this Article may
request access to data through a data agreement by reaching out to
the associated biobank at the following links: PMBB (https://pmbb.
med.upenn.edu/contact.php); BioMe (https://mountsinaimillion.org/
en/contact); DBS, J. Cohen (jonathan.cohen@utsouthwestern.edu);
MAYO-RGC, Center for Individualized Medicine, Mayo Clinic Research
(https://www.mayo.edu/research/centers-programs/mayo-clinic-
biobank/for-researchers); and CCPM (https://medschool.cuanschutz.
edu/cobiobank/contact-us). MDCS data may be available to qualified
academicnon-commercial researchers toreproduce results reported
in this Article through the portal (https://www.malmo-kohorter.lu.se/
malmo-cohorts), following the principles outlined in this policy
(https://www.malmo-kohorter.lu.se/sites/malmo-kohorter.lu.se/files/
mdcs_mpp_mos_request_form_vermar20.doc).Indiana-CLDB data can
bemadeavailable for those requesting through Indiana Biobank’s data
request process. Applications are reviewed by three members of the
Indiana Biobank’s Scientific Review Committee and, if approved, made
available on asecure-enclave for analysis. South Asia Biobank data may
beaccessible toresearchers onrequest to the dataaccess committee.
Contactformsand emails are provided on the Global Health Research
Unit (GHRU) on Diabetes and Cardiovascular Disease in South Asia
website (https://www.ghru-southasia.org). RNA-seq data have been
deposited at Gene Expression Omnibus (GEO) under accession number
GSE330407. Source data are provided with this paper.

Code availability

The custom perl script used for the characterization of barcoded
samplesin the mouse experiments is available for download (https://
rgc-community.regeneron.comy/).
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a
Outcome Genotype Count AAF Beta (95% CI) per p
Gene Variant RR/RA/AA Allele in Clinical Units
Triglyceride/HDL Ratio j
FNIP1 pLoF, AAF<0.01% 1,031,961 /155/0 0.008% —o—i ! -1.66 (-2.17, —1.16) ratio 1.1x1071°
Triglycerides |
FNIP1 pLoF, AAF<0.01% 1,075,238 /160 /0 0.007% —e—i : -41.0 (-55.1, —26.8) mg/dL 1.5x1078
HDL cholesterol !
FNIP1 pLoF, AAF<0.01% 1,033,114 /155/0 0.008% e +6.38 (4.13, 8.63) mg/dL 2.8x1078
LDL cholesterol :
FNIP1 pLoF, AAF<0.01% 1,067,562 /158 /0 0.007% —e—i 1 -8.70 (-14.6, —2.83) mg/dL 0.0037
Non-HDL cholesterol :
FNIP1 pLoF, AAF<0.01% 1,032,502 /155/0 0.008% —e—i -11.9 (-18.2, -5.53) mg/dL 2.4x1074
Apolipoprotein B |
FNIP1 pLoF, AAF<0.01% 679,476 /101 /0 0.007% —e—i | -7.50 (-11.71, -3.28) mg/dL ~ 4.8x107*
08 04 00 04 08
b Beta (95% CI) in SD units
Outcome Genotype Count AAF Beta (95% Cl) per p
Gene Variant RR/RA/AA Allele in Clinical Units
Body Mass Index !
FNIP1 pLoF, AAF<0.01% 1,236,782/181/0 0.007% e -0.53 (-1.31, 0.26) kg/m2 0.19
Waist to Hip Ratio (Adjusted for BMI) :
FNIP1 pLoF, AAF<0.01% 620,793/ 78/0  0.006% —e—i | -0.02 (-0.03, -0.01) ratio ~ 0.0014
HbATc :
FNIP1 pLoF, AAF<0.01% 952,429/136/0 0.007% e -0.18 (-0.34, -0.03) % 0.021
Random glucose '
FNIP1 pLoF, AAF<0.01% 969,570/134/0  0.007% e -2.42 (-6.66, 1.83) mg/dL 0.26
Liver Fat (MRI-PDFF) :
FNIP1 pLoF, AAF<0.01% 63,416/ 12/0 0.009% e i -3.88 (-6.86, —0.89) % 0.011
Alanine Aminotransferase !
FNIP1 pLoF, AAF<0.01% 901,295/126/0  0.007% ——i | -4.84 (-7.40,-2.29) UL  2.0x107*
Aspartate Aminotransferase :
FNIP1 pLoF, AAF<0.01% 919,423/130/0 0.007% —e—i | -3.20 (-5.34, -1.06) U/L 0.0034
Systolic Blood Pressure !
FNIP1 pLoF, AAF<0.01% 1,252,057 /183/0 0.007% Heo— +1.24 (-1.06, 3.54) mmHg 0.29
Diastolic Blood Pressure :
FNIP1 pLoF, AAF<0.01% 1,252,038 /183/0 0.007% o -0.87 (-2.22, 0.49) mmHg 0.21
45 10 05 00 05
c Beta (95% CIl) in SD units
Outcome Genotype Count AAF Beta (95% CI) per p
Gene Variant RR/RA/AA Allele in Clinical Units
(BIA) Body fat mass |
FNIP1 pLoF, AAF<0.01% 598,281/75/0  0.006% —o—| -1.99 (-3.97, -0.02) kg 0.048
(BIA) Body fat % \
FNIP1 pLoF, AAF<0.01% 598,848/75/0  0.006% —e— -1.67 (-3.52, 0.17) % 0.076
(BIA) Body lean mass '
FNIP1 pLoF, AAF<0.01% 582,140/75/0  0.006% et -0.78 (-3.04, 1.47) kg 0.49
(BIA) Body lean % \
FNIP1 pLoF, AAF<0.01% 582,125/75/0  0.006% e +1.73 (-0.13, 3.59) % 0.068
(MRI) Abdominal to Gluteofemoral Fat Ratio !
FNIP1 pLoF, AAF<0.01% 64,293/12/0 0.009% —— -0.16 (-0.26, —0.05) ratio  0.0036
(MRI) Visceral to Gluteofemoral Fat Ratio :
FNIP1 pLoF, AAF<0.01% 64,293/12/0 0.009% —e— -0.26 (-0.42, -0.10) ratio  0.0013
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d Beta (95% ClI) in SD units
Outcome Genotype Count AAF Odds Ratio (95% ClI)
Gene Variant RR/RA/AA per Allele
Myocardial Infarction Cases: 60,973/7/0 :
FNIP1 pLoF, AAF<0.01% Controls: 670,765/95/0 0.007% . — 0.57 (0.28, 1.15) 0.12
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Extended DataFig. 3 |See next page for cap

tion.
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Extended DataFig. 3| Associations with cardiometabolic traits for ultra-
rare pLOF variantsin FNIPI1. Association of rare predicted loss-of-function
(pLOF) variants (alternative allele frequency [AAF] <0.01%) in FNIP1 with
cardiometabolic traits with blood lipids (a), anthropometrics, glycaemia, liver
steatosis and injury, blood pressure (b), measures of body fat distribution (c)
and myocardialinfarction (d). Dataare presented as Beta+95% Cl (a-c) or

OR +95% CI(d). Association estimates are from inverse-variance weighted

fixed-effect meta-analysis and Pvalues are from two-sided Wald tests. AAF,
alternative allele frequency; BIA, bioimpedance; Cl, confidence interval;
ESM1vp, Evolutionary Scale Modelling; OR, odds ratio; pLOF, predicted loss-of-
function; MRI, magnetic resonance imaging; PDFF, proton density fat fraction;
RR, homozygous for the reference allele; RA, heterozygous; AA, homozygous
forthealternative allele.
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Extended DataFig. 4| The FNIP-FLCN pathway regulates mitochondrial
andlysosomal function. a, Schematic overview of the FNIP-FLCN (FNIP/
FLCN) signalling pathway. (left), During homeostasis, the active FNIP-FLCN
complex exhibits GTPase-activating protein (GAP) function towards RagC/D,
promoting GTP > GDP hydrolysis and leading to TFEB recruitment to the
lysosomal membrane. mTOR subsequently phosphorylates TFEB, resulting in
its cytoplasmicretentionand transcriptional inactivation. (right), Uponenergy
depletion, energy sensor AMP-activated kinase (AMPK) phosphorylates FNIP1,
thusinhibiting the GAP activity and allowing for release of TFEB from the
lysosomal surface. TFEB then translocates to the nucleus to activate its target
genes, includinglysosomal genes and PGCl-alpha to promote mitochondrial
geneexpressioninorder torestore energy balance. Notably, TFEB alsoinduces
expression of Fnipl, Fnip2, Flcn and Rrag genes as part of anegative feedback
loop. Inliver, Rragd (encoding for RagD) is particularly sensitive to TFEB
transcriptional regulationand canserve asreadout for TFEB activity. Created
inBioRender. Adam, R. https://biorender.com/Oceojsp (2026).b, Sanger
sequencing of the gRNA cleavagessites revealed characteristic small insertions
and/or deletions (‘indels’) inlivers of Cas9-Ready mice. The number of reads
containing Flcn, Fnipl or Fnip2indels for eachgRNA was compared to the
number of reads with wild-type sequence and expressed as percentage of
editing (Indel %) of genomic sequencesin liver. While individual gRNAs often
lead to>30% editinginliver, the combination of 5gRNAs targeting each gene

(co-packaged, see Methods and Thiirkaufetal.,2023)?* results in efficient
gene perturbationsinliver cells targeted by the AAV8-gRNAs. Mean +s.e.m.
areshown. Dataare fromn = 6 (vehicle control), n =5 (FlcngRNA), n = 6 (Fnipl
gRNA), n =5 (Fnip2gRNA) and n = 6 (FnipI & Fnip2 gRNAs) biologically
independent mice.c, mRNA levels of Ficn, Fnipl and Fnip2 genesin liver
following AAV8-gRNA administration. Since TFEB induces the Fnip/Flcn genes
as partofanegative feedback loop, perturbation of Ficn or Fnip & Fnip2 and
subsequent TFEB activationis expected toincrease expression of Flcn, Fnipl
and Fnip2 (e.g.seeinduction of Flcn mRNAin Fnipl & Fnip2 gRNA group).
d,HepaticmRNA levels of TFEB target gene Rragd (RagD). The robust
transcriptional induction upon Flcn or dual Fnipl & Fnip2inhibition confirms
efficient FNIP-FLCN pathway perturbationand TFEBinductioninliver.

For allmRNA expression profiles, mean +s.e.m. are shown. Pvalues are from
one-way ANOVA with Dunnett’s correction posttest relative to vehicle
control. e, Hepatic protein levels of FLCN and FNIP2, as measured via liquid
chromatography-mass spectrometry (LC-MS) assay. Mean +s.e.m. are shown.
Pvalues are from one-way ANOVA with Dunnett’s correction posttest relative
to vehicle control. In panels c-e, dataare from n =12 (vehicle control), n =11
(FlcngRNA), n=12 (Fnip1 gRNA), n =12 (Fnip2 gRNA) and n =12 (Fnip1 & Fnip2
gRNAs) biologically independent mice. In panels c-e, exact P values are shown.
Seealso Source Data.
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Extended DataFig. 5| FNIP1siRNA knockdown promotes TFEB pathway t-test. Exact Pvalues are shownin the corresponding panels. d, Inmunoblot
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RRAGD (a), lysosomal (b) and lipid catabolic (c) genes in primary human anti-HSP90 (loading control) antibodies. See also Source Dataand gel source
hepatocytes 96 hafter FNIPIsiRNA (siFNIP1) or non-targeting control siRNA datainSupplementaryFig.1. The knockdown experiments in primary human

(siNeg) transfection in primary human hepatocytes (n = 6 biological replicates hepatocytes wereindependently performed twice and produced similar
pergroup). Mean +s.e.m. are shown. Pvalues are from unpaired, two-tailed results.
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Extended DataFig. 6 | Flcnor Fnipl & Fnip2inhibitioninliver of Cas9-Ready n =12 (vehicle control), n =11 (Flcn gRNA), n =12 (FnipI gRNA), n =12 (Fnip2
miceincreases expression of mitochondrial, lysosomal and lipid metabolic = gRNA)and n =12 (Fnipl & Fnip2 gRNAs) biologically independent mice. Pvalues

genes. a, Hepatic mRNA levels of genesinvolved in mitochondrial biogenesis are from one-way ANOVA with Dunnett’s correction posttest relative to vehicle
and oxidative phosphorylation. b, mRNA levels of fatty acid transporter Cd36 control. Exact Pvalues are shownin the corresponding panels. See also Source
and triglyceride lipase Atglinliver.c, Expression of genesrelated to lysosomal Data.

functioninliver. For allmRNA levels, mean +s.e.m.are shown. Dataare from
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Extended DataFig. 9|See next page for caption.




Extended DataFig.9|Hepatocyteinhibition of FIcnusing a GaINAc-siRNA
phenocopies the effects of Flcninhibition using AAV8-gRNA. Male WT mice
were dosed with hepatocyte-targeting GaINAc-conjugated Flcn or control
siRNA and challenged with high fat, high fructose diet for 31 days. a-b, Hepatic
Flcn mRNA (a) and FLCN protein (b, determined by LC-MS) levels on day 31.
Mean ts.e.m.are shown (n=5mice per group). Pvalues are from one-way
ANOVA with Tukey’s correction posttest relative to vehicle control. ¢, Body
weight % change of 11-15 week old male siRNA or vehicle (PBS)-treated mice.
Mean ts.e.m.are shown (n=5mice per group). Pvalues are from two-way
ANOVA with Tukey’s correction posttest relative to vehicle control. d, Fatand
lean mass was determined by echoMRI at baseline and 28 days post-siRNA
administration. Mean +s.e.m.are shown (n=5mice per group). Pvalues are
from two-way ANOVA with Tukey’s correction posttest relative to vehicle
control. e, Adipose tissue weights at day 31. Mean + s.e.m. are shown (n =5 mice
pergroup). Pvalues are from one-way ANOVA with Tukey’s correction posttest

relative to vehicle control.f, Liver weights and liver lipid content at day 31.
Mean ts.e.m. are shown (n =5mice per group). Pvalues are from one-way
ANOVA with Tukey’s correction posttest relative to vehicle control. g, Plasma
triglyceride levels were determined at baseline and 31 days post-siRNA
administration. Mean +s.e.m. are shown (n =5 mice per group). Pvalues are
from two-way ANOVA with Tukey’s correction posttest relative to vehicle
control. h,Plasmainsulinlevels at day 31. Mean +s.e.m.are shown (n =5 mice
pergroup). Pvalues are from one-way ANOVA with Tukey’s correction posttest
relative to vehicle control.i-1, Hepatic mRNA levels of TFEB target gene

Rragd (i), genesrelated to oxidative phosphorylation (j), lysosomal genes (k)
and FnipI and Fnip2 (). m, mRNA levels of Flcn, Fnipl and metabolic genesin
gonadal white adipose tissue. For allmRNA levels, mean +s.e.m. are shown
(n=5micepergroup). Pvalues are from one-way ANOVA with Tukey’s correction
posttest relative to vehicle control. Exact Pvalues are shownin the corresponding
panels.Seealso Source Data.
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Extended DataFig.10|See next page for caption.



Extended DataFig.10|Long-terminhibition ofhepatic FLCNprotects
againstdiet-induced hyperlipidemia, insulinresistance and liver damage.
Non-fasted plasmanonHDL-C,LDL-C, HDL-C (a) and triglycerides (b) of Cas9-
ready mice atbaseline and 30 weeks after AAV8-gRNA or vehicle administration
and while on high fat, high fructose diet (HFHFD) throughout the study. ¢, Liver
weights and hepatic triglyceride and cholesterol content were measured after
30 weeks on HFHFD. d, Non-fasted plasmainsulin of Cas9-ready mice at
baselineand 30 weeks after AAV8-gRNA or vehicle administration and while on
HFHFD. e, PlasmaALT levels were determined at baseline, 8,12,20and 30
weeks after AAV8-gRNA or vehicle administration and while on HFHFD. In
panelsa-e, meants.e.mareshownfromn =7 (vehicle),n=7 (T¢tr CtrIgRNA) and
n=9 (FlcngRNA) biologicallyindependent mice. Pvalues are from one-way

(liver phenotypes) or two-way ANOVA (plasma measurements) with Tukey
correction posttest relative to vehicle or controlgRNA. In panels a-e, exact
Pvalues areshown. f, Heatmap of bulk RNA-seq expression of representative
hepatocyte, cholangiocyte/hepatic progenitor and fibrosis genesin livers of
30 week chow-fed mice, 30 week HFHFD-fed mice, and mice treated with Flcn
gRNAand on30 week HFHFD. Dataare fromn =5 (chow), n=7 (Control HFD)
and n =8 (FlcngRNA on HFD) biologically independent mice. (left), gene fold
changes between control HFHFD vs chow groups, and Flcn gRNA vs control
HFHFD groups. *false discovery rate <0.05 and fold change >2. (right), per
sample expression of each gene. Expression TPM values were z-score scaled
across each gene (rows). FC, fold change; TPM, transcripts per million. See also
Source Data.
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Extended Data Table 1| Gene-burden associations with TG:HDL ratio in the exome-wide discovery analysis

Gene burden genotype, allele frequency cut-off

Cauchy-
corrected
discovery

gene P

Best gene burden genotype

Beta (95% Cl) in
ratio units

Beta (95% ClI) in
SD units

Genotype Count
(RRIRAIAA)

AAF

APOC3 pLOF plus deleterious missense (1/5), AAF<1%

APOB pLOF plus deleterious missense (5/5), AAF<0.01%

ANGPTL3 pLOF plus deleterious missense (ESM1vp), AAF<1%
APOAS pLOF plus deleterious missense (ESM1vp), AAF<0.1%

LPL pLOF plus deleterious missense (1/5), AAF<0.1%

ANGPTL4 pLOF plus deleterious missense (ESM1vp), AAF<0.1%
LCAT pLOF plus deleterious missense (1/5), AAF<1%

PDE3B pLOF plus deleterious missense (ESM1vp), AAF<1%
PLA2G12A pLOF plus deleterious missense (1/5), AAF<1%
ANGPTL8 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
AC126283.2 pLOF plus deleterious missense (1/5), AAF<1%
CREBS3L3 pLOF plus deleterious missense (ESM1vp), AAF<0.1%
CD36 pLOF plus deleterious missense (5/5), AAF<1%

GCKR pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
APOA1 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.1%
SCARB1 pLOF plus deleterious missense (ESM1vp), AAF<1%
CETP pLOF plus deleterious missense (ESM1vp), AAF<0.1%
ABCAT1 pLOF plus deleterious missense (5/5), AAF<0.1%

PLINT pLOF plus deleterious missense (ESM1vp), AAF<1%

PPARG pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.01%
TM6SF2 pLOF plus deleterious missense (1/5), AAF<0.1%

PLTP pLOF plus deleterious missense (ESM1vp), AAF<0.1%

G6PC pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
TIMD4 pLOF plus deleterious missense (ESM1vp), AAF<1%

POR pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
NR1H3 pLOF plus deleterious missense (ESM1vp), AAF<0.1%
A1CF pLOF plus deleterious missense (1/5), AAF<1%

INSR pLOF plus deleterious missense (ESM1vp), AAF<0.1%

SH2B3 pLOF plus deleterious missense (5/5), AAF<1%

AIFM2 pLOF plus deleterious missense (5/5), AAF<1%

SLC22A5 pLOF plus any deleterious missense, AAF<0.1%
CD300LG pLOF plus deleterious missense (5/5), AAF<0.01%
SLC25A30 pLOF plus deleterious missense (ESM1vp), AAF<1%
SMADE6 pLOF plus deleterious missense (5/5), AAF<0.01%

GAS6 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.1%
PKD1 pLOF plus deleterious missense (5/5), AAF<1%

PCSK9 pLOF plus deleterious missense (5/5), AAF<1%

CPT1A pLOF plus deleterious missense (1/5), AAF<1%

SLC33A1 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
STAB1 pLOF plus deleterious missense (ESM1vp), AAF<1%

ADCY6 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
LIPG pLOF plus deleterious missense (1/5), AAF<1%

AXL pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.1%
RASD1 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.01%
FNIP1pLOF, AAF<0.01%

PLIN4 pLOF plus deleterious missense (5/5), AAF<1%

RIC8B pLOF plus any deleterious missense, AAF<1%

GLTPD2 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
HGFAC pLOF plus deleterious missense (ESM1vp), AAF<1%

PCK1 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<1%
LDLR pLOF plus deleterious missense (5/5), AAF<0.1%

ZNF285 pLOF plus deleterious missense (1/5), AAF<1%

FGB pLOF plus deleterious missense (5/5), AAF<1%

LIPE pLOF plus deleterious missense (5/5), AAF<1%

KEAP1 pLOF plus any deleterious missense, AAF<1%

APOC1 pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.1%
GALNT2 pLOF plus deleterious missense (5/5), AAF<0.1%

TNFRSF10B pLOF plus deleterious missense (5/5 or ESM1vp), AAF<0.1%

ASGRT1 pLOF plus deleterious missense (1/5), AAF<1%
HELZ2 pLOF plus deleterious missense (ESM1vp), AAF<1%
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0.07 (0.05, 0.09)
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0.06 (0.05, 0.08)
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0.08 (0.06, 0.11)
0.17 (0.12, 0.23)
-0.48 (-0.63, ~0.34)
0.07 (0.05, 0.09)
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0.06 (0.04, 0.07)
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0.08 (0.06, 0.11)
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0.06 (0.04, 0.07)
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0.05 (0.03, 0.07)
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0.14 (0.09, 0.18)
0.09 (0.06, 0.12)
-0.08 (~0.11, -0.05)
0.03 (0.02, 0.04)
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1.1x10-3%0
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8.0x10-132
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4.3x10-100
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1.0x10-6°
4.1x10-5°
1.0x10-%5
1.4x10-%5
1.1x10-%4
4.6x10-58
1.4x10-42
1.5x10-%8
9.8x10-%6
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3.1x10-%¢
5.8x10-26
1.0x10-28
8.1x10-22
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7.6x10-20
4.3x10-18
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5.7x10-16
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5.3x10-14
5.1x10-4
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6.2x10-14
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2.6x10-"2
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1.5x10-%9
6.1x10-92
4.2x10700
6.0x10-09
4.0x100°
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1,025,695 /6,412/9
1,030,577 /1,539 /0
1,027,173 /4,941 /2
1,031,215/898/3
1,026,216 /5,893 /7
1,027,494 /4,618 /4
1,027,512/4,597 / 7
1,028,424 /3,691 /1
1,015,892 /16,170 / 54
1,029,405 /2,708 / 3
1,011,985/20,071 /60
1,029,471 /2,644 /1
1,012,166 /19,897 / 53
1,012,490 /19,591 /35
1,031,324 /792/0
1,025,819/6,282/ 15
1,029,706 /2,408 / 2
1,022,875/9,229 /12
1,026,616 /5,491 /9
1,031,896/220/0
1,028,070 /9,037 /9
1,029,166 /2,948 / 2
1,027,803 /4,312 /1
1,029,754 /2,359 / 3
1,014,685 /17,409 / 22
1,029,686 /2,427 / 3
1,008,049 /23,988 / 79
1,030,919/1,197/0
1,022,731 /9,374 / 11
1,015,436 /16,630 / 50
1,016,066 / 16,030 / 20
1,031,610/505/1
1,020,131 /11,953 /32
1,028,813 /3,303 /0
1,028,512 /3,599 /5
990,597 /41,407 / 112
1,027,317 /4,792 /7
1,003,238 /28,790 / 88
1,023,930 /8,167 /19
1,023,697 /8,411 /8
1,021,741 /10,367 /8
1,021,876 /10,225 /15
1,026,608 /5,505 / 3
1,030,840 /1,276 /0
1,031,961/155/0
1,024,923 /7,049 / 144
1,014,135/17,908 /73
1,021,793 /10,294 / 29
1,020,941 /11,121 /54
1,008,273 /23,819 /24
1,027,611 /4,499 /6
1,021,685/10,420 / 11
1,021,663 /10,433 /20
1,023,844 /8,256 / 16
1,019,823 /12,273 /20
1,026,577 /392 /1
1,030,495/1,619/2
1,028,764 /3,350 / 2
1,027,561 /4,551 /4
999,023 / 33,038 / 55

0.31%
0.08%
0.24%
0.04%
0.29%
0.22%
0.22%
0.18%
0.79%
0.13%
0.98%
0.13%
0.97%
0.95%
0.04%
0.31%
0.12%
0.45%
0.27%
0.01%
0.44%
0.14%
0.21%
0.11%
0.85%
0.12%
1.20%
0.06%
0.46%
0.81%
0.78%
0.03%
0.58%
0.16%
0.17%
2.00%
0.23%
1.40%
0.40%
0.41%
0.50%
0.50%
0.27%
0.06%
0.01%
0.36%
0.87%
0.50%
0.54%
1.20%
0.22%
0.51%
0.51%
0.40%
0.60%
0.02%
0.08%
0.16%
0.22%
1.60%

AAF, alternative allele frequency; Cl, confidence interval; ESM1vp, Evolutionary Scale Modelling; pLOF, predicted loss-of-function; RR, homozygous for the reference allele; RA, heterozygous;

AA, homozygous for the alternative allele.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a

OX O O OO0 0O 0ol

Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XOX X X XX X XX

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection No software or code was used for data collection.

Data analysis bcl2fastq v2.19.0 (https://support.illumina.com/sequencing/sequencing_software/bcl2fastg-conversion-software.html)

BWA MEM v0.7.15 (https://github.com/Ih3/bwa)

DeepVariant v0.10 (https://github.com/google/deepvariant)

GLnexus v1.4.3 (https://github.com/dnanexus-rnd/GLnexus)

PLINK 1.9 (https://www.cog-genomics.org/plink2/)

Variant Effect Predictor (VEP) v100.4 (https://github.com/Ensembl/ensembl-vep/)
REGENIE v3.4 or older (https://github.com/rgcgithub/regenie/)

SuSiE v0.12.35 (https://github.com/stephenslab/susieR)

STAR v2.5.3a (https://github.com/alexdobin/STAR)

Picard v2.9.0 (https://github.com/broadinstitute/picard)

RNA-SeQC v1.1.9 (https://github.com/getzlab/rnaseqc)

COLOC v5.2.3 (https://github.com/chriswallace/coloc)

DEPICT v1 (https://github.com/perslab/depict)

DESeq2 v1.34.0 (https://www.bioconductor.org/packages/release/bioc/html/DESeq2.html)
PEAR v0.9.8 (https://cme.h-its.org/exelixis/web/software/pear/doc.html)

Bowtie2 v2.5.4 (https://github.com/benlangmead/bowtie2)

Prism v10 (https://www.graphpad.com)

Illumina BCL Convert v4.3.6 (https://www.10xgenomics.com)

FastQC v0.12.1 (www.bioinformatics.babraham.ac.uk/projects/fastqc)
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10X Genomics Cell Ranger v7 (https://www.10xgenomics.com/support/software/cell-ranger/latest?gad_source=1)

ArrayStudio v12.5 (https://digitalinsights.qgiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qgiagen-
omicsoft-suite/)

Scrublet v0.2.3 (https://github.com/swolock/scrublet)

Scanpy v1.9.1 (https://scanpy.scverse.org/en/stable/)

Harmonypy v0.0.10 (https://github.com/slowkow/harmonypy/releases/tag/v0.0.10)

Freestyle software v1.8.65.0 (https://www.thermofisher.com/)

The custom perl script used for the characterization of barcoded samples in the mouse experiments is available for download at: https://rgc-
community.regeneron.com/.

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

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

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

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

Summary association statistics for the TG-HDL genome-wide discovery analysis are available at https://rgc-community.regeneron.com/. All other association results
are reported in the manuscript and its associated Supplementary Materials. Data from the MCPS are available to bona fide researchers. For more details, the study’s
Data and Sample Sharing policy is available (in English or Spanish) at https://www.ctsu.ox.ac.uk/research/mcps. Study data can be examined through the study’s
Data Showcase at https://datashare.ndph.ox.ac.uk/mexico/ and MCPS ancestry-specific allele frequencies are available at https://rgc-mcps.regeneron.com. Data
from the BELIEVE study are available on reasonable request to the Data Access Committee. Further information on the application process can be found on the
BELIEVE study website https://www.believestudy-bangladesh.org/accessing-believe-data/. UKB genotypic and phenotypic data are available to approved
investigators via the UK Biobank study (www.ukbiobank.ac.uk/). Additional information about how to access the data are available at https://www.ukbiobank.ac.uk/
use-our-data/. GHS data are available to qualified academic noncommercial researchers for reproducibility of data, results and conclusions of the manuscript
through the portal at https://regeneron.envisionpharma.com/vt_regeneron/ under a data access agreement. For UCLA-ATLAS (ATLAS) cohort, due to privacy
regulations, individual-level data cannot be published. Comprehensive processed data and summary statistics are available in the supplementary tables or through
the UCLA-ATLAS browser (atlas-phewas.mednet.ucla.edu). For PMBB, BioMe, DBS, MAYO-RGC and CCPM, academic, non-commercial researchers interested in
reproducing the results reported in this manuscript may request access to data via a data access agreement by reaching out to the associated biobank at the
following links: PMBB, https://pmbb.med.upenn.edu/contact.php; BioMe, https://mountsinaimillion.org/en/contact; DBS, Contact:
JONATHAN.COHEN@UTSOUTHWESTERN.EDU; MAYO-RGC, https://www.mayo.edu/research/centers-programs/mayo-clinic-biobank/for-researchers; CCPM,
https://medschool.cuanschutz.edu/cobiobank/contact-us. MDCS data may be available to qualified academic non-commercial researchers to reproduce results
reported in this manuscriptBthrough the portal at@https://www.malmo-kohorter.lu.se/malmo-cohorts, following the principles outlined in this policy@https://
www.malmo-kohorter.lu.se/sites/malmo-kohorter.lu.se/files/mdcs_mpp_mos_request_form_vermar20.doc. Indiana-CLDB data can be made available for those
requesting via Indiana Biobank's data request process. Application is reviewed by three members of the Indiana Biobank’s Scientific Review Committee and if
approved, made available on a secure-enclave for analysis. South Asia Biobank data may be accessible to researchers upon request to the data access committee.
Contact forms and emails are provided on the Global Health Research Unit (GHRU) on Diabetes and Cardiovascular Disease in South Asia website (www.ghru-
southasia.org).

Raw values for all experimental data are provided in the Source Data file. RNA-sequencing data have been deposited at Gene Expression Omnibus (GEO) with
accession number GSE330407.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Biologic sex phenotype was derived from genetic data and included as covariate as described in the methods section.

Reporting on race, ethnicity, or Ancestry estimation was derived from genetic data and reported in descriptive statistics of Supplementary Table S1.
other socially relevant

groupings

Population characteristics Population characteristics were provided in Supplementary Table S1.

Recruitment Our study included participants from both population-based and health-system based cohorts and are described in the
methods section with relevant references for additional details on recruitment.

Ethics oversight All studies received approval from the relevant ethics committees, and participants gave their informed consent to take part

in the research. More details are provided in the references for respective cohorts in the Methods section.

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

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

& Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

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

Sample size -Human studies:
Sample size was determined by the maximal set of participants in each cohort with genotypic and phenotypic data after quality control.
-Animal Studies:
Sample size was chosen based on previous experience with similar experiments, experimental feasibility, availability of samples and N
necessary to obtain definitive, significant results. No statistical methods were used to predetermine sample sizes. The sample size information
of experiments has been provided in each figure legend.

Data exclusions  -Human Studies:
Exclusions within each cohort were done based on missing genotypic and phenotypic data. Also filtering based on established quality control
protocols was done.
-Animal Studies:
No data were excluded from the analysis.

Replication -Human Studies:
No replication analyses were performed.
-Animal Studies:
All experiments with AAV8-gRNAs (Flcn/Fnip1/Fnip2) on high fat diets for up to 13 weeks, studies in primary human hepatocytes (Fnip1) and
studies with AAV-shRNAs (Hpn) were independently performed at least twice on cohorts from independent litters. All attempts at replication
were successful. Studies with long-term (30 weeks) inhibition of Flcn/Fnip1/Fnip2, as well as studies on chow, at thermoneutrality or using
GalNac-conjugated siRNAs were performed once, but yielded results that were similar to the AAV8-gRNA studies on high fat diets. In some
studies, independent methods were used to analyze samples and verify results (e.g. DNA editing, mRNA and protein analysis to confirm gene
perturbation).

Randomization  -Animal Studies:
For all animal studies, mice were allocated into experimental groups based on matching body weight, body composition and lipid levels. The
goal was to balance weight, body composition and lipid levels at baseline (similar values between groups), to allow for evaluation of treatment
efficacy following intervention.

-Cell culture studies: cells were randomly assigned to experimental groups.

Blinding -Animal Studies:
Investigators were blinded to group allocation during serum chemistry analysis, liver lipid analysis, protein analysis and DNA editing analysis.
Blinding was not possible during the in-live part of the mouse studies due to the need to treat mice with different reagents according to

experimental designs.

In cell culture studies, blinding was not relevant, as the groups needed to be allocated to appropriate experimental and control groups.

Reporting for specific materials, systems and methods

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

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |X| |:| ChiIP-seq
Eukaryotic cell lines X[ ] Flow cytometry
Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

NXXOXOOS
O00XOXX

Plants
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Antibodies

Antibodies used

Validation

FNIP1 (clone E9Y5U) Rabbit Monoclonal Antibody #36892, Cell Signaling Technologies
HSP90 (clone C45G5) Rabbit Monoclonal Antibody #4877, Cell Signaling Technologies

The manufacturer provides validation data on the website, evaluating FNIP1 antibody by Western Blot in human cell lines that
express or do not express human FNIP1. From the website: “Western Blot analysis of extracts from various cell lines using FNIP1
(E9Y5U) Rabbit mAb or anti-Actinin (D6F6) XP Rabbit mAb #6487. Negative expression of FNIP1 protein in U-937 cells is consistent
with the predicted expression pattern.” (https://www.cellsignal.com/products/primary-antibodies/fnip1-e9y5u-rabbit-monoclonal-
antibody/36892)

The HSP90 antibody has been extensively used in publications, with the manufacturer website listing 686 citations (https://
www.cellsignal.com/products/primary-antibodies/hsp90-c45g5-rabbit-monoclonal-antibody/4877)

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s)

Authentication

Cryopreserved Primary Human Hepatocytes from ThermoFisher (Catalog # HMCPTS): Donor HU8450-Male, 16yo, Caucasian

Cells were assessed for Phase | enzyme activities, transporter activity and bile canaliculi formation by the manufacturer

Mycoplasma contamination Cells were not tested for mycoplasma contamination

Commonly misidentified lines  No commonly misidentified lines were used.

(See ICLAC register)

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in

Research

Laboratory animals

Wild animals

Reporting on sex

Field-collected samples

Ethics oversight

The studies involved C57BL/6NTac (WT) mice from Taconic, and Cas9-Ready (ver. 2.5, ID #2673) mice, expressing Cas9 transgene
under the CAG promoter (previously reported in Smagris et. al., PLoS Genetics 2024 PMID: 38437227). Mice were between 6-11
weeks old at the beginning of the studies. Mice were housed on a 12h light/dark cycle at 22 + 1°C or 30°C (for experiments at
thermoneutral conditions), at humidity-controlled conditions (30-70% humidity), in static cages (<5/cage) with free access to food
and water.

The study did not involve wild animals.

The metabolic studies involved male mice only, which historically have shown more robust metabolic disease phenotypes than
females.

The study did not involve field-collected samples.

All animal procedures were conducted in compliance with protocols approved by the Regeneron Pharmaceuticals Institutional
Animal Care and Use Committee.

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

Plants

Seed stocks

Novel plant genotypes

Authentication

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

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

was applied. o ) )
Describe-any-authentication-procedures for-each seed stock used-or novel-genotype generated. Describe-anyexperiments-used-to

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