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Materials and Methods 

Participating cohorts 

 Discovery genetic association studies were performed in the United Kingdom (UK) Biobank 

(UKB) cohort (1), in the MyCode Community Health Initiative cohort from the Geisinger Health 

System (GHS) (2) and in the Mexico City Prospective Study (MCPS) (3). The UKB is a 

population-based cohort study of people aged between 40 and 69 years recruited through 22 

testing centers in the UK between 2006-2010. A total of 428,719 European ancestry participants 

with available whole-exome sequencing and clinical phenotype data were included (Table S1). 

UK Biobank has approval from the North West Multi-centre Research Ethics Committee 

(MREC; 11/NW/0382), which covers the UK. The GHS MyCode study is a health system-based 

cohort of patients from Central and Eastern Pennsylvania (USA) recruited in 2007-2019. A total 

of 121,061 European ancestry participants with available whole-exome sequencing and clinical 

phenotype data were included (Table S1). The GHS MyCode study was approved by the 

Geisinger Institutional Review Board (2006-0258). The MCPS is a cohort study of people aged 

≥35 years recruited from two contiguous urban districts in Mexico City in 1998-2004. The study 

design and clinical characteristics of participants in MCPS has been described in detail in 

previous publications (3, 4). A total of 95,846 individuals of Admixed American ancestry with 

available whole-exome sequencing and clinical phenotype data were included (Table S1). The 

MCPS study was approved by the Mexican Ministry of Health, the Mexican National Council 

for Science and Technology, and the University of Oxford. 

 We further estimated the association with BMI of GPR75 predicted loss-of-function (pLOF) 

variants in an additional 91,328 exomes not included in the discovery set. These included 

participants of non-European ancestries from the UK Biobank (UKB, N=12,321) (1), and 

participants in the Mount Sinai BioMe cohort (SINAI, N=21,143), the University of 

Pennsylvania Medicine BioBank (PMBB; N=7,519), the Duke Catheterization Genetics 

(CATHGEN) cohort (DUKE; N=8,171) (5), the Taiwanese Chinese from Taiwan Metabochip 

consortium (TAICHI; N=11,223) (6), the Dallas Heart Study (DHS; N=2,088) (7) and the 

Malmö Diet and Cancer Study (MALMO; N=28,863) (8). All participants provide informed 

consent for participation in these studies. 

 

Phenotype definitions 

 Body mass index was calculated as weight in kilograms divided by the square of height in 

meters on the basis of anthropometric measurements taken at one of the study visits. BMI 

measured at the baseline visit was the outcome variable in UKB and MCPS, while median BMI 

from clinical encounters present in the GHS database was the outcome variable for GHS 

consistent with previous studies (9). BMI categories were defined on the basis of the World 

Health Organization classification (10). BMI values were transformed by the inverse standard 

normal function, applied within each ancestry group and separately in men and women. Body 

weight differences were calculated for a person 170 cm tall. Overall and regional body lean and 

fat masses, percentages and body-surface normalized indices were measured by bioelectrical 

impedance in the UKB cohort. At the baseline visit, UKB also collected self-reported 

information comparative body size at age 10 by asking the multiple choice question: "When you 

were 10 years old, compared to average would you describe yourself as: thinner, plumper, about 

average, do not know, prefer not to answer?". 

 

 

Genotype data 
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 High coverage whole exome sequencing was performed at the Regeneron Genetics Center as 

previously described in detail (9, 11) and as summarized below. NimbleGen probes (VCRome; 

for part of the GHS cohort) or a modified version of the xGen design available from Integrated 

DNA Technologies (IDT; for the rest of GHS and other cohorts) were used for target sequence 

capture of the exome. A unique 6 base pair (bp) barcode (VCRome) or 10 bp barcode (IDT) was 

added to each DNA fragment during library preparation to facilitate multiplexed exome capture 

and sequencing. Equal amounts of sample were pooled prior to exome capture. Sequencing was 

performed using 75 bp paired-end reads on Illumina v4 HiSeq 2500 (for part of the GHS cohort) 

or NovaSeq (for the rest of GHS and other cohorts) instruments. Sequencing had a coverage 

depth (ie, number of sequence-reads covering each nucleotide in the target areas of the genome) 

sufficient to provide greater than 20x coverage over 85% of targeted bases in 96% of VCRome 

samples and 20x coverage over 90% of targeted bases in 99% of IDT samples. Data processing 

steps included sample de-multiplexing using Illumina software, alignment to the GRCh38 

Human Genome reference sequence including generation of binary alignment and mapping files 

(BAM), processing of BAM files (eg, marking of duplicate reads and other read mapping 

evaluations). Variant calling and annotation were based on the GRCh38 Human Genome 

reference sequence and Ensembl v85 gene definitions using the snpEff software. The snpEff 

predictions that involve protein-coding transcripts with an annotated start and stop were then 

combined into a single functional impact prediction by selecting the most deleterious functional 

effect class for each gene. The hierarchy (from most to least deleterious) for these annotations 

was frameshift, stop-gain, stop-loss, splice acceptor, splice donor, stop-lost, in-frame indel, 

missense, other annotations. Predicted LOF genetic variants included (a) insertions or deletions 

resulting in a frameshift, (b) insertions, deletions or single nucleotide variants resulting in the 

introduction of a premature stop codon or in the loss of the transcription start site or stop site, 

and (c) variants in donor or acceptor splice sites. Missense variants were classified for likely 

functional impact according to the number of in silico prediction algorithms that predicted 

deleteriousness using SIFT (12), Polyphen2_HDIV (13) and Polyphen2_HVAR (13), LRT (14) 

and MutationTaster (15). For each gene, the alternative allele frequency (AAF) and functional 

annotation of each variant determined inclusion into these 7 gene burden exposures: (1) pLOF 

variants with AAF < 1%; (2) pLOF or missense variants predicted deleterious by 5/5 algorithms 

with AAF < 1%; (3) pLOF or missense variants predicted deleterious by 5/5 algorithms with 

AAF < 0.1%; (4) pLOF or missense variants predicted deleterious by at least 1/5 algorithms with 

AAF < 1%; (5) pLOF or missense variants predicted deleterious by at least 1/5 algorithms with 

AAF < 0.1%; (6) pLOF or any missense with AAF < 1%; (7) pLOF or any missense variants 

with AAF < 0.1%. 

 SNP array genotyping was performed in the UKB as previously described (16). In GHS, 

genotyping was performed using the Human Omni Express Exome array (OMNI) and the Global 

Screening array (GSA). In MCPS, genotyping was performed using the GSA array. 

 

In vitro studies of GPR75 variants 

 In vitro validation studies were performed for two GPR75 pLOF genetic variants (Ala110fs 

and Gln234*) that were (a) individually associated with lower BMI (p<0.05) and (b) had at least 

10 heterozygous carriers. Briefly, pcDNA 3.1 plasmids encoding for N-terminally HA-tagged 

wild-type, Ala110fs and Gln234* GPR75 were transiently transfected using Fugene 6 (Promega) 

in HEK293 cells. HEK293 and HEK293T cell lines were purchased from ATCC and maintained 

in the Regeneron Tissue Culture Core. Their identity was confirmed by STR profiling. In vitro 
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assays included mRNA and protein analysis by Taqman and Western Blotting, and protein 

localization by fluorescence-activated cell sorting and immunofluorescence.  

 Cell culture, plasmids and cell transfection: HEK293 cells were maintained in Dulbecco's 

modified Eagle's medium supplemented with 10% fetal bovine serum, and antibiotics (50 

units/mL penicillin and 50 μg/mL streptomycin; Thermo Fisher Scientific). pcDNA 3.1 plasmids 

encoding for N-terminus HA-tagged GPR75 wild-type, Ala110fs and Gln234* were synthesized 

by GenScript (USA). Cells at approximately 60-70% confluence were transiently transfected 

with plasmid containing cDNA encoding HA-tagged GPR75 wild-type, Ala110fs and Gln234* 

and green fluorescent protein control plasmid using FuGENE 6 (Promega) according to the 

manufacturer’s protocol (Promega Literature: # TM350), at a ratio of 1ug DNA:5ul FuGENE 

transfection reagent. After 48 hours, cells were washed with 1x DPBS (Thermo Fisher Scientific) 

and collected for downstream analysis. 

 Western blotting: Transfected HEK293 were collected in RIPA buffer for cell lysis and 5-10 

μg of protein was loaded per sample. The following primary antibodies were used:  HA (mouse 

monoclonal, Sigma cat. Cat# H3663) and GAPDH 14C10 (Rabbit mAb, Cell Signaling Cat# 

2118). The appropriate LI-COR secondary IRDye antibodies (anti-rabbit [926-32211] and anti-

mouse [926-32210]) were used to detect and quantify immunoblots using a LI-COR Odyssey 

Infrared Imaging System (LI-COR, Lincoln, NE). 

 Flow cytometry: Cells were washed once with 1x DPBS (Cat# 14190144). Cell Dissociation 

Buffer (Cat# 13150016) was added and cells were incubated at 37
o
C for 3 minutes. Cells were 

re-suspended in culture media and centrifuged at 200xg for 5 minutes. Cells were washed twice 

with DPBS, re-suspended in DPBS, aliquoted and stained with Live/Dead Blue Fixable Viability 

Dye (Thermo Fisher Scientific) at room temperature for 15 minutes with no light. Cells were 

washed twice with DPBS - all washes centrifuged at 400xg for 5 mins and all staining in the 

dark.  Cells were treated with human Fc Block (BD Biosciences) in MACS buffer (Miltenyi 

Biotec) for 15 minutes at 4
o
C and stained with alexa fluor anti-HA.11 epitope tag antibody (Cat# 

682404) at 1:100 dilution in MACS buffer for 30 minutes at 4
o
C.  Cells were washed with 

MACS buffer and fixed with CytoFix (BD Biosciences) for 15 min at 4
o
C. Cells were washed 

twice with MACS buffer, filtered and FACS was performed on a CytoFLEX (Beckman Coulter). 

Data was analyzed using FlowJo 10.6.2 (Becton Dickinson & Company). 

 Immunofluorescence assays: For immunofluorescence assays, cells were seeded onto open 8-

well µ-Slides (chamber slide) with a glass bottom (Ibidi, cat# 80827) at a density of 14,000 

cells/well. At 48h post-transfection, cells were fixed in ice-cold 4% PFA for 10min at RT and 

washed 3x with ice-cold 1x DPBS (all subsequent wash steps were done 3 times ice-cold 1x 

DPBS for 5 min per wash). Cells that were not permeabilized were blocked for 1h using 10% 

normal donkey serum (NDS) (Jackson Immunoresearch Laboratories, # 017-000-121), while 

permeabilized cells were blocked in 10% NDS with 0.1% Triton X-100; these were subsequently 

used as staining buffers for non-permeabilized and permeabilized cells, respectively. Cells were 

incubated with 1:500 (non-permeabilized) or 1:3000 (permeabilized) anti-HA antibody (Sigma, 

Cat# H3663) for 1h at RT, washed and then incubated for 1h with 1:1000 alexa fluor 594-

conjugated anti-mouse secondary antibody (Thermo Fisher Scientific, Cat# A-21203). Wells 

were then washed, and slides were mounted with ProLong® Gold Antifade Reagent with DAPI 

(Cell Signaling, #8961). Slides were imaged using Zeiss confocal LSM880. 

 Quantitative real-time polymerase chain reaction: RNA was extracted from transfected 

HEK293 using TRIzol reagent and following the manufacturer’s instructions (Thermo Fisher 

Scientific). Genomic DNA was removed using MagMAX™Turbo™DNase Buffer and TURBO 

DNase (Ambion by Life Technologies). mRNA (up to 2 ug) was reverse-transcribed into cDNA 
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using SuperScript® VILO™ Master Mix (ThermoFisher Scientific). GPR75 cDNA was 

amplified with the PowerUp SYBR Green Master Mix (Thermo Fisher Scientific) using the 

QuantStudio 6 Flex Real-Time PCR System (Thermo Fisher Scientific). ACTINB housekeeping 

gene was used as the internal control gene to normalize cDNA input differences. Expression of 

GPR75 was calculated relative to ACTINB housekeeping gene.  

 

Primer sequences were as follows:  

GPR75-forward: 5’-GCTTGTGGCCCAAGTCATTC-3’ 

GPR75-reverse: 5’-GAGTGTTGATGGGGGTCGAG-3’ 

ACTINB-forward: 5’-CACCATTGGCAATGAGCGGTTC-3’ 

ACTINB-reverse: 5’-AGGTCTTTGCGGATGTCCACGT-3’  

 

 

In vitro studies of MC4R and GIPR variants 

 GIPR cDNA or MC4R cDNA constructs containing N-terminal MYC tag (Genscript) in 

pRG980 vector (Regeneron) were used throughout the study. Site-directed mutagenesis was 

performed using QuikChange II XL kit (Agilent Technologies, Catalog #200516) according to 

the manufacturer’s protocols and verified by DNA sequencing. HEK293T cells were transiently 

transfected with wild-type or mutant MC4R or GIPR. Ligand-induced Gs signaling was 

measured by cyclic adenosine monophosphate response element (CRE) dependent luciferase 

assay, while Gq signaling was measured by nuclear factor of activated T-cells (NFAT) 

dependent luciferase assay. A total of 20,000 HEK293T cells were seeded in 96 well black poly-

D-lysine plates and transfected the next day. On the transfection day, cells were then transfected 

with pGL4.29[luc2P/CRE/Hygro] plasmid (Promega, E8471) or pGL4.30[luc2P/NFAT-

RE/Hygro] (Promega, E8481), and plasmid encoding either wild-type or mutant MC4R or GIPR 

by using Fugene6 (Promega). After 48 hours, the transfection media was replaced with assay 

media (Opti-Mem 1% BSA, 0.1% FBS). Cells were then stimulated with alpha-melanocortin 

stimulating hormone (alpha-MSH) or glucose-dependent insulinotropic polypeptide (GIP), at 

various concentrations. After 6 hours, luciferase activity was quantified using One-Glo 

(Promega) reagent, and luminescence was measured with an EnVision plate reader. Percentage 

Max relative lights units of wild-type = 100*(Max relative light units [RLU] for the genetic 

variant / Max RLU wild-type) were calculated, and normalized data were merged and presented 

as sum curves  standard error of the mean. 
 Beta-arrestin 1/2 recruitment for wild-type or mutant MC4R or GIPR was assayed using a 

NanoBiT protein-protein interaction assay (Promega, M2015). Wild-type or mutant MC4R or 

GIPR containing C-terminal LgBiT, and beta-arrestin 1/2 were cloned into a SmBiT TK-Neo 

Flexi® vector. HEK293T cells were seeded in poly-D-lysine-coated, black 96-well plates, and 

transiently transfected with each of the two constructs using Fugene 6. Following 48hr 

transfection, medium was replaced with assay media (Opti-Mem 1% BSA, 0.1% FBS). Nano-

Glo Live Cell Assay System (Promega, N2013) was added and cells were equilibrated while 

basal luciferase activity was measured for 5 min (1 min intervals). Subsequently, cells were 

stimulated with alpha-MSH, GIP, or the MC4R antagonist agouti-related peptide (AgRP). AgRP 

experiments were carried out in the presence of a fixed concentration of alpha-MSH. 

Chemiluminescent signal was quantified for 30 min (1 min intervals). The area under the curve 

(AUC) was calculated for each wild-type or mutant protein. For data normalization, the Max 

AUC from wild-type was set as 100%. Results are from at least 3 independent experiments. 

Normalized data were merged and presented as sum curves  standard error of the mean. 
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 HEK293T cells were seeded in 6-well plates (Corning, 3506) and transfected with wild-type 

or mutant MC4R or GIPR constructs. Forty-eight hours after transfection, cells were suspended 

and washed three times with PBS with1% BSA. Cells were incubated on ice for 30 min with 

mouse anti-Myc mAb (Cell Signaling Technology, #2276). After two wash steps, cells were 

incubated with Goat Anti-Mouse IgG APC (Jackson) for 30 min. Following two washes with 

PBS with 1% BSA, cells analyzed on FACS Accuri C6 (BD Biosciences). Flow cytometry data 

analysis and mean fluorescence intensity (MFI) values were calculated by FlowJo analysis 

software (Tree Star) on live-gated cells (>80% live cells). Fold change is calculated by mean 

MFI of the stained cell type / same cell type unstained. 

 

Mouse models 

 The genetically engineered Gpr75
-/-

 mouse strain was created using Regeneron’s 

VelociGene® technology (16, 17). Briefly, C57Bl/6NTac embryonic stem cells were targeted for 

ablation of the entire Gpr75 locus, beginning immediately after the endogenous ATG and ending 

at the Gpr75 stop codon. Ablation was achieved using a modified bacterial artificial chromosome 

(BAC) targeting construct such that BAC Gpr75 sequence was replaced with a self-deleting, 

floxed lacZ reporter cassette containing a neomycin resistance gene under the control of the 

human UBC (ubiquitin) promoter. The deletion was engineered such that the lacZ reporter was 

inserted in frame immediately after the endogenous ATG. This construct was electroporated into 

C57Bl/6NTac embryonic stem cells. Following selection with neomycin, correctly targeted 

clones were identified by TaqMan analysis and microinjected into 8-cell Swiss Webster embryos 

(Charles River Laboratories), resulting in F0 VelociMouse® fully derived from the injected 

modified embryonic stem cells (17). 

 Heterozygous Gpr75
-/+

 mice were bred to generate age-matched wild type Gpr75
+/+

, 

heterozygous Gpr75
-/+

 and knock-out Gpr75
-/- 

littermates that were used for experimentation. 

Male and female mice (N=56; 27 males, 29 females; age range, 10-12 weeks; mean body weight, 

20.9 g, standard deviation, 2.1 g) were housed in static cages (4 mice per cage) with free access 
to food and water and fed either control chow diet or a high-fat diet (HFD; Envigo, #TD.03584, 

Huntingdon, UK) for 14 weeks. The control diet consisted of the following components in 

amounts represented by percent kilocalories (kcal): fat: 13.4%, carbohydrate: 58.0%, and 

protein: 28.7%. HFD consisted of the following components in percent kilocalories: fat: 58.4%, 

carbohydrate: 26.6%, and protein: 15.0%. 

 All animals were monitored for changes in body weight on a weekly basis. No adverse 

reactions or signs of discomfort were observed during the course of the experiment. No 

significant differences were identified between male and female mice in the measured 

parameters. The data presented in the manuscript are those of male and female mice combined.   

    Fasting blood glucose was measured after overnight fasting before and at the end of the diet-

feeding period. An intra-peritoneal glucose tolerance tests were performed at the end of the 

experiment. Followed by an overnight fasting period, glucose (2 g/kg) was administered to each 

mouse by intra-peritoneal injection. 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 Contour blood glucose monitoring system (Bayer, Whippany, NJ). After these 

measurements, blood was collected in capillary tubes and used for insulin measurements. Blood 

was centrifuged at 2,000 rpm for 15 min to separate the plasma. Ultra-Sensitive Mouse Insulin 

ELISA kit (Crystal Chem. #90080, Elk Grove Village, IL) was used to quantify plasma insulin 

levels as per manufacturer’s instructions. Plasma levels of leptin and adiponectin were measured 

by ELISA according to the manufacturer’s instructions (Abcam, Cambridge, MA; #ab100718 
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and #ab108785 for leptin and adiponectin, respectively). All protocols were approved by the 

Institutional Animal Care and Use Committee in accordance with the National Institutes of 

Health Guidelines for the Care and Use of Laboratory Animals. 

 Statistics: The Graph Pad Prism version 9 software was used for statistical analysis. 

Significance of difference in mean values was estimated using repeated measures two-way 

ANOVA followed by Tukey’s post hoc multiple comparison test.  

 

Statistical analysis 

 Overview: We estimated the association with BMI of genetic variants or their gene burden by 

fitting mixed-effects regression models using BOLT-LMM v2.3.4 (19) or REGENIE v1.0 (20). 

These approaches account for relatedness and population structure by estimating a polygenic 

score using genotypes from across the genome. Then, the association of genetic variants or their 

burden is estimated conditional upon that polygenic score along with other covariates. To ensure 

that burden associations were statistically independent of BMI-associated common genetic 

variants, we further adjusted the exome association analyses for sentinel common variants 

(AAF≥1%) identified by fine-mapping genome-wide associations of common alleles with BMI 

as described below. Results across cohorts were pooled using inverse-variance weighted meta-

analysis.  

 Association with BMI of the burden of rare nonsynonymous variants identified by exome-

sequencing: In the primary analysis of this study, we estimated the association with BMI of the 

burden of rare nonsynonymous variants in each gene by fitting mixed-effects regression models 

adjusted for a polygenic score that approximates a genomic kinship matrix using BOLT-LMM 

v2.3.4 (19) or REGENIE v1.0 (20). Analyses were further adjusted for age, age
2
, sex, an age-by-

sex interaction term, experimental batch-related covariates, and genetic principal components. 

We adjusted for 10 common-variants derived principal components in the UKB and GHS, while 

we used 10 common-variants derived principal components as well as 10 rare-variants derived 

principal components in the admixed MCPS study. Ensuring that rare variants associations are 

independent of nearby trait-associated common alleles is essential for the correct causal variant 

and gene attribution in studies focused on exome variation (21). To ensure that burden 

associations were statistically independent of BMI-associated common genetic variants, we 

adjusted the exome-wide gene burden association analyses for common variants identified by 

fine-mapping genome-wide associations of common alleles with BMI (listed in Table S18). In 

line with previous similar studies (22, 23), the exome-wide level of statistical significance for the 

gene burden analysis was defined as p<3.6×10
-07

, a Bonferroni correction for 20,000 genes and 

seven variant selection models. 

 Rare nonsynonymous single variant analysis: In a secondary analysis, we estimated the 

association with BMI of individual rare nonsynonymous variants (minor allele frequency < 1% 

and minor allele count > 25) identified by exome sequencing. We used the same analytical 

approach as with the gene burden analysis, including adjustment for BMI-associated common 

variants identified by fine-mapping. This step is essential to confirm the conditionally-

independent nature of the association of these rare variants (21). In this analysis, we used a 

statistical threshold for association of p<5×10
-08

, a Bonferroni correction for ~1,000,000 rare 

nonsynonymous variants tested in this analysis which is also the conventional threshold for 

genome-wide significance used in GWAS (24). 

 GWAS of common variants and fine-mapping: We identified BMI-associated common 

variants by performing a genome-wide association study including over 12 million common-to-

low-frequency genetic variants imputed using the Haplotype Reference Consortium panel (25). 
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In the GHS study, imputation was performed separately in samples genotyped with the Illumina 

Human Omni Express Exome array (OMNI set) and the Global Screening array (GSA set). 

Dosage data from imputed variants were then merged across the two GHS sets, to obtain a 

combined dataset for association analysis. Genome-wide association analyses were performed in 

the GHS, UKB and MCPS cohorts separately by fitting mixed-effects linear regression models 

using BOLT-LMM (19) or REGENIE (20). Results from the UKB and GHS analyses were then 

combined by inverse variance-weighted meta-analysis to obtain a genome-wide meta-analysis in 

the European subset of the discovery cohorts. To identify conditionally-independent genetic 

association signals driven by common variants, we performed fine-mapping at genomic regions 

harboring genetic variants associated with BMI at the genome-wide significance threshold of 

p<5×10
-08

 using the FINEMAP software (26). Linkage disequilibrium was estimated using 

genetic data from the exact set of individuals included in the genome-wide association analyses. 

Fine-mapping was performed separately in the meta-analysis of the European ancestry GHS and 

UKB cohorts and in the Admixed American ancestry analysis in the MCPS cohort. Fine-

mapping identifies independent common variant signals and assigns a posterior probability of 

causal association for variants linked to a given independent signal. For each locus that was fine-

mapped, we identified the 95% credible variant set, i.e. the minimal set of variants that capture 

the 95% posterior probability of causal association. We also defined the sentinel variant as the 

variant with the highest posterior probability of causal association at each given independent 

signal.    

 Transethnic meta-analysis of GWAS with MANTRA: To estimate the strength of association 

across ancestries for fine-mapped variants identified in ancestry specific analyses, transethnic 

meta-analysis was performed using GWAS summary statistics from the UKB, GHS, and MCPS 

cohorts using the MANTRA (Meta-ANalysis of Transethnic Association studies) software (27).  

 Prioritization of likely effector genes at fine-mapped loci: we used physical proximity, 

common nonsynonymous variants, and expression quantitative trait loci (eQTLs) data to 

prioritize likely effector genes at GWAS fine-mapped loci. For the physical proximity criterion, 

we prioritized the gene nearest to the sentinel variant of a fine-mapped signal. For the common 

nonsynonymous variant criterion, we considered whether the sentinel variant or one of its 

proxies (R
2
 > 0.8) was a nonsynonymous variant in a gene. For the eQTL data, we performed 

colocalization analyses using summary association statistics from the v8 release of GTEx and 

summary association statistics from our common variants GWAS of BMI. We separately used 

GTEx results based on all individuals (ALL) or GTEx results based only on individuals of 

European ancestry (EUR). First, for each BMI sentinel variant identified in our fine-mapping 

analysis, we looked for associations with gene expression in any one of 49 tissues in GTEx (p-

value thresholds for gene expression analysis were based on gene level thresholds derived in 

GTEx). For each variant, gene and tissue combination, we performed colocalization using the 

coloc Bayesian framework (28). We defined a 500kb region around the sentinel variant and 

considered only variants present in both datasets (BMI GWAS and GTEx) and with minor allele 

frequency above 1% in both datasets for the colocalization analysis. Furthermore, we used the 

default priors in the coloc package and conducted sensitivity analyses (29) for each colocalized 

result to see how robust they were to the specification of the priors. We defined each gene-region 

combination as being colocalized if its posterior probability of having a shared single casual 

variant for both BMI and gene expression, ie. PP4, was greater than 0.8 (80%).  

 Generation of a genome wide-polygenic score for BMI in the UKB study: A polygenic score 

capturing predisposition to higher BMI due to over 2.5 million common variants was generated 
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using the LDpred software (30) with a rho parameter value of 1, from the results of a previous 

large genome-wide association study in an independent dataset (31). 

 Phenome-wide analysis for GPR75 predicted loss-of-function variants: We undertook a 

phenome-wide analysis of the association of pLOF variants in GPR75 with hundreds of 

continuous traits or disease outcomes in the GHS and UKB studies. To increase power, we 

performed  inverse-variance weighted meta-analysis using the METAL software (32) to combine 

association results across GHS and UKB for disease outcomes available in both studies. To 

minimize the risk of false positive associations due to the small number of variant carriers, we 

excluded outcomes with ≤25 individuals carrying GPR75 pLOF genetic variants, determined 

based on individuals with a non-missing phenotype for continuous traits, or based on affected 

individuals for binary disease outcomes. After these exclusions, results were available for 2,173 

outcomes. To control for the number of statistical tests performed, associations were considered 

statistically significant if the association p-value met a Bonferroni correction for 2,173 tests, that 

is p<2.3×10
-5

 (corresponding to a p-value threshold of 0.05 divided by 2,173 statistical tests). 

 Continuous traits and disease outcomes were defined as described below. In the UKB study, 

for continuous traits, the values of biomarker, imaging variables or other continuous traits 

measured during one of the UKB visits or their averages within a given study visit or across 

study visits were used as outcomes. For binary disease outcomes, case status definition required 

one or more of the following criteria to apply (a) self-reported disease status or use of medication 

at digital questionnaire or interview with a trained nurse or (b) EHR of inpatient encounters from 

the UK National Health Service Hospital Episode Statistics database coded using the ICD-10 

coding system. For each binary outcome, controls were individuals without any of the criteria for 

case definition. In the GHS study, for binary disease outcomes, case status definition required 

one or more of the following criteria to apply: (1) a problem-list entry of the ICD-10 diagnosis 

code, (2) an inpatient hospitalization-discharge ICD-10 diagnosis code, or (3) an encounter ICD-

10 diagnosis code entered for 2 separate outpatient visits on separate calendar days. Controls 

were individuals without any of the criteria for case definition. Individuals were excluded if they 

had the relevant ICD-10 code associated with only one outpatient encounter. For continuous 

traits, data cleaning was performed by removing non-physiologic lab values, invalid or 

contaminated specimens, and those that were over 5x upper limit of normal. Then the minimum, 

median, and maximum laboratory result values over the duration of follow-up were derived for 

each patient and used as outcomes. 

 Tissue Enrichment analysis: Tissue enrichment analyses were performed using annotation 

data based on gene expression values from the V8 data freeze from GTEx 

(https://www.gtexportal.org/home/faq#citePortal) (33). Annotation for each gene is obtained as 

follows. For each tissue in the GTEx V8 Freeze, we used the same QC filters as GTEx to remove 

outlier samples and null genes. With the filtered dataset, we performed a between sample 

normalization using the TMM approach (34) and obtained the median expression level across 

individuals for each gene within a given tissue. With these we calculated z-scoresTissue within 

each tissue for each gene, where the median and the median absolute deviation (adjusted for 

asymptotically normal consistency) were used to center and scale the normalized gene-

expression values. Hence, each z-scoreTissue accounts for the deviation of each gene expression 

level from the median expression value, scaled by the variability seen in the tissue. Using these 

tissue specific z-scoresTissue, we then calculated another z-scoreGene per gene across tissues. For a 

given gene, tissues where the newly obtained z-scoresGene are at least 6 standard deviations away 

from the median z-scoresGene seen for that gene across tissues are then identified as tissues where 

we see an enhanced expression for the gene (ie. tissue-enhanced gene). Using this tissue-

https://www.gtexportal.org/home/faq#citePortal
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enhanced gene definition, we grouped our gene burden association results by tissue and then 

transformed the gene-burden p-values to z-scores so that small p-values correspond to large z-

scores. With the z-score we estimated and tested (one-sided) the average change in z-scores 

comparing genes in tissue of interest to genes not in the tissue of interest using the generalized 

estimating equation approach (35) to account for correlated z-scores across gene-masks.  
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Fig. S1. Manhattan plots for the association with BMI of gene burden (exome sequencing) 

and common variants (GWAS of imputed variants) in the discovery cohorts. A Association 

of the gene burden of rare nonsynonymous alleles with body mass index in the discovery exome-

sequencing analysis. Orange triangles pointing upwards indicate gene burden associations with 

higher body mass index, while red triangles pointing downwards indicate gene burden 

associations with lower body mass index. B Association of common variants in a GWAS of 

European ancestry individuals from the UKB and GHS cohorts. C Association of common 

variants in a GWAS of admixed American individuals from the MCPS cohort. 
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Fig. S2. Tissue enrichment analysis for body mass index gene burden associations.  

Results from tissue enrichment analyses, based on gene burden tests from the BMI exome 

analysis, using GTEx V8 data. Shown on the plot are tissues (y-axis) whose enhanced genes, on 

average, have a stronger association (x-axis) with BMI.  

* p<0.05 

** p<0.001 (Bonferroni correction for number of tests) 
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Fig. S3. GPR75, ASB3 and GPR75-ASB3 genes. The Figure shows the gene model and 

chromosomal locations for the GPR75, GPR75-ASB3 and ASB3 genes. GPR75 shares exon 1, 

containing non-coding sequence, with the GPR75-ASB3 readthrough gene. Exon 2 of GPR75, 

containing its entire coding sequence, is exclusive to the GPR75 gene and is not shared with any 

other gene. ASB3 and GPR75-ASB3 share several exons with each other but not with GPR75.  

Chromosome 2

ASB3 gene
GPR75 geneExon 2 of GPR75. This exon includes the entire protein-

coding sequence of GPR75 and is not shared with any 
other gene.

Exon 1 of GPR75. This exon contains non-coding 
sequence and is shared with GPR75-ASB3 readthrough.GPR75-ASB3 readthrough gene
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Fig. S4. Associations with BMI for common variants at the GPR75 locus. Results from 

GWAS analyses in European ancestry individuals from UKB and GHS are shown on the left 

panel and those from GWAS analyses in admixed Americans from the MCPS cohort on the 

right. The sentinel variant in the GWAS of European individuals is highlighted (rs59428052), 

there were no genome-wide significant associations in Admixed Americans (p<5x10
-8

). 
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Fig. S5. Association of pLOF variants in GPR75 and MC4R with body fat and lean mass 

indices estimated by bioelectrical impedance. Association analyses we performed in 423,418 

participants of the UK Biobank study who underwent whole exome sequencing and bioelectrical 

impedance measurements. 

Abbreviations: pLOF, predicted loss of function; kg, kilograms; CI, confidence interval. 
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Fig. S6. Plasma leptin, adiponectin and leptin-adiponectin ratio in mouse experiments. A 

Plasma leptin levels in Gpr75
+/+ 

(WT), Gpr75
+/-

 (HET), and Gpr75
-/- 

(KO) mice after the high-

fat diet challenge expressed as fold difference compared to wild-type (set as 1). Absolute levels 

(mean ± standard deviation) for wild-type mice were 208±42 pg/mL. B Plasma adiponectin 

levels in Gpr75
+/+ 

(WT), Gpr75
+/-

 (HET), and Gpr75
-/- 

(KO) mice after the high-fat diet 

challenge expressed as fold difference compared to wild-type (set as 1). Absolute levels (mean ± 

standard deviation) for wild-type mice were 3,911±1,656 ng/mL. C ratio of leptin to adiponectin 

in Gpr75
+/+ 

(WT), Gpr75
+/-

 (HET), and Gpr75
-/- 

(KO) expressed in ratio units. Number of mice 

included in each group and analysis are in parenthesis in the x-axis labels. Results are presented 

as mean ± standard deviation. ns, not statistically-significant; *p<0.05, **p<0.01, ***p<0.001, 

****p<0.0001 by two-way ANOVA with Tukey’s multiple comparisons test. 

 

A B
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Fig. S7. In vitro experiments on the MC4R Val103Ile gain-of-function variant. A results of 
wild-type, Val103Ile, and Tyr35* MC4R Gs activation in response to stimulation with α-MSH 

assayed by CRE-luc reporter. B results of wild-type and Val103Ile mutant MC4R Gs in response 

to AgRP assayed by CRE-luc reporter. C and D β-arrestin1 and β-arrestin2 recruitment 

respectively in response to α-MSH stimulation of wild-type, Val103Ile, or Tyr35* MC4R 

assayed by NanoBiT protein interaction assay. E β-arrestin2 recruitment by wild-type or 

Val103Ile mutant MC4R in response to AgRP assayed by NanoBiT protein interaction assay. F 

flow-cytometry assay to quantify wild-type, Val103Ile, or Tyr35* MC4R localization to the 

plasma membrane. Addition of no antibody, only secondary antibody, and primary and 

secondary antibody are represented by the gray, blue, and red bars respectively. 

Abbreviations: αMSH, alpha-Melanocyte-stimulating hormone; AgRP, agouti-related peptide; 

MFI, mean fluorescence intensity.  
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Fig. S8. Rare predicted loss-of-function genetic variants in GPR75 and MC4R, polygenic 

predisposition and body mass index distribution. The Figure shows the distribution of body 

mass index in heterozygous carriers of predicted loss of function variants in GPR75, non-

carriers, or heterozygous carriers of predicted loss of function variants in MC4R within quintiles 

of a genome-wide polygenic score for higher BMI. Boxes display the median, 25
th

 and 75
th

 

percentiles, while whiskers display the upper and lower adjacent values for each group. Data are 

from European ancestry participants in the UK Biobank study who underwent exome 

sequencing. P-values for interaction between the polygenic score and rare pLOF variants on 

body mass index were 0.36 and 0.82 for GPR75 and MC4R, respectively. 

Abbreviations: pLOF, potential loss of function; BMI, body mass index. 
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