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SUPPLEMENTARY NOTE

RG model selection

We examined the distributions of untransformed and natural logarithmic transformed RG in
the first set of six available cohorts. We observed that RG was approximately normally
distributed after natural log transformation. We then determined the variables that could
have a significant effect on RG by fitting several regression models using naturally log-
transformed RG as the outcome with age, sex, BMI and time since last meal as predictors.
Modelling of RG revealed significant effects (P<0.05) of age, sex, BMI and time since last meal
(accounted for as T, T>and T3) in these cohorts (Supplementary Table 2). Compared to RG
models without T, inclusion of T, T2and T3 increased the proportion of variance explained in
the range of 1-6%. Thus, inclusion of this covariate is potentially equivalent to 1-6% increase

in study sample size.

Genotyping and quality control

Commercial genome-wide arrays and the Metabochip® were used by individual studies for
genotyping. Studies with genome-wide arrays undertook imputation of missing genotypes
using at least the HapMap 2 CEU reference panel via MACH v1.0>, IMPUTE
v0.3.1/v1.0.0/v2.3.2/v4.1.23*, or Minimac2® software (Supplementary Table 1). For each
study, samples reflecting duplicates, low call rate, gender mismatch, or population outliers

were removed. Low-quality SNPs were excluded by the following criteria: call rate <0.95,



minor allele frequency (MAF) <0.01, minor allele count <10, Hardy-Weinberg P-value <107,
GWAS were performed with PLINK v1.07, SNPTEST v1.1.5/v2.5.1, EMMAX beta-07Mar2010,
LMEKIN v1.8 (R package), Merlin v1.1.2, STATA v11, and ProbABEL v0.4.3 (Supplementary

Table 1).

GWAS in the UKBB

For the GWAS of the UKBB data we excluded non-white non-European individuals and those
with discrepancies in genotyped and reported sex. For the RG definition, we used the same
criteria as in the other studies described above. To control for population structure, we
adjusted the analyses for six first principal components. The GWAS was performed using the
BOLT-LMM v2.3 software®” restricting the analyses to variants with MAF>1% and imputation
quality>0.4. Additionally, we performed rare variant analysis across the genome on UKBB data

for variants with MAF<1% and imputation quality>0.4.

RG meta-analysis

A locus was considered novel for if it contained only novel RG signals. A signal was considered
novel if there were no previously established signals for glycaemic traits® within +/- 400 kb of
the RG signal in LD (r?> 0.01) with this signal (the look up for glycaemic traits was done on the
19 of June 2023). Additional signals were excluded from the novel loci count. However, these
are annotated in Supplementary Table 3. All signals, including rare, cross-ancestry and sex-
dimorphic, were included in the count and those significant in multiple analyses were counted
only once. A signal was considered established for T2D if a lead or additional signal was

located within +/- 400 kb of a previously reported association.®1°



Conditional analysis

For validation and comparison with the GCTA conditional analysis, we have performed direct
conditional analyses to replicate the signals based on AS20 and AST20, respectively, using
BOLT-LMM v2.3 (with the same settings as described in Methods) with all the lead signals
fitted as covariates. We checked for additional distinct signals by using a region-wide
threshold of P<1.0x107 for statistical significance after clumping. We further conducted a 2™
round of conditional analysis with BOLT-LMM v2.3 by fitting all the lead signals and additional
signals from the 1% round of conditional analysis as covariates, to check for remaining

significant signals.

Whole-exome sequencing

A full release of WES data from the UK Biobank Exome Sequencing Consortium for 469,835
UKBB participants were used to validate RG effects from imputed array data at rare variants.
In total, 316,789 UKBB participants of European ancestry had both WES (PLINK binary format)
and RG data available and met the inclusion criteria for the RG GWAS. Whole exome
sequencing of UKBB samples was done using a modified IDTxGen Exome Research Panel v1.0

(www.idtdna.com). Samples whose reported sex differed from the genetically-determined

sex, those with high heterozygosity rates, low sequence coverage and duplicated samples
were excluded!!. Raw sequencing data was analysed in the DNAnexus platform?®?. Variant
calling to identify both single nucleotide variants (SNVs) and INDELs was done using the
WeCall variant caller (https://github.com/Genomicsplc/wecall). In total, there were ~10
million variants which included 8,086,176 single nucleotide variants (SNVs), 370,958 INDELs
and 1,596,984 multi-allelic variants'3. Majority of the SNVs were coding variants (85%) which

included 25.3% synonymous, 53.8% missense and 5.4% predicted loss-of-function


http://www.idtdna.com/

variations'3. 98% of these variants had 0.001%<MAF<1%. Out of 792 rare variants associated
with RG above genome-wide significance in the HRC-imputed UKBB data, 18 were available
and nine were validated by the UKBB WES data (Supplementary Table 9). Each of 18 rare
variants (available in the UKBB WES data) were tested separately for their effect on RG by
fitting the AST20 RG linear regression model including the six first principal components using
the software PLINK v1.90. We considered a rare variant validated if it had the same direction
of effect on RG and reached a nominal threshold of significance (P<0.05). Furthermore, we
tested the nine validated variants for their independence from the 119 common lead variants
in direct conditional analyses by using the 119 variants as covariates in the association
analysis. Out of the 7 variants, all remained significant at both, regional (P<10~) and genome-
wide (P<5.0x108) thresholds (Supplementary Table 3). The UKBB WES data were also used
for estimating the effects of 16 coding SNVs in GLPIR available from the set of 19 SNVs
(Supplementary Table 11), as sensitivity analysis. These SNVs were tested for their effect on

RG by using the same model and software as for the rare variant validation.

GLP-1R pharmacological analysis

Reagents

Custom peptides were purchased from Wuxi Apptec and were at least 95% pure. SNAP-
Surface probes were purchased from New England Biolabs. BG-S-S-649%* was provided by

New England Biolabs on a collaborative basis. Furimazine was obtained from Promega.

Plasmids and cell line generation
Wild-type and variant GLP-1R expression plasmids, termed pcDNA5-SNAP:GLP-1R-SmBIT,

were generated by Genewiz to the following design®®: a fast-labelling SNAPs tag and upstream



signal peptide based on that of the 5-HTsa receptor (MDSYLLMWGLLTFIMVPGCQA), plus C-
terminal SmBIT tag, were appended to the codon-optimised wild-type or variant human GLP-
1R sequence (without the endogenous N-terminal signal peptide, which would lead to
cleavage of the N-terminal SNAP-tag; accordingly, known missense variants in the signal
peptide region were not included), and inserted into the pcDNA5/FRT/TO expression vector.
These constructs allow bio-orthogonal labelling of expressed GLP-1R using SNAP-labelling
probes and monitoring of cytosolic protein interactions made to GLP-1R. Constructs were
used either for transient transfection (for a screen of 197 variants using a single agonist
responses) or to generate stable cell lines (for more in-depth characterisation using full
concentration-responses). To obtain cell populations with inducible expression of SNAP-GLP-
1R-SmBIT from a single genomic locus, Flp-In™ T-REx™ 293 cells!® (Thermo Fisher) were co-
transfected with pOG44 (Thermo Fisher) and wild-type or variant pcDNA5-SNAPsGLP-1R-
SmBIT in a 9:1 ratio, followed by selection with 100 pg/ml hygromycin. The resulting cell lines
were maintained in DMEM supplemented with 10% foetal bovine serum (FBS) and 1%

penicillin/streptomycin.

High content imaging-based GLP-1R internalisation assay

Where stable cell lines were used (i.e. Figures 2a-b), wild-type or variant T-REx-SNAP-GLP-1R-
SmBIT cells were seeded (10,000/well) in poly-D-lysine-coated black, clear-bottom 96-well
plates, in complete medium supplemented with tetracycline (0.2 pg/ml) for 24 hours before
the assay. Medium was removed and cells labelled with 0.5 uM BG-S-5-649 (a gift from New
England Biolabs) in complete medium for 20 min at 37°C. Agonists were then applied in
serum-free medium at the indicated dose for a 30-min stimulation period to induce GLP-1R

internalisation. Further details on this assay are given in the Supplementary Note. A series of



concentrations spanning the response range were used. Cells were then washed with HBSS,
followed by a 5-min treatment + 100 mM sodium 2-mercaptoethanesulfonate (Mesna) in
alkaline TNE buffer (pH 8.6) to cleave residual surface BG-S-S-649 without affecting that
internalised whilst bound to SNAP-GLP-1R. After re-washing, the plate was imaged using a
0.75 numerical aperture 20x phase contrast objective, with 9 fields-of-view (FOVs) per well
acquired for both transmitted phase contrast and epifluorescence. Flat-field correction of
epifluorescence images was performed using BaSiC v1'’ and cell segmentation was
performed using PHANTAST v1'8 for the phase contrast image. To determine specific GLP-1R
labelling, cell-free background per image was determined from the segmented
epifluorescence image and subtracted from the mean fluorescence intensity from the cell-
containing regions. Ligand induced effects were determined by subtracting the signal from
vehicle-treated cells exposed to Mesna. Responses were normalised to signal from labelled,
untreated cells (i.e. total surface labelling) within the same assay. GLP-1R surface expression
levels were also obtained from these assays from wells not treated with GLP-1RA or Mesna.
For transient transfection assays (i.e. Figure 2j), the assay was performed similarly but with
the following changes: 1) HEK293T cells in poly-D-lysine-coated black clear-bottom 96-well
plates were transfected using Lipofectamine 2000 with 0.1 pg/well wild-type or variant SNAP-
GLP-1R-SmBIT and the assay performed 24 hours later; 2) the plate was imaged as above both
prior to and after ligand treatment (+subsequent Mesna cleavage); 3) surface labelling
guantification was obtained from the pre-treatment read, and total internalised receptor was

obtained from the post-treatment read.

Credible set analysis



Based on the method adopted from??, for each signal, we defined a + 1Mb region around it
and extracted all the variants that are in linkage disequilibrium with it (r>> 0.01). For the
extracted variants, we then calculated the approximate Bayes factor (ABF) by setting the prior
variance to 0.04, and further computed their posterior probability of association (PPA) by
dividing every ABF by the sum of ABF for all variants within the region. Finally, for each signal,
we defined its 99% credible set by sorting all the variants based on descending PPA and

extracting variants until a sum of PPA of 0.99 was achieved.

DEPICT analysis

Tissue and cell types enriched for prioritised genes were computed on normalised expression
data comprised of 209 tissues and cell types from 37,427 Affymetrix U133 Plus 2.0 Array?°.
We used 500 permutations for bias adjustment and 50 replications for false discovery rate
estimation in our analysis in order to calculate empirical P-values and false discovery rate

cutoffs for prioritised tissues.

CELLECT analysis

Expression values were normalised by using a scaling factor of 10k transcripts. The normalised
values were transformed by taking log(x+1), followed by filtering out infrequently expressed
genes, and keeping only those mouse transcripts with 1-1 mapping to human genes in
Ensembl v.91. This data was supplied to CELLEX to compute a cumulative expression
specificity metric (ESu) of every gene for each Tabula muris cell type by combining four
different expression specificity measures?!. ESu values were converted to stratified LD-score

regression (S-LDSC) annotations using the 1000 Genomes Project SNPs and mapping each SNP



to the strongest ESu value within 100kb. Cell types were prioritised by S-LDSC on the basis of

ESp-derived annotations and GWAS summary statistics from the current RG meta-analysis.

Mendelian Randomisation analysis

MR can provide estimates of the effect of modifiable exposures on an outcome (e.g. disease)
unaffected by classical confounding or reverse causation, whenever randomised clinical trials
are not feasible. Valid causal effect estimates can only be derived if the following core MR
assumptions hold: i) the genetic instrument(s) are associated with the exposure, ii) the
genetic instrument(s) are not associated with the confounders of the exposure-outcome
relationship, iii) the genetic instrument(s) influence the outcome only via the exposure.
Instrument selection: Independent (established by conditional analyses for both RG and the
lung function phenotypes) genome-wide significant (P<5.0x10®) variants were selected as
genetic instruments. In total, 133 independent variants were defined for RG by the current
study, 424 T2D signals were reported for Europeans by Vujkovic et al.l® and 130/162
independent signals were reported by Shrine et al.?? for FVC and FEV1, respectively. We
looked for proxy variants with a minimum r? of 0.8 where the instrumental variant was not
present in the outcome data. Palindromic variants with minor allele frequency larger than
45% were excluded to avoid uncertainty when harmonizing effects to the exposure-increasing
allele. After filtering, 136 variants were used to instrument RG and 413 variants were available
as T2D instruments. For FVC, 125 and 115 variants could be used as instruments in the RG and
T2D MR analyses, respectively. For FEV1, 157 and 140 variants served as instruments in the
RG and T2D MR analyses, respectively.

The MR-Egger causal estimate is valid as long as the pleiotropic effects of the instruments are

independently distributed from their genetic associations with the risk factor. If the MR-Egger



intercept term is close to zero, then the MR-Egger causal estimate will be close to the IVW
estimate. However, even if the two causal estimates are similar, inferences from the two
methods can differ if the MR-Egger estimate is imprecise. In such cases, the MR-Egger method
provides no additional evidence for a causal effect, but it does not contradict evidence for a
causal effect from a conventional (in this case IVW) MR analysis either?3. Causal effect
estimates of RG on lung function are given in units of standard deviation per mmol/L (natural
log transformed) RG increase. Similarly, causal effect estimates of lung function measures on
RG are expressed in natural log transformed mmol/L RG per standard deviation increase in
lung function. We used the STROBE-MR reporting guideline for MR studies to facilitate the

readers’ evaluation of our results?*.

Polygenic risk score analysis

The PRS for an individual is the summation of the effect (trait-increasing) alleles weighted by
the effect size of the SNP taken from the base data. The SNPs in the base data are clumped
so that they are largely independent of each other and thus their effects can be summed. To
assess predictive power, PRS for RG, T2D and FG were regressed onto the phenotypes of
interest (i.e. RG, T2D and HbA1c) providing the coefficient of determination (R?) as an
estimate for the correlation between the phenotype and the PRS in the VUMC cohort. All
models were adjusted for age, four principal components, sex and the cohort-specific batch
effect. Since the optimal P-value threshold for including SNPs in the PRS is unknown a priori,
PRS are calculated over a range of thresholds and regressed onto the phenotype of interest,
optimising prediction accordingly. The R? estimates for each trait were derived by subtracting

the R% from the null model (Phenotype ~ sex + age + 4 principal components + batch) from the



R? from the full model (Phenotype ~ PRS + sex + age + 4 principal components + batch) which

contains the PRS at the best predicting P-value threshold.
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