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ARTICLE

An integrative framework to prioritize genes
in more than 500 loci associated
with body mass index

Daiane Hemerich,!.2 Victor Svenstrup,?# Virginia Diez Obrero,3* Michael Preuss,! Arden Moscati,!>
Joel N. Hirschhorn,®78 and Ruth J.F. Loos'3.4*

Summary

Obesity is a major risk factor for a myriad of diseases, affecting >600 million people worldwide. Genome-wide association studies
(GWASs) have identified hundreds of genetic variants that influence body mass index (BMI), a commonly used metric to assess obesity
risk. Most variants are non-coding and likely act through regulating genes nearby. Here, we apply multiple computational methods to
prioritize the likely causal gene(s) within each of the 536 previously reported GWAS-identified BMI-associated loci. We performed sum-
mary-data-based Mendelian randomization (SMR), FINEMAP, DEPICT, MAGMA, transcriptome-wide association studies (TWASs), mu-
tation significance cutoff (MSC), polygenic priority score (PoPS), and the nearest gene strategy. Results of each method were weighted
based on their success in identifying genes known to be implicated in obesity, ranking all prioritized genes according to a confidence
score (minimum: 0; max: 28). We identified 292 high-scoring genes (>11) in 264 loci, including genes known to play a role in body
weight regulation (e.g., DGKI, ANKRD26, MC4R, LEPR, BDNF, GIPR, AKT3, KAT8, MTOR) and genes related to comorbidities (e.g.,
FGFR1, ISL1, TFAP2B, PARK2, TCF7L2, GSK3B). For most of the high-scoring genes, however, we found limited or no evidence for a
role in obesity, including the top-scoring gene BPTF. Many of the top-scoring genes seem to act through a neuronal regulation of
body weight, whereas others affect peripheral pathways, including circadian rhythm, insulin secretion, and glucose and carbohydrate
homeostasis. The characterization of these likely causal genes can increase our understanding of the underlying biology and offer ave-

nues to develop therapeutics for weight loss.
Introduction

Obesity is a major risk factor for chronic diseases, such as
type 2 diabetes, cardiovascular disease, and some cancers. '
The prevalence of obesity has increased steadily over the
past four decades, and most recent reports estimate that
nearly 125 million children and adolescents (7%) and
more than 670 million adults (13%) worldwide have
obesity.” Besides contributions of the obesogenic environ-
ment, twin and family studies have provided evidence for a
genetic component to obesity, with heritability estimates
ranging between 40% and 70%.>*

Over the past 15 years, large-scale genome-wide associa-
tion studies (GWASs) have identified hundreds of genetic
loci associated with body mass index (BMI),” a commonly
used metric to define obesity (BMI >30 kg/m?). Pathway,
tissue, and functional enrichment analyses, based on the
genes located in the GWAS-identified loci, have pointed
to the central nervous system (CNS) as a key player in
body weight regulation,®® likely influencing hedonic as-
pects of food intake, such as hunger, satiety, and reward.
However, translating GWAS-identified loci into meaning-
ful biology remains a major challenge, as the most signifi-

cant variant in a locus is often not causal and almost al-
ways located in a non-coding region of the genome,
likely exerting their effect by acting on genomic elements
that regulate the expression of target genes.” These so-
called effector genes, in turn, are often not in the immedi-
ate vicinity of the GWAS locus,'’ and may be regulated
through distant interactions with enhancers and looping
chromatin.'™'? This regulatory machinery is highly tissue
specific, and for a given locus, effector genes may differ
across tissues."” Thus, prioritizing effector genes within
obesity-associated GWAS loci is a challenging but crucial
step to inform functional follow-up experiments that
may help us understand the mechanisms that underlie
body weight regulation.

Many gene prioritization methods have been developed;
they can be divided into locus-based methods and similar-
ity-based methods.'*"'® Combining results across multiple
gene prioritization methods has been shown to increase
confidence in prioritized genes.'®

Here, we aim to prioritize genes within each of 536 BMI-
associated loci identified in the latest published GWAS
meta-analysis by the GIANT Consortium.'” To this end,
we use eight gene prioritization methods, including
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locus-based and similarity-based methods. We score and
rank the prioritized genes according to the ability of each
method to identify established obesity genes.””?! As
such, we generate a catalog of candidate causal genes
(i.e., a gene that likely harbors a causal variant), prioritized
in each GWAS-identified obesity locus. A weighted score
was calculated for each candidate gene, based on the
type and number of prioritization methods that prioritized
it. This catalog may expedite the selection of candidate
genes for functional characterization in experimental
follow up studies, critical to bridge the translational
gap—from variant to function—which has been lacking
in most GWASs.

Material and methods

GWAS-identified BMl-associated loci

We obtained publicly available GWAS summary statistics from
Yengo et al."’ from https://portals.broadinstitute.org/collaboration/
giant/index.php/GIANT_consortium. Their combined GWAS meta-
analysis includes N = ~700,000 individuals. Loci were defined as
one or multiple jointly associated SNPs located within a 2 Mb win-
dow (=1 Mb of the lead SNP).

Gene prioritization methods

SMR analysis

Briefly, the SMR and HEIDI approach integrates summary-level
data from GWASs and eQTL studies to test whether a transcript
and phenotype are associated because of a shared causal variant
(i.e., pleiotropy). The advantage of SMR when compared with
similar integrative approaches*** is the ability to distinguish a
pleiotropic model (i.e., gene expression and phenotype are associ-
ated owing to a single shared genetic variant) from a linkage model
(i.e., there are two or more distant genetic variants in LD affecting
gene expression and phenotype independently).”> We considered
as candidate genes those passing a Bonferroni corrected p-SMR and
a p-HEIDI < 0.05, as in similar studies.?®

LD data required for the HEIDI test were estimated from geno-
typed data from the UK Biobank (UKB) study,”® including
10,000 randomly selected white British participants (Project
1251; https://biobank.ndph.ox.ac.uk/ukb/label.cgi?id=263).
Appropriate informed consent was obtained from the participants.

To map the resulting genes to their respective BMI-associated
loci, we identified the lead BMI SNP in high LD (% > 0.8) with
the top SNP that passed SMR and HEIDI tests.

Blood eQTL summary statistics were obtained from eQTLGen
Consortium,”” generated on peripheral blood from 31,684
individuals. SMR-formatted data were downloaded from https://
molgenis26.gcc.rug.nl/downloads/eqtlgen/cis-eqtl/SMR_formatted/
cis-eQTL-SMR_20191212.tar.gz. We used different brain eQTL
summary datasets, including GTEx-brain (n = 72),”® Common
Mind Consortium (CMC) (n = 467),>° ROSMAP (n = 494),>" and
Brain-eMeta (n = 1,194).2® Data from GTEx-brain was generated
via MeCS method by Qi et al.?® to account for sample overlap,
given brain data available on GTEx comes from 10 brain regions.”®
CMC and ROSMAP eQTL data for SMR analyses were obtained
from Qi et al.?® Brain-eMeta was generated in the same study
by the MeCS method and is a meta-analysis of GTEx brain,
CMC, and ROSMAP.”® Both CMC and ROSMAP eQTLs were
from a larger set of dorsolateral prefrontal cortex tissue samples.

We downloaded SMR-formatted GTEx, CMC, ROSMAP, and
Brain-eMeta from https://yanglab.westlake.edu.cn/software/smr/
#DataResource.

DEPICT analysis

DEPICT is an integrative tool that prioritizes the most likely causal
genes based on predicted gene functions and identifies enriched
pathways, tissues/cell types in which the presumed causal genes
are expressed.'”” We used BMI summary statistics from Yengo
et al.'® (https://portals.broadinstitute.org/collaboration/giant/
index.php/GIANT _consortium) as input on DEPICT with default
parameters. DEPICT is built upon 14,461 predefined gene sets
from diverse databases and data types and applies a stepwise
approach that consists of the scoring, bias adjustment, and FDR
estimation steps. Briefly, it first scores the similarity of a given
gene with genes of the 14,461 gene sets by applying a correlation
approach. Next, it controls for biases, such as gene length, by
normalizing the gene score. Finally, FDRs are estimated by
repeating the previous two steps (scoring and bias adjustment)
20 times, based on top SNPs from the precomputed null GWAS.
FINEMAP analysis and chromatin conformation mapping

We performed a GWAS on BMI using data of 452,956 European UK
Biobank participants (Project 1251; https://biobank.ndph.ox.ac.
uk/ukb/label.cgi?id=263), using the same criteria and methods
as described in Yengo et al.'” and used BMI summary statistics as
input on FINEMAP®' with default parameters and selecting a
maximum of 30 causal variants per locus. The output variants
identified as likely causal were mapped to genes using tissue-spe-
cific HiC chromatin conformation capture data.*> We integrated
all HiC data in brain (dorsolateral prefrontal cortex, hippocampus,
neural progenitor cell, adult and fetal cortex, temporal cortex, and
cerebellum) available on FUMA v.1.3.5,** using the aforemen-
tioned tool (https://fuma.ctglab.nl/). The data available in FUMA
are available at GEO: GSE87112.%* We also used FUMA to integrate
chromosomal conformation capture data on neurons, microglia,
and oligodendrocytes from Nott et al.,** which is available at
dbGaP (accession number phs001373.v2.p2).

Potentially damaging variants

We investigated variants whose amino acid change can lead to
a potentially damaging effect. To retrieve variants in LD with
the lead associated SNPs, we used FUMA v.1.3.6a** with parame-
ters r* > 0.8 and MAF > 0, using UKB release 2b 10k European
as the reference panel (https://fuma.ctglab.nl/snp2gene). We
used the variants output on FUMA as input on the Mutation Sig-
nificance Cutoff (MSC) web server (https://itanlab.org/resources/
software/),*® selecting CADD 1.3 (https://cadd.gs.washington.
edu/download)®” and database HGMD (https://www.hgmd.cf.ac.
uk/ac/index.php).*® Genes whose prediction by MSC with 95%
confidence interval of having a high damaging impact were
prioritized. We retrieved minor allele frequencies (MAFs) from
Ensembl Biomart using Ensembl Variation 104 Human Short Var-
iants GRCh37.13 database (https://grch37.ensembl.org/biomart/
martview/8562f843c754417502c69dc46005d6dc), selecting the
“Global minor allele frequency (all individuals)” option.
Gene-based analysis with MAGMA

We run gene-based analysis with MAGMA v.1.8 (https://cncr.nl/
research/magma/),*® using BMI summary statistics from Yengo
et al.'"” and a reference panel of 10K randomly selected white
British individuals from the UK Biobank (Project 1251; https://
biobank.ndph.ox.ac.uk/ukb/label.cgi?id=263). We performed
MAGMA on a gene window of 100 KB and applied the Bonferroni
correction as multiple-testing correction method to obtain the
most significant results.
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Transcriptome-wide association study

We used FUSION to identify genes whose cis-regulated expression
is associated with BMI through a transcriptome-wide association
study (TWAS) (http://gusevlab.org/projects/fusion/).>* For a given
gene, a TWAS uses eQTL data to train a gene expression prediction
model that will “impute” the expression across a large cohort of
genotyped individuals, followed by a test of association with a
given trait of disease risk. The TWAS may additionally increase po-
wer versus single SNP association testing, either by reducing the
multiple testing burden or aggregating multiple expression-
altering variants into a single test.’” In our analysis, we included
pre-computed gene expression weights generated in tissues spe-
cific to BMI (brain data from the CMC study”’ and GTEx v.7
data on brain amygdala, anterior cingulate cortex, caudate, cere-
bellar hemisphere, cerebellum, cortex, frontal cortex, hippocam-
pus, hypothalamus, nucleus accumbens, putamen, spinal cord
and substantia nigra), excluding the MHC region (we downloaded
FUSION-ready preprocessed data from http://gusevlab.org/
projects/fusion/). We used the COLOC module available on
FUSION to colocalize significant TWAS associations with eQTL
data and retrieved only significant results at PP4 > 0.8. To map
the resulting genes to their respective BMI-associated loci, we iden-
tified the lead BMI SNP in high LD (r* > 0.8) with the GWAS SNP
that passed TWAS and COLOC tests.

Polygenic Priority Score

Polygenic priority score (PoPS) is built upon data from an exten-
sive set of bulk and single-cell expression datasets, curated biolog-
ical pathways, and predicted protein-protein interactions.'® It as-
signs a priority score to every protein-coding gene according to
enrichments with these datasets. We used Polygenic Priority Score
v.0.1 (https://github.com/FinucaneLab/pops) with a reference
panel of 10,000 randomly selected subjects from the UKB (Project
1251; https://biobank.ndph.ox.ac.uk/ukb/label.cgi?id=263). We
retrieved the gene with the highest PoPS score in each BMI-associ-
ated loci."®

Scoring and ranking genes
Nine gold standard obesity genes from Hendricks et al.>” and Mar-
enne et al.”! were used to score the eight prioritization approaches.
These obesity genes are LEPR, POMC, PCSK1, LEP, SH2B1, MCA4R,
PHIP, DGKI, and ZMYM4. Of these, six are located in BMI-associated
loci (1 MB each side of a lead BMI-associated variant): LEPR, POMC,
PCSK1, DGKI, SH2B1, and MC4R. We counted how many of these
six established obesity genes each method was able to identify in
the BMI-associated loci (Figure 2). We calculated the proportion
of genes identified by each method by dividing the number of
gold standard genes found by the total number of genes found by
the method within BMI-associated loci. We next normalized this
proportion to a scale of 1-8 (given there are eight gene prioritiza-
tion method). The normalized proportions are the final score of
each method (Table 1). Genes were ranked by the sum of the scores
relative to the method by which they were identified. With this sys-
tem, we prioritized the top 292 high-scoring genes (top 10%, score
>11) as our final list of genes likely implicated in BMI.

The visualization of number of overlapping genes in Figure 1
was generated using package UpSetR.*!

Genes targeted by enhancers

We used predicted enhancers and their target genes in 131 cell
types from Nasser et al.** and 32 cell types from Boix et al.**
(data available on https://personal.broadinstitute.org/cboix/

epimap/links/pergroup/). We examined the overlap between
the lead BMI-associated variants and their proxies (% > 0.8) of
the 292 high-scoring candidate genes with enhancers, to assess
the presence of prioritized genes that are potentially regulated
by BMI variants overlapping these tissue-specific regulatory
elements.

Pathway enrichment analyses

We performed pathway enrichment analyses based on the 292
high-scoring candidate genes using the Gene Ontology (GO) data-
base, which contains structured biomolecular annotations that
indicate biological processes, molecular functions, or cellular com-
ponents. This analysis assessed the over/under-representation of
the set of 292 prioritized genes in the curated gene-sets at the
GO database. This analysis was performed with the FUMA
(v.1.3.5) (https://fuma.ctglab.nl/).**

Software and data used

All software and data used in this paper are publicly available.
Links to the software used is in the “Access” column of Table 1. Us-
age of data is in compliance with the data use agreements of each
respective source.

Results

Eight gene prioritization methods implicate 2,778 genes
across 536 BMl-associated loci

Using six locus-based methods (nearest gene, MAGMA, FI-
NEMAP+HiIC, MSC, TWAS+COLOC, SMR+HEIDI) and
two similarity-based methods (DEPICT, PoPS), we priori-
tized 2,778 genes across the 536 BMI-associated loci (mate-
rial and methods, Table 1; Figures 1 and 2; Table S1).

MAGMA, a gene analysis method to detect multi-marker
effects,”” prioritized the most candidate genes (Ngenes =
2,231) (material and methods, Tables 1, S1, and S2).

The mutation significance cutoff (MSC) method priori-
tizes genes based on the damaging impact of lead variants
or their proxies located in those genes*® (material and
methods). With this approach, we prioritized 235 genes
in which lead variants or proxies had a predicted high
damaging impact (Tables S1 and S3), of which 20 variants
in 10 genes (DNALI1, GNL2, GRID1, GPR61, ISL1, MC4R,
SLC39A8, SNIP1, TNRC6C, and UBAP2) are of low fre-
quency (minor allele frequency [MAF] < 5%), of which
one (in GPR61) was rare (MAF < 1%) (material and
methods, Tables 1, S1, and S3).

The nearest gene method consists of retrieving the pro-
tein-coding gene nearest to the lead variant. It is a com-
mon and simple strategy for gene prioritization and is
considered reasonably effective.'® We identified 547 genes
that are near or overlapping the 536 lead BMI-associated
variants (material and methods, Tables 1 and S1), with
twelve variants overlapping with more than one gene. Of
the 536 variants, 186 are intergenic, whereas the others
are either intronic (N = 320), exonic (N = 16), or fall within
an untranslated region, UTR3 (N = 11) or UTRS (N = 3), of
one, and sometimes more, genes. The average distance to
the nearest gene is 98,200 bp, with the furthest gene
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Table 1.

Methods used for the gene prioritization, and number of genes they prioritize

Method

Description

Access Reference

# of genes
prioritized
in the 536

BMil-associated obesity genes

loci

% of established

genes identified

relative to total Standardized
identified (max 6)" genes prioritized weights

# of established

Locus-based methods

Mutation significance
cutoff (MSC)

Nearest gene

Transcriptome-wide
association
study (TWAS) + COLOC

Multi-marker analysis
of GenoMic
annotation (MAGMA)

FINEMAP + HiC

provides gene-level and gene-specific
phenotypic impact cutoff values,

as opposed to a single significance
cutoff value across all genes

gene nearest to lead variant

TWAS leverages expression imputation
(pre-computed gene expression
weights generated from individuals
for whom both gene expression

and genetic variation have been
measured) to test for significant
genetic correlation between cis
expression and GWAS; the

imputed expression can be viewed

as a linear model of genotypes

with weights based on

the correlation between SNPs

and gene expression in the training
data while accounting for LD

among SNPs; COLOC further estimates
the posterior probability of
colocalization, where colocalization is
defined as one (or more)

shared causal variants between the
expression and GWAS

MAGMA first computes a gene-based

p value based on the mean association
of variants in the gene, accounting for
LD between variants; then,

competitive gene-set and/or continuous
covariate p values are calculated,

based on the association of the
gene-based p values with the

category of interest

FINEMAP uses a Bayesian approach

to determine which are the most likely
causal variants in a locus; candidate
causal variants identified by FINEMAP
are mapped to genes using chromatin
conformation capture HiC data,

which represents loops of DNA

where regions of the genome interact

https://lab.rockefeller.edu/ Itan et al.**

casanova/MSC

Gusev et al.** &
Giambartolomei et a!

http://gusevlab.org/

projects/fusion/ 1.2%

https://ctg.cncr.nl/ de Leeuw et al.*

software/magma

http://www.christianbenner.com Benner et al.”'

235

547

160

2,231

51

3 1.30% 8

3 0.50% 3.7

1 0.60% 3.2

6 0.30% 2.6

0 0% 1

(Continued on next page)
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Table 1. Continued

# of genes
prioritized % of established
in the 536 # of established genes identified
BMI-associated obesity genes relative to total Standardized
Method Description Access Reference loci identified (max 6)" genes prioritized weights
Summary-data-based integrates summary-level data from https://cnsgenomics.com/ Zhu et al.>® 65 0 0% 1
Mendelian GWASs with data from eQTL studies to software/smr/
randomization (SMR) + identify genes whose expression levels
heterogeneity are associated with a complex trait
in dependent because of pleiotropy; the methodology
instruments (HEIDI) can be interpreted as an analysis to
test if the effect size of an SNP on the
phenotype is mediated by gene expression;
the HEIDI method then uses multiple SNPs
in a cis-eQTL region to distinguish
pleiotropy from linkage
Similarity-based methods
Polygenic priority uses gene-level associations computed from https://github.com/ Weeks et al.'® 486 4 0.80% 5.3
score (PoPS) GWAS summary statistics to learn FinucaneLab/pops
joint polygenic enrichments of gene features
derived from gene expression,
biological pathways, and protein-protein
interactions (PPI), assigning a
priority score to every protein-coding gene
Data-driven expression employs annotated gene sets (including https://github.com/ Pers et al.'” 252 1 0.40% 3.2
prioritized manually curated pathways, molecular perslab/depict
integration for complex pathways from protein-protein interaction
traits (DEPICT) screens, and phenotypic gene sets

from mouse gene knock-out studies). By
calculating, for each gene, the likelihood

of membership in each gene set (based on
similarities across expression data),

14,461 ‘reconstituted’ gene sets were
generated. Using these precomputed gene
functions and a set of trait-associated loci,
DEPICT assesses whether any of the

14,461 reconstituted gene sets are significantly
enriched for genes in the associated

loci, and prioritizes genes that share

predicted functions with genes from the other
associated loci more often than

expected by chance.

a“Established genes” refers to the nine gold standard obesity genes from Hendricks et al.>° and Marenne et al.?' (LEPR, POMC, PCSK1, LEP, SH2B1, MC4R, PHIP, DGKI, and ZMYM4).
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(ADGRL3) being 1.8 Mb away from the lead variant
(rs925421).

In the combined transcriptome-wide association study
(TWAS) and COLOC method, TWAS integrates predicted
gene expression levels with GWAS summary statistics to
identify genes whose cis-regulated expression is associated
with a complex trait,”* whereas COLOC tests the colocali-
zation of the association signals.”” As such, we identified
160 genes across the 536 loci for which the BMI-associated
lead SNP or a proxy variant is associated with its gene
expression across different tissues (material and methods,
Tables 1, S1, and S4). Since tissues related to the central ner-
vous system have been shown to be enriched among
GWAS-identified BMI loci, we focused on eQTL datasets
from brain tissue.

In the combined summary-data-based Mendelian
randomization (SMR) and HEIDI method, we test whether
the association between the lead variant (or its proxy) and
BMI is mediated through an eQTL of a gene nearby.”> As
we did for a TWAS, we focused on eQTL datasets from brain
tissue, but we also considered data from blood, for which
datasets generated from bigger sample sizes were available
(material and methods). This approach prioritized 27 genes
in blood and 43 genes in brain tissue. Five genes were prior-
itized in both tissues (Tables 1, S1, and S5), resulting in a
total of 65 prioritized genes.

Using FINEMAP,*! a Bayesian approach to pinpoint the
likely causal variant(s) in a locus, we prioritized 81 candidate
causal variants (material and methods, Tables 1, S1, and S6).
We were able to map 26 variants to 51 genes using brain tis-
sue-specific HiC chromosomal conformation data (material
and methods). This approach showed the least overlap with
other approaches, with only 20 (39%) of the 51 genes also be-
ing identified by other approaches (Figure S1).

Finally, we used DEPICT and PoPS, two similarity-based
algorithms for gene prioritization. DEPICT (data-driven
expression-prioritized integration for complex traits),'’
which aims to systematically prioritize the most likely
causal genes in a locus based on predicted gene functions,
prioritized 252 candidate causal genes (material and
methods, Tables 1, S1, and S7). PoPS (polygenic priority
score),'® which leverages both polygenic and locus-specific
genetic signals by combining results across multiple gene
prioritization methods, identified 486 genes (material
and methods, Tables 1, S1, and S8). PoPS integrates more
layers of information on gene expression, generated using
next-generation sequencing techniques, compared to
DEPICT, and where PoPS uses genome-wide summary sta-
tistics, DEPICT wuses only summary statistics in the
genome-wide significant loci.

The eight prioritization methods combined prioritized
2,778 unique genes across the 536 BMI-associated loci (Fig-
ures 1 and S1). While no genes were prioritized by seven or
more methods, six genes were prioritized by six methods
(ANKRD26, BPTF, GGNBP2, KATS, YWHAZ, and ZNF131)
and 35 genes were prioritized by five methods (Figure 1;
Table S9).

Ranking of prioritized genes and catalog of obesity
genes

We next built a prioritization score that weighs each of the
eight methods based on whether or not they prioritized
one or more of the six established obesity genes located
in any of the 536 BMI-associated loci (i.e., LEPR, POMC,
PCSK1, DGKI, SH2B1, and MC4R). MAGMA identified all
six, while PoPS identified four, MSC and the nearest gene
strategy each identified three, TWAS and DEPICT each
identified one, and SMR and FINEMAP did not identify
any of the six established obesity genes and was given
the lowest priority weight of 1 (Table 1). We calculated
the percentage of established genes that were prioritized
by a given method, relative to the total number of genes
prioritized across all BMlI-associated loci (Table 1). We
then converted these percentages into a continuous scale
of 1-8, consistent with the number of prioritization
methods used (Table 1). Next, we assigned a prioritization
score to each of the 2,778 genes implicated by the eight pri-
oritization methods by summing the weight of each
method by which the gene had been prioritized (Table S9).

The prioritization score across the 2,788 genes ranged
from 1 to 24.8, whereas the theoretical max, i.e., when a
gene is identified by all 8 methods, is 28. The average score
is 5; 292 (10.5%) of the 2,788 prioritized genes scored more
than 11, of which 99 (3.6%) scored more than 15
(Table S9). Two genes (ANKRD26 and BPTF) reached the
highest prioritization score (24.8). Several of the high-
scoring genes (score > 11) are known to be implicated in
obesity (such as DGKI [score: 22.8], MC4R [19.6], BDNF
[19.6], MTOR [16.8], SH2B1 [14.8], GIPR [14.3], AKT3
[11.6], and LEPR [11.6]). For other high-scoring genes,
there is mounting evidence, but more research is needed
to establish their role (such as for ANKRD26 [24.8], NPC1
[23.8], NCOR1 [22.8], BMAL1 [22.8], KATS [22.7], GSK3B
[20.2], ISL1 [19.6], PRKN [19.6], MSTIR [18.5], PDS5B
[17.5], FGFR1 [17], and VPS13C [15.9]). However, for
many other high-scoring genes, a role in body weight regu-
lation remains to be determined.

We also tested whether the BMI-associated variants or
their proxies overlap with an enhancer predicted to target
the 292 high-scoring genes. In total, BMI-associated vari-
ants (and their proxies) in/near 217 of the 292 prioritized
genes overlap enhancers (material and methods,
Table S10), suggesting potential mechanisms by which
these genes are affected in BMI-associated loci. Of the
292 high-scoring genes, 135 link to BMI-associated vari-
ants that overlap enhancers in the brain, the main tissue
implicated in obesity-associated loci.

Pathway enrichment analyses applied to the 292 high-
scoring prioritized genes implicate gene sets and pathways
related to the central regulation of body weight (material
and methods, Table S11), such as the neurotrophin
signaling pathway** (including BDNF, AKT3, RPS6KAS,
MAP2KS5, SH2B1, MAP3K3, BCL2, GSK3B, FOX03, RACI,
and YWHAZ), which regulates appetite,” and the PI3K/
AKT pathway (including AKT3, FOXO3, GSK3A, GSK3B,
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MTOR, and YWHAZ),*® which is involved in central and
peripheral appetite regulation and is implicated in the
development of insulin resistance in peripheral tissues.*’
Besides the many pathways that act in the brain, other en-
riched pathways and gene sets implicate circadian rhythm
(BMAL1, NCOR1, PPP1CB, ZFHX3, and HDAC3), insulin
secretion (HMGB1, MTOR, PDE1C, CADPS, and ZBTBZ20),
adipocyte differentiation (NCOR1, KATS, KDM4C, CCDC
171, PPPICB, RPS6KAS5, HMGBI1, VPS13C, and ESRRA),
and glucose and carbohydrate homeostasis (MAP4K4,
GSK3B, PPP1CB, MAP2KS, FGFR1, MTOR, CREBI, and
GSK3A) in the control of body weight.

Discussion

Using abroad range of eight gene prioritization methods, we
identified 2,778 unique genes across 536 BMI-associated loci
prioritized by at least one method. We ranked these candi-
date genes based on the number of methods that prioritized
a given gene, weighted by the ability of each method toiden-
tify established obesity genes in GWAS loci. We prioritized
292 high-scoring candidate genes for obesity, enriched in
neuron-related pathways, synapses, signaling, and behavior,
but also genes implicated in peripheral biology and ex-
pressed in metabolically active tissues.

We found several high-scoring genes for which extensive
evidence on their role in obesity already exists, such as
MC4R,48’51 BDNF,SZ"M GIPR,SS*W DGKI,Zl MTOR/SS,S‘)
AKT3,°” and LEPR®"°* (Table S9). For other genes, a link
with body weight regulation was available, but more
research to further establish them as obesity genes is
needed. For example, KATS,°* KDM4C,°* PPP1CB,*® and
RPS6KAS5°® have been linked to adipocyte differentiation
(Table S9).

For most other high-ranking genes, however, the current
evidence for a link with obesity is weak or non-existent.
Nevertheless, some of these genes with weaker evidence
were also prioritized in two other studies that aimed to
identify candidate genes in BMI-associated loci, providing
independent supporting evidence.®”°® The first study,
which focused on 97 BMI-associated genes (a subset of
the 536 GWAS loci studied here) of an earlier GWAS
meta-analysis, established a functional genomics pipeline
that integrates a comprehensive regulatory map in adipose
and hypothalamic neurons and a massively parallel assay
to connect each of the 97 lead variants to putative candi-
date genes.®” Eight of the 19 genes that scored high with
the functional genomics pipeline also scored high using
our integrated bioinformatic approach; these genes
include NPC1 (score: 23.8), CCDC171 (19.5), MAP2K5
(17.5), SH2B1 (14.8), NUPS8 (14.3), POCS (14.3), TUFM
(11.8), and ATXN2L (11.1). The second study, which
focused on the same BMI-associated loci as in our study,
built a pipeline to map non-coding variants with nearby
effector genes by integrating chromatin structure and tran-
scriptomics data at three developmental stages during hy-

pothalamic differentiation.®® Of the 67 genes implicated
for BMI, nine overlapped with high-scoring genes in our
study, including MLLT10 (22.8), BDNF (19.6), SETBP1
(19.6), FGFR1 (17), CAST (14.3), TUFM (11.8), GABRB3
(11.6), MADIL1 (11.6), and THRA (11.1).°® Even though
for most of these genes, their role in body weight regula-
tion is unknown, the convergence of evidence across the
two prioritization approaches strengthens their candidacy
in the locus.

Other high-scoring genes for which the connection to
obesity and body weight regulation remains to be deter-
mined include BPTF® (score: 24.8), RSRC17%7! (22.8),
and AUTS2”? (19.6), three genes in which mutations or
chromosomal rearrangements have been linked to intellec-
tual disability and neurodevelopmental anomalies. Others
among the top 10% high-scoring genes with an unknown
role in the context of obesity include ERC2 (23.8), ZNF131
(23.8), NLGN1 (22.8), MLTT10 (22.8), RERE (22.8), and
PDCH9 (22.8). Investigating the role of these genes in the
pathophysiology of obesity might reveal regulatory path-
ways in obesity, some of which may provide new anti-
obesity therapeutic targets.

Pathway enrichment analyses highlight the central ner-
vous system as a key organ in body weight regulation,
which is consistent with previous observations,®® but
this might be influenced by the fact that for three of
the prioritization methods (TWAS/Coloc, SMR, and
FINEMAP), the underlying molecular datasets we used
were solely from the brain. Nevertheless, we believe the po-
tential bias is limited by the fact that these three prioritiza-
tion methods contributed the least to the scoring of prior-
itized genes. Furthermore, several of the high-scoring
genes have been implicated in peripheral pathways and
gene sets, related to adipocyte differentiation (NCORI
[22.8], KATS [22.8], KDM4C [19.6], CCDC171 [19.5],
PPPICB [19.0], RPS6KAS5 [17.5], HMGBI [17.5], VPS13C
[15.9], and ESRRA [14.3]), circadian rhythm (BMALI
[22.8], NCORI1 [22.8], PPPICB [19], ZFHX3 [14.8], and
HDAC3 [11.1]), insulin secretion (HMGB1 [17.5], mTOR
[16.8], PDEIC [15.8], CADPS [14.8], and ZBTB20 [14.8]),
and glucose and carbohydrate homeostasis (MAP4K4
[22.8], GSK3B [20.2], PPPICB [19], MAP2KS [17.5], FGFR1
[17], MTOR [16.8], CREBI [11.6], and GSK3A [11.1]). The
ability to capture known pathways involved in the patho-
physiology of obesity suggests that our list of ranked prior-
itized genes are likely enriched for true effector genes and
can therefore be used to identify regulatory pathways
implicated in the pathophysiology of obesity and its
comorbidities.

For 29 loci, at least two prioritized genes were high
scoring (Table S9). For example, in the locus of lead BMI-
associated SNP rs1549293, KATS (22.7), the nearest gene,
ZNF646 (14.8), and ZNF668 (11.6) were prioritized. Other
examples of loci that with multiple high-scoring genes
include the loci represented by rs1075901 with NCORI
(22.8) and TTC19 (13.7), 151106908 with GGNBP2 (22.7)
and DHRS11 (15.8), and rs8075273 with MAP3K3 (21.7)
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Number of genes prioritized

and DDX42 (15.8). These results highlight that in a given
locus, more than one gene can be causal, as is the case
for the FTO locus for which a comprehensive analysis of
the genetic and functional architecture showed that multi-
ple variants in the locus overlap with enhancers that target
IRX3 and IRXS.”*

Our gene prioritization pipeline also identified genes en-
coding known therapeutic targets for obesity and its co-
morbidities, such as the glucose-dependent insulinotropic
polypeptide (GIP) receptor, GIPR (14.3), and the fibroblast
growth factor 21 (FGF21) co-receptor, FGFR1 (17), and a
gene encoding a subunit in the NMDA receptor, GRIN3A
(14.3). The GIPR, together with the glucagon-like peptide
1 receptor (GLP-1R), is a target of the incretin dual-
agonist, tirzepatide. This drug has been shown in
clinical trials to provide substantial and sustained
weight loss in individuals suffering from obesity.”*”® In
addition, it is FDA approved for the treatment of type 2 dia-
betes. Pharmaceutical companies are currently evaluating
FGFR1 agonists and FGF21 analogous for the treatment

Nmmilllfl[iliﬂ]lI[IIiHnu”zm[|m[1”nf1,ﬂ,;q : 1111*

Figure 1. Number of genes prioritized in
536 BMl-associated loci by the eight
methods

Right side shows one method only; far left
shows six methods at the same time. Y-axis
shows number of prioritized genes overlap-
ping between the methods.

of dyslipidemia and non-alcoholic stea-
tohepatitis (NASH), which have been
shown to reduce body weight, improve
lipid profiles, reduce liver fat content,
and reduce liver fibrosis in individuals
with NASH, and resolve NASH in clinical trials.”%7®
GRIN3A encodes a subunit in the NMDA receptors, which
is implicated in appetite and food preference regulation.””
The NMDA antagonist, memantine, has been shown to
reduce body weight in preclinical studies.®” The ability of
our gene prioritization approach to identify genes encod-
ing well-known therapeutic targets for the treatment of
obesity and its comorbidities highlights the opportunity
to identify anti-obesity therapeutics targets using this inte-
grative framework of gene prioritization methods.

Our study demonstrates the value of the integration of a
range of methods for gene prioritization in loci associated
with complex diseases, consistent with a recent effort
that showed that combining the results of several gene pri-
oritization methods achieves better precision in gene prior-
itization, specifically combining different methods such as
locus-based and similarity-based algorithms.'® Future vali-
dation of the prioritized genes is needed, both with other
computational methods (possibly integrating more layers
of epigenetic data and expression) and also taken further

1 tool
2,048 genes

2 tools
383 genes

3 tools
222 genes

4 tools
84 genes

5 tools B
A 35 genes \

Figure 2. Number of genes prioritized by one to eight methods

6 tools \
6 genes

7/ 7 tools
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to in vitro and in vivo experimental approaches. Such
methods could include the deletion of candidate regulato-
ry elements affected by the BMI-associated variants via
CRISPR techniques.®"%* Furthermore, it is important to
note that the prioritization and scoring of genes depend
on the availability and quality of data used by each of
the prioritization methods as well as the accuracy of
the methods themselves. As more reference maps of
gene expression, regulatory elements, and protein levels
(among other -omics) become available for more cell types
and tissues and for larger sample sizes and more represen-
tative populations, the prioritization of potential causal
genes in GWAS-identified loci may improve.**

In summary, we generated a catalog of candidate causal
genes prioritized in each GWAS-identified BMI locus,
which may expedite their functional characterization in
experimental follow-up studies, critical to bridging the
translational gap—from variant to function—which has
been lacking in most GWASs.

Data and code availability

This study did not generate new datasets. The code used in
this study is publicly available at GitHub (https://github.
com/LoosTeam/Hemerich_BMI_gene_prioritization).
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