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We hypothesized that monogenic syndromic obesity genes
are also involved in the polygenic variation of BMI. Singlemarker, tag single nucleotide polymorphism (tagSNP) and
gene-based analysis were performed on common variants
near 54 syndromic obesity genes. We used publicly available data from meta-analyses of European BMI genomewide association studies conducted by the Genetic
Investigation of ANthropometric Traits (GIANT) Consortium
and the UK Biobank (UKB) (N = 681,275 adults). A total of 33
loci were identiﬁed, of which 19 of 33 (57.6%) were located
at SNPs previously identiﬁed by the GIANT Consortium and
UKB meta-analysis, 11 of 33 (33.3%) were located at novel
SNPs, and 3 of 33 (9.1%) were novel genes identiﬁed with
gene-based analysis. Both single-marker and tagSNP analyses mapped the previously identiﬁed 19 SNPs by the
GIANT Consortium and UKB meta-analysis. Gene-based
analysis conﬁrmed 15 of 19 (78.9%) of the novel SNPs’
associated genes. Of the 11 novel loci, 8 were identiﬁed
with single-marker analysis and the remaining 3 were identiﬁed with tagSNP analysis. Gene-based analysis conﬁrmed
4 of 11 (36.3%) of these loci. Meta-analysis with the Early
Growth Genetics (EGG) Consortium (N = 35,668 children)
was conducted post hoc for top SNPs, conﬁrming 17 of
33 (51.5%) loci, of which 5 were novel. This study supports evidence for a continuum between rare monogenic syndromic and common polygenic forms of
obesity.

Obesity has become a global epidemic, with the most recent
data from the World Health Organization estimating
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a worldwide prevalence of 650 million cases in adults.
It is a well-established risk factor for numerous comorbidities as well as increased mortality (1). With 65–
80% of new cases being accounted for by overweight or
obesity, excessive body weight is the main risk factor for
incident type 2 diabetes (2). To date, most prevention
programs have emphasized an “eat less, move more” global
approach, but this has had limited success (3). Numerous
behavioral (e.g., diet, exercise) and pharmacological treatments have been developed and implemented clinically,
but have had only modest effects (4). Currently, bariatric
surgery is the most effective treatment for severe obesity,
but it is an invasive procedure with numerous complications and only a small fraction of eligible patients are
referred (5). A better understanding of the underlying
causes of obesity may be useful in developing more effective prediction, prevention, and treatment (6).
Genetics accounts for 40–75% of BMI interindividual
variability (7). Recent estimates suggest that single nucleotide polymorphisms (SNPs) alone may explain up to 30–
40% of BMI variance (8). Genome-wide association studies
(GWAS) have identiﬁed a substantial number of SNPs
associated with BMI (9). These results have helped determine causal genes and signiﬁcantly expanded our understanding of obesity pathophysiology (6).
The Genetic Investigation of ANthropometric Traits
(GIANT) Consortium and the UK Biobank (UKB) recently
released results from the largest BMI GWAS meta-analysis
to date, which identiﬁed 941 near-independent SNPs,
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accounting for 6% of BMI variance (9). Although gene
prioritization analysis was conducted, the individual genes
were not identiﬁed. Furthermore, only single-marker analysis was conducted, causing a substantial reduction of
statistical power because of the multiple testing burden
(10). Power can be increased by 1) targeting SNPs only at
genes with strong pre-existing evidence for a role in
obesity, 2) conducting tagSNP analysis, and 3) conducting
gene-based analysis (10).
Although obesity in the general population is polygenic,
it can also present with monogenic nonsyndromic mutations or monogenic syndromic mutations. Monogenic
syndromic forms of obesity present with striking obesity
along with features such as intellectual disability, dysmorphic features, and organ-speciﬁc abnormalities (11). These
forms of obesity are often considered separate entities (6).
However, accumulating evidence suggests that these forms
exist on a continuum. For example, many loci at monogenic nonsyndromic obesity genes have also been associated with polygenic obesity (e.g., POMC, PCSK1, MC4R,
and ADCY3) (6). Furthermore, several SNPs located in and
near syndromic obesity genes have been reported by previous GWAS for BMI: BDNF, NTRK2, SIM1, BBS2, BBS4,
SH2B1, and SDCCAG8 (9). We hypothesized that additional syndromic obesity genes were associated with polygenic variation of BMI.
The aim of this study was to identify loci associated
with BMI variation at highly relevant candidate genes
missed by hypothesis-free GWAS. We recently published
a systematic review describing 79 genetic syndromes with
obesity, of which 30 have been fully or partially elucidated
genetically (11). We conducted single-marker, tagSNP, and
gene-based analysis of these identiﬁed genes to investigate
the role of syndromic obesity genes in the most recent BMI
GWAS meta-analysis conducted by the GIANT Consortium
and UKB, as well as meta-analysis conducted by the Early
Growth Genetics (EGG) Consortium (9,12).
RESEARCH DESIGN AND METHODS
Sample Population

We used publicly available data from the GIANT Consortium and UKB European meta-analysis, which consisted of
European cohorts only (N = 681,275; participants on
average per SNP) (9). We also used publicly available data
from the EGG Consortium meta-analysis of European
children in a post hoc meta-analysis (N = 35,668) (12).
Gene and SNP Selection

Sixty-three genes had been previously identiﬁed in a systematic review of obesity syndromes (11). Nine genes were
excluded since they were located on the X chromosome,
which was not included in the GIANT Consortium and UKB
meta-analysis (9). See Supplementary Table 1 for a summarized list of the syndromes and the associated genes.
The summary statistics of all SNPs within 200 kb
upstream and downstream of the remaining 54 genes
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were extracted from ﬁles released online by the GIANT
Consortium using the R package biomaRt (13). GWASsigniﬁcant SNPs have been shown to have the greatest
number of signiﬁcant pathway-phenotype associations
when using a gene deﬁnition of 6200 kb compared
with others between 0 and 1,500 kb (14). Sensitivity
analyses using different gene boundaries were conducted
using 50, 20, 10, and 0 kb.
Yengo et al. (9) selected and analyzed 711,933 SNPs
overlapping the GIANT Consortium and UKB SNP sets
after imputation and quality control. Brieﬂy, Yengo et al.
(9) analyzed a subset of SNPs with consistent alleles
between the GIANT Consortium and UKB and after further elimination using a linkage disequilibrium (LD)
threshold of r2 . 0.9. To increase power, we further
pruned SNPs by selecting tagSNPs, variants that can infer
nearby SNPs because of limited historical recombination in
these regions (15). We selected tagSNPs genotyped in the
largest sample from SNPs with r2 . 0.8 calculated from
1000 Genomes Project Consortium phase 1 European data
based on greatest sample size, then greatest minor allele
frequency, then greatest number of SNPs tagged, then
selecting the SNP closest to the gene, and ﬁnally by
random selection (16,17).
Data Analysis

The GIANT Consortium transformed BMI residuals using
an inverse standard normal function in linear regression
models after adjustment for age, age squared, and/or other
study-speciﬁc covariates (18). In the UKB, linear mixed
model association testing was conducted under an inﬁnitesimal model and adjusted for age, sex, recruitment
center, genotyping batches, and the top 10 principal components.
All gene-based tests in this study were applied using
Versatile Gene-based test for Genome-wide Association
Studies 2 (VEGAS2) (19). VEGAS2 uses a simulation approach to calculate gene-based empirical association P
values by pooling P values of individual SNP associations
to x2 statistics after correcting for LD (19). Since a 200-kb
gene deﬁnition was not an available option, the largest
alternative was used: 50 kb.
Meta-analysis was performed using a random-effects
model in PLINK version 1.90 software. Study weights were
generated using the inverse variance method. Heterogeneity between studies was assessed using the x2 test for
homogeneity, the I2 statistic (20).
The Bonferroni correction was applied to all tests (a =
0.05). Applying an experiment-wide Bonferroni correction
reduces the chance of making type I errors but increases
the chance of making type II errors. Therefore, we followed
the strategy reported previously by Feise (21) and considered independent Bonferroni corrections for each question
asked. We considered each type of analysis (single-marker,
tagSNP, or gene-based analysis) using a speciﬁc gene
deﬁnition as separate questions (e.g., single-marker analysis with gene boundaries of 6200 kb). A total of 15 questions
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was tested, of which 3 are the primary hypotheses of the
study, 11 are sensitivity analyses, and 1 is the metaanalysis with the EGG Consortium cohort.
LocusZoom was used to create regional association plots
(22). LDlink was used to determine LD between SNPs
(using r2 values), where 1000 Genomes Project Consortium
phase 3 (version 5) European data were used (23).
Fine-Mapping

To further delineate the potential causative SNPs, functional annotation of SNPs was conducted using the
Ensembl Variant Effect Predictor (VEP) tool (https://
useast.ensembl.org/Tools/VEP). VEP predicts potential
functional consequences of variants using the position of
each variant. We tested all ﬁne-mapping SNPs, which
were deﬁned as lead signals from single-marker, tagSNP,
and gene-based analysis as well as SNPs in moderate LD
(r2 . 0.5) (24), which had also been tested by Yengo et al.
(9).
RESULTS
Single-Marker Analysis

Using 6200 kb gene boundaries, 18,140 SNPs were
extracted from 54 genes (Supplementary Tables 1 and
2). A total of 997 of 18,140 SNPs (5.5%) located at 27
loci in/near 29 genes were signiﬁcantly associated with
BMI (P , 2.80 3 1026). Of these SNPs, 38 of 997 (3.8%)
were in/near eight novel loci: MRAP2, BBS1, GNAS, IFT27,
LZTFL1, NIPBL, MAGEL2/MKRN3/NDN, and BBS9 (Table
1 and Supplementary Table 2).
To test for independence from previously identiﬁed
loci, the r2 value was determined between top SNPs at
novel loci and top SNPs at loci previously identiﬁed in the
study by Yengo et al. (9) as well as genome-wide signiﬁcant
SNPs identiﬁed for BMI in the GWAS Catalog (25). The top
SNP at BBS1 (rs12805133) was in LD with previously
identiﬁed SNPs: rs682842, which was previously identiﬁed
at C11orf80 (r2 = 0.564) (9). There was no LD (r2 . 0.1)
between any of the other top SNPs at novel loci and
previously identiﬁed SNPs.
Of the remaining 959 of 997 signiﬁcant SNPs, 520 of
997 (52.2%) were GWAS signiﬁcant (P , 5 3 1028) and
were located at the following 19 genes: BDNF, SH2B1,
CREBBP, BBS4, KCTD13, SDCCAG8, BBS2, SIM1, NTRK2,
IFT172, EHMT1, KMT2D, SOX10, WDPCP, MKS1, EP300,
FGFR1, RAB23, and RAI1 (Supplementary Table 2). The
remaining 439 of 997 (44.0%) SNPs were mapped to the
19 genes with genome-wide signiﬁcant loci.
tagSNP Analysis

Of the SNPs identiﬁed with single-marker analysis, 4,942
of 18,140 (27.2%) were selected as tagSNPs (Supplementary Table 3). A total of 224 of 4,942 (4.5%) tagSNPs were
signiﬁcantly associated with BMI (P , 1.01 3 1025) of
which 3 of 224 (1.3%) were novel association signals
in/near BBS12, TUB, and RAD21 (Table 2). None of these
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SNPs were in LD (r2 . 0.1) with previously identiﬁed
SNPs. The remaining 221 of 224 tagSNPs were mapped to
the same 27 loci identiﬁed in single-marker analysis (Supplementary Table 3).
Gene-Based Analysis

All 54 selected genes were analyzed with VEGAS2, and
22 of 54 (40.7%) were signiﬁcantly associated with BMI
(P , 9.26 3 1024) (Supplementary Table 4). Three novel
genes were identiﬁed: GHR, PROKR2, and CHD2 (Table 3).
Top SNPs at these loci were not in LD (r2 . 0.1) with
previously identiﬁed SNPs. Of the remaining genes, 15 of
54 (27.8%) were gene candidates for GWAS-signiﬁcant
SNPs identiﬁed in single-marker and tagSNP analysis,
whereas 4 of 54 (7.4%) were candidates for novel SNPs
identiﬁed in single-marker analysis: BBS1, GNAS, IFT27,
and LZTFL1 (Supplementary Table 4).
Sensitivity Analyses

Single-marker, tagSNP, and gene-based analyses were repeated using different gene boundaries: 60, 610, and
620 kb, as well as 650 kb for single-marker and tagSNP
analyses. SNPs at novel genes were not identiﬁed, although
tagSNP analysis using 610- and 620-kb gene deﬁnitions
identiﬁed SNPs at loci that had been identiﬁed previously
by gene-based analysis (Supplementary Table 5).
Meta-Analysis with the EGG Consortium Cohort

We conducted a meta-analysis of the top SNPs from singlemarker, tagSNP, and gene-based analyses from the GWAS
meta-analysis by the EGG Consortium of BMI in children,
investigating the pooled results of the GIANT Consortium
and the UKB as well as the meta-analyses of the EGG
Consortium (Table 4). Of the SNPs investigated, 17 of
33 (51.5%) were signiﬁcantly associated (P , 1.52 3
1023): BDNF, SH2B1, KCTD13, CREBBP, BBS4, SIM1,
BBS2, EP300, SOX10, WDPCP, and RAB23. Five of those
17 SNPs were in/near novel loci: MRAP2, BBS9, BBS12,
GHR, and TUB. Heterogeneity between the studies for
these SNPs was not signiﬁcant (I2 , 5).
Fine-Mapping

Fine-mapping SNPs were identiﬁed and VEP analysis was
conducted for 715 variants (Supplementary Table 6). Most
SNPs had multiple predicted functions, including nonsense-mediated decay transcript variants and/or noncoding transcript variants. The majority were intronic (501 of
715; 70.1%) and intergenic variants (113 of 715; 15.8%).
Others were related to regulatory function, with 73 of
715 (10.2%) at regulatory regions, 22 of 715 (3.1%) at 39
untranslated regions, and 5 of 15 (0.7%) at 59 untranslated
regions. Several SNPs were identiﬁed as coding variants,
with 10 of 715 (1.4%) identiﬁed as missense variants and 1 of
715 (0.1%) identiﬁed as a stop-gained variant. Of the 10 missense variants, 1 was identiﬁed for BDNF (rs6265), 2 for
SH2B1 (rs7498665, rs2904880), 1 for BBS4 (rs2277598),
1 for SIM1 (rs240780), 1 for BBS2 (rs11373), 3 for BBS1
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Table 1—The top signiﬁcant SNPs of their associated gene from single-marker analysis (P < 2.8 3 1026)
SNP

Chr:position

Gene

Alleles

EAF

b

SE

P

N
286

rs6265

11:27679916

BDNF

T/C

0.1951

20.0412

0.0021

1.0 3 10

795,458

rs7498665

16:28883241

SH2B1

A/G

0.5962

20.0271

0.0017

5.6 3 10260

790,299

240

rs3814883

16:29994922

KCTD13

T/C

0.4764

0.0232

0.0017

1.1 3 10

685,519

rs879620

16:4015729

CREBBP

T/C

0.6179

0.0231

0.0018

5.3 3 10238

688,377

rs7164727

15:73093991

BBS4

T/C

0.681

0.0182

0.0017

3.3 3 10225

791,156

215

rs946824

1:243684019

SDCCAG8

T/C

0.141

0.0206

0.0026

1.1 3 10

689,849

rs12448738

16:56489343

BBS2

A/C

0.8629

20.0168

0.0025

2.8 3 10211

691,932

rs12206564

6:100987009

SIM1

T/C

0.505

20.0113

0.0017

5.4 3 10211

689,836

211

rs1187352

9:87293457

NTRK2

T/C

0.3482

20.0119

0.0018

6.0 3 10

688,522

rs1260326

2:27730940

IFT172

T/C

0.4027

20.0105

0.0017

3.9 3 10210

784,462

210

rs11792069

9:140646121

EHMT1

A/G

0.83

0.0145

0.0024

6.5 3 10

644,252

rs7975791

12:49413486

KMT2D

T/C

0.03601

20.0264

0.0043

1.1 3 1029

770,139

rs12628891

22:38317137

SOX10

T/C

0.3169

20.0112

0.0019

3.0 3 1029

686,575

29

rs12478556

2:63341711

WDPCP

A/T

0.4177

0.0103

0.0018

4.5 3 10

683,709

rs11649864

17:56093061

MKS1

A/G

0.09127

0.0178

0.0031

6.7 3 1029

663,638

rs139531

22:41676176

EP300

A/G

0.7197

0.0112

0.0019

9.5 3 1029

690,810

28

rs881301

8:38332318

FGFR1

T/C

0.5818

20.0097

0.0017

2.4 3 10

691,753

rs6901944

6:56862805

RAB23

A/G

0.8344

20.0126

0.0023

2.7 3 1028

692,035

28

rs6910117

6:84971679

MRAP2

A/T

0.9099

20.0157

0.0029

9.1 3 10

643,225

rs12805133

11:66483265

BBS1

A/G

0.5426

20.0091

0.0018

3.5 3 1027

635,477

rs6026567

20:57444915

GNAS

A/G

0.571

20.0092

0.0018

4.4 3 1027

659,708

27

rs9610560

22:37064378

IFT27

A/G

0.7375

20.0099

0.002

5.1 3 10

671,468

rs17765088

3:45943595

LZTFL1

C/G

0.8817

20.0136

0.0027

5.7 3 1027

666,309

rs13171414

5:37232079

NIPBL

A/G

0.7836

0.0103

0.0021

7.2 3 1027

692,376

26

rs11161347

15:23948049

MAGEL2/MKRN3/NDN

A/G

0.4831

0.0085

0.0018

1.1 3 10

672,682

rs13311608

7:32999601

BBS9

A/G

0.5147

20.0083

0.0017

1.3 3 1026

688,219

rs752579

17:17660347

RAI1

T/C

0.6077

0.0082

0.0017

26

1.6 3 10

781,905

Novel SNPs are shown in bold. Chromosome (Chr):position, Alleles (effect/other), effect allele frequency (EAF), beta (b), SE, P values, and
number of observations (N) are reported. SNP positions are reported according to Build 37. See Supplementary Table 2 for the complete
results from single-marker analysis.

(rs618838, rs540874, rs1671064), and 1 for RAB23
(rs3800023). The stop-gained variant was also identiﬁed
for BBS1 (rs1815739).

identiﬁed in this study on BMI was two times lower in
comparison with the 941 nearly independent SNPs identiﬁed in the most recent GWAS for BMI (b = 0.0105 [95%
CI 0.0089, 0.0122] vs. b = 0.0205 [95% CI 0.0195, 0.0215] (9).

DISCUSSION

Biological Role of the Associated Genes

We analyzed highly relevant candidate genes linked to
syndromic obesity in publicly available data from the latest
meta-analysis of BMI by the GIANT Consortium and UKB.
Single-marker, tagSNP, and gene-based analyses revealed
14 novel associations at 16 of 54 (29.6%) candidate genes,
and genome-wide signiﬁcant SNPs were mapped to 19 of
54 (35.2%) syndromic obesity genes. A signiﬁcant association for 17 of 33 (51.5%) loci was also observed with BMI
in children.
Our data conﬁrm the importance of conducting candidate gene approaches to identify SNPs with modest genetic
effects missed by conventional hypothesis-free GWAS. As
an illustration, the average effect size of the 11 novel SNPs

Most of the identiﬁed genes are related to leptin signaling
and primary cilia function in neurons. Leptin signaling
produces an anorexigenic effect by activating proopiomelanocortin (POMC)-expressing neurons, whereas dysfunction
in primary cilia causes ciliopathies, which are well-established
causes of complex syndromes that often present with
obesity (6,11).
Eleven of the identiﬁed genes are related to the BBSome:
BBS4, BBS2, MKS1, WDPCP, SDCCAG8, IFT172, BBS1, BBS9,
BBS12, LZTFL1, and IFT27. The BBSome is a protein complex in primary cilia with a key role in leptin receptor (LepR)
trafﬁcking (26). Mutations in these genes cause BardetBiedl syndrome, which is characterized by truncal obesity as
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Table 2—SNPs from tagSNP analysis associated with genes that were not identiﬁed by single SNP analysis (P < 1.01 3 1025)
SNP

Chr:position

Gene

Alleles

EAF

b

P

SE

N
26

rs3891400

4:123736349

BBS12

T/G

0.8777

20.0123

0.0027

6.4 3 10

688,812

rs7484168

11:8316829

TUB

A/C

0.5499

20.0078

0.0018

8.5 3 1026

684,328

rs12675038

8:117706218

RAD21

T/C

0.8855

0.0113

0.0025

26

8.9 3 10

794,582

Chromosome (Chr):position, Alleles (effect/other), effect allele frequency (EAF), beta (b), SE, P values, and number of observations (N) are
reported. SNP positions are reported according to Build 37. See Supplementary Table 3 for the complete results from tagSNP analysis.

well as intellectual disability, retinal dystrophy, polydactyly,
microorchidism in men, and renal malformations (11).
Postnatal disruption of the primary cilia function in
POMC neurons of mice results in hyperphagia and obesity
(27). Previous evidence has demonstrated a potential role
for the BBSome in common obesity, as higher BMI in
heterozygous carriers of rare mutations in BBS genes
without additional clinical features has been observed (28).
TUB and RAB23 may also be related to neuronal cilia.
Mutations in TUB, which encodes tubby, produce a phenotype similar to that caused by mutations in the BBSome,
including obesity and retinopathy (11). Tubby has demonstrated a critical role in trafﬁcking G-protein–coupled
receptors in neuronal cilia (29). The protein product of
RAB23 also has a role in trafﬁcking in primary cilia (30).
MRAP2, MAGEL2, NDN, and GNAS are also related to the
leptin signaling pathway. Mutations in MRAP2 alter melanocortin receptor 4 (MC4R) signaling, a receptor downstream
of POMC (31). Although large deletions involving MRAP2
have been reported in cases of syndromic obesity, pathogenic
variants also have been identiﬁed in several cases of early
onset obesity without additional features (11,31). Moreover,
Magel2 (encoded by MAGEL2) promotes the cell surface
presence of LepR (32). LepR subsequently interacts with
necdin, encoded by NDN (32). POMC neurons in Magel2deﬁcient mice have impaired leptin response, which may be
caused by reduced LepR trafﬁcking to the cell surface (33).
Finally, GNAS encodes G-protein a subunits, including the
G-protein a subunits integral in MC4R (34). Mutations in
SOX10, PROKR2, and FGFR1 may also affect leptin signaling
via their effect on the migration of gonadotropin-releasing
hormone neurons. Gonadotropin-releasing hormone is modulated by leptin and LepR, and inactivating mutations in
leptin and LepR causes an absence of pubertal development
as well as hypogonadotropic hypogonadism (35).
The KCTD13 locus lies within the well-described
16p11.2 interval, along with SH2B1. Deletion of the region

is associated with macrocephaly, hyperphagic obesity,
psychosis, epilepsy, schizophrenia, and autism spectrum
disorder (ASD) (11). Although SH2B1 has been identiﬁed
as the primary driver for the changes in feeding behaviors
and body weight, KCTD13 has been identiﬁed as the
primary candidate for the brain-related phenotypes (36,37).
However, KCTD13 interacts with ciliopathy-associated
genes, and KCTD13 knockdown-induced macrocephaly
can be rescued by BBS7 overexpression (38).
SIM1 has been linked to obesity through its critical role
in the development of key components of the hypothalamic-pituitary axis (39). Some evidence suggests that
SIM1 may be downstream of MC4R signaling. For example,
the effect of a melanocortin receptor agonist that reduces
food intake in wild-type mice is blunted in Sim1 heterozygous mice (40).
Another pathway heavily implicated in obesity is the
brain-derived neurotrophic factor (BDNF)-tyrosinerelated kinase B (TrkB) axis. BDNF encodes BDNF, which
binds to the TrkB receptor encoded by NTRK2 to produce
an anorexigenic effect (41). Strong evidence has implicated
the BDNF-TrkB axis in common obesity (42). There is also
an interaction between the BDNF-TrkB pathway and the
leptin signaling pathway, as the coadministration of a TrkB
antagonist attenuates the anorexigenic effects of leptin
(43).
Kleefstra, Kabuki, and Smith-Magenis syndromes are
linked to mutations in EHMT1, KMT2D, and RAI1, respectively (11). Individuals with any of these three syndromes can present with ASD as well as obesity. Pathway
analysis has demonstrated potential functional convergence, and these syndromes may be involved in common
and/or overlapping pathways (44). One of those pathways
may involve the BDNF-TrkB axis. EHMT1, a histone methyltransferase, has been shown to mediate BDNF expression during synaptic scaling (45). However, the observed
association with BMI in our study may result from an

Table 3—Signiﬁcant genes from gene-based analysis with VEGAS2 that had not been not identiﬁed by single-marker and
tagSNP analysis (P < 9.26 3 1024)
nSNPs

nSims

Chr:start–stop

P

Top SNP

Top SNP P value

PROKR2

174

1,000,000

20:5232685–5345015

1.90 3 1024

rs6116750

1.90 3 1025

CHD2

180

1,000,000

15:93393550–93621237

1.91 3 1024

rs1881837

2.50 3 1025

rs11950813

1.90 3 1025

Gene

GHR

267

1,000,000

5:42373876–42771980

24

4.04 3 10

See Supplementary Table 4 for the complete results from gene-based analysis. Chr, chromosome; nSNP, number of SNPs used for analysis.
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Table 4—Meta-analysis of the UKB and GIANT Consortium and the EGG Consortium with a random-effects model of the
top SNPs of genes identiﬁed by single-marker, tagSNP, and gene-based analyses in the EGG Consortium
SNP

Chr:position

Gene

Alleles

b

P

I2

rs6265

11:27636492

BDNF

T/C

20.0415

1.14E290

0

rs7498665

16:28790742

SH2B1

A/G

20.0272

4.39E260

0

rs3814883

16:29902423

KCTD13

T/C

0.0231

1.78E243

0

rs879620

16:3955730

CREBBP

T/C

0.0233

8.09E240

0

rs7164727

15:70881044

BBS4

T/C

0.0183

5.98E228

0

rs12206564

6:101093730

SIM1

T/C

20.0115

4.86E212

0

rs12448738

16:55046844

BBS2

A/C

20.0166

1.28E211

0

rs139531

22:40006122

EP300

A/G

0.0115

6.52E210

0

rs12628891

22:36647083

SOX10

T/C

20.0113

1.38E209

0

rs12478556

2:63195215

WDPCP

A/T

0.0102

6.14E209

0

rs6901944

6:56970764

RAB23

A/G

20.013

7.87E209

0

rs6910117

6:85028398

MRAP2

A/T

20.0153

8.77E208

0

rs1187352

9:86483277

NTRK2

rs13311608

7:32966126

BBS9

a

a

b

rs3891400

4:123955799

BBS12

rs11950813

5:42778662

GHR

rs7484168

11:8273405

TUB

c

b

T/C

20.0113

2.72E207

4.69

A/G

20.0083

5.85E207

0

T/G

20.0119

7.29E206

0

A/G

0.0083

8.44E206

0

A/C

20.0076

1.68E205

0

rs946824

1:241750642

SDCCAG8

T/C

0.0174

5.87E203

34.7

rs11792069

9:139765942

EHMT1

A/G

0.0125

1.15E202

21.87

rs881301

8:38451475

FGFR1

T/C

20.0131

1.72E202

51.45

rs13171414

5:37267836

a

NIPBL

A/G

0.0145

3.06E202

52.97

rs9610560

22:35394324

IFT27a

A/G

20.0083

3.71E202

21.08

rs752579

17:17601072

RAI1

T/C

0.0169

9.22E202

84.53

rs7975791

12:47699753

KMT2D

T/C

20.0146

4.00E201

60.08

rs12675038

8:117775399

RAD21b

T/C

0.006

4.63E201

55.33

rs6116750

20:5251842

PROKR2

T/C

0.0037

5.39E201

56.01

rs1881837

15:91266191

CHD2c

A/G

20.0041

6.26E201

62.2

rs12805133

11:66239841

BBS1a

A/G

0.005

7.40E201

92.07

rs17765088

3:45918599

LZTFL1a

C/G

20.004

7.60E201

69.18

rs11161347

15:21499142

MAGEL2/MKRN3/NDNa

A/G

20.003

8.15E201

88.91
92.65

c

rs1260326

2:27584444

IFT172

T/C

0.0034

8.19E201

rs6026567

20:56878310

GNASa

A/G

20.0017

8.57E201

77.9

rs11649864

17:53448060

MKS1

A/G

0.0028

8.78E201

81.01

Signiﬁcant SNPs (P , 1.52 3 1023) are shown in bold. Chr, chromosome. Heterogeneity between studies was assessed using the
I2 statistic. aNovel genes identiﬁed by single-marker analysis. bNovel genes identiﬁed by tagSNP analysis. cNovel genes identiﬁed by
gene-based analysis.

interaction with ASD, which has been associated with
a higher BMI (46). Mutations in CHD2 have also been
associated with ASD as well as intellectual disability and
photosensitive epilepsy. However, only one case report
(11) has described obesity with a CHD2 mutation. Two
patients harbored a 15q26.1 microdeletion of CHD2 and
RGMA, and exhibited truncal obesity (11).
The remaining genes identiﬁed in this study relate to
various syndromes whose underlying mechanisms are not
well understood. Mutations in cohesin-related proteins
rad21 and nipbl cause Cornelia de Lange syndrome

(CdLS), which presents with characteristic facial features
and variations of weight (11,47). However, none of the
23 reported cases of CdLS with Rad21 mutations are obese
(47). Among the genes tested for in a suspected diagnosis
of CdLS are CREBBP and EP300, which are causative genes
for a similar disorder: Rubinstein-Taybi syndrome (RTS).
RTS is characterized by features including growth restriction, microcephaly, and broad thumbs and toes (11). Case
series have demonstrated that obesity presents in 30–40%
of patients with RTS caused by mutations in CREBBP or
EP300 (48). Finally, the deﬁciency of GHR produces Laron
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syndrome, which is characterized by abnormal growth with
child-like proportions in adulthood (e.g., greater deviation
of stature than head size). Obesity is observed in early
childhood and progresses into adulthood as total body fat
reaches 30–60% of weight (11). This is not attributed to
increased caloric intake or reduced energy expenditure (49).
Study Implications

Our results conﬁrm a large continuum between monogenic
syndromic, monogenic nonsyndromic, oligogenic, and polygenic obesity (6). Substantial evidence, including candidate
gene studies as well as independent GWAS, has previously
suggested a role for many of the genes identiﬁed in this study
in polygenic obesity (6).
In addition to the candidate-gene single-marker analysis, tagSNP and gene-based approaches were also conducted to explore the sensitivity of our analyses after
further reduction of the Bonferroni correction. Although
the original analysis conducted by the GIANT Consortium
and UKB had pruned SNPs in high LD (r2 . 0.9), additional
pruning (r2 . 0.8) in our tagSNP analysis identiﬁed all
27 loci from single-marker analysis as well as three additional SNPs at novel loci. Future GWAS may identify
additional SNPs by using a lower threshold for LD. Furthermore, gene-based analysis rescued three loci where no
individual SNP was signiﬁcantly associated with BMI, but
rather several variants had a moderate effect on BMI. We
recommend that future GWAS systematically conduct
gene-based analysis in tandem with classic single-marker
analysis (50).
This study deﬁned gene boundaries as 6200 kb. We
found that this boundary captured the greatest number of
signiﬁcant SNPs after Bonferroni correction compared
with boundaries of 650, 620, 610, and 60 kb. Although
larger gene boundaries were not tested, this ﬁnding is
consistent with a separate study that found the greatest
number of signiﬁcant pathway-phenotype associations for
GWAS-signiﬁcant SNPs when using a gene deﬁnition of
6200 kb compared with others between 0 and 1,500 kb (14).
Some of the included syndromic obesity genes in this
study have not been replicated or conﬁrmed by a second
independent study (see Supplementary Table 1) yet have
been previously conﬁrmed as GWAS signiﬁcant (P , 5 3
1028): NTRK2, SH2B1, and SDCCAG8. Therefore, there is
no direct correlation between the strength of known
evidence for the role of a gene in a genetic obesity syndrome
and its effects on common BMI variation. However, this
study provides some additional support for a role for these
genes in genetic obesity syndromes. This is particularly
impactful for genes that have not been replicated or conﬁrmed: SH2B1, SDCCAG8, and NTRK2, as well as LZTFL1,
TUB, and CHD2.
Meta-analysis with the EGG Consortium cohort demonstrated signiﬁcant signals in more than half of the top
SNPs from single-marker, tagSNP, and gene-based analysis
(17 of 33; 51.5%) after Bonferroni correction (P , 1.52 3
1023). Since the EGG Consortium cohort was composed of
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children rather than adults, signiﬁcant genetic associations
reﬂect those that play a role in anthropometry throughout
life. In contrast, SNPs that did not demonstrate a significant association all showed signiﬁcant heterogeneity
between the studies (I2 . 20). This may suggest agedependent effects for these SNPs. However, some SNPs
showing signiﬁcant heterogeneity are located in/near
genes that have been previously associated with childhood
obesity syndromes (e.g., EHMT1 in Kleefstra syndrome,
GNAS in Allbright Hereditary Osteodystrophy) or have
shown previous evidence of associations with obesity in
children and adolescents (e.g., SDCCAG8).
Strengths and Limitations

This study demonstrates that candidate gene studies can
be highly successful, with 64.8% of the candidate genes
(35 of 54) demonstrating signiﬁcant associations and
51.5% of signiﬁcant loci (17 of 33) showing association
after meta-analysis with a separate pediatric cohort. Two
main components of this study differ signiﬁcantly from
most candidate-gene studies: 1) the selected candidate
genes have strong evidence for a causal role in obesity
(i.e., clinically evident cases of morbid obesity with evidence of drastic genetic mutations); and 2) we used a very
well-powered BMI data set (up to 681,275 participants).
Other candidate gene studies often use indirect evidence
such as transcriptome and methylome analysis, which do
not strongly distinguish obesity as a cause or consequence
(10). We recommend that future well-powered GWAS
analyses supplement hypothesis-free analysis with candidate-gene approaches using highly causal evidence, including novel syndromic obesity genes. Other potential sources
of highly causal evidence include mouse models of obesity
(6).
The genes analyzed in this study are likely a limited
selection of potential candidates since only a proportion of
the known genetic syndromes with obesity have been fully
genetically elucidated (19 of 79; 24%) (11). Some have only
been partially genetically elucidated (11 of 79; 14%), and
there may also be syndromes that have yet to be identiﬁed
(11). Also, neither rare variants nor potential long-range
associations were included in these analyses. These genes
were identiﬁed in a population of European descent only.
Therefore, transferability studies in other ethnic groups
are needed to investigate the generalizability of these
results. Finally, as with all GWAS, the genes identiﬁed
in this study are candidates, and the SNPs identiﬁed may
only be proxies for the causative SNP. Other potential
causative genes may lie within the proximity of the identiﬁed SNPs. The causative SNPs may lie within the LD
blocks of the identiﬁed SNPs.
Conclusion

In summary, this study identiﬁed novel common variants
associated with BMI in a large sample of children and adults
of European ancestry using a combination of candidategene, single-marker, tagSNP, and gene-based approaches.
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This provides additional support to growing evidence of
a continuum between monogenic syndromic obesity and
common polygenic obesity.
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