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KEYWORDS Abstract Background and aims: Cardiometabolic disorders (CMD) arise from a constellation of
Cardiometabolic features such as increased adiposity, hyperlipidemia, hypertension and compromised glucose
disease; control. Many genetic loci have shown associations with individual CMD-related traits, but no
Epidemiology; investigations have focused on simultaneously identifying loci showing associations across all
Fat distribution: domains. We therefore sought to identify loci associated with risk across seven continuous
GWAS; CMD-related traits.
Pleiotropy; Methods and results: We conducted separate genome-wide association studies (GWAS) for sys-
Risk alleles: tolic and diastolic blood pressure (SBP/DBP), hemoglobin Alc (HbA1c), low- and high- density

lipoprotein cholesterol (LDL-C/HDL-C), waist-to-hip-ratio (WHR), and triglycerides (TGs) in the
UK Biobank (N = 356,574—456,823). Multiple loci reached genome-wide levels of significance
(N = 145-333) for each trait, but only four loci (in/near VEGFA, GRB14-COBLL1, KLF14, and
RGS19-OPRL1) were associated with risk across all seven traits (P < 5 x 10~8). We sought repli-
cation of these four loci in an independent set of seven trait-specific GWAS meta-analyses.
GRB14-COBLL1 showed the most consistent replication, revealing nominally significant associa-
tions (P < 0.05) with all traits except DBP.

Conclusions: Our analyses suggest that very few loci are associated in the same direction of risk
with traits representing the full spectrum of CMD features. We identified four such loci, and an
understanding of the pathways between these loci and CMD risk may eventually identify factors

Risk factors
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that can be used to identify pathologic disturbances that represent broadly beneficial therapeutic

targets.

© 2022 The Italian Diabetes Society, the Italian Society for the Study of Atherosclerosis, the Ital-
ian Society of Human Nutrition and the Department of Clinical Medicine and Surgery, Federico I
University. Published by Elsevier B.V. All rights reserved.

1. Introduction

Cardiometabolic risk, the chance of developing type 2
diabetes (T2D), cardiovascular disease (CVD) and/or stroke,
is typically assessed through measures of adiposity,
glucose control, lipid metabolism, and blood pressure [1].
The clustering of these risk factors has been termed CMD
and is defined by The American College of Cardiology as
the presence of hypertension, poor glucose control, dysli-
pidemia, and abdominal obesity [2]. Recent data from the
National Health and Nutrition Examination Survey
(NHANES) indicate that among US adults, almost 90% of
those with obesity, 50% with overweight and 25% of those
at a normal weight met criteria for elevated risk in at least
of these indicators [3]. While individual measures of car-
diometabolic risk are linked with the development of CVD
and T2D, studies are not unified in identifying which
specific measures convey the greatest risk for these out-
comes [4,5]. Where evidence does strongly converge is in
showing that the number of cardiometabolic risk factors is
directly proportional to the risk of developing endpoints
such as T2D, CVD, and for predicting mortality [6].

Each CMD feature results from a complex interplay
between host genetics and lifestyle factors. Health be-
haviors such as physical activity and good dietary habits
are associated with protection across multiple car-
diometabolic risk factors [7], suggesting at least a
partially shared behavioral etiology underlying CMD
traits. However, the role that genetics plays in any shared
etiology between CMD traits is not well understood [8,9].
For example, only two loci have previously been identi-
fied as being implicated across T2D and cardiovascular
disease: CDKN2A/B and IRS1 [9,10]. Identifying those ge-
netic factors that convey risk across multiple CMD traits
may increase our understanding of why risk factor clus-
tering is not uniform across individuals, and further help
identify those whose overall CMD profile suggests a
greater risk of T2D and CVD and whom may especially
benefit from behavioral interventions [11]. All CMD in-
dicators show significant heritability [12,13], with modest
genetic correlations in the range of 0.1-0.5, suggesting
both shared and measure-specific genetic loci across all
traits associated with CMD [14,15]. In addition, a small
number of loci have been identified that increase the risk
for one indicator (e.g., low-density lipoprotein choles-
terol) but decrease the risk for another (e.g., glucose
control [10,16—18]), mirroring some of the therapeutic
effects of statins which reduce dyslipidemia but convey a
slightly increased risk for T2D [19—21]. However, we are
not aware of any studies that seek to identify variants

associated with all the cardiometabolic risk factors
forming the features of CMD. The identification of such
loci, if they exist, may help identify underlying etiological
pathways shared across many risk factors, improve our
risk stratification efforts and provide information on
targets for therapeutics which, by seeking to address
multiple CMD risk factors, may have a broader range of
beneficial clinical changes [22—24].

The present study aims to identify loci that are associ-
ated with each of seven cardiometabolic traits, repre-
senting the four features of CMD, in the same (risk
predisposing) direction. Using data from the UK Biobank,
which allowed us to leverage large numbers of individuals
with both genetic data and phenotype data across multiple
indicators of cardiometabolic disease, we took a genome-
wide approach to identify variants significantly associated
with each of glucose control, central adiposity, and mul-
tiple measures of lipid metabolism, and blood pressure.
We then validated any significant associations in the
published summary statistics from independent large-
scale meta-analytic GWAS for each trait.

2. Methods
2.1. Study population

The UK Biobank is a multi-center prospective cohort study
of 500,000 adults ages 39 to 72 living in the UK. At each
one of the 21 assessment centers, participants answered
questionnaires, were interviewed, and were physically
measured as part of a baseline visit that occurred between
2006 and 2010. A blood draw in a non-fasting state was
performed for subsequent genetic and biomarker analysis.
Among the biomarkers tested were directly-measured
circulating LDL-C, HDL-C, hemoglobin Alc (HbAlc), TG,
and alanine aminotransferase (ALT). The UK Biobank was
approved by the National Information Governance Board
for Health and Social Care and the National Health Service
North West Multicentre Research Ethics Committee. All
participants provided informed consent. Prevalent T2D
was defined according to the following criteria: 1) self-
reported T2D or generic diabetes in verbal interviews, 2)
over the age of 35 years at diagnosis, and 3) not using
insulin within one year of diagnosis, to exclude possible
type-1 diabetes cases [25].

2.2. Genotype data

DNA of participants was genotyped with the Affymetrix
UK Biobank Axiom Array (Santa Clara, CA, USA), except for
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10% of participants genotyped with the Affymetrix UK
BiLEVE Axiom Array. Information about genotype impu-
tation, principal components analysis, and quality control
procedures can be found elsewhere [26]. Briefly, in-
dividuals were excluded if they exhibited unusually high
heterozygosity, a high missing rate (>5%), or exhibited a
mismatch between genetically inferred sex and self-
reported sex. SNPs were excluded from analyses based
on Hardy Weinberg equilibrium (p < 1 x 107%), high
missing rate (>1.5%), low minor allele frequency (<0.1%),
or a low imputation accuracy (info<0.4).

2.3. GWAS and genetic correlations of trait measures

We first examined seven continuous cardiometabolic traits
in the UK Biobank: HbA1c, LDL-C, HDL-C, TGs, waist-to-hip
ratio adjusted for BMI (WHRadjBMI), and SBP and DBP
adjusted for BMI. Although fasting glucose is a commonly
used glycemic trait, since UKB participants are not fasted at
the time of blood draw, we chose to use HbA1c instead. This
allows us to achieve a similar sample size and power for
each of the seven traits in the discovery analysis. Although
HbA1c does have some limitations, is it more stable and
reflective of long-term glycemia than fasting glucose. For
the analyses of TG and HDL-C, we excluded individuals
reporting cholesterol-lowering medications. For the anal-
ysis of LDL-C, we adjusted the values of people reporting
cholesterol-lowering medication, by dividing their LDL-C
values by a correction factor of 0.63. For the analysis of
HbA1c, we excluded individuals with prevalent T2D (see
above). For the analyses of SBP and DBP, we obtained the
mean values across two manual measurements and
adjusted for the effect of anti-hypertensive medications by
adding 15 and 10 points to SBP and DBP, respectively,
among individuals reported to be on anti-hypertensive
medications (and an additional 2 measurements in a sub-
set of individuals) [27]. We used LD-score regression to
estimate genetic correlations across all pairs of trait [28].

2.4. GWAS replication associations

We replicated identified associations by examining sum-
mary statistics of previously conducted large-scale GWAS
of the same traits: LDL-C, HDL-C, and TG from the Global
Lipids Genetics Consortium (GLGC; n = 188,577) [29],
WHRadjBMI from the Genetic Investigation of Anthropo-
metric Traits (GIANT) consortium (n = 224,459) [30], SBP
and DBP from Genetic Epidemiology Research on Adult
Health and Aging (GERA) cohort (n = 99,785) [31], and
HbAlc from the Meta-Analyses of Glucose and Insulin-
related traits Consortium (MAGIC; n = 123,665) [32].

2.5. Follow-up associations with CMD end points

We examined the association of the four identified SNPs
with coronary artery disease (CAD), T2D, and stroke,
some of the major outcomes arising from CMD, using
GWAS meta-analysis results published by the Coronary
Artery Disease Genome-wide Replication And Meta-

analysis (CARDIOGRAM; n = up to 185,000) [33], Dia-
betes Genetics Replication And Meta-analysis (DIAGRAM;
n = 898,130) [33], and MEGASTROKE (n = 521,612) [34]
consortia.

2.6. Statistical analysis

All UK Biobank phenotypes were inverse-normalized prior
to GWAS. Although this limits our ability to interpret effect
sizes, it does allow us to both normalize the variables and
to compare effect sizes across traits. GWAS was performed
with BOLT-LMM software which implements a linear
mixed model regression that includes a random effect
consisting of all SNP genotypes other than the one being
tested [35]. We included the following variables as cova-
riates: age, age?, sex, center, genotyping chip, and the first
10 principal components. SNPs were selected if their beta
coefficient had the same direction of effect (opposite di-
rection for HDL-C) and a corresponding p-value<5 x 1078
for each of the seven traits. If several SNPs were within a
1 Mb region, we chose the one with the lowest p-value
based on a multivariate analysis conducted with metaCCA
[36]. We also performed multiple-trait genetic colocaliza-
tion using the “hyprcoloc” package in R to identify the best
candidate variant given a genomic region for each locus,
using a region 250 kb region around the lead SNP [37]. A
posterior probability of full colocalization (PPFC) threshold
of 0.72 (e.g. alignment probability = 0.85 and regional
probability = 0.85) was considered. In the replication
dataset, we examined SNPs identified in the UK Biobank
discovery set, and considered that a consistent direction of
effect, and with p < 0.05, qualified as a replication, given
the smaller sample sizes in the replication datasets.

3. Results
3.1. UK Biobank GWAS

Phenotypic and genetic correlations among seven traits
are shown in Supplementary Fig. 1. Both phenotypic and
genetic correlations were generally weak, with the
exception of some correlations among some lipid traits
and between SBP and DBP. In GWAS among UK Biobank
participants, we identified 16 SNPs at four loci associated
at genome-wide significance with each of seven quanti-
tative traits in the same risk-conferring/protecting di-
rection, in/near VEGFA, GRB14-COBLL1, KLF14, and RGS19-
OPRL1 (Table 1 and Fig. 1). In sex-stratified analyses, there
were no genome-wide significant SNPs for each trait
(Fig. 1, Supplementary Table 1). Colocalization analyses
showed colocalization across all seven traits for the
GRB14-COBBL1 locus, across six traits for KLF14 and
RGS19-OPRL1, and across five traits for VEGFA (all
PPFC>0.72; Supplementary Table 2).

3.2. GWAS in replication samples

Among the four SNPs identified in UK Biobank, we found
that all four exhibit the same direction of risk effect across
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Table 1 SNPs with significant associations in Initial UK Biobank GWAS.

n GRB14-COBLL1 KLF14 RGS19-OPRL1 VEGFA-C6orf223
rs13389219:C/T rs201632637:CTTTTTT/C rs8126001: C/T rs998584: C/A
6 SE p B SE p 6 SE p 6 SE p
TG (mmol/L) 356,574 0.037 0.002 7.7E-63 0.032 0.002 1.8E-50 0.017 0.002 2.6E-15 -0.040 0.002 2.6E-76
LDL-C 431,167 0.018 0.002 2.4E-21 0.018 0.002 6.9E-22 0.017 0.002 1.0E-18 -0.017 0.002 1.3E-18
(mmom/L)
HDL-C 397,721 -0.028 0.002 1.8E-50 —-0.031 0.002 5.8E-63 —-0.012 0.002 7.1E-11 0.035 0.002 3.2E-80
(mmol/L)
HbAlc 417,018 0.012 0.002 2.5E-09 0.011 0.002 2.6E-08 0.012 0.002 1.4E-09 -0.020 0.002 2.8E-26
(mmol/mol)
SBP (mmHg) 453,413 0.016 0.002 3.4E-16 0.015 0.002 83E-14 0.018 0.002 7.1E-19 -0.011 0.002 2.4E-08
DBP (mmHg) 453,413 0.015 0.002 1.7E-14 0.017 0.002 3.8E-17 0.012 0.002 3.7E-10 -0.016 0.002 1.1E-16
WHRadjBMI 456,823 0.026 0.002 3.4E-64 0.012 0.001 1.7E-15 0.013 0.001 3.1E-17 -0.037 0.001 5.0E-139
metacca-p 5.4E-220 2.1E-149 1.0E-60 0.0E+00

Abbreviations: DBP: diastolic blood pressure; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; SBP:
systolic blood pressure; TG: triglycerides; WHRadjBMI: waist-to-hip ratio adjusted for BMI.

all seven traits, but do not reach p < 0.05 across all traits,
likely due to the substantially smaller sample sizes in
those studies as compared to the UK Biobank (Table 2).

3.3. Follow-up associations with CMD end points and
phenome-wide association study

We found directionally consistent associations of the four
loci identified in UK Biobank with T2D, CAD, and stroke,
although not all associations achieved statistical signifi-
cance, particularly for stroke (Supplementary Table 3). In
silico phenome-wide association analyses (PheWAS) of

these four loci revealed associations with fat distribution
patterns and cardiometabolic conditions and medications,
with limited to no evidence of adverse associations with
other conditions (see Supplementary Tables 4—8).

4. Discussion

This is the first study, of which we are aware, to take a
broad and well-powered genome-wide approach to
simultaneously identifying genetic loci associated with
seven cardiometabolic risk factors representing the four
domains of CMD. We observed only four loci that increase

A TG -log10(p)
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e 79
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Figure 1
men only.

Radar plot showing association p-values for all four genes identified in UK Biobank in A) both men and women, B) women only, and C)
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the risk for all seven of our traits; raised TGs and LDL-C,
lowered HDL-C, raised HbAlc, and systolic and diastolic
blood pressure. Given that multiple robust genetic asso-
ciations have been published for each of our seven traits
individually, these findings suggest that loci which influ-
ence all seven features CMD are less common, and much of
the genetic etiology is trait-specific.

We found four loci which simultaneously associated
with risk across seven CMD traits at genome-wide levels of
significance. Although this is the first study, of which we
are aware to conduct discovery across all seven traits
simultaneously, previous studies have identified associa-
tions between loci in GRB14-COBLL1, and RGS19-OPRLI with
each of our cardiometabolic traits independently. The
intergenic SNP rs13889216 in GRB14-COBLL1, or the nearby
SNP rs10195252 in GRB14 have previously been associated
at genome-wide levels of significance with WHR ratio
(sometimes with a larger effect size in females) [30,38,39]
and levels of TGs [39—42], HDL-C [30,39,41—43] and LDL-C
[30]. Other studies have associated these SNPs with addi-
tional traits often used as indicators of cardiometabolic
disease or cardiometabolic disease risk, such as total
cholesterol [42], T2D [30,42,44] and other indices of gly-
cemic control [30,39,40,42], often at levels approaching
genome-wide significance. Similarly, rs8126001 found in
the 5" UTR of OPRLI and 2 kb upstream from RGS19 has
been previously associated with TG levels [41], HDL-C [41],
SBP [45] and WHRadjBMI as well as waist circumference in
UK Biobank [45,46], although its most replicated associa-
tions to date have been with alcohol use/abuse. Similarly,
associations have been observed between variants at
KLF14 and VEGFA with both T2D [47] and HDL-C levels in
large-scale GWAS [48]. Taken together, these previous data
suggest our analysis approach is robust, and supporting
the notion that our associations of each of these four loci
with all seven traits is generalizable. In the light of evi-
dence showing that the number of cardiometabolic risk
factors is directly proportional to the risk of T2D, CVD and
mortality [6], information that these loci associate with
risk across multiple traits could be seen to raise the
importance of these loci to the risk of developing these
conditions when compared to loci which raise the risk
profile of a fewer number of traits.

Understanding the mechanisms that link our four loci
to CMD risk may yield insights into the full clinical profile
of CMD. In the broader literature, two of our loci show
multiple associations with mechanisms underlying, and/or
patterns of, fat deposition. For example, KLF14 regulates
the expression of several genes in adipose tissue, and has
been associated with favorable adiposity [49], and, in
women with adipogenesis, shifts in central vs. gynoid
adiposity, and the shift in the number and size of adipo-
cytes [50]. In turn, GRB14 and the GRB14-COBLL1 locus
have both been associated with body fat distribution
(reviewed in Ref. [51]), and variation in or near GRB14-
COBLL1 to alter gene expression in subcutaneous fat, and
in omental but not mesenteric visceral fat [52]. These
findings suggest that at least some of our putative loci are
united by their associations with patterns of fat deposition
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— an unsurprising implication given that fat deposition
patterning has recently emerged as a stronger indicator of
cardiometabolic risk factor clustering than overall
adiposity, particularly in women (e.g. Refs. [53,54]). In both
genders, visceral fat is an indicator of increased car-
diometabolic risk [53,55—61], however in women only,
deposition of fat in the lower body (gluteal-femoral fat) is
associated with protection from CMD risk factors [58,62]
and their downstream endpoint of CVD [54]. Supporting
the notion that CMD risk alleles may operate through fat
patterning, a genetic risk score associated with fat depo-
sition phenotypes such as WHR, gluteofemoral fat and
abdominal fat volume, also associated CMD traits, as well
as T2D and CVD [63], and the protective associations of
GRB14-COBLL1 variants on adverse lipid profiles have been
theorized to me mediated through alterations in body fat
distribution [51].

There are of course limitations to our findings. Our
sample is comprised of individuals with European-
ancestry and generalizations beyond this population are
not advised. In addition, while the rationale for the current
analyses was to identify loci that most increase the risk of
cardiometabolic disease by exerting effects across multiple
risk indicators simultaneously, our loci have not been
widely associated with hard outcomes such as CVD, except
for associations of GRB14-COBLL1, KLF14, and VEGFA with
T2D (Supplementary Table 4) [30,42,44]. Finally, many of
our loci have been observed to have sex-specific effects
especially with regards to associations with fat patterning
[50,52,64], and our analyses suggested sex-specific mag-
nitudes of associations with the our seven CMD traits, we
were not powered to detect these through formal inter-
action analyses. Future research should address these
limitations, and also continue to examine the excess of risk
associated with visceral fat and identify mechanisms
linking fat deposition and cardiometabolic risk.

These current findings suggest that from all loci known
to affect CMD related traits, only a few may have effects
across multiple traits, which are strong enough to be
readily detectable at genome-wide levels of significance.
Although the effect sizes of these naturally occurring ge-
netic variants are very small, the magnitude of the effect
sizes does not necessarily reflect the importance of the
pathways that they point to. Interventions may thus have a
much larger, more clinically meaningful impact than
immediately apparent from the effect sizes of the SNP-risk
factor associations used to identify these pathways. This
has been illustrated in the case of HMGCR and statins with
LDL-C [17,65]. If these loci serve as an indicator of risk
across the highest number of CMD features, and if future
research identifies pathways linking these loci to CMD,
such as via changes in fat patterning, this research may
eventually give insights into therapeutic targets that will
yield a broader range of clinical improvement.
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