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Obesity is globally prevalent and highly heritable, but its underlying genetic factors remain largely elusive. To identify genetic loci 
for obesity susceptibility, we examined associations between body mass index and ~2.8 million SNPs in up to 123,865 individuals 
with targeted follow up of 42 SNPs in up to 125,931 additional individuals. We confirmed 14 known obesity susceptibility loci 
and identified 18 new loci associated with body mass index (P < 5 ! 10"8), one of which includes a copy number variant near 
GPRC5B. Some loci (at MC4R, POMC, SH2B1 and BDNF) map near key hypothalamic regulators of energy balance, and one of 
these loci is near GIPR, an incretin receptor. Furthermore, genes in other newly associated loci may provide new insights into 
human body weight regulation.

19 loci associated with BMI at P < 5 ! 10"8 (Table 1, Fig. 1a and 
Supplementary Table 1). These 19 loci included all ten loci from 
previous GWAS of BMI6–10, two loci previously associated with body 
weight10 (at FAIM2 and SEC16B) and one locus previously associated 
with waist circumference14 (near TFAP2B). The remaining six loci, 
near GPRC5B, MAP2K5-LBXCOR1, TNNI3K, LRRN6C, FLJ35779-
HMGCR and PRKD1, have not previously been associated with BMI 
or other obesity-related traits.

Stage 2 follow up identifies additional new loci for BMI
To identify additional BMI-associated loci and to validate the loci 
that reached genome-wide significance in the stage 1 analyses, we 
examined SNPs representing 42 independent loci (including the 19 
genome-wide significant loci) having a stage 1 P < 5 ! 10"6. Variants 
were considered to be independent if the pair-wise linkage disequi-
librium (LD, r2) was less than 0.1 and if they were separated by at 
least 1 Mb. In stage 2, we examined these 42 SNPs in up to 125,931 
additional individuals (79,561 newly genotyped individuals from 16 
different studies and 46,370 individuals from 18 additional studies 
for which genome-wide association data were available; Table 1, 
Supplementary Note and Online Methods). In a joint analysis of 
stage 1 and stage 2 results, 32 of the 42 SNPs reached P < 5 ! 10"8 
(Table 1, Supplementary Table 1 and Supplementary Figs. 1 and 2).  
Even after excluding SNPs within the 32 confirmed BMI loci, we still 
observed an excess of small P values compared to the distribution 
expected under the null hypothesis (Fig. 1b and Supplementary 
Fig. 3), suggesting that more BMI loci remain to be uncovered.

The 32 confirmed associations included all 19 loci with P < 5 ! 10"8 
at stage 1, 12 additional new loci near RBJ-ADCY3-POMC, QPCTL-
GIPR, SLC39A8, TMEM160, FANCL, CADM2, LRP1B, PTBP2, MTIF3-
GTF3A, ZNF608, RPL27A-TUB and NUDT3-HMGA1 and one locus 
(in NRXN3) previously associated with waist circumference15 (Table 1,  
Supplementary Table 1 and Supplementary Figs. 1 and 2). In all, 
our study increased the number of loci robustly associated with BMI 
from 10 to 32. Four of the 22 new loci were previously associated  

Association analyses of 249,796 individuals reveal  
18 new loci associated with body mass index

Obesity is a major and increasingly prevalent risk factor for multiple 
disorders, including type 2 diabetes and cardiovascular disease1,2. 
Although lifestyle changes have driven its prevalence to epidemic 
proportions, heritability studies provide evidence for a substantial 
genetic contribution (with heritability estimates (h2) of ~40%–70%) 
to obesity risk3,4. BMI is an inexpensive, non-invasive measure of 
obesity that predicts the risk of related complications5. Identifying 
genetic determinants of BMI could lead to a better understanding of 
the biological basis of obesity.

Genome-wide association studies (GWAS) of BMI have previously 
identified ten loci with genome-wide significant (P < 5 ! 10"8) asso-
ciations6–10 in or near FTO, MC4R, TMEM18, GNPDA2, BDNF, 
NEGR1, SH2B1, ETV5, MTCH2 and KCTD15. Many of these genes 
are expressed or known to act in the central nervous system, high-
lighting a likely neuronal component in the predisposition to obesity9. 
This pattern is consistent with results in animal models and studies 
of monogenic human obesity in which neuronal genes, particularly 
those expressed in the hypothalamus and involved in regulation of 
appetite or energy balance, are known to play a major role in suscep-
tibility to obesity11–13.

The ten previously identified loci account for only a small fraction 
of the variation in BMI. Furthermore, power calculations based on the 
effect sizes of established variants have suggested that increasing the 
sample size would likely lead to the discovery of additional variants9. 
To identify additional loci associated with BMI, we expanded the 
Genetic Investigation of Anthropometric Traits (GIANT) Consortium 
genome-wide association meta-analysis to include a total of 249,796 
individuals of European ancestry.

RESULTS
Stage 1 GWAS identifies new loci associated with BMI
We first conducted a meta-analysis of GWAS of BMI and ~2.8 million 
imputed or genotyped SNPs using data from 46 studies including 
up to 123,865 individuals (Online Methods, Supplementary 
Fig. 1 and Supplementary Note). This stage 1 analysis revealed 
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!e environment is largely responsible for dif-
ferences in BMI between populations; genetics is 
largely responsible for di"erences in BMI within 
populations. Evidences in support of the environ-
mental e"ect are many. !e prevalence of obes-
ity di"ers greatly between countries, even among 
developed countries (1). On a smaller scale, 
di"erences in the “built environment” within 
a city are associated with di"erences in BMI. 
In New York City a greater density of bus and 
subway stops and greater variety in uses of land 
within a neighborhood are associated with lower 
BMIs (2). Closely genetically related populations 
living in di"erent environments di"er consider-
ably in average BMI (3). !e environment clearly 
can be more or less obesegenic.

But there is strong evidence that within a popu-
lation the variance in BMI is largely genetically 
determined. !e weight of adoptees correlates 
better with the BMI of their biologic parents than 
with that of their adoptive parents (4). Twin stud-
ies indicate that about two-thirds of the variance 
in BMI is attributable to additive genetic factors 
(5). !e most convincing study of the heritability 
of BMI in twins was that of Stunkard and col-
leagues, who studied 93 adult pairs of monozy-
gotic twins who had been separated as young 
children and reared apart (6). !ese authors simi-
larly estimated that about two-thirds of the vari-
ance in BMI was due to genetic factors.

What are these genetic factors? Two di"er-
ent experimental approaches have been used to 
identify obesity susceptibility genes in humans: a 
candidate gene approach and an agnostic method 
using single-nucleotide polymorphisms (SNPs) 
in a genome-wide association study (GWAS). 
Candidate genes have been selected to be screened 
for variants associated with obesity based on 
the physiology and molecular mechanisms of 
energy homeostasis in experimental animals. 
Very few obese humans have causative variants 
in genes thought to be the major constituents of 
this homeostatic system (7). !e one exception is 

the melanocortin 4 receptor (MC4R). About two 
and a half percent of severely obese individuals 
have causative variants in this gene (8). !ese 
variants are associated with obesity largely due 
to increased food intake but also due to reduced 
energy expenditure (9).

GWASs are the most commonly used agnostic 
approach to identify susceptibility genes for com-
mon disease, including obesity. !ese have been 
done in populations of European descent and 
used ~350,000 SNPs, covering more than 75% 
of the genome (10,11). !e two major #ndings 
were common noncoding SNPs in an intron of 
the FTO gene and a common SNP within a pre-
sumed regularly site 188 kb downstream of the 
MC4R gene. !e additive genetic e"ect of these 
polymorphisms in a population of ~77,000 adults 
was a di"erence in BMI of 1.17 kg/m2 between the 
compound homozygotes for the risk alleles (1% of 
the population) vs. the compound homozygotes 
for the nonrisk alleles (19% of the population). 
!ese two common variants in FTO and MC4R 
account for less than 2% of the variance in adult 
BMI. !e combined results of the candidate gene 
and GWAS approach account for very little of the 
variance in BMI that is heritable.

WHERE IS ALL THIS MISSING HERITABILITY?
!ere could be many more genes with small 
e"ects similar to those of the FTO and MC4R 
polymorphisms. !ere could also be several rare 
variants, each with a large e"ect. Since the GWAS 
approach depends on the “common phenotype–
common genotype” hypothesis to be successful, 
rare variants would be missed. Copy number var-
iation, rather than SNPs, also may contribute to 
susceptibility to obesity. But recent work indicates 
that most of the common (allele freq 0.05) dial-
lelic copy number polymorphisms are in strong 
linkage disequilibrium with SNPs and would have 
been detected by the GWAS approach (12). Copy 
number variations that are rare and more vari-
able might contribute to the heritability of BMI 
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Penetrance is the proportion of 
individuals carrying an allele that 
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Regress offspring against parent to estimate heritability
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Regress offspring against parent to estimate heritability

h2 is slope/relationship rel. = cor(GP,GO)
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SNPs discovered by genome-wide association studies (GWASs) 
account for only a small fraction of the genetic variation of 
complex traits in human populations. Where is the remaining 
heritability? We estimated the proportion of variance for 
human height explained by 294,831 SNPs genotyped on 
3,925 unrelated individuals using a linear model analysis, and 
validated the estimation method with simulations based on 
the observed genotype data. We show that 45% of variance 
can be explained by considering all SNPs simultaneously. Thus, 
most of the heritability is not missing but has not previously 
been detected because the individual effects are too small 
to pass stringent significance tests. We provide evidence 
that the remaining heritability is due to incomplete linkage 
disequilibrium between causal variants and genotyped SNPs, 
exacerbated by causal variants having lower minor allele 
frequency than the SNPs explored to date.

GWASs in human populations have discovered hundreds of SNPs 
 significantly associated with complex traits1,2, yet for any one 
trait they typically account for only a small fraction of the genetic 
 variation. Where is the missing heritability, the so-called dark matter 
of the genome3,4? Suggested explanations include the existence of 
gene-by-gene or gene-by-environment interactions5, the common 
disease–rare variant hypothesis6 and the possibility that inherited 
epigenetic factors cause resemblance between relatives7,8. However, 
the variance explained by the validated SNPs is usually much less than 
the narrow-sense heritability, the proportion of phenotypic variance 
due to additive genetic variance. Non-additive genetic effects do not 
contribute to the narrow-sense heritability, so explanations based on 
non-additive effects are not relevant to the problem of missing herit-
ability (Supplementary Note). There are two logical explanations 
for the failure of validated SNP associations to explain the estimated  
heritability: either the causal variants each explain such a small amount 

of variation that their effects do not reach stringent significance 
thresholds and/or the causal variants are not in complete linkage 
disequilibrium (LD) with the SNPs that have been genotyped. Lack 
of complete LD might, for instance, occur if causal variants have lower 
minor allele frequency (MAF) than genotyped SNPs. Here we test 
these two hypotheses and estimate the contribution of each to the 
heritability of height in humans as a model complex trait.

Height in humans is a classical quantitative trait, easy to measure 
and studied for well over a century as a model for investigating the 
genetic basis of complex traits9,10. The heritability of height has been 
estimated to be ~0.8 (refs. 9,11–13). Rare mutations that cause extreme 
short or tall stature have been found14,15, but these do not explain 
much of the variation in the general population. Recent GWASs on 
tens of thousands of individuals have detected ~50 variants that are 
associated with height in the population, but these in total account 
for only ~5% of phenotypic variance16–19.

Data from a GWAS that are collected to detect statistical associations 
between SNPs and complex traits are usually analyzed by testing each 
SNP individually for an association with the trait. To account for the 
large number of significance tests carried out, a very stringent P value 
is used. This reduces the occurrence of false positives, but it may cause 
many real associations to be missed, especially if individual SNPs have a 
small effect on the trait. An alternative approach designed to overcome 
this problem is to fit all the SNPs simultaneously20. The effects of the 
SNPs are treated statistically as random, and the variance explained by 
all the SNPs together is estimated. This approach, which we use here, 
does not attempt to test the significance of individual SNPs but provides 
an unbiased estimate of the variance explained by the SNPs in total.

RESULTS
Estimating genetic variance explained by genome-wide SNPs
From a number of GWASs, we selected 4,259 individuals who were 
not knowingly related to one another and confirmed this with SNP 
data. We then estimated their pairwise genetic relationships using 
all autosomal markers (MAF  0.01) and retained 3,925 individuals 
(3,248 adults and 677 16-year-olds) whose pairwise relationship was 
estimated at less than 0.025 (maximum relatedness approximately 
corresponding to cousins two to three times removed; Supplementary 
Fig. 1). We fitted a linear model to the height data and used restricted 
maximum likelihood (REML)21 to estimate the variance explained 
by the SNPs. (In the Online Methods, we show how this can be 

Common SNPs explain a large proportion of the heritability 
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Difference in h2 between related and unrelated
gives fraction of h2 explained by common SNPs
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Genetic correlations

SNP variants shared by two traits

P1 = G1 + e1

P2 = G2 + e2
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P2 = G2 + e2
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Genetic correlations

SNP variants shared by two traits

P1 = G1 + e1

P2 = G2 + e2

cov(P1, P2) = cov(G1, G2) + cov(e1, e2)

rG =
cov(G1, G2)�
var(G1)var(G2)
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for several traits using this model [6,7]. Here, we showed that large
proportions of the phenotypic variance for several metabolic
syndrome (MetS) traits were also captured by the common SNPs.
Among these, we validated the height and body-mass index
estimates by Yang et al. [6,7] in independent GWAS populations.
We also quantified the genetic correlation between traits explained
by the common SNPs.

Results

We estimated h2 and hg
2 for height and body-mass index (BMI)

in the Framingham Heart Study population (FHS), and height and
seven metabolic syndrome traits (MetS) traits: BMI, waist-to-hip
ratio (WHR), systolic blood pressure (SBP), fasting glucose (GLU),
fasting insulin (INS), fasting triglycerides (TG), and fasting high-
density lipoprotein (HDL) in the Atherosclerosis Risk in Commu-
nities population (ARIC) (ARICMetS estimates shown in Table 1).
Our base FHS population consisted of 4,240 subjects and our base
ARIC population consisted of 8,451 subjects (see Methods and
Tables S1 and S2 for a description of the populations). The genetic
relationship between pairs of subjects was estimated using 436,126
genome-wide common SNP markers for ARIC and 320,118 SNPs
for FHS (see Methods for details).
We first estimated h2 for related individuals with relationships

between 0.35 and 0.65, derived empirically from the SNP
markers, for height and BMI in the ARIC and FHS populations
(see Methods for derivation of the relationship matrix). This
resulted in 3,663 subjects (6,706,953 pairs of subjects) for FHS and

530 subjects (140,185 pairs of subjects) for ARIC. We found h2 to
be 0.77 (s.e. 0.03) for height and 0.39 (s.e. 0.04) for BMI in FHS,
and 0.88 (s.e. 0.09) for height and 0.34 (s.e. 0.12) for BMI in
ARIC. The estimated h2 were consistent with values obtained
using phenotypic regression (data not shown) and previous results
[6,7,10,11].
We then compared these values to estimates for hg

2 for unrelated
individuals with relationships less than 0.025 (see Methods for
derivation of the relationship matrix). This resulted in 1,489
subjects (1,107,816 pairs of subjects) for FHS and 5,647 subjects
(31,882,962 pairs of subjects) for ARIC. As mentioned above, hg

2

provides an estimate of the heritability explained by common
variants because of presumed lesser linkage disequilibrium
between the common SNPs and the rest of the genome as
compared to related individuals. We found hg

2 to be 0.50 (s.e. 0.18)
for height and 0.10 (s.e. 0.18) for BMI in FHS, and 0.46 (s.e. 0.05)
for height and 0.14 (s.e. 0.05) for BMI in ARIC. These values are
consistent with previously estimated values [6,7]. Using the
average across FHS and ARIC estimates, this implied that the
common SNPs accounted for approximately 58% of h2 for height
and 33% for BMI. To assess whether including more common
SNPs would explain more of the h2, we examined how hg

2

depended on the number of SNPs. As shown in Figure S1, the
mean and standard error of the hg

2 estimate for height in the ARIC
population appeared to stabilize after approximately 300,000
SNPs.
We then estimated h2 and hg

2 for the MetS traits in the ARIC
population using the same subjects as above (see Table 1). We
validated our h2 estimates by using phenotypic regression between
related individuals for some of the traits (data not shown). The
median h2 was 0.33, the minimum was 0.23 (INS), and the
maximum was 0.48 (HDL). The median hg

2 was 0.13, the
minimum was 0.09 (INS), and maximum was 0.24 (SBP).
Comparing the medians suggested that hg

2 explains ,39% of
the h2 for these MetS traits. We found that the common SNPs
explained large proportions of the h2: 41% of h2 for BMI, 46% for
WHR, 30% for GLU, 39% for INS, 34% for TG, 25% for HDL,
and 80% for SBP.
We next estimated the genetic correlations between MetS traits

using a bivariate (multivariate) model (see Tables S3 and S4 for
covariances). Table 2 shows the genetic and residual correlations
for related individuals using bivariate models. The genetic
correlation is the additive genetic covariance between traits
normalized by the geometric mean of the individual trait genetic
variances. The residual correlation is similarly estimated using the
residual covariance and variances. For related individuals, we
found significant genetic correlations for BMI-WHR, WHR-INS,
GLU-INS, INS-TG, and TG-HDL and significant residual
correlations between BMI-WHR, BMI-INS, BMI-HDL, WHR-
INS, INS-HDL, and TG-HDL. Table 3 shows the genetic and
residual correlations for the unrelated individuals. We found
significant genetic correlations for BMI-WHR and TG-HDL and
significant residual correlations for all of the estimates except SBP-

Table 1. h2 and hg
2 estimates (ARIC population).

BMI WHR GLU INS TG HDL SBP

h2 0.34 (0.12) 0.28 (0.12) 0.33 (0.12) 0.23 (0.12) 0.47 (0.11) 0.48 (0.11) 0.30 (0.12)

hg
2 0.14 (0.05) 0.13 (0.05) 0.10 (0.05) 0.09 (0.05) 0.16 (0.05) 0.12 (0.05) 0.24 (0.05)

Mean and standard error estimates from univariate models.
doi:10.1371/journal.pgen.1002637.t001

Author Summary

The narrow-sense heritability of a trait such as body-mass
index is a measure of the variability of the trait between
people that is accounted for by their additive genetic
differences. Knowledge of these genetic differences
provides insight into biological mechanisms and hence
treatments for diseases. Genome-wide association studies
(GWAS) survey a large set of genetic markers common to
the population. They have identified several single markers
that are associated with traits and diseases. However,
these markers do not seem to account for all of the known
narrow-sense heritability. Here we used a recently
developed model to quantify the genetic information
contained in GWAS for single traits and shared between
traits. We specifically investigated metabolic syndrome
traits that are associated with type 2 diabetes and heart
disease, and we found that for the majority of these traits
much of the previously unaccounted for heritability is
contained within common markers surveyed in GWAS. We
also computed the genetic correlation between traits,
which is a measure of the genetic components shared by
traits. We found that the genetic correlation between
these traits could be predicted from their phenotypic
correlation.

Heritability of Metabolic Syndrome Traits
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for several traits using this model [6,7]. Here, we showed that large
proportions of the phenotypic variance for several metabolic
syndrome (MetS) traits were also captured by the common SNPs.
Among these, we validated the height and body-mass index
estimates by Yang et al. [6,7] in independent GWAS populations.
We also quantified the genetic correlation between traits explained
by the common SNPs.

Results

We estimated h2 and hg
2 for height and body-mass index (BMI)

in the Framingham Heart Study population (FHS), and height and
seven metabolic syndrome traits (MetS) traits: BMI, waist-to-hip
ratio (WHR), systolic blood pressure (SBP), fasting glucose (GLU),
fasting insulin (INS), fasting triglycerides (TG), and fasting high-
density lipoprotein (HDL) in the Atherosclerosis Risk in Commu-
nities population (ARIC) (ARICMetS estimates shown in Table 1).
Our base FHS population consisted of 4,240 subjects and our base
ARIC population consisted of 8,451 subjects (see Methods and
Tables S1 and S2 for a description of the populations). The genetic
relationship between pairs of subjects was estimated using 436,126
genome-wide common SNP markers for ARIC and 320,118 SNPs
for FHS (see Methods for details).
We first estimated h2 for related individuals with relationships

between 0.35 and 0.65, derived empirically from the SNP
markers, for height and BMI in the ARIC and FHS populations
(see Methods for derivation of the relationship matrix). This
resulted in 3,663 subjects (6,706,953 pairs of subjects) for FHS and

530 subjects (140,185 pairs of subjects) for ARIC. We found h2 to
be 0.77 (s.e. 0.03) for height and 0.39 (s.e. 0.04) for BMI in FHS,
and 0.88 (s.e. 0.09) for height and 0.34 (s.e. 0.12) for BMI in
ARIC. The estimated h2 were consistent with values obtained
using phenotypic regression (data not shown) and previous results
[6,7,10,11].
We then compared these values to estimates for hg

2 for unrelated
individuals with relationships less than 0.025 (see Methods for
derivation of the relationship matrix). This resulted in 1,489
subjects (1,107,816 pairs of subjects) for FHS and 5,647 subjects
(31,882,962 pairs of subjects) for ARIC. As mentioned above, hg

2

provides an estimate of the heritability explained by common
variants because of presumed lesser linkage disequilibrium
between the common SNPs and the rest of the genome as
compared to related individuals. We found hg

2 to be 0.50 (s.e. 0.18)
for height and 0.10 (s.e. 0.18) for BMI in FHS, and 0.46 (s.e. 0.05)
for height and 0.14 (s.e. 0.05) for BMI in ARIC. These values are
consistent with previously estimated values [6,7]. Using the
average across FHS and ARIC estimates, this implied that the
common SNPs accounted for approximately 58% of h2 for height
and 33% for BMI. To assess whether including more common
SNPs would explain more of the h2, we examined how hg

2

depended on the number of SNPs. As shown in Figure S1, the
mean and standard error of the hg

2 estimate for height in the ARIC
population appeared to stabilize after approximately 300,000
SNPs.
We then estimated h2 and hg

2 for the MetS traits in the ARIC
population using the same subjects as above (see Table 1). We
validated our h2 estimates by using phenotypic regression between
related individuals for some of the traits (data not shown). The
median h2 was 0.33, the minimum was 0.23 (INS), and the
maximum was 0.48 (HDL). The median hg

2 was 0.13, the
minimum was 0.09 (INS), and maximum was 0.24 (SBP).
Comparing the medians suggested that hg

2 explains ,39% of
the h2 for these MetS traits. We found that the common SNPs
explained large proportions of the h2: 41% of h2 for BMI, 46% for
WHR, 30% for GLU, 39% for INS, 34% for TG, 25% for HDL,
and 80% for SBP.
We next estimated the genetic correlations between MetS traits

using a bivariate (multivariate) model (see Tables S3 and S4 for
covariances). Table 2 shows the genetic and residual correlations
for related individuals using bivariate models. The genetic
correlation is the additive genetic covariance between traits
normalized by the geometric mean of the individual trait genetic
variances. The residual correlation is similarly estimated using the
residual covariance and variances. For related individuals, we
found significant genetic correlations for BMI-WHR, WHR-INS,
GLU-INS, INS-TG, and TG-HDL and significant residual
correlations between BMI-WHR, BMI-INS, BMI-HDL, WHR-
INS, INS-HDL, and TG-HDL. Table 3 shows the genetic and
residual correlations for the unrelated individuals. We found
significant genetic correlations for BMI-WHR and TG-HDL and
significant residual correlations for all of the estimates except SBP-

Table 1. h2 and hg
2 estimates (ARIC population).

BMI WHR GLU INS TG HDL SBP

h2 0.34 (0.12) 0.28 (0.12) 0.33 (0.12) 0.23 (0.12) 0.47 (0.11) 0.48 (0.11) 0.30 (0.12)

hg
2 0.14 (0.05) 0.13 (0.05) 0.10 (0.05) 0.09 (0.05) 0.16 (0.05) 0.12 (0.05) 0.24 (0.05)

Mean and standard error estimates from univariate models.
doi:10.1371/journal.pgen.1002637.t001

Author Summary

The narrow-sense heritability of a trait such as body-mass
index is a measure of the variability of the trait between
people that is accounted for by their additive genetic
differences. Knowledge of these genetic differences
provides insight into biological mechanisms and hence
treatments for diseases. Genome-wide association studies
(GWAS) survey a large set of genetic markers common to
the population. They have identified several single markers
that are associated with traits and diseases. However,
these markers do not seem to account for all of the known
narrow-sense heritability. Here we used a recently
developed model to quantify the genetic information
contained in GWAS for single traits and shared between
traits. We specifically investigated metabolic syndrome
traits that are associated with type 2 diabetes and heart
disease, and we found that for the majority of these traits
much of the previously unaccounted for heritability is
contained within common markers surveyed in GWAS. We
also computed the genetic correlation between traits,
which is a measure of the genetic components shared by
traits. We found that the genetic correlation between
these traits could be predicted from their phenotypic
correlation.
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estimates of h2 and hg
2 may also arise due to differences in

environmental influences and non-additive genetic effects that
may bias the estimates. Provided that these biases are small then
the ratio of hg

2 to h2 provides an estimate of the proportion of
narrow sense heritability captured by the common SNPs.
We confirmed previous findings that a large proportion of h2 is

explained by the common SNPs. Our hg
2 estimates for height and

BMI in two independent analyses (i.e. ARIC and FHS) were
consistent with previously reported values [6,7]. Our h2 estimates
for BMI, GLU, INS, TG, HDL, and SBP were similar to the
findings of the large family National Heart, Lung, and Blood
Institute (NHLBI) Family Heart Study [11], which included
Framingham Heart Study and ARIC families. We found that hg

2

explained a large proportion of h2 across the MetS traits, and hg
2

explained approximately 39% of the h2 for these traits. We
estimated that the common SNPs explain 58% of h2 for height,
41% for BMI, 46% for WHR, 30% for GLU, 39% for INS, 34%
for TG, 25% for HDL, and 80% for SBP. Our hg

2 findings are
striking compared to traditional GWAS approaches where
significant common SNPs have been shown to explain only 4%
of h2 for BMI with 32 SNPs, 11% for GLU with 14 SNPs, 20% for
TG with 48 SNPs, 25% for HDL with 60 SNPs, 3% for SBP with
10 SNPs, and 12% for height with 180 SNPs [12–16]. Height had
the largest absolute hg

2, which was consistent with having a large
h2. Surprisingly, SBP had the largest proportion of h2 explained by
the common SNPs while only a few percent of this has been
uncovered by traditional GWAS. However, the standard error of
hg
2 for SBP was large and reducing this error will be important for

further investigation. Conversely, our analysis suggested that the
SNP markers already identified for TG and HDL may contain the
maximum heritability expected from the common SNPs.
Our analysis of hg

2 against the number of SNPs suggested that
the mean and standard error of hg

2 for height is well estimated by
approximately 300,000 markers and that including more markers
would have little effect for this trait and perhaps others. The
standard error of hg

2 also increased with SNP number. This may
seem paradoxical but can be explained by recalling that the
estimate for hg

2 is proportional to the regression coefficient of the
square of the phenotype differences versus the genetic relationship
(i.e. Haseman-Elston regression) [8]. The standard error of hg

2 is
thus inversely proportional to the variance of the genetic
relationship. Since the latter is estimated from the common SNPs,
this variance is expected to decrease as the number of SNPs
increases thereby increasing the standard error [6].
Using the bivariate (multivariate) model [17,18] we estimated

the genetic and residual correlations between the MetS traits.

Among these, we found that the genetic correlations in related and
unrelated individuals for BMI and WHR were significantly
different from zero. This is consistent with both traits as indirect
measures of body fat and common health risks [19]. Previously,
Rice et al., 1994 [20] found significant genetic correlations
between BMI and SBP among normotensive nonobese families.
This suggested a common genetic etiology to their physiological
relationship through hyperinsulinemia resulting in increased renal
reabsorption of sodium and sympathetic activation [20]. We found
a large genetic correlation among related subjects, although it was
not significant because of the large error. This was consistent with
the large family study by the NHLBI that did not find a significant
genetic correlation [8]. Perusse et al, 1997 [21] argued that cross-
trait resemblance between BMI and lipids is mostly environmen-
tal. In concordance, we did not find significant genetic correlations
between either BMI or WHR and TG and HDL for either related
or unrelated individuals (see Table 3 and Table 4) while residual
(which includes environmental) correlations were significant for
BMI–HDL. We found that the residual covariance accounted for
a minimum of 71% (derived from the estimates in Table 4 and
Table S3) of the phenotype covariance between BMI or WHR and
the lipid measurements for related individuals. Genetic correla-
tions between TG and HDL were also large, which is consistent
with their direct physiological relationship [22]. This is also
consistent with the findings from a recent GWAS meta-analysis
whose results showed that 50% of the significant markers for TG
were also significant for HDL (derived from Supplementary
Tables 6 and 11 in [16]), and with a genome-wide LOD
correlation analysis [23]. While we found some significant genetic
correlations among both related and unrelated subjects, the
variance was large for these estimates and greater statistical power
is needed for better accuracy.
We found that the genetic correlation was directly proportional

to the phenotypic correlation, which was an unexpected, empirical
finding. Previously, a linear relationship between the correlations
was hypothesized by Cheverud for sets of traits with common
functions, and shown empirically for a number of traits [8,24–26].
While this finding is interesting from an evolutionary genetics
perspective, it may also serve a useful purpose in the maximum
likelihood computation of the linear mixed-effects model by
providing initial genetic correlation (i.e. covariance) estimates
based on the phenotypic correlations.
In summary, we provided evidence that the common SNPs

explain large proportions of the variance for several MetS traits in
agreement with previous findings for some of these traits [6,7].
This is consistent with the original premise of GWAS that a large

Table 4. Phenotypic correlation coefficients between MetS traits in the ARIC population.

BMI WHR GLU INS TG HDL SBP

BMI 0.59 (0.04)* 0.20 (0.04)* 0.49 (0.04)* 0.24 (0.04)* 20.26 (0.04)* 0.25 (0.04)*

WHR 0.51 (0.01)* 0.21 (0.04)* 0.43 (0.04)* 0.23 (0.04)* 20.24 (0.04)* 0.23 (0.04)*

GLU 0.24 (0.01)* 0.17 (0.01)* 0.34 (0.04)* 0.21 (0.04)* 20.15 (0.04)* 0.07 (0.04)

INS 0.52 (0.01)* 0.39 (0.01)* 0.35 (0.01)* 0.42 (0.04)* 20.35 (0.04)* 0.25 (0.04)*

TG 0.30 (0.01)* 0.33 (0.01)* 0.19 (0.01)* 0.40 (0.01)* 20.52 (0.04)* 0.14 (0.04)*

HDL 20.32 (0.01)* 20.30 (0.01)* 20.15 (0.01)* 20.37 (0.01)* 20.52 (0.01)* 20.04 (0.04)

SBP 0.23 (0.01)* 0.18 (0.01)* 0.15 (0.01)* 0.21 (0.01)* 0.16 (0.01)* 20.04 (0.01)*

Mean and standard error of the Pearson correlation coefficient. Coefficients among related individuals shown in the upper triangle. Coefficients among unrelated
individuals shown in the lower triangle. An asterisk indicates significance with p,0.05 adjusted for 21 hypotheses using the two-tailed hypothesis test and normal
distribution of the Fisher transformed correlation coefficient.
doi:10.1371/journal.pgen.1002637.t004
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HDL. The genetic correlations for unrelated individuals were
proportional to the genetic correlations for related individuals (see
Figure S2) with a proportionality constant of 0.44 (s.e. = 0.15 ; two-
tail t-distribution p-value with 20 d.f. = 8.2*1023). The phenotypic
correlations between traits were similar for related and unrelated
individuals and are shown in Table 4. These values were also
consistent with the reported estimates in the National Heart Lung
and Blood Institute-Family Heart Study (NHLBI-FHS), which
included Framingham Heart Study and ARIC families [11].
We validated our genetic correlation estimates using bivariate

models for each pair of traits by analyzing all 7 MetS traits
simultaneously for the unrelated individuals in a single multivar-
iate model. This 7 trait multivariate model was much more
expensive computationally so we used a less stringent convergence
rule. The results were similar to the bivariate model (see Table S5
and S6) although the genetic correlation increased and their error
decreased for a number of the estimates. In addition to the
significant genetic correlations in the bivariate models, we also
found the genetic correlation for BMI-INS to be significant in the
7 trait model.
We then examined the relationship between the genetic and

phenotypic correlations (see Figure S3). For related individuals, we
found that the phenotypic correlations rp were proportional to the
genetic correlations rg with a proportionality constant of 1.2
(s.e. = 0.16; two-tail t-distribution p-value with 20 d.f. = 3.1*1027).
For unrelated individuals, we found that the phenotypic
correlations were proportional to the genetic correlations with a

proportionality constant of 0.85 (s.e. = 0.19 ; two-tail t-distribution
p-value with 20 d.f. = 2.3*1024). The direct proportionality
between rp and rg implies that the ratio rg/rp is approximately
constant for the MetS traits.

Discussion

We used a recently developed approach to analyzing GWAS
data and provided new estimates for the total amount of additive
genetic information contained in the common SNPs for MetS
traits. The approach uses a linear mixed-effects model to estimate
the additive genetic variances and correlations between traits. The
model relies on knowing the genetic relationships between the
individuals analyzed. Previously, this had been obtained from
family pedigrees. Visscher et al. [9] and Yang et al. [6] observed
that the genetic relationships could be computed from the GWAS
SNPs. They also presumed that the heritability estimated for
unrelated individuals with low SNP correlation are explained
mainly by these common SNPs because the linkage disequilibrium
between the common SNPs and the rest of the genome is weak.
This would be in contrast to related individuals with high SNP
correlation where linkage disequilibrium is strong. Thus, herita-
bility estimated with the genetic relationships of unrelated
individuals is attributed to the common SNPs while that estimated
with the related individuals is attributed to the entire genome. This
then creates a major distinction between h2 and hg

2. We computed
both in the same population. However, differences between

Table 2. Genetic and residual correlation coefficients between MetS traits in the ARIC population among related individuals from
the bivariate REML model.

BMI WHR GLU INS TG HDL SBP

BMI 0.75 (0.16)* 0.23 (0.24) 0.17 (0.27) 0.19 (0.20) 20.12 (0.21) 0.55 (0.24)

WHR 0.52 (0.08)* 0.35 (0.26) 0.67 (0.26)* 0.10 (0.22) 20.12 (0.22) 0.37 (0.26)

GLU 0.19 (0.12) 0.14 (0.12) 0.69 (0.25)* 0.21 (0.21) 20.07 (0.21) 0.13 (0.27)

INS 0.64 (0.08)* 0.35 (0.09)* 0.22 (0.11) 0.76 (0.21)* 20.33 (0.23) 0.29 (0.29)

TG 0.29 (0.12) 0.34 (0.12) 0.21 (0.13) 0.27 (0.11) 20.59 (0.13)* 0.21 (0.22)

HDL 20.38 (0.12)* 20.34 (0.12) 20.22 (0.13) 20.39 (0.11)* 20.45 (0.11)* 20.06 (0.23)

SBP 0.11 (0.12) 0.18 (0.11) 0.05 (0.12) 0.24 (0.11) 0.10 (0.13) 20.02 (0.13)

Mean and standard error of the Pearson correlation coefficient for genetic correlations (upper triangle) and residual correlations (lower triangle). An asterisk indicates
significance with p,0.05 adjusted for 21 hypotheses using the two-tailed hypothesis test and normal distribution of the Fisher transformed correlation coefficient.
doi:10.1371/journal.pgen.1002637.t002

Table 3. Genetic and residual correlations between MetS traits in the ARIC population among unrelated individuals from the
bivariate REML model.

BMI WHR GLU INS TG HDL SBP

BMI 0.91 (0.18)* 0.01 (0.32) 0.57 (0.24) 0.20 (0.24) 20.15 (0.28) 0.16 (0.20)

WHR 0.44 (0.03)* 0.09 (0.32) 0.33 (0.31) 0.32 (0.23) 20.06 (0.30) 0.17 (0.21)

GLU 0.27 (0.04)* 0.18 (0.04)* 0.05 (0.40) 0.07 (0.30) 20.16 (0.34) 0.11 (0.24)

INS 0.51 (0.03)* 0.40 (0.04)* 0.39 (0.04)* 0.22 (0.29) 20.20 (0.36) 0.20 (0.25)

TG 0.31 (0.04)* 0.33 (0.04)* 0.20 (0.04)* 0.43 (0.04)* 20.57 (0.19)* 0.002 (0.19)

HDL 20.34 (0.04)* 20.33 (0.04)* 20.16 (0.04)* 20.39 (0.04)* 20.51 (0.03)* 20.03 (0.22)

SBP 0.25 (0.05)* 0.18 (0.05)* 0.17 (0.05)* 0.22 (0.04)* 0.21 (0.05)* 20.04 (0.05)

Mean and standard error of the Pearson correlation coefficient for genetic correlations (upper triangle) and residual correlations (lower triangle). An asterisk indicates
significance with p,0.05 adjusted for 21 hypotheses using the two-tailed hypothesis test and normal distribution of the Fisher transformed correlation coefficient.
doi:10.1371/journal.pgen.1002637.t003
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HDL. The genetic correlations for unrelated individuals were
proportional to the genetic correlations for related individuals (see
Figure S2) with a proportionality constant of 0.44 (s.e. = 0.15 ; two-
tail t-distribution p-value with 20 d.f. = 8.2*1023). The phenotypic
correlations between traits were similar for related and unrelated
individuals and are shown in Table 4. These values were also
consistent with the reported estimates in the National Heart Lung
and Blood Institute-Family Heart Study (NHLBI-FHS), which
included Framingham Heart Study and ARIC families [11].
We validated our genetic correlation estimates using bivariate

models for each pair of traits by analyzing all 7 MetS traits
simultaneously for the unrelated individuals in a single multivar-
iate model. This 7 trait multivariate model was much more
expensive computationally so we used a less stringent convergence
rule. The results were similar to the bivariate model (see Table S5
and S6) although the genetic correlation increased and their error
decreased for a number of the estimates. In addition to the
significant genetic correlations in the bivariate models, we also
found the genetic correlation for BMI-INS to be significant in the
7 trait model.
We then examined the relationship between the genetic and

phenotypic correlations (see Figure S3). For related individuals, we
found that the phenotypic correlations rp were proportional to the
genetic correlations rg with a proportionality constant of 1.2
(s.e. = 0.16; two-tail t-distribution p-value with 20 d.f. = 3.1*1027).
For unrelated individuals, we found that the phenotypic
correlations were proportional to the genetic correlations with a

proportionality constant of 0.85 (s.e. = 0.19 ; two-tail t-distribution
p-value with 20 d.f. = 2.3*1024). The direct proportionality
between rp and rg implies that the ratio rg/rp is approximately
constant for the MetS traits.

Discussion

We used a recently developed approach to analyzing GWAS
data and provided new estimates for the total amount of additive
genetic information contained in the common SNPs for MetS
traits. The approach uses a linear mixed-effects model to estimate
the additive genetic variances and correlations between traits. The
model relies on knowing the genetic relationships between the
individuals analyzed. Previously, this had been obtained from
family pedigrees. Visscher et al. [9] and Yang et al. [6] observed
that the genetic relationships could be computed from the GWAS
SNPs. They also presumed that the heritability estimated for
unrelated individuals with low SNP correlation are explained
mainly by these common SNPs because the linkage disequilibrium
between the common SNPs and the rest of the genome is weak.
This would be in contrast to related individuals with high SNP
correlation where linkage disequilibrium is strong. Thus, herita-
bility estimated with the genetic relationships of unrelated
individuals is attributed to the common SNPs while that estimated
with the related individuals is attributed to the entire genome. This
then creates a major distinction between h2 and hg

2. We computed
both in the same population. However, differences between

Table 2. Genetic and residual correlation coefficients between MetS traits in the ARIC population among related individuals from
the bivariate REML model.

BMI WHR GLU INS TG HDL SBP

BMI 0.75 (0.16)* 0.23 (0.24) 0.17 (0.27) 0.19 (0.20) 20.12 (0.21) 0.55 (0.24)

WHR 0.52 (0.08)* 0.35 (0.26) 0.67 (0.26)* 0.10 (0.22) 20.12 (0.22) 0.37 (0.26)

GLU 0.19 (0.12) 0.14 (0.12) 0.69 (0.25)* 0.21 (0.21) 20.07 (0.21) 0.13 (0.27)

INS 0.64 (0.08)* 0.35 (0.09)* 0.22 (0.11) 0.76 (0.21)* 20.33 (0.23) 0.29 (0.29)

TG 0.29 (0.12) 0.34 (0.12) 0.21 (0.13) 0.27 (0.11) 20.59 (0.13)* 0.21 (0.22)

HDL 20.38 (0.12)* 20.34 (0.12) 20.22 (0.13) 20.39 (0.11)* 20.45 (0.11)* 20.06 (0.23)

SBP 0.11 (0.12) 0.18 (0.11) 0.05 (0.12) 0.24 (0.11) 0.10 (0.13) 20.02 (0.13)

Mean and standard error of the Pearson correlation coefficient for genetic correlations (upper triangle) and residual correlations (lower triangle). An asterisk indicates
significance with p,0.05 adjusted for 21 hypotheses using the two-tailed hypothesis test and normal distribution of the Fisher transformed correlation coefficient.
doi:10.1371/journal.pgen.1002637.t002

Table 3. Genetic and residual correlations between MetS traits in the ARIC population among unrelated individuals from the
bivariate REML model.

BMI WHR GLU INS TG HDL SBP

BMI 0.91 (0.18)* 0.01 (0.32) 0.57 (0.24) 0.20 (0.24) 20.15 (0.28) 0.16 (0.20)

WHR 0.44 (0.03)* 0.09 (0.32) 0.33 (0.31) 0.32 (0.23) 20.06 (0.30) 0.17 (0.21)

GLU 0.27 (0.04)* 0.18 (0.04)* 0.05 (0.40) 0.07 (0.30) 20.16 (0.34) 0.11 (0.24)

INS 0.51 (0.03)* 0.40 (0.04)* 0.39 (0.04)* 0.22 (0.29) 20.20 (0.36) 0.20 (0.25)

TG 0.31 (0.04)* 0.33 (0.04)* 0.20 (0.04)* 0.43 (0.04)* 20.57 (0.19)* 0.002 (0.19)

HDL 20.34 (0.04)* 20.33 (0.04)* 20.16 (0.04)* 20.39 (0.04)* 20.51 (0.03)* 20.03 (0.22)

SBP 0.25 (0.05)* 0.18 (0.05)* 0.17 (0.05)* 0.22 (0.04)* 0.21 (0.05)* 20.04 (0.05)

Mean and standard error of the Pearson correlation coefficient for genetic correlations (upper triangle) and residual correlations (lower triangle). An asterisk indicates
significance with p,0.05 adjusted for 21 hypotheses using the two-tailed hypothesis test and normal distribution of the Fisher transformed correlation coefficient.
doi:10.1371/journal.pgen.1002637.t003
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