
Vol.:(0123456789)1 3

Human Genetics (2019) 138:739–748 
https://doi.org/10.1007/s00439-019-02024-6

ORIGINAL INVESTIGATION

Estimation of metabolic syndrome heritability in three large 
populations including full pedigree and genomic information

Francesca Graziano1,2   · Ginevra Biino3 · Maria Teresa Bonati4 · Benjamin M. Neale5,6 · Ron Do7,14 · 
Maria Pina Concas13 · Simona Vaccargiu8 · Mario Pirastu8 · Oscar Terradura‑Vagnarelli9 · Massimo Cirillo10 · 
Martino Laurenzi9 · Mario Mancini11 · Alberto Zanchetti4,12 · Mario Grassi2

Received: 7 November 2018 / Accepted: 29 April 2019 / Published online: 1 June 2019 
© Springer-Verlag GmbH Germany, part of Springer Nature 2019

Abstract
Metabolic syndrome is a complex human disorder characterized by a cluster of conditions (increased blood pressure, hyper-
glycemia, excessive body fat around the waist, and abnormal cholesterol or triglyceride levels). Any of these conditions 
increases the risk of serious disorders such as diabetes or cardiovascular disease. Currently, the degree of genetic regulation 
of this syndrome is under debate and partially unknown. The principal aim of this study was to estimate the genetic compo-
nent and the common environmental effects in different populations using full pedigree and genomic information. We used 
three large populations (Gubbio, ARIC, and Ogliastra cohorts) to estimate the heritability of metabolic syndrome. Due to 
both pedigree and genotyped data, different approaches were applied to summarize relatedness conditions. Linear mixed 
models (LLM) using average information restricted maximum likelihood (AIREML) algorithm were applied to partition 
the variances and estimate heritability (h2) and common sib–household effect (c2). Globally, results obtained from pedigree 
information showed a significant heritability (h2: 0.286 and 0.271 in Gubbio and Ogliastra, respectively), whereas a lower, 
but still significant heritability was found using SNPs data ( h2

SNP
 : 0.167 and 0.254 in ARIC and Ogliastra). The remain-

ing heritability between h2 and h2
SNP

 ranged between 0.031 and 0.237. Finally, the common environmental c2 in Gubbio 
and Ogliastra were also significant accounting for about 11% of the phenotypic variance. Availability of different kinds of 
populations and data helped us to better understand what happened when heritability of metabolic syndrome is estimated 
and account for different possible confounding. Furthermore, the opportunity of comparing different results provided more 
precise and less biased estimation of heritability.

Introduction

Metabolic syndrome (MetS) is a polygenic complex dis-
ease with a strong genetic basis. MetS may be the result 
of the interplay between genetic and environmental fac-
tors, such as diet, physical activity, alcohol intake, and 
smoking that modulate complex networks of metabolic 
pathways (Andreassi and Botto 2003). However, the fun-
damental basis of the syndrome is still under investigation; 

in particular, due to the variability of the results, both the 
amount of genetic component and which set of genes—and 
how they contribute to its development—are yet unclear.

A traditional tool that accounts for genetic effects is the 
estimation of heritability. Many definitions of heritability 
have been proposed, but, in general, heritability represents 
the amount of variation in a phenotype that is influenced 
by genetic variation and it is defined as the proportion of 
variance for a phenotype that is explained by the sharing 
of genomic regions. Specifically, for a particular meas-
urement, taken at a particular time or age, it is defined 
as the proportion of total variance in a population that is 
attributable to variation in additive genetic or total genetic 
values—termed narrow-sense heritability (or just herit-
ability, h2) or broad-sense heritability (H2), respectively 
(Visscher et al. 2008; Visscher et al. 2006). Broad-sense 
heritability captures the proportion of phenotypic vari-
ation due to genetic values that may include effects due 
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to dominance (interactions between alleles at the same 
locus) and epistasis (interactions between alleles at dif-
ferent loci). On the other hand, narrow-sense heritability 
captures only that proportion of genetic variation that is 
due to additive genetic values. This parameter could be 
biased by shared environmental effects. When close rela-
tives have more similar environments than distant rela-
tives, parameters could overestimate heritability, as it is 
difficult to distinguish between similarity due to genetic 
effects and environmental effects. In this paper, narrow-
sense heritability (h2) is the parameter that we have used 
to indicate heritability.

Recently, thanks to the huge genotype data collected 
in genome-wide association studies (GWAS) or in whole 
genome-scale sequencing, a new approach has been devel-
oped, so that heritability is inferred from the proportion 
of phenotypic variance explained by genotyped SNPs: 
h2
SNP

 estimates how much of the resemblance is due to 
shared genotypes (relatedness) among unrelated subjects 
(Vinkhuyzen et al. 2013; Yang et al. 2010, 2011a).

The discrepancy between h2 estimated from pedigrees 
and h2

SNP
 is known as “still-missing heritability” and the 

interpretation of this phenomenon is under debate (Bourrat 
and Lu 2017; Makowsky et al. 2011; Manolio et al. 2009; 
Witte et al. 2014; Zuk et al. 2012).

The aim of this study was to estimate the proportion of 
variation in metabolic syndrome, considered as a continu-
ous trait, captured either by genotyped SNPs or by family 
information, or combining both data. By comparing differ-
ent estimates, it is indeed possible to appropriately describe 
causes of intraindividual variation and detect the relative 
contribution of genetic loci and environmental factors.

Materials and methods

Population cohorts

Three large cohorts, Ogliastra, Gubbio, and Atherosclerosis 
Risk in Communities Study (ARIC), were used to estimate 
the heritability of MetS.

The Gubbio Population Study was a prospective epide-
miological investigation on blood pressure and cardiovascu-
lar risk factors started in 1983 in Gubbio, a town in central 
Italy. Three surveys (the first in 1983–1985, the second in 
1988–1992, and the third in 2001–2007) were conducted 
over about 25 years (Bonati et al. 2014; Cirillo et al. 2014; 
Menotti et al. 2009). At each survey, genealogical informa-
tion was also registered and updated through a structured 
interview administered to each participant. From these data, 
nuclear and extended pedigrees were drawn. Nuclear pedi-
grees are two-generation families with first-degree relation-
ships, that is, parent–offspring and/or sibling (Khoury et al. 

1993). Nuclear pedigrees from the last survey have been 
considered due to the comparability with data collected in 
Ogliastra and ARIC studies in terms of span of years. The 
final Gubbio sample consisted of 2620 subjects split into 
711 nuclear pedigrees.

The ARIC sample, sponsored by the National Heart, 
Lung and Blood Institute (NHLBI), was a prospective epi-
demiologic study conducted in four US communities (Inves-
tigators 1989). ARIC was designed to investigate the causes 
of atherosclerosis and its clinical outcomes, variation in car-
diovascular risk factors, medical care, and disease by race, 
gender, location and date, and also includes genetic marker 
(SNP) information. For this study, a restricted subgroup of 
European-Americans was considered. The ARIC popula-
tion consisted of 8451 subjects without family information. 
Nevertheless, a small subsample of 530 individuals had a 
genetic relationship ranging between 0.35 and 0.65; thus 
they were considered as a group of related subjects (Vat-
tikuti et al. 2012).

Lastly, the Ogliastra Study is a large population-based 
epidemiologic survey carried out in the villages of the Ogli-
astra region in Sardinia, Italy, between 2002 and 2008 and 
aimed at studying complex diseases (Biino et al. 2011). 
Among the 12,517 subjects, 8102 (3485 men and 4617 
women older than 18 years) were included in the analysis 
due to complete information on their MetS components. A 
subset of 1270 subjects was genotyped for SNPs and for 
almost all the individuals the genealogic information was 
available. Both Gubbio and Ogliastra samples have par-
ticular characteristics: no immigration and isolation (more 
details will be reported in “Discussion”). Thus, a final sam-
ple of 20,201 subjects was analyzed.

Data collection for each population study was approved 
by the appropriate institutional review boards and partici-
pants provided written informed consent.

MetS trait

A MetS score was calculated for each subject of the three 
cohorts according to an implemented and validated algo-
rithm that takes into account gender and seven quantitative 
traits commonly used for classical Mets diagnosis (Graziano 
et al. 2015). Briefly, the algorithm calculated after confirma-
tory bifactor analysis (bCFA) summarizes waist circumfer-
ence (WC), BMI, blood pressure (both systolic, SBP, and 
diastolic, DBP), blood glucose (GLU), HDL-cholesterol, 
and triglycerides (TRIG) into one quantitative phenotype.

Scores were defined by the sum of each centered and 
scaled MetS variable weighted by the corresponding ratio 
between factor loading and residual variance derived from 
bCFA. Then, the MetS score was rescaled to a range of 
0–100. Specifically, equation for MetS score was equal to 
MetS = 0.645 × WC + 0.933 × BMI + 0.059 × SBP + 0.087 
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× DBP + 0.011 × GLU − 0.022 × HDL + 0.003 × TRIG − 63
.0 for males, and MetS = 0.342 × WC + 0.636 × BMI + 0.13
3 × SBP + 0.146 × DBP + 0.021 × GLU − 0.027 × HDL + 0.0
09 × TRIG − 44.4 for females.

In this way, all clinical variables used to diagnose the 
disease are related to the overall continuous construct, 
MetS score. The syndrome becomes clinically interpret-
able (a degree of severity was indicated for each subject 
depending on his score value) and useful for investigating 
the genetic components (Graziano et al. 2015, 2016). About 
the MetS score performance, ROC curve and AUC showed 
a good predictive accuracy, with 0.80 specificity and 0.80 
sensitivity.

Statistical analysis

To estimate heritability and family effects, we conducted 
three independent heritability analyses, one for each cohort. 
A diagram of the analytic process and cohorts’ features is 
shown in Fig. 1.

In Gubbio and Ogliastra cohorts, we could explore 
additive genetic effects due to pedigrees (h2) and common 
sib–household effect (c2). Then, after a standard quality 
control (Online Appendix section for more details), we 
estimated heritability using genotyped SNPs ( h2

SNP
 ) both in 

the ARIC cohort, by selecting the unrelated subjects, and 
in the Ogliastra cohort, by combining family and genotype 
information. Finally, in the ARIC cohort, after selection of 
related subjects, we estimated the related genomic heritabil-
ity ( h2

REL
).

To allow the estimation of heritability and family effects 
using pedigree structure and/or genotype data, we computed 
five relatedness matrices:

•	 kinship (K) and sibs–household (C) matrices refer to 
pedigree studies;

•	 genomic relationship (GSNP) and genomic-related (GREL) 
matrices refer to genomic data;

•	 mixed-related matrix (KSNP) refers to pedigree with 
genomic data.

In detail, kinship (K) is a matrix that contains the 
pairwise relationship between all subjects derived from 
genealogic information or “distances” among individuals 
(Almasy and Blangero 1998) and sibs–household matrix 
(C) accounts for the common environmental effects shared 
by siblings (e.g., uterine diets, shared house) (Bennett 
et al. 1995). In our case, using sib relationship from pedi-
grees, we consider C as longtime-shared household effect 
(Xia et al. 2016).

Genomic relationship matrix (GSNP) contains the esti-
mated genomic relatedness between pairs of individuals 
calculated from identity-by-state marker relationships 
implemented by GCTA (Speed et al. 2017; Yang et al. 
2010, 2011b). The GSNP matrix is sensitive to linkage dis-
equilibrium (LD), though the use of this technique before 
h2 estimation is still under debate (Evans et al. 2018; Hill 
and Maki-Tanila 2015; Lee and Chow 2014; Speed et al. 
2017; Yang et al. 2015). We chose an LD pruning with 
different levels assuming that most causal variants of 
metabolic syndrome are largely unknown (Abou Ziki and 
Mani 2016). Thus, a GSNP matrix using different cutoffs 
(0.20, 0.80 and none) was estimated. No significant dif-
ferences were found (see Table S1 in Online Appendix). 
Thus, a cutoff at 0.20 was selected for conservative and 
computational reasons. The GSNP matrices both in ARIC 
and Ogliastra was performed using samples typed SNPs.

In ARIC sample also  a genomic-related matrix 
(GREL) was computed when GSNP had estimated genomic 
relatedness ≥ 0.025 (Zaitlen et  al. 2013); Thus, GREL 
matrix is  define as a block matrix with GSNP values 
for the subgroup of ARIC related subjects (first cous-
ins or closer),  zero for unrelated subjects and  one in 

Fig. 1   Diagram of the data 
available, relatedness matrices, 
and estimates available or com-
puted in the Gubbio, ARIC, and 
Ogliastra cohorts
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diagonal (Online Appendix section for more details). Con-
sidering both GREL and GSNP matrices in the two-variance 
component model, still-missing heritability and heritabil-
ity attributed to the common SNPs ( h2

SNP
 ) were estimated.

Furthermore, in Ogliastra, thanks to the availability 
of both SNPs and extended pedigrees data, a mixed rela-
tionship matrix (KSNP), a complex matrix including full 
pedigrees and genomic information, was created applying 
Legarra et al.’s proposal (Legarra et al. 2009; Misztal et al. 
2009; Tucker et al. 2015). Thus, after partitioning sub-
jects into several groups (including genealogic informa-
tion, ungenotyped and genotyped individuals), we created 
a matrix that includes both pedigree-based and genomic-
based relationships.

Definition of heritability estimates and corresponding 
relationship matrices are summarized in Table 1, while the 
algebra definitions of each relationship matrix are illus-
trated in the Online Appendix section.

Estimating MetS heritability

We used genomic and environmental matrices described 
above to estimate the variance components of continuous 
MetS score. Linear mixed models (LMM) using average 
information restricted maximum likelihood (AIREML) 
algorithm were fitted to partition the variances (Gilmour 
et al. 1995). The ACE (additive, common, error) variance 
components equation used for each model is the following:

where y is the vector of n individuals’ MetS score, X is the 
matrix of observed covariates corresponding to the fixed 
effect in � , a is the additive polygenic effect vector, c is 
the common environmental effect vector, and e is the error 
residual effect vector. The matrices A, C, and I are the known 
genomic, environmental, and identity (orthogonal) relation-
ship matrices, respectively, while �2

A
, �2

C
and �2

E
 are the cor-

responding variances.
Generally, narrow-sense heritability, both from pedigree 

and/or from SNPs data, is defined as the ratio �2

A
∕�2

T
 , where 

�2

T
= �2

A
+ �2

C
+ �2

E
 is the total variance of the quantitative 

phenotype, �2

A
 is the proportion of all variance due to the 

genetic effect and is equal to �2

K
 for pedigree data and 

y = X� + a + c + e with V(y) = �2

A
A + �2

C
C + �2

E
I,

�2

(REL - SNP)
+ �2

SNP
 for genomic/mixed data. Moreover, c2 is 

defined from pedigree data as the ratio �2

C
∕�2

T
 and represents 

the proportion of all variance attributable to shared 
sib–household environment.

A total of six models for all possible interesting com-
binations of relatedness matrices were used (Table 2). All 
models were adjusted for age, but not for gender because it 
is included in the MetS score equation. In ARIC cohort, all 
models were adjusted for the first ten PCs to remove some 
residual stratification. As shown in Table 2, model (a) and 
model (b) were used for the Gubbio and Ogliastra cohort, 
model (c) and (d) for the ARIC study and models (a), (b), 
(e) and (f) for the Ogliastra cohort.

We use R v.3.5.0 packages for data analysis (TeamR 
2018). Pedigree matrices and genetic relationship matri-
ces were computed with kinship2 (Sinnwell et al. 2014) 
and SNPRelate (Zheng et al. 2012) packages, respectively. 
AIREML estimates and 95% confidence intervals (95% CI) 
of the p fixed and random effects, and model selection sta-
tistics (log-likelihoods (LL), Akaike information criterion: 
AIC = − 2LL + 2 × p and Bayesian information criterion, 
BIC = − 2LL + p × log(n)) (Müller et al. 2013) for all mod-
els were performed and twofold checked using both gaston 
(Dandine-Roulland and Perdry 2017) and GENESIS (Cono-
mos et al. 2017) packages.

Results

Demographic characteristics

The MetS score and its components in Gubbio, ARIC, and 
Ogliastra participating cohorts are described in Table 3. 
Sample sizes, means, standard deviations (SD), and ranges 
are reported by gender.

Heritability in the Gubbio, ARIC, and Ogliastra 
population

We estimated heritability and sib–household effects (where 
possible) for MetS score in the Gubbio, ARIC, and Oglias-
tra populations. Considering the model selection statistics 

Table 1   Type, definition of estimates, and corresponding matrices used during the analyses

Type of estimate Definition of estimate Relatedness matrix

h2 Additive genetic effects due to pedigrees in Gubbio or Ogliastra Kinship (K)
c2 Sibs household effect in Gubbio or Ogliastra Sibs household (C)
h
2

SNP
Heritability using SNPs in ARIC or using mixture of pedigrees and SNPs in Ogli-

astra
Genomic relationship (GSNP)
Mixed related (KSNP)

h
2

REL
Related genomic heritability after selection of elements ≥ 0.025 in ARIC Genomic related (GREL)
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shown in Table 4, model (b), model (c–d), and model (e) 
have the best fitting in the Gubbio, ARIC, and Ogliastra 
populations, respectively. The heritability estimates of each 
cohort are summarized in Table 5. 

In the Gubbio cohort, from a total of 2620 split into 711 
nuclear pedigrees, 2147 measured individuals were available 
for heritability analysis. A significant genetic component 
(h2 = 0.354, 95% CI 0.255–0.454) was obtained using kin-
ship matrix (model a). Adding sibs–household component 
(C), the model showed a small but significant sibs–house-
hold effect (c2 = 0.128, 95% CI 0.03–0.28) and a decrease 
but still significant heritability equal to 0.286 (95% CI 
0.190–0.381).

In the ARIC population, after excluding subjects with 
missing values, two-variance components models were fitted 
(model c and d) using 8330 subjects. We first estimated SNP 
heritability and we obtained statistically significance h2

SNP
 

equal to 0.167 (95% CI 0.091–0.245) (model c). Adding, 
the GREL matrix of the related subjects (model d), h2

SNP
 was 

equal to 0.131 (95% CI 0.045–0.215) and the remaining her-
itability (h2–h2

SNP
 ) was equal to 0.237 (95% CI 0.031–0.444).

Combining information from pedigrees and SNPs data, 
we examined MetS score in the Ogliastra population, includ-
ing 9130 individuals. We concurrently estimated h2, h2–h2

SNP
 

and h2
SNP

 and sibs–household effects fitting four-variance 
component models at once. As shown in Table 5, h2 from 
pedigree data (model a) was significant and equal to 0.343 
(95% CI 0.301–0.384). Adding the sibs–household effects 
(model b), h2 was significant and equal to 0.271 (95% CI 
0.223–0.319) and c2 equal to 0.114 (95% CI 0.08–0.143). 
SNP heritability, h2

SNP
 , was equal to about 0.25 in both 

models (95% CI 0.093–0.415 and 95% CI 0.101–0.410, 
respectively, for model e and f), and the remaining herit-
ability (h2–h2

SNP
 ) was equal to 0.098 (95% CI 0.009–0.255) 

and 0.031 (95% CI 0.003–0.174), respectively. The summed 
h2 or total h2 was equal to 0.352 and 0.276, respectively. 
Finally, for model (f), also c2 was estimated (c2 = 0.116, 95% 
CI 0.08–0.146).

In short, the actual additive genetic variance proportion 
is in the range of 0.25. The upper estimates (0.354 in Gub-
bio and 0.343 in Ogliastra) are biased from shared environ-
mental variance and non-additive genetic variance shared by 
close relatives. If sib–household effects were considered in 
the Ogliastra cohort, still-missing heritability has a reduc-
tion of 0.07. This residual variance probably includes non-
additive genetic variance. Thus, it could be considered part 
of broad-sense heritability, H2 rather than h2.

Finally, the high and significant remaining heritability 
founded in the ARIC cohort includes non-additive genetic 
and shared environments. The reduced h2

SNP
 from 0.17 to 

0.13 was due to related subjects in the GSNP matrix.

Discussion

MetS is a complex disease and a knowledge of the underly-
ing mechanisms may contribute to a better understanding 
of its pathogenesis. The focus of this study was to fill in 
gaps as far as genetic aspects are concerned using different 
approaches (Chen et al. 2015; Shetty et al. 2011). In par-
ticular, the aim of the paper was to study the heritability and 
environmental influence in different populations by using 
full pedigree and/or genetic information. The inclusion in 
the analyses of cohorts characterized by relatives with dis-
tant relationships allowed us to obtain a global vision of 
genetic effects and a less biased estimation of heritability.

The results of these analyses suggest that additive genetic 
component (h2 values ranging from 0.271 to 0.286) is one 
of the major contributors to phenotypic variation in MetS 
score, whereas common sibs–household effects have mod-
erate impact on the trait variation (about 11% both for the 
Gubbio and Ogliastra populations). Overall, heritability 
from pedigrees, h2, or related subjects, h2

REL
 , was signifi-

cantly higher compared to the heritability from SNPs, h2
SNP

 , 
ranging from 0.131 to 0.254.

One reason is that heritability from pedigrees or from 
related subjects accounts for common as well as rare vari-
ants, CNVs, and other structural variations with minor 
effects and captures information also from variants that are 
in LD (Vattikuti et al. 2012). Moreover, close relatives, who 
share SNP genotypes more often than the average, also tend 
to share a common environment. In particular, if sibling 
relationship is not considered in the variance component 
model, heritability could included, as well as some shared 
environment, some non-additive genetic variance, and non-
genetic inherited factors. On the contrary, estimation of hSNP 
by genomic relationship matrix, GSNP, leaving out closer 
relatives reduces this type of bias. The reason is to avoid 
the possibility that the resemblance between close relatives 
could be due to non-genetic effects (i.e., shared environ-
ment). Summarizing, close relatives give more precision but 

Table 2   Six-variance component models (a, b, c, d, e, f) and corre-
sponding estimates (h2, h2

SNP
 , c2) computed for each cohort

(h2
REL

–h2
SNP

 ) or (h2–h2
SNP

 ) refer to the remaining heritability. Cross (X) 
indicates which model was carried out in each cohort

Model: A + C + I Estimate Gubbio ARIC Ogliastra

a. K + I h2 X X
b. K + C + I h2, c2 X X
c. GSNP + I h

2

SNP
X

d. GREL + GSNP + I (h2
REL

–h2
SNP

 ), h2
SNP

X
e. K + KSNP + I (h2–h2

SNP
 ), h2

SNP
X

f. K + KSNP + C + I (h2–h2
SNP

 ), h2
SNP

 , c2 X
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potentially more bias, whereas distant relatives give less pre-
cision but less bias.

In our case, we add common environmental effect (c2) 
using sib relationship to pedigree models to reduce residual 
variance and adjust the genetic variance. Estimate of herit-
ability from data with many close relatives (our situation 
for Gubbio and Ogliastra) would be free from environmen-
tal bias. Vice versa, the heritability explained by related 
subjects in the ARIC cohort (including relatives with close 
relationships) could be overestimated in one-variance com-
ponent models without leaving out close relatives (model c) 
and in two-variance component model without sib–house-
hold adjustment (model d). In this case, the estimation of 
the remaining genetic variance (h2–h2

SNP
 ) could not be free 

of confounding by environment. This explains why the total 
estimate heritability in ARIC (model d) is higher than in 
Gubbio and Ogliastra (0.28) after adjusting for sib–house-
hold effect (Table 3).

However, SNPs data have many advantages; for example, 
genotyping allows empirical estimates of genomic sharing 
rather than relying on theoretical distributions used in fam-
ily-based study designs; population-based datasets reduce 
variability and provide more precise estimates of heritability 
and, finally, collection of large twin or family-based cohorts 
is difficult and not cost-effective.

The strengths of this study were the evaluation of the 
genetic contribution of MetS as a continuous variable, com-
parison of the results of different populations, and the use 
of different relatedness information. Presently, in most of 
the studies from the literature, heritability of MetS has been 
obtained by estimating each MetS component separately 
(e.g., BMI, blood pressure, HDL-cholesterol) (Bosy-West-
phal et al. 2007). Vattikuti et al. (2012), in particular, using 
the same ARIC cohort but considering separate traits defin-
ing MetS, found heritabilities ranging between 0.23 and 0.48 
in related subjects and lower ones, 0.09–0.24, in unrelated 
subjects. Similarly in the Ogliastra population, heritabilities 

Table 4   Linear mixed models (LMMs) output (no. of parameters = no. of fixed effects + no. of random effects; no. of subjects; log-likelihood, 
AIC and BIC) for the model a, b, c, d, e, f

Bold refers to the best fitting model in each cohort
Model 0 refers to a model with only fixed covariates and random residual error

Cohort Model Number of 
parameters (p)

Number of 
subjects (n)

Log-likelihood (LL) AIC = − 2 × LL + 2 × p BIC = − 2 × LL + p × ln(n)

Gubbio 0. I 2 + 1 2147 − 7630 15,266 15,283
a. K + I 2 + 2 2147 − 7602 15,213 15,235
b. K + C + I 2 + 3 2147 − 7590 15,190 15,219

ARIC 0. I 12 + 1 8252 − 31,904 63,833 63,924
c. GSNP + I 12 + 2 8252 − 31,896 63,820 63,918
d. GREL + GSNP + I 12 + 3 8252 − 31,894 63,818 63,923

Ogliastra 0. I 2 + 1 9130 − 33,231 66,468 66,489
a. K + I 2 + 2 9130 − 32,986 65,980 66,008
b. K + C + I 2 + 3 9130 − 32,945 65,900 65,956
e. K + KSNP + I 2 + 3 9130 − 32,976 65,961 65,998
f. K + KSNP + C + I 2 + 4 9130 − 32,933 65,879 65,920

Table 5   Heritability and 
shared environment variance 
components (estimate and 95% 
CI) from the Gubbio, ARIC and 
Ogliastra cohorts

Model: see Table 2 for model definition; – not computed

Cohort Model Estimated variance component (95% CI)

h2 h2–h2
SNP

h
2

SNP
c2

Gubbio a 0.354 (0.255–0.454) – – –
b 0.286 (0.190–0.381) – – 0.128 (0.030–0.220)

ARIC c – – 0.167 (0.091–0.245) –
d – 0.237 (0.031–0.444) 0.131 (0.045–0.215) –

Ogliastra a 0.343 (0.302–0.384) – – –
b 0.271 (0.223–0.319) – – 0.114 (0.080–0.143)
e – 0.098 (0.009–0.255) 0.254 (0.093–0.415) –
f – 0.031 (0.003–0.174) 0.245 (0.101–0.390) 0.116 (0.080–0.146)
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estimated for each MetS trait (Biino et al. 2015) ranged 
between 0.20 and 0.60. In both samples (ARIC and Oglias-
tra), HDL-cholesterol was the most heritable trait. Similar 
results were obtained in the Gubbio population (data shown 
in Table 2S in Online Appendix); HDL-cholesterol herit-
ability for nuclear pedigree was the highest (0.52).

Furthermore, a lot of different criteria to define MetS and 
estimate genetic component were used. Despite these limita-
tions, a moderate to high heritability has been estimated for 
all traits with significant differences across age and gender 
(Teran-Garcia and Bouchard 2007). Other results were found 
adopting different criteria to define MetS, as in the Jack-
son Heart Study, where Adult Treatment Panel III (ATPIII 
criteria) were used (Khan et al. 2015) and in Bellia et al. 
(2009) who found heritability values ranging from 0.19 to 
0.38 using both International Diabetes Federation (IDF) and 
ATPIII criteria (Henneman et al. 2008).

Briefly, studies have shown that genetic effects influence 
the variability of MetS and indicate that in representative 
population-based samples, metabolic syndrome and its com-
ponents are moderately to highly heritable. We confirmed 
these results focusing on the MetS score as a continuous 
variable and considering different relatedness matrices 
depending on the type of available data.

Additionally, in our study, both Ogliastra and Gubbio are 
isolated populations with no immigration, thus representing 
an ideal condition for studying complex diseases because 
of a reduction in background variability due to unpredict-
able factors (Varilo and Peltonen 2004; Wright et al. 1999). 
Also, these cohorts gave us the opportunity to evaluate 
the environment effects shared among related individuals, 
in particular we analyzed sibling effects; thus, c2 could be 
interpreted as the environment (e.g., habits, diets) shared 
largely in the past by full siblings (Xia et al. 2016). Moreo-
ver, ARIC cohort gave us the possibility to compare results 
from unrelated large American population and to analyze 
also related individuals. Finally, our analyses allow us to 
estimate the remaining heritability, h2–h2

SNP
 . Specifically, by 

using the same data and model (f), “still-missing heritabil-
ity” or discrepancy between h2 and h2

SNP
 could be obtained 

without environmental effects.
Conversely, one of the major limitations is that the MetS 

score does not consider new emerging risk factors for MetS, 
such as the inflammatory state or procoagulant variables, or 
intermediate phenotypes (Blanco-Gomez et al. 2016) that 
could interact with the other traits. Also, an LD pruning 
before estimation of GSNP could be a limitation to estimate 
SNPs’ heritability. As suggested by Yang et al. (2015), 
REML fitting by LD-MAF multicomponents is unbiased 
regardless of the MAF and LD properties of causal variants. 
Improvements can be made taking into account other risk 
factors, fitting dominance and epistatic models (as broad-
sense heritability) using unrelated data (Müller et al. 2013), 

adding recent shared environment effects using pedigree 
data (Xia et al. 2016), and fitting LD-MAF multi-component 
models (Evans et al. 2018; Yang et al. 2015). Finally, more 
efficient and fast algorithms for LMMs could be developed 
(Covarrubias-Pazaran 2016; Müller et al. 2013).
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