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environmental factors.
Subjects and methods. Circulating serum metabolites were determined by proton NMR
spectroscopy. Data from 1368 (531 monozygotic (MZ) and 837 dizygotic (DZ)) twins were
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(HOMA-IR, CRP) was performed among 286 twins including 33 BMI-discordant MZ pairs
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(intrapair BMI difference ≥3 kg/m2).
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Results. Fat, especially in the abdominal area (i.e. WC, android fat % and android to gynoid
fat ratio), together with HOMA-IR and CRP correlated significantly with an atherogenic
lipoprotein profile, higher levels of branched-chain (BCAA) and aromatic amino acids, higher
levels of glycoprotein, and a more saturated fatty acid profile. In contrast, a higher proportion
of gynoid to total fat associated with a favorable metabolite profile. There was a significant
genetic overlap between WC and several metabolites, most strongly with phenylalanine (rg =
0.40), glycoprotein (rg = 0.37), serum triglycerides (rg = 0.36), BCAAs (rg = 0.30–0.40), HDL
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particle diameter (rg = −0.33) and HDL cholesterol (rg = −0.30). The effect of acquired obesity
within the discordant MZ pairs was particularly strong for atherogenic lipoproteins.
Conclusions. A wide range of unfavorable alterations in the serum metabolome was
associated with abdominal obesity, insulin resistance and low-grade inflammation. Twin
modeling and obesity-discordant twin analysis suggest that these associations are partly
explained by shared genes but also reflect mechanisms independent of genetic liability.
© 2015 Elsevier Inc. All rights reserved.

1.

Introduction

Obesity is often accompanied by a cluster of metabolic
abnormalities including insulin resistance, atherogenic dyslipidemia and chronic low-grade inflammation. Although
body mass index (BMI) predicts the incidence of diabetes
and coronary heart disease [1], it cannot by itself identify
obese individuals who remain metabolically healthy and
normal weight individuals who present disturbed lipid or
glucose metabolism and increased cardiovascular risk [2,3].
The assessment of body fat distribution can further improve
the evaluation of the subject’s metabolic risk. Indeed,
observational studies have shown that abdominal obesity,
especially excess visceral [4,5], together with liver fat [3]
accumulation is the main driver of cardiometabolic risk
factors and disease independently of BMI. Traditionally, serum
lipids, glucose and insulin were used as markers of cardiovascular risk. More recently, the focus has widened to cover a more
global serum metabolomics profile, which has predicted the
incidence of cardiovascular events [6], type 2 diabetes [7] and allcause mortality [8] in prospective cohort studies.
Both obesity and serum metabolomics profile are heritable. Genetic factors explain 47%–90% of the interindividual
variation in BMI with the remaining variance being attributable to environmental sources and measurement error [9].
Heritability estimates from direct measures of whole-body
and regional body fat assessed by dual-energy X-ray absorptiometry (DEXA) are generally similar to the estimates
obtained for BMI [10,11]. Genetic and environmental influences on serum metabolite levels were recently described in
the Finnish twin cohort. Heritability estimates were moderate
and ranged between 23% and 55% for amino acids and other
small-molecule metabolites and were higher for serum lipid
(range: 48%–62%) and lipoprotein (range: 50%–76%) concentrations demonstrating a genetic basis for individual differences in serum metabolite levels [12].
Given these high heritabilities and the significant association between adiposity and metabolic traits [13], a question
of interest is whether associations result from potential
causal mechanisms or are confounded by shared genes acting
pleiotropically on both phenotypes. A recently published
Mendelian randomization study suggests causal adverse
effects of adiposity with multiple cardiometabolic risk
markers in adolescents and young adults from four population-based cohorts in Finland [13]. Obesity discordant twin
analyses and bivariate twin modeling are also well suited to
explore the extent to which genetic and potential causal
environmental factors explain observed associations. Previous twin studies have documented a moderate overlap of
both genetic and unique environmental factors that

contribute to adiposity and lipid traits [14,15]. However, to
the best of our knowledge, they have not yet been extended to
include a more comprehensive set of circulating metabolites.
Thus, in this study of healthy twins, we aimed to 1) estimate
the extent of genetic and environmental overlap between
waist circumference (WC) and the serum metabolome using
bivariate twin modeling techniques; 2) investigate which
adiposity and insulin resistance measures are most strongly
associated with the serum metabolic profile, including lipids,
fatty acids (FAs), and amino acids in twin individuals;
3) examine whether these associations are independent of
genetic and familial influences, by conducting within-pair
analysis in monozygotic (MZ) twins.

2.

Research Design and Methods

2.1.

The Twin Cohorts

The sample was derived from two population-based cohorts,
FinnTwin16 (FT16) and FinnTwin12 (FT12) [16]. Both are
longitudinal studies of behavioral development and health
habits of Finnish twins enrolled during adolescence and
repeatedly assessed by self-report questionnaires. The FT12
study includes five consecutive birth cohorts of Finnish twins
born in 1983–1987. The questionnaires were sent to twin
individuals at age 12 and subsequent follow-up assessments
were made when the twins were aged 14, 17 and as young
adults (mean age 22 years). The FT16 study includes five
consecutive birth cohorts of Finnish twins born in 1975–1979.
The questionnaires were sent to the twin individuals at age 16
and subsequent follow-up assessments were made when the
twins were aged 17, 18.5, ~ 25 and ~34 years. For both the FT12
and FT16, the baseline and follow-up assessments included
surveys of health-related behaviors, anthropometric characteristics, symptom checklists, and social relationships. Zygosity was determined initially by a validated questionnaire
method and then confirmed by genetic analysis of polymorphic markers at the Paternity Testing unit, National Institute
for Health and Welfare, Helsinki, Finland.
The data presented in this article were derived from a
clinical assessment for twins selected from both FT12 and
FT16 after the fourth wave questionnaire collection. Pregnant
women and subjects on cholesterol-lowering drugs were
excluded. Our study population for quantitative genetic
analysis included 1368 subjects (FT12: n = 725, FT16: n = 543
and TwinFat, see below: n = 100; MZ: 531, DZ: 837; age range:
21.0–31.5; 52.5% female). A venous blood sample for serum
metabolite (NMR) analyses was taken in the morning of the
assessment. Height was measured to the nearest millimeter
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with a calibrated stadiometer without shoes and weight to the
nearest 100 g with a calibrated scale wearing light indoor
clothing. WC was measured to the nearest millimeter midway
between the spina iliaca superior and the lower rib.

2.2.
TwinFat — the Sub-sample With Detailed
Adiposity Measures
The TwinFat sample was enrolled from the FT12 and FT16
cohorts based on the twins’ BMI at the fourth wave of the data
collection. Twins were selected with the aim of covering the
full BMI range of both normal-weight and obese subjects and
a full range of within-pair differences in BMI. In addition, 100
twin individuals were chosen at random with respect to BMI
(and included in the quantitative genetics analysis sample
described above). The TwinFat subsample consisted of 286
subjects (MZ: 136 DZ: 150; age range: 22.8–36.2; 52.9% female).
33 MZ twin pairs were discordant for BMI (within-pair
difference (Δ) in body mass index ≥3 kg/m2; age range: 22.8–
36.1; 64% female). One twin had type 2 diabetes and used
metformin and insulin. Another obese co-twin had inactive
ulcerative colitis and used mesalazine and azathioprine. All
other participants were healthy (based on medical history,
clinical examination, and structured psychiatric interview),
were normotensive, and did not use any medications except
oral contraceptives. Their weights had been stable for at least
3 months prior to the study. Zygosity was confirmed by
genotyping of ten informative genetic markers [14].
Body composition was measured by DXA (Lunar Prodigy,
Madison, WI, software version 8.8) providing both total body data
and regional results (android, gynoid, arms, legs). Fat percentage
was calculated as fat mass/(fat mass + lean mass + bone mineral
content) for the total body and android and gynoid fat mass and
fat percentage were determined from a total body scan as
described by Wiklund et al. [17]. Venous blood samples were
drawn after a 12-h overnight fast for the measurement of serum
metabolites (NMR), glucose (measured using the spectrophotometric hexokinase and glucose-6-phosphate dehydrogenase;
Roche Diagnostics, Basel, Switzerland), serum insulin (timeresolved immunofluorometric assay; Perkin Elmer, Waltham,
MA, USA) and high sensitivity C-reactive protein (CRP) (Cobas CRP
(Latex)HS, Roche Diagnostics). HOMA-IR was calculated as
glucose*insulin/22.5 [18].
A subsample of the TwinFat, 84 MZ subjects (TwinFat
Intensive, age range: 22.8–36.2, 52% female) provided magnetic resonance imaging (MRI) measurements for subcutaneous (sc) and intra-abdominal (ia) fat volumes and liver fat
content by proton magnetic resonance spectroscopy (MRS) as
previously described [19].
Data collection and analysis were approved by the ethics
committee of the Department of Public Health of the
University of Helsinki, the Institutional Review Board (IRB) of
Indiana University and the Helsinki University Central
Hospital. All subjects provided written informed consent.

2.3.

The NMR Metabolomics Platform

All serum samples were analyzed using the same highthroughput NMR metabolomics platform. The sample preparation and NMR spectroscopy methods have been described
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in detail elsewhere [20,21]. The NMR metabolomics methodology provides quantitative information on lipoprotein subclass and particle concentrations, serum FAs including, e.g.
omega-3 and omega-6 FAs and low-molecular-weight metabolites such as amino acids, 3-hydroxybutyrate, and glycoprotein. The total number of metabolites analyzed in the current
study was 56. These measures describe the main metabolic
pathways. A small number of subjects (< 2%) have missing
values for some metabolites due to rejection of these values
by automatic sample and measurement quality control.

2.4.

Statistical Analyses

Descriptive characteristics of the study samples were
expressed as mean ± SE. Anthropometric measures and
serum metabolite concentrations were standardized by age,
sex and cohort and rank-transformed to normality prior to
statistical analysis. At first, we used the entire sample
treating twins as individuals while accounting for twin pair
clustering by survey methods [22]. Pearson correlations were
used to determine correlations between body composition
and serum metabolites. In an initial analysis in which
variables were only standardized by age and cohort and not
by sex, the correlation coefficients were very similar for men
and women. The confidence intervals for the phenotypic
correlations between WC and serum metabolites in men and
women were wide and overlapping for most variables.
In addition, the interaction terms between sex and each
metabolite in the prediction of WC were tested and not
significant for 54 out of the tested 56 metabolites. Based on
these results, we decided to present the results for men and
women combined in order to increase the statistical power
and to simplify the presentation of the results.
Next, we performed within-pair analyses in MZ twins to
examine how differences in body composition are related to
differences in metabolites between co-twins. Within-pair
differences (Δ) of all measures were calculated by subtracting
the leaner co-twins’ BMI measures from the ones of heavier
co-twins’, irrespective of the magnitude of the intrapair
difference in weight. Likewise, Pearson correlation analyses
were performed to examine how Δbody fat distribution is
related to Δ in serum metabolites. The non-parametric
Wilcoxon signed-rank test for matched samples was used to
compare the untransformed metabolic values between BMIdiscordant co-twins. Because MZ twins raised together share
their genetic material (i.e. are identical at the DNA sequence
level) and a common rearing environment, any observed
associations between obesity measures and the serum
metabolic profile are fully controlled for unmeasured confounding by genetic and shared environmental effects.
In individual-level analysis, 16 principal components, and
in within-pair analysis 15 principal components explained
more than 95% of the variance in serum metabolite concentrations. This number was used to correct for multiple testing
using the Bonferroni method. The statistical analyses were
performed using the Stata statistical software (release 11.0;
Stata, College Station, TX) and the rank-transformation to
normality was conducted in the statistical software R version
2.15.0 (package GenABEL). Quantitative genetic modeling to
estimate these genetic and environmental variance and
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covariance components is standard in twin studies [23] and
described in more detail in the electronic Supplementary
material (ESM) Methods and ESM Figure.

3.

Results

Descriptive characteristics of our study cohorts are shown in
Table 1.

4.
Abdominal Obesity and Serum Metabolites:
Bivariate Models
The sex-, age- and cohort-adjusted phenotypic correlations between WC and circulating serum metabolites in
individual twins are presented in Fig. 1. The actual Pearson
correlation coefficients are shown in ESM Table 1.

4.1.

Phenotypic Correlations

WC was significantly correlated with 50 out of the 56
investigated serum metabolites towards an unfavorable
metabolic profile. Specifically, abdominal obesity was positively correlated with concentrations of triglycerides and very
low-density lipoprotein (VLDL) particles, low-density lipoprotein (LDL) particles, and concentrations of small high-density
lipoprotein (HDL) particles, as well as total cholesterol, LDL-C,
intermediate density lipoprotein cholesterol (IDL-C), Apolipoprotein (Apo) B and the ApoB to ApoA1 ratio. Concentrations
of large HDL particles were negatively correlated with WC.
Serum FAs as a proportion of total FAs were inversely, albeit
weakly correlated with WC, except for the positive correlation
with monounsaturated fatty acids (MUFAs). Branched chain
amino acids (BCAA; valine, leucine, isoleucine), two aromatic
amino acids (phenylalanine and tyrosine), as well as alanine
Table 1 – Characteristics of the study cohorts.
FinnTwin TwinFat TwinFat MZ
Age (yrs)
Monozygotic
Dizygotic, same sex
BMI (kg/m2)
Waist (cm)
Total fat (%)
Android fat (%)
Gynoid fat (%)
Android/gynoid fat ratio
Android fat/Total fat%
Gynoid fat/Total fat%
Subcutaneous fat (cm3) a
Intra-abdominal fat (cm3) a
Liver fat (%) a
Glucose (mg/L)
Insulin (mU/L)
Homa IR
hsCRP (mg/L)

n = 1368
24.3 ± 0.1
531
837
23.6 ± 0.1
80.9 ± 0.4
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA

n = 286
28.7 ± 0.2
136
150
25.4 ± 0.3
87.3 ± 0.9
29.0 ± 0.8
35.0 ± 0.9
29.9 ± 0.8
1.0 ± 0.0
1.2 ± 0.0
1.3 ± 0.0
NA
NA
NA
5.1 ± 0.0
6.2 ± 0.3
1.4 ± 0.1
1.7 ± 0.2

n =136
29.4 ± 0.5
136
NA
26.5 ± 0.6
88.3 ± 1.4
31.1 ± 1.3
37.2 ± 1.3
38.5 ± 1.3
1.0 ± 0.0
1.2 ± 0.0
1.3 ± 0.0
4411.2 ± 271.9
1166.5 ± 110.2
2.9 ± 0.6
5.2 ± 0.1
6.0 ± 0.4
1.4 ± 0.1
2.0 ± 0.3

Values are mean ± SE. MZ, monozygotic; NA, not assessed.
n = 84.

a

were positively and glycine negatively correlated with WC.
Among the measures of glycolysis, WC was positively
correlated with pyruvate and negatively correlated with
citrate. WC also correlated positively with glycerol, which
serves as a marker of lipolysis of the triglycerides. The ketone
bodies acetate and 3-hydroxybutyrate were weakly and
inversely correlated with WC. WC was not significantly
correlated with the following metabolites: histidine, glycine,
lactate, acetate, creatinine and urea. The largest positive
correlation was seen with the ApoB to ApoA1 ratio (r = 0.35)
followed by glycoprotein (r = 0.33) and the largest negative
correlation was observed with HDL particle diameter (r = −0.33)
followed by the concentration of large HDL particles and the
HDL-C to LDL-C ratio (r = −0.31 for both).

4.2.

Genetic and Environmental Correlations

To further investigate the relationship between abdominal
obesity and the circulating serum metabolites, we
decomposed these phenotypic correlations into their genetic
and environmental components (Fig. 1, ESM Table 1). The
significant genetic and environmental correlations which
were observed between WC and many metabolites indicate
that the genetic and environmental factors that influence WC
overlap partly with those that influence the serum metabolites. However, the strength of the correlations was weak to
modest suggesting that only a fraction of the genetic and
environmental variation is common to abdominal obesity and
the serum metabolites. Overall, we found that genetic and
unique environmental correlations were of about the same
magnitude as phenotypic correlations for most serum metabolites. Exceptions were the metabolites ApoA1, BCAA and
phenylalanine, for which genetic correlations were stronger
than unique environmental correlations. In particular, for
ApoA1, valine and leucine, genetic correlations were significant (rg = − 0.24, 0.32 and 0.36 respectively) but the unique
environmental correlations were smaller and did not reach
statistical significance. This indicates that shared genetic
factors largely explain the significant associations between
abdominal obesity and these serum metabolites.

5.
Obesity-related Measures and Serum
Metabolites: Detailed Phenotyping in the
TwinFat Sub-sample
Sex- and age-adjusted phenotypic correlations between
detailed obesity-related measures and serum metabolites in
the TwinFat subsample are presented as a heatmap in Fig. 2.
Overall (BMI, % body fat) and abdominal obesity (WC), android
fat% and android to gynoid ratio correlated positively with an
unfavorable lipoprotein profile (i.e. increased VLDL, IDL, LDL
and small HDL particle concentrations, IDL- and LDL-C,
triglycerides, ApoB and ApoB to ApoA1 ratio and reduced
large HDL particle concentration, HDL-C and diameter). The
strongest correlations were observed between measures of
abdominal obesity and small VLDL particle concentration,
HDL diameter and triglycerides (r ≥ 0.4). Measures of obesity
were not significantly correlated with saturated fatty acids
(SFAs) but positively with MUFAs (rmax = 0.45) and negatively
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Fig. 1 – Correlations between waist circumference and serum metabolites in 1368 twin individuals. Phenotypic correlations (rp)
are shown in red; genetic correlations (rg) in blue and unique environmental correlations (re) in green. The points indicate the
correlation coefficient and the lines show the 95% confidence intervals. All correlations are adjusted for sex, age and cohort.
The shared genetic variance was calculated as the rg2. Abbreviations: VLDL, very low-density lipoprotein; LDL, low-density
lipoprotein; IDL, intermediate-density-lipoprotein; HDL, high-density-lipoprotein; C, cholesterol; ApoB, Apolipoprotein B;
ApoA1, Apolipoprotein A1; SFA, saturated fatty acids; MUFA, monounsaturated fatty acids; FA, fatty acids; DHA,
docosahexaenoic acid; PUFA, polyunsaturated fatty acids. The fatty acid ratios indicate the ratio of different classes of fatty
acids to total fatty acids.
with polyunsaturated fatty acids (PUFAs) (rmax = − 0.56). Obesity was positively correlated with BCAA and phenylalanine
(rmax = 0.44, p < 0.001), glycoprotein (rmax = 0.47) and to a

weaker extent with tyrosine (rmax = 0.27). BMI and measures
of abdominal obesity correlated inversely with glutamine
(rmax = − 0.26). Measures of insulin resistance (i.e. fasting
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Fig. 2 – Pearson correlations between obesity-related measures and serum metabolites in 286 twin individuals. The sample
size for subcutaneous (sc), intra-abdominal (ia) and liver fat was 84. Abbreviations: BMI, body mass index, Waist, waist
circumference; HOMA-IR, Homeostatic Model Assessment of Insulin Resistance; CRP, high-sensitive C-reactive protein; VLDL,
very low-density lipoprotein; LDL, low-density lipoprotein; IDL, intermediate-density-lipoprotein; HDL, high-densitylipoprotein; C, cholesterol; ApoB, Apolipoprotein B; ApoA1, Apolipoprotein A1; SFA, saturated fatty acids; MUFA,
monounsaturated fatty acids; FA, fatty acids; DHA, docosahexaenoic acid; PUFA, polyunsaturated fatty acids; BCAA, branchedchain amino acids. The fatty acid ratios indicate the ratio of different classes of fatty acids to total fatty acids. Android fat and
gynoid fat indicate the ratio of fat to total tissue in the android/gynoid areas. The color key denotes the magnitude of the
correlation coefficients. All metabolites were rank-transformed and adjusted for sex and age. The P-values denote the
statistical significance after correcting for multiple testing: P-values ****p < 0.00000625; ***p < 0.0000625; **p < 0.000625,
*p < 0.0031.
insulin and HOMA-IR) showed similar associations to the
metabolites as overall and abdominal obesity although many
correlations were stronger (e.g. medium VLDL: r = 0.58,
triglycerides: r = 0.56 and glycoprotein: r = 0.48–0.50).

Additionally, significant inverse correlations were seen between measures of insulin resistance and LDL diameter,
acetoacetate and 3-hydroxybutyrate. CRP correlated with an
unfavorable metabolic profile and correlations were generally
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weaker than with measures of obesity and insulin resistance,
except for the considerable correlation between CRP and
glycoprotein (r = 0.48). The associations between the ratio of
gynoid to total fat mass and the metabolic profile were
opposite than with other obesity measures. Correlations were
strongest with HDL diameter (r = 0.41) and the following
metabolites: medium and small VLDL particles, triglycerides,
phenylalanine and glycoprotein (r = −0.43 to − 0.48).
The same analysis that was performed in individual twins
was repeated using within-pair differences (Δ) in MZ twin pairs,
thus being able to control for familial and genetic confounding.
Compared with analyses performed in twin individuals, there
was a notable drop in the strength of most correlation
coefficients (Fig. 3). This indicates possible genetic control over
the association between obesity measures, insulin resistance,
inflammation and the serum metabolic profile. However, exceptions were the following: Δandroid fat% correlated with lipoprotein profile including ΔLDL-C (r = 0.46), ΔLDL particle
concentrations (rmax = 0.49), ΔLDL diameter (r = −0.41) and
ΔApoB (r = 0.47). Similarly, Δinsulin resistance associated with
an unfavorable metabolic profile including ΔVLDL particle
concentration (rmax = 0.56), Δtriglycerides (r = 0.53), ΔPUFAs
(r = −0.41), Δisoleucine (r = 0.46) and Δglutamine (r = −0.43). The
correlations between Δia fat and Δliver fat and ΔLDL particle
concentrations, ΔLDL-C, ΔApoB, ΔApoB to ApoA1 ratio, ΔHDL
diameter, Δacetoacetate, and Δ3-hydroxybutyrate were stronger
than in individual-level analysis. The highest correlation was
seen for correlations between Δia fat and Δliver fat and the ΔApoB
to ApoA1 ratio (r = 0.61 and 0.58, respectively). This highlights
that acquired accumulation of fat in the abdominal area, and
excess ia and liver fat in particular, are important modifiable
environmental factors that modify the levels of atherogenic
lipoproteins and some other metabolites.

5.1.

BMI-discordant Monozygotic Co-twins

We further studied the role of environmental factors by
comparing the serum metabolites between 33 BMI-discordant
MZ twin pairs. The obese co-twins were on average 18 kg
heavier and had 29% more total fat, 36% more fat in the
android and 17% more fat in the gynoid area and 280% more
liver fat. In obese co-twins we indeed found significantly
increased levels of those metabolites that correlated strongest
with obesity measures above (ESM Table 2). Obese co-twins
had higher concentrations of VLDL and LDL particles, cholesterol, triglycerides, ApoB, BCAA, lactate, glycerol, urea and
glycoprotein than their leaner counterparts. Obese co-twins
had lower concentrations of HDL particles, HDL-C and a
smaller HDL diameter. The ratios HDL to LDL, ApoB to ApoA1
and PUFA to total FAs were lower in the obese than lean cotwins. The particle concentration of most lipoproteins, HDL
particle size and ratios of HDL to LDL and ApoB to ApoA1
remained significantly different between co-twins even after
correction for multiple comparison (adjusted p < 0.0033).

6.

Discussion

In this study of healthy young adults, abdominal obesity, insulin
resistance and low-grade inflammation were associated with
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higher concentrations of atherogenic lipoproteins, aromatic and
BCAA, glycoprotein and lower concentrations of PUFAs and
glutamine. The relative contribution of genetic and modifiable
environmental factors in explaining these associations was
dependent on the metabolite under investigation. Acquired
obesity, independent of genetic factors within the MZ BMIdiscordant twin pairs, was most clearly associated with an
atherogenic lipoprotein profile.
Previous twin studies have reported that genetic correlations are stronger between physiologically similar phenotypes, such as triglycerides and HDL-C, and weaker for other
pairs of phenotypes, such as obesity and blood pressure
[24,25] or obesity and lipid traits [15,26]. In the present
analysis, we extend these earlier observations by quantifying
the genetic and environmental factors that underlie abdominal obesity and a large number of metabolites, which are
potential novel biomarkers of metabolic diseases. Genetic
correlations between abdominal obesity and metabolites
were highest for HDL-C and diameter, serum triglycerides,
the ApoB to Apoa1 ratio, BCAA, phenylalanine and glycoprotein. Future bivariate linkage and genome-wide association
studies are needed to co-localize these correlated traits to a
genetic region. As an evidence of a common genetic basis
between obesity and serum lipids, previous bivariate linkage
studies have reported a pleiotropic quantitative trait locus
(QTL) on chromosome 19 which jointly influences serum
triglycerides and adiposity [27] and an LDL-C–BMI locus on
chromosome 3 [28]. He and colleagues [29] found an inverse
association between a genetic risk score for BMI and HDL-C in
type 2 diabetic women, which was independent of BMI,
indicating that pleiotropic genes could influence both phenotypes through different pathways. Kilpeläinen et al. [30]
reported that a locus near IRS is associated with lower body
fat percentage and, opposite to what would be expected, with
higher insulin resistance and an adverse lipid profile.
Detailed phenotyping of obesity-related measures in a
subsample of the twins allowed the investigation of which
obesity-related measures were most closely linked to an
adverse metabolic risk profile. As previously reported for
standard lipid measures [17,31], abdominal obesity and
insulin resistance were the strongest correlates of an atherogenic lipoprotein profile including triglycerides and triglycerides in VLDL and IDL, LDL-C, IDL-C and ApoB, VLDL and LDL
particle subclasses of all sizes as well as small HDL particle
subclasses. Furthermore, obesity correlated negatively with
concentrations of large HDL subclasses, HDL-C and HDL-C to
LDL-C ratio. This increase in total VLDL and LDL concentration and shift in the lipoprotein subclass distribution towards
larger VLDL and smaller HDL and LDL particles are consistent
with increased cardiovascular disease risk [32].
In the present study, correlations within MZ twin pairs
were generally weaker than in individual-level analysis. This
provides evidence of partial confounding due to genetic
factors, which is consistent with the finding of significant
genetic correlations for abdominal obesity and most metabolites in the quantitative genetic modeling. It is also in
agreement with results from large GWAS studies that
identified loci and genes associated with these traits [33].
However, measures of abdominal fat distribution (i.e. android
fat% and ia fat), liver fat and insulin resistance were more
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strongly related to VLDL particle concentration, ApoB, LDL-C
and LDL diameter in within-pair than in individual-level
analysis. Similarly, the heavier co-twins of MZ twin pairs had

280% more liver fat and a more atherogenic lipoprotein profile
even after correcting for multiple testing. The well-known
physiologic role of liver in the lipoprotein metabolism
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suggests that liver fat in our twins is causally linked to the
higher VLDL, LDL, and ApoB concentrations. In accordance,
lipoprotein kinetic studies in humans have shown that liver
fat drives the overproduction of large VLDL particles and
ApoB, which in turn initiates a number of lipoprotein changes
that increase the risk of atherosclerosis, including hypertriglyceridemia, an increase in small, dense LDL particles and
low HDL-C [34].
We found that obesity and insulin resistance were
associated with increased concentrations of MUFAs and
lower concentrations of PUFAs, in particular omega-6 FAs
and to a lesser extend omega-3 FAs. The serum FA profile is
influenced by dietary fat intake over the past few weeks [35],
and we have previously reported a lower proportional dietary
PUFA intake in the heavier co-twins of the discordant MZ
pairs [36]. Rate-limiting enzymes are also important determinants of the serum FA profile; in particular stearoyl-CoA
desaturase-1 (SCD-1) synthesizes MUFA from SFA and D6desaturases synthesizes highly unsaturated FAs. Subjects
with obesity or metabolic syndrome have increased activity
of SCD-1 and D6-desaturase [37], which corresponds well with
our finding of more MUFAs and less PUFAs in the serum of
obese subjects. In the present study, fasting insulin and
HOMA-IR remained significantly correlated with lower concentrations of PUFAs in analysis that controlled for potential
confounding by familial factors of genes and shared environment within MZ twins. In two Finnish studies, low concentrations of serum omega-6 PUFAs were prospectively
associated with the incidence of impaired fasting glycemia,
diabetes mellitus [38] and metabolic syndrome [39].
In our healthy twin sample of young adults, abdominal
obesity and insulin resistance were the strongest correlates of
BCAA, phenylalanine and tyrosine. It has been known for
many years that obesity is associated with an increase in
these amino acids [7,40]. More recently, it has been shown
that obesity blunts amino acid metabolism in adipose tissue
and profoundly affects BCAA catabolism. In subcutaneous
and visceral adipose tissue obtained during surgery, essential
amino acids, leucine, glutamine and serine and 2ketoisocaproic acid differed significantly between obese and
lean subjects [41]. In our earlier study of MZ twin pairs
discordant for obesity, serum levels of insulin secretionenhancing BCAA were increased in obese male co-twins and
adipose tissue transcription profiles exposed significant
down-regulation of genes involved with mitochondrial BCAA
catabolism [3,42] indicating that the increase in plasma BCAA
levels may be due to their decreased oxidation in the
peripheral tissues. Our finding of an inverse association
between glutamine and insulin resistance is in accordance
with previously published data from the Framingham Heart
Study and the Malmö Diet and Cancer Study [43]. In the
present study we highlight the complexity in the association
between obesity and amino acid metabolism, which involves
both genetic and environmental factors.
Measures of obesity, insulin resistance and CRP correlated
with glycoprotein, an acute-phase protein that is elevated in
response to inflammation and infection [44]. Alpha-1 acid
glycoprotein has been prospectively associated with both
fasting and postchallenge glucose [45] and with the risk of
developing diabetes [46]. In a recent study among participants
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from the Estonian biobank, alpha-1 acid glycoprotein was the
strongest circulating biomarker predicting all-cause mortality
after adjusting for conventional risk factors [8].
Among all obesity measures studied, measures of abdominal obesity and the ratio of android to gynoid fat were the
strongest correlates of an unfavorable serum metabolic
profile. In contrast, correlations with the ratio of gynoid to
total fat mass were in the opposite direction, supporting the
view that having proportionally more fat stored in the gynoid
area is metabolically protective. It has been suggested that
gluteofemoral fat functions as a ‘metabolic sink’ to buffer
excess energy, thereby preventing ectopic and visceral fat
deposition [47].
Combining men and women in the analysis can be seen as
a potential limitation. However, we did not observe significant differences by sex in the associations of obesity and
metabolites, and therefore combined men and women in the
analysis in order to increase statistical power. A previous
large study of obesity and circulating metabolites that
included 12,664 adolescents and young adults from four
population-based cohorts in Finland found significant sex
interactions for some metabolites; however the absolute
differences were fairly small [13]. The strengths of the present
study include its population-based design, the detailed
phenotyping of body composition, the inclusion of large sets
of serum metabolites and the use of twins to tease out genetic
and environmental factors. Potential shortcomings of the
study must also be acknowledged. First, the young adult and
Caucasian sample utilized in this study limits the generalization to other populations. Second, the cross-sectional study
setting does not provide understanding of the temporal
relations, even though the use of the MZ discordant pairs
permits control of genetic and early family confounders.
Finally, multiple comparison correction and the reduced
sample size in MZ within-pair and discordant twin analysis
increase the likelihood of false negatives (type II error).
In conclusion, abdominal obesity and insulin resistance are
associated with changes in the serum metabolome toward
reduced cardiometabolic health. Our results suggest that genes
that influence variation in abdominal obesity partly overlap with
those that influence variation in serum metabolites. However,
genetically identical twins that differ in obesity measures also
differ in the serum lipoprotein profile, therefore indicating that
obesity may be a modifiable environmental factor that leads to
lipid disturbances. Thus, our findings give further credence to
public health efforts aiming to prevent weight gain and closely
linked metabolic abnormalities.
Supplementary data to this article can be found online at
http://dx.doi.org/10.1016/j.metabol.2015.10.027.
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