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Preface to "Precision Nutrition”

Obesity is a multifactorial and complex disease. The causes of obesity are really variated, diet,
physical activity and, ultimately, lifestyle play a fundamental role. The relationship between these
factors and obesity development are modulated by large number of varied individual parameters,
such as the genome, epigenome, microbiome, metabolome, transcriptome and resulting interactomes.
Emerging scientific knowledge has manifested the importance of considering most of these factors
and individual parameters in developing dynamic and accurate nutritional recommendations. In
this context, the term Precision Nutrition is key, a new approach to integrate internal and external
environmental factors. This Special Issue aims to provide a thorough overview of research progress
on Precision Nutrition, exploring new factors that could modulate the energy balance, adiposity and

variety of obesity related alterations, for instance diabetes, cardiovascular disease, etc.

Precision nutrition is an emerging area of research due to its key role to maintain health status.
In this way Alvarez-Pitti et al. review the recent research on Precision Nutrition and its role on
prevention and treatment of obesity during pediatric years. In this article, the authors revise the
nutrition-based interventions, included in the two levels of personalization proposed by Ordovas
et al. in 2018. The first level of personalization is considering the behavioral and phenotype
level, including eating habits and physical activity and lifestyle, during pregnancy, lactation period,
childhood and adolescence. The second level of personalization includes the biological parameters,
including the different response to food and/or nutrients that are conditioned by biochemical
parameters, genetic, microbiota and metabolomics. All in all, reveal as tailored nutrition represents a

promising approach to prevent and manage obesity.

Regarding the biological parameters, there are controversial data about the interaction of single
nucleotide polymorphisms (SNPs) and macronutrients consumption on the extent of body weight
loss. Bayer et al, review 27 articles based on the interaction between some SNPs and macronutrients
on obesity treatment. Regarding the evaluated data the authors consider that there is not a clear
information to support that genotype-diet interaction is a main determinant of obesity treatment
success. On the other hand, Seral-Cortes et al. show as genotype modulate the relation between
Mediterranean Diet adherence and the adiposity and metabolic syndrome in adolescents. Likewise, in
addition to the effect of genotype on the relation between diet and metabolic parameters, Czajkowski
et al. reveal as daily macronutrient intake may modulate the impact of some SNPs of FTO on obesity
and obesity-related metabolic alterations. It is special interesting to develop efficient dietary strategies
to prevent or treat obesity, controlling the percentage of each macronutrient for each genotype.
Beyond the influence of the diet macronutrients proportion on the genotype-obesity relationship,
Camblor et al. reveal as some polymorphism determine the effect of carbohydrates proportion on
body mass index, depending the time of its consumption. Jee et al. show as macronutrient proportion
also modulate the relationship between genotype and glaucoma. Elevated carbohydrate consumption
increases the risk of glaucoma by three-fold in adults with a high polygenic risk score. Additionally,
beyond the environment influence Maycotte-Cervantes et al. evidences that clinical markers of
chronic non-communicable diseases in Mexican population are influenced by specific SNPs of ELOVL
genes, in a sex dependent manner.

Beyond the macronutrient proportion other nutrients or food compounds could modulate the
relationship between some metabolic alteration and genotype. Kwon et al. indicate as the genetic
susceptibility to hypertension differ according to sodium intake. This study reveals that it is possible

to make more individualized nutritional recommendations for cardiovascular disease prevention.

vii



Vitamin A consumption has a relevant impact on metabolism and energy balance. However,
Galmés et al. give away as the Vitamin A effects are modulated by the influence of some genetic
variants, such as SCARB1, UCP2 and UCP1. Moreover, this study shows that the combination
of genetic information and an ex vivo intervention in peripheral blood cells, to evaluate the
gen-nutrient-phenotype interaction, seems to be an efficient strategy for the Precision Nutrition.

Further the studies evaluating the importance of genetics on Precision Nutrition, Ruperez et al.
comment in their review as metabolomics can provide valuable information which can be applied to
the pursuance of Precision Nutrition.

All in all, the articles of this special issue point out the key role of Precision Nutrition on the
prevention and treatment of obesity and related alterations.

Acknowledgment: We would like to thank all the Authors and Reviewers for their contributions

to this collection of articles.

Andreu Palou and Barbara Reynés
Editors
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Abstract: The aim of this study was to evaluate the distribution of energy intake and macronutrients
consumption throughout the day, and how its effect on nutritional status can be modulated by
the presence of the rs3749474 polymorphism of the CLOCK gene in the Cantoblanco Platform
for Nutritional Genomics (“GENYAL Platform”). This cross-sectional study was carried out on
898 volunteers between 18 and 69 years old (65.5% women). Anthropometric measurements, social
issues and health, dietary, biochemical, genetic, and physical activity data were collected. Subsequently,
21 statistical interaction models were designed to predict the body mass index (BMI) considering
seven dietary variables analyzed by three genetic models (adjusted by age, sex, and physical activity).
The average BMI was 26.9 + 4.65 kg/mz, 62.14% presented an excess weight (BMI > 25 kg/rnz).
A significant interaction was observed between the presence of the rs3749474 polymorphism and the
evening carbohydrate intake (% of the total daily energy intake [%TEI]) (adjusted p = 0.046), when
predicting the BMI. Participants carrying TT/CT genotype showed a positive association between the
evening carbohydrate intake (%TEI) and BMI (3 = 0.3379, 95% CI = (0.1689,0.5080)) and (3 = 0.1529,
95% CI = (-0.0164,0.3227)), respectively, whereas the wild type allele (CC) showed a negative
association ( = —0.0321, 95% CI = (-0.1505,0.0862)). No significant interaction with the remaining
model variables was identified. New dietary strategies may be implemented to schedule the circadian
distribution of macronutrients according to the genotype. Clinical Trial number: NCT04067921.

Keywords: dietary parameters; carbohydrate intake; obesity; single nucleotide polymorphism;
CLOCK gene; rs3749474

Nutrients 2020, 12, 1142; d0i:10.3390/nu12041142 www.mdpi.com/journal/nutrients
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1. Introduction

Overweight and obesity rates are increasing alarmingly, with excess weight being one of today’s
major health issues. Both conditions are characterized by an excessive accumulation of fat in the
adipose tissue, hypertrophying and unbalancing the homeostatic processes in which it is involved [1].
This situation increases the risk of prematurely suffering diseases and pathological conditions, such as
hypertension, diabetes, cardiovascular events, osteopathy, and cancer; being one of the main causes of
population’s morbidity and mortality [2-4].

As for the prevalence worldwide, it is estimated that approximately 30% suffer from obesity and 35%
show a body mass index (BMI) in overweight ranges [3]. In Spain, according to the National Statistics
Institute, up to 62.5% of men and 46.7% of women have an excess body weight (BMI > 25 kg/m?) [5].

Obesity treatment strategies traditionally focus on weight loss by combining dietary and physical
activity recommendations as well as pharmacological and surgical therapeutic approaches [6]. Although
many dietary alternatives are available for weight control, such as low-carbohydrate diet and low-fat
diet, it is not known which is the most effective [7]. In recent years, a more detailed study of dietary
strategy has been promoted, not only based on the amount of kilocalories or macronutrients provided,
but also on their circadian distribution throughout the day. Among the various studies, some show
a benefit of carbohydrate consumption mostly displaced towards late-night hours during dinner [8-10].
Others, however, support that the intake of this macronutrient in breakfast or lunch has a metabolic
benefit as well as on satiety [11,12]. Indeed, the effectiveness of the distribution of calories and
macronutrients over the day is controversial. While some of these discrepancies may be explained by
methodological differences in the studies, they may also be due to genetic modulation of the response.
In this context, single nucleotide polymorphisms (SNPs) constitute the majority of human genomic
variation among individuals. These variations in DNA sequence can affect the response of individuals
to drugs, viruses, bacteria, and also to diet [13,14].

Recent research has linked the presence of certain polymorphisms in genes such as CLOCK
(Circadian Locomotor Output Cycles Kaput) to different responses to caloric and macronutrient intake.
Regarding CLOCK rs3749474, it has been shown that both TT+CT genotypes tended to have a better
weight loss after a treatment involving dietary fat restriction than those homozygous for the wild
type allele (CC) [15]. However, the evidence about the mode this SNP could influence the response
according to the distribution of different macronutrients throughout the day is unclear [16].

On this basis, the aim of this study was to evaluate the distribution of energy intake and
macronutrients throughout the day, and how its effect on nutritional status can be modulated by the
presence of the CLOCK SNP rs3749474 in the sample of the Cantoblanco Platform for Nutritional
Genomics (GENYAL Platform). The final objective was to figure out some of the controversies found
in the dietary recommendations and describe new alternatives for a personalized nutritional treatment
for obesity.

2. Materials and Methods

2.1. Study Sample and Design

This observational and cross-sectional study was carried out on volunteers belonging to the
Cantoblanco Platform for Nutritional Genomics (GENYAL Platform) recruited during the period
2012-2017 in Spain. This platform is a tool at the IMDEA-Food Institute for the study of genome-nutrient
interactions on a large scale.

Recruitment was developed through media and included volunteers (men and women), aged
between 18 and 69 years of age, who did not suffer from any serious diseases, were pregnant or
lactating, who willingly signed the consent participation form.
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The study was approved by the Research Ethics Committee of the Autonomous University of
Madrid (CEI 27-666) and was adapted to the ethical bases proposed by the Declaration of Helsinki
with regard to scientific research studies and valid laws.

2.2. Personal, Social, and Health Data

The information that was collected included date of birth, sex, ethnicity, marital status, level of
education, and employment status, as well as health information, such as smoking, alcohol consumption,
minor illnesses, medication, and family history of disease.

2.3. Anthropometric Parameters

Anthropometric measurements were performed under standardized procedures. Height (cm) was
assessed to the nearest 0.1 cm using a stadiometer (Leicester Biologica Tecnologia Médica SL, Barcelona,
Spain). Weight (kg), fat mass (%), and muscle mass (%) were evaluated using bioelectrical impedance
analysis (Body Composition Monitor BF511-OMRON HEALTHCARE, LT, Kyoto, Japan). Based on
Weight (k8)) " The World Health
Height (m)
Organization’s criteria (WHO) [17] was used to classify the subjects and were regrouped as normal
weight (NW) when BMI < 25 kg/m2 and as excess weight (EW) when BMI > 25 kg/mz‘ Waist and hip
circumference were measured with a flexible Dry 201 metal tape, with measuring range 0-150 cm and
1 mm of precision (Quirumed, Valencia, Spain).

these data, the BMI was calculated according to the Quetelet Index (

2.4. Dietary Parameters

Regarding the study of the dietary intake, volunteers completed a validated three-day food record
prior to the visit (two weekdays and another weekend day) in which they wrote all the food and
beverages consumed, as well as the exact or estimated weight in measurements at home (for which
they were instructed by trained nutritionists). Subsequently, the extracted data were tabulated and
analyzed using the DIAL nutritional software (version 3.7.1.0 (February 2019)-Alce Ingenieria, Madrid,
Spain) as described by the supplier [18].

Based on the Spanish food pattern, three main meals (breakfast, lunch, and dinner) and three
in-between meals eating occasions (morning, evening, and after dinner snack) were considered.
The intake at mid-morning, mid-afternoon, and late-evening occasions in this population is usually
a light and easily prepared meal, such as a sugar-sweetened infusion (tea, coffee ... ), a piece of fruit,
a dairy product, cookies and similar products, or reasonable combinations of them.

Multiple dietary variables were considered in the exploratory analyses. The Total Daily Energy
Intake (TEI), the Meal Energy Intake (MEI), and the percentages of macronutrients (carbohydrates
(CH), proteins (Pr), and lipids (Lip)) of TEI (CH (%TEI), Pr (%TEI), Lip (%TEI), as well as of each meal
(CH (%MEI), Pr (%ME]I), Lip (%MEI)) were automatically calculated by the DIAL software.

In addition, to account the timing distribution of energy and the macronutrients of the TEI,
the following variables were created:

Meal Energy Intake (MEI) as a percentage of TEI:

MEI (%TEI) = MELKD 100,

i
TEI (W)

Macronutrients (CH, Pr, Lip) of each MEI over TEIL

CH of MEI (k])

k]
o ()

Meal Lip (%TEI) =

Pr of MEI (k])

Meal CH (%TEI) = x 100 ; Meal Pr (%TEI) = (H)
El (L

x 100;

Lip of MEI (k])

TEI(%) x 100.
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In order to investigate if a higher intake of energy and macronutrient at the beginning or the
end of the day may influence the nutritional status, the meals were regrouped into two sub-groups
according to the time-of-day: morning intakes (MI) (including breakfast and morning snack) and
evening intakes (EI) (including evening snack, dinner, and after dinner snack).

An initial inspection of the data showed a discordance between the information provided by some
subjects in the dietary questionnaire and their anthropometric parameters. Thus, some with high BMI,
body fat, and high levels of blood pressure, reported lower intake in terms of total calories, as well as
healthier and more balanced nutritional profiles. This finding suggested that some of these individuals
could be underreporting their dietary data. To overcome this limitation, the method proposed by
the European Food Safety Authority (EFSA) [19] and Goldberg and Black [20,21] was followed. This
method assumes that, if weight remains stable, energy intake should be equal to energy expenditure.
According to this procedure, the volunteers were classified as underreporting, overreporting and
correct reporting, creating a final classification of two groups, namely misreporters and plausible
reporters. The exploratory analysis of the dietary and intake data was performed with both the total
sample and the plausible reporters. However, the statistical models (see below) were only derived for
the plausible reporters.

2.5. Physical Activity Parameters

The short version of the International Physical Activity Questionnaire (IPAQ) validated in the
Spanish population [22] was used. According to the results, the pattern of activity was classified into
three categories: low, moderate, and high, according to the authors proposal [22].

2.6. Biochemical Parameters and Genotyping

A blood sample was collected by venipuncture in the middle cubital vein of the forearm early in
the morning, with the subject fasting for at least the previous 12 h.

The CQS Laboratory, following standardized procedures, carried out the analysis of the biochemical
determinations. The lipid profile [(triglycerides, total cholesterol, low-density lipoprotein cholesterol
(LDL-cholesterol), and high-density lipoprotein cholesterol (HDL-cholesterol)] were determined by
enzymatic spectrophotometry. The glycemic profile [glycemia (c. hexokinase mass) and insulin
(immunoassay)] and the Homeostasis Model Assessment (HOMA) was calculated regarding the
following formula:

Glucose (%?) x Insulin (%)
405

The presence of the rs3749474 CLOCK polymorphism was determined at the IMDEA-Food
Nutritional Genomics Laboratory from these blood samples. This SNP was selected based on its
recognized involvement in different parts of the pathogenic processes of obesity and its related
phenotypes, and because it has been associated with different genotype response to weight loss in
a previous study [15]. Preserved at —80 °C. DNA extraction was performed using the QlAamp DNA
Mini Kit, QTAGEN, following the protocol of the commercial company, in which 300 uL of sample
was used to obtain 100 puL of DNA, establishing the optimal cut points for DNA concentration at
50 ng/uL and 1.7 of quality (absorbance ratio A260/A280 and A260/A230). Once the DNA had been
extracted, genotyping was performed using TaqMan®® SNPs probes with the QuantStudio™ 12K
Flex Real-Time PCR System and the AccuFill™ system. Data analysis was performed using TagMan
Genotyper Software v1.3. A quality value of each genotyping of more than 90% was used.

HOMA =

2.7. Statistical Analysis

Categorical data were presented as percentages and absolute frequencies, while quantitative
data were expressed as mean + standard deviation (SD). Linear regression models adjusted by sex
and age were used to assess associations between anthropometric, dietary, and physical activity
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variables. In order to test the interaction between the rs3749474 SNP and nutritional variables in the
prediction of BMI, the following seven evening variables were considered: Evening Meal Energy,
Carbohydrates, Proteins, and Lipids Intake of the Total Daily Energy Intake [Eve MEI (%TEI), Eve CH
(%TEI), Eve Pr (%TEI) and Eve Lip (%TEI)], and Evening Carbohydrates, Proteins, and Lipids Intake
of the Meal Energy Intake [Eve CH (%MEI), Eve Pr (%MEI), and Eve Lip (%MEI)]. In addition, three
genetic models (additive (ADD), co-dominant (COD), and dominant (DOM)) were considered, giving
a total of 21 models, all of them adjusted by sex, age, and physical activity (expressed in metabolic
equivalents (METs)). It was finally determined that the ADD model (in which the risk conferred by an
allele is increased 2-fold for homozygotes) was the best fit for the data. p Values were corrected with
Bonferroni’s method. All statistical tests were considered as bilateral with a significance level of 0.05.
Estimated parameters (Betas) were obtained with 95% confidence intervals. Statistical analyses were
performed using R version 3.4 (projects) (www.r-project.org).

Sample size calculations were performed with G*Power 3.1.9.2. for a multiple regression model of
6 predictor variables. For an effect size of 0.01 for adding a new single variable, with a power of 0.8
and a significance level of 0.05, a sample size of 787 was obtained. Assuming a drop-out of 15%, this
gave a sample size of 905 individuals.

3. Results

The sample was composed of 898 subjects, of which 65.5% were women and 34.5% were men.
The mean age of the sample was 41 = 12 years and the BMI 26.9 + 4.65 kg/m?. About 62.14% of the
volunteers presented excess weight (EW, BMI > 25 kg/m?). Anthropometric, biochemical, physical
activity, as well as dietary data of the participants according to their nutritional status is provided in
the Appendix A section. A total of 799 subjects had dietary data available and 697 were considered
according to Goldberg’s method. Finally, 84% were classified as plausible reporters (1 = 585) and 16%
as misreporters (n = 112).

When the BMI was regressed on the Total Daily Energy Intake (TEI), a positive and significant
association was observed (3 = 0.00132, 95% CI = (0.000505,0.00213); p = 0.038). On the other hand,
the percentages of macronutrient (CH, Pr, and Lip) as a percentage of TEI showed no significant
associations with the BMI of the total participants (p > 0.05).

In terms of energy and macronutrient intake per meal (breakfast, morning snack, lunch, evening
snack, dinner, and after dinner snack, morning and evening) no significant association with BMI was
identified. Nevertheless, morning carbohydrate intake (%TEI) was associated with different markers of
the glycemic profile: glycemia (3 = —0.419, 95% CI = (-0.628, —0.21); p = 0.001), HOMA (3 = —0.0443,
95% CI = (-0.0707, —0.0178); p = 0.014) and insulin (3 = —0.181, 95% CI = (-0.288,—0.0743); p = 0.012) and
lipid: LDL (B = —1.09, 95% CI = (-1.69,—0.488); p = 0.005) and TG (3 = —0.813, 95% CI = (-1.32,-0.307);
p =0.022).

Table 1 describes the main anthropometric and biochemical data of the sample split by genotypes
of the rs3749474 polymorphism, as well as the p value of a linear model of the SNP as predictor adjusted
by sex and age. Table 2 includes dietary data for the total and the time-of-day intakes (breakfast,
morning snack, lunch, evening snack, dinner, and after dinner snack, morning and evening intake) in
plausible reporters by genotypes. The p value of a linear model of the SNP as predictor adjusted by sex
and age is also included.
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Table 1. Anthropometric and biochemical data by genotypes of the rs3749474.

Genotype

Variable (n < 571) @ < 183) @ £T70) p Value

BMI (kg/m?) (27.4242,32%(.)56) 1 (26.;2;;;.96) (27.?223.92) 0.048%
Total Fat Mass (%) (32.2%2.62) (32.82;23.82) (33.%%22.62) 0115

WC (em) (913%22.15) (89.2;;;3.84) (93.?2,'53.25) 0.016*
SBP (mm Hg) (123%21%172%.39) (123.11214;17286.45) (122.1?545?16228‘91) 0-880
DBP (mm Hg) (76.;;;2.55) (76.15;;2.69) (76.76%814.07) 0.516
HDL (mg/dL) (50.51;53.26) (50.25;(5]2.59) (50.2%22.33) 0.619
LDL (mg/dL) (124.10227,i7ez61 49) (126.1636(3'1:;54.04) (123.18361,.1%98‘32) 0-531
TG (mg/dL) (95.3(7)%;18.95) (%égﬁiw) (100.18145;13219479) 0332
LDL/HDL (2.5;3.071) (2.524',62%74) (2.422.,622.82) 0877
TC/HDL (3.9452521) (4.(;11.,143?26) (3.84;,1411.36) 0818
Log TG/HDL 025(022,029)  025(022,028)  0.30(024,036)  0.370
Glucose (mg/dL) (85.%;;&9{67) (84.8157.,6837.1) (85.22;53.92) 0-144
HOMA (1‘825'?23.21) (1.611.,719.98) (1.724,028.43) 0.122
Insulin (WUl/mL) (8‘398‘,097.76) (7.6%?9%03) (8.2;?3.82) 0.162

Hardy-Weingber equilibrium p = 0.8157. ! Mean (95% CI). * p < 0.05 is considered as statistically significant. CC:
Common Homozygous; CT: Heterozygous; DBP: Diastolic Blood Pressure; HOMA: Homeostatic Model Assessment;
SBP: Systolic Blood Pressure; TC: Total Cholesterol; TT: Variant Homozygous; WC: Waist Circumference.

In order to better understand the genetic dependence of the effect of the distribution of meals in
the nutritional status, 21 different lineal models were developed to predict BMI. Each of them had an
interaction term between the SNP and one of the following 7 evening variables: Evening Meal Energy,
Carbohydrates, Proteins, and Lipids Intake, of the Total Daily Energy Intake [Eve MEI (%TEI), Eve
CH (%TEI), Eve Pr (%TEI), and Eve Lip (%TEI)], and Evening Carbohydrates, Proteins, and Lipids
Intake of the Meal Energy Intake [Eve CH (%MEI), Eve Pr (%MEI) and Eve Lip (%MEI)]. In addition,
for each evening variable, three different genetic models for the SNP were tested: additive (ADD),
co-dominant (COD), and dominant (DOM)). All the models were adjusted by sex, age, and physical
activity (expressed in metabolic equivalents (METs).

After multiple-test correction by Bonferroni method, a significant interaction was observed between
the presence of the rs3749474 polymorphism in the additive model and the evening carbohydrate
intake (p = 0.046) when predicting the BMI (Figure 1). The heterozygous subjects (CT) showed that for
every 1% increase in carbohydrate intake of the total energy intake during evening hours, the BMI
increased by 0.1529 kg/m? (B = 0.1529, 95% CI = —0.0164,0.3227)) and the homozygotes for the risk
allele (TT) showed an even greater variation, increasing the BMI by 0.3379 kg/m? for each 1% increase
in carbohydrate consumption during this time (3 = 0.3379, 95% CI = (0.1689,0.5080)). However,
the common homozygous (CC) did not experience statistic increases in the BMI, even showing a slight
decrease in it (—0.0321 kg/mz), (B = —0.0321, 95% CI = (-0.1505,0.0862)). Moreover, no significant
interaction with the remaining model variables was identified.
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Table 2. Dietary data for the total and the time-of-day intakes by genotype of the rs3749474
(plausible reporters).

Genotype
CC CT TT
(n=182) (n =196) (n=49)
Dietary Data X+ SD X+ SD X+SD p Value
Total dietary data
TEI (kJ/day) 9450 + 1948 9215 + 2024 9729 + 2126 0.159
CH (%TEI) 37.97 +£6.51 38.44 + 6.03 36.91 + 6.67 0.305
Pr (%TEI) 17.59 +291 17.57 +2.81 17.09 + 2.86 0.717
Lip (%TEI) 40.38 + 6.00 39.64 +5.92 41.05 + 6.26 0.250
Dietary data: Breakfast
B MEI (%TEI) 16.71 + 6.54 16.66 + 6.12 16.60 + 8.09 0.994
B CH (%TEI) 8.89 +3.77 8.86 +3.44 8.23 +4.55 0.392
B Pr (%TEI) 227 +1.14 2.27 +1.01 233 +£1.25 0.882
B Lip (%TEI) 512 +295 5.1 +3.02 5.61 +3.08 0.395
Dietary data: Morning snack
MS MEI (%TEI) 6.38 +5.69 5.94 + 4.67 7.44 + 6.07 0.437
MS CH (%TEI) 3.09 +2.90 3.01 +242 3.36 +£2.70 0.634
MS Pr (%TEI) 0.85 +0.97 0.79 £ 0.82 1.09 +1.11 0.478
MS Lip (%TEI) 2.08 +2.41 1.76 +1.98 2.46 +2.40 0.320
Dietary data: Lunch
L MEI (%TEI) 39.77 + 8.61 40.08 + 8.88 39.34 £ 9.32 0.745
L CH (%TEI) 13.31 +4.49 13.50 + 4.55 12.62 + 4.36 0.427
L Pr (%TEI) 791 +2.24 792 +2.17 7.37 £2.26 0.186
L Lip (%TEI) 16.96 + 5.62 16.93 +5.79 17.32 +5.28 0.818
Dietary data: Evening snack
ES MEI (%TEI) 7.06 + 6.10 6.60 + 5.59 6.70 = 5.07 0.798
ES CH (%TEI) 3.25+2.90 317 +£2.78 3.20 +2.37 0.821
ES Pr (%TEI) 0.95 +0.98 0.90 + 0.96 0.87 +0.87 0.747
ES Lip (%TEI) 2.58 +2.77 2.23 +2.51 2.28 £2.35 0.512
Dietary Data: Dinner
D MEI (%TEI) 29.25 + 8.55 29.59 +9.86 29.14 + 8.39 0.918
D CH (%TEI) 9.14 + 3.85 9.43 +4.11 9.15+3.86 0.888
D Pr (%TEI) 545 +1.89 5.55 + 2.00 534 +225 0.660
D Lip (%TEI) 13.31 + 4.99 13.21 +5.48 13.12 + 4.59 0.967

Dietary data: After dinner snack

ADS MEI (%TEI) 0.85 + 2.66 1.14 +£3.26 0.78 +2.74 0.407
ADS CH (%TEI) 0.29 +0.87 0.48 + 1.57 0.35+1.29 0.412
ADS Pr (%TEI) 0.15+0.73 0.13 +0.42 0.09 +0.33 0.462
ADS Lip (%TEI) 033 +1.14 0.42 +1.51 0.26 + 0.94 0.565

Grouped dietary data

Dietary data: Morning

Morn MEI (%TEI) 23.08 +7.45 22.59 £ 7.06 24.04 +9.04 0.465
Morn CH (%TEI) 11.98 +4.19 11.87 +4.02 11.59 + 4.80 0.884
Morn Pr (%TEI) 312+ 1.44 3.06 + 1.22 3.43 +1.58 0.207
Morn Lip (%TEI) 7.20 + 3.36 6.86 + 3.42 8.07 + 3.69 0.082

Dietary data: Evening
Eve MEI (%TEI) 3715+9.18  3733+1026  36.62+9.86 0.901

Eve CH (%TEI) 12.68 +4.78 13.07 £ 4.58 12.70 £ 4.97 0.678
Eve Pr (%TEI) 6.56 + 2.07 6.59 +2.25 6.30 + 2.51 0.552
Eve Lip (%TEI) 16.21 £5.34 15.85 £ 5.80 15.66 + 5.09 0.742

ADS: After Dinner Snack; B: Breakfast; CC: Common Homozygous; CH: Carbohydrates; CT: Heterozygous;
D: Dinner; ES: Evening Snack; Eve: Evening; kJ: Kilojoules; L: Lunch; Lip: Lipids; MEI: Meal Energy Intake;
Morn: Morning; MS: Morning Snack; Pr: Proteins; SD: Standard Deviation; TEI: Total Energy Intake; TT: Variant
Homozygous; X: Mean.
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Figure 1. Association between the evening carbohydrates intake as a percentage of Total Daily Energy
Intake (TEI) and the body mass index (BMI) according to the presence of the rs3749474. Participants
carrying TT and CT genotype showed a positive association between the evening carbohydrate intake
(%TEI) and the BMI (B = 0.3379, 95% CI = (0.1689,0.5080)) and (3 = 0.1529, 95% CI = (-0.0164,0.3227))
respectively, whereas the common homozygous (CC) showed a negative association ( = —0.0321,
95% CI = (-0.1505,0.0862)) (adjusted p = 0.046).

4. Discussion

The relationship between the food intake at different times of the day and the nutritional status
in a group of volunteers belonging to the GENYAL Platform sample was studied in the present
research. A significant interaction between evening intake of carbohydrates of the volunteers and the
1rs3747494 CLOCK polymorphism when predicting BMI was identified, suggesting new alternatives of
personalized nutritional treatment for obesity.

In this research, excess weight people had defective lipid and glycemic profiles in relation to
normal weight people. Furthermore, this group showed lower levels of physical activity (these results
are provided in the Appendix A section). These features of excess weight people have been well
described in the scientific literature [4,23,24] and have been associated with an increase of concomitant
diseases, such as type II diabetes mellitus, cancer, etc. [2,11,25], and thus, emphasize the importance of
managing weight control in order to avoid secondary clinical complications.

The total daily energy intake has been postulated as a regulator of the nutritional status, especially
if it is not combined with physical exercise according to the energy intake [26,27]. This positive
association between the energy intake and BMI was observed, but only after considering the plausible
reporters. This highlights the importance of verifying the reliability of dietary intake data using the
proposed methods by Goldberg and Black in order to minimize the bias generated by participants
reporting [28].

Furthermore, we observed that morning carbohydrate intake was associated with better lipid and
glycemic profiles. This finding corroborates previous studies [11,12] that support better nutritional
and health status when a higher proportion of carbohydrates is made in the first half of the day.
These studies suggest that a higher intake in the morning hours translates into a lower overall intake
compared to main meals eaten later. It has also been suggested that this behavior could be influenced
by the levels of ghrelin, a hormone that is involved in controlling appetite, since elevated levels of
ghrelin were found during the early part of the night, decreasing in the morning before awakening [29].
In addition, according to these studies, insulin sensitivity and glucose tolerance decrease progressively
throughout the day [11] with a negative effect on weight management.
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Conversely, other authors reported better results in weight control when the highest intake of
carbohydrates is made in late hours [8-10]; however, this was not observed in this study. The authors
who support late high carbohydrates intake postulate a benefit in maintaining the levels of leptin with
a consequent effect on satiety. Moreover, they argue that the consumption of nocturnal carbohydrates
is related to higher levels of adiponectin, which results in better insulin sensitivity and a better
inflammatory profile [9].

Given the controversy about the association between carbohydrate consumption during the
evening and the nutritional status, it was planned to investigate this association by considering the
SNP rs3749474 of the CLOCK gene as a modulator. A significant interaction was observed between the
intake of carbohydrates displaced at evening hours (evening snack, dinner, and after dinner snack)
and the SNP genotype when predicting the BMI. The higher intake of carbohydrates in the evening
was associated with a higher BMI in volunteers with one or more risk alleles, a situation not observed
in wild type. The CLOCK gene is a regulator of circadian rhythms that modulates the expression of
PPAR (Peroxisome Proliferator-Activated Receptor), which corresponds to a family of transcription
factors involved in cellular lipid metabolism (lipolysis and lipogenesis), whose activity is regulated
following circadian cycles [30,31]. The presence of the polymorphism of the CLOCK rs3749474 gene
implies the exchange of a cytosine (C) for a thymine (T) on the 3"-non-coding region of the gene. This
situation affects the folding and stability of its mRNA, compromising its functionality and the factors it
regulates, such as PPAR [15,32] so that the processes of lipogenesis and lipolysis are altered and lose
effectiveness, influencing fat deposition.

Several studies have investigated the relationship between fat-rich diets and the deregulation
of circadian rhythms [31,33]. It has been observed that the presence of alterations in the CLOCK
gene implies a modification in the normal patterns of secretion of neuropeptides involved in the
appetite/satiety pathways. Consequently, the presence of the polymorphism rs3749474 has been
associated with higher energy intake [34]. However, the influence that this polymorphism can have in
the context of a higher consumption of carbohydrates in late hours has been less studied, as is shown
by the interaction found in this work.

The metabolism of carbohydrates and lipids is strongly linked in a context of the overabundance of
glucose (e.g., high-carbohydrate diet), excess of glucose is metabolized to lipids for storage [35]. In this
way, a high-calorie diet based on carbohydrates can lead to an increase in total body fat. In addition,
the presence of polymorphism in the CLOCK rs3749474 gene has been associated with higher levels
of orexigenic hormones, such as ghrelin, and lower levels of anorexigenic hormones, such as leptin,
leading to physiological disorders in circadian patterns [33]. Under normal conditions, which one
release is increased during the late hours. Nevertheless, this polymorphism influences maintaining
low levels of leptin during this period inducing greater appetite. Deregulation of insulin secretion has
also been observed in previous studies when CLOCK is altered [31].

We hypothesized then that all these altered mechanisms described in previous studies could
contribute to a poor energy management in the presence of the SNP and explain in part the negative
effect on the nutritional status. The evening energy and carbohydrate intake showed no difference due
to genotype. These data suggest that the effect on BMI may be more related to the metabolic disorders
associated with the presence of the SNP than to a greater appetite.

Given that the volunteers carrying TT alleles presented a worse nutritional status, we suggest
that controlling the amount of carbohydrates consumed in the evening could be an approach for
personalizing nutrition strategies in this group. Individuals with CT and TT genotypes would be
recommended carbohydrate intakes mostly at morning hours in order to avoid the negative effect on the
nutritional state. This finding highlights the interest of studies on gene-diet interaction, to contribute
to dietary interventions aimed at the normalization of nutritional status.

This work is an observational study based on self-reported dietary surveys; therefore, this data is
subject to under/overreporting. In order to overcome this limitation, people whose weight stability
matched their reported energy intake were included and described as ‘plausible reporters’.
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More research is needed to confirm these findings, through prospective studies that include
different interventions after genotype and compare different dietary approaches to the carbohydrate
distribution throughout the day, taking into account the presence of this SNP.

5. Conclusions

Evening carbohydrate intake in the presence of the rs3747494 polymorphism in homozygosis
or heterozygosis is associated with a higher BMI. In accordance with this evidence, the response to
late-time carbohydrate consumption should consider a sufficient knowledge of genetic factors. It seems
reasonable to hypothesize that the controversy regarding the correct pattern of intake could be directly
related to the genotype studied, since previous studies have not considered the influence of SNPs. As a
new nutritional intervention tool, dietary recommendations for SNP CLOCK carriers should be aimed
at distributing carbohydrates mainly at morning hours for a personalized circadian nutrition.
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Table Al. Anthropometric and biochemical data distributed according to nutritional state (total sample).

Total Sample

Nw! EW
Anthropometry N X £SD? N X +SD
BMI (kg/m?) 340 2230 £ 1.78 558 2991 +£331+
Total Fat Mass (%) 339 27.19 + 8.05 555 38.83 £8.49 1
Total Muscular Mass (%) 336 31.83 £6.10 555 27.16 +£4.91 t
Visceral Fat (%) 339 4.73 +1.68 555 10.34 £3.62 t
BME (k]) 329 5853 + 744 550 6799 + 1020 t
Waist Circumference (cm) 324 76.77 +£7.02 551 97.10 £ 11.35
Hip Circumference (cm) 232 97.54 £5.19 389 11267 +8.16t
Waist-Hip Ratio 232 0.79 +0.07 389 0.87 £0.09 t
Biochemistry
TC (mg/dL) 177 19336 +34.33 484  207.66 + 36.59 t
HDL (mg/dL) 177 57.61 £12.32 482  5247+1235%
LDL (mg/dL) 177 11790 £31.05 481 13217 +32.20t
TG (mg/dL) 177 7543 £32.27 482  109.13 +60.79 t
LDL/HDL 177 2.13 +0.74 481 2.65+0.89 t
TC/HDL 177 3.48 +0.85 482 414+1.11+1
TG/HDL 177 1.40 +£0.79 482 229+1.71t
Glucose (mg/dL) 115 81.75+9.10 472 8723 +12761
Insulin (WUI/mL) 96 5.74 +2.30 410 9.29 +4.83 1
HOMA 96 1.17 £ 0.54 410 2.03+1.30t

! Differences between NW (Normal Weight) and EW (Excess Weight): 1 p < 0.01. 2 X: Mean; SD: Standard Deviation.
BME: Basal Metabolic Expenditure; HOMA: Homeostasis Model Assessment; k]J: Kilojoules; TG: Triglycerides; TC:

Total Cholesterol.

Table A2. Physical activity data distributed according to nutritional state (total sample).

Total Sample

Nw! EW
Physical Activity (METs) N X+SD? N X+ SD
Low 186 774.37 +894.93 452 707.50 +919.64
Moderate 187 36529 +666.62 452 299.00 + 528.05 *
High 187  433.66 +877.82 452 269.50 +711.81t

! Differences between NW (Normal Weight) and EW (Excess Weight): * p < 0.05, + p < 0.01. % X: Mean; SD: Standard

Deviation. MET: Metabolic Equivalent.

Table A3. Dietary data according to nutritional state (total sample and plausible reporters).

Total Sample

Plausible Reporters

Nw! EW NwW EW
Dietary Data N X +SD? N X +SD N X+ SD N X+SD
Total dietary data
TEI (kJ/day) 292 9297 +2319 507  8955+2336 226  9222+1810 359 9470 + 2053
CH (%TEI) 292 39.07+648 507 37.79+647t 226 3898+6.13 359 37.75+623*
Pr (%TEI) 292 17.19+3.09 507 17.84+3.05t 226 17.04+281 359 17.60+2.90*
Lip (%TEI) 292 39.68+653 507 39.78+6.04 226 39.99+628 359  40.02 +6.05
Dietary data: Breakfast
B MEI (%TEI) 292 1768 +6.97 507 1650+6.63* 226 1742+6.57 359 16.06 +6.55*
B CH (%TEI) 292 945+404 507 857+3.69t 226 9.24+375 359 839+3.69*
B Pr (%TEI) 292 239+110 507 232+115 226 239+108 359 220+1.07*
B Lip (%TEI) 292 540+363 507 517+299 226 539 £3.5 359  5.05+293

11



Nutrients 2020, 12, 1142

Table A3. Cont.

Total Sample Plausible Reporters
Nw ! EW NWwW EW
Dietary Data N X+SD? N X+ SD N X +SD N X +SD

Dietary data: Morning snack
MS MEI (%TEI) 292 607+533 507 6.64+547 226 5784521 359  641+541

MS CH (%TEI) 292 315+275 507 328+275 226 3.02+269 359  3.07+271

MS Pr (%TEI) 292 0.78+091 507 092+096* 226 073+090 359 0.89+093*
MS Lip (%TEI) 292 180+209 507 207+235 226 1.72+198 359 = 2.04+232

Dietary data: Lunch

L MEI (%TEI) 292 3893+864 507 39.51+888 226 39.23+8.62 359 39.74+8.93
L CH (%TEI) 292 1333+459 507 13.01+456 226 1341+450 359 13.19 +4.32
L Pr (%TEI) 292 755+230 507 795+236%* 226 756+219 359  7.86+226

L Lip (%TEI) 292 1655+532 507 16.75+568 226  168+530 359  16.85+5.80
Dietary data: Evening snack

ES MEI (%TEI) 292 643+551 507 7.02+582 226  6.60+555 359  7.02+574

ES CH (%TEI) 292 324+281 507 3.34+288 226  3.31x281 359  3.28+2.80

ES Pr (%TEI) 292 086+091 507 094+097 226  0.87+091 359  0.93+0.97

ES Lip (%TEI) 292 202+227 507 241+£263* 226  2.09+231 359 252+263%
Dietary data: Dinner

D MEI (%TEI) 292 3030+893 507 29.35+9.07 226 3041+884 359 29.63+9.03
D CH (%TEI) 292 9.66+397 507  927+384 226  9.77+4.01 359  9.40+3.78

D Pr (%TEI) 292 554+202 507 559+215 226  541+191 359 557 +2.02

D Lip (%TEI) 292 13.74+524 507 13.03+510 226 13.84+5.13 359 13.15+5.10

Dietary data: After dinner snack

ADS MEI (%TEI) 292 055+1.90 507 098+293* 226 056+156 359 1.14 +3.26
ADS CH (%TEI) 292 0.23+0.81 507 037+1.24* 226 024+072 359  042+138
ADS Pr (%TEI) 292 006+023 507 012+052 226 0.07+026 359 0.15+ 0.6
ADS Lip (%TEI) 292 0.14+0.51 507 0.34+128* 226 015+052 359 041 +14

Grouped dietary data

Dietary data: Morning

Morn MEI (%TEI) 292 23.79+817 507 23.14+739 226 2320+7.97 359 2247+727
Morn CH (%TEI) 292 12.60 £+4.68 507 11.80+4.12* 226 1225+442 359 1146+410*
Morn Pr (%TEI) 292 318+1.38 507 325+138 226 3.12+140 359  3.09+134
Morn Lip (%TEI) 292 723+399 507 725+350 226 712+381 359  7.09+3.35

Dietary data: Evening

Eve MEI (%TEI) 292 3728+987 507 3735+9.62 226 3757+956 359 37.79+9.73
Eve CH (%TEI) 292 1313+476 507 1298+476 226 1332+4.66 359  13.10 +4.67
Eve Pr (%TEI) 292 646+222 507  6.65+225 226  636+212 359  6.65+2.20
Eve Lip (%TEI) 292 159+559 507 1578+540 226 16.08+550 359  16.07 £5.52

! Differences between NW (Normal Weight) and EW (Excess Weight): * p < 0.05; t p < 0.01. 2 X: Mean; SD: Standard
Deviation; ADS: After Dinner Snack; B: Breakfast; CH: Carbohydrates; D: Dinner; Eve: Evening; ES: Evening Snack;
kJ: Kilojoules; Lip: Lipids; L: Lunch; MEL Meal Energy Intake; Morn: Morning; MS: Morning Snack; Pr: Proteins;
TEIL Total Energy Intake.
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Abstract: The role of sodium in hypertension remains unresolved. Although genetic factors have
a significant impact on high blood pressure, studies comparing genetic susceptibility between
people with low and high sodium diets are lacking. We aimed to investigate the genetic variations
related to hypertension according to sodium intake habits in a large Korean population-based
study. Data for a total of 57,363 participants in the Korean Genome and Epidemiology Study Health
Examination were analyzed. Sodium intake was measured by a semi-quantitative food frequency
questionnaire. We classified participants according to sodium intake being less than or greater
than 2 g/day. We used logistic regression to test single-marker variants for genetic association with
a diagnosis of hypertension, adjusting for age, sex, body mass index, exercise, alcohol, smoking,
potassium intake, principal components 1, and principal components 2. Significant associations were
defined as p < 5 x 1078. In participants whose sodium intake was greater than 2 g/day, chromosome 6
open reading frame 10 (C60rf10)-human leukocyte antigen (HLA)-DQB1 rs6913309, ring finger protein
(RNF)213 rs112735431, glycosylphosphatidylinositol anchored molecule-like (GML)- cytochrome P450
family 11 subfamily B member 1(CYP11B1) rs3819496, myosin light chain 2 (MYL2)-cut like homeobox
2 (CUX2) rs12229654, and jagged1 (JAGI) rs1887320 were significantly associated with hypertension.
In participants whose intake was less than 2 g/day, echinoderm microtubule-associated protein-like
6(EML6) 1567617923 was significantly associated with hypertension. Genetic susceptibility associated
with hypertension differed according to sodium intake. Identifying gene variants that contribute to
the dependence of hypertension on sodium intake status could make possible more individualized
nutritional recommendations for preventing cardiovascular diseases.

Keywords: sodium intake; hypertension; single-nucleotide polymorphism

1. Introduction

Sodium is the most important electrolyte for maintaining extracellular fluid volume and regulating
cellular membrane potential [1]. The importance of dietary sodium in regulating blood pressure (BP)
has received much attention in the past. Hypertension has been the most important global risk factor
for all-cause mortality and for cardiovascular mortality [2]. Many studies have demonstrated the
association of sodium consumption with hypertension and risk of cardiovascular diseases (CVD) [3-5].

Nutrients 2020, 12, 2580; d0i:10.3390/nu12092580 www.mdpi.com/journal/nutrients
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Therefore, the World Health Organization (WHO) recommends sodium intake of less than 2 g/day to
reduce BP and the risk of CVD [6].

Under normal physiological adaptation to sodium intake, the pressure natriuresis curve is
regulated by the renin-angiotensin system and renal sympathetic nerve activity [7]. Increased sodium
intake suppressed angiotensin II and led to pressure natriuresis cure shifting, which increased renal
sodium excretion [7]. Both epithelial sodium transporter and aldosterone level are also involved in
adapting the dietary sodium intake. In patients with salt-sensitive increased BP, enhanced sodium
reabsorption, changes in pressure natriuresis curve, a suppressed renin-angiotensin system, and gene
polymorphisms in voltage-dependent Ca?* channels and sodium-bicarbonate cotransporter were
noted [8,9]. Furthermore, the levels of natriuretic peptides could be affected by excessive sodium
intake, decreased potassium and magnesium intake, and metabolic diseases such as obesity [10-12].

However, the relationship between sodium intake and BP remains unresolved. A meta-analysis
of 13 prospective studies with 177,035 participants reported that high salt intake is associated with
significantly increased risk of stroke and total CVD [3]. Another meta-analysis that included 22 trials
in hypertensive patients and 12 trials in normotensive participants reported that a salt reduction of
4.4 g/day led to a mean systolic blood pressure (SBP) change of —4.18 mm Hg (95% confidence interval
[CI] -5.18 to —3.18, 12 = 75%), and a diastolic blood pressure (DBP) change of —2.06 mm Hg (CI, —2.67 to
—1.45, 12 = 68%) [4]. Conversely, several studies reported an inverse association between sodium intake
and CVD. Stolarz-Skrzypek et al. [13] found that SBP, but not DBP, was significantly correlated with
24 h urinary sodium excretion; however, the incidence of hypertension did not increase, and CVD risk
decreased with increasing sodium excretion tertiles. Interestingly, some studies have shown a J-shaped
association between sodium intake and CVD. Martin et al. [14] showed that sodium excretion rates
greater than 7 g/day or less than 3 g/day were associated with increased risk of all CV events as well as
CVD mortality, compared to sodium excretion of 4 to 5.99 g/day, using the two-cohort data. The same
author [15] reaffirmed that estimated sodium intake of 3 to 6 g/day was associated with a low risk of
CVD among 101,945 persons in 17 countries. These conflicting findings are due not only to differences
among studies but also to the complexity of traits of hypertension. Essential hypertension, with varying
or unknown pathology, accounts for 95% of all hypertension cases [16]. High BP is known to result from
interaction among multiple factors, including genetic susceptibility, obesity, aging, sedentary life style,
alcohol consumption, high salt intake (especially in salt-sensitive persons), and low potassium intake [16].
Genetic elements were reported to make a 30-70% contribution to BP variation [17,18]. Under similar
environmental conditions, some individuals develop hypertension and others do not.

Single-nucleotide polymorphisms (SNPs), single base substitutions within the deoxyribonucleic
acid (DNA) sequence, are the most common type of human genetic variation [19]. Inter-individual
genetic variation is an important determinant of human nutritional requirements [20]. However,
studies comparing genetic susceptibility associated with hypertension between people with low versus
high sodium diets have been limited. Identifying gene variants that contribute to the association of
hypertension with sodium intake could contribute to better understanding of the pathophysiology of
hypertension, and offer opportunities to determine optimal nutrition status for individuals.

Therefore, we aimed to investigate the genetic variations involved in the relationship between
hypertension and sodium intake, in a large Korean population-based study.

2. Materials and Methods

2.1. Study Population

The Korean Genome and Epidemiology Study (KoGES) is a large cohort study to find genetic
and environmental factors, and their interactions, in non-communicable diseases, with government
funding [21]. KoGES Health Examination (KoGES_HEXA), one of the subset cohorts of KoGES, consists
of community dwellers and participants, aged > 40 years at baseline recruited from the national health
examinee registry.
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In the current study, we included the total 58,701 participants who participated in KoGES_HEXA.
We excluded participants in KoGES_HEXA from the present study if values were missing for BP, body
mass index (BMI), waist circumference (WC), heart rate (HR), alcohol, smoking, or exercise (1 = 1338).
A total of 57,363 participants were included in the current study. Hypertensive patients (n = 15,245)
were defined as those with SBP > 140 mm Hg, DBP > 90 mm Hg, or a history of hypertension or taking
antihypertensive medication. Controls (1 = 42,114) were defined as those without hypertension or
taking anti-hypertensive drug or cardiovascular diseases.

Figure 1 shows a flow chart describing this study. We treated the three analyses set. In analysis
1, we compared with control (n = 42,114) and hypertension patients (1 = 15,245). In analysis 2, we
compared with controls (1 = 17,869) and hypertension patients (1 = 6,546) in the participants with <2
g/day (n = 24,415). In analysis 3, we compared with controls (1 = 24,245) and hypertension patients (1
= 8699) in the participants with >2 g/day (n = 32,994). The study was approved by the institutional
review board of Theragen Bio Co., Ltd. (approval number: 700062-20190819-GP-006-02).

City cohort
(n=58,701)
*Removed missing value (11=1,338)
- covariant missing (Smoke=194, Drink=238, Exercise=200)

- test missing (WC=55, HR=516, BP=27)
- status missing (BMI=12)

City cohort
(n=57,363)

« Diagnosis criteria
- Case: SBP2140 or DBP290 or HTN history (or antihypertensive drugs)
- Control: no cardiovascular diseases history
no hypertension history (or no antihypertensive drugs)

Final analytic cohort
(1=57,359)

Analysis 1. GWAS for HTN
- Control group (n=42,114) vs. HTN patients (1=15,245)

Analysis 2. GWAS for HTN in Sodium intake <2g/day
- Control group (1=17,869) vs. HTN patients (1=6,546)

Analysis 3. GWAS for HTN in Sodium intake >2g/day
- Control group (1=24,245) vs. HIN patients (1=8,699)

Abbreviation definition

WC, waist circumference; HR, heart ratio; BP, blood pressure; BMI, body mass index; SBP, systolic blood

pressure; DBP, diastolic blood pressure; HTN, hypertension; GWAS, genome-wide association study.

Figure 1. Flow chart of study population.
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2.2. Assessment of Dietary Sodium and Potassium Intake and Covariates

For dietary assessment, a semi-quantitative food frequency questionnaire (FFQ) involving 103
items was developed for the KoGES. Participants reported the frequency and amount of foods eaten
over the past year. The results of the questionnaire were analyzed, with reference to a food composition
database, to estimate intakes. FFQs are widely used as the primary dietary assessment tool in
epidemiological studies [22]. We classified participants based on sodium intake, according to the WHO
recommendation of 2 g/day [6]. The WC was measured midway between the bottom rib and the iliac
crest. Body mass index (BMI) was calculated as weight (kg) divided by height (m) squared. Blood
pressures in the seated position were measured twice, using a mercury sphygmomanometer. Smoking
status was classified into three categories: non-smokers, ex-smokers and current smokers. Drinking
status was classified into three groups: non-drinkers (those who drink alcohol fewer than 12 times a
year, with one drink not exceeding one cup), ex-drinkers, and current drinkers. Exercise was defined
as regular exercise sufficient to cause perspiration.

2.3. Genotyping

Fasting blood samples were collected into one serum separator tube and two
ethylenediaminetetraacetic acid tubes. Blood DNA samples were prepared, and all samples were then
transported to the National Biobank of Korea. The SNP genotypes of participants were extracted from
the Korea Biobank array (referred to as KoreanChip), which was optimized for the Korean population
and to demonstrate findings of genome-wide association study (GWAS) of blood biochemical traits.
The KoreanChip comprised >833,000 markers, including >247,000 rare or functional variants, derived
from sequencing data for over 2500 Koreans [23]. Detailed information about the KoreanChip was
described in a previous study [23]. We applied the following criteria in the analysis of KoreanChip
data, to control the quality of genotyping results: call rate >97%, minor allele frequency >0.01, missing
genotype >0.01, Hardy-Weinberg equilibrium p > 0.000001. In addition, the genotype used in the
analysis is genome data which imputed data from a dataset of 1000 genome phase 1 and 2 Asian panels.

2.4. Statistical Analysis

The data were presented either as mean + standard deviation or as numbers (percentage).
To compare participants with and without hypertension, we used two-tailed Student’s t-tests for
continuous variables, or chi-squared tests for categorical variables. In addition, we performed principal
component analysis (PCA) to reduce bias of genomic data according to the region where samples
were collected, and used principal component (PC)1 and PC2 as covariates in statistical analyses.
We used logistic regression to test single-marker variants for genetic association with a diagnosis of
hypertension, while adjusting for age, sex, BMI, exercise, alcohol, smoking, potassium intake, PC1 and
PC2. All statistical tests were based on an adjusted model using PLINK (ver. 1.07). p values < 5 X 1078
were considered as statistically significant.

3. Results

3.1. General Characteristics of the Study Population

Table 1 shows the general characteristics of participant categorized according to sodium intake.
There were 24,415 (42.6%) and 32,944 (57.4%) participants with sodium intakes <2 g/day or >2
g/day, respectively, and with respective mean ages of 54.1 and 53.6 years. The proportion of men
was significantly higher among participants with sodium intake >2 g/day. SBP and DBP were also
significantly higher in this group. The mean total cholesterol (TC) and low-density lipoprotein (LDL)
cholesterol level were not different between two groups. The mean level of triglyceride (TG) was
significantly higher in participants who intake sodium intake was >2 g/day, while the mean level of
high-density lipoprotein (HDL) cholesterol was significantly lower in this group. The mean level of
C-reactive protein (CRP) was not different between two groups. The proportions of exercise, drinking,
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and smoking were higher among participants with sodium intake >2 g/day. Sodium and potassium
consumptions were significantly higher in participants with sodium intake >2 g/day (all p < 0.001).
The sodium to potassium (Na/K) ratio was also significantly higher in participants with sodium intake
>2 g/day (p < 0.001). Table 1 also presents characteristics of participants subcategorized according to
the presence of hypertension (HTN). The mean age, BMI, WC, SBP, and DBP were significantly higher
in hypertensive patients than controls, whether sodium intake was <2 or >2 g/day. The mean TC, HDL,
LDL were significantly lower in hypertensive patients than controls, whether sodium intake was < or
>2 g/day. The TG and CRP were significantly higher in hypertensive patients than controls, whether
sodium intake was <2 or >2 g/day. Among participants with sodium intake <2 g/day, sodium and
potassium intakes were lower for hypertensive patients (p = 0.038, and p < 0.001), whereas mean Na/K
was higher in hypertensive patients than in controls (p < 0.001). Among participants with sodium
intake >2 g/day, sodium intake was similar between hypertensives and controls (p = 0.433), while
potassium intake was significantly lower (p < 0.001) and Na/K was higher in hypertensive patients (p <
0.001) than in controls.

3.2. SNPs Associated with Hypertension Based on Sodium Intake

Table 2 shows the SNPs most strongly associated or clustered with hypertension in the Korean
subjects, according to their sodium intake. Odds ratios (OR) and 95% Cls were calculated using logistic
regression analysis after adjusting for age, sex, BMI, alcohol consumption, smoking, physical activity,
and potassium intake. SNPs rs16998073 and rs12509595 demonstrated significant association with
hypertension risk both in participants with sodium intake <2 g/day and those with intake >2 g/day.
SNPs rs1191582, rs11105378, and rs140473396 were significantly associated with a decreased risk of
hypertension, both in participants with sodium intake <2 g/day and those with intake > 2g/day. SNP
rs67617923 was significantly associated with increased risk of hypertension only in participants with
sodium intake <2 g/day (OR = 1.294 [1.187-1.410], p = 4.29 x 10~°). SNPs rs6913309 and rs112735431
were significantly associated with hypertension only in participants with sodium intake >2 g/day (OR
=1.145[1.094-1.197], p = 4.23 x 10~%; and OR =1.706 [1.446-2.012], p = 2.38 X 10719, respectively). SNPs
13819496, rs12229654, and rs1887320 were significantly associated with decreased risk of hypertension
in participants with sodium intake >2 g/day (OR = 0.892 [0.857-0.929], p = 3.73 x 107%; OR = 0.834
[0.787-0.883], p = 5.25 x 107'%; and OR = 0.892 [0.859-0.925], p = 1.45 x 1077, respectively). All SNPs that
were found to be significantly related to hypertension are described in the Supplementary Tables (Table
S1, SNPs significantly related to hypertension; Table 52, SNPs significantly related to hypertension
in participants with sodium intake <2 g/day; Table S3, SNPs significantly related to hypertension in
participants with sodium intake >2 g/day).
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A Miami plot shows p-values for the SNP associations with hypertension in participants whose
sodium intake was either <2 g/day or >2 g/day (Figure 2).
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Figure 2. A Miami plot shows p-values for the SNP associations with hypertension in participants
whose sodium intake was either <2 g/day or >2 g/day.

4. Discussion

This study identified both shared loci and sodium intake-specific loci related to hypertension.
Fibroblast growth factor 5 (FGF5), PR domain zinc finger protein §(PRDMS8)-FGF5, 5’-nucleotidase,
cytosolic II(NT5C2), ATPase plasma membrane Ca2+ transporting 1(ATP2B1), long intergenic
non-protein coding RNA 936(LINC00936), and cyclin and CBS domain divalent metal cation transport
mediator 2(CNNM2)-NT5C2 were commonly identified loci both in participants whose intakes
were less than 2 g/day and in those with intakes greater than 2 g/day. Chromosome 6 open
reading frame 10(C60rf10), human leukocyte antigen (HLA)-DQB1, ring finger protein (RNF)213,
glycosylphosphatidylinositol anchored molecule-like (GML), cytochrome P450 family 11 subfamily B
Member 1(CYP11B1), myosin light chain 2 (MYL2), cut like homeobox 2 (CUX2), and jagged1(JAG1)
were significantly associated with hypertension in participants whose sodium intake was greater than
2 g/day, while loci in echinoderm microtubule-associated protein-like 6 (EML6) were significantly
associated with hypertension in participants whose sodium intake was less than 2 g/day.

Guyton [24] established that long-term elevation of blood pressure is caused by vasoconstriction
including the renal arteries or excess sodium retention through the kidney. The role of the kidney in BP
control had been discovered by hypotension or hypertension caused by gene mutations which affect
net renal sodium reabsorption [25]. For example, the loss of function mutations of the thiazide-sensitive
NaCl symporter (e.g., Gitelman syndrome) impairs sodium reabsorption in the distal convoluted
tubes and this results in a loss of sodium, potassium, and magnesium and a decrease in BP [25].
Enhanced tubular reabsorption of salt is important in the pathogenesis of obesity-related hypertension
by regulating phosphorylation of Na™-K*-2Cl~ cotransporter and regulation of STE20/SPS1-related
proline/alanine-rich kinase (SPAK)/oxidative-stress-responsive kinase-1 (OSR1) by AMP-activated
protein kinase [26]. Recently, it was discovered that genetic variations at a number of loci increases
susceptibility to hypertension in the context of environmental exposures through a variety of
physiological mechanisms. Salt sensitivity has been more frequently observed in black people
than white people and hypertensive persons than normotensive persons [27,28]. Therefore, races and
individuals’ circumstance should be considered in salt intake and gene interaction studies [29,30]. In
the current study, FGF5 rs16998073 and PRDMS8-FGF5 rs12509595 were significantly associated with an
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increased risk of hypertension both in participants with sodium intake < 2 g/day and in those with
intake >2 g/day. FGF5 rs16998073 was a well noted polymorphism in the largest GWAS performed by
the Global Blood Pressure Genetics Consortium [31]. FGF5, a member of the fibroblast growth factor
family, stimulates cell growth and proliferation of cardiac myocytes and promotes angiogenesis [32].
The association between FGF5 rs16998073 and hypertension was also recapitulated in a study of East
Asians [33], and this polymorphism was shown to be associated with salt sensitivity in Koreans [34].

NT52C rs1191582, ATP2B1-LINC00936 rs11105378, and CNNM2-NT5C2 rs140473396 were
significantly associated with decreased risk of hypertension, whether sodium intake was <2 or
>2 g/day. NT52C rs11191582 is located in the gene-rich region near CYP17A1-CNNM2-NT5C2, which
in GWAS was reported to contain a number of regulatory polymorphisms related to CVD [35,36]. Our
study is the first to note the association of this polymorphism with hypertension. The association of
ATP2B1 rs11105378 with hypertension was reported in European, Japanese and Korean studies [37].
ATP2B1 encodes the plasma membrane calcium transporting ATPase isoform 1, which plays a
critical role in regulating blood pressure through alteration of intracellular calcium homeostasis and
vasoconstriction in vascular smooth muscle cells [37,38]. CNNM2-NT5C2 rs140473396 was recently
noted in a large, trans-ethnic study that included 776,078 participants from the Million Veteran Program,
and in collaborating studies to identify the common variants, rare variants, and genetically predicted
expression across multiple tissues of genes associated with blood pressure [39].

In the participants with sodium intake <2 g/day, we found significant association of rs67617923 in
EML6 with increased risk of hypertension. While associations of several genetic variants in EML6
(e.g., rs17046380, rs72806698) with hypertension have been noted previously [40], rs67617923 is a novel
genetic variant that was newly discovered in our study. Future studies to replicate this polymorphism
association, and efforts to uncover the role of EML6 in blood pressure, are needed.

In participants with sodium intake >2 g/day, C6orfl0-HLA-DQB1 rs6913309, and RNF213
rs112735431 were associated with increased risk of hypertension. C6orf10-HLA-DQB1 rs6913309
is another novel genetic variant that this study has newly discovered. An allele of HLA-DQB1
(which encodes a class II molecule expressed in antigen-presenting cells) increases the production of
autoantibodies against angiotensin AT1 receptors, which was associated with essential hypertension in
Chinese patients [41]. However, the exact role of HLA-DQB1 remains unclear. Lie et al. [42] found that
the rs112735431 polymorphism of RNF213 was strongly associated with moyamoya disease in East
Asian populations, including Chinese, Japanese, and Korean. This polymorphism has also been found
to be related to intracranial artery steno-occlusive disease and moyamoya disease in Koreans [43].
The prevalence of moyamoya disease is 10 times higher in Japan and Korea than in Europe [44]. A
previous study, which investigated the moyamoya disease susceptibility polymorphisms, reported
that p.R4810K in RNF213 was found in the East Asian population but not in Southeast Asians [45].
Interestingly, the minor allele frequencies of the rs112735431 polymorphism were specified only in the
East Asian population and in the present study. Although the physiologic function of RNF213 is not yet
clear, previous studies found it to be involved in a novel signaling pathway in intracranial angiogenesis,
and in the proliferation and maintenance of endothelial cells [42,46]. Ohkubo et al. [47] suggested
that RNF213 promotes endothelial cell proliferation in response to inflammatory signals from the
environment. Excess salt intake promotes vasoconstriction by decreasing nitric oxide production
and increasing endothelial cell stiffness [48]. Furthermore, sodium intake is associated with systemic
inflammation [49]. We may assume that excess sodium intake could be a provoking factor for the
genetic effect of RNF213 on hypertension. Koizumi et al. [50] revealed that RNF213 was significantly
associated with high BP in Japanese populations. Park et al. [43] also reported that the proportion
of hypertension was higher in moyamoya diseases patients with the rs112735431 polymorphism of
RNF213 than in those with wild type. This Korean GWAS was the first to note the association of
this polymorphism with hypertension. Further studies to find association between the rs112735431
polymorphism in RNF213 and hypertension in other races/ethnicities are also needed.
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We also found GML-CYP11B1 rs3819496, MYL2-CUX2 rs12229654, and JAG1 rs1887320 to be
significantly associated with decreased risk of hypertension in participants with sodium intake >2
g/day. SNP rs3819496 represents a novel genetic variant, which was newly discovered in this study.
Although MYL2-CUX2 rs12229654 and its association with hypertension were first reported in this
study, a strong association of genetic variants of MYL2-CUX2 with high-density lipoprotein cholesterol
was shown in a Korean GWAS meta-analysis, and it was replicated in a BioBank Japan GWAS, Health 2,
and Shanghai Jiao Tong University cohort [51]. Another study conducted in Korea found that rs1229654
was also associated with dyslipidemia and diabetes [52]. Metabolic alteration due to rs1229654 might
lead to the development of hypertension. Interestingly, the frequency of this polymorphism was
determined only in the present study and in the East Asian population. Furthermore, persons carrying
mutations in MYL-2, encoding slow cardiac myosin regulatory light chain 2, developed hypertrophic
cardiomyopathy in the presence of hypertension or other risk factors for hypertrophy [53]. We may
cautiously assume that excess salt intake might be an additional risk factor for hypertension or CVD
in individuals with this genetic susceptibility. Association of JAG1 rs1887320 with hypertension and
CVD risk was reported in Chinese cohorts [54,55].

Our study has certain limitations. We investigated the hypertension-related SNPs according to
dietary sodium intake, as measured by FFQ. Although FFQ is a practical method to assess intake in
large cohort studies, such questionnaires use a limited list of food items and cannot accurately consider
additional salt intake via seasoning. Recall bias is another important limitation with FFQ. Second,
we could not exclude the possibility of secondary hypertension due to a lack of information about
it. Nevertheless, this is the first study to investigate hypertension-related SNPs according to sodium
intake in a large population-based study. The current study identified previously well-reported SNPs
related to hypertension. Furthermore, we identified several novel genetic variants associated with
hypertension according to sodium intake.

5. Conclusions

In this large population-based study, we identified genetic susceptibility differences between
participants whose sodium intake was less than 2 g/day and those whose intake was greater than 2
g/day. Discovering genetic predisposition for different sodium intakes would be helpful to establish
the individualized medical nutrition therapy for disease management, and better targeted public
health nutrition interventions. In further study, the effects and contributions of other confounding and
interaction factors such as smoking, alcohol, and environmental factors on hypertension should be
considered comprehensively.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6643/12/9/2580/s1,
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Abstract: Obesity is characterized by an excessive body fat percentage (BF%). Animal and cell studies
have shown benefits of vitamin A (VA) on BF% and lipid metabolism, but it is still controversial in
humans. Furthermore, although some genetic variants may explain heterogeneity in VA plasma
levels, their role in VA metabolic response is still scarcely characterized. This study was designed
as a combination of an observational study involving 158 male subjects followed by a study with a
well-balanced genotype—phenotype protocol, including in the design an ex vivo intervention study
performed on isolated peripheral blood mononuclear cells (PBMCs) of the 41 former males. This is
a strategy to accurately identify the delivery of Precision Nutrition recommendations to targeted
subjects. The study assesses the influence of rs5888 (SCARBI), rs659366 (LICP2), and rs1800629 (UCP1)
variants on higher BF% associated with suboptimal VA consumption and underlines the cellular
mechanisms involved by analyzing basal and retinoic acid (RA) response on PBMC gene expression.
Data show that male carriers with the major allele combinations and following suboptimal-VA diet
show higher BF% (adjusted ANOVA test p-value = 0.006). Genotype-BF% interaction is observed on
oxidative/inflammatory gene expression and also influences lipid related gene expression in response
to RA. Data indicate that under suboptimal consumption of VA, carriers of VA responsive variants
and with high-BF% show a gene expression profile consistent with an impaired basal metabolic
state. The results show the relevance of consuming VA within the required amounts, its impact
on metabolism and energy balance, and consequently, on men’s adiposity with a clear influence of
genetic variants SCARBI, UCP2 and UCP1.

Keywords: personalized nutrition; dietary vitamin A; obesity; body fat; UCP; retinoic acid; PBMC

1. Introduction

Obesity is a metabolic disease characterized by excessive fat accumulation which can promote
the development of associated disorders, such as diabetes or cardiovascular events, resulting in an
increased risk of mortality and considerable public health costs [1]. Furthermore, its prevalence has not
stopped growing over the last few decades [2]. Meanwhile, poor consumption of vitamin A (VA) has
been widely related to vision problems [3] and immune system alterations [4], but also with a higher
prevalence of obesity [5,6] and fat accumulation [7,8].

Therefore, scientific evidence suggests a link between dietary VA and the regulation of energy
balance. Dietary intake of vegetables and fruits facilitates the availability of pro-VA in the form of
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-carotene (BC), which is enzymatically converted to retinaldehyde and then irreversibly oxidized
to retinoic acid (RA) [9]; whereas animal sources provide retinol, mainly as retinyl esters with fatty
acids, which is metabolized in the cells to retinaldehyde at a higher efficiency than BC [10]. The main
active form of VA is RA which has the capacity to influence the expression of key genes related
to lipid and energy homeostasis in mammals [11,12], actively participating in the modulation of
adipocyte differentiation, lipogenesis/lipolysis, thermogenesis, and fat oxidation [11-13]. Furthermore,
active VA metabolites increase fatty acid oxidative metabolism [14]. The main core of studies on
supplementation with BC have been based on the assessment of BC antioxidant action [15], while studies
aimed at inducing weight loss or body fat reduction using carotenoid supplementation are still scarce.
Nevertheless, in a recent small double-blind randomized study performed on 17 children supplemented
for 6 months with a combination of carotenoids, a reduction in parameters associated with adiposity
and obesity was observed [16], in accordance with a recent meta-analysis linking carotenoids and VA
with the occurrence of metabolic syndrome [17]. Although higher serum levels of carotenoids are
inversely associated with metabolic syndrome, large interindividual variation as regards the metabolic
conversion of dietary BC is also found [17].

In particular, genetic variants may support the foundations of interindividual variability in
nutritional status and handling of VA. In fact, bioavailability of BC has been shown to be dependent
on genes involved in postprandial chylomicron metabolism (ATP-binding cassette, subfamily A
(ABC1, ABCA1); APOB; Transcription factor 7-like 2 (TCF7L2); and hepatic lipase (LIPC)) as well
as in the uptake, absorption, and subsequent tissue management of BC (such as scavenger receptor
class B, member 1 (SCARBI) and ATP-binding cassette, subfamily G, (ABCGb)) [18]. In addition,
family studies have estimated that 30% of the variation in serum retinol is heritable [19], and a single
nucleotide polymorphism (SNP) has already been related to plasma retinol levels [20]. Therefore,
a core of evidence suggests the existence of genetic variants that may influence the metabolism of
VA, either precursors or derived metabolites; although the underlying mechanisms are not totally
understood. Furthermore, to date, no studies have assessed the metabolic impact of gene variants
that may be predisposed to a greater risk of obesity in the case of following suboptimal intake of
VA. In this research, three genetic variants that may determine the modulation of VA efficiency and
metabolism were analyzed: rs5888 located on Scavenger Receptor Class B type 1 (SCARBI) which
encodes the protein SR-B1, a multifunctional scavenger receptor involved in dietary/blood carotenoid
cell uptake and transport [21]; rs1800592 associated with the Uncoupling Protein-1 (UCP1) with a key
role in thermogenesis and fatty acid oxidation and inducible by carotenoids and retinoids [8,22]; and
rs659366 on Uncoupling Protein-2 (UCP2) which is involved in oxidative cell status and is induced
by vitamin A [8,23]. In addition, previous studies suggest that the presence of certain alleles of these
SNPs could be related to differential bioactive compound transport or responsive capacity [24-26] (see
details in Table S1).

Therefore, we conducted a study to obtain further insight on the role of these specific gene
variants in the susceptibility to obesity under suboptimal VA status, which was performed in two
sequential parts. First, the study analyzed the role of the three genetic variants in a Spanish population
(Mallorca) in order to assess whether genetics could contribute to explain the greater rate of obesity
associated with a suboptimal consumption of VA described in animal models. Then, ex vivo exposure
of Peripheral Blood Mononuclear Cell (PBMC) samples to RA was performed to gain further insight
into the mechanisms involved by analyzing the expression of a set of lipid and oxidative metabolism
key genes.

2. Materials and Methods

2.1. Subjects

Protocol was in accordance with the Declaration of Helsinki principles and approved by the ethics
committee (Comite d’Btica de la Investig. de les Illes Balears, CEI-IB). Procedures and a flowchart
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are summarized in Figure 1. At the first step, information concerning specifications of the subjects,
anthropometrics, and habitual intake, was collected from each participant, together with a saliva
sample for genotyping (following the protocol defined at Ob-IB study (approval IB2009/13)). At the next
step, we focused the study on the male cohort in order to characterize the relationship observed among
adiposity and intake of retinol source foods. Subjects were selected following a “case-control” protocol
and the design included an ex vivo intervention study (OptiDiet-15 study, IB2569/15) performed on
isolated PBMCs of the former subjects—a selected subset of 41 men, taking into account their dietary,
genetic, and anthropometric profile.

Specifically, the ninety men who did not meet nutritional requirements for vitamin A (<750 pg/day)
were initially preselected for the OptiDiet-15 study and were stratified by genotype and body fat (BF).
Around 60% of them were contacted again to ask for their wiliness to participate in the OptiDiet-15
study to characterize the effects of a low-VA diet associated with the presence of allele combinations
of selected SNPs—rs5888, rs659366, and rs1800592. To minimize any bias, care was taken to select
balanced groups concerning VA more responsive and less responsive genotypes (hereafter called
Genotype A, n = 21; Genotype B, nn = 20, respectively) and BF% (high BF% > 25; n = 21; low BF% < 25;
n = 20). Those subjects who were willing to participate were checked for diet and anthropometry to
verify that the subjects still fulfilled the selection criteria, to update the information, and to further
confirm their grouping. Incorporation into the different groups was managed in parallel to avoid
imbalances. Eighty percent of the subjects confirmed suboptimal habitual intake of VA, and those not
exceeding 25% of Population Reference Intake (PRI) (<937.5 ug/day) were considered suitable to be
further analyzed. Recruitment finished when balanced groups with the desired genotype combinations
and BF% were obtained.

A blood sample was taken for plasma determinations and PBMC extraction for ex vivo incubation
and gene expression analysis.

2.2. Anthropometric Measures

Body fat percentage (BF%) was measured with a bio-impedance apparatus (OMRON BF306,
Kyoto, Japan). The waist-hip (WHR) and the waist-to-height ratios (WtHR) were obtained by waist
circumference/hip circumference and waist circumference/height, respectively. Body adiposity index
(BAI) was obtained using the formula [27]: BAI = ((hip circumference/height'®) — 18). Bicipital,
tricipital, subscapular, supraspinatus, and abdominal skinfolds were measured using a Harpenden
caliper (Baty International, Burgess Hill, UK).

2.3. Estimation of Dietary Intake

Dietary intake was assessed with a 24 h recall report (24RR) during individual face-to-face
interviews. We collected up to three 24RR for each participant to ensure the quality of the data recorded,
wishing to diminish the influence of random measurement error and to correct for day-to-day variation
within subjects. The subject mean of this set of 24RRs was used as a proxy of habitual intake of VA.
In the OptiDiet-15 cohort, dietary intake was characterized with two and three 24RRs, in 71% and
27% of the subjects, respectively. Concerning the 41 subjects finally characterized at the PBMC level,
we reinforced the number of subjects with three 24RRs (31%) and analyzed 66% with two 24RRs.

31



Nutrients 2020, 12, 2588

Ob-IB study
Cross-sectional study

}

Criteria for inclusion:

= Men, N=158 Data evaluated:
= Age > 18 years = Anthropometric (obesity related
measures)
Criteria for exclusion: = Dietary and lifestyle data

Pregnant or breastfeeding

Genetic data (SNP determination)
Suffering contagious diseases

v

Evaluation/determination of:
= Anthropometry;
Intake of Vitamin A (VA);
= Genotype for SNP on SCARBI, UCPI and UCP2 genes.

|

Association of genotype with
adipose profile in case of sub-
optimal VA diet

!

OptiDiet-15 study
= Selection and recalling of 41 men from Ob-IB study:
= Reported VA intake not exceeding 25% of PRI (<937.5 ug/day).
= Subjects stratification in four groups:
A) Body fat: High BF% >25 (N=21) and Low BF%<25 (N=20);
B) Genotype: Responsive (A ) (N=21) and less responsive (B) (N=20);

! l l l

High BF% & High BF% & Low BF% & Low BF% &
genotype A genotype B genotype A genotype B
(N=11) (N=10) (N=10) (N=10)

| | | |
}

= Ex vivo study in Peripheral Blood Mononuclear Cells (PBMC):
= PBMC isolation and ex vivo assessment of:
= Basal gene expression and,
= Response to 1 pM all-trans retinoic acid treatment (RA) for 48h

Figure 1. Flowchart diagram of the study. Flowchart diagram of the main steps of the study, including
data sets recorded, criteria established for subject selection, number of subjects taken into account,
and main procedures followed at each stage. PRI-Population Reference Intake, SNP-single nucleotide
polymorphism.

In addition, we applied a standardized protocol aiming to minimize forgotten food items and
correctly estimate portion sizes of foods. Therefore, intake data were collected during face-to face
interviews. The researcher (S. Galmés) handled an image book containing habitual dishes and recipes
which was used to help the individuals to form an accurate report of the last 24 h intake. In addition,
the book also included different sizes either of single foods (as an apple or a slice of bread) or more
complex dishes (spaghetti, paella, etc.). This was used to better define the amount of food eaten.
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Then, this food information was transferred to the software DIAL that includes the composition
of most Spanish foods and dishes and also allows the introduction of new food items and composition.
The intake of each dietary ingredient was converted to energy and nutrient composition using the
dietary software DIAL v2.0 (Alce-Ingenieria, Madrid, Spain) [28]. Total VA intake was determined
(g of retinol + (carotenoids with vitamin activity/6)). Population Reference Intake (PRI) by European
Food Safety Authority (EFSA) for men was used as a cut-off point (750 pug/day) [29] to classify VA intake.

Individuals who reported taking supplements that may affect the nutritional status of vitamin A
were not included in the analysis.

2.4. SNP Selection and Population Grouping According to Genotype

Genetic variants rs5888, rs659366, and rs1800592 located on SCARBI, Uncoupling Proteins
2 and 1 (UCP2, UCPI1) genes, respectively, were selected because of their location on genes
involved in VA absorption, handling, and/or metabolism and based on their response to bioactive
compounds [13,22,30-37] (see Table S1 for a detailed summary).

In brief, the T variant of SNP on SCARBI is associated with decreased levels of its protein
in vitro [38] and with lower levels of fat-soluble antioxidants in plasma [24]. Thus, it was hypothesized
that the effect of the T allele (TT + TC genotypes) could be counteracted with high VA intake.
Regarding rs659366 and rs1800592, T allele carriers and AA genotype, respectively, showed a greater
anti-obesogenic response to bio-active compounds together with a higher expression of their respective
genes [39—-41]. Accordingly, a dominant model for SCARBI rs5888 and UCP2 rs659366 (TT + TC
vs. CC, for both of them) and a recessive model for UCP1 1s1800592 (AA vs. AG + GG) were produced.
Therefore, driving towards the hypothesis that subjects with T (rs5888), T (rs659366), and/or without
G (rs1800592) would have a greater predisposition to respond more effectively to bio-active compounds,
such as VA, and/or show major metabolic risk in the case of suboptimal intake.

According to this, the genotype grouping of subjects in both Ob-IB and OptiDiet-15 studies
was performed according the presence of two or more “responsive” genotypes (TT or TC for rs5888;
AA for rs1800592; and/or TT or TC for rs659366), tested as Genotype “Responsive” (A), in contrast
with subjects having at most one of the responsive genotypes aforementioned, which were defined as
Genotype B (less responsive).

2.5. DNA Extraction and Genotype Determination

Saliva samples were obtained following a standardized procedure. In brief, thirty minutes before
sample collection, the subjects were requested to avoid eating, drinking, smoking, and chewing gum.
Then, they were asked to spit into a collection tube until the liquid saliva reached 2 mL, without taking
bubbles into account. Then, fresh saliva was immediately used to isolate genomic DNA or stored in
adequate conditions (4 °C) until DNA extraction was performed. Isolation of genomic DNA was carried
out using the commercial kit High Pure PCR template Preparation Kit (Roche, Basel, Switzerland).
Genotyping was performed by qPCR (LightCycler®480 FastStart DNA, Roche, Basel, Switzerland),
FastStart master mix (Roche, Basel, Switzerland), and specific-SNP (Tib Molbiol, Berlin, Germany)
following the conditions described elsewhere [42].

2.6. Blood Sample Collection, PBMC Isolation, and Ex Vivo Treatment

Peripheral Blood Mononuclear Cells (PBMCs) constitute a source of biomarkers of metabolic
status as well as a potential ex vivo system to test food bioactives’ efficacy—easier to obtain than
samples of other tissues, such as adipose tissue or liver [43]. Therefore, venous blood (20-25 mL)
was collected from volunteers early in the morning in the fasting state using vacutainer-EDTA tubes.
PBMCs were isolated by density gradient using Ficoll-Paque Plus (Healthcare Bio Science, Barcelona,
Spain) following the protocol described in Cifre et al., 2016 [44]. Finally, 1 x 10° cells were activated with
0.5 x 10° of CD3/CD28 magnetic beads (Life Technologies, Madrid, Spain) and maintained in suspension
in a RPMI-1640 medium, with fetal bovine serum (10%), L-glutamine (1%), penicillin (100 units/mL)
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streptomycin (100 ug/mL), and DMSO (control cells) or all-trans retinoic acid (RA) (1 uM) for 48 h
at 37 °C and 5% CO,. Medium components and treatments were purchased from Sigma-Aldrich
(St Louis, MO, USA).

2.7. RNA Extraction and Gene Expression Analysis

After the incubation period, total RNA was isolated using Direct-zol RNA Mini-Prep (Zymo
Research Corp, Irvine, CA, USA). mRNA concentration was determined by a spectrophotometric-based
system (NanoDrop 1000, ThermoFisher Scientific, Waltham, MA, USA). RNA purity was assessed by
the absorbance ratios at 260/280 and 260/230 nm. Randomized quality controls were introduced to
check RNA integrity. This was assessed performing a 1% agarose gel electrophoresis. RNA (0.05 ug)
were transcribed into cDNA using a highly sensitive first-strand cDNA synthesis kit (iScript cDNA,
Bio-Rad Laboratories, Madrid, Spain). Real-time PCR was performed for each RT product to determine
mRNA expression using the Power SYBR Green PCR Master Mix (Applied Biosystems, Madrid,
Spain) as described in a previous publication [44]. All primers were purchased from Sigma Genosys
(Sigma-Aldrich Quimica SA, Madrid, Spain). Two common housekeeping genes on PBMCs were
analyzed—Elongation factor 1-alpha 1 (EFlal) and Ribosomal Protein Large PO (RPLPO0).

The threshold cycles (Cts) were obtained using the StepOne v2.0 software (Applied Biosystems,
Madrid, Spain). Then, the Cts of each analyzed gene were normalized against the housekeeping gene
RPLPO from the same sample. This housekeeping gene gave threshold cycles closer to the ones of
the genes of interest. Then, relative PBMC gene expression was calculated as a percentage referring
to the gene expression of control cells from genotype A and low BF% subjects (considered as 100%).
Gene expression was determined for a set of genes of relevance in lipid metabolism and/or with a
role in the mediation of cellular oxidative stress. Therefore, mRNA levels of LXRA, SOD2, SLC27A2,
SREBP1C, SCARB1, CEBPB, RXRA, CPT1A, and UCP2 were analyzed.

2.8. Statistical Analyses

Descriptive data are generally presented as the mean and standard deviation. Data parametricity
was assessed by the Kolmogorov-Smirnov and Levene tests, otherwise variables were logy transformed.
ANOVA tests adjusted for confounding variables (detailed in footnotes of each table or figure) were
used to compare the means between groups. Appropriate intake of macro/micronutrients was
assessed by a t test for a single sample by comparison with the recommendations set for adult
men [29,45]. Linear regression analyses adjusted for age using the level of VA intake as a dichotomous
(LI and RI) independent variable and body adiposity measures (BF% and BAI) were performed to
confirm the nutrigenetic relationship between dietary VA and adiposity associated with the genotype.
Two-way ANOVA tests were performed to evaluate the genotype-BF% interaction effects on PBMC
basal gene expression followed by a least significant difference (LSD) posthoc comparison. ANOVA tests
were adjusted for the main covariates (or combinations of covariates) that could be causing biases
between the specific groups that were compared. In this regard, the main confounding variable for
genotype groups was total energy intake, and these comparisons were adjusted for this covariant;
the main confounding variable detected relative to the BF% groups was age. Consequently, the ANOVA
tests to compare these groups were adjusted for age. Therefore, interaction ANOVA tests comprising
genotype-BF% groups were adjusted for both confounding variables. The RA treatment effect was
evaluated by a Student’s t test for paired data by comparing control cells with RA-treated ones.
The genotype-BF% interaction on RA treatment effects was assessed by ANOVA for paired data.
All statistical analyses were performed using the SPSS v25.0 (IBM, Chicago, IL, USA), and the threshold
of significance was defined at p < 0.05 for all analyses.
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3. Results

3.1. Evaluation of VA Intake Level and Genotype Impact on Adiposity in Men of the Ob-IB Study

The main characteristics of the male cohort in the Ob-IB study are summarized in Table 1.
Volunteers showed an anthropometric profile of overweight: body mass index (BMI) = 26.5 + 5.0 kg/m?
and waist-hip (WHR) = 0.93 + 0.07. Dietary energy intake was quite similar (2231 kcal/day) to that
reported in the ANIBES study for adult men (1966 kcal/day) [46] and close to actual recommendations
for moderately sedentary adult men [47]. Analysis of the dietary profile showed an imbalanced
diet except for protein consumption, which was within the EFSA recommendations for the general
population (15.9%; p = 0.075 vs. recommended 15-20%). Thus, fat energy contribution was higher than
recommended (37.2%; p = 0.005 vs. recommended 20-35%) at the expense of carbohydrates (42.6%;
p =0.003 vs. recommended 45-60%). Accordingly, intake of fiber was also below recommendations
(22.8 g/day; p < 0.001 vs. recommended > 25 g/day), but simple sugars exceeded the advisable limit of
10% (16.2%; p < 0.001). Concerning the quality of dietary fat, only monounsaturated fatty acids (MUFA)
were within recommendations (15.4%; p = 0.439 vs. recommended 15-20%), whereas saturated fatty
acids (SFA) were higher (12.4%; p < 0.001 vs. recommended < 10%), and polyunsaturated fatty acids
(PUFA) were below the recommended intake (6.1%; p < 0.001 vs. recommended 7-10%). The dietary
profile found, including total calories and energy contribution of macronutrients, was very similar to
that observed in the Spanish male population [46].

Allele frequencies of the SNPs studied were in general accordance with the frequency
of the European population (available at 1000Genomes (http://www.internationalgenome.org)).
Genotypes including the allele identified as potentially responsive to VA showed the highest frequency
in the Ob-IB population: 66.5% of TT/TC for rs5888; 51.3% AA for rs1800592; 65.2% TT/TC for rs659366
(Table 1).

Concerning intake of VA, the reported daily consumption showed an average intake that was
48% higher than the Population Reference Intake for adult men [29] (PRL: 750 pg/day; p = 0.058)
although with a high range of variability (range: 110-45,239 ug/day) (Table 1). Forty three percent of
volunteers (irrespective of the genotype) reported intakes comprising PRI or higher (=750 pg/day) and
were classified as the recommended intake (RI) group, whereas the rest, with VA intake <750 ug/day,
were classified as the low intake (LI) group. Subsequent stratification of subjects according to the
genotype (responsive, A versus less responsive, B) allowed a link between genetic background and
dietary VA on adiposity to be shown. BF% of Genotype B was 25.8% and 23.8% in the LI and RI groups,
respectively. Whereas in Genotype A, BF% was 25.9% in the LI and 22.1% in the RI groups (p = 0.006)
(Table 2), suggesting that the allele load in Genotype A could constitute a good proxy of genetic
variants driving physiological response to VA, particularly in the context of energy balance and its
interaction with adiposity. Linear regression analyses using the level of VA intake (LI and RI) and BF%
after adjusting by age, confirmed the nutrigenetic relationship between dietary VA and propensity to
obesity associated with the genotype. Genotype A individuals were significantly associated with lower
BF% (B = —4.11, p = 0.006) and BAI ( = —1.99, p = 0.029) when fulfilling dietary VA recommendations
(RI group) taking low VA intake as the reference group, whereas this was not the case for Genotype
B subjects (BF% ( = —0.10, p = 0.972) and BAI ( = —0.28, p = 0.988)) in comparison with the low
VA intake group (Table 3). In agreement with the hypothesis, data pointed out that Genotype A
would be specifically susceptible to improving body composition by increasing VA consumption to
current recommendations.

3.2. Assessment of the Influence of Suboptimal VA Intake, Genotype, and Adiposity on PBMC Metabolism

Aiming to further characterize the metabolic relevance of genotype on BF%, particularly under
the influence of suboptimal VA intake, the OptiDiet-15 study was undertaken in the following steps.
Subjects who had initially reported a VA intake below recommendations (<750 pg/day) were contacted
again and rechecked. Eighty percent of them confirmed suboptimal habitual intake of VA, and subjects
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not exceeding 25% of PRI (<937.5 pg/day) were considered suitable to be further analyzed. Therefore,
a case—control design, including balanced groups in terms of genotype (A or B) and BF% (cut off at
25%), was accomplished (1 = 41) to study gene expression in isolated PBMC as well as to analyze
PBMC ex vivo response to RA.

Anthropometric and dietary characteristics are shown in Table 4. No major anthropometric
differences were found between genotypes within the same group of body fat. However, concerning
dietary characteristics in High-BF% groups, Genotype A subjects reported higher energy intake than
those belonging to Genotype B (p = 0.007), involving greater energy from MUFA (19.1%; p = 0.003)
and higher protein intake (94.1 g/day; p = 0.014) in comparison to subjects with Genotype B (13.7% of
MUFA; 72.1 g protein/day). In contrast, in Low-BF% groups, Genotype A subjects showed lower PUFA
intake (4.9%) than Genotype B subjects (7.0%, p = 0.027).

Table 1. General anthropometric dietary and genetic characteristics of male Ob-IB study participants 1,

Male Subjects (Ob-IB Study) (n = 158) Mean SD
Age (years) 37 17
Anthropometric measures
Height (cm) 175 7.59
Weight (kg) 80.9 15.5
Hip (cm) 98.6 10.1
Waist (cm) 92.0 14.8
WHR 0.93 0.07
BAI 24.8 5.03
BMI (kg/m?) 26.5 5.04
BF% 24.5 8.13
Skinfolds (mm)
Bicipital 7.27 452
Tricipital 11.1 5.62
Subscapular 141 6.59
Supraspinatus 17.2 8.98
Abdominal 21.7 9.84
Dietary parameters Recommendation
Energy intake (kcal/day) 2231 521 2000-2600
Carbohydrate (g/day) 237 (42.6%) 80.5 45-60% *
Fat (g/day) 92.1 (37.2%) 31.5 20-35% *
Proteins (g/day) 88.4 (15.9%) 26.1 15-20%
Fiber (g/day) 22.8 9.08 >25 g/day *
Vitamin A (ug/day) 1113 3718 750 #
Genetic features Ob-IB (%) 1000 genomes (%)
TT + TC 66.5 70.6
rs5888 (SCARBI) cc 335 294
TT + TC 65.2 61.0
1rs659366 (LUCP2) cc 348 39.0
AA 51.3 58.1
rs1800592 (UCP1) AG + GG 487 41.9

1 All values are the mean and SD (standard deviation). Dietary data are based on the analysis of a set of up to three
dietary recalls of 24 h, and reported means are compared with current European Food Safety Authority (EFSA)
recommendations. Statistical differences between Ob-IB study intakes and recommendations were assessed by a
single sample t-test. * p-value < 0.05; # 0.05 < p value < 0.06. Genetic frequencies of the Ob-Ib study and 1000Genomes
(for European populations) database are expressed as % for each genotype. Abbreviations: WHR (waist-hip ratio);
BAI (body adiposity index); BMI (body mass index); BF% (body fat percentage).
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Table 3. Linear regression table of the effect of low vs. high vitamin A intake on adiposity depending

on the Genotype A/B .
Genotype A Beta SE p-Value
BF% -4.11 1.47 0.006
BAI -1.99 0.92 0.033
Genotype B Beta SE p-Value
BF% -0.10 1.75 0.972
BAI -0.28 1.10 0.799

! Linear regression analyses were performed using low VA intake as the reference group within each genotype
group. Genotype A (responsive): TT or TC for rs5888, AA for rs1800592, and/or TT or TC for rs659366; Genotype B
(less responsive), having at most one of the responsive genotypes aforementioned. Regressions were adjusted for
age. Abbreviations: BF% (body fat percentage), BAI (Body Adiposity index), SE (Standard Error).

To assess the impact of genotype and BF% on cell metabolism, the expression of genes involved in
lipid homeostasis was analyzed in PBMCs under basal conditions. In High-BF% subjects, the influence
of Genotype A was reflected by the increased expression of Liver X receptor alpha (LXRA) (p = 0.010)
(Figure 2A), Superoxide Dismutase-2 (SOD?2) (p = 0.047) (Figure 2B), and Acyl-CoA synthase (SLC27A2)
(p = 0.037) (Figure 2C), in comparison with Low-BF% subjects with the same genotype. In contrast,
High-BF% subjects with Genotype B showed increased mRNA levels of Sterol Response Element
Binding Protein 1c (SREBPIC) (p = 0.014) (Figure 2D) and Retinoid X Receptor alpha (RXRA) (p = 0.025)
(Figure 2G) in comparison with Low-BF% and the same genotype. Furthermore, the specific influence
of genotype was observed on SREBPIC (p = 0.027) and RXRA (p = 0.023) expression only in Low-BF%,
in which Genotype A presented a higher expression than Genotype B. Furthermore, gene expression
showed interaction effects between genotype and adiposity. Specifically, interactions were shown on
gene expression of LXRA (p = 0.032) (Figure 2A), SREBPIC (p = 0.004), Scavenger Receptor class B
member 1 (SCARBI) (p = 0.035), CCAAT/enhancer-binding protein beta (CEBPB) (p = 0.011), and RXRA
(p = 0.033) (Figure 2D-G).

To obtain further insight into the molecular mechanisms involved, cellular response was analyzed
in PBMCs incubated with RA. Interestingly, the interactive effects of genotype—BF% were found on gene
expression of SREBP1C (p = 0.001), SCARB1 (p = 0.011), CEBPB (p = 0.010) (Figure 3A-C), and RXRA
(p = 0.022) (Figure 3G). In addition, RA treatment caused specific increases in CPT1A (p < 0.001) and
UCP2 (p = 0.030) (Figure 3E,F) in Genotype A subjects, with Low-BF% and High-BF%, respectively.
Meanwhile, in Genotype B individuals, SCARB1 (High-BF%, p = 0.007; Low-BF%, p = 0.005) and
RVLDL (High-BF%, p = 0.001; Low-BF%, p = 0.021) expression was decreased by RA regardless of
BF% (Figure 3B,D).

Concerning the gene expression of transcription factors, RA incubation decreased mRNA levels
of RXRA (p = 0.024) (Figure 3G) in Genotype A and Low-BF% subjects and increased SREBP1C gene
expression in Low-BF% (Figure 3A), regardless of the genotype (Genotype A, p = 0.007; Genotype B,
p = 0.004). Altogether, data on gene expression showed the functional impact of the allelic load
considered in handling VA and disclosed the cellular adaptations to RA delivery depending on BF%.
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Figure 2. Gene expression under basal conditions in Peripheral Blood Mononuclear Cells.
Gene expression under basal conditions in Peripheral Blood Mononuclear Cells (PBMCs) of subjects
according to genotype (A/B) and BF% level (High/Low) groups. Data correspond to mRNA levels of
genes encoding transcription factors involved in cellular response to retinoic acid, lipid, and energy
metabolic homeostasis: (A) Liver X Receptor alpha (LXRA), (B) Superoxide dismutase 2 (SOD2),
(C) Very long-chain acyl-CoA synthetase (SLC27A2), (D) Sterol Response Element Binding Protein 1c
(SREBP1C), (E) Scavenger Receptor Class B Member 1 (SCARBI), (F) CCAAT/enhancer-binding protein
beta (CEBPB), and (G) Retinol-X Receptor « (RXRA). The mRNA levels were normalized to RPLPO
and expressed in relation to the expression found in Genotype A and Low BF% which was set at 100%.
The statistical analysis of genotype-BF% interaction was carried out by ANOVA adjusted for total
energy intake and age; GxBF indicates p < 0.05. Differences between genotype groups were established
by an ANOVA test adjusted for total energy intake. Differences between BF% groups were analyzed by
an ANOVA test adjusted for age.
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Figure 3. Effect of all-trans retinoic acid treatment on mRNA expression in Peripheral Blood
Mononuclear Cells of Genotype (A/B) and BF% level (High/Low). Effect of all-trans retinoic acid (RA,
1 uM) treatment on mRNA expression in Peripheral Blood Mononuclear Cells (PBMCs) of subjects
according to genotype (A/B) and BF% level (High/Low) groups. Data correspond to mRNA levels of
(A) Sterol Response Element Binding Protein 1c (SREBP1C), (B) Scavenger Receptor Class B Member 1
(SCARBI1), (C) CCAAT/enhancer-binding protein beta (CEBPB), (D) Very Low Density Lipoprotein
Receptor (RVLDL), (E) Carnitine palmitoyltransferase I alpha (CPT1A), (F) Uncoupling Protein 2
(UCP2), and (G) Retinol-X Receptor o« (RXRA). The % increase (A) was obtained by the difference
between the mean of the gene expression in RA-treated cells and the mean of gene expression under
baseline conditions (C) in each experimental group. Statistical assessment of the effect of treatment on
each experimental group was estimated using a paired t-test. Genotype-BF% interaction regarding the
effect of treatment was assessed using repeated measures ANOVA (GxBF, p < 0.05).

4. Discussion

Although a recent study underlined that different carotenoids in serum and adipose tissue in
humans are associated with metabolic benefits, such as improvement in insulin sensitivity in both liver
and adipose tissue [8,48], direct evidence in humans concerning the effects of dietary VA or carotenoid
supplementation on body adiposity is limited [15]. Furthermore, it has been shown that variants in
genes involved in carotenoid absorption could be responsible for high interindividual variability in
their bioavailability [18,25,49].

Thereby, our findings show that three genetic variants, which have not been previously related
to fat accumulation, might be predisposed to greater adiposity depending on the amount of VA
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intake; although we cannot rule out other genes or genetic variants also being relevant, particularly
depending on population characteristics (e.g., sex, age, or lifestyle). However, the role of SNPs and the
functional assessment carried out may contribute to providing further insight into the mechanisms
involved in this approach. Specifically, allele combinations performing the responsive Genotype (A),
involving T allele for rs5888 (SCARB1) and rs659366 (LICP2), respectively, and/or the absence of G for
rs1800592 (LICP1), were associated with a higher BF% in individuals reporting suboptimal VA intake.
In contrast, optimal consumption of VA was associated with normal BF%, suggesting that Genotype A
may contribute to a more efficient adipose metabolism in a way that depends on dietary VA.

The rs5888 is located on exon 8 of the SCARBI gene and entails a synonym amino acid exchange
(A350A) in SR-B1 protein, causing splicing activity alterations [50]. Interestingly, T allele related to a
better adipose profile under optimal VA consumption in our study has been previously associated
with a lower risk of coronary heart disease [51] and lower levels of plasma triglycerides, specifically in
men [52]. Moreover, SR-B1 is a multifunctional scavenger involved in carotenoid uptake from diet [21],
and the presence of genetic variants may change its effectiveness.

The rs659366 is located on the UCP2 gene promoter and has a crucial role in ROS dissipation [37].
The T allele has been associated with higher LUCP2 expression and energy expenditure [41], lower risk
of obesity [53], and lower Homeostatic Model Assessment (HOMA) index [54]. However, to our
knowledge, this is the first report showing its functional relationship with VA intake.

The rs1800592 is located on the UCP1 gene promotor, whose protein plays a role in mitochondrial
thermogenesis by uncoupling oxidative phosphorylation and, therefore, diminishing the synthesis of
ATP from nutrients [13]. The VA and UCP1 activity relationship is well documented in cell cultures [34]
and rodents [22]: VA enhances fatty acid oxidation and promotes UCP1-associated thermogenesis.
Major allele of rs1800592 (A) is associated with higher UCP1 expression and greater thermogenic
capacity [39,40] which confers differential outcomes to bio-active compounds with anti-obesogenic
effects [25,55]. This would fit with our findings of the genotypes of subjects, who under optimal VA
intake show leaner phenotype.

Therefore, aiming to characterize in further detail the metabolic consequences of adiposity
associated with suboptimal VA intake and the role played by the genotype, a novel methodological
approach was carried out following an ex vivo study in blood cells from selected individuals. Peripheral
Blood Mononuclear Cells (PBMCs) are in a continuous interplay with the tissues, including adipose
tissue depots, express key hormones involved in energy homeostasis and body weight control (leptin,
visfatin, ghrelin), and respond to metabolic challenges. In addition, PBMCs are readily accessible,
the sample collection is less invasive than adipose specimens, and similarities in gene expression
between PBMCs and white adipose tissue have been shown under different nutritional status and
metabolic challenges [43]. Despite the fact that previous results from our research group do not show
differences between PBMC populations between normal weight and obese subjects [44], some studies
indicate that the lymphocyte fraction may be altered in obesity [56,57]. Therefore, there is the possibility
that the differences observed that the baseline expression of the analyzed genes between Low-BF% vs.
High-BF% experimental groups could be influenced by differential lymphocyte proportions. For this
reason, each genotype group includes its respective group with both Low and High-BF% representation.
Furthermore, PBMC fraction is a tool increasingly used in nutrition and obesity research as a source
of transcriptomic biomarkers, because its capacity to reflect the homeostatic state of key tissues and
different blood cell count proportions in obesity is assumed to be one of the causes of transcriptomic
alterations [58].

Furthermore, the possibility that obesity may change the proportion of immune cell types can
be discarded as the proportion of lymphocytes and monocytes in PBMC samples do not differ
between normal-weight and overweight/obese men. Therefore, we may assume that the baseline gene
expression differences associated to fat content are not due to differences in the immune cell type
proportion. Therefore, PBMCs have been widely used and are considered a very useful tool in testing
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the efficacy of bioactive compounds in humans [43,44] as well as in nutrigenomics and transcriptomic
based studies [42,59]

The overexpression of the genes LXRA, SLC27A2, and SOD?2 specifically found in High-BF%
individuals with Genotype A would be indicative of altered metabolic status, reflected in their PBMCs,
and resulting from the interaction of the genetic baggage with the low intake of VA. The LXRA gene
codes for a transcription factor that exerts an enhancing role of the reverse transport of cholesterol
and mediates inflammatory process in macrophages [60]. SLC27A2 encodes a key enzyme that
plays an important role in both lipid biosynthesis and fatty acid degradation [61]. Furthermore,
its overexpression in rat PBMCs has been proposed as an early marker of overweight development,
particularly related to inadequate diets [62]. SOD2 is a member of the superoxide dismutase family,
involved in the dissipation of ROS, which would confer protection against the cellular damage caused by
oxidative stress and pro-inflammatory cytokines [63], raising its expression in elevated oxidative stress
environments [64] in an attempt to prevent cell death [63]. Subsequently, increased expression of LXRA
and SLC27A2 in Genotype A individuals with High-BF% could be an indicator of lipotoxicity [65,66].
Altogether, the data reflect a compromised metabolic status that is in accordance with the findings from
the observational study, in which men with Genotype A and low vitamin A intake showed greater risk
of being overfat.

Additionally, genotype-BF% interactive effects were found regarding the expression of three
genes involved in fat metabolism and lipid homeostasis. SREBP1C is a key regulator of cholesterol
and fatty acid metabolism [67], SCARBI is a gene involved in the cellular transport of cholesterol [30],
and CEBPB is a transcription factor that coordinates regulatory networks for inflammation and lipid
metabolism in macrophages and adipocytes [68]. Thus, their gene expression would be conditioned by
the adiposity of the subjects, their genetic load, and would affect cell lipid homeostasis.

Aiming to characterize the metabolic flexibility, PBMCs of the subjects were incubated with
retinoic acid (RA). PBMCs from Genotype A subjects (which showed lower adiposity in the case of
optimal VA consumption) treated with RA presented greater increases in CPT1A and UCP2 expression
than in Genotype B subjects (whose VA intake level was not related to BF%), suggesting greater the
induction of mitochondrial fatty acid oxidation [14,33] (Figure 3). The increased mitochondrial activity
would not enhance the NFKB mediated inflammatory response [69], inasmuch as NFKB expression
decreased in these subjects (data not shown).

Further, genotype seems to influence lipid metabolism and cell fat management, since RA was
associated with a decreased expression of SCARBI and RVLDL—both genes involved in the uptake
of fat-soluble compounds—which were only significant in Genotype B regardless of BF% (Figure 3).
In addition, the expression of lipid key genes (SREBP1C, SCARB1, and CEBPB) reflected the interactive
effect of genotype and BF%. Thus, the combined effect of these two factors (body fat and genotype)
conditions lipid homeostasis, as well as exerts a modulating effect of RA on the expression of key genes
in PBMCs.

The influence of BF% on the response to RA was also noted, since RA caused an increase in the
expression of SREBPIC in cells from individuals with Low-BF% of both genotypes (Figure 3A) and a
decreased RXRA expression in Genotype A with Low-BF% but notin Genotype B individuals (Figure 3G).
The differential activation/inhibition of response elements and transcription factors related to lipid
and VA metabolism could be key to explaining the differential effects of RA, depending on genotype
and BF%, by regulating a large network of genes involved in cell activity and metabolism [60,70].
In this sense, high adiposity could short-circuit some pathways related to the bioactive function of RA.
The attenuation of the beneficial effects of certain bioactives on health due to the presence of obesity
has been previously reported in prior studies using PBMCs. In particular, overweight/obesity alters
the anti-inflammatory response to polyunsaturated fatty acids [44]. In addition, our previous results
also indicate a synergistic effect of excess body weight with the presence of specific genetic variants,
modulating the inflammatory status [42].
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In summary, subjects following suboptimal consumption of dietary VA with a responsive Genotype
(A) were related to a higher risk of adiposity, in contrast with Genotype B subjects that did not show
such a relationship between VA intake and body fat content. Furthermore, body adiposity degree,
influenced by genotype characteristics, was a conditioning factor of gene expression under both
baseline conditions and in response to RA. In PBMCs from suboptimal VA consumers, Genotype A
showed increased LXRA, SLC27A2, and SOD2 expression, especially in individuals with High-BF%,
which was consistent with an impaired basal metabolic state. Interestingly, gene expression after
incubation with RA was found to drive an improvement in the cellular status, particularly in Low-BF%
(by increasing CPT1A and UCP2). In contrast, gene expression in Genotype B appeared less sensitive
to BF% in basal conditions and also after incubation with RA. In unstimulated cells, gene expression
was in accordance with a better metabolic state in comparison with Genotype A subjects. Hence,
RA treatment led to decreasing the expression of key genes for the uptake/management of fat-soluble
substances, such as SCARBI and RVLDL, in comparison with Genotype A.

However, there may be some limitations in this study that should be taken into account, such as
the relative small sample size; the multiple testing performed on gene expression; and the potential
effect of other environmental confounders, socio-economic factors, or genetic variants not considered.

5. Conclusions

Obesity is a multifactorial disorder; thus, its treatment and prevention are masked by several
factors, including genetics and lifestyle factors [71]. In the present study, we show that suboptimal
consumption of vitamin A is related to an increased risk of body fat accumulation in genetically
predisposed individuals, who would represent approximately 38% of the individuals in the studied
population. The results show the relevance of consuming VA within the required amounts, its impact
on metabolism and energy balance, and consequently, on men’s adiposity with a modulating influence
of genetic variants of SCARB1, UCP2, and UCP1.

Finally, the combination of an observational study together with a genotype—phenotype ex
vivo intervention on PBMCs seems to be an effective strategy to contribute to Precision Nutrition.
The study of genetics together with the characterization of gene-nutrient-phenotype interactions in a
well-balanced study design facilitates personalized dietary and lifestyle advice and promotes healthier
status through a focused and integrated approach.
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Abstract: Studies on the interactions between single nucleotide polymorphisms (SNPs) and
macronutrient consumption on weight loss are rare and heterogeneous. This review aimed to
conduct a systematic literature search to investigate genotype—diet interactions on weight loss.
Four databases were searched with keywords on genetics, nutrition, and weight loss (PROSPERO:
CRD42019139571). Articles in languages other than English and trials investigating special groups
(e.g., pregnant women, people with severe diseases) were excluded. In total, 20,542 articles were
identified, and, after removal of duplicates and further screening steps, 27 articles were included.
Eligible articles were based on eight trials with 91 SNPs in 63 genetic loci. All articles examined
the interaction between genotype and macronutrients (carbohydrates, fat, protein) on the extent of
weight loss. However, in most cases, the interaction results were not significant and represented
single findings that lack replication. The publications most frequently analyzed genotype-fat intake
interaction on weight loss. Since the majority of interactions were not significant and not replicated,
a final evaluation of the genotype—diet interactions on weight loss was not possible. In conclusion,
no evidence was found that genotype—diet interaction is a main determinant of obesity treatment
success, but this needs to be addressed in future studies.

Keywords: genetic variant; single nucleotide polymorphism; weight loss; nutrigenomics; dietary
intervention; personalized nutrition

1. Introduction

In the last four decades, obesity has been identified as one of the major health risks worldwide and
has reached pandemic extents [1]. According to the World Health Organization (WHO), over one-third
of the world’s population is overweight and 13% are described as obese [2]. Obesity adversely affects
almost all physiological functions of the body and increases the risk of developing multiple diseases
such as type 2 diabetes, cardiovascular diseases, and certain cancers [3,4]. Overweight and obesity
are mainly caused by a long-term positive energy balance as a result of the modern lifestyle which
is characterized by low physical activity and high consumption of energy-dense food [5]. To tackle
obesity, multiple lifestyle intervention strategies have been developed with limited average success
rates. Different diets varying in macronutrient content (e.g., low-fat/low-carb) have been investigated
and compared to identify dietary regimes for successful weight loss [6]. The “one size fits all” approach
for weight reduction is critically discussed. As a consequence, customized, personalized dietary
recommendations are gaining more attention to fit individual needs.

Nutrients 2020, 12, 2891; d0i:10.3390/nu12092891 www.mdpi.com/journal/nutrients
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In general, people lose weight to a varying extent under specific diets and this heterogeneity may
depend on various factors, e.g., adherence to treatment or genetic factors [7]. The identification of
multiple genetic loci associated with body mass index (BMI) and body fat distribution in genome-wide
association studies (GWAS) supports the hypothesis of strong genetic interference [8-11]. A recent
GWAS identified 941 BMlI-associated genetic loci, which account for approximately 6% of BMI
variation [11], and some specific single nucleotide polymorphisms (SNP) have been discussed as being
involved in the pathogenesis of obesity [11-13]. Frayling et al. demonstrated an additive association
between the risk allele of SNP rs9939609 of the fat mass and obesity-associated (FTO) gene and higher
body weight [14]. Furthermore, the A allele of the SNP rs571312 of the melanocortin-4 receptor (MC4R)
gene is associated with an increased BMI by 0.23 kg/m? [10].

Previous findings from genetic association studies led to the investigation of the relationship
between certain genotypes and the effect of diets on body weight. In the Diet Intervention Examining The
Factors Interacting with Treatment Success (DIETFITS) randomized clinical trial, Gardner et al. found
that there was no significant difference in weight change between the low-carb and low-fat diet group
after 12 months and no diet-genotype interaction for weight loss was found [15]. The Nutrient-Gene
Interactions in Human Obesity: Implications for Dietary Guidelines (NUGENOB); Diet, Obesity,
and Genes (DiOGenes); and Food4Me trials showed similar results [16-18]. The Food4Me trial
investigated various stages of tailored nutrition. In comparison to the control group, a personalized
dietary recommendation led to significantly greater weight loss [16]. In contrast, personalization based
on specific SNPs had no further benefit in this study compared to other strategies of personalization [16].
However, Xiang et al. concluded in their meta-analysis with 6951 participants that FTO risk allele
carriers (SNP rs9939609) show significantly greater weight loss than non-carriers [19]. This supports
the hypothesis that specific genotypes may play a role in weight management [6]. In addition to
that, studies have shown substantial inter-individual differences in metabolic response to certain
meal challenges [20,21]. These results can be partly explained by genetic variations between the
participants. Therefore, there is a growing interest to investigate and to understand genotype-diet
interactions. A review by Livingstone et al. investigated the association between certain risk alleles
and macronutrient intake [22]. They concluded that these risk alleles play a role in altering the dietary
consumption of fat and protein and thus influencing weight loss [22]. The same research group
also investigated the relationship between FTO minor alleles and weight loss in a meta-analysis [23].
The result indicated that individuals carrying FTO minor alleles do not show any significant differences
regarding body weight response to a dietary intervention compared to non-carriers [23]. Taken together,
the results were inconclusive and substantiate the need for further analyses regarding the association
between genotype, diet, and weight loss.

This systematic literature search aimed to investigate whether there are genotype—-diet interactions
on weight loss. By including interaction terms, this analysis provides new information on the
combined effect of SNPs and macronutrients on weight loss. The results may contribute to substantiate
genotype-based dietary recommendations for the prevention and treatment of overweight and obesity.

2. Materials and Methods

This review was registered in the International Prospective Register for Systematic Reviews
(PROSPERO, registration number CRD42019139571) and followed the Preferred Reporting Items for
Systematic Review and Meta-Analyses (PRISMA) [24].

2.1. Search Strategy

The four electronic databases PubMed, Embase, Web of Science, and Cochrane Library were
searched on 2 July 2019 by one person (S.B.). To identify articles examining the research question
of this review, the search items were subdivided into three blocks: genetics, nutrition, and weight.
For the genetic block, the following search items were used: “single nucleotide polymorphism”, “SNP”,

A

“genotype”, “genetic variant”, and “gene variant”. To include nutritional aspects, we applied the
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following search items: “energy”, “caloric”, “calorie”, “fat”, “carbohydrate”, “carb”, “diet”, “dietary”,
“nutrition”, and “nutritional”. The nutritional item “protein” was not included in the search strategy as
it plays a minor role in the treatment of obesity. Search items for the block weight included the following
terms: “weight”, “weight loss”, “weight reduction”, “BMI”, and “body mass index”. The search items
in each block were combined with the Boolean operator “OR”. The three blocks were then combined
with the Boolean operator “AND”. Depending on the database, plural forms of the search items,
quotation marks, and/or asterisk were used and filters for language (“English”) and species (“human”)

were applied. Reference lists of eligible articles were checked by hand to identify additional articles.

2.2. Study Selection

The study selection adhered to the PICO (population, intervention, control, and outcomes)
criteria [25]. Studies with the following criteria were included: (a) intervention study, (b) diet
described, (c) availability of SNP data, (d) outcome: weight loss, (e) interaction term of genotype
x diet. Literature not in English, animal studies, and studies with participants having a severe disease
(e.g., cancer) or impaired mobility were excluded. Furthermore, studies in children, pregnant and
breastfeeding women, and transplant patients were excluded. Studies with no statistical application
term of a genotype—diet interaction on weight loss were excluded as well. Studies with dietary
interventions not focused on weight loss or on macronutrients were not considered. Two reviewers
(S.B., V.W.) independently screened titles, abstracts, and full texts for eligibility. In cases of discrepant
evaluations, a third reviewer (C.H.) assessed the article for eligibility. Reasons for exclusion were
documented. If the full text was not available, we contacted the authors. For the screening process,
we used the reference management software EndNote X9 (Thomsen Reuters, New York, NY, USA) and
Microsoft Excel 2016 (Microsoft Corp, Redmond, WA, USA).

2.3. Data Extraction

The data extraction was performed independently by two reviewers (S.B, V.W.) with the software
program Microsoft Excel 2016 (Microsoft Corp, Redmond, WA, USA). A third reviewer (C.H.) was
consulted if inconsistencies emerged. The following data were extracted: authors, publication year,
study name, study design, description of the study population, sample size, measurement of weight,
intervention time, description of dietary intervention, assessment of dietary intake, genes of interest,
SNP, statistical results, and statistical adjustment procedures.

2.4. Reporting Strategy

Due to the expected heterogeneity of the eligible studies, we did not perform a meta-analysis
of the data. Studies with statistically significant and not significant genotype—diet interactions were
treated equally in this review. Data are presented narratively.

2.5. Risk of Bias and Quality Assessment

The risk of bias of randomized controlled trials (RCTs) was assessed by the Cochrane
Collaboration’s risk-of-bias tool for randomized trials (RoB 2) [26]. The studies were evaluated
for the randomization process, deviations from the intended intervention, missing outcome data,
measurement of the outcome, and selection of the reported results. The risk of bias was judged either
as low risk, some concerns, or high risk.

Non-randomized intervention studies were examined by the Cochrane Collaboration’s Risk of
Bias in Non-Randomized Studies—of Intervention (ROBINS-I) assessment tool [27]. Assessment was
performed for confounding, selection of participants into the study, classification of intervention,
deviations from intended interventions, missing data, measurement of outcomes, and selection of the
reported results. Here, the risk of bias was also judged as low risk, some concerns, or high risk.

For the genotype-diet interaction term, we further applied an assessment tool for the quality of
genetic association studies [28]. The validity of associations was assessed by 11 questions focusing on
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chance, risk, and confounding. Points ranging from —11 to +11 were given to rate quality as follows:
rather high (+4 to +11 points), intermediate (-3 to +3 points), or low (-4 to —11 points).

3. Results

In total, 20,542 articles were identified, of whom 6993 articles were removed as duplicates (Figure 1).
During title and abstract screening, a further 13,249 articles were excluded. Twenty-seven articles
(26 publications based on eight RCTs and one publication based on one non-randomized trial) met the

PICO criteria and were included in this systematic review.

Screening Identification

Eligibility

Inclusion

Records identified through
database search (1 =20,542)

e 8298 from Web of Science
e 7674 from Embase

e 3861 from PubMed

e 709 from Cochrane Library

Records screened (n = 13,549)

Duplicates removed

(1 =6993)

A\

Full-text articles assessed for

eligibility (1 = 300)

Records excluded by title (1 = 13,060)

A 4

Full-text articles excluded (1 = 273)
e No full-text available (n = 52)
e Full-text not in English (1 =2)

e  No dietary intervention (1 = 65)

e No gene-diet interaction on weight loss (1 = 148)

e Geneticrisk score (1 =3)

e Weight gain (n=3)

A

Articles included in narrative
synthesis

(n=27)

Figure 1. Flow chart of the systematic literature search according to Moher et al. [24].
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3.1. Characteristics of Studies Included

The eight human intervention trials included in this systematic review are described in Table 1:
NUGENOB [17,29-34], Development of Nutrigenetic Test for Personalized Prescription of Body
Weight Loss Diets (Obekit) [35,36], Preventing Overweight Using Novel Dietary Strategies (POUNDS
Lost) [37-51], Dietary Intervention Randomized Controlled Trial (DIRECT) [41,45], Prevencién con
Diet Mediterranea (PREDIMED) [52], DiOGenes [33], one trial from Italy [53], and one trial from
Spain [54] (Table 1). The publication time ranged from 2006 to 2019. The sample sizes were from 147 to
7447 participants. The duration of the interventions ranged from 4 weeks to 4 years. For the collection
of dietary intake, most articles used 24 h recalls [37-51], followed by dietary records [17,29-36],
a combination of 24 h recalls and food frequency questionnaires (FFQ) [41,45], as well as other
questionnaires [52], or no further information was given [53,54]. The studies differed in characteristics
of participants such as ethnicity, age, BMI, and disease status, as well as the kind of dietary intervention
(Table 1).
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3.2. Study Quality and Risk of Bias

The risk of bias assessment of the selected studies is shown in Figure 2. In summary, two out of
26 articles from the RCTs were judged to be at low risk of bias for all domains. Thirteen articles were
judged to raise some concerns. This was due to high drop-out rates during intervention. Because of
missing data on sample size in the intervention groups at the end of intervention, we judged 13 articles
to be at high risk of bias. The non-randomized trial was judged to be at moderate risk of bias for all
domains. The latter was due to missing information about exclusion criteria of participants during
intervention (Figure 2).

Reference

(A) Randomized trials
di Renzo et al., 2018 - -
Goni et al., 2017 - - -
Goni et al., 2018 - - -
Goni et al., 2019 - - -
Grau et al., 2009 - - -
Grau et al., 2010 - - -
Heianza et al., 2016 - B -

Heianza et al., 2017 - - - - - - -

Heianza et al., 2018 - - -

Huang et al., 2018 - - - - - - -

Selection of participants into the study
IDeviations from intended interventions

(Classification of intervention

IConfounding

l Missing outcome data

Mattei et al., 2012 - - -
Qietal, 2011 - - - B
Qi etal., 2012 - - _

Qietal, 2015a - - - IR - I
Qi et al., 2015b - -
Ramos-Lopez et al., 2018 - - - --

Razquin et al., 2010 - - - IR

Santos et al., 2011 - - - -
Serensen et al., 2006 - - - ]
Stocks et al., 2012 - - -

Sun et al., 2018 oL - - -
Svendstrup et al., 2018 - - -

Xu et al., 2013 - - - IR
Xu et al., 2015 - - _
Zhang et al., 2012a - - - Ie

||
Zhang et al., 2012b - - - I .

(B) Non-randomized trials

Garaulet et al., 2011 -- - - -

Figure 2. Risk of bias assessment of articles included in narrative synthesis. (A) Risk of bias assessment
of randomized trials [26]. (B) Risk of bias assessment of non-randomized trials [27]. Overall score:
the risk of bias was judged as low risk (green), some concerns (yellow), high risk (red).
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The quality of analyses concerning genetics was judged to be rather high in 21 articles (Figure 3).
The quality of six articles was judged as being intermediate. This was due to missing statistical analysis
concerning confounding parameters (e.g., adjustment for ethnicity).

IChance
Confounding
Overall Score

5

Bias

Reference

di Renzo et al., 2018
Garaulet et al., 2011
Goni et al., 2017
Goni et al., 2018
Goni et al., 2019
Grau et al., 2009
Grau et al., 2010
Heianza et al., 2016
Heianza et al., 2017
Heianza et al., 2018
Huang et al., 2018
Mattei et al., 2012
Qi etal., 2011
Qietal, 2012

Qi etal., 2015a

Qi et al., 2015b
Ramos-Lopez et al., 2018
Razquin et al., 2010
Santos et al., 2011
Sprensen et al., 2006
Stocks et al., 2012
Sun et al., 2018
Svendstrup et al., 2018
Xu et al., 2013

Xu et al., 2015
Zhang et al., 2012a
Zhang et al., 2012b

Figure 3. Quality assessment of genetic association studies [28]. The quality was judged as rather high
(green), intermediate (yellow), or low (red).

3.3. Main Findings

3.3.1. Interaction of Genotype and Fat Intake on Weight Loss

In total, an interaction of genotype and fat intake on weight loss was assessed for 60 different
genetic loci and 88 different SNPs (Table 2).
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Most of the SNPs (1 = 80) were analyzed once and six of them (adenylate cyclase 3 (ADCY3)
SNP rs10182181 [35]; adiponectin, C1Q and collagen domain containing (ADIPOQ) SNP rs266729 [32];
tumor necrosis factor alpha (TNFa) SNP rs1800629 [32]; cytochrome P450 family 2 subfamily R member
(CYP2R1) SNP rs10741657 [46]; melatonin receptor 1B (MTNR1B) SNP rs10830963 [37]; nuclear factor
of activated T cells 2-interacting protein (NFATC2IP) SNP rs11150675 [47]) showed a statistically
significant interaction with fat intake on weight loss.

SNPs within eight genetic loci (FTO SNP 1s9939609; HNF1 homeobox A (HNF1A) SNP
rs7957197; interleukin 6 (IL6) SNP rs1800795; hepatic lipase C (LIPC) SNPs rs6082, rs1800588,
rs2070895; peroxisome proliferator-activated receptor gamma isoform 2 (PPARG2) SNP rs1801282;
protein phosphatase, Mg2+/Mn2+-dependent 1K (PPMIK) SNP rs1440581; transcription factor
7-like 2 (TCF7L2) SNPs rs7903146, rs12255372; transcription factor AP-2 beta (TFAP2B) SNP
rs987237) were examined for the genotype x fat intake interaction on weight loss twice in
12 articles [17,29,30,32,33,41,42,48,49,52-54]. No statistically significant interaction between the FTO
SNP rs9939609 and fat intake on weight loss was seen [30,53]. After 6 months of intervention,
a statistically significant interaction between the HNFIA SNP rs7957197 and fat intake on weight loss
was seen in the POUNDS Lost and the DIRECT trial, as well as in the pooled data [41]. A greater
weight loss was observed in participants with the T allele with a high-fat diet compared to those
without the T allele. However, after 2 years of intervention, no statistically significant interaction could
be found between the HNF1A SNP rs7957197 and fat intake on weight loss [41].

The study participants of the PREDIMED [52] and the NUGENOB [32] trials were analyzed to
investigate the IL6 SNP rs1800795 x fat intake interaction on weight loss. In the PREDIMED trial,
homozygous carriers of the risk allele showed a greater weight loss with the Mediterranean diet with
olive oil supplementation compared to a low-fat diet than heterozygous carriers and non-carriers after
3 years of intervention [52]. This result could not be replicated in a similar analysis from the NUGENOB
trial [32]. Here, no statistically significant interaction between the IL6 SNP rs1800795 and fat intake on
weight loss was found after 10 weeks of dietary intervention. Furthermore, there was no statistically
significant interaction between the LIPC SNPs rs6082, rs1800588 in the NUGENOB trial, and SNP
rs2070895 in the POUNDS Lost trial and fat intake on weight loss. The SNPs rs1800588 and rs2070895
are in high linkage disequilibrium (r* > 0.8) [32,48]. The results on the PPARG2 SNP rs1801282 x fat
intake on weight loss were controversial. While a study from Spain with 1465 participants found a
lower percental weight loss compared to baseline weight in homozygous and heterozygous carriers
compared to the non-carriers on the high-fat diet [54], no statistically significant interaction was seen
in an analysis on the NUGENOB dataset [32].

While the NUGENORB trial did not reveal a statistically significant interaction between the PPM1K
SNP rs1440581 and fat intake on weight loss after 10 weeks of intervention [29], the homozygous
carriers of this gene variant in the POUNDS Lost trial showed a lower weight loss on a high-fat diet after
6 months as well as after 2 years of intervention compared to the heterozygous and the non-carriers [49].
Contrary results were also found for the TCF7L2 SNP 157903146 x fat intake interaction on weight loss.
After 10 weeks of intervention, the NUGENOB trial identified a lower weight loss on a high-fat diet
in homozygous carriers compared to heterozygous carriers and non-carriers combined [17]. In the
POUNDS Lost trial, no statistically significant interaction between the TCF7L2 SNP rs7903146 x fat
intake on weight loss was found [42]. Additionally, no statistically significant interaction was seen
between the TCF7L2 SNP rs12255372 and fat intake on weight loss. The TCF7L2 SNPs rs7903146 and
1512255372 were in high LD (2 > 0.8) [42].

One article examined the interaction of TEAP2B SNP rs987237 and fat intake on weight loss in the
DiOGenes and NUGENOB trial, respectively [33]. An additive genotype—diet interaction model of the
NUGENGORB trial showed that homozygotes for the A allele lost more weight with the low-fat than the
high-fat diet, whereas homozygotes for the G allele lost more weight on the high-fat diet compared to
the low-fat diet. These findings were not confirmed by the DiOGenes trial [33].
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3.3.2. Interaction of Genotype and Carbohydrate Intake on Weight Loss

Three articles investigated the interaction of genotype and carbohydrate intake on weight
loss (Table 3) [38,42,44]. No significant interactions could be found between the consumption of
carbohydrates and the fibroblast growth factor 21 (FGF21) SNP rs838147 [38] and the TCF7L2 SNPs
157903146 and 1512255372 (LD 72 > 0.8) on weight loss [42]. Among the participants of the POUNDS Lost
trial, a statistically significant interaction between the insulin receptor substrate 1 (IRS1) SNP rs2943641
and the highest-carbohydrate diet was found after 6 months of intervention [44]. Homozygous carriers
of the risk allele showed greater weight loss on the highest-carbohydrate diet (65 energy%) than
heterozygous carriers or non-carriers after 6 months of intervention. After 2 years of intervention,
no statistically significant effect of the interaction between IRST SNP rs2943641 and carbohydrate diet
on weight loss could be found (Table 3).

3.3.3. Interaction of Genotype and Protein Intake on Weight Loss

In total, seven publications assessed the interaction of genotype and protein intake on weight
loss [39,40,42,43,46,49,51] (Table 4). All of them analyzed data from the POUNDS Lost trial and used an
additive model for genetic analysis. No significant interactions between the amylase alpha 1A- amylase
alpha 2A/B (AMY1-AMY?2) SNP rs11185098 [40]; CYR2R1 SNP rs10741657 [46]; 7-dehydrocholesterol
reductase (DHCR?7) SNP rs12785878 [46]; GC vitamin D-binding protein (GC) SNP rs2282679 [46];
gastric inhibitory polypeptide receptor (GIPR) SNP rs2287019 [43]; lactase (LCT) SNP rs4988235 [39];
neuropeptide Y (NPY) SNP rs16147 [51]; PPM1K SNP rs1440581 [49]; and TCF7L2 SNPS rs7903146,
1512255372 (LD 72 > 0.8) [42] and the protein intake on weight loss was found (Table 4).
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4. Discussion

This systematic review gives an overview of genotype x diet interactions and their association
with weight loss. The literature search identified 27 articles in which the interaction of
91 SNPs within 63 genetic loci and fat [17,29-37,40-43,45-54], carbohydrate [38,42,44], or protein
intake [39,40,42,43,46,49,51] on weight loss was investigated.

Most publications (1 = 24) focused their interaction term on the macronutrient fat. This may be due
to the fact that fat is the most energy-dense macronutrient and, therefore, most weight-loss studies have
a focus on reducing fat intake. Furthermore, it might be assumed that obesity-associated SNPs play a
role in fat intake [60]. However, the results of our systematic review present an inconsistent picture for
genotype—fat intake interaction and weight loss. Most findings were not significant and not replicated
in other trials. The statistically significant findings were related to 12 SNPs in 12 distinct genetic loci.
However, the ADCY3 SNP rs10182181 [35], ADIPOQ SNP rs266729 [32], CYP2R1 SNP rs10741657 [46],
MTNRI1B SNP rs10830963 [37], NEATC2IP SNP rs11150675 [47], and TNFa SNP rs1800629 [32] were
examined in only one trial each. This lack of replication excludes a robust interpretation of the results.

The general findings of this systematic review are in line with a publication about the association
between the genetic variant FTO rs9939609, and dietary intake and BMI, indicating no significant
interaction between the FTO variant and dietary intake on BMI [60].

A genotype—fat intake interaction on weight loss was examined twice with eight SNPs in 12 articles,
but the findings showed inconsistent results as in one study a significant interaction between the
SNP and fat intake on weight loss was found, whereas this result could not be replicated in the other
study [17,29,32,33,42,49,52,54]. This might be explained by the different sample sizes, study durations,
or dietary interventions. Furthermore, a statistically significant interaction between the HNF1A SNP
rs7957197 and a high-fat diet on weight loss could be seen in the POUNDS Lost trial as well as in the
DIRECT trial [41]. Carriers of the T allele (minor allele) showed a greater weight loss on a high-fat diet
than non-carriers after 6 months of intervention. Variants of the HNF1A gene are known to be associated
with diabetes [61,62]. Thereby, the risk of developing diabetes might be influenced by the lifestyle and
weight status of the individual [41,63]. One possible explanation of the underlying mechanism might
be that a high-fat diet downregulates HNF1A gene expression in the pancreas [64,65] and thereby
might cause weight loss and improvement of insulin resistance [64,65]. However, after 2 years of
intervention, no statistically significant interaction was found between the HNF1A SNP rs7957197 and
fat intake on weight loss in both studies as well as in the pooled data [41]. This result may also be
explained by a loss of adherence to the diet and high drop-out rates [56]. Moreover, after 12 months of
intervention, the participants in both trials regained body weight [56,58].

Similar inconclusive results were found for the potential interactions of SNPs and both carbohydrate
and protein intake and their effect on weight loss. Alllong-term results reached no statistical significance
and were investigated only within the POUNDS Lost trial. Due to the fact that the sample size of the
POUNDS Lost trial with 811 participants is low compared to most genetic association studies [10,14],
the statistical power to reach significant results was rather limited. Moreover, the high drop-out rates
(n =179) and the regain of body weight, as described earlier [56], may further decrease statistical power.

Irrespective of such inconsistencies, this systematic review provides three main findings on the
topic of genotype—diet interactions and weight loss. First, there are many “significant” findings
observed in single and mostly small studies without replication in others. Second, the number and size
of studies to examine genotype-diet interactions on weight loss are rather limited. The 27 publications
identified refer to only eight weight loss trials of which 15 publications were based on data from
the POUNDS Lost trial and another seven papers analyzed potential interactions in the database of
the NUGENORB trial. The third message from this analysis is the considerable heterogeneity of the
identified studies. There were substantial differences among the trials not only in the selection of SNPs,
but also in study design, dietary interventions, intervention duration, and sample size. In addition,
dietary intake data—highly relevant for the research question—were collected using different methods,
all of those self-reported and with a high risk of recall and reporting bias, which may further complicate
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such analyses. It is noteworthy that many intervention studies were excluded because they investigated
the association between single SNPs and weight loss without considering any interaction term for
genotype x diet on weight loss. This might be explained by the fact that weight loss was not the primary
outcome [66] or was due to publication bias, as negative results concerning genetics are commonly
not published [67]. To promote the field of genotype—diet interactions on weight loss it is, therefore,
crucial to collect and analyze genetic material more frequently or regularly in dietary intervention
studies. However, as the treatment of overweight and obesity is a complex process with many factors
involved, this request may be a great challenge.

All studies selected for this review are based on a hypothesis-driven approach investigating
defined candidate genes. This means, that no hypothesis-free GWAS are available for weight loss
intervention trials. It appears likely that other genetic loci rather than the obesity-associated loci
may play a role in weight loss and macronutrient intake. Therefore, broader approaches may be
needed to overcome the limitations of current studies, e.g., by pooling of RCTs and broader genotyping.
The identification of SNPs associated with thinness might be an innovative approach [68].

Strengths and Limitations

The strength of this systematic review is the inclusion of all SNPs for which a genotype-diet
interaction on weight loss was available. The narrative synthesis was based on any nutritional
intervention differing in the macronutrient distribution as well as hypocaloric diets, as others mainly
focus on other types of trials [19,23]. We assessed the risk of bias as well as the methodological quality
of the included articles. A limitation of many publications was that studying the interaction between
genetic loci and macronutrient composition of a diet was not the primary aim of the respective study
and was usually a post hoc analysis. Due to the high heterogeneity of the SNPs, a confirmation of
the findings was not possible in most cases and it is also not possible to perform meta-analyses of the
extracted studies. Our review could not identify studies investigating the additive effect of common
SNPs in the form of genetic risk scores and specific diets on weight loss. Furthermore, we did not include
studies focusing on copy number variants; mutation analysis; haplotypes; and studies investigating
the association of genotype—diet interaction and BMI, body fat, or other obesity-related variables.

5. Conclusions

This systematic review summarized the results of genotype-diet interactions on weight loss.
Independent of the kind of dietary intervention, most of the genotype-diet interactions on weight
loss were not significant. The high heterogeneity of the SNPs and the lack of replications does not
allow us to draw a final conclusion, as robust data on possible genotype-diet interactions on weight
loss are missing. Most findings were based on the POUNDS Lost and NUGENOB trials. Therefore,
more studies with larger sample sizes are needed to adequately address this highly relevant question
in obesity research.
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Abstract: Numerous studies have identified the various fat mass and obesity-associated (FTO) genetic
variants associated with obesity and its metabolic consequences; however, the impact of dietary
factors on these associations remains unclear. The aim of this study was to evaluate the association
between FTO single nucleotide polymorphisms (SNPs), daily macronutrient intake, and obesity and
its metabolic consequences. From 1549 Caucasian subjects of Polish origin, genotyped for the FTO
SNPs (rs3751812, rs8044769, rs8050136, and rs9939609), 819 subjects were selected for gene—diet
interaction analysis. Anthropometric measurements were performed and total body fat content and
distribution, blood glucose and insulin concentration during oral glucose tolerance test (OGTT),
and lipid profile were determined. Macronutrient intake was analyzed based on three-day food
records, and daily physical activity levels were evaluated using the International Physical Activity
Questionnaire Long Form (IPAQ-LF). Our study shows that carriers of the GG genotype of rs3751812
presented lower body weight, body mass index (BMI), total body fat content, and hip and waist
circumference and presented lower obesity-related markers if more than 48% of daily energy intake
was derived from carbohydrates and lower subcutaneous and visceral fat content when energy
intake derived from dietary fat did not exceed 30%. Similar results were observed for rs8050136 CC
genotype carriers. We did not notice any significant differences in obesity markers between genotypes
of rs8044769, but we did observe a significant impact of diet-gene associations. Body weight and
BMI were significantly higher in TT and CT genotype carriers if daily energy intake derived from
carbohydrates was less than 48%. Moreover, in TT genotype carriers, we observed higher blood
glucose concentration while fasting and during the OGTT test if more than 18% of total energy intake
was derived from proteins. In conclusion, our results indicate that daily macronutrient intake may
modulate the impact of FTO genetic SNPs on obesity and obesity-related metabolic consequences.

Keywords: FTO gene; obesity; dietary protein; dietary carbohydrates; dietary fat; macronutrients;
gene-diet interaction; glucose homeostasis

1. Introduction

Obesity is a major public health problem worldwide [1] and a leading risk factor for type 2 diabetes
mellitus in adolescents [2,3] and children [3,4]. It has already been established that the predictions for
Nutrients 2020, 12, 3255; d0i:10.3390/nu12113255 www.mdpi.com/journal/nutrients
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diabetes prevalence are not optimistic [5]. Moreover, the increasing prevalence of obesity is associated
with lipid metabolism disturbances, such as high concentrations of total cholesterol and low-density
lipoprotein (LDL) and low concentrations of high-density lipoprotein (HDL) [6]. Considering the
above, obesity also increases the risk of cardiovascular disease [7].

In general, obesity is a result of imbalanced energy homeostasis, but genome-wide association studies
have identified many single nucleotide polymorphisms (SNPs) in the fat mass and obesity-associated
(FTO) gene, melanocortin-4 receptor (MC4R) gene, and other genes [8,9] that are associated with the
risk of developing obesity. Among these genes, FTO has been reported as the gene with the strongest
significant correlation with obesity [10]. The FTO gene is profoundly expressed in the hypothalamus
region, which is involved in appetite regulation [11]. The associations between FTO genetic variants,
dietary factors, and body weight gain are still under investigation, although it has been postulated that
some FTO genetic variants may influence the risk of weight gain through larger amounts of consumed
food [12] or appetite and satiety regulation [13]. FTO rs9939609 SNPs have been associated with increased
macronutrient consumption, especially fat and carbohydrates, as well as total energy intake [11,14,15],
but these genetic variants do not seem to influence energy expenditure [11,16]. Moreover, environmental
factors such as diet may influence the associations between genetic risk and obesity development. Over the
last decade, the study of dietary patterns and their relation to genetic risk of obesity has received more
attention [17,18]; nevertheless, the associations between FTO single nucleotide polymorphisms and dietary
patterns need further investigation [19]. Therefore, the aim of our study was to evaluate whether daily
macronutrient intake could modify the association between genetic variations of the FTO gene and obesity
and obesity-related metabolic consequences among the Polish population.

2. Materials and Methods

2.1. Participants

The study was conducted among 1549 Caucasian volunteers of Polish origin (18-79 years old)
enrolled in the 1000PLUS Cohort Study (registered at www.clinicaltrials.gov as NCT03792685) from
2007 to 2019, described previously [20-22], which were seeking personalized nutrition for prevention of
obesity and treatment of type 2 diabetes mellitus. Individuals who used to take medicines (weight loss,
anti-diabetic, lipid-lowering, or any other medication that could have an impact on body weight, body
fat content, blood glucose, and other investigated parameters) or diet supplements, which could affect
the results, were not enrolled in this study. Subjects who reported endocrine, gastrointestinal, hepatic,
renal, metabolic, immunological, or psychiatric disorders or who had bariatric surgery, which could
have animpact on investigated parameters, were excluded from the study analysis as well. We excluded
all subjects who used to take anti-diabetic (56 subjects, 6.8%) or lipid-lowering medications (47 subjects,
5.7%) and 109 (13.3%) with a previous history of prediabetes or diabetes, as potential cofounders,
and others who met the exclusion criteria mentioned above. Moreover, individuals who followed any
special diet or dietary pattern (vegetarian, vegan, Atkins, etc.) were not included in the analysis.

2.2. Anthropometric and Body Composition Measurements

The following anthropometric data were collected: body weight, height, and waist and hip
circumference. Body mass index (BMI) was calculated using the following formula: body weight (kg)
divided by height squared (m). Waist-hip ratio (WHR) was estimated by dividing waist circumference
by hip circumference. Total body composition (including fat mass, fat-free mass, and skeletal
muscle mass) was evaluated by the bioelectrical impedance method (InBody 220, Biospace, Korea).
Body fat distribution analysis, including visceral adipose tissue (VAT) and subcutaneous adipose tissue
(SAT) content, was performed by the multi-frequency bioimpedance method (Maltron BioScan 920-2,
Maltron International Ltd., United Kingdom). The VAT/SAT ratio was calculated by dividing visceral
adipose tissue by subcutaneous adipose tissue content.
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2.3. Blood Collection, Biochemical Analysis, and Calculations

Oral glucose tolerance tests (OGTTs) were performed in non-diabetic participants according to the
World Health Organization (WHO) recommendations with a dose of 75 g oral glucose. The subjects
were instructed to fast for 8-12 h prior to the test and to not restrict carbohydrate intake in the 3 days
before the test. Blood was collected at 0, 30, 60, and 120 min after glucose administration. Blood samples
were obtained and collected to evaluate the concentrations of plasma glucose, insulin, LDL, HDL,
total cholesterol and triglyceride (TG), and hemoglobin Alc (HbAlc). The samples were prepared for
assessment according to the laboratory kit instructions. Serum insulin concentrations were evaluated by
immunoradiometric assay (INS-Irma, DIASource S.A., Belgium; Wallac Wizard 1470 Automatic Gamma
Counter, PerkinElmer Life Sciences, Turku, Finland). Plasma glucose concentration was measured
using the hexokinase enzymatic method (Cobas c111, Roche Diagnostics Ltd., Switzerland), and lipid
profile was evaluated by enzymatic colorimetric assay using commercially available kits (Cobas c111,
Roche Diagnostic Ltd., Switzerland). HbAlc levels were measured using high-performance liquid
chromatography (HPLC) (D-10 Hemoglobin Testing System, Bio-Rad Laboratories Inc., Hercules, CA,
USA; Bio-Rad, Marnes-la-Coquette, France).

The homeostatic model assessment of insulin resistance (HOMA-IR) was calculated following the
standard formula: (fasting plasma glucose concentration (mmol/L)) X (fasting insulin concentration
(wU/mL))/22.5.

2.4. Daily Physical Activity and Dietary Intake Analyses

To evaluate daily physical activity, the International Physical Activity Questionnaire-Long Form
(IPAQ-LF) was used. Metabolic equivalent (MET, min per week) was determined using the following
formula: (MET level) X (minutes of activity) X (events per week) [23]. Individuals were stratified as
having a low, moderate, or high level of physical activity.

Subjects were asked to record 3-day food intake diaries and were instructed on how to estimate
portion sizes of foods based on the provided color photograph albums of portion sizes. Moreover, the
subjects were instructed on how to weigh the food, if possible. Daily carbohydrate, protein, fat, and
total energy intake were estimated using Dieta 6.0 software (National Food and Nutrition Institute,
Warsaw, Poland). Dieta software was developed and is continuously updated by the National Food
and Nutrition Institute (Warsaw, Poland), and it is used to calculate the nutritional value of food and
diets based on tables of the nutritional value of local food products and dishes. In order to study the
interactions between genetic factors and diet, study participants were divided into 2 quantiles based
on average daily protein, fat, and carbohydrate intake: lower and higher than median dietary protein
intake (<18% and >18% of total energy intake, respectively), lower and higher than median dietary
carbohydrate intake (<48% and >48% of total energy intake, respectively), and lower and higher than
median dietary fat intake (<30% and >30% of total energy intake, respectively).

2.5. Genetic Analyses

We genotyped 4 common FTO SNPs in rs3751812 (G > T), rs8044769 (C > T), rs8050136 (A > C),
and 159939609 (T > A). DNA was extracted from peripheral blood leukocytes using a classical salting-out
method. The SNPs were genotyped with TagMan SNP technology from a ready-to-use human assay
library (Applied Biosystems, MA, USA) using a high-throughput genotyping system, OpenArray
(Life Technologies, CA, USA). SNP analysis was performed in duplicate, following the manufacturer’s
instructions. We used a sample without template as a negative control to detect possible false positive
signals caused by contamination.

2.6. Ethics Statement

The study methods were carried out in accordance with the ethical standards on human
experimentation and with the Helsinki Declaration of 1975 as revised in 1983. Written informed consent
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was obtained from all participants before inclusion in the study. The study protocol was approved by
the local Ethics Committee of the Medical University of Bialystok, Poland (R-I-002/35/2009).

2.7. Statistical Analysis

Numerical data were summarized with number of observations (N), arithmetic mean, and standard
deviation (SD). For categorical data, number of observations and frequency (percentage) were presented.
Study participants were divided into quantiles based on average daily protein, carbohydrate, and fat
intake, with the thresholds set as the median value of each parameter. Risk genotypes of the 4 common
FTO SNPs were predefined based on the literature and our previous findings. Because of the relatively
small sample size, we did not include a comparison of the allelic and genotypic frequencies and odds
ratio calculations in this study. Continuous parameters were tested for normality with Shapiro-Wilk’s
test as well as visual inspection. Homogeneity of variance across groups was studied using Levene’s
test. Nonparametric tests were used for response variables that failed the mentioned statistical tests.
Differences between selected parameters and dietary groups were then compared using analysis of
variance (ANOVA) or Kruskal-Wallis test for numerical variables, with either Tukey’s or Dunn’s
post-hoc test with Holm p-value adjustment (in case multiple pairwise tests were performed, or when
there were multiple grouping variables, as presented in tables and figures), and chi-squared test for
categorical variables. In order to study the hypothesis that the relationship between FTO genotypes and
continuous responses varies in average daily protein, fat, and carbohydrate intake groups, we added
(dietary macronutrient quantile) x (genotype) interaction terms to the multivariate linear regression
models. These models were adjusted for age, sex, BMI (when applicable), total average energy intake
(kcal/day), and physical activity. The Huber-White robust standard errors (HC1) were calculated.
Model fit was estimated using R-squared values plus adjusted R-squared values. Some of the models
were optimized by a stepwise backward elimination based on the Akaike information criterion (AIC).
The statistical significance level was set at <0.05 for all 2-sided tests and multivariate comparisons.
All calculations were prepared in R (version 4.0.2) [24].

3. Results

Our analysis identified 411 participants (50.2%) as having prediabetes or diabetes, without any
previously known history of glucose homeostasis disturbance.

For the diet-gene interaction analysis, we included data from 819 subjects (Supplementary
Figure S1). The general clinical characteristics of the studied population are presented in Table 1,
and characteristics stratified by investigated genotypes are presented in Tables 2—4. No significant
deviation from the Hardy-Weinberg equilibrium was observed for any of the investigated SNPs
(p>0.05). Among the investigated FTO SNPs, some of the loci were in very strong linkage
disequilibrium (D’ = 1.0 for rs8050136 and rs9939609) [25], so we present results for rs8050136.

Based on the demographic, anthropometric, behavioral (food intake and physical activity),
and laboratory data, we observed that GG genotype carriers of rs3751812 (Table 2) and CC genotype
carriers of rs8050136 (Table 3) presented significantly lower hip circumference. We also found that
carriers of the TT rs8044769 genotype had the highest total cholesterol levels, and CT carriers presented
the lowest percentage of daily energy intake from fat (Table 4).

We did not observe any other significant differences between studied genotypes; however,
wenoticed a tendency toward higher BMI, total body fat content, and waist circumference in TT genotype
carriers of rs3751812 (Table 2) and AA genotype carriers of rs8050136 (Table 3). Between carriers
of investigated genetic variants in rs8044769, we noted a tendency for differences in low-density
lipoprotein cholesterol (LDL-cholesterol) concentration and daily physical activity level (Table 4).

3.1. Dietary Assessment

The 3-day food diaries were available from 662 subjects from the general cohort group and from
490 subjects who were genotyped for the investigated FTO SNPs. We did not find any differences
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between genotypes and dietary habits, except for the rs8044769 SNP. The heterozygous CT genotype
carriers presented the lowest percentage of energy intake provided from dietary fat (Table 4).

We analyzed the interactions between dietary macronutrient intake and individual genotypes
and their effect on continuous responses using multivariable linear regression models with the
(dietary macronutrient quantile) X (genotype) interaction term. We observed that the association
between selected genotypes and variables describing body composition (weight, BMI, and free fat
mass) and the patient’s glycemic status (fasting glucose levels) varied in different dietary groups,
confirming the hypothesis that the effects of diet and genotypes interact. The differences in median
values of the selected responses and the interquartile ranges (IQRs) in different genotypic and dietary
strata are presented using boxplots in the figures. These results were significant after adjustment for
age, sex, BMI (where applicable), and total energy intake.

Table 1. Study group characteristics.

Study Group Characteristics

N 819
Age 42.1 (14.5)
Female/male (%) 52.5/47.5
BMI (kg/m?) 28.5 (6.6)
<25.0 273 (33.9%)
25.0-29.9 278 (34.5%)
>30.0 255 (31.6%)
Total body fat content (kg) 27.1(13.8)
Total body fat content (%) 31.4 (9.6)
Waist circumference (cm) 96.2 (17.2)
Hip circumference (cm) 103.3 (12.7)
WHR 0.928 (0.088)
Visceral fat (cm?3) 108.4 (80.6)
Visceral fat (%) 37.1(12.1)
Subcutaneous fat (cm?) 167.9 (81.7)
Subcutaneous fat (%) 62.8 (12.3)
Visceral/subcutaneous fat ratio 0.669 (0.443)
Total cholesterol 195.4 (46.1)
HDL 59.7 (14.9)
LDL 112.0 (40.0)
TG 118.8 (95.1)
Fasting blood glucose level (mg/dL) 98.8 (23.9)
History of prediabetes or diabetes
Yes 411 (50.2%)
No 408 (49.8%)
Dietary assessment (n) 490
Daily energy intake (kcal) 1792.5 (697.4)
Daily energy from protein (%) 18.9 (4.8)
Daily energy from fat (%) 31.2(7.5)
Daily energy from carbohydrates (%) 47.6 (8.6)
Daily physical activity level
Low 60 (7.3%)
Moderate 173 (21.1%)
High 586 (71.6%)

Data presented as mean and standard deviation (SD). BMI, body mass index; HDL, high-density lipoprotein; LDL,
low-density lipoprotein; TG, triglycerides; WHR, waist-hip ratio.

3.2. Association of rs3751812 Genetic Variants with Obesity, Anthropometric Measures, Lipid Profile,
and Dietary Intake

The comparison between genotypes showed that carriers of the GG genotype presented lower
body weight (Figure 1A), BMI (Figure 1B), total body fat content (Figure 1C), and hip (Figure 1D)
and waist (Figure 1E) circumference, but higher total cholesterol (Figure 1F) and LDL-cholesterol
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(Figure 1G) levels, when compared to the GT genotype carriers, and lower body weight (Figure 1A),
BMI (Figure 1B), and hip (Figure 1D) and waist (Figure 1E) circumference when compared to the TT
genotype carriers.

Table 2. Characteristics of participants stratified by rs3751812 genotypes.

1s3751812 G/G G/T T/T p-Value *
N 211 420 181
Genotype frequency 0.26 0.52 0.22 >0.05
Age 40.5 (14.2) 41.2 (14.7) 39.5 (14.3) 0.33
Female (%) 53.8% (0.49) 53.8% (0.50) 47.8% (0.50) 0.36
BMI (kg/m?) 27.6 (6.0) 28.7 (6.8) 28.9 (6.8) 0.060
<25.0 81 (38.8%) 136 (32.9%) 53 (29.9%)
25.0-29.9 69 (33.0%) 141 (34.1%) 66 (37.3%) 0.410
>30.0 59 (28.2%) 136 (32.9%) 58 (32.8%)
Total body fat content (kg) 25.3 (12.4) 27.6 (13.8) 28.2 (15.2) 0.080
Total body fat content (%) 30.6 (9.1) 31.8(9.6) 31.6 (10.3) 0.377
Waist circumference (cm) 94.3 (17.5) 96.7 (17.2) 97.5 (16.7) 0.054
Hip circumference (cm) 101.3 (12.4) 104.2 (13.0) 103.8 (12.5) 0.008
WHR 0.927 (0.091) 0.925 (0.088) 0.937 (0.085) 0.327
Visceral fat (cm?) 103.0 (81.0) 110.0 (79.9) 112.3 (83.0) 0.379
Visceral fat (%) 36.4 (11.8) 37.5(12.4) 37.2(11.7) 0.587
Subcutaneous fat (cm?) 163.5 (83.1) 167.2 (80.5) 175.0 (82.7) 0.401
Subcutaneous fat (%) 63.7 (11.7) 62.3 (12.9) 62.8 (11.7) 0.557
Visceral/subcutaneous fat ratio 0.642 (0.406) 0.687 (0.475) 0.665 (0.413) 0.554
Total cholesterol 202.7 (56.0) 191.7 (41.3) 194.0 (43.2) 0.070
HDL 60.7 (14.1) 59.8 (15.6) 59.5 (14.5) 0.662
LDL 117.3 (43.3) 109.4 (37.8) 111.2 (41.8) 0.095
TG 123.8 (143.9) 111.9 (69.7) 116.3 (61.9) 0.289
Blood glucose level during OGTT
(mg/dL)
0 min 96.8 (24.1) 95.6 (18.3) 97.1 (20.8) 0.914
30 min 147.0 (44.3) 145.0 (31.6) 150.1 (35.6) 0.312
60 min 132.3 (56.0) 129.5 (46.3) 134.2 (46.3) 0.380
120 min 100.7 (46.1) 99.1 (32.1) 98.8 (31.0) 0.621
History of prediabetes or diabetes
Yes 103 (48.8%) 209 (49.8%) 95 (52.5%) 0.751
No 108 (51.2%) 211 (50.2%) 86 (47.5%) :
Dietary assessment (n) 126 259 101
Daily energy intake (kcal) 1807.2 (732.3) 1766.9 (676.0) 1837.4 (713.4) 0.849
Daily energy from protein (%) 18.7 (4.4) 19.0 (4.9) 19.1 (4.9) 0.901
Daily energy from fat (%) 31.2(7.2) 30.9 (7.5) 31.9 (7.8) 0.568
Daily energy from carbohydrates (%) 47.6 (7.7) 47.8(9.1) 46.8 (8.5) 0.662
Daily physical activity level
Low 16 (7.6%) 25 (6.0%) 18 (9.9%)
Moderate 50 (23.7%) 83 (19.8%) 40 (22.1%) 0.302
High 145 (68.7%) 312 (74.3%) 123 (68.0%)

Data presented as mean and standard deviation (SD), number of observations, and frequency. BMI, body mass index;
HDL, high-density lipoprotein; LDL, low-density lipoprotein; OGTT, oral glucose tolerance test; TG, triglycerides;
WHR, waist-hip ratio. * Holm-adjusted Kruskal-Wallis/ANOVA p-values.

Based on the analysis of the interactions between rs3751812 genotypes and carbohydrate intake,
we observed that GG genotype carriers presented lower body weight (Figure 2A), BMI (Figure 2B),
fat-free mass levels (Figure 2C), subcutaneous fat content (Figure 2D), and waist (Figure 2E) and hip
(Figure 2F) circumference, as well as lower fasting blood glucose (Figure 2G) and higher HDL-cholesterol
(Figure 2H) levels, when they were stratified to the group with higher than median carbohydrate intake.
Moreover, we noted that TT carriers in the group with higher than median carbohydrate intake presented
lower fasting insulin levels (Figure 2I) and HOMA-IR values (Figure 2J) compared to participants who
were stratified to the group with lower than median carbohydrate intake. The interaction effect of
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(carbohydrate diet group) X (rs3751812 genotype) on body composition, anthropometric measures,
and lipid profile was statistically significant with p-value < 0.05.

Table 3. Characteristics of participants stratified by rs8050136 genotypes.

18050136 C/C A/C A/A p-Value *
N 209 424 182
Genotype frequency 0.26 0.52 0.22 >0.05
Age 40.2 (14.1) 41.3 (14.8) 39.4 (14.3) 0.24
Females (%) 54.3% (0.49) 53.4% (0.49) 47.7% (0.50) 0.36
BMI (kg/m?) 27.6 (6.1) 28.7 (6.8) 28.9 (6.8) 0.063
<25.0 80 (38.6%) 138 (33.2%) 54 (30.2%)
25.0-29.9 69 (33.3%) 140 (33.7%) 67 (37.4%) 0.422
>30.0 58 (28.0%) 138 (33.2%) 58 (32.4%)
Total body fat content (kg) 25.3(12.4) 27.5(13.8) 28.2(15.2) 0.095
Total body fat content (%) 30.6 (9.1) 31.8(9.6) 31.6 (10.4) 0.465
Waist circumference (cm) 94.2 (17.6) 96.7 (17.2) 97.4 (16.6) 0.053
Hip circumference (cm) 101.2 (12.5) 104.1 (13.0) 103.8 (12.4) 0.008
WHR 0.927 (0.092) 0.925 (0.088) 0.936 (0.085) 0.382
Visceral fat (cm?) 103.3 (81.5) 110.2 (80.0) 111.8 (82.5) 0.381
Visceral fat (%) 36.4 (11.7) 37.6 (12.5) 37.1(11.6) 0.570
Subcutaneous fat (cm®) 163.7 (83.5) 166.9 (80.8) 175.3 (83.1) 0.405
Subcutaneous fat (%) 63.7 (11.6) 62.2 (13.0) 62.9 (11.6) 0.540
Visceral/subcutaneous fat ratio 0.641 (0.404) 0.690 (0.477) 0.662 (0.410) 0.536
Total cholesterol 201.9 (56.1) 192.1 (41.4) 193.7 (43.1) 0.153
HDL 60.8 (14.0) 59.6 (15.7) 59.7 (14.4) 0.422
LDL 116.3 (43.3) 109.9 (37.9) 111.1 (41.8) 0.189
TG 124.1 (144.3) 113.2 (71.1) 115.1 (61.3) 0.491
Blood glucose level during OGTT
(mg/dL)
0 min 96.8 (24.2) 95.8 (18.5) 96.8 (20.4) 0.922
30 min 146.6 (44.5) 145.2 (31.7) 150.1 (35.4) 0.263
60 min 131.7 (56.4) 129.9 (46.1) 133.9 (46.1) 0.413
120 min 100.2 (46.3) 99.3 (32.2) 98.6 (30.9) 0.493
History of prediabetes or diabetes
Yes 100 (47.8%) 213 (50.2%) 96 (52.7%) 0.628
No 109 (52.2%) 211 (49.8%) 86 (47.3%) ’
Dietary assessment (n) 103 264 123
Daily energy intake (kcal) 1820.5 (734.9) 1759.6 (673.3) 1853.9 (716.3) 0.645
Daily energy from protein (%) 18.7 (4.5) 19.0 (4.9) 19.0 (4.9) 0.855
Daily energy from fat (%) 31.2(7.2) 30.9 (7.5) 31.9(7.8) 0.506
Daily energy from carbohydrates (%) 47.6 (7.7) 479 (9.1) 46.8 (8.4) 0.572
Daily physical activity level
Low 16 (7.7%) 25 (5.9%) 19 (10.4%)
Moderate 50 (23.9%) 83 (19.6%) 40 (22.0%) 0.179
High 143 (68.4%) 316 (74.5%) 123 (67.6%)

Data presented as mean and standard deviation (SD), number of observations, and frequency. BMI, body mass index;
HDL, high-density lipoprotein; LDL, low-density lipoprotein; OGTT, oral glucose tolerance test; TG, triglycerides;
WHR, waist-hip ratio. * Holm-adjusted Kruskal-Wallis/ANOVA p-values.
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Table 4. Characteristics of participants stratified by rs8044769 genotypes.

rs8044769 C/C C/T T/T p-Value *
N 270 406 138
Genotype frequency 0.33 0.50 0.17 >0.05
Age 404 (14.8) 412 (14.6) 39.6 (13.7) 0.54
Females (%) 51.8% (0.50) 51.9% (0.50) 56.2% (0.49) 0.65
BMI (kg/m?) 285 (6.8) 28.7 (6.7) 27.8 (6.1) 0.534
<250 88 (33.2%) 131 (32.8%) 51 (37.5%)
25.0-29.9 (kg/m?) 92 (34.7%) 143 (35.8%) 43 (31.6%) 0.862
>30.0 (kg/m?) 85 (32.1%) 126 (31.5%) 42 (30.9%)
Total body fat content (kg) 27.7 (15.0) 27.2 (13.6) 25.8 (11.9) 0.676
Total body fat content (%) 31.7 (10.1) 31.4 (9.6) 31.1 (9.0) 0.893
Waist circumference (cm) 96.2 (17.2) 96.8 (17.3) 94.6 (16.8) 0.429
Hip circumference (cm) 103.3 (12.6) 104.0 (13.0) 101.5 (12.2) 0.189
WHR 0.928 (0.089) 0.927 (0.088)  0.929 (0.089) 0.980
Visceral fat (cm3) 109.2 (78.3) 110.3 (83.7) 99.8 (72.5) 0.648
Visceral fat (%) 37.7 (11.8) 36.9 (12.3) 36.4 (12.0) 0.617
Subcutaneous fat (cm®) 168.6 (83.3) 169.7 (82.4) 160.9 (74.2) 0.773
Subcutaneous fat (%) 62.3 (11.8) 63.0 (12.8) 63.7 (11.8) 0.598
Visceral/subcutaneous fat ratio 0.689 (0.492) 0.662 (0.421) 0.641 (0.408) 0.590
Total cholesterol 193.8 (40.1) 191.7 (42.7) 206.7 (62.7) 0.029
LDL 111.0 (38.6) 109.6 (38.7) 119.8 (46.5) 0.058
HDL 60.7 (14.7) 59.2 (15.5) 60.4 (13.8) 0.176
TG 110.5 (58.7) 114.6 (73.4) 132.6 (170.6) 0.689
Blood glucose level during OGTT
(mg/dL)
0 min 96.6 (20.0) 96.1 (21.0) 96.0 (20.1) 0.910
30 min 149.6 (35.1) 143.7 (32.0) 148.8 (47.8) 0.229
60 min 133.3 (45.4) 128.7 (47.3) 133.5 (59.3) 0.303
120 min 98.6 (31.8) 99.3 (30.7) 100.6 (53.0) 0.147
History of prediabetes or diabetes
Yes 143 (53.0%) 201 (49.5%) 64 (46.4%) 0.420
No 127 (47.0%) 205 (50.5%) 74 (53.6%) -
Dietary assessment (n) 157 248 83
Daily energy intake (kcal) 1775.7 (646.2) 1792.7 (735.8) 1816.0 (686.3) 0.791
% of daily energy from protein 18.9 (4.8) 19.2 (5.0) 18.4 (4.1) 0.608
% of daily energy from fat 32.5(7.3) 30.1 (7.5) 31.9 (7.4) 0.005
% of daily energy from carbohydrates 46.5 (8.5) 48.3 (8.9) 47.1(8.1) 0.164
Daily physical activity level
Low 23 (8.5%) 26 (6.4%) 10 (7.2%)
Moderate 55 (20.4%) 77 (19.0%) 41 (29.7%) 0.060
High 192 (71.1%) 303 (74.6%) 87 (63.0%)

Data presented as mean and standard deviation (SD), number of observations, and frequency. BMI, body mass index;
HDL, high-density lipoprotein; LDL, low-density lipoprotein; OGTT, oral glucose tolerance test; TG, triglycerides;
WHR, waist-hip ratio. * Holm-adjusted Kruskal-Wallis/ ANOVA p-values.

Our further analysis showed that GG carriers in the group with lower than median protein intake
presented lower blood glucose levels at 60 (Figure 3A) and 120 min (Figure 3B) of OGTT, while TT
genotype participants in the group with higher than median protein intake presented higher insulin
levels at 60 min (Figure 3C). We also observed higher insulin levels at 120 min of OGTT in GG and
TT genotype carriers stratified to the group with higher than median protein intake (Figure 3D).
The heterozygous GT genotype carriers in the group with lower than median dietary protein intake
presented lower body weight (Figure 3E), BMI (Figure 3F) and total body (Figure 3G) and subcutaneous
(Figure 3H) fat content. Using linear modeling, we found a significant interaction effect of (protein diet
group) X (rs3751812 genotype) on body composition (p-value < 0.05) and blood glucose and insulin

levels (p-value < 0.01) at 60 and 120 min of OGTT.
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Analyzing the dietary fat intake, we noted that carriers of the GG genotype stratified to the group
with lower than median fat intake presented lower subcutaneous (Figure 4A) and visceral (Figure 4B)
fat content. Surprisingly, we observed that GT genotype carriers showed higher HDL levels (Figure 4C)
when they were stratified to the group with higher than median fat intake. We did not observe any
other association with dietary fat intake. The interaction effect of (fat diet group) X (rs3751812 genotype)
on subcutaneous and visceral fat content was statistically significant, with p-value < 0.01, as well as on
HDL levels (p-value < 0.002).
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Figure 4. Association of dietary fat intake <30% and >30% of total daily energy intake with (A) SAT
(cm®), (B) VAT (cm®), and (C) HDL level (mg/dL) in FTO rs3751812 genotype carriers.

3.3. Association of rs8050136 Genetic Variants with Obesity, Anthropometric Measures, Lipid Profile,
and Dietary Intake

Our analysis showed that CC genotype carriers presented significantly lower body weight
(Figure 5A), BMI (Figure 5B), and waist (Figure 5D) and hip (Figure 5E) circumference compared to
TT, and significantly lower BMI (Figure 5B), total body fat content (Figure 5C), and hip (Figure 5E)
circumference when compared to CT genotype carriers.

Based on the analysis of the interactions between rs8050136 genotypes and carbohydrate intake,
we observed that CC genotype carriers in the group with higher than median carbohydrate intake
presented lower body weight (Figure 6A), fat-free body mass level (Figure 6B), skeletal muscle mass
content (Figure 6C), subcutaneous fat content (Figure 6D), and waist circumference (Figure 6E) and
higher HDL-cholesterol level (Figure 6F). The interaction effect of (carbohydrate diet group) x (rs8050136
genotypes) on body composition (p-value < 0.05) and HDL (p-value < 0.01) was statistically significant.
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We observed that AC genotype carriers stratified to the group with lower than median protein
intake presented lower body weight (Figure 7A), BMI (Figure 7B), total body fat content (Figure 7C),
and subcutaneous fat content (Figure 7D). Additionally, we noticed that CC genotype carriers who were
stratified to the group with higher than median protein intake presented higher blood glucose levels
at 60 min (Figure 7E) and 120 min (Figure 7F) of OGTT. Higher insulin levels were observed in AA
genotype carriers at 60 min (Figure 7G) and 120 min (Figure 7H) of OGTT, and in CC genotype carriers
at 120 min (Figure 7H) of OGTT. The interaction effect of (protein diet group) x (rs8050136 genotypes)
on body composition, anthropometric measures, and lipid profile was statistically significant with
p-value < 0.05.

The analysis of dietary fat intake showed that carriers of the CC genotype stratified to the group
with lower than median fat intake presented surprisingly higher subcutaneous fat content (Figure 8A)
and lower visceral fat content (Figure 8B), as well as lower VAT/SAT ratio (Figure 8C). In AA genotype
carriers, we noticed similar tendencies (Figure 8A,C). In carriers of the AC genotype stratified to the
group with higher than median fat intake, we observed higher HDL-cholesterol levels (Figure 8D)
compared to those who were stratified to the group with lower than median fat intake. The interaction
effect of (fat diet group) X (rs3751812 genotype) on subcutaneous and visceral fat content as well as it
ratio was statistically significant with p-value < 0.01, the interaction effect on HDL was the largest,
with the p-value of 0.001.
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3.4. Association of rs8044769 Genetic Variants with Obesity, Anthropometric Measures, Lipid Profile, and
Dietary Intake

The TT genotype carriers of rs8044769 presented significantly higher total cholesterol (Figure 9A)
and LDL-cholesterol (Figure 9B) levels when compared to CT genotype carriers, and similar marginally
significant results were noted between TT and CT genotype carriers (Figure 9A,B).

A 8

o0s2 008

Figure 9. Association of FTO genotypes rs8044769 with (A) total cholesterol level (mg/dL) and (B) LDL
level (mg/dL).

The gene-diet interaction analysis showed that TT and CT genotype carriers presented higher
body weight (Figure 10A), BMI (Figure 10B), fat-free body mass (Figure 10C), and waist circumference
(Figure 10D) when they were stratified to the group with lower than median carbohydrate intake.
Homozygous TT carriers in the group with lower than median carbohydrate intake also presented
lower HDL-cholesterol levels (Figure 10E) and surprisingly higher skeletal muscle mass content
(Figure 10F). We did not notice any association between percentage of daily energy intake provided
from carbohydrates and investigated metabolic parameters in CC genotype carriers. The interaction
effect of (carbohydrate diet group) x (rs8044769 genotype) on body composition, anthropometric
measures, and HDL was statistically significant with p-value < 0.05.

Among individuals in the group with higher than median protein intake, we observed that
heterozygous CT carriers showed higher body weight (Figure 11A), BMI (Figure 11B), total body
fat content (Figure 11C), subcutaneous fat content (Figure 11D), waist circumference (Figure 11E),
and hip circumference (Figure 11F). In addition, we noted that both CC and TT homozygous carriers
presented higher insulin concentration at 120 min (Figure 11G); however, higher fasting blood glucose
levels (Figure 11H) and blood glucose levels at 30 min (Figure 11I), 60 min (Figure 11J), and 120 min
(Figure 11K) of OGTT were noted only in TT genotype carriers stratified to the group with higher
than median protein intake. We noted significantly higher values of HOMA-IR in TT genotype
carriers, and the same tendency in CC genotype carriers, when dietary protein provided >18% of total
energy compared to subjects who were stratified to the group with lower than median protein intake
(Figure 11L). The interaction effect of (protein diet group) x (rs8044769 genotype) on body composition,
and blood glucose and insulin levels was statistically significant with p-value < 0.05.
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An association with dietary fat intake was observed in carriers of the heterozygous CT genotype
stratified to the group with higher than median fat intake, who presented higher fat-free body mass
content (Figure 12A). TT genotype carriers had higher visceral fat content (Figure 12B) and lower
subcutaneous fat content (Figure 12C) when they were stratified to the group with higher than median
dietary fat intake compared to carriers of the same genotype in the group with lower than median
dietary fat intake. The interaction effect of (fat diet group) X (rs8044769 genotype) on subcutaneous
and visceral fat content was statistically significant with p-value < 0.05.
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Figure 12. Association of dietary fat intake <30% and >30% of total daily energy intake with (A) fat-free
body mass (kg), (B) SAT (cm®), and (C) VAT (%) in FTO rs8044769 genotypes carriers.

4. Discussion

Over the past few decades, public awareness in the field of nutrition and physical activity
has increased, but obesity and its comorbidities are still serious international health problems [26].
It is widely known that the FTO gene is an established genetic susceptibility locus for the risk of
obesity development [27]. However, the association between the FTO gene and dietary factors is
still unclear and there is a scientific need to investigate the associations between environmental and
genetic risk factors and their interactions and roles in obesity development and treatment. In our
study, we demonstrated an interplay between FTO genetic variants and dietary carbohydrate, protein,
and fat intake, and the impact of these interactions on body weight, body fat content and distribution,
and other anthropometric measures, as well as on glucose homeostasis and lipid profile, in a Polish
population of adults. For our study, we chose some of the most common SNPs based on previously
published results [25-27].

We observed a protective effect of the GG genotype of rs3751812 against obesity, but GG genotype
carriers presented higher total cholesterol and LDL-cholesterol levels. It was shown previously that
FTO rs3751812 risk allele T is related to increased BMI and body fat distribution compared to the
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protective allele G [28]. However, our results indicate that carrying the GG genotype leads to more
beneficial effects if more than 48% of total diet energy comes from carbohydrates; then, we could
observe significantly lower obesity-related parameters. We did not notice any difference in total
body fat content, and lower body weight and BMI could be associated with noted lower fat-free
mass. Nevertheless, we did not observe any adverse effects of lower fat-free mass content, since we
also noted lower fasting glucose and higher HDL-cholesterol concentration. The impact of the TT
genotype, which appears to be a risk genotype for obesity, seems to not be related to carbohydrate
intake, except for the associations with fasting insulin concentration and HOMA-IR level.

We also noted associations between dietary protein intake, SNPs, and metabolic parameters for
all investigated genetic variants of rs3751812, indicating that we can observe more beneficial results
if dietary protein provides no more than 18% of total daily energy intake. These observations are
worth underlining, especially in light of the current interest in high-protein diets. Based on the results
that we noted for high-risk TT genotype carriers (rs3751812) in the group with higher than median
protein intake, including higher post-absorptive insulin levels and higher fasting insulin concentrations
and HOMA-IR levels in subjects in the group with lower than median carbohydrate intake, we can
hypothesize that these individuals should avoid high-protein, low-carbohydrate diets. It is also
worth noting that for TT genotype subjects, we did not observe any differences or adverse effects
that would depend on dietary fat intake. Moreover, it has already been found that carriers of minor
allele T rs3751812 present a lower risk of obesity when they adhere better to a Mediterranean diet,
which consists of higher daily consumption of fats, especially from olive oil and nuts [29]. We noted an
association with dietary fat intake only in GG and GT genotypes carriers for body fat distribution and
HDL-cholesterol level. In these subjects, if daily energy intake derived from fat was more than 30%,
we could observe higher visceral and subcutaneous fat content.

Our study also shows significant associations of FTO SNPs in rs8050136 with the investigated
markers of obesity. The CC genotype has been shown to play a protective role, and CC genotype carriers
presented significantly lower body weight, BMI, total body fat content, and waist and hip circumference.
Our observations are in line with results from previous studies [30-33]. Although numerous studies have
shown an association of SNPs in rs8050136 with higher values of BMI and waist and hip circumference,
the impact of dietary intake on this association is still unclear. In our study, we did not notice any crucial
differences in daily dietary macronutrient intake between genotypes. Nevertheless, we observed that
CC genotype subjects were more susceptible to the beneficial effects when carbohydrate in their diets
provided more than 48% of total daily energy intake and no more than 18% came from dietary protein.
Moreover, dietary fat should be limited to less than 30% of total daily energy intake to avoid visceral
fat accumulation in these subjects. We also observed that AC genotype carriers of rs8050136 stratified
to the group with lower than median dietary fat intake presented lower HDL-cholesterol levels.
Bego et al. [34] observed that the risk A allele of rs8050136 was significantly associated with decreased
HDL-cholesterol levels in control subjects in type 2 diabetes studies. We did not notice differences
between studied genotypes, but surprisingly, we observed lower HDL-cholesterol concentrations in
AC genotype carriers only when they followed a diet with less than 30% of energy from dietary fat.
In these subjects, when dietary fat provided more than 30% of total energy, then HDL concentrations
were significantly higher, without any differences in total cholesterol or LDL-cholesterol levels. We did
not evaluate the source of fat, if the diet was rich in saturated or unsaturated fatty acids, or what could
explain our observations, because it is well known that various types of fatty acids have different
impacts on plasma lipid concentrations [35].

We observed that dietary protein intake might have an impact on obesity-related parameters
only in heterozygous CA carriers of rs8050136, while in AA and CC genotype carriers, on glucose
homeostasis-related markers, and in all cases, beneficial effects were noted when dietary protein
provided no more than 18% of total daily energy intake. It has already been reported by Park et al. that
the association of the rs8050136 risk variant may be partially mediated by macronutrient intake [36],
but only the association with percentage of energy derived from fat has been detected.
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The analysis of differences between genetic variants of rs8044769 showed only that TT genotype
carriers presented higher total and LDL-cholesterol levels. We did not notice any other differences
between genotypes; however, TT and CT genotype carriers presented lower body weight, BMI,
and waist circumference and higher HDL-cholesterol levels when more than 48% of total daily energy
was derived from carbohydrates, even if fat-free mass and skeletal muscle mass were also significantly
lower. The obesity-related parameters seemed to be associated with dietary protein intake only in
heterozygous CT carriers and in TT genotype carriers with glucose homeostasis-related parameters.
All of the noted associations were more beneficial if daily energy derived from dietary protein intake
did not exceed 18%. Moreover, our study suggests that CT and TT genotype carriers should also not
consume dietary fat exceeding 30% of total daily energy intake, to avoid visceral fat accumulation.
We did not observe any significant associations for CC genotype carriers that could depend on dietary
protein or fat intake, except insulin levels at 120 min of OGTT, which were significantly higher in
subjects stratified to the group with higher than median protein intake. There is a very limited number
of available studies on FTO rs8044769 genetic variants, and some of them present these variants
as BMI-associated SNPs [37,38], but in others, the authors did not observe such a relationship [39].
Moreover, considering the fact that all associations can vary with ethnicity, gender, dietary intake,
and some other factors, studies in larger and more diverse populations are needed.

The present study has several strengths. As far as we know, this is one of the first studies
to present interactions between FTO SNPs rs3751812, rs8044769, rs8050136, and rs9939609 and
macronutrient intake, and the effect of these relationships on obesity and obesity-related complications.
Another strength of our study is that it is based on a relatively large population. It is also worth
noting that it has been shown that FTO genetic variants may influence dietary factors [14,40-42] or
dietary fat intake [36,43,44], while other studies did not confirm these associations [12,15]. In general,
we did not observe any significant differences in macronutrient intake between studied genotypes,
which can also be interpreted as a strength of our study, because we can exclude the possibility that
our results might be affected by the impact of different macronutrient intake on gene expression and
the activation of different metabolic pathways. Nevertheless, several limitations of our study also
need to be addressed. Some parts of our results are based on self-reported data, such as three-day
diaries of food intake, and it has been shown that obese people tend to underreport or misreport their
total dietary intake, especially fatty foods and foods rich in carbohydrates [45]. However, dietary
questionnaires are the only known implements available for large-scale population investigations so
far. Moreover, only Caucasian individuals were recruited for our study; therefore, in order to verify
our findings in other ethnic groups, the data should be replicated in other populations.

Our results, if confirmed in larger populations of different ethnic groups, may have also practical
clinical implications. Based on our observations, we can recommend that carriers of GG genotype of
rs3751812 and CC genotype of rs8050136 follow diets in which no less than 48% of daily energy intake
is derived from carbohydrates and no more than 30% from dietary fat. Moreover, carriers of TT and
CT genotypes of rs8044769 should avoid diets in which carbohydrates provide less than 48% of total
energy, whereas carriers of TT genotype should avoid diets in which proteins provide more than 18%
of total daily energy, to prevent glucose homeostasis disturbances. These recommendations seem to
be highly important, since we noticed that the mean amounts of macronutrients in the diets of the
investigated population were mostly less than 48% of total energy intake for carbohydrates, more than
30% for dietary fat, and more than 18% for proteins, which may have adverse effects for carriers of the
above-mentioned genotypes.

5. Conclusions

In conclusion, our findings provide new insights into the role of the interactions between diet and
FTO SNPs in the risk of obesity and its metabolic consequences. Advances in this field bring us closer
to the development of genome-customized diet recommendations to prevent obesity. Detecting FTO
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risk genotype carriers and modifying dietary intake according to the genetic profile may be a novel,
efficient strategy to prevent obesity development.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6643/12/11/3255/s1,
Figure S1: Study flowchart diagram.
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Abstract: Glaucoma, a leading cause of blindness, has multifactorial causes, including environmental
and genetic factors. We evaluated genetic risk factors of glaucoma with gene-gene interaction
and explored modifications of genetic risk with gene-lifestyles interaction in adults >40 years.
The present study included 377 subjects with glaucoma and 47,820 subjects without glaucoma in a
large-scale hospital-based cohort study from 2004 to 2013. The presence of glaucoma was evaluated
by a diagnostic questionnaire evaluated by a doctor. The genome-wide association study was
performed to identify genetic variants associated with glaucoma risk. Food intake was assessed
using a semiquantitative food frequency questionnaire. We performed generalized multifactor
dimensionality reduction analysis to construct polygenetic-risk score (PRS) and explored gene X
nutrient interaction. PRS of the best model included LIM-domain binding protein-2 (LDB2) rs3763969,
cyclin-dependent kinase inhibitor 2B (CDKN2B) rs523096, ABO rs2073823, phosphodiesterase-3A
(PDE3A) 1512314390, and cadherin 13 (CDH13) rs12449180. Glaucoma risk in the high-PRS group was
3.02 times that in the low-PRS group after adjusting for confounding variables. For those with low
serum glucose levels (<126 mg/dL), but not for those with high serum glucose levels, glaucoma risk in
the high-PRS group was 3.16 times that in the low-PRS group. In those with high carbohydrate intakes
(=70%), but not in those with low carbohydrate intakes, glaucoma risk was 3.74 times higher in the
high-PRS group than in the low-PRS group. The glaucoma risk was 3.87 times higher in the high-PRS
group than in the low-PRS group only in a low balanced diet intake. In conclusion, glaucoma risk
increased by three-fold in adults with a high PRS, and it can be reduced by good control of serum
glucose concentrations and blood pressure (BP) with a balanced diet intake. These results can be
applied to precision nutrition to reduce glaucoma risk.

Keywords: glaucoma; polygenetic-risk scores; gene-gene interaction; carbohydrate intake;
gene-nutrient interaction; precision medicine

1. Introduction

Glaucoma is the second most common cause of irreversible vision loss worldwide [1]. Glaucoma
is the result of optic neuropathies primarily caused by raised ocular pressure, and these neuropathies
promote the progressive degeneration of retinal ganglion cells to induce visual loss [1]. Although the
major risk factor of glaucoma is increased intraocular pressure, some glaucoma patients have recently
been reported to have normal ocular pressure [2]. The risk factors of glaucoma include intraocular
pressure, ocular perfusion pressure, ocular blood flow, myopia, central corneal thickness, and optic
disc hemorrhages [3]. Increased intraocular pressure is considered to be associated with serum glucose
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concentrations and blood pressure, but these relations remain controversial. Accumulating evidence
has shown that increased intraocular pressure is associated with T-cell-mediated autoimmunity [2].
Low-grade inflammation may initially induce an adaptive reaction of the retina to lead to excessive glial
reactions that increase adaptive immune responses. Furthermore, it has been suggested that activated
adaptive immunity contributes to progressive neural damage and the development of glaucoma [2].

Elevated intraocular pressure is associated with insulin resistance, which is a common feature
of metabolic syndrome [4,5]. However, the components of metabolic syndrome exhibit different
associations with intraocular pressure. Of these components, blood pressure is a well-known risk
factor of increased intraocular pressure. High fasting glucose levels and obesity are also associated
with the increment of intraocular pressure. On the other hand, the association between lipid profiles
and intraocular pressure has not been studied. However, in East Asians, few studies have addressed
the relationship between glaucoma and metabolic syndrome. Diabetes is an independent risk factor
of glaucoma [6,7], which is linked to the neurodegeneration caused by central insulin resistance [8].
Therefore, associations between glaucoma risk and systemic insulin resistance and metabolic syndrome
remain unclear due to inconsistencies between reported results.

Genetic and environmental factors influence the incidence of glaucoma. In particular, etiologic
studies have demonstrated its incidence is dependent on ethnicity, which implies genetic variations
play a critical role in glaucoma. More specifically, primary open-angle glaucoma is associated with
inflammation-related genes such as toll-like receptor 4 (TLR4) rs4986791 and rs2149356 [9] and
interleukin (IL)-10 rs1800871 and rs1800872 [10]. Glaucoma has been reported to be associated with
cell-cell adhesion via the activation of transforming growth factor-f signaling [11]. Moreover, since
open-angle glaucoma has been linked with insulin resistance, its incidence may have a positive
association with insulin/insulin-like growth factor signaling. Some studies have been conducted to
determine the effects of lifestyles, including nutrient intake, on glaucoma risk, and vitamin B1 and C and
retinol intakes have been reported to be negatively associated with glaucoma risk, whereas magnesium
intake is positively associated [12,13]. Interestingly, polyunsaturated fat intake with a higher ratio of
n-3 and n-6 fatty acids has been shown to increase the risk of primary open-angle glaucoma and is
suggested to be associated with the production of endogenous prostaglandin F2-« [14]. However,
reports on the relation between polyunsaturated fatty acid intake and glaucoma are inconsistent,
and smoking cessation, moderate aerobic exercise, a balanced diet, and coffee and tea intake have
been shown to protect against the development and progression of primary open-angle glaucoma [15].
These findings demonstrate that environmental factors can reduce the risk of glaucoma. Furthermore,
it is evident that environmental factors interact with genetic factors and that these gene-environmental
interactions have potential utility in precision medicine.

Here, we aimed to explore the polygenetic variants of glaucoma risk related to inflammation and
insulin resistance concerning gene-gene interactions and polygenetic variant and lifestyle interactions
in the middle-aged and elderly individuals.

2. Materials and Methods

2.1. Participants Recruitment

During 2004-2013, a total of 20,274 men and 38,371 women (total 58,645) aged >40 years
voluntarily participated in hospital-based city cohort studies (the Korean Genome and Epidemiology
Study (KoGES)) organized by the Korean Center for Disease and Control. All procedures of the KoGES
were performed according to the Declaration of Helsinki, and they were approved by the Institutional
Review Board of the Korean National Institute of Health for the KoGES (KBP-2015-055) and Hoseo
University (1041231-150811-HR-034-01). All subjects that participated in KoGES provided written
informed consent.
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2.2. Criteria of Glaucoma

Participants were asked whether they had received a diagnosis of glaucoma from a physician,
and those that answered affirmatively were considered to have primary glaucoma. A total of 10,448
participants did not answer the question about the glaucoma diagnosis, and they were eliminated in
the analysis.

2.3. Anthropometric and Biochemical Measurements

Information on age, education, income, smoking history and alcohol consumption, and physical
activity was collected during a health interview. Education level was divided into three groups: less than
high school, high school, and college or more. Household income (USD/month) was categorized as very
low (<$1000), low ($1000-$2000), intermediate ($2000-$4000), and high (>$4000) [16]. Smoking status
was divided into three categories: current smoker, past smoker, and never-smoker [16]. According to
average daily alcohol consumption, the participants were categorized into nondrinker, light drinker
(0-1g), moderate drinker (1-20 g), and heavy drinker (>20 g) (Table 1) [16]. Dairy product consumptions
(milk, yogurt, and cheese) were also obtained.

Table 1. Socioeconomic and lifestyle characteristics of the participants according to glaucoma presence.

Parameters Related to Non-Glaucoma Glaucoma Adjusted OR for Glaucoma Risk
Glaucoma (n = 47,820) (n=2377) (OR, 95% CI)
Age (years) ! 53.7 +5.5 582 +54" 3.325 (2.623-4.213) ™
Gender (number, male %) 16,193 (33.9) 171 (45.4) ™ 1.797 (1.430-2.257) ™
Education (number, %)
<High school 6417 (18.5) 66 (25.7) 1
High school 7689 (22.1) 60 (23.4) 1.060 (0.724-1.552)
College more 20,619 (59.4) 131 (51.0) 1.169 (0.821-1.665)
Income (number, %)
<$1000/m 4508 (9.94) 66 (18.5) ™" 1
$1000-$2000 9722 (21.4) 78 (21.9) 0.699 (0.496-0.986)
$2000-$4000 20,047 (44.2) 133 (37.4) 0.756 (0.542-1.053)
>$4000 11,084 (24.4) 79 (22.2) 0.895 (0.607-1.320)
Exercise (number, %)
No 21,531 (45.2) 145 (38.7) 1
Yes 26,144 (54.8) 230 (61.3) 1.216 (0.971-1.523)
Alcohol intake (number, %)
No 27,131 (56.7) 238 (63.1) " 1
Mild drink (0-20 g) 1048 (2.19) 5(1.33) 0.656 (0.269-1.600)
Moderate drink (>20 g) 19,641 (41.1) 134 (35.5) 0.789 (0.612-1.016)
Coffee intake (number, %)
Low (<3 cups/week) 18,037 (37.7) 156 (41.4) 1
Medium (3-16 cups/week) 29,329 (61.3) 218 (57.8) 1.030 (0.767-1.383)
High (>16 cups/week) 454 (0.95) 3(0.80) 0.903 (0.704-1.157)
Energy intake > (kcal) 1743 + 531 1719 + 516 0.848 (0.674-1.067)
CHO percent intake 3 71.7 £20.8 71.6 +20.0 1.037 (0.816-1.317)
Fat percent intake * 139 +8.7 141+ 8.0 1.137 (0.901-1.435)
Protein percent intake 5 13.4+58 133 +£5.6 0.919 (0.699-1.209)

The values represent means + standard deviations or number of the subjects (percentage of each group). The cutoff
points of the parameters were as follows: ! <55 years old, ? <estimated energy intake, > <70 energy % of carbohydrate
(CHO), # <15 energy % fat, and ° <15 energy % protein. Adjusted odds ratio (ORs) after adjusting for covariates
including gender, age, residence area, surveyed year, body mass index (BMI), smoking, alcohol, education, job,
income, energy intake, and arthritis and dermatitis medicine intake in logistic regression models. * Significant
differences by cataract at p < 0.05, " at p < 0.01, ™ p < 0.001.

Body weight, height, and waist circumference were measured using a standardized procedure [17].

Body mass index (BMI) was calculated by dividing weight in kilograms by the height (in meters) squared.
Blood was collected after an overnight fast, and plasma and serum samples were used for biochemical
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measurements [17]. Fasting serum glucose and blood hemoglobin Alc (HbAlc; glycated hemoglobin)
concentrations were determined using a Hitachi 7600 Automatic Analyzer (Hitachi, Tokyo, Japan).
Blood pressure was measured on the right arms at the heart level in a sitting position.

2.4. Assessment of Food and Nutrient Intakes Using a Semiquantitative Food Frequency Questionnaire (SQFFQ)

Dietary intakes were estimated using an SQFFQ developed and validated for the KoGES [18].
This questionnaire requested information about the consumption of specified food items.
The participants completed the SQFFQ. Based on the consumption of 103 food items, daily nutrient
intakes were calculated using data from a food intake nutrient database maintained by the Korean
Nutrition Society and the Computer-Aided Nutritional Analysis Program (CAN Pro) 3.0 (Seoul,
Korea) [18].

2.5. Genotyping and Quality Control

Genotype data were provided by the Center for Genome Science, Korea National Institute of Health.
Genomic DNA was extracted from whole blood, and genotypes were determined using the Affymetrix
Korean Chip (Affymetrix, Santa Clara, CA, USA) made available for scientific studies. This chip has
been previously used to study Korean genetic variants and included disease-related single-nucleotide
polymorphism (SNP) [19]. Genotyping accuracy of the SNP results was examined by Bayesian robust
linear modeling using the Mahalanobis distance (BRLMM) genotyping algorithm [20]. The genotype
results met genotyping accuracy of >98%, a missing genotype call rate of <4%, heterozygosity of
<30%, and show no gender bias. Genetic variants used for further analysis met the Hardy-Weinberg
equilibrium (HWE) (p > 0.05).

2.6. Identification of the Best Model for Gene-Gene Interactions by Generalized Multifactor Dimensionality
Reduction (GMDR) Method among the Genetic Variants Selected by Logistic Regression

A flow chart of the procedure used to calculate polygenetic-risk scores (PRSs) of glaucoma risk is
presented in Figure 1.

Participants were categorized as having glaucoma (n = 377) or not (n = 47,820); 10,448 participants
did not answer the question, and they were excluded. Logistic regression was performed to identify
genetic variants associated with glaucoma risk (p < 0.0001). Corresponding genes were identified using
scandb.org. Genes that interacted with insulin/insulin like-growth factor-1 (IGF-1) signaling related to
insulin resistance and inflammation that influence glaucoma risk were selected using genemania.org.
The 43 selected SNPs were subjected to generalized multifactor dimensionality reduction (GMDR)
analysis to explore gene-gene interactions associated with glaucoma risk. Linkage disequilibrium
(LD) analyses were performed on selected genetic variants in the same chromosome using Haploview
4.2 in PLINK (Boston, MA, USA). SNPs showing high LDs (2 > 0.4) were excluded as they provided
similar information on glaucoma risk. The best model for predicting gene-gene interactions that
influence glaucoma risk was selected by trained balanced accuracy (TRBA), testing balanced accuracy
(TEBA), and cross-validation consistency (CVC) using GMDR. The final 10 potential genetic variants
in the same chromosome included in the best model did not have a strong correlation in LD (1% < 0.4).
PRSs for the best model were calculated by summing the number of risk alleles for each selected SNP
in the best gene-gene interaction model. PRSs were divided into three categories by tertile; a high PRS
indicated the individual concerned had a high number of risk alleles.
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To make genotyping of 58,701 participants aged 40-79 years with Korean Chip Removed

in City cohorts of the Korean Genome and Epidemiology Study 10,448
subjects
. — due to no
| To select SNPs related with glaucoma by genome-wide association study ‘ answers for
(GWAS) in case (glaucoma) and confrol (without glaucoma) groups glaucoma
diagnosed
To select 8,189 SNPs to be involved in glaucoma selected from the GWAS at
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inflammation by genemania.org

)

To conduct linkage disequilibrium analyses in the same chromosome of the |
selected SNPs for GMDR and choose 10 SNPs with r° < 0.4 in LD analysis

'

To selection the best model for gene-gene interaction involved in glaucoma by
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'
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v

To analyze the association of glaucoma and genetic risk factor of the best
model and gene-lifestyle interaction

Figure 1. The flow chart to make polygenetic-risk scores to influence glaucoma risk. GMDR,
generalized multifactor dimensionality reduction; TRBA, trained balanced accuracy; TEBA, testing
balanced accuracy; CVC, cross-validation consistency.

2.7. Statistical Analyses

Statistical analysis was performed using PLINK v. 1.9. (http://zzz.bwh.harvard.edu/plink/; Boston,
MA, USA) and SAS (v. 9.3.; SAS Institute, Cary, NC, USA). The best gene-gene interaction model
was selected using a GMDR program and the signed-rank test using a p-value of <0.05 with TRBA
and TEBA with or without adjusting for covariates of age, gender, education, income level, and body
mass index [21]. Ten-fold cross-validation was used to check CVC since the sample size was greater
than 1000 [21]. From the best model determined by GMDR analysis, the number of the risk allele in
each SNP was counted in the selected best model [22]. For example, when the G allele had a positive
association with an increased risk of glaucoma, TT, GT, and GG were assigned scores of 0, 1, and 2,
respectively. PRSs were calculated by summing risk allele scores for each SNP included in the PRS for
the best model.

The descriptive statistics of categorical variables (e.g., gender and lifestyle) were calculated by PRS
tertile and designated as low, middle, or high. Frequency distributions of classification variables were
analyzed using the chi-squared test. Means and standard deviations were calculated for continuous
variables according to the PRS categories, and significant differences between groups were determined
by one-way analysis of variance (ANOVA) with or without adjustment for covariates. Tukey’s test was
used to performed multiple group comparisons.

The association between PRSs and glaucoma risk was investigated using logistic regression
analysis after adjusting for covariates. Odds ratios (ORs) and 95% confidence intervals (CI) were
analyzed using logistic regression analysis with low-PRS as a reference, after either adjusting for age,
gender, residence area, survey year, BMI, education, job, and income, or by adjusting age, gender,
residence area, survey year, smoking status, alcohol intake, education, job, income, energy intake,
physical activity, hypertension, milk intake, percent fat intake, percent carbohydrate intake, and arthritis
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and dermatitis medicine intake. To determine the interaction between PRSs and lifestyles and dietary
intakes, participants were categorized into higher or lower intake groups using the criteria defined by
50th percentiles of each variable. A multivariate interaction model was used to evaluate interactions
between PRSs and lifestyles and dietary intake after adjustment for covariates. p-values of <0.05 were
considered statistically significant.

3. Results

3.1. General Characteristics of Participants with Glaucoma

Participants with glaucoma (n = 377) were older than those without glaucoma (1 = 47,820).
Participants aged >55 years old had a 3.3-fold greater risk of glaucoma than those aged <55 years
old (Table 1), and men had a 1.8-fold higher risk than women (Table 1). Participants with a college
degree and a family income of >$2000/month had a lower prevalence of glaucoma than those with
less education and a lower income. However, education and income status were not significantly
associated with glaucoma risk after adjusting for covariates (gender, age, residence area, surveyed year,
BMI, smoking, alcohol, education, job, income, energy intake, and arthritis and dermatitis medicine
intake) (Table 1). Furthermore, daily regular exercise and alcohol intake had no significant association
with glaucoma risk after adjusting covariates, and coffee, energy, and nutrient intakes were similar in
those with or without glaucoma (Table 1).

3.2. Association between Glaucoma Risk and Metabolic Syndrome

Interestingly, participants with glaucoma had a 1.4-fold higher risk of metabolic syndrome than
those without glaucoma (Table 2). Regarding components of metabolic syndrome, fasting serum
glucose concentrations were significantly associated with glaucoma risk, but blood pressure, serum
lipid, and waist circumference were not (Table 2). Fasting serum glucose concentration and glycated
hemoglobin (HbA1C) were 1.5- and 1.7-fold higher, respectively, in those with glaucoma. Moreover,
serum C-reactive protein-1 concentrations (>0.8 mg/dL) increased glaucoma risk by 2.1-fold in those
with glaucoma (Table 2).

Table 2. The association of glaucoma risk and metabolic syndrome.

Components for Metabolic Syndrome Non-Glaucoma Glaucoma Adjusted OR for Glaucoma Risk

(n = 47,820 (n=377) (OR, 95% CI)
Metabolic syndrome ! (number, %) 6673 (14.0) 81 (21.5) ™ 1.361 (1.032-1.793) *
BMI 2 (kg/m?) 239 +2.8 23.8 +29 0.927 (0.736-1.167)
Waist circumferences 3 (cm) 80.6 + 8.7 80.8 + 8.4 0.971 (0.751-1.255)
Serum glucose * (mg/dL) 95.0 +20.2 100.1 +26.5 1.539 (1.182-2.003) ##
Blood HbA1c 5 (%) 57+07 59+09" 1.663 (1.170-2.364) ##
Serum total cholesterol © (mg/dL) 197 + 36 195 + 38 1.108 (0.867-1.417)
Serum HDL 7 (mg/dL) 544 +13.3 53.7 +12.8 1.181 (0.929-1.501)
Serum TG ® (mg/dL) 125 + 86 119+ 73 1.134 (0.901-1.428)
Serum BP ¥ (number, %) 11,627 (24.3) 138 (36.6) 1.225 (0.968-1.551)
Serum CRP-1 10 (mg/dL) 0.14+0.38 0.18 + 0.45 2.066 (1.221-3.496) #

The values represent adjusted means + standard deviations. Adjusted and means odds ratio (ORs) after adjusting
for covariates including gender, age, residence area, surveyed year, body mass index (BMI), smoking, alcohol,
education, job, income, energy intake, and arthritis and dermatitis medicine intake in logistic regression models.
The reference of cutoff points in the parameters were as follows: ! no metabolic syndrome, 2 <25 kg/m? body mass
index (BMI); 3 <90 and 85 cm waist circumferences for men and women, respectively; 4 <126 ml/dL fasting serum
glucose plus diabetic drug intake; > <6.5% glycated hemoglobin (HbA1c) plus diabetic drug intake; ® <230 mg/dL
serum total cholesterol concentrations; 7 >40 and >50 mg/dL serum high density lipoprotein (HDL) cholesterol
concentrations for men and women, respectively, and lipid-lowering drug; 8 <150 mg/dL serum triglyceride (TG)
concentrations; ? <130 mmHG systolic blood pressure (BP) and <90 mmHg diastolic BP and taking BP-lowering
drug; 1 <0.8 mg/dL high-sensitive C-reactive protein (CRP-1). * Significantly different between the Non-glaucoma
and Glucoma groups at *** p < 0.001. * Significantly different from the Non-glaucoma in multivariate logistic
regression at p < 0.05, # at p < 0.01.
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3.3. Selection of Genetic Variants Associated with Glaucoma Risk Using GMDR

Using the genetic variants selected for glaucoma risk by logistic regression, we used GMDR to
investigate gene-gene interactions for genetic variants. Ten genetic variants were included in the
GMDR analysis. The genetic characteristics of these 10 SNPs are presented in Table 3. Adjusted ORs of
seven SNPs were significantly greater than 1 and those of three SNPs were between 0 and 1 (Table 3).
All selected SNPs satisfied HWE criteria (p > 0.05).

Table 3. The characteristics of the ten genetic variants of genes related to glaucoma risk used for the
generalized multifactor dimensionality reduction analysis.

CHR'! SNP 2 Location ~ Mi? OR* p-Value for OR5  Genes Feature MAF® HWE’
4 rmedes  lessszs T o€ . 9.7.6-04 LDB2 inton 0120  0.082
7 151852542 42096521 T (12}1;627'25) 6.6.E-04 GLI3 intron 0.041 0.559
8 151020236 135543194  C (1_1};*3 ) 44.-04 ZEAT intron 0093 0732
9 w0 20019 G (o7 10.E-02 CDKN2B intron  0.134 0972
o momen wesie A% 0 7.6E-04 ABO inton 0215 0941
2 ssu0 2057977 T o0 - 1.8E-04 PDE3A inton  0.048 0558
1B sy w20 G T 78.E-05 TRPC4 intron 0041 0230
15 rslaloss o063 G 35504 IGFIR intron 0300 0226
16 siasls0 sz G A 1.3E-04 CDHI3 inton 0162 0162
18 90281 12658190 G o ) 3.6.E-04 SPIRE]  near-gene-9.300 0492

1 Chromosome; 2 Single-nucleotide polymorphism; 3 Minor allele; * Odds ratio and lower and upper ends of 95%
confidence interval; ° p-value for OR after adjusting for age, gender, residence area, survey year, body mass index,
daily energy intake, education, and income; ® Minor allele frequency; 7 Hardy-Weinberg equilibrium.

Of the 10 SNPs, the best model for gene-gene interactions included five genetic variants, including
LIM-domain binding protein 2 (LDB2) rs3763969, cyclin-dependent kinase inhibitor 2B (CDKN2B)
rs523096, ABO rs2073823, phosphodiesterase 3A (PDE3A) rs12314390, and cadherin 13 (CDH13)
rs12449180 after adjusting for age and gender (adjustment 1) and age, gender, survey year, residence
area, BMI (adjustment 2; Table 4). The model including these five SNPs had a TRBA of 0.6274 and a
TEBA of 0.5927 after adjusting for age, gender, survey year, residence area, and BMI (adjustment 2;
p <0.001), and CVC was 10/10 (Table S1). The TRBA, TEBA, and CVC in model 1 with the adjusting for
age and gender were similar to those in model 2 with adjustment of more covariates. In addition, the
model including the 10 SNPs had 0.7603 and 0.5283 of TRBA and TEBA, respectively, and CVC was
10/10 (p < 0.001) after adjusting for covariates. The results indicated these 5 and 10 genetic variants
exhibited gene-gene interactions that increased glaucoma risk. Since the model including five SNPs
met the significant gene-gene interaction with fewer SNPs, the model with five SNPs was better for
showing genetic impact for glaucoma risk.
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Table 4. Adjusted odds ratios for glaucoma, age-related cataract, and metabolic syndrome according to
the polygenetic risk scores (PRS) of the best model for gene-gene interaction after covariate adjustments.

Adjustment 1 Adjustment 2
Glaucoma-Related
Diseases Low-PRS Medium-PRS High-PRS Medium-PRS High-PRS
(n = 9245) (n = 31,227) (n = 6015) (n = 31,227) (n = 6015)
Glaucoma 1 1.814 2.937 1.815 3.021
(1.280-2.573)  (1.965-4.389) ***  (1.213-2.715)  (1.898-4.809) ***
Cataract 1 0.871 0.935 0.898 0.983
(0.767-0.988) (0.782-1.117) (0.771-1.045) (0.793-1.218)
Metabolic 1 0.992 1.004 0.984 1.037
syndrome (0.924-1.064) (0.910-1.108) (0.891-1.086) (0.903-1.192)
Tvpe 2 diabetes 1 0.879 0.951 0.873 0.930
P (0.805-0.959) *  (0.841-1.075)  (0.799-0.954)*  (0.821-1.053)
1.006 0.997 0.979 0.993
Blood pressure 1

(0.949-1.067) (0.919-1.082) (0.908-1.054) (0.894-1.103)

Values represent odd ratios and 95% confidence intervals. PRS was divided into three categories (0-3, 4-5, and >6)
by tertiles as the low, medium, and high groups, respectively. Low-PRS was the reference for both model 1 and
model 2. * Significantly different from low-PRS in logistic regression analysis at * p < 0.05, ** p < 0.01, *** p < 0.001.
Adjustment 1: adjusted for age, gender, residence area, survey year, body mass index (BMI), education, job,
and income. Adjustment 2: adjusted for age, gender, residence area, survey year, smoking, alcohol, education, job,
income, energy, activity, hypertension, milk, fat percent intake, carbohydrate percent intake, and arthritis and atopic
dermatitis medicine intake. * Significantly different from the Low-PRS in multivariate logistic regression at p < 0.05,
**atp <0.001.

3.4. A Positive Association between PRSs and Glaucoma Risk

PRS for the best model was generated and used to quantify the genetic risk of glaucoma.
A high-PRS increased glaucoma risk by 2.9- and 3.0-fold in models 1 and 2, respectively (Table 4).
Adjustment 1 and 2 in the best model included different covariates: adjustment 1 included age, gender,
residence area, survey year, BMI, education, job, and income as covariates, and adjustment 2 included
age, gender, residence area, survey year, smoking, alcohol, education, job, income, energy, activity,
hypertension, milk, fat percent intake, carbohydrate percent intake, and arthritis and atopic dermatitis
medicine intake. However, a high-PRS had no association with cataract risk (Table 4). PRSs were not
associated with the risk of metabolic syndrome or blood pressure in adjustment 1 or 2. Interestingly,
a medium-PRS, but not a high-PRS, was negatively associated with type 2 diabetes since SNPs for
the best model were selected from the insulin/IGF-signaling pathway. These results showed that a
high-PRS had a positive association with glaucoma risk.

3.5. Interaction between PRSs and Lifestyle in Glaucoma Risk

Age showed an interaction with PRSs to glaucoma risk. In participants aged >55 years, a high-PRS
had a much higher glaucoma risk than a low-PRS, but this was not observed in participants aged
<55 years (Table 5). The prevalence of glaucoma was much greater for those with a high-PRS than
for those with a low-PRS only in participants >55 years old (Figure 2A). Blood pressure (p = 0.011)
and hyperglycemia (p = 0.46) interacted with PRS (Table 5). A high-PRS was associated with greater
glaucoma risk than a low-PRS, particularly in participants with low blood pressure and normoglycemia
(Table 5). Glaucoma incidence was greater in a high-PRS than in a low-PRS in all participants, but the
incidence was much greater in the participants with hyperglycemia and hypertension (Figure 2B,C).
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Table 5. Adjusted odds ratios for the glaucoma risk by polygenetic risk scores (PRS) of the best model

and gene-environmental interactions after covariate adjustments.

Parameters for Low-PRS Medium-PRS High-PRS Gene-Nutrient Interaction
Glaucoma Risk (n = 14,420) (n = 21,641) (n = 4201) p-Value
Less aged people 1 1.575 (0.737-3.364) 2.577 (1.063-6.246) * 0.0092
More aged people ! 1.907 (1.185-3.068) 3.187 (1.844-5.506) ™ ’
Low BP 1 1.695 (1.024-2.805) 3.659 (2.092-6.399) 0.0106
High BP 2 1.999 (1.021-3.915) 1.751 (0.723-4.242) :
Low serum glucose -
A 1.791 (1.149-2.719) 3.165 (1.907-5.251)
High serum 1 2.020 (0.770-5.297) 2.195 (0.656-7.337) 0.0460
glucose
Low energy intake -
. , 2.456(1.404-4.293) 3.959 (2.113-7.417)
High energy intake ! 1.210(0.669-2.191) 1.432 (0.526-3.894)" 01548
Low CHO intake 1 1.685 (0.855-3.321) 1.748 (0.722-4.236) 0.0083
High CHO intake 5 1.892 (1.146-3.122) 3.741 (2.139-6.544) ™ :
Low protein intake -
- o 2.134(1.316-3.459) 3.370(1.909-5.950)
High protein intake 1 1.171(0.554-2.472) 3.229(1.885-5.532) 0.2047
Low fat intake 1 1.743(1.053-2.887) 3.814(2.589-5.617) ™ 0.1850
High fat intake 7 1.923(0.984-3.760) 2.440(1.076-5.536) )
Low Na intake 1 1.725 (1.081-2.752) 2.751 (1.594-4.749) ™ 07924
High Na intake 8 2.030 (0.914-4.509) 3.780 (1.542-9.266) )
Low BD intake 1 2.244 (1.410-3.896) 3.872(2.184-6.863) 0.0464
High BD intake 0.980 (0.495-1.940) 1.700 (0.730-3.956) ’
Low NBR intake 1 1.534 (0.946-2.488) 3.325 (1.934-5.717) 01151
High NBR intake 2.524 (1.207-5.281) * 2.263 (0.903-5.672) )
Low RD intake 1 1.794 (1.085-2.965) 3.477 (1.970-6.139) ™ 0.4685
High RD intake * 1.855 (0.945-3.641) 2.262 (0.997-5.132) ’

Values represent odds ratios and 95% confidence intervals. PRS was divided into three categories (0-3, 4-5, and >6)
by tertiles as the low, medium, and high groups of the best model of generalized multifactor dimensionality reduction
(GMDR). The reference of cutoff points in each parameter was as following: ! <55 years old, > <130 mmHg SBP and
>90 mmHg DBP, ® <126 mg/dL serum glucose concentrations plus hypoglycemic medicine, # < estimated energy
intake, ° <70% carbohydrate (CHO), 6 <15% protein, 7 <15% fat, 8 <1600 mg/1000 kcal Na, and 9 <67 percentile
of dietary patterns. BD, Balanced diet; NBR, noodle, bread, and red meat diet; RD, rice-rich diet. Multivariate
regression models include the corresponding main effects, interaction terms of gene and main effects (energy and
nutrient intake), and potential confounders such as BMI, gender, age, smoking, alcohol, education, job, income,
energy, physical activity, hypertension, milk, fat percent intake, carbohydrate percent intake, and arthritis and
dermatitis medicine intake. Reference was the low-PRS. * Significantly different from low-PRS in logistic regression
analysis at * p < 0.05, " p < 0.01, ™ p < 0.001.

111



Nutrients 2020, 12, 3282

OLow-PRS OMedium-PRS m®mHighPRS

25
p=0.001
S
7]
-]
g
% 1.5 4
A =
-
o
o 11
[=]
=
c
[T
- 1
7]
o
0
Particpants <55 years Participants =55 years
OLow-PRS 0OMedium-PRS mHigh-PRS
25 -
;—\; p=0.001
& 2
E —_—
o
g
8 151 p=0.05
® 2
15}
o 1 4
o
=
2
o 0.5
[
o
0
Normoglycemia Hyperglycemia
OLow-PRS 0OMedium-PRS mHigh-PRS
_ 164
9 p=005
- p=0001
" S
g 1.2 A
o
Q
3
L]
© @ 0.8
s
L1
o
€ 044
o
<
@
0
Normal BP Hypertension

Figure 2. The frequency distribution of glaucoma in the three groups of polygenetic-risk scores
(PRS) of the best model including LDB2 rs3763969, CDKN2B rs523096, ABO rs2073823, PDE3A
1512314390, and CDH13 rs12449180 according to the metabolic status. (A) According to age (cutoff
point: 55 years old). (B) According to serum glucose concentrations (cutoff point: 126 mg/dL serum
glucose concentrations). (C) According to the blood pressure (cutoff point: 130 mmHg for systolic
blood pressure (SBP) and 90 mmHg for diastolic blood pressure (DBP)). PRS was calculated by the
summation of each genetic-risk score of the best model, and PRS was categorized into three groups by
the tertiles (Low-PRS, Medium-PRS, and High-PRS). BP, blood pressure.
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For energy and nutrient intakes, only carbohydrate intake showed an interaction with PRS in
terms of glaucoma risk (p = 0.008; Table 5). No interact was found for energy intake (p = 0.155), protein
(p = 0.205), fat (p = 0.185), or Na intake (p = 0.792). For participants with high carbohydrate intake,
glaucoma risk was 3.7-fold higher for those with a high-PRS than for those with a low-PRS (Table 5),
and in those with high carbohydrate intakes, the prevalence of glaucoma was much higher among
those with a high-PRS (Figure 3A). There was no interaction of PRS with coffee (p = 0.687) and alcohol
intake (p = 0.457). No interaction was evident between daily regular exercise and PRSs for glaucoma
risk (p = 0.095; Table 5).
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Figure 3. The frequency distribution of glaucoma in the three groups of polygenetic-risk scores (PRS)
of the best model including LDB2 rs3763969, CDKN2B rs523096, ABO rs2073823, PDE3A rs12314390,
and CDH13 rs12449180 according to the nutrient and food intake. (A) According to the carbohydrate
intake (cutoff point: 70 energy %). CHO, carbohydrate. (B) According to the intake of a balanced diet
pattern (cutoff point: 70th percentile). PRS was calculated by the summation of polygenetic-risk scores
of the best model, and PRS was categorized into three groups by the tertiles (Low-PRS, Medium-PRS,
and High-PRS). BD, balanced diet.

A balanced dietary (BD) pattern explained 40.1% of Korean diet patterns in three different
dietary patterns. A BD pattern includes the consumption of beans, potatoes, kimchi, green and white
vegetables, mushrooms, fatty and white fish, seaweeds, fruits, and pickles (loading >0.4). A BD pattern
had an interaction with glaucoma risk (p = 0.046). A low BD pattern intake had a positive association
by 3.87-fold with PRS (p < 0.0001), but a high BD pattern intake did not have a significant association
with PRS (Table 5). Glaucoma prevalence was much higher in participants with a low BD intake and a
high-PRS than in those with a low-PRS (Figure 3B). It suggested that adults with high-PRS needed to
consume a high BD pattern to reduce the glaucoma risk.
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4. Discussion

In the present study, we constructed a glaucoma PRS model by generalized multifactor
dimensionality reduction and evaluated whether genetic impact represented by PRS was associated
with the presence of glaucoma. Moreover, we assessed gene-nutrient interactions by evaluating
the effect of nutrition on the risk of glaucoma using PRSs. The risk of glaucoma was found to be
3.01 times higher in participants with a high-PRS than in those with a low-PRS after adjusting for
covariates. The genetic risk of glaucoma was modified by serum glucose levels, carbohydrate intakes,
and consumption of a balanced diet. More specifically, the genetic risk of glaucoma was significantly
higher in participants with low blood pressure, low serum glucose, high carbohydrate intake, and low
balanced diet intake.

High levels of fasting serum glucose and HbAlc had a higher association with the risk of glaucoma
by 1.53 and 1.66 times, respectively. High serum glucose and HbAlc are well-known risk factors
of glaucoma. A meta-analysis involving 47 studies and 2,981,342 individuals from 16 countries
demonstrated that the pooled relative risk of glaucoma was 1.48 in patients with diabetes as compared
with normal controls [7]. Another cross-sectional study that included 3229 individuals involved in a
National Health and Nutritional Examination Survey reported that diabetes was strongly associated
with the prevalence of glaucoma (OR = 2.12) [23]. However, in the present study, low serum glucose
levels were found to increase the genetic risk of glaucoma, and in participants with a low serum glucose
level, those with a high-PRS had a 3.165 times higher risk of glaucoma than those with a low-PRS,
whereas no such difference was observed for participants with a high serum glucose level. This finding
suggests that the genetic risk of glaucoma is elevated in those with a low serum glucose level.

The genetic risk of glaucoma was significant only in participants with high carbohydrate intake,
indicating that there was no significant genetic risk for glaucoma in subjects with low carbohydrate
intake. A recent case-control study involving 37 glaucoma patients and 36 controls showed that
carbohydrate ingestion induced autonomic dysregulation, which may lead to the development of
glaucoma [24]. One possible explanation for this finding is that high carbohydrate intake might
enhance the genetic risk of glaucoma development through autonomic dysregulation. A further
longitudinal epidemiologic study is warranted to confirm that individuals with a high carbohydrate
intake are more susceptible to glaucoma development.

We found that the genetic risk of glaucoma was significant only in subjects with a low balanced
diet intake. The risk of glaucoma for those with a low balanced diet intake was 3.87 times higher in
the high-PRS group than in the low-PRS group, whereas the risk of glaucoma for those with a high
intake of a balanced diet was not significantly different in these two groups. Several studies have
demonstrated that a balanced diet, including green leafy vegetables, omega fatty acids, and moderate
intake of hot tea and coffee, possibly protects against the development or progression of glaucoma [15].
We suggest this finding is due to the protective effects of a high balanced intake attenuating the effect
of genetic risk on glaucoma development.

We compared genetic impacts for glaucoma and cataract using PRSs. The risk of glaucoma in
participants with a high-PRS was 3.02 times higher than in those with a low-PRS. However, the risk of
cataract was not significantly different in these groups. One possible explanation for this finding is that
glaucoma development is more dependent on genetic risk than cataract development. Age-related
cataract development is mainly caused by environmental factors such as sunlight exposure, lens aging,
inflammation, and oxidation. These factors are all associated with the free-radical generation, which
leads to the aggregation of lens proteins and subsequent cataract formation [15,25,26].

The present study has several strengths and limitations. The strength of this study is that it
involved a large number of participants, that is, 377 patients with glaucoma and 47,820 subjects without,
which undoubtedly increased study reliability. This study could demonstrate a new scenario of
therapeutic approaches to counteract the potential genetic risk of glaucoma development by the control
of lifestyle. However, it also has several limitations. First, the presence of glaucoma was diagnosed in
an individual by a doctor, and a questionnaire was used to answer if glaucoma was present. However,
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it was not reevaluated for the type of glaucoma by an ophthalmologist for the present study. Second,
the study is inherently limited by its cross-sectional design, which prevented our inferring causality.
However, it is unlikely that the presence of glaucoma changed eating patterns. Finally, the SQFFQ
method used to evaluate usual food intake also has limitations, and at the individual level, nutrition
intakes might be overestimated, because data was dependent on participant recall. Nevertheless,
the SQFFQ was developed and validated for KoGES and has been widely utilized [18,27,28].

In conclusion, we constructed PRS for glaucoma by generalized multifactor dimensionality
reduction and found that the risk of glaucoma was 3.01 times higher for the participants with a
high-PRS. The present study demonstrates the existence of a nutrition-gene interaction in the risk of
glaucoma development. Such genetic risk with high-PRS can be reduced by good control of serum
glucose concentrations and blood pressure with a balanced diet intake. The results can be applied for
precision medicine to protect against glaucoma in the person with genetic risk. Given that glaucoma
is the leading cause of blindness worldwide, further study is required to evaluate nutrition-gene
interactions to reduce the risk of glaucoma development.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6643/12/11/3282/s1,
Table S1: Generalized multifactor dimensionality reduction (GMDR) results of multi-locus interaction with genes
related to glaucoma.
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Abstract: The evolution of obesity and its resulting comorbidities differs depending upon the age
of the subject. The dramatic rise in childhood obesity has resulted in specific needs in defining
obesity-associated entities with this disease. Indeed, even the definition of obesity differs for pediatric
patients from that employed in adults. Regardless of age, one of the earliest metabolic complications
observed in obesity involves perturbations in glucose metabolism that can eventually lead to type
2 diabetes. In children, the incidence of type 2 diabetes is infrequent compared to that observed in
adults, even with the same degree of obesity. In contrast, insulin resistance is reported to be frequently
observed in children and adolescents with obesity. As this condition can be prerequisite to further
metabolic complications, identification of biological markers as predictive risk factors would be of
tremendous clinical utility. Analysis of obesity-induced modifications of the adipokine profile has
been one classic approach in the identification of biomarkers. Recent studies emphasize the utility of
metabolomics in the analysis of metabolic characteristics in children with obesity with or without
insulin resistance. These studies have been performed with targeted or untargeted approaches,
employing different methodologies. This review summarizes some of the advances in this field while
emphasizing the importance of the different techniques employed.

Keywords: obesity; childhood; insulin resistance; adipokine; metabolomics

1. Introduction

In the 21st century new holistic approaches have been developed to tackle the systems
biology challenge of discerning all the processes that characterize a living system at the molecular
level. Genomics, proteomics, transcriptomics and more recently metabolomics have improved our
understanding of what occurs in a biological system, as well as how it occurs. In the context of the
study of clinical alterations, such as those that occur in obesity or insulin resistance, metabolomics can
provide information about the actual metabolic phenotype in a given condition (alteration or illness),
and how this metabolite set differs from a control (i.e., healthy) state.

Obesity, insulin resistance, metabolic syndrome, type 2 diabetes mellitus and many other
metabolic alterations have been studied with different metabolomic approaches and technologies.

Nutrients 2020, 12, 3310; d0i:10.3390/nu12113310 www.mdpi.com/journal/nutrients
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However, most of these studies have been focused on adults. There is therefore a need to further our
knowledge about how these alterations, which are at times hard to characterize in growing children,
debut and how they develop in the pediatric population. Moreover, more biomarkers are needed
to help in the adequate diagnosis of these conditions and for monitoring treatment efficiency and
disease progression.

In light of our previous experience in the field, we have reviewed the current scientific literature
on metabolomic studies in children and adolescents with obesity and/or insulin resistance. In order to
provide insight into the type of results that can be obtained by using different metabolomics procedures,
we have organized the available literature according to the methodology (i.e., untargeted, semi-targeted,
targeted) used to perform the metabolomics study, highlighting the main results obtained with
each approach.

2. Childhood Obesity and the Development of Insulin Resistance

2.1. Childhood Obesity

The secondary complications of obesity are of major concern as quality of life is diminished and the
mortality rate is increased. These concerns are amplified in the study of obesity in children. Not only
has childhood obesity increased worldwide in recent years, but these cases are more severe and more
precocious, resulting in the onset of health threatening complications at earlier ages [1,2]. Not only is
there a dramatic need for programs/therapies to reduce the incidence of childhood obesity, but better
diagnostic tools to identify those children at greater risk of developing severe complications are of
utmost importance. One recurring problem in the approach to this problem is that observations in
adult patients cannot always be directly applied to pediatric patients, especially prepubertal children.

Obesity is the excessive accumulation of adipose tissue that results in impairment of the
patient’s physical and/or psychological function. Direct quantification of a patient’s body fat can be
precisely performed by using methodologies such as bioimpedanciometry, dual X-ray densitometry,
plethismography or hydrodensitometry. However, these advanced tools are not widely accessible in
the usual clinical setting, setting aside investigation facilities or specialized clinical units. Consequently,
the diagnosis of overweight or obesity is commonly established on the basis of an indirect estimation
of patient’s body fat content by using body mass index (BMI = weight (kg)/(height (m)?), which has
been shown to exhibit a good correlation with body fat content [3], although with some limitations
(i.e., with extreme muscular mass development). In adult patients, 25 and 30 kg/m? are widely accepted
as the thresholds to diagnose overweight and obesity, respectively [4,5].

In children, agreement on a precise definition of obesity is more difficult than in adults. In children
and adolescents, the BMI standardized for age and sex must be used, not its raw calculation. This has
raised intense controversy regarding the establishment of “cut-off points” to define overweight and
obesity and the population references that should be used [6]. In general, a child is considered to
have excess body fat when their BMI is greater than the 95th percentile for his/her age and sex [3].
However, an optimum definition can be obtained by applying a cut-off point of BMI z-score above
2 compared with references from the same population, age and sex, thus meeting the proposal by the
World Health Organization (WHO) [7]. Likewise, there is no consensus on the definition of morbid
obesity in children and adolescents, with some authors suggesting a BMI z-score above 3 or 200% of the
ideal body weight for height as possible cut-off points [8,9]. There is also no agreement on the definition
of “early-onset” obesity, with ages below 5 or 2 years at the onset of the disease having been suggested
by different authors [10]. This subgroup of patients with early-onset obesity is of particular interest
because the excess of weight can be part of a syndrome or a monogenic disease. Another important
difference between childhood and adult obesities is that in children, the development of the deleterious
comorbidities associated with excess body fat may be a later event when considering the degree of
obesity. This difference is in part due to the greater capacity of tissue turnover/regeneration in children.
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2.2. Adipose Tissue in Obesity: The Importance of Age at Onset

The sequence of events in adipogenesis leading to the development of mature adipocytes from
their embryonic pluripotential undifferentiated precursors requires their commitment towards the
adipogenic lineage for the sequential formation of type I adipoblasts and after clonal expansion,
type II preadipocytes. Growth arrest of type II preadipocytes will result in them becoming mature
adipocytes and their accumulation of lipid droplets. In this cell linage the ability to synthesize and
secrete adipokines is almost exclusively restricted to mature adipocytes [11-13].

As children continue to be in a period of growth and development, they possess a greater
ability to adapt tissue morphology and function to their environment compared to adults. This is
particularly relevant in the case of white adipose tissue, as its expandability is important in the metabolic
complications in response to obesity [14]. Obesity results in histological, metabolic and endocrine
changes in white adipose tissue [15]. These changes are determined by several factors: (1) The metabolic
capacity of adipocytes to take-up free fatty acids (FFA) from the bloodstream, thus avoiding their
ectopic deposition (lipotoxicity) [16]; (2) the production of chemoattracting proteins (chemokines) that
results in an increase in specific proinflammatory populations of monocytes and macrophages [17-19]
that substantially contribute to modifications in the adipokine secretion pattern of the tissue [20];
(3) the ability to recruit new adipocytes from preadipocytes, which has been postulated to occur once
the former have reached a critical size [21] and (4) the change in the pattern of paracrine and endocrine
adipokine secretion by hypertrophic adipocytes, as compared to normal-sized ones [22,23]. Each of
these factors varies throughout the different stages of human development.

In adults, either lean or obese, the adipocyte population in white adipose tissue remains relatively
stable due to a balance between adipogenesis and apoptosis. In contrast, children and adolescents
progressively increase the number of adipocytes in their adipose tissue, with this rise being even greater
in obese compared to lean subjects due to a higher proliferation rate [24]. Consequently, early onset
obesity is associated with an increase in adipocytes that could allow, at least transiently, for a limited
degree of adipocyte hypertrophy and thus reducing the impact of obesity on the adipokine secretion
profile and metabolic impairment at early ages, but conversely increasing the risk to develop severe
obesity and metabolic comorbidities at later stages of life [3,24]. This is reminiscent of the “hyperplasic”
model of obesity in children where there is an increased number of non-hypertrophic adipocytes versus
a “hypertrophic” model of obesity in adults, with an increase in the volume of pre-existing adipocytes,
resulting in a postulated difference in the impairment of the adipokine secretion profile between these
two types of obesity [23,25].

2.3. Adipokines in Childhood Obesity

Leptin and adiponectin are the main adipokines involved in energy homeostasis and
insulin sensitivity, respectively, among the extensive and continuously growing list of peptides
secreted by adipose tissue. Additionally, a number of adipokines with proinflammatory actions
(e.g., resistin, IL-6 and TNF-&, among many others) are produced in white adipose tissue, mainly by
mononuclear stromal cells with the cellular composition of this tissue changing during the progression
of obesity.

Leptin, found in the bloodstream both free and bound to the soluble isoform of its specific receptor,
is mainly produced by mature adipocytes and acts as an adiposity signal. Leptin modulates the activity
of several neuronal populations involved in the regulation of food intake and energy homeostasis in
the central nervous system, including the proopiomelanocortin (POMC) producing neurons in the
hypothalamic arcuate nucleus, exerting its main activity as a signal of energy sufficiency [26] with
reported cases of severe human obesity due to leptin deficiency, reversible after recombinant leptin
administration [27].

The circulating levels of leptin are directly correlated with body fat mass and adipocyte triglyceride
content [28]. Gestational age and birth weight are the main determinant for its levels and bioavailability
in the newborn [29]. Leptin levels significantly increase throughout pubertal development in females
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and decrease at the final stage of puberty in males. In contrast, circulating levels of leptin’s soluble
receptor decrease in both sexes after pubertal onset, resulting in a puberty-related increase in free
leptin that is more pronounced in adolescent females [30]. Obesity determines an increase in free leptin
levels as a result of the increase in leptin and decrease of its soluble receptor, that is not reproduced in
the spinal fluid, leading to “leptin resistance” [31].

Adiponectin is produced exclusively in mature adipocytes and circulates as polymers, with high
molecular weight (HMW, 400-600 kDa) adiponectin postulated to be more metabolically relevant,
particularly regarding its insulin sensitizing action [32]. This peptide acts through two specific receptors,
adipoR1 and adipoR2, widely distributed but mainly located in muscle and liver, respectively. In muscle,
liver and white adipose tissue adiponectin enhances insulin sensitivity and the promotion of fatty acid
oxidation, with an increase indicating a beneficial apolipoprotein profile [33].

In newborns, adiponectin levels are higher than at later periods of life and positively correlate
with gestational age and birth weight, with females having higher serum levels [29]. Postnatally
serum adiponectin levels fall and its positive correlation with fat mass disappears around age
2 years, coincident with the increase in body fat [34]. In prepubertal children, most studies report
a lack of differences between sexes, but males show lower adiponectin levels from mid-puberty
onwards [30,32-34]. As opposed to leptin, serum adiponectin levels in adults are inversely related to
the amount of body fat, with adult patients with obesity having decreased circulating adiponectin
levels [35]. However, this inverse correlation between body fat and serum adiponectin levels is not
present in all patients and is influenced by adipocyte size [36]. In adolescents with obesity, an inverse
correlation between adiponectin levels, body fat and insulin resistance, similar to that reported for
adults, has been demonstrated [34,37].

2.4. Carbohydrate Metabolism Impairment in Childhood Obesity: Insulin Resistance

As stated above, overt metabolic impairment in children with obesity can be delayed due, at least
in part, to the singularities of young adipose tissue. This is particularly evident regarding carbohydrate
metabolism. Although there is wide geographic and ethnic variability, we recently demonstrated a
minimal incidence of type 2 diabetes mellitus (T2DM) in children despite the high number of patients
affected with severe obesity in our country [38]. In contrast, the prevalence of initial glycemic alterations
(defined as “prediabetic conditions”) and more importantly, the number of patients showing peripheral
resistance to insulin induced glucose caption (“insulin resistance” [IR]) is much higher [38].

However, the definition of IR in the clinical setting is extremely controversial, particularly in
pediatrics, and continues to be a matter of intense debate in the international community. Although
the clamp tests used in investigational facilities are considered the “gold standard” for IR validation,
common clinical determinations can be used for the calculation of IR indexes on the basis of fasting
(HOMA-IR index) and/or postprandial (insulinogenic and insulin sensitivity indexes) measurement of
glycaemia and insulinemia [39]. However, these indexes have been shown to correlate well with those
derived from studies using euglycemic-hyperinsulinemic clamps [40].

In the first definition of “X” or metabolic syndrome, IR was suggested as the pathophysiological
basis of the remaining obesity-associated metabolic derangements [41]. The definition of metabolic
syndrome has been subsequently modified, conferring a primary role to the presence of abdominal
obesity and in particular visceral adipose tissue, with waist circumference showing a better association
to cardiovascular risk than BMI itself [42]. This observation has been extended also to the pediatric and
adolescent population and, consequently, abdominal circumference and not BMI has been considered
as the anthropometric criterion for the definition of metabolic syndrome in children above 10 years of
age [43] Surprisingly, in children the criteria to define metabolic syndrome regarding carbohydrate
metabolism only take into consideration the presence of impaired fasting glucose (IFG) and/or T2DM,
whereas IR is not considered [43]. Similarly, hyperinsulinemia/IR is not usually considered in the
definition of “metabolically healthy” obesity in childhood [44], although some authors point out its
relevance [45,46]. These consensus statements and criteria, originating mainly from studies in the
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adult population, should be revised for children and adolescents. Indeed, glycemic alterations are
late, or frequently absent, findings in children with obesity in our environment, whereas a rise in both
fasting and postprandial insulinemia can be identified as the initial steps of carbohydrate metabolism
impairment, particularly in young children with obesity [38].

Additionally, a bidirectional influence between leptin and insulin exists, with hyperinsulinemia
enhancing leptin production and increased free leptin levels increasing insulin resistance, with “leptin
resistance” and IR usually coexisting in obesity, even at young ages [47]. The development of these
hormonal derangements is gradual and identification of biomarkers to precociously predict the risk
of developing serious metabolic complications is of great importance. Consequently, the application
of new techniques, such as metabolomics, in combination with adipokine measurements can afford
additional information to address the pathophysiological relevance of this controversial condition
of IR in childhood, even when its definition is based upon analytical criteria derived from usual
clinical practice.

3. Adipokine Modelling

As stated above, obesity-induced modifications in adipose tissue differ between children and
adults and there is insufficient information regarding how these changes affect the development of
further complications and metabolic syndrome in pediatric patients with obesity.

We have recently reported a novel approach to identifying biomarkers of insulin resistance in
children, both prepubertal [48] and pubertal [49], with obesity. We found that combined sets of
cytokines, adipokines and chemokines can be used as models to predict insulin resistance. In both
pediatric age groups specific factors, including tumor necrosis factor (TNF)«, eotaxin, insulin-like
growth factor (IGF)-1, leptin, triglycerides (TGL), monocyte chemeoattractant protein (MCP)1 and
brain derived neurotrophic factor (BDNF), were identified as biomarkers involved in insulin resistance.
Interestingly, in adolescents with obesity the presence of insulin resistance is influenced by the
chemokines MCP-1 and eotaxin, as well as the growth factor platelet derived growth factor (PDGF)-BB,
in a sex independent manner. These three biomarkers are part of the main component that together
with stromal cell derived factor (SDF)1 and BDNF, determine 27.7% of the variance associated with
insulin resistance. In prepubertal obese children, we defined two predictive models that include the
combination of leptin, TG/HDL, IGF-1, TNF&, MCP1 and PDGE-BB with an optimal sensitivity and
specificity of 93.2%. Hence, we suggest that the combination of these circulating parameters from a
single fasting sample could be useful to predict insulin resistance in prepubertal children with obesity.
These adipokines in combination with other biomarkers, such as specific metabolites, could possibly
serve as an even more powerful predictive model.

4. Metabolomics

Metabolomics, in which potentially all small-molecule metabolites (the metabolome) are identified
and at some level quantified, is generally acknowledged to be the omics discipline that supplies the most
rapid and clearest information about the phenotype. For this reason, it is greatly appreciated for its role
in biomarker discovery. The rationale underlying “the study of the metabolome” (i.e., metabolomics)
is based on the assumption that the metabolome is the reflection of all the processes that might be
occurring at one moment (time-course changes) or be altered under one condition (changes due to
disease, treatment, etc.). The information for such study can be gathered through different experimental
approaches that receive different names.

Unfortunately, in the field of metabolomics the terminology is not yet fully standardized, and clear
unequivocal terms have not been assigned to each methodology. This lack of standardization might
lead to confusion, as the same term may be used for different types of studies, whereas the same type
of information might be obtained by using similar methodologies that have received different names.
For clarity we have classified the studies as untargeted, targeted and semi-targeted, although the limits
are sometimes diffuse, and methodologies are very often not accurately described as to establish a
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clear classification. Metabolomics studies related to obesity and/or insulin resistance in non-adult
subjects are shown in Table 1. Analysis of the studies performed so far indicate that they include a
limited number of individuals, compare different experimental groups (obese, normal weight, different
ages and racial origin) with the only constant of IR and therefore, it is not surprising that results are
also heterogeneous.

4.1. Untargeted Metabolomics

Untargeted metabolomics is an approach that highly contrasts with targeted analysis (the classical
way to study metabolism), where a limited number of specific known compounds are analyzed.
The rationale to employ an untargeted approach is that modern spectrometric/spectroscopic techniques
can generate a huge amount of information in the form of signals coming from all the metabolites in
the samples. Such signals can be statistically compared between case/control groups to identify the
characteristics that differentiate these conditions without a priori hypothesis. Once isolated the specific
spectral characteristics are associated with metabolites (as “identified” or more precisely, “annotated”).
The analytical workflow in untargeted metabolomics is still far from being exhaustively protocolized,
but it can be described as a sequential process that starts with the biological question, and then follows a
series of steps of experimental design, sample treatment, instrumental analysis, signal processing, data
pretreatment, statistical analysis, metabolite annotation, validation and biological interpretation [50].
This untargeted approach is of great interest in what can be called the “discovery phase” resulting in the
possibility to unveil new, not previously described compounds that can be related to the characteristic
of interest, for example metabolic alterations of insulin resistance in the context of childhood obesity.

To gather information about the metabolome, the instrumental analysis is generally conducted
through either nuclear magnetic resonance (NMR) or mass spectrometry (MS). In recent years
MS has become the most employed technique in metabolomics [50]. It can be hyphenated to a
separation technique (gas chromatography, GC; liquid chromatography, LC; capillary electrophoresis,
CE; or supercritical fluid chromatography, SFE) or not (Direct MS, DMS). MS benefits from detection
permitted at high sensitivity and structural elucidation based on spectral libraries and tandem MS,
even in complex biological samples. Nevertheless, as the diversity of chemical characteristics of the
metabolites is so broad, there is no single technique that can cover the full range of metabolites in
a sample. For this reason, the results obtained are strongly dependent on the technique and the
methodology that have been used in the analysis and obtaining really non-biased results requires a
“multiplatform” approach [51,52].

GC-MS is usually combined with LC-MS [51,53-56] as the biochemical information is
complementary [57]: GC-MS is very well suited for the analysis of metabolites related to central
carbon metabolism such as short chain organic acids, amino acids, monosaccharides, fatty acids,
disaccharides and cholesterol, and LC-MS is adequate for less polar molecules, i.e., lipids [58]. GC-MS
can even stand alone, and provide information of a large set of compounds, even of a single family
such as 75 steroid-related metabolites in the context of childhood obesity [59]. However, the most
widely employed technique for metabolic fingerprinting is reversed-phase LC-MS, which involves the
minimum requirement for sample treatment and alteration or hydrolysis of the metabolites during
the analysis among the hyphenated techniques [50]. CE-MS shows clear benefits for multiplatform
untargeted metabolomics [60], and the analysis of amino acid-related compounds. Mastrangelo
et al. [51] found differences in amino acids, acylcarnitines, polyamines and xanthines, among the
metabolites that could be measured with this technique, as part of a multiplatform approach. The NMR
profile can contain qualitative and quantitative information on hundreds of different small molecules
present in the sample. Although sensitivity is poorer in NMR than in MS, the robustness and elucidation
capabilities are usually claimed as its main advantages.

Currently, the main bottleneck in metabolomics is the identification of the metabolites of interest
when they are found in LC-MS, CE-MS or DMS measurements. The identification process starts
with the quest for information in publicly available databases, with the input being the exact

122



Nutrients 2020, 12, 3310

mass and the output a chemical identity. However, databases for metabolomics are not fully
standardized and the different databases vary in the number of records (compounds), in the fields
for each record (compound properties), as well as the searchable fields (mass, m/z, MS/MS spectrum,
name, etc.). To facilitate the simultaneous query in different databases, tools such as CEU Mass
Mediator (http://ceumass.eps.uspceu.es/) allow one to obtain the information from the available
databases, together with other utilities [61]. Given the fact that the discovery phase in untargeted
metabolomics is usually performed measuring thousands of signals in a limited set of samples,
validation of results with a different analytical technique and in a different cohort strongly increases
their reliability.

4.2. Untargeted Metabolomics Applied to Obesity and Insulin Resistance in Children and Adolescents

Researchers have applied different untargeted approaches in the study of obesity and IR.
The broadest metabolite coverage when studying the effect of obesity and IR was obtained by
our group by using three analytical techniques (LC-MS, GC-MS and CE-MS) [51]. Amino acids,
gut microbiota by-products and lipids were found altered, and the study also highlighted that these
modifications were sex specific, with differences in boys and girls even though the children in these
studies were prepubertal. The most relevant findings were later validated with a target method in a
bigger cohort [62], which showed an increase in branched chain amino acids (BCAA) and aromatic
amino acids (Phe, Tyr and Trp), with the most altered pathways being the urea cycle, alanine metabolism
and the glucose-alanine cycle.

The robustness and capability to perform studies with large sample number should be one of
the potential advantages of NMR, although it has been applied only to small studies: Trico et al. [63]
showed the relevance of specific patterns of amino acids and carbohydrates to predict future (2.3 years)
worsening in glycemia, whereas Hosking et al. [64] demonstrated that these types of metabolites were
different between boys and girls, and insulin resistance was worse in girls than in boys. Both studies
were performed in normal weight adolescents.

4.3. Semi-Targeted Metabolomics

Advances in instrumentation and software processing tools, together with massive data storage
capabilities have permitted the development of what we could call semi-targeted analysis: A non-biased
sample treatment and generic chromatographic conditions, coupled to an MS device that obtains
fragmentation spectra of each and every compound that can be detected. Such spectra are compared
with those included in a database built with the analysis of real standards [65]. This methodology
increases the throughput of the process, because only those compounds previously included in
the database are sought in the samples. This reduces the time devoted to the elucidation of the
unknown compounds.

4.4. Semi-Targeted Metabolomics Applied to Obesity and Insulin Resistance in Children and Adolescents

One of the drawbacks of untargeted MS metabolomics approaches is that, due to inherent
variability of the signals from sample to sample, the discovery phase studies are usually performed
in small cohorts, usually less than 125 individuals per group, thus less than 250 for the entire study
(See Table 1). Nevertheless, with the most commonly cited semi-targeted approach with LC-MS/MS
combined with GC-MS [66], samples of over 700 Hispanic children were successfully compared
(obese/non obese, boys/girls) [56]. Moreover, the use of such common methodology applied to four
different untargeted studies permitted the performance of an individual participant meta-analysis about
obesity and insulin resistance in children: one sphingomyelin (SM(d18:2/14:0)) was positively associated
with obesity, whereas association with HOMA was found for alanine (positive) and acylcarnitines and
non-esterified fatty acids (negative) [67]. Perng et al. applied such data-driven LC-MS/MS approach
combined with GC-MS [66] to find differences in a set of more than 3000 compounds in studies
related to obesity [53] and metabolic risk [55], and they also found that the most prominent changes
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were related to branched chain amino acids (BCAA) and acylcarnitines, although not always with a
consistent trend, because BCAA was not associated with worsening metabolic health during early
adolescence and the relationship of BCAA with fasting glucose or serum triglycerides was different in
boys and girls [55].

4.5. Targeted Metabolomics

While untargeted metabolomics is the choice for the discovery of new previously unknown
compounds, the capabilities of available analytical instrumentation also allows several hundreds
of well-characterized compounds to be measured simultaneously. However, when the systems are
programmed to measure one set of metabolites, there will be no signal from other compounds.
This approach, very popular in clinical studies, is considered as targeted analysis. By measuring a
large set of metabolites with this targeted approach researchers can perform “targeted metabolomics.”
But metabolomics does not mean just measuring a large number of metabolites, and this denomination
alone is far from being a clear indication of the methodology employed in its analytical determination.

In this type of studies, the keyword “metabolomics” seems to indicate only that a large set of
metabolites has been simultaneously determined, but this is far from being a clear indication of the
methodology employed in its analytical determination.

These studies are called “metabolomics” because they generate a multivariate space, with all the
metabolites that can be measured. This has become useful to find mathematical associations between
metabolites, which can help to define possible single theragnostic biomarkers such as asymmetric
dimethyl arginine (ADMA), which was found to be associated to insulin resistance in adolescents [68].
Moreover, the possibility of identifying a set of metabolites that together show predictive power is one
of the biggest achievements of the multivariate metabolomic approach. Such strategy has resulted
in the proposal of the so-called metabolic signature [69] (later called BCA A-related signature [70]),
metabolomic signature [71], metabolite profiling [72], metabolomic profile [53,73-79], or metabolic
phenotype [80,81] and although the names differ, they share the same underlying concept.

Something common to all metabolomics studies, whether untargeted or targeted, is the application
of multivariate statistical analysis, both unsupervised (e.g., principal component analysis, PCA)
and supervised (e.g., projection on latent structures/partial least squares-discriminate analysis,
PLS-DA). Ideally, this should lead to the proposal of strong biomarkers of insulin resistance such as
different adipokines [82]. Nevertheless, and despite the accumulated evidence [83], biomarkers from
metabolomics studies such as BCAA, aromatic amino acids, acylcarnitines, or some lipids (Table 1) are
not measured in the routine of the clinics of obesity or insulin resistance.

4.6. Targeted Metabolomics Applied to Obesity and Insulin Resistance in Children and Adolescents

In the field of obesity and insulin resistance, the concentrations of BCAA and acylcarnitines have
been extensively studied by using targeted metabolomics since Newgard et al. described “a BCAA
metabolic signature” associated to obesity and insulin resistance [69]. In recent years, several studies
have been performed to gain more evidence concerning the relationship between obesity and BCAA.
In adults, most of these studies have consistently shown the association of obesity, insulin resistance
and type 2 diabetes with elevated BCAA, aromatic amino acids, C3 and C5 acylcarnitines and glutamate
and alanine [70], and BCAA have been proposed as good biomarkers of obesity and insulin resistance
in adult individuals [83]. Along with BCAA, an alteration in the levels of acylcarnitines could also be
used to discriminate between children with or without insulin resistance [51,56,62,67,76,84,85].

However, its usefulness as a biomarker in childhood obesity and insulin resistance remains to be
elucidated. As previously mentioned, the studies shown in Table 1 indicate some of the difficulties for
performing meta-analysis with them, as not only do they present differences in terms of the methodology
used to carry out the instrumental analyses, but the size, origin and characteristics of the cohorts are
also different. These differences in the design of the studies might justify some apparent discrepancies:
In most of the studies, BCAA is increased in obese children and adolescents [53,56,72,76,85]. In addition,
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prepubertal children with obesity and insulin resistance present an increase in BCAA compared to obese
prepubertal children without insulin resistance [51,62]. The same trend was shown in adolescents [63].
However, other studies have shown no alteration or even a decrease in BCAA levels between obese
children as compared to children with normal weight [55,64,79,84]. This implies that future studies
must be carried out to clearly elucidate the association between BCAAs and insulin resistance in
non-adult populations. Such discrepancies are not related to differences in the methodology used
to gather the information about metabolites, despite that there is no uniformity in the terminology.
Moreover, as stated above it is important to differentiate metabolomic profiles between boys and girls
during childhood. A study by Newbern et al. [74] reported an increase in BCAA levels and BCAA
by-products in boys compared to girls, together with an inverse relationship between adiponectin and
BCAA in boys.

Most of the targeted metabolomics studies concerning insulin resistance and obesity in childhood
have focused on amino acids and acylcarnitines. Nevertheless, measurement of the alterations in the
lipid profile with a metabolomics approach, i.e., lipidomics, has demonstrated a strong correlation
of one lysophosphosphatidylcholine (LPC(14:1)) and one phosphatidylcholine (PC(16:0/2:0)) with
cardiovascular disease risk factors in adolescents [86]. In addition, alterations in steroid hormone
levels have been found in children with insulin resistance [53,56,59,76].

4.7. Combining Metabolomics Information in Obesity and Insulin Resistance

Asno single technique can provide coverage of the whole metabolite, the samples must be analyzed
by different techniques, and the information must be integrated. Metabolomics can supply a large
amount of useful information, but other determinations are still necessary. For instance, Newgard et al.
combined information of the so-called “conventional” metabolite determination (glucose, lactate,
cholesterol, etc.) with the targeted MS/MS analysis of acylcarnitines and amino acids, plus the free and
total fatty acids, and short-chain organic acids by GC/MS to characterize the metabolic signature that
was different between lean and obese [69].

We analyzed possible correlations between the metabolites measured and other clinical
determinations such as the HOMA index, total triglycerides, leptin and adiponectin [57]. In the
ROC analysis, the combination of leptin and alanine showed a high IR discrimination value in the
whole cohort (area under curve, AUCALL = 0.87), as well as in boys (AUCM = 0.84) and girls
(AUCF = 0.91) when considered separately. However, the specific metabolite/adipokine combinations
with highest sensitivity were different between the sexes. Therefore, combined sets of metabolic,
adipokine and metabolomic parameters can identify pathophysiological relevant IR in a single fasting
sample, suggesting a potential application of metabolomic analysis in clinical practice to better identify
children at risk without using invasive protocols.

Based on our current understanding of this problem, more research is clearly needed to elucidate
reliable biomarkers for future complications in childhood obesity, including employing different types
of samples, such as feces. Diseases associated with lifestyle, as well as their complications, are complex
and multifactorial in nature. Genetic heritage, dietary habits, and other environmental factors, as well
as their interaction with the microbiome, conditioning gene expression and transcription and the
subsequent regulation of protein translation and activity, all impact on the metabolic outcome. All these
factors are molecularly related to the metabolome. Moreover, the role of factors such as the gut
microbiome and low-grade inflammation in modulating the response to insulin and other hormones
cannot be questioned but is exceedingly difficult to quantify.
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5. Conclusions

Not only is the concept of obesity in children and adolescents unclear, but the definition of
insulin resistance continues to be controversial. In this regard, the combined analysis of adipokines
(particularly leptin and adiponectin), growth factors, inflammatory markers, chemokines, metabolic
and metabolomic markers could be useful to predict the existence of insulin resistance in children with
obesity prior to overt glucose metabolism impairment.

The evolution of obesity and its comorbidities differ between children and adults and more studies
are necessary in children to define insulin resistance, as well as metabolic syndrome, and determine its
implications in further complications.

New and precise markers of the evolution of glucose metabolism in children and adolescents with
obesity are necessary to provide a correct diagnosis and early intervention.

Metabolomics, untargeted, targeted and the combination of these, is a powerful new technology
to understand metabolism and to highlight possible biomarkers with clinical relevance.

Metabolomics can provide valuable information from bench to bedside and backward, and the
information gathered from large metabolomics studies can be applied to the pursuance of precision
nutrition. Ideally, we will be able to relate the presence of some metabolites, at least to some extent,
to characterize the individual needs in terms of nutrition.

More studies are clearly necessary to precisely determine the progression of alterations in glucose
metabolism in young patients with obesity to identify clear biomarkers of risk of further complications.
The metabolites that are most often found associated with obesity and/or insulin resistance (BCAA and
acylcarnitines) still need to be studied in children and adolescents. Moreover, other biomarkers coming
from untargeted studies (related to inflammation or the gut microflora) should be tested in the clinic.

The patient’s sex must be taken into consideration even in prepubertal periods.
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Abstract: The elongation of very long chain fatty acids (ELOVL) is a family of seven enzymes that have
specific functions in the synthesis of fatty acids. Some have been shown to be related to insulin secretion
(ELOVL2), and in the lipid profile (ELOVL6) and patients with various pathologies. The present work
focused on the study of ELOVL polymorphs with clinical markers of non-communicable chronic
diseases in the Mexican population. A sample of 1075 participants was obtained, who underwent
clinical, biochemical, and nutritional evaluation, and a genetic evaluation of 91 genetic variants of
ELOVL was considered (2-7). The results indicate a 33.16% prevalence of obesity by body mass
index, 13.84% prevalence of insulin resistance by homeostatic model assessment (HOMA) index,
7.85% prevalence of high cholesterol, and 20.37% prevalence of hypercholesterolemia. The deprived
alleles showed that there is no association between them and clinical disease risk markers, and the
notable finding of the association studies is that the ELOVL2 variants are exclusive in men and
ELVOLY? in women. There is also a strong association of ELOVL6 with various markers. The present
study shows, for the first time, the association between the different ELOVLs and clinical markers of
chronic non-communicable diseases.

Keywords: biomarkers; ELOVL; metabolic alterations; Mexican population; Single Nucleotide Polymorphisms

1. Introduction

The elongases of very long chain fatty acid (ELOVL) family of fatty acid elongases includes seven
enzymes that catalyze elongation of the carbon chain of fatty acids (FAs) during their condensation
phase. Other studies have reported that ELOVLs are specific to the type of FA that elongate; ELOVLI1,
ELOVL3, ELOVL6, and ELOVLY preferably elongate saturated fatty acids (SFAs) and monounsaturated
fatty acids (MFAs); whereas ELOVL2 and ELOVLS5 are specific to polyunsaturated fatty acids (PUFAs),
and ELOVLA4 elongates PUFAs and SFAs of very long chains [1,2]. Given the important role of lipids in
the metabolism, their associations with the development of various pathological processes, such as
hepatic steatosis, obesity, insulin resistance and diabetes mellitus 2, and cancer, are currently being
studied [2]. As an example, the importance of ELOVL2 in pancreatic insulin secretion has been
demonstrated in animal models [3]. An ELOVL3 knockout model has also been shown to be related to
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adiponectin reduction, adipose tissue expansion, and diet-induced resistance to obesity, in addition
to a reduction in liver lipids and a decrease in triglycerides (TGs) in blood [4]. By comparison,
the determination of the metabolic function of ELOVL4 has shown some influence on ceramides and
very long chain fatty acids (VLFAs), mainly in the skin, brain, and eyes of mice [5,6]. Furthermore,
possible participation in the pathophysiology of some diseases has not yet been evaluated. Moreover,
ELOVLS has been identified as an intermediate in the signaling for the export of glucose receptors to
the membrane and the increase in the activity that promotes insulin resistance, mainly suppressing the
activity of the transcriptional factor mTorcl. Studies have also reported that ELOVLS5 regulates the
levels of triglycerides in the liver [7]. The activity of ELOVLEG is the best studied, in addition to its
importance in adipogenesis as a target of the transcription factor SRBP1 [8] and its effect in preventing
insulin resistance when it is knocked down or knocked out in transgenic mice [9]. ELOVLY is the
least studied of all fatty acid elongases, but it has been associated with pathologies such as cancer and
Parkinson’s [10].

Polymorphisms in the ELOVL enzymes affect the fatty acid composition of breast milk [11]. A study
of a Costa Rican population found no association between the Single Nucleotide Polymorphisms
(SNPs) of ELOVL2 (rs2295601, rs10498676, and rs3734397), ELOVL4 (rs17239120), and ELOVL5
(rs17544464, rs2115564, rs2294867, and rs761179) and the risk of acute myocardial infarction, but found
an association with the metabolism of lipids [12]. Thus, the present work is designed to determine the
relationship between 91 SNPs of ELOVL found in a Mexican population and the biomarkers of chronic
non-communicable diseases.

2. Materials and Methods

A total of 1075 Mexican subjects participating in the SUSALUD-UAQ (University Health Program
from the Autonomous University of Queretaro) program were sampled, comprising 563 women (52.3%)
and 512 men (47.6%) of 18 to 30 years old. Subjects with previously diagnosed health problems were
not included for analysis and those who did not have complete clinical, biochemical, and genetic
information were excluded from the study. This study was approved by the Bioethics Committee
(52FCN2017) of the Natural Science Department of the Autonomous University of Queretaro under
the guidelines of the Declaration of Helsinki [13].

2.1. Evaluation of Nutritional Status and Body Composition

Anthropometric data was collected, including weight, height, and waist and hip circumferences,
following the standard procedures of the World Health Organization, 2006 [14]. Height measurement
was performed with a wireless transmission stadiometer (Brand SECA, Model 264; Hamburg, Germany).
Waist circumference was measured by placing a tape measure on a line that is at the midpoint
between the upper iliac crest and the border inferior costal, at the end of a normal expiration.
Weight and body composition were determined using a multifrequency bioelectrical impedance device
(SECA, model mBCA 515; Hamburg, Germany). Medical staff determined blood pressure of patients
subject to the following conditions: without physical exercise and after resting for 10 to 15 min before
measurement, back and arm supported, legs not crossed. The reference values of the Treatment of
High Blood Cholesterol in Adults (ATPIII) 2005 revision (130/85 mmHg) were considered.

2.2. Evaluation of Biochemical Markers

Blood samples were collected from each subject to obtain plasma (BD Vacutainer Plus) and serum
(BD Vacutainer SSTII). Following collection of the blood samples, a complete blood count was performed
in a Cell-dyn 1400 device (Abbot Mark, IL, USA). Plasma and serum were obtained by centrifugation
of the whole blood sample at 2500 rpm for 10 min, and then aliquoted in 1.5 mL cryovials for
subsequent analyses and stored at =70 °C (REVCO, Thermo Scientific, Waltham, MA, USA). The serum
was used to analyze the concentrations of glucose, total cholesterol, triglycerides, and high-density
lipoprotein (HDL), whereas the concentration of low-density lipoprotein (LDL) was calculated using
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the formula of Fridelwald (i.e., LDL = CT- (TG/5) + HDL)) in patients with TG < 400 mg/dL [15].
For those samples with TG > 400 mg/dL, the determination was made using colorimetric analysis.
All biochemical determinations were carried out in duplicate in an automated Mindray BS 120 device
(Medical International Limited, Shenzhen, China) using colorimetric enzymatic methods (SPINREACT
S.A./S.A.U, Girona, Spain). Fasting glucose concentrations of less than 100 md/dL were considered
normal [16].

The reference values from the National High Blood Pressure Education Program Working Group
on High Blood Pressure in Children and Adolescents, 2004, were used for diagnostics of the lipid
profile [17].

The plasma was used to analyze insulin levels. The insulin levels were analyzed
according to the manufacturer’s instructions using an ELISA kit (Insulin ELISA 80-INSHU-EO01.1,
ALPCO INMUNOASSAYS). The readings were compiled using a Multiskan ascent spectrophotometer
(Thermo, electron corporation) at a wavelength of 450 nm.

The homeostatic model assessment (HOMA) index was calculated according to the
following equation:

HOMA (IR) = [Insulin(uU)/mL) x Glucose(mmol/L)]/22.5 1)

The cut-off values for insulin and HOMA index were based on those suggested by
Munguia-Romero et al. (2013) [18].

2.3. DNA Purification and Genotyping

Genomic DNA was extracted using the Agencourt DNAdvance kit according to the manufacturer’s
instructions (Beckmann Coulter, CA, USA). The extracted DNA was quantified and analyzed for
its quality using the Spectrophotometer 190 (Molecular Devices, CA, USA) device. As quality
criteria, a concentration higher than 40 ng/ul and an absorbance ratio 260/280 of 1.8-2 were used.
The integrity of the DNA was also taken into account by electrophoretic running. Next, the Infinium
HTS Automated Protocol (Illumina) [19] was followed with the objective of genotyping the samples.
For this, the beadchip Global Screening Array-24 + V1.0/HTS CODIGO46_2017_01 was used. Genotypes
described in Table 1 were determined using Genome Studio software.

Table 1. Genetic markers analyzed.

Gene Genetic Variant Alleles Functional Consequence
ELOVL2 rs8523 (A/G) genic downstream transcript variant, 3’ UTR variant.
ELOVL2 1rs3734396 (A/G) genic downstream transcript variant, 3’ UTR variant.
ELOVL2 1517606561 (A/G) genic downstream transcript variant, 3’ UTR variant.
ELOVL2 1rs3734398 (T/C) genic downstream transcript variant, 3’ UTR variant.
ELOVL2 1rs2281591 (A/G) intron variant, genic downstream transcript variant.
ELOVL2 1rs2236212 (G/C) intron variant, genic downstream transcript variant.
ELOVL2 rs3798713 (G/C) intron variant.
ELOVL2 157765206 (A/C) intron variant, genic upstream transcript variant.
ELOVL2 rs116279801 (T/C) intron variant, genic upstream transcript variant.
ELOVL2 1rs9295757 (T/G) intron variant, genic upstream transcript variant.
ELOVL2 rs3798721 (A/C) intron variant, genic upstream transcript variant.
ELOVL2 1516870899 (A/G) intron variant, genic upstream transcript variant.
ELOVL2 rs3798722 (A/G) intron variant, genic upstream transcript variant.
FLOVIL2 1$9393903 (A/G) intron variant, upstream tra'nscripf variant, genic upstream

transcript variant.

ELOVL2 rs4532436 (G/C) genic downstream transcript variant, 3’ UTR variant.
ELOVL2 512195587 (A/G) downstream gene transcription variant, synonym variant,

coding sequence variant.
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Table 1. Cont.

Gene Genetic Variant Alleles Functional Consequence
ELOVL3 rs10748816 (A/G) intron variant.
ELOVL3 136103207 (A/G) nonsense variant, coding sequence variant.
ELOVL4 rs3812153 (T/C) coding sequence variant, nonsense variant.
ELOVL4 6:80628844 (A/G)
ELOVL4 rs117891930 (T/C) intron variant.
ELOVL4 rs144198896 (A/G) intron variant.
ELOVL4 rs80246554 (T/C) intron variant.
ELOVL4 112196014 (A/G) intron variant.
ELOVL4 rs9448863 (A/G) intron variant.
ELOVL4 116891339 (A/G) intron variant.
ELOVLS 1541273878 (A/C) coding sequence variant, synonym Ve.iriant, downstream
gene transcription variant.
ELOVLS 541273880 (T/C) coding sequence variant, nonsense v.ari'ant, synonym
variant, downstream gene transcription variant.
ELOVL5 1572938776 (A/G) intron variant, genic downstream transcript variant.
ELOVL5 rs182937551 (T/C) downstream gene transcription variant, intron variant
ELOVL5 136054518 (A/G) intron variant.
ELOVLS5 15209487 (T/G) intron variant.
ELOVLS 15115397424 (A/G) intron variant.
ELOVL5 113208390 (T/G) intron variant.
ELOVL5 1572940713 (T/C) intron variant.
ELOVL5 15114271869 (T/G) intron variant.
ELOVL5 152073040 (A/G) intron variant, genic downstream transcript variant.
ELOVL5 19370194 (C/T) intron variant.
ELOVL6 rs11098065 (A/G) intron variant.
ELOVL6 rs17041284 (T/C) intron variant.
ELOVL6 17662161 (T/C) intron variant.
ELOVL6 rs77958351 (A/G) intron variant.
ELOVL6 rs77808755 (A/G) intron variant.
ELOVL6 rs59634436 (A/C) intron variant.
ELOVL6 rs78160528 (T/C) intron variant.
ELOVL6 116997129 (T/C) intron variant.
ELOVL6 rs3813827 (A/G) intron variant.
ELOVL6 1511737840 (T/C) intron variant.
ELOVL6 rs10033691 (T/C) intron variant.
ELOVL6 rs2005701 (T/C) intron variant.
ELOVL6 1576145164 (T/C) intron variant.
ELOVL6 1576338299 (T/G) intron variant.
ELOVL6 rs6533491 (T/C) intron variant.
ELOVL6 1572679222 (A/G) intron variant.
ELOVL6 1511937052 (A/G) intron variant.
ELOVL6 rs11098070 (A/G) intron variant.
ELOVL6 rs80343897 (T/C) intron variant.
ELOVL6 rs373773495 (T/C) intron variant.
ELOVL6 rs114422025 (T/C) intron variant.
ELOVL6 rs6533495 (A/G) intron variant.
ELOVL6 1528722886 (T/C) intron variant.
ELOVL6 rs6533497 (T/C) intron variant.
ELOVL6 rs77504516 (A/G) intron variant.
ELOVL6 rs6815102 (T/C) intron variant.
ELOVL6 rs4326075 (A/C) intron variant.
ELOVL6 rs116418972 (A/G) intron variant.
ELOVL6 1511729740 (T/C) intron variant.
ELOVL6 rs2035415 (T/C) intron variant.
ELOVL6 1517041402 (A/C) intron variant.
ELOVL6 rs59111930 (A/G) intron variant.
ELOVL6 1574874270 (A/G) intron variant.
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Table 1. Cont.

Gene Genetic Variant Alleles Functional Consequence
ELOVL6 rs1384331 (T/G) intron variant.
ELOVL6 1572679246 (A/C) intron variant.
ELOVL6 1578563565 (T/C) intron variant.
ELOVL6 rs6533498 (A/C) intron variant.
ELOVL6 1$9997926 (C/T) intron variant.
ELOVL6 156824447 (A/G) upstream transcription variant.
ELOVL6 rs17041272 (C/G) 3’ UTR region variant.
ELOVL?7 1575621404 (A/G) intron variant, genic downstream transcript variant.
ELOVL?7 1rs143990657 (A/G) downstream gene transcription variant, intron variant.
ELOVL?7 1rs115862620 (T/C) intron variant, genic downstream transcript variant.
ELOVL?7 rs1563517 (T/G) intron variant, genic downstream transcript variant.
ELOVL?7 rs12188996 (A/C) downstream gene transcription variant, intron variant.
ELOVL?7 rs60258111 (T/C) intron variant, genic downstream transcript variant.
ELOVL?7 1516878426 (T/C) downstream gene transcription variant, intron variant.
ELOVL?7 rs6872863 (A/G) intron variant, genic downstream transcript variant.

intron variant, genic downstream transcript variant, coding

ELOVL7 1576641655 (T/G) . .
sequence variant, synonym variant.
ELOVLY 15145299240 (T/C) downstream gene transcription va.anant, 'mtron variant, genic
upstream transcript variant.

ELOVL7 5114011218 (T/C) upstream gene transcription Varla'nt, 1nt?on variant, genic
downstream transcript variant.

ELOVL7 5115159664 (T/C) upstream gene transcription Vana‘nt, 1nt4ron variant, genic
downstream transcript variant.

ELOVL?7 rs4700398 (A/G) upstream gene transcription variant, intron variant.

2.4. Genetic and Statistical Analyses

Allelic and genotypic frequencies were calculated using GenAlEx. Null alleles were removed
from the dataset for further analysis and the remaining markers were tested in reference to the
Hardy-Weinberg equilibrium (HWE). Private alleles were also identified and quantified for the
analyzed data. SNPs were examined for associations with the studied biomarkers, therefore means
and their standard deviations were analyzed with Student’s t-tests. We also tested the statistical
homogeneity of the effects on body mass index (BMI) in the corresponding regression model between
clinical biomarkers. The strength of association between variables was measured by calculating
the odds ratio (OR) and 95% confidence intervals using logistic regressions performed with SPSS
(ver. 9.6) [20] statistical software; the regression coefficients were tested for significance and the p-value
used to reject the null hypothesis was 0.05. The multivariate logistic regression model used to calculate
the risk associations was controlled for potential confounders such as sex and age. The recessive
genotypes were compared to both dominant and heterozygous genotypes, and tested for statistical
significance (p-value = 0.05).

3. Results

3.1. Characteristics of the Subjects

From the original sample of 1075, 476 participants were eliminated due to having incomplete data
for the study, so a final sample of 599 subjects was used. Table 2 shows the general characteristics of
the population, in which it can be seen that 311 of the subjects (51.9%) were women and 288 (48.1%)
were men, with an average age of 19.1 + 1.9 years. A comparison of means was carried out in both
populations to establish that there were no significant differences in the variables independent of the
sex. Significant statistical differences occurred in variables typically classified for both of the sexes.
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Table 2. General characteristics of the population.

Total Women Men
Biomarkers (N =599) (N =311) (N = 288)
Mean S.D. Mean S.D. Mean S.D. p-Value

Age (years) 19.18 1.95 19.07 1.80 19.29 2.09 0.162
Weight (kg) 65.07 13.70 59.88 12.06 70.65 13.18 0.000
BMI (kg/m?) 23.76 4.30 23.50 4.44 20.04 4.14 0.127
Waist circumference (cm) 80.98 11.83 78.24 11.62 83.92 11.36 0.000
Waist-Hip Ratio 0.83 0.07 0.81 0.07 0.86 0.06 0.000
Waist-height Ratio 0.49 0.07 0.49 0.07 0.49 0.07 0.970
Body Fat (%) 26.41 0.56 31.39 7.34 21.08 8.06 0.000
Glucose (mg/dL) 83.53 9.04 82.25 9.03 84.91 8.86 0.000
Insulin (ug/mL) 7.87 5.65 7.99 0.07 7.73 5.14 0.581
HOMA-IR Index 1.63 1.20 1.63 1.24 1.63 1.15 0.999
Triglycerides (mg/dL) 105.18 64.11 95.57 53.58 114.45 72.76 0.001
Total Cholesterol (mg/dL) 157.43 30.19 157.44 27.71 157.41 32.71 0.989
HDL (mg/dL) 50.72 12.55 53.25 13.33 48.02 11.07 0.000
LDL (mg/dL) 85.51 23.71 84.63 22.50 85.47 24.95 0.346

S.D.: Standard deviation; BMI: Body mass index; HDL: high-density lipoprotein; LDL: low-density lipoprotein.
Student’s t-test of statistical significance, p-value < 0.05.

3.2. Nutritional Alterations of Subjects

Metabolic alterations according to anthropometric and body composition variables (Figure 1A)
indicate the evaluated population has a prevalence of overweight and obesity according to the BMI
of 33.16%, which was 31.46% for women and 34.98% for men. Similarly, with respect to the High
Waist-Hip Index (H-WHI), 42.35% of the population was above the recommended level, and was
significantly higher in men (57.84%) than in women (27.92. Furthermore, the alteration of body
composition with the highest prevalence in all of the population (n = 599) was due to the percentage of
high body fat, which was 49.04% in the total population (46.10% in women and 52.17% in men).

Significant alterations were also found in biochemical variables (Figure 1B). According to glucose
(H-Gluc) values, the prevalence of high levels was low (2.84%), and was 2.57% for women and 3.12%
for men. High insulin (H-INS) levels prevailed in 18.2% of the population. It is worth noting that
men had higher prevalence (23.12%) than women (13.84%) in this marker. This was similar to the
case of the high HOMA index (H-HOMA), which was found be more prevalent in men (16.67%)
than in women (11.15%). Regarding lipid metabolism markers, high total cholesterol (H-TC) had a
prevalence of 7.85%, and was higher in men (10.07%) than in women (5.79%). Similarly, the high levels
of low-density cholesterol (H-cLDL) had a prevalence of 4.51%, with values of 3.33% for women and
5.90% for men. The opposite case was observed in low levels of high-density cholesterol (L-cHDL),
the overall prevalence of which was observed to 36.0%, and was higher in women (46.30%) than in
men (25.0%). The prevalence of high triglycerides (H-TG) was observed to be 20.37%, and was higher
in men (25.0%) than in women (16.08%).

Figure 1C shows the nutritional status of the study subjects according to their BMI, in which
values of 6.46% for low weight (LW) were obtained, 7.62% for women and 5.30% for men; 60.34% for
normal weight (NW), 59.72% for women and 60.93% for men; and for overweight (OW) the total
prevalence was 25.47%, and slightly higher in men (27.21%) than in women (23.84%). For obesity (OB),
the prevalence of the population was 7.69%, with 7.62% for women and 7.77% for men. Nutritional
status was determined according to the percentage of body fat (Figure 1D), in which a prevalence of
low body fat of 4.9% was observed, with values of 2.71% for women and 7.75% for men. By comparison,
the total prevalence for normal fat percentage was 46.09%, with values of 51.19% for women and
40.58% for men. Regarding the percentage of high fat, a prevalence of 49.04% was found in the total
population, with a higher proportion of men (52.17%) than women (46.10%) presenting this condition.
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Figure 1. Distribution of nutritional status (A) Prevalence of anthropometric and body composition
alterations. H-BMI: body mass index > 25.0 kg/m?; H-WC: waist circumference (women > 0.80 cm
and men > 90 cm); H-WHI: waist-hip index (women > 0.85 cm and men > 95 cm); H-WHR:
waist-height ratio > 0.50; H-BFP (women > 25% and men > 20%). (B) Prevalence of biochemical
alterations. H-Gluc: high glucose; >100 mg/dL; H-INS: high insulin, >14 uU/mL for women and
>11 pU/mL for men; H-HOMA: high HOMA index: >2.9 for women and >2.3 for men; H-TC:
high total cholesterol, >200 mg/dL; H-cLDL: elevated low-density lipoproteins, >130 mg/dL. L-cHDL:
low high-density lipoproteins, <50 mg/dL for women and <40 mg/dL for men; H-TG: high triglycerides
> 150 mg/dL. (C) Nutritional status according to BML LW: low weight: BMI < 18.5 kg/m?; NW: Standard
weight: BMI 18.5-24.9 kg/m?; OW: Overweight: BMI 25-29.9 kg/m?; OB: obesity: BMI > 30 kg/m?.
(D) Nutritional status according to the percentage of body fat for men: LBF: low body fat < 8%; NBF:
body fat 8.1-20%; HBF: high body fat 20.1-25%; for women: low body fat < 15%; NBF: body fat 15-35%;
HBEF: high body fat > 35% [21].

3.3. Allelic Frequencies, HWE Analysis, and Private Alleles

From the 91 analyzed SNP polymorphisms of ELOVL, only 77 were used for further analysis after
null alleles were excluded from the dataset. The allelic and genotypic frequencies analyzed in the sample
(n = 599) are shown in Table S1 in the Supplementary Material. ELOVL2 and ELOVL6 were highly
diverse with a total of 15 analyzed markers found for the former and 37 for the latter. Most markers
showed a significant deviation from the HWE (p > 0.05) after sequential Bonferroni correction.

Private alleles were identified after the population was analyzed independently by males and
females, and once separated, both subpopulations were analyzed against all biomarkers. This was
because some biomarkers behave differentially among sexes. Most of the private alleles were found
to have a positive input on the biomarkers (Table 3), with the exception of two SNPs from ELOVLS5,
rs72938776 (allele A, freq. 0.019) and rs72940713 (allele G, freq. 0.019), which were significantly
(p > 0.05) associated with the waist-height ratio (WHR) and percentage of body fat (%BF).
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Table 3. Single Nucleotide Polymorphisms private alleles with significant associations with biomarkers.

Sex Gene Biomarker Clinical Diagnosis Locus Allele Frequency
%BF Low body fat 15116279801 A 0.025
ELOVL2 Glucose Normal levels 157765206 A 0.028
HOMA No insulin resistance rs7765206 A 0.031
WHR Without cardiovascular risk rs16891339 G 0.023
ELOVLA4 Without cardiovascular risk  rs117891930 A 0.020
LDL Without cardiovascular risk rs80246554 G 0.037
Without cardiovascular risk rs12196014 A 0.095
ELOVLS WHR Without cardiovascular risk rs36054518 G 0.021
Males TG Normal levels rs36054518 G 0.021
al Normal levels rs76145164 A 0.021
ucose Normal levels 176338299 A 0.053
HOMA No insulin resistance 177958351 A 0.021
ELOVL6 Chol 1 Normal levels rs76145164 A 0.021
olestero Normal levels rs74874270 G 0.031
LDL Without cardiovascular risk rs76145164 A 0.021
Without cardiovascular risk rs74874270 G 0.030
ELOVL? HOMA No insulin resistance 15115159664 G 0.024
TG Normal levels 15115159664 G 0.023
Cholesterol Normal levels 187765206 A 0.031
ELOVL2 Normal levels rs16870899 G 0.022
LDL Without cardiovascular risk ~ 587/ELOVL2 A 0.071
WHR Without cardiovascular risk  rs72938776 A 0.019
ELOVL5 %BF High levels rs72938776 A 0.018
High levels 172940713 G 0.019
Glucose Normal levels rs76145164 A 0.020
Normal levels rs74874270 G 0.029
Females HOMA No insulin resistance rs17041402 C 0.023
Cholesterol Normal levels rs17041402 C 0.022
Normal levels rs74874270 G 0.027
ELOVL6 Normal levels rs78563565 G 0.024
TG Normal levels rs17041402 C 0.025
LDL Without cardiovascular risk rs11729740 A 0.062
Without cardiovascular risk rs17041402 C 0.022
Without cardiovascular risk rs74874270 G 0.027
Without cardiovascular risk 1578563565 G 0.023
ELOVL7 WHI Normal distribution 176641655 C 0.022

3.4. Association of SNPs with Clinical Markers of Risk to Chronic Non-Communicable Diseases

To facilitate the analysis of the results, only those whose associations were statistically significant
are presented in the following tables and all of the results of the association analyses and their respective
p-values are shown in the Supplementary Material (S2). For the general population, the associations
resulted in five variants associated with risk for ELOVL2, one for ELOVL4, two for ELOVL5, nine for
ELOVLS, and three for ELOVLY7, giving a total of 20 variants associated with risk markers (Table 4).
By comparison, according to the results, 12 genetic variants were found to be protective factors for the
risk markers for chronic non-communicable diseases, of which three are for ELOVL2, one for ELOVL3,
one for ELOVLS5, and seven for ELOVL6 (Table 5). The highest levels of risk identified by the analysis
for the total population were found in ELOVLS5 and ELOVLS.
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Table 4. Association between SNP of elongases of very long chain fatty acids (ELOVL) and clinical

markers of chronic non-communicable diseases (risk factors).

Gene SNP Clinical Marker OR 95% CI p-Value
H-Insulin 2.048 1.238 3.388 0.005
158523 H-HOMA 1.847 1132 3.013 0.013
H-Cholesterol 2.628 1.400 4935 0.002
H-BMI 1.441 1.020 2.036 0.038
H-Insulin 1.894 1.146 3.130 0.012
153734398 H-HOMA 1.780 1.088 2912 0.020
H-Cholesterol 2.341 1.251 4.378 0.006
H-Insulin 1.922 1135 3.254 0.014
ELOVI2 H-HOMA 1.995 1.184 3361 0.009
152236212 H-Cholesterol 2432 1.236 4785 0.008
H-LDL 2.856 1.136 7.181 0.020
H-HOMA 1.765 1.058 2.944 0.028
153798713 H-Cholesterol 2485 1.263 4888 0.007
H-LDL 2915 1.159 7.330 0.018
H-Insulin 2248 1.357 3722 0.001
154532436 H-HOMA 2025 1.237 3315 0.004
H-Cholesterol 2.654 1.418 4.966 0.002
ELOVL4  rs80246554 H-HOMA 2622 1.164 5.908 0.016
H-BMI 12.447 1.488 104.127 0.003
1572938776 H-Insulin 6.973 1.145 42.469 0.015
ELOVL5 H-BMI 7.32 1.506 35.579 0.004
1s72940713 H-%BF 8.561 1.064 68.899 0.016
H-Insulin 6.953 1.142 42346 0015
H-BMI 2129 1.256 3.608 0.004
H-%BF 1.879 1.091 3238 0.021
1559634436 H-Insulin 2237 1.168 4284 0.013
H-Glucose 3.597 1.225 10561 0.013
H-HOMA 2023 1.052 3.888 0.032
rs78160528 H-LDL 4642 1.258 17.12 0.012
H-BMI 1.844 1.14 2983 0.012
H-%BF 227 1371 3.759 0.001
1510033691 H-Insulin 2.094 1132 3.874 0.017
H-Glucose 3.687 1.325 10265 0.008
ELOVL6 76145164 H-Triglycerides 3.073 1264 7.471 0.009
H-BMI 1.797 1113 2,901 0.015
1511937052 H-Waist 1.776 1.104 2.858 0.017
rs114422025 H-HOMA 4678 1.445 15.141 0.005
1572679246 H-Glucose 6.144 1.263 29.902 0011
159997926 H-WHR 1.975 1.098 3553 0.021
H-BMI 1.569 1 246 0.049
H-%BE 1.794 1133 2839 0012
rs17041272 H-Insulin 2147 1.198 3.847 0.009
H-HOMA 1.956 1.09 3.491 0.021
H- Waist 1517 1.049 2.194 0.027
rs1563517 H-Insulin 1.844 1.107 3.074 0.018
rs115159664 H-LDL 3.847 1.06 13.959 0.028
ELOVL7 H-BMI 157 1.109 2221 0011
rs4700398 H-WHI 1.438 1.036 1.99 0.03
H-%BF 1473 1.058 2.051 0.022

H-BML: high body mass index > 25.0 kg/m?; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; >100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11pU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides

(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).
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Table 5. Association between SNP of ELOVL and clinical markers of chronic non-communicable
diseases (protective factors).

Gene SNP Clinical Marker OR 95% CI p-Value
H-HOMA 0.521 0.298 0914 0.021
rs17606561 4 Triglycerides 0.625 0.404 0.968 0.034
H-Waist 0.641 0.445 0.924 0.017
ELOVL2 152281591 H-Insulin 0.517 0.297 0.899 0.018
H-HOMA 0.479 0.276 0.831 0.008
159393903 H-HOMA 0.560 0.322 0.972 0.038
ELOVL3  rs10748816 H-WHR 0.578 0.401 0.832 0.003
ELOVL5 152073040 L-HDL 0.686 0.475 0.992 0.045
H-Insulin 0.499 0.289 0.861 0011
rs11098065 L-HDL 0.686 0.487 0.966 0.031
157662161 H-LDL 0.331 0.123 0.89 0.022
H-Waist 0.676 0.476 0.958 0.028
156533491 H-WHR 0.704 0.508 0.977 0.035
ELOVL6 H-Glucose 0.202 0.045 0.895 0.02
1580343897 L-HDL 0.654 0.462 0.924 0.016
rs6815102 H-Insulin 0.575 0.349 0.949 0.029
154326075 L-HDL 0.552 0312 0.977 0.042
H-Cholesterol 0.447 0.242 0.825 0.008
156824447 H-LDL 0.435 0.196 0.968 0.036

H-BML: high body mass index > 25.0 kg/m?; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; >100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11uU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides
(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).

When the population was divided by sex for posterior analyses, the results showed 15 SNPs of
ELOVL for women were related to clinical markers of chronic non-communicable diseases as risk factors
(two for ELOVLS5, eight for ELOVLS, and five for ELOVL?) in which the variant rs72938776 of ELOVL5
obtained an OR of 11.37 for high LDL, whereas the rs9370194 variant of the same ELOVL was found
with an OR of 2.92 for high total cholesterol. Regarding ELOVLS, the variants rs59634436 (OR = 2.761),
rs10033691 (OR = 2.102), rs2005701 (OR = 1.717), and rs11937052 (OR = 2.0) were associated with high
BMI; similarly, rs2005701 (OR = 2.163) was associated with elevated waist circumference. Regarding the
association with biochemical markers, it was observed that rs76145164 was associated with elevated
triglycerides (OR = 5.667) and 1572679246 with high glucose (OR = 19.2), and high total cholesterol
had an association with rs17041272 (OR = 3.1), whereas rs10033691 (OR = 4.479) and rs78160528
(OR = 3.605) were associated with high LDL. The SNP of ELOVLY? rs1563517 was associated with
elevated waist circumference (OR = 1.716) and high waist-height index (OR = 1.806) and rs4700398
showed associations with high BMI (OR 1.964). Regarding biochemical markers, rs1563517 was also
associated with elevated insulin (OR = 3.126) and rs76641655 with high triglycerides (OR = 4.452),
whereas rs115159664 was associated with high total cholesterol (OR = 7.125) and high LDL (OR = 8.111),
and rs12188996 was associated with high LDL with an OR of 10.963 (Table 6).
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Table 6. Association of SNPs with clinical markers of chronic non-communicable diseases in women

(risk factors).

Gene SNP Clinical Marker OR 95% CI p-Value

BLovis 72938776 H-LDL 11.037 1.044 116.696 0.013

rs9370194 H-Cholesterol 2.926 1.085 7.892 0.027

1559634436 H-BMI 2.761 1314 5.802 0.006

H-BMI 2102 1.076 4106 0.027

rs10033691 H-LDL 4479 121 16.584 0.015

1578160528 H-LDL 3.605 0.412 31.569 0218

H-BMI 1.717 1.004 2.937 0.047

ELOVL6 152005701 H-Waist 2163 1.287 3.634 0.003

1576145164 H-Triglycerides 5.667 1.576 20.37 0.003

111937052 H-BMI 2 1.03 3.884 0.038

1572679246 H-Glucose 19.2 3.085 119.485 0.001

rs17041272 H-Cholesterol 31 1.101 8.73 0.025

H-Waist 1.716 1.051 2.801 0.03

151563517 H-WHR 1.806 1.075 3.033 0.025

H-Insulin 3.126 1.441 6.778 0.003

ELovLy 1218899 H-LDL 10.963 1.037 115.915 0013

rs76641655  H-Triglycerides 4452 1152 17.204 0.019

H-Cholesterol 7.125 1.714 29.621 0.002

rs115159664 H-LDL 8.111 1.503 4376 0.004

154700398 H-BMI 1.964 1.196 3225 0.007

H-BML: high body mass index > 25.0 kg/m?; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; >100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11uU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides
(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).

Interestingly, in women, protective factors were found only in ELOVL2 and ELOVL6 variants.
For ELOVL2, rs2281591 is associated with protection for a high waist circumference (OR = 0.610).
The two SNPs of ELOVL6 are rs6533491, which is a protective factor for high waist circumference
(OR = 0.526) and high waist-height radius (OR = 0.559); and rs11098065, which shows protection
against low HDL (OR = 0.582) (Table 7).

Table 7. Association of SNPs with clinical markers of chronic non-communicable diseases in women
(protective factors).

Gene SNP Clinical Marker OR 95% CI p-Value
ELOVL2 152281591 H-Waist 0.610 0.377 0.988 0.044
H-Waist 0.526 0.329 0.841 0.007
ELOVL6 156533491 H-WHR 0.559 0.338 0.925 0.023
rs11098065 L-HDL 0.582 0.369 0.919 0.02

H-BMI: high body mass index > 25.0 kg/mz; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; > 100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11pU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides
(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).

In men, the results indicate that 15 SNPs are associated with clinical markers of risk for chronic
non-communicable diseases (five for ELOVL2, one for ELOVL4, two for ELOVL5, and seven for
ELOVL6). Regarding ELOVL?2, the results surprisingly showed that the five SNPs with significant
risk associations—1s8523, rs3734398, rs2236212, rs3798713, and rs4532436—are related to high levels
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of insulin and cholesterol, in addition to a high HOMA index, with an OR ranging from 2.080 to
3.154, thus showing an important relationship. Similarly, for ELOVL4 it was found that rs12196014
is associated with high triglycerides (OR = 1.978). For ELOVLS5, rs41273878 and rs114271869 were
associated with high triglycerides (OR = 4.176) and low HDL (OR = 5.274), respectively. Regarding the
SNPs of ELOVLE, it was observed that rs114422025 is associated with a high HOMA index (OR = 4.929);
rs59634436 is associated with a high percentage of body fat (OR = 2.333), with elevated levels of
insulin (OR = 2.87) and blood glucose (OR = 7.407), and with a high HOMA index (OR = 3.635).
In addition, rs10033691 was found to have associations with ORs for the same markers of 3.299, 2.824,
5.765, and 2.957, respectively. rs78160528 is associated with low HDL (OR = 5.299) and high LDL
(OR = 5.889). rs11937052 has associations with elevated waist circumference (OR = 2.441), elevated
body fat percentage (OR = 2.101), elevated glucose (OR = 5.577), and low HDL levels (OR = 2.105).
rs9997926 was found to be a risk factor for elevated insulin (OR = 5.714), high BMI (OR = 2.068),
and elevated waist circumference (OR = 2.131). Finally, for ELOVLS, rs17041272 risk was associated
with elevated body fat percentage with an OR = 1.933 (Table 8).

The consistency in the results of ELOVL2 is surprising, because in the risk factors (Table 8)
in the associations that indicate protection, the six variants that were found to have significant
associations—rs17606561, rs2281591, 1s9295757, 1s3798721, rs3798722, and rs9393903—are only
associated with elevated insulin levels and an elevated HOMA index, with an OR ranging from
0.204 to 0.422. We also found protective associations in ELOVL3, for which rs10748816 was associated
with the radius waist height (OR = 5.08); and in ELOVLS5, for which rs9370194 was associated with a
high percentage of fat (OR = 0.537). By comparison, the results of protective associations of ELOVL6
show that rs11098065 is associated with high levels of insulin (OR = 0.436), as is rs6815102 (OR = 0.478);
rs766216 also shows protective associations with elevated total cholesterol (OR = 0.34) and elevated
LDL levels (OR = 0.177). rs4326075 is associated with H-LDL (OR = 0.552), whereas rs59111930
was found to be associated with protection against high triglyceride levels (OR = 0.5) and low HDL
levels (OR = 0.582). Finally, rs6824447 was found to be a protective factor for high BMI (OR = 0.516),
high waist circumference (OR = 0.551), high total cholesterol (OR = 0.268), and high LDL levels
(OR = 0.227) (Table 9). It is interesting to note that ELOVL2 SNPs are present in the male population
whereas ELOVLY7 SNPs are only present in women.

Table 8. Association of SNPs with clinical markers of chronic non-communicable diseases in men (risk factors).

Gene SNP Clinical Marker OR 95% CI p-Value
H-Insulin 2.305 1172 4.532 0.014
158523 H-HOMA 2.099 1.094 4.027 0.024
H-Cholesterol 3.154 1.408 7.061 0.004
H-Insulin 2222 1.133 4.360 0.019
153734398 H-HOMA 2.080 1.079 4.009 0.027
H-Cholesterol 3.010 1.320 6.864 0.006
ELOVL2 H-Insulin 2.198 1.088 4.441 0.026
152236212 H-HOMA 2.415 1.200 4.859 0.012
H-Cholesterol 2.842 1.173 6.886 0.016
rs3798713 H-Cholesterol 2.885 1.191 6.990 0.015
H-Insulin 2.924 1.476 5.792 0.002
rs4532436 H-HOMA 2.710 1.395 5.267 0.003
H-Cholesterol 2.935 1.311 6.568 0.007
ELOVL4 rs12196014 H-Triglycerides 1.978 1.011 3.871 0.044
ELOVLS rs41273878 H-Triglycerides 4.176 0.912 19.127 0.047
15114271869 L-HDL 5.274 1.228 22.651 0.013
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Table 8. Cont.

Gene SNP Clinical Marker OR 95% CI p-Value
15114422025 H-HOMA 4929 0.961 25264 0.036
H-%BF 2.333 1.027 5.299 0.039
H-Insulin 2.87 1212 6.797 0.013
1559634436 H-Glucose 7.407 1.876 29251 0.001
H-HOMA 3.635 1567 8433 0.002
L-HDL 5.299 1.234 22.757 0.013
1578160528 H-LDL 5.889 1.095 31683 0.02
H-%BF 3.299 1.493 7.288 0.002
H-Insulin 2.824 1232 6.469 0.011
ELOvLe ~ "s10033691 H-Glucose 5.765 1475 22524 0.005
H-HOMA 2,957 1342 6.514 0.005
H-Waist 2.441 1.206 494 0.011
H-%BF 2101 1.009 4375 0.044
1511937052 H-Glucose 5577 1.429 21766 0.006
L-HDL 2.105 1.035 428 0.037
H-Insulin 5.714 2.035 16.048 0.001
159997926 H-BMI 2.068 1118 3.826 0.019
H-Waist 2.131 1116 4.069 0.02
1517041272 H-%BF 1.933 1.016 3.68 0.043

H-BML: high body mass index > 25.0 kg/m?; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; >100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11pU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides
(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).

Table 9. Association of SNPs with clinical markers of chronic non-communicable diseases in men
(protective factors).

Gene SNP Clinical marker OR 95% CI p-Value
H-Insulin 0.291 0.122 0.693 0.004
1517606561 H-HOMA 0.204 0.077 0.539 0.001
H-Insulin 0.240 0.101 0572 0.001
rs2281501 H-HOMA 0.204 0.083 0.503 0.001
fLoviy TS5 H-HOMA 0.403 0.184 0.881 0.020
153798721 H-HOMA 0.381 0.174 0.833 0.013
H-Insulin 0.422 0.199 0.894 0.022
1s3798722 H-HOMA 0.357 0.168 0.759 0.006
H-Insulin 0.299 0.125 0713 0.004
19393903 H-HOMA 0.204 0.077 0.539 0.001
ELOVL3 1510748816 H-WHR 0.508 0.298 0.866 0.012
ELOVL5 59370194 H-%BF 0.537 0.319 0.907 0.019
1511098065 H-Insulin 0.436 021 0.906 0.024
H-Cholesterol 0.34 0.134 0.863 0.018
17662161 H-LDL 0177 0.04 0.789 0.011
156815102 H-Insulin 0.478 0.244 0.939 0.03
154326075 H-LDL 0.552 0312 0.977 0.04
ELOVL6 H-Triglycerides 05 0291 0.859 0.011
1s59111930 L-HDL 0.582 0.34 0.995 0.047
H-BFI 0516 0313 0.85 0.009
H-Waist 0.551 0.319 0.952 0.031
156824447 H-Cholesterol 0.268 0.114 0.628 0.001
H-LDL 0.227 0.072 0.714 0.006

H-BMIL: high body mass index > 25.0 kg/m2 ; H-Waist: high waist circumference (women > 0.80 cm and men > 90 cm);
H-WHI: high waist-hip Index (women > 0.85 cm and men > 95 cm); H-WHR: high waist-height ratio > 0.50; H-%BF:
high body fat percent (women > 35% and men > 20%). H-Glucose: high glucose; >100 mg/dL; H-INS: high insulin
(>14 uU/mL for women and >11uU/mL for men); H-HOMA: high HOMA index (>2.9 for women and >2.3 for men);
H-Cholesterol: high total cholesterol (>200 mg/dL); H-LDL: elevated low-density lipoproteins (>130 mg/dL); L-HDL:
low high-density lipoproteins (<50 mg/dL for women and <40 mg/dL for men); H-Triglycerides: high triglycerides
(>150 mg/dL). The statistical analysis applied to this dataset was a multinominal regression (p < 0.05).
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4. Discussion

The current work presents, for the first time, a global study in human populations of the association
between genetic variants of ELOVL and clinical markers of chronic non-communicable diseases.

Mexico ranks first in the world in childhood obesity and second in adult obesity, according to
data from the National Health and Nutrition Survey (ENSANUT, for its acronym in Spanish) 2016.
The combined prevalence of overweight and obesity in adolescents between 12 and 19 years was 36.3%,
which is 1.4 percentage points higher than the prevalence in 2012 (34.9%). In adults over 20 years of age,
the combined prevalence of overweight and obesity was 71.2% in 2012 and 72.5% in 2016, representing
a non-significant difference of 1.3 percentage points [22,23]. This shows a clear trend of increase in the
prevalence of overweight and obesity. Furthermore, this trend is reflected in our results, which show a
33% prevalence of overweight and obesity in the population with an average age of 19 years, but a
marked difference when the percentage of body fat is analyzed, which shows a prevalence of high fat
of 49% in the total population evaluated.

Similar studies in the Mexican population have reported the cumulative prevalence of overweight
and obesity as 32% [24,25]. With respect to the WHR, 42.35% of the population was found to be above
the recommended level, with this ratio considerably higher in men than in women [26]. Similarly,
the body composition alteration with the highest prevalence in the population was the elevated
body fat percentage, with 49.04% of young people experiencing the alteration (Figure 1A). This may
be worrying because one of the main causes of obesity comorbidities is lipotoxicity or ectopic fat
accumulation [27-29]. According to Murguia-Romero (2013) [17], the prevalence of elevated insulin
found in a sample of young Mexicans was 9.5% in women and 12.4% in men, and in the case of
high HOMA-IR, it was found to be 12.1% in women and 15.3% in men. Our results suggest that the
prevalence of obesity and insulin resistance have increased considerably [30]. The results obtained are
similar to those reported in other studies, both nationally, 35% [31], and at the state level, 33% [32].
It is known that the BMI underestimates the real prevalence of obesity due to its low specificity in the
diagnosis, so the nutritional status of the sample was evaluated according to the %BF.

As mentioned previously, few studies have reported certain correlations between the SNPs found
in other human populations and the metabolism of PUFA. The current work found the presence of
private alleles of ELOVLS5, which could be directly related to the %BF and the risk of cardiovascular
diseases in females. Although these and other alleles of the ELOVLs have a low frequency represented
within the population, this finding might also reveal the evolutionary process that was undergone
by these markers. The frequencies of these alleles within the sampled population, and their HWE
deviations and negative health impacts, suggest a possible negative selection process of these makers
within the studied population [33].

There was a difference in the associations of SNPs with clinical markers between men and women,
shown by the difference in ELOVL2 associated with clinical markers only in men, and ELOVL? only in
women. Although there is no scientific evidence for genetic variants of ELOVLS5 related to chronic
non-communicable diseases, we observe that ELOVL5 increases the risk for elevated blood levels
of LDL (rs72938776) and total cholesterol (rs9370194) by 11.0 and 2.9 times, respectively. For the
same gene in men, the associations were for SNP rs41273878 with high triglycerides (OR = 4.1) and
rs114271869 with low LDL (OR = 5.2). ELOVLS5 in experimental mice has been shown to regulate the
degradation of hepatic triglycerides, which is related to an increase in lipase levels in adipocytes [34].
Similarly, epigenetic association studies have shown promising results in the analysis of the gene
regulation of ELOVL in relation to type 2 diabetes mellitus [35].

For ELOVLS it was observed that, of the eight SNPs of ELOVLS, four are related to a high body
mass index in women (rs59634436, rs10033691, rs2005701, and rs11937052). Four different SMPs are
related to %BF in men (rs59634436, rs10033691, rs11937052, and rs17041272), of which only rs17041272
has been studied for its participation in insulin sensitivity in the Spanish population; results show this
SNP to be at risk for insulin resistance. This provides a starting point for the specific investigation of
this genetic variant [36]. Similarly, it was observed that mice deficient in ELOVL6 and fed a high fat diet
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developed obesity but not hyperinsulinemia, hyperglycemia, or insulin resistance [37]. Our findings
suggest a difference in ELOVL6 activity in men compared to women, because although the association
of SNPs in women was skewed more towards anthropometric markers than in men, an important
correlation was observed between elevated insulin levels, and the index of elevated HOMA and
elevated glucose.

Regarding the genetic variants of ELOVLY only associated with risk markers in women,
until now no scientific information has existed to support or rule out the role of this enzyme in the
physiopathogenesis of any chronic non-communicable disease. The one exception is the relationship
attributed to prostate cancer, in which it was observed that enzyme’s overexpression occurred in
tumor cells. It was found that eliminating the enzyme significantly decreased the growth of these cells,
leading the authors to propose a relationship with the androgenic pathway of ELOVL? [38].

ELOVL2 is clearly one of the most-studied members of the ELOVL family due to its effects on
different pathological processes. It has been observed that changes in the methylation of ELOVL2
are related to the aging process [39]. Similarly, protective effects have been attributed to ELOVL2 in
pancreatic beta cells of both rodents and humans, through an increase in the oxidation of mitochondrial
palmitate, thus avoiding cell death induced by glycolipoxidation [40]. In another study conducted
in experimental animals, it was discovered that ELOVL2 is necessary for glucose-mediated insulin
secretion, which depends on the endogenous production of docosahexaenoic acid in which ELOVL2
is actively involved [3]. In a study carried out in a population of Tunisia, in which two SNPs of
desaturases (FAD1 and FAD2) and one of ELOVL2 (rs3756963) were analyzed, the authors observed
that the minor allele C is related to low triglyceride levels and low body mass index, which confers a
protective factor to the population with this variant [41]. Similarly, in another study carried out in
Italian children and adolescents, a similar behavior was observed in the association of genetic variants
of ELOVL2 with indicators of obesity and insulin resistance, in addition to alterations in the blood
lipid profile [42]. Like the aforementioned authors, our results show an important association of
ELOVL2 with markers of insulin resistance and elevated total cholesterol, which indicates the value
of a larger study to specifically identify the role of this enzyme in the pathophysiology of chronic
non-communicable diseases.

5. Conclusions

In the present study, a tendency to increase the prevalence of clinical markers of chronic
non-communicable diseases in the Mexican population was observed. Although these markers are
subject to an environmental influence, we also observed the genetic component and, in particular,
the association of ELOVL2, ELOVL5, ELOVL6, and ELOVLY?. In addition, results highlighted the
differences in the associations between men and women, such as in the cases of ELOVL2 and ELOVL?7.
These findings indicate the value of a more in-depth study of these genetic variants and their metabolic
and physiological functions.
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Abstract: The field of nutrition in early life, as an effective tool to prevent and treat chronic diseases,
has attracted a large amount of interest over recent years. The vital roles of food products and
nutrients on the body’s molecular mechanisms have been demonstrated. The knowledge of the
mechanisms and the possibility of controlling them via what we eat has opened up the field of
precision nutrition, which aims to set dietary strategies in order to improve health with the greatest
effectiveness. However, this objective is achieved only if the genetic profile of individuals and their
living conditions are also considered. The relevance of this topic is strengthened considering the
importance of nutrition during childhood and the impact on the development of obesity. In fact,
the prevalence of global childhood obesity has increased substantially from 1990 and has now reached
epidemic proportions. The current narrative review presents recent research on precision nutrition
and its role on the prevention and treatment of obesity during pediatric years, a novel and promising
area of research.

Keywords: pediatrics; obesity; cardiometabolic risk factors; precision nutrition; eating behavior;
nutrigenetics; nutrigenomics; metabolomics; microbiota

1. Introduction

Nutrition is known to play one of the key roles in the prevention and treatment of
non-communicable chronic diseases. Many of the molecular mechanisms through which nutrients affect
the functioning of our bodies are now known. Promoting the correct functioning of these mechanisms
through what we eat is the basis of precision nutrition. The goal now is to find personalized dietary
strategies that improve people’s health.

Cardiometabolic diseases (CMDs) are the leading global cause of death, among which, obesity
is the most frequent in childhood and adolescence [1]. Obesity, even during childhood, is a chronic
disease with multifactorial etiology. Genetics, lifestyle factors, an unhealthy diet, sedentarism, and poor
sleeping habits are some of its main causes, and all of them play an important role in its progression
and the development of its comorbidities [2,3].

Physiological functions in the body can be modulated by nutrients because of their ability to interact
with molecular mechanisms: “Nutritional genomics focuses on the interaction between bioactive
food components and the genome, which includes nutrigenetics and nutrigenomics. The influence
of nutrients on gene expression is called nutrigenomics, while the heterogeneous response of gene
variants to nutrients, dietary components, and developing nutraceuticals is called nutrigenetics” [4]
(Figure 1).

Nutrients 2020, 12, 3508; d0i:10.3390/nu12113508 www.mdpi.com/journal/nutrients
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Figure 1. Nutrigenetics vs. nutrigenomics.

Herein, we highlight three of the hypotheses underpinning nutrigenetics and nutrigenomics [5]:

e “The health effects of nutrients and nutriomes (nutrient combinations) depend on inherited genetic
variants that alter the uptake and metabolism of nutrients and/or the molecular interaction of
enzymes with their nutrient cofactor and hence the activity of biochemical reactions.”

e “Nutrition may exert its impact on health outcomes by directly affecting the expression of genes
in critical metabolic pathways and/or indirectly by affecting the incidence of genetic mutation at
the base sequence or chromosomal level which, in turn, causes alterations in gene dosage and
gene expression.”

e “Better health outcomes can be achieved if nutritional requirements are customized for each
individual taking into consideration both his/her inherited and acquired genetic characteristics
depending on life stage, dietary preferences, and health status.”

The objective pursued by precision nutrition is to design personalized feeding recommendations
that allow for the treatment or prevention of CMDs [6]. For this purpose, it is not only based on
genetic information, but also other components such as dietary habits, physical activity, the microbiota,
and the metabolome.

Purpose of Review

Nutrition plays a critical role during childhood and adolescence. Understanding the impact of
nutrition in early life is essential for the development of future intervention strategies in order to
modulate both immediate adult, offspring, grand offspring, and further phenotypes. Information on the
potential of prescribing personalized nutrition is, however, scarce. Therefore, the aim of this narrative
review is to provide an update on the evidence of the results of precision nutrition interventions
during the early period of life, focusing primarily on its impact on obesity and cardiometabolic health.
We focused our review on interventions (non-randomized pre-post intervention studies, clinical trials)
or meta-analysis of interventions, mainly based on a personalized nutrition approach, in which their
objective was to prevent or to treat obesity in infants and adolescents. We also included interventions
during pregnancy due to the impact of a mother’s nutrition on their offspring. In order to structure
the review, we followed the classification of precision nutrition interventions levels, proposed by
Ordovas et al. [7].

2. Precision Nutrition Levels

Ordovés et al., propose two levels of personalization of nutrition advice. The first level incorporates
a characterization of the subject’s behaviors and phenotype (such as adiposity) in order to develop a
personalized nutritional advice. Interventions based in this level of personalization, were reviewed
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throughout the different pediatric stages (e.g., pregnancy, childhood, and adolescence). The second
level of personalization builds on the first layer, while also considering different responses to foods
and/or nutrients that are conditioned by genotypic or other biological characteristics (Table 1).

Table 1. Levels of personalization of nutrition-based interventions in the prevention and treatment of
obesity throughout the different pediatric stages.

Level of Precision Nutrition Pediatric Stage

1.3. Childhood and
adolescence
[51-69]

1.1. Pregnancy 1.2. Lactation period
1. Behavioral Level [8-18] [19-50]

First 1000 days

2.1. Biomarkers
[70-77]

2.2. Genetics
[78-87]

2.3.
Metabolomics
[88-91]

2.4. Microbiota
[92-106]

[xx] References of articles included in each subheading.

2. Biological Levels

2.1. Behavioral Level of Personalized Nutrition

The collection of an individual’s eating habits, behaviors, and phenotypic characteristics is the
first level of personalization [7]. All this information combined is used to provide a dietary plan
personalized to these characteristics and adapted to each period along the first stages of life.

2.1.1. Pregnancy

Development during the intrauterine period determines life-lasting characteristics. Growing
evidence suggests that childhood obesity and predisposition to metabolic disorders might be acquired
as a result of erratic intrauterine attributes. In this aspect, the Developmental Origins of Health and
Disease (DOHaD) hypothesis outlines the significant effects that the exposure to certain environmental
stimuli since fetus development might have on an individual’s health. Even at the early stages of
conception, the fetus, as a result of alterations that happen in its environment, is able to develop a
series of predictive adaptations and adjustments in the homeostatic systems which will prepare it for a
possible unfavorable postnatal setting. These adaptations, however, could have a negative impact
as a result of an erratic interpretation of environmental changes. In this scenario, adaptations could
be responsible for the development of diseases that might become chronic and even spread to future
generations [8].

Therefore, pregnancy malnutrition impacts offspring adiposity and obesity, and its effects have
been proven to spread to adult life independent of other lifestyle factors. Among the most referred to
examples of undernutrition and its implications is the infamous Dutch famine case, in which these
effects were observed in the offspring of women who had experienced severe caloric restriction during
pregnancy [9]. In contrast, excess weight gain during pregnancy has also been related to metabolic and
weight alterations in offspring. Additionally, the chances of developing pregnancy comorbidities such
as gestational diabetes, preeclampsia, or cesarean birth are also enhanced [10].

Pregnancy weight control is, therefore, a key element in the health surveillance of mothers and
their offspring. Numerous diet interventions have been shown to effectively control pregnancy weight
gain, but their beneficial effects on offspring in the long term remain inconclusive according to a
systematic review by Tanentsapf et al. [11].
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Apparently, it is not only a matter of high energy intake, but also of the type of nutrients that
women consume during pregnancy. Long-standing research suggests that what a woman eats during
pregnancy not only influences children’s taste preferences across their lifetime [12,13], but may also
influence children’s body composition and appetite. Few human research studies exist on this topic,
although higher correlations have been shown between children’s protein and fat consumption at
10 years of age with their mother’s intake of these macronutrients during pregnancy than with her
postnatal intake [14]. The relationship between saturated fat, and especially sugar dietary intake
during pregnancy and offspring weight status was described by Murrin et al. [15].

A relationship between diet quality not only with an increased risk of developing obesity in
offspring, but also with high blood pressure (BP) has been found. Data from two cohort studies in
Scotland established in the 1950s [16,17] reported associations between a high-protein diet during
pregnancy and high blood pressure in offspring in adulthood. Since then, many studies have shown
similar evidence about the risk of a high-protein diet. A study performed among 965 women from
the Danish Fetal Origins Cohort and their offspring after a 20-year follow-up showed an association
between a higher mother’s intake of dietary protein during pregnancy with a slightly higher offspring
BP [18].

Generating awareness of the risks associated with excess pregnancy adiposity could be an
important factor in the establishment of healthy nutritional habits among parents that would prevent
harmful events in offspring. Developing precision nutrition strategies for pregnant women could,
therefore, be a high-impact preventive intervention.

2.1.2. Lactation Period

Breastfeeding offers children and mothers unrivaled health benefits described since antiquity.
The World Health Organization (WHO) suggests that breast milk is the “perfect food for the newborn and
recommends all infants be exclusively breastfed up to six months of age, with continued breastfeeding
along with appropriate complementary foods up to two years of age or beyond” [19].

Breastfeeding is shown to be a key component in the development of neurological, digestive
and immune systems, and cellular health [20]. It is widely known that breastfeeding also delivers a
protective effect against overweight [21]. A meta-analysis of observational studies suggested that this
protective effect is dose-dependent, being more relevant the longer the duration of breastfeeding [22].
Another large meta-analysis demonstrated that the probability of developing obesity in children who
had never been breastfed or who had been so during a period of less than six months was higher than for
those having been breastfed for six months or longer [23]. In this regard, as demonstrated by previous
studies [24], overweight or obese women during pregnancy are at a higher risk of not being able to
breastfeed or having to interrupt it at an early stage. Therefore, the offspring become more vulnerable
given the combination of an unfavorable fetal environment and the increased risk of developing
cardiometabolic disease as a consequence of not benefiting from the properties of breastfeeding.

However, the physiopathological mechanism behind this protective effect is not fully understood,
despite the large body of evidence supporting these benefits. Some hypotheses point toward the
micronutrient and bioactive composition of breast milk [25,26]. On the one hand, it seems that the type
of dietary constituent that the mother takes in while breastfeeding is an important part in modeling
the future health of her offspring. Tahir et al. described how there was an inverse relationship
between a higher maternal diet quality from pregnancy through three months postpartum with relative
infant weight and adiposity from birth to six months and breastfeeding percentage at six months.
Similarly, higher maternal diet quality during lactation was inversely related to infant fat mass at six
months [27]. The exposure of infants to different flavors through breast milk can condition or shape
their food preferences, both in the process of weaning and in later life [12]. In addition, some studies
have demonstrated a lower likelihood of emptying a bottle or cup when compared to bottle-fed
children [28], and that breastfeeding is associated with better self-regulation of eating by children [29],
including better satiety responsiveness [30,31]. On the other hand, it is widely known that breast milk
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contains many bioactive hormones and peptides, with leptin being one of the most relevant. It is
well documented that leptin is directly involved in the regulation of energy balance and food intake,
and is crucial in the programming of metabolic pathways and infant appetite. This could explain
that breastfeeding has a protective effect against childhood obesity compared to formula feeding [32],
probably due to the lack of leptin in the later. Different studies have shown a clear association between
leptin concentration in infants and in breast milk and infant body mass index (BMI) at two years of
age [33]. They have established that moderate amounts of leptin supplied through breast milk seem to
moderately protect infants from excess weight gain [34]. This benefit seems to last the longer the span
of breastfeeding.

The lower protein content of breast milk is also hypothesized to be a protective factor when it is
being compared to formula milk [35,36]. Research with formula trials has demonstrated that enriched
formulas lead to an increase in fat mass between five and eight years of age [37], and high protein
content formulas have also been shown to pose a greater risk of obesity at school age [38—40]. The lower
the amount of protein in the formula, down to certain limits, the greater the benefit. Comparisons
between hydrolyzed and cow milk formulas have indicated faster weight gain and a doubled incidence
in early rapid weight in the cow formula-fed group [41]. A modified formula with lower protein
content has also been shown to have a protective effect on rapid weight gain [42].

Genome analysis has become a useful tool for the detection of individuals at a higher risk of
developing obesity. Breastfeeding might have a direct impact on these patients. A recent study
conducted by Wu et al. demonstrated that offering up to five months exclusive breastfeeding to
children with a higher genetic risk obtained through an obesity-specific genetic risk score implied a
substantial decrease in BMI [19]. This study proposed that breastfeeding is a key candidate intervention
to reduce overweight risks in predisposed patients, since it demonstrated direct impact from the first
moments of life. Detecting those people who carry alleles related to obesity, and then carrying out
interventions for the promotion of breastfeeding in this group of people, should become a priority.

Lastly, during the lactation period, weaning is crucial, since caregiver feeding behaviors could be an
obesogenic influence on child eating behaviors [43]. Non-directive strategies such as repeatedly offering
foods [44] and having caregivers portray eating the food with enjoyment have been demonstrated to
increase the consumption of a given food and to support children’s liking for a wider variety of healthy
foods, and may help maintain responsivity in the feeding environment [45-47]. However, pressure to
eat has been associated with an impaired ability to self-regulate eating behaviors in preschool and
poorer energy compensation in childhood [48]. Taken together, this evidence suggests a bidirectionality
between child eating behaviors and adiposity, as well as caregiver feeding behaviors [49,50]. Therefore,
interventions should also focus on how parents should feed their children and maintain healthy habits
in the family from birth.

Taking all of this scientific evidence into account, it seems that there is no better precision nutrition
during the lactation period than breastfeeding, without ignoring the effect that caregivers have on
children’s relationship with food.

2.1.3. Childhood and Adolescence

The treatment of obesity is based on changes in lifestyle, mainly eating habits and physical
activity. A meta-analysis including 3436 adults in 16 randomized controlled trials concluded that the
Mediterranean diet, especially if the diet is energy-reduced and accompanied by physical activity,
favors greater weight loss than a control diet [51]. According to the evidence obtained in this and other
studies, vegetable-based diets such as the Mediterranean diet are the most appropriate for treating
obesity [52]. However, there are also studies that show greater weight loss in protein-rich diets [53].
Another aspect is the quality of fats. Increasing the consumption of omega-3 or -6 polyunsaturated fatty
acids happens to improve plasma lipid levels and on the other hand lowering the risk of cardiovascular
events [54,55]. However, it appears that losing weight does not depend on macronutrient composition
when comparing the effect of different low-calorie diets in adults, as shown in a review of 48 studies [56].
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There are also discrepancies in the consensus on the best dietary strategy for treating obesity
in children and adolescents [57]. It has been shown that low-carb or low-glycemic diets to have the
same effect as standard portion-controlled diets [58]. Nevertheless, children’s adherence to modified
carbohydrate diets in the long term may be low. In children and adolescents, semi-structured dietary
approaches are best used to support children and their families to select healthier food groups and
decrease portion sizes [59].

In a systematic review including 14 clinical trials conducted in children between 6 and 18 years
old, the efficacy of seven interventions based on low-fat diets was compared against two isocaloric and
five ad libitum low-carb diets [60]. This study showed that the weight status of participants improved
by implementing a reduced-energy diet, irrespectively of macronutrient distribution. Moreover,
the authors pointed out that the distribution of macronutrients in the diet could be tailored in each
case according to the presence or not of comorbidities. For example, in the case of obesity associated
with diabetes or insulin resistance, low-carbohydrate diets were chosen. However, they reported that
more studies are needed to better define these personalized dietary guidelines.

All of this research suggests that it is the energy content and not the macronutrient composition of
a diet playing the key role in weight loss. However, is this a consequence of the fact that, considering
the complexity of obesity, we are not personalizing the type of nutrition enough?

Recently, the American Association of Clinical Endocrinologists (AACE) and the European
Association for the Study of Obesity (EASO) proposed the use of a new diagnostic term in adults,
namely, “adiposity-based chronic disease” (ABCD) [61,62]. Obesity is considered “adiposity-based”
because the disease is primarily a result of abnormalities in the mass, distribution, and/or function of
adipose tissue. A new coding system was proposed addressing the pathophysiological heterogeneity
of obesity [63]. This code is based on three dimensions. First, etiology, including two mechanistic
categories: (1) multifactorial disease (the majority of patients) and (2) specific identifiable factor
obesity. Second, the degree of adiposity. Third, health risk, taking into account the presence or
absence of comorbidities. This proposal constitutes an advancement because obesity is recognized
as a heterogeneous disease with complex pathophysiology, and it includes a dimension revealing its
impact on health [61].

In order to have enough information to tailor an adequate treatment, the diagnostic procedures
of an obese child may include family history, prenatal factors, feeding history, sleep duration and
matters, exercise and the time spent looking at screens, when and where meals are taken, bullying or
social isolation, motivation and the capacity to make modifications within a family, and the family’s
cultural expectations and financial limitations. Laboratory tests and studies are considered according
to age, BMI percentile, and the presence of risk factors. Children presenting with growth deceleration,
symptoms of hypo-hyperthyroidism or other endocrinopathies, sustained hypertension, symptoms of
type 2 diabetes (T2DM), a family history of early cardiovascular disease, hirsutism, snoring, and/or
daytime sleepiness need further work-up. Therefore, obesity is increasingly seen as a complex disease
with different etiologies. As a consequence, the need for an individual nutritional approach instead of
“one-size-fits-all” recommendations is growing.

Personalized nutrition-based interventions in obese children and adolescents are scarce in
the literature. Recently, Lim et al. reported the results of a 16-week long lasting evidence-based
customized nutritional intervention in 103 subjects [64]. For each patient, an intervention was
implemented following a nutrition care process (NCP) model. Both at baseline and follow-up,
the sociodemographic and anthropometric data, health and dietary behavior, and dietary intake of
the participants were assessed. All participants engaged in 30-min nutritional sessions held each
month. Four steps were used to implement the NCP: (1) Nutrition assessment, (2) diagnosis, (3)
intervention, and (4) monitoring/evaluation. Nutritional diagnosis was performed on the basis of
three areas: Intake (amount of food or nutrient), clinical factors (nutritional problems linked to
medical or physical circumstances), and behavioral-environmental factors (attitudes, knowledge,
beliefs, food access and safety). On the basis of this information, a personalized intervention was
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planned for each subject. The study has some limitations, such as not having a control group and
the short duration of the follow-up. Moreover, although participants globally improved in body
composition, macronutrient intake, and nutritional behavior, the results were not superior to those of
other non-tailored interventions.

Another area of study is the relationship between obesity and eating disorders (EDs), because the
presence of an eating disorder can suppose a radical change in the therapeutic approach of the patient.
Overweight and obesity knowingly increases the risk of developing EDs [65]. However, the assessment
and management of EDs caused by or being a consequence of obesity are not contemplated with
sufficient caution in children and adolescents [66]. Developing effective tools to properly diagnose
these disorders and designing specific therapies that combine nutritional, psychological, behavioral,
and/or pharmacological treatment in children and adolescents can be a further step in the development
of personalized therapeutic strategies [67].

A systematic review conducted following preferred reporting items for systematic reviews and
meta-analyses (PRISMA) guidelines tried to answer the question: “Is multidisciplinary treatment
(MT) effective on eating disorder symptoms in children with obesity?” [68]. Concerning psychology,
all studies except one included support group therapy. The review showed that MT not only
decreased the BMI Z-score (zBMI), but also positively influenced external eating, disinhibition of
control, and emotional eating. They concluded that MT might be influenced by eating behavior,
and participants learned to face emotional stress and external stimuli. Nevertheless, a recently
published study identified four patterns of ED pathology [69]: only loss of control, shape and weight
concerns (SWCs), low ED pathology, and high ED pathology. After the intervention, all groups shared
an important reduction of their zBMI; however, no clinically significant weight loss was reached by
those with the highest ED pathology. The authors concluded that further research is recommended in
order to identify strategies modifying treatment for children who suffer of both obesity and high ED
pathology to improve weight loss success.

More research is needed in this field in order to be able to offer obese children and adolescents an
intervention that is adjusted to the etiology of the disease, the degree of obesity, and the comorbidity
that it presents, in addition to the fact that it must be viable considering the patient’s sociocultural
environment. Behavioral level interventions included in the review are summarized in Table 2.
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2.2. Biological Levels of Personalized Nutrition

With the information obtained from the regular diagnostic work with an obese patient, it does
not seem that we can identify the type of nutritional intervention that is most appropriate for each
patient [70]. Therefore, the identification of biomarkers that would allow us to predict the response of
an individual to a given diet or lifestyle advice is of enormous value. This is the current challenge in
the field of precision nutrition [71].

2.2.1. Predictive Biomarkers

There is enormous variability in the response of obese children and adolescents to dietary
interventions. Currently, research continues in order to develop pretreatment prognostic markers that
can identify patients who may benefit from a particular dietary weight loss intervention. However,
some factors, such as the differences in dietary adherence, psychological, socioeconomic factors,
and other unknown ones (e.g., genes, epigenetics, and pollutants), make the identification of these
biomarkers a scientific challenge.

However, recent discoveries have identified that alterations in the mechanisms linking glucose
metabolism to appetite control could be involved in the big variability in weight loss observed in
obese patients prescribed the same diet. In adults, studies conducted by Astrup and Hjorth [72]
suggested that “individual weight loss responsiveness to diets depends on glucose metabolic traits that,
clinically, can be characterized by fasting glucose and insulin levels for each patient before initiation
of treatment. Based on these measurements, an optimal diet composition can be tailored to enhance
satiety, adherence, and weight loss.” They hypothesized that carbohydrate-rich meals may be very
satiating in insulin-sensitive overweight (type A), less so in more insulin-resistant obese prediabetics
(type B), and even less so in obese individuals with T2DM (type C). This hypothesis is based on
reanalysis by these authors of some of the largest clinical trials (e.g., PREDIMED, the NUGENOB study,
and the Diet, Obesity, and Genes (DiOGenes) trial) that seemed to indicate that the macronutrient
composition of diets does not really matter. They showed that, when reclassifying each participant into
one of these conditions (types A, B, or C), weight loss responsiveness and best-fit diet are completely
different [73,74]. These studies showed that prescribing personalized weight-control diets on the basis
of pretreatment glycemic (and insulinemic) status is a promising field of research.

A review conducted by Lister et al. [75] identified specific dietary strategies that can reduce the
risk of T2DM development in obese youths. The authors concluded that, in addition to weight loss,
a reduced carbohydrate diet may optimize improvements in T2DM risk factors, including hepatic
steatosis, insulin resistance, and hyperglycemia. The DiOGenes study, included in this review is,
to date, the largest study aimed at examining the effect of modifying the glycemic index (GI) and
protein content of a diet on weight status and cardiometabolic outcomes in children. Participants were
randomized as a family unit to one of five ad libitum diets: low-protein and low-GI, low-protein and
high-GI, high-protein and low-GI, high-protein and high-GI, and control diet (medium protein content
and no instructions on GI) [76]. The results of this study showed that, among children, neither GI nor
protein ad libitum diets had an isolated effect on body composition. However, the low-protein and
high-GI combination increased body fat, while the high-protein and low-GI combination was protective
against obesity [77]. Although these types of diet have some inconveniences, such as worse adherence,
fatigue-inducing physical activity, and the risk of reducing the intake of fiber and phytochemicals if
vegetable intake is not increased, they could be considered as an option to tailor nutrition in obese
children and adolescents at greater risk of developing T2DM.

2.2.2. Genetics

It is estimated that monogenic diseases with Mendelian inheritance represent approximately 5%
of non-syndromic cases of obesity, including mutations in the leptin receptor and BDNF, MC4R, MC3R,
PCSK1, PCSK2, POMC, PPARG, SIM1, and TRKB genes, among others. However, obesity is generally
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considered to be a multifactorial disease with high heritability (50-75%), probably higher in cases
of early onset. In children who develop severe obesity before 5 y.o., genetic causes should be taken
into account. These children may present clinical features such as short stature, developmental delay,
hyperphagia, or dysmorphic facies. Work-up in these patients involves DNA methylation studies,
exome sequencing, and karyotyping for syndromes such as Albright’s hereditary osteodystrophy,
Alstrom, Bardet-Biedl, Cohen syndrome, Fragile X, Prader Willi, congenital leptin deficiency, POMC
deficiency and MC4R deficiency. Nevertheless, other genetic causes of obesity not associated with
described syndromes could also be contributors [78].

The association of body weight and genetic loci has been identified in hypothesis-driven candidate
gene studies [79]. In these studies, the investigated genes were mainly chosen for their role in regulating
food intake. For example, the transmembrane protein 18 (TMEM18) gene and melanocortin-4 receptor
(MC4R) have a function in regulating food intake; fatty acid-binding protein 2 (FABP2) is involved in
lipid metabolism; peroxisome proliferator-activated receptor-gamma (PPARG) and the fat mass- and
obesity-associated (FTO) locus have a role in adipocyte differentiation. Specifically, almost 100 loci
were identified, accounting for approximately 2.7% of the variation in BMI, of which the FTO, MC4R,
and TMEM18 genes showed the strongest associations. To date, the gene with the strongest relation on
body fat is the FTO locus; however, the biological functions of most of these loci remain unclear [80].
Understanding the genetic mechanism behind obesity will likely help to develop future tailored
interventions for the prevention and treatment of childhood obesity.

On the basis of these facts, it could be hypothesized that subjects with these non-favorable mutations
respond worse to weight-loss interventions. Nevertheless, the results of a systematic review and
meta-analysis including 9563 adults based on the association between the FTO locus gene and weight
loss [81] showed that after dietary intervention, carriers of the FTO locus-risk allele of single-nucleotide
polymorphisms (SNP) rs9939609 achieved similar weight loss compared to that of non-risk allele
carriers. Recently, the results of the randomized controlled trial “Diet Intervention Examining the
Factors Interacting with Treatment Success” (DIETFITS) have been published. These results again
showed, in 609 overweight adults, that weight reduction is independent of genotypes [82].

Data on children are scarce. One of the studies with a larger number of recruited subjects
(684; 280 boys and 404 girls) assessed how the NYD-5P18 and TMEM18 variants affected the efficacy
of an intensive one-month inpatient diet and physical activity weight-reduction program [83]. Neither
NYD-SP18 nor the TMEM18 variant was associated with changes in anthropometric measurements
after the lifestyle intervention. Few studies on similar topics, including TMEM18 polymorphism,
have been published. Hiney et al. [84] analyzed 282 obese children and found no evidence for the
effects of this gene on weight loss or regain one year after an intervention, and similar results were
observed in an analysis of 400 children/adolescents [85]. However, a Spanish study analyzed 168
overweight/obese adolescents for the contribution of nine obesity-related polymorphisms, as well
as genetic predisposition scores (GPSs) on the changes in body composition and cardiometabolic
risk factors in a three-month intervention, on the basis of a personalized diet and a physical activity
program [86]. They included FTO, MC4R, PPARG, and TMEM18 SNPs. The authors detected, after
adjusting for baseline BMI standard deviation score that subjects with a higher GPS had smaller
improvements in metabolic profile and a worse response to physical activity compared to those
subjects with a lower GPS. The limitations of this study were that the sample was small and that
it included just three months of follow-up. Nevertheless, these findings were not confirmed by a
larger intervention including 920 overweight and obese subjects from the Danish Childhood Obesity
Biobank [87]. A genetic risk score (GRS) comprising 15 SNPs associated with childhood obesity was
assessed. Authors demonstrate that these genetic variants did not predict the response to lifestyle
changes. It could be concluded that a high genetic predisposition to overweight during childhood in
fact had no influence on whether the children reacted to lifestyle intervention compared to children
with low genetic predisposition to overweight, so these genetic risk scores have not demonstrated
being a useful tool to tailor nutritional interventions.
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2.2.3. Metabolomics

Metabolomics studies are essential to understand the effect of food on an individual’s health.
The identification of food-derived biomarkers makes it possible to know how different subjects
distinctly metabolize the same food, and how such food metabolites may influence health outcomes.
In this regard, obtaining reference values for food metabolites is necessary. Recently, a study established
a reference dataset of mainly healthy subjects [88] and its results allowed for differentiating normal
metabolomes between different groups (e.g., men/women and elderly/young).

Another useful field of metabolomics is its potential in determining the pattern of food consumption
of an individual [89]. A major challenge of precision nutrition remains the objective measurement
of adherence to a dietary pattern. In this sense, the spectroscopic profiling of urine was validated
for the objective measurement of an overall dietary pattern [90]. This technique is being used to
characterize eating patterns in an ongoing study in which our group participated, with the main aim
of exploring the individual eating/behavioral patterns, parental styles, life events, cognitive styles,
and biological-endocrine factors associated with the development of abnormal eating behaviors, EDs,
or obesity (i.e., the EATAHEALTHYLIFE Project) [91].

2.2.4. Microbiota

Microbiotainteract directly with the host’s cells through a bidirectional equilibrium relationship,
and impact multiple facets of its physiological and biochemical pathways involved in immunity and
energy homeostasis. Microbiota are considered one of the most densely populated ecosystems with a
vast gene pool, sometimes referred to as our “second genome,” with the capacity of being malleable
and significantly varying from host to host.

As mentioned, variations in our genome have a direct impact on the metabolism of nutrients
between individuals. The gut microbiome also appears to significantly impact these variations. In this
regard, precision microbiomics can be described as “the use of the gut microbiome as a biomarker
to predict the effect of specific dietary components on host health and the use of these data to
design precision diets and interventions that ensure optimal health” [92]. This approach sets a much
more complex scenario when compared to the one-fit-for-all diet approaches that appear to perform
poorly [93].

The understanding of the paths in which the microbiome is related to the substantial changes in
inter-individual responses to lifestyle and diet interventions is a key element for the development of
new tools that help enhance the potential of individual microbiomes as a source of human variation
modulating dietary responses [94]. Diet shapes microbiota composition [95]; however, microbiota vary
their interaction within the same diet depending on their composition and host characteristics [94].
Data on how a diet directly shapes the microbiome and how this affects body composition are complex
and not completely understood.

In a review by Biesiekierski et al., microbiota are described as a predictive tool regarding host
behavior toward diet interventions [96]. Although there are data that demonstrate that gut microbiota
composition and response to diet are linked, this review pointed that only a relatively small number
of interventions show health benefits, and current data are inconsistent to establish whether certain
strains can predict the response that each individual has to a certain dietary intervention.

However, some authors have explained that this analysis between the response of a population
group as described in randomized trials and a specific dietary pattern may result in an oversimplified
vision of the correlations between diet and gut microbiota [97] without considering the diversity within
an individual. When analyzing the response to a certain intervention, it seems important to know
the status of the basal microbiome of each individual, since it determines the response. Studies have
shown that the initial microbiota of the host at the time of initiating a dietary intervention influence the
response to it and the possible changes that may occur both in the host and in their own microbiota [98].

It is now becoming apparent that long-term healthy dietary patterns—in particular, habitual
fiber intake—are crucial for highly diverse gut microbiota responsiveness to specific interventions.
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Low-diversity gut microbiota can benefit from specific dietary interventions if they contain even
minimal amounts of responding and effector microorganisms [99]. Patients whose poor dietary
practices or very low dietary fiber intake are prolonged during long periods of time could experience
the loss of beneficial microbial lineages which would, in turn, make any dietary intervention fail [100].
There are some studies focused on promoting favorable changes in microbiota of obese children and
adolescents using prebiotic supplementation [101] or through food (mainly whole grain) [102].

Understanding the relevance of these interventions on gut microbiota and their impact on health
is in an early phase, and evidence-based scientific validation in children is scarce, but the use of the
microbiome as a biomarker of response to certain interventions is encouraging. In the aforementioned
review by Biesiekierski et al. [103], the results may not have been significant because the immense
variability among different study participants was not considered. Methodological consistency between
studies is also improvable. As far as we know, no such interventions have been performed on obese
children or adolescents. Whole microbiome next-generation sequencing performs differently when
compared to selective sequencing combined with specimen cultures.

Given the vast amount of information that can be obtained from a whole microbiome,
its understanding and, therefore, the knowledge that can be applied to dietary decision making
are still limited. Big data analysis is also experimenting with exponential improvements, and modifies
and impacts obtained conclusions from previous data pools. There are already studies that use
microbiome information for better approaches to machine learning and developing personally tailored
diet interventions [104]. The first was carried out by Zeevi et al. [105], who developed an innovative
algorithm to predict postprandial glucose responses according to anthropometry, blood test results,
and the microbiome composition of 1000 people. In a study by Korem et al., the impact of different
types of bread on health benefits was found to be determined by the gut microbiome as opposed to its
ingredients [106]. Biological level interventions included in the review are summarized in Table 3.
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3. Future Directions

The prevalence of obesity and the associated cardiometabolic risk factors in children and
adolescents has been globally increasing since 1990. Nowadays, there is growing evidence from
basic nutritional science about the importance of dietary advice, and it is considered one of the main
challenges of clinical nutrition. Moreover, tailored nutrition represents a promising approach to prevent
and manage obesity. A concerted effort between clinical and basic science researchers is needed in
order to establish a comprehensive framework to allow the implementation of these new findings to
adequately apply novel and personalized dietary advice.
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Abstract: Obesity and metabolic syndrome (MetS) are worldwide major health challenges.
The Mediterranean diet (MD) is associated with a better cardiometabolic profile, but these beneficial
effects may be influenced by genetic variations, modulating the predisposition to obesity or MetS.
The aim was to assess whether interaction effects occur between an obesity genetic risk score
(obesity-GRS) and the MD on adiposity and MetS in European adolescents. Multiple linear regression
models were used to assess the interaction effects of an obesity-GRS and the MD on adiposity and
MetS and its components. Interaction effects between the MD on adiposity and MetS were observed in
both sex groups (p < 0.05). However, those interaction effects were only expressed in a certain number
of adolescents, when a limited number of risk alleles were present. Regarding adiposity, a total of
51.1% males and 98.7% females had lower body mass index (BMI) as a result of higher MD adherence.
Concerning MetS, only 9.9% of males with higher MD adherence had lower MetS scores. However,
the same effect was observed in 95.2% of females. In conclusion, obesity-related genotypes could
modulate the relationship between MD adherence and adiposity and MetS in European adolescents;
the interaction effect was higher in females than in males.

Keywords: metabolic syndrome; Mediterranean diet; genetic risk score; HELENA; adolescents; sex

1. Introduction

Metabolic syndrome (MetS) is known to be a major world health challenge, with increasing
prevalence together with obesity and cardiovascular diseases [1]. The prevalence of overweight and
obesity worldwide has drastically increased among youth in recent years, with similar numbers in
males and females [2]. The prevalence of obesity and metabolic syndrome in European children
and adolescents continue in the same increasing line despite the efforts of prevention programs in
recent years [3,4]. The definition of MetS features a number of cardiometabolic risk factors, including
total and/or central adiposity, dyslipidemia, hypertension, and insulin resistance [5]. Clustering of
cardiometabolic risk factors is increasingly considered in children’s and adolescents” health rather than
single risk factors [6,7]. In European children, an inverse association between the Mediterranean diet
(MD) and childhood obesity has been observed [8] and showed that high MD adherence at early age is
associated with a lower risk of developing overweight and obesity during childhood [9]. Moreover,
in children and adolescents, MD was associated with lower body mass index (BMI) and improved
glucose and lipid profiles [10]. The beneficial effects associated with a high MD adherence may be
influenced by the interaction with other factors, such as genetic variations, which could modulate
the predisposition/risk to obesity and MetS [11]. In adults, a systematic review [12] showed that
the interaction between the melanocortin 4 receptor (MC4R) gene (a protein-coding gene previously
associated to BMI [13]) and MD modulates the development of obesity and type 2 diabetes mellitus
(T2DM) phenotypes. In Chinese children and adolescents, interactions between genetic variants and
dietary behaviors in relation to obesity have been observed [14].

Previous studies have shown the potential of genetic approaches that identify individuals at high
risk of developing a disease. That is the case of genetic risk scores (GRS), that combine a number of
single nucleotide polymorphisms (SNPs) by summing the number of risk alleles [15]. In order to try to
prevent the development of obesity and MetS in European adolescents it is crucial to improve our
understanding of the predisposing genetic factors [16,17].

To our knowledge, no studies have examined the interaction effect between MD adherence and an
obesity-related GRS on adiposity and MetS in European adolescents. Therefore, the aim of our study is
to assess whether interaction effects occur between the MD adherence and obesity-GRS on adiposity
and MetS in European adolescents. We hypothesize that higher predisposition to obesity risk may
attenuate the protective effect of MD adherence on adiposity and MetS in European adolescents.

178



Nutrients 2020, 12, 3841

2. Materials and Methods

2.1. Study Design and Population

The Healthy Lifestyle in Europe by Nutrition in Adolescence (HELENA) multicentric and
cross-sectional study included a total sample of 4356 adolescents (51.6% females), aged 11-19 years [18].
Data were obtained from 10 European cities located in different geographical points within Europe,
during 2006-2007. The HELENA study was designed to obtain reliable and comparable data on
nutrition and health-related parameters, applying standardized procedures [19]. The HELENA study
was approved by the Research Ethics Committees of each study site and followed the ethical guidelines
of the Declaration of Helsinki 1964 (revision of 2000), good clinical practice, and the legislation about
clinical research in humans in each one of the countries involved in the study [20]. Written informed
consent was obtained by the parents/legal guardians of all participants. Blood sampling was performed
in one third of the individuals randomly selected from the total sample (N = 1172) [19]. Inclusion of
specific parameters to develop the present study (genomic, adiposity, cardiometabolic risk factors,
and dietary data) provided a final number of 605 adolescents (51.6% female) meeting the selection
criteria. Information of selection procedure is displayed in a flow chart (Figure 1).

Participants in the HELENA study
N=4356

3184 participants not included in blood
sampling selection

Participants with genetic information
N=1172

103 participants not included (no Body
Mass Index data available)

A\

v

Participants with adiposity and genetic
information
N=1069

117 participants not included (no data on
» cardiometabolic parameters available)

Participants with metabolic syndrome,
adiposity and genetic information
N=952

347 participants not included (no
> Mediterranean Diet data available)

4

Participants with dietary, metabolic
syndrome, adiposity and genetic
information
N=605

Figure 1. Flow chart of the sample selection process.
2.2. Physical Examination, Adiposity Measurements and Cardiometabolic Risk Score

Anthropometric measurements were performed by trained researchers following standard
protocols [21]. Height was measured barefoot in the Frankfort plane with a telescopic height measuring
instrument (Type SECA 225) to the nearest 0.1 cm, and weight was measured in underwear and
without shoes with an electronic scale (Type SECA 861) to the nearest 0.1 kg. BMI was calculated
from weight and height (kg/mz) [22]. Waist circumference (WC) was measured in triplicate with a
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nonelastic tape (SECA 200) to the nearest 0.1 cm as the mid-point between the lowest rib and the iliac
crest [21], and the average of the three measures was used. Systolic blood pressure (SBP) and diastolic
blood pressure (DBP) were measured twice in sitting position separated in a 10- minute interval with
a blood pressure oscillometric monitor device OMRON HEALTHCARE® (M6-HEM7001; OMRON
HEALTHCARE®, Kyoto, Japan) The lowest blood pressure (BP) reading was used. Thereafter,
the mean of arterial pressures (MAP) of all participants was obtained from the DBP + [(SBP — DBP)/3)]
formula. Total cholesterol (TC), HDL-cholesterol (HDL-c), triglycerides (TG), and glucose were
measured using enzymatic methods (Dade Behring, Schwalbach, Germany). Insulin levels were
obtained from frozen serum using an Immulite 2000 analyzer (DPC Bierman GmbH, Bad Nauheim,
Germany). As measurement of insulin resistance, the homeostatic model assessment (HOMA) index
was calculated from glucose and insulin measurements [23]. Moreover, a clustered cardiometabolic
risk score was computed from the sum of the standardized z-scores of TC/HDL ratio, WC, HOMA
index, and MAP [7]. The standardized z-scores of intended variables were calculated from the age
and gender specific cut-off points [24]. Lower values in the score indicate better cardiometabolic risk
profile. As sensitivity analyses, a second MetS risk score, comprising HDL-c, WC, Glucose, SBP and TG,
was obtained from the International Diabetes Federation (IDF) guidelines [5]. HDL-c was multiplied
by —1 as characterized by lower metabolic risk with increasing values. Results obtained with both
cardiometabolic risk scores in adolescents have been included in the present analyses.

2.3. Dietary Intake Assessment and Mediterranean Diet Score

Dietary habits were determined from a self-administered, computerized, validated 24-h dietary
recall called the HELENA Dietary Assessment Tool (HELENA-DIAT) [25,26], a tool validated first in
Flemish adolescents [26] and then adapted to be used in the 10 cities [27]. Participants completed
the HELENA-DIAT on two non-consecutive days within a time span of two weeks. This method
has been used and recommended to assess dietary intake in European children and adolescents [28].
In order to calculate individual usual dietary intake, the multiple source method (MSM) was used [28].
This method allows correction of dietary data for between and within individuals’ variability.

We used a Mediterranean diet score (MDS) based on nine single components: vegetables, fruits
and nuts, cereals and roots, pulses, fish, monounsaturated/saturated fatty acids ratio, dairy products,
meat, and alcohol. A scale indicating the degree of adhesion/adherence to the traditional MD was
developed [29]. The description of MD food subgroup components is described elsewhere [30].
Vegetables, fruits and nuts, cereals, legumes, fish, dairy products, and unsaturated to saturated fat ratio
positively contributed to the MD adherence, whereas meat (including processed meat) and alcohol
consumption were inversely considered. Of note is that dairy products are positively considered as they
are recommended during growth and development periods, such as adolescence [31]. Alcohol intake
was regarded as an unhealthy habit among adolescents. Therefore, in a no-alcohol consumption situation,
the value 1 was assigned, while any alcohol intake was computed as value 0. The MD adherence was
constructed by a 0 to 9 points scale, with higher scores indicating greater adherence [32]. The sex-specific
median intake (g/day) of all subgroups forming the MDS is shown in Supplementary Table S1.

2.4. Genomic Information and Genetic Risk Score

Standard methods for blood collection, transport, and analysis was performed by a certified
laboratory [33]. Blood sampling (EDTA K3 tubes) for DNA extraction, collection, and storage was
performed at the Institute of Nutritional and Food Sciences (IEL) of the University of Bonn, and sent to
the Laboratoire d’Analyse Genomique Centre de Ressources Biologiques (LAG-CRB) BB- 0033-00071
Institut Pasteur de Lille, F-59000 Lille, France. DNA was obtained from white blood cells with the
Puregene kit (QITAGEN, Courtaboeuf, France) and stored at —20 °C. The genotyping was done by an
[llumina system (Illumina, Inc., San Diego, CA, USA) using the Golden Gate technology (sampling
procedure scheme, GoldenGate; Software, Inc, San Francisco, CA, USA).
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To analyze the influence of genetic information on the association between MD and adiposity and
cardiometabolic biomarkers, we used the obesity-GRS developed from HELENA adolescents (submitted
but not yet accepted) [34] using 21 SNPs significantly associated with overweight/obesity, defined as the
equivalent to BMI > 25 kg/m?. The main characteristics of SNPs forming the obesity-GRS are displayed
in Supplementary Table S2. Also, a comparative analysis by sex is shown in Supplementary Table S3.

2.5. Statistical Analysis

To test the variables” normality, the Shapiro-Wilk test was performed. As not all variables
follow a normal distribution, the descriptive sex-specific characteristics are displayed as median and
interquartile range (IQR) for continuous variables; absolute and relative frequencies are shown for
categorical variables. In order to compare differences by sex, the statistical Pearson’s chi-square test
was used for categorical variables and the Mann-Whitney—Wilcoxon test for continuous variables.

Sex-specific multiple linear regression models were used to assess the association between
adiposity and cardiometabolic parameters and the interaction effect between the obesity-GRS and MD,
adding to the effect of MD alone in the same model.

RStudio Version 1.2.5001 (RStudio Team (2015). RStudio: Integrated Development for R. RStudio,
Inc., Boston, MA, USA, URL http://www.rstudio.com/) was used to perform all statistical analyses and
p < 0.05 was the significance level set in the present analysis.

3. Results

3.1. Descriptive Characteristics of the Study Sample

The main characteristics of participants are shown in Table 1. In summary, there were significant
differences between males and females for weight and height (p < 0.001) although no significant
differences were found for BMI. Regarding cardiometabolic risk factors, girls had higher WC (p < 0.001)
and HOMA (p = 0.044), whereas boys showed higher SBP (p < 0.001), MAP (p < 0.001), and MetS
(p < 0.001) than girls. There were no significant differences for the remaining cardiometabolic
parameters. The distribution of obesity-GRS among participants is displayed by sex in Figure 2.
Focusing in the SNPs included in the obesity-GRS, no statistically significant differences between sex

were found in Supplementary Table S3.
O boys

Distribution of the obesity-GRS by sex
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Figure 2. Distribution of the obesity-GRS (obesity-related genetic risk score) by sex (% displayed) in the
HELENA cohort according to the number of risk alleles.
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Table 1. Demographics and cardiometabolic characteristics of the Healthy Lifestyle in Europe by
Nutrition in Adolescence (HELENA) participants displayed by sex.

Total Male Female
n =605 n=293 n =312 p-Value
Age (years) (13;5%‘17546) (13}35.6) (13.17235.7) 0.948
Height (cm) (159?56—61'(;2.2) (163?972(;7.0) (1571.8-2i27.2) <0.001
Weight (kg) (493%34.5) (51.611—.618.8) (49.525—231.6) <0.001
BMI (kg/m?) (18.21§2.9) (18.25332.7) (18.271—.223.0) 0.194
WC (em) (66.;%715.8) (46?(;3;77590) 48.771;23) <0.001
HOMA index (1‘32;22‘6) (1.3%.5) (1;;;7) 0.044
SBP (mmHg) (10;1?24) (112?29) (10&13220) <0.001
DBP (mmFig) (59.?)30.0) (59%%29.0) (60.%‘i780.0) 0331
MAP (—0.8i671.1) (0.51—.11 6) (—02507) <0.001
HDL-c (mmol/L) ( 42“173) ( 457?;;9) (5%25) <0.001
TG (mumol/L) (47.?3%;0.0) (46.?)5—.779.0) (48.771—.53.0) 0.0%6
TCHDL ratio (2.;;3141) (2.5%;3.2) (2.5?;3.3) 0839
PA (mins/day) (40457{'?15) (51.%5—';12.4) (35.§?§9.8) <0001
Met5 Score ™ (-192'(30) (—o.o7fl 3) (—1_.§—':(5).8) <0001
MDS ** (0‘_18) (OA—LS) (0‘_18) 0495
Obesity-GRS *** (212_32 " (212_325) (212_22 " 0.087

Abbreviations: BMI (body mass index); WC (waist circumference); HOMA index (homeostatic model assessment
index); SPB (systolic blood pressure); DBP (diastolic blood pressure); MAP (mean arterial pressure); HDL-c
(high density lipoprotein cholesterol); TG (triglycerides); TC:HDL ratio (total cholesterol/HDL cholesterol ratio);
PA (physical activity); (MetS Score (Metabolic Syndrome score); MDS (Mediterranean diet score); and obesity-GRS
(obesity-related genetic risk score). Median values (p. 25-p. 75) expressed. * Metabolic Syndrome score resulting
from the mean of WC, HOMA, MAP, and TC-HDL variables combined. ** Mediterranean diet score resulting from
the sum of nine food subgroups compliance. *** Genetic risk score resulting from the sum of risk alleles of HELENA
participants. Boldface values indicate sig p-value Sig p-value < 0.05.

3.2. Interaction between MD and Obesity-GRS on Adiposity/Cardiometabolic Variables

Table 2 shows the association between the cardiometabolic parameters in relation to MD and the
interaction between MD and the obesity-GRS in the additive model, by sex groups.
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Table 2. Multiple linear regression models of obesity-related genetic risk score (obesity-GRS)
and Mediterranean diet (MD) interaction, and the MD effect alone on adiposity and cardiometabolic
parameters by sex.

Male Female

p-Values Obesity-GRSXMD ~ MD  Obesity-GRSXMD  MD
BMI (kg/m?) 0.003 0.008 <0.001 <0.001
WC (cm) 0.009 0.030 <0.001 <0.001
HOMA 0.495 0.836 0.027 0.013
SBP (mmHg) 0.994 0.739 0.310 0.047
DBP (mmHg) 0.005 0.014 0.795 0.626
MAP 0.031 0.045 0.872 0.325

TG (mmol/L) 0.421 0.413 0.587 0.689
TC:HDL 0.465 0.530 0.184 0.118
MetS Score 0.014 0.047 0.006 0.002

Boldface values indicate sig p-value Sig p-value < 0.05.

Considered within the additive model (Table 2), MD adherence had a protective role over BMI
(male p < 0.01 vs. female p < 0.001), WC (male p < 0.05 vs. female p < 0.001), and MetS (male p < 0.05
vs. female p < 0.01) in both sex groups. However, the association of the MD with HOMA (p < 0.05)
and SBP (p < 0.05) was only observed in females, and the association of the MD with MAP (p < 0.05)
and DBP (p < 0.05) only in males.

Furthermore, both the MD and the interaction between MD and obesity-GRS were significant
in the case of BMI for both sex groups; the inverse association between the MD and BMI was higher
in females than in males (females p < 0.001 vs. males p < 0.01). When studying the cardiometabolic
variables, we observed significant interactions between obesity-GRS and MD in both sex groups for
WC (p < 0.05) and MetS (p < 0.05). For both adiposity and cardiometabolic variables, females showed
stronger interactions than males. Moreover, the obesity-GRS and MD showed a significant interaction
on MAP (p < 0.05) and DBP (p < 0.01) for males only, whereas the interaction on HOMA was only
significant for females (p < 0.05).

Figure 3 shows the interaction effects of the obesity-GRS and the MD on BMI, WC, and MetS
for male and female participants. The relations between the MD and BMI, WC, and MetS were
modulated by the obesity-GRS values. In order to interpret the abovementioned variables, different
sub-figures have been displayed in a matrix panel according to each sex group for BMI, WC, and MetS.
Different lines were drawn to relate MD and adiposity and cardiovascular biomarkers modulated
by the distribution of the genetic predisposition to obesity in our population. It must be remarked
that the majority of the adolescents were concentrated in the central parts of the graph, within 20-26
risk alleles (82.3% of the total population); therefore, extreme values should be interpreted cautiously.
Thus, for those participants represented with a negative slope, a higher MD adherence could act as a
protective factor in relation to cardiometabolic factors despite their genetic predisposition to obesity
(high or low).

Regarding the adiposity parameters, a total of 46.8% of males (those with 22 risk alleles or below)
with higher MD adherence had lower BMI; in 98.1% of females (in those individuals scoring 27 risk
alleles or below), a higher MD adherence was associated with lower BMI, attenuating the genetic risk
to obesity. For WC, we also observed that 19.8% males (<20 risk alleles) with higher MD adherence,
had lower WC; however, 95.2% of females (<26 risk alleles), had also lower WC levels.
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Figure 3. Matrix panel of interaction models between body mass index (BMI), waist circumference
(WC), and metabolic syndrome score (MetS Score); and the Mediterranean diet (MD) according to
the obesity genetic risk score (Obesity-GRS) modulation compared by sex (males left panel, females
right panel). Obesity-GRS values (18-28) displayed according to our population distribution. Legend:
when designing the population distribution representation, different lines were drawn as reference
points to observe the trend of the studied population according to the genetic predisposition to obesity.
When analyzing the results represented in these figures, a positive gradient shows the MD acting as
risk factor, whereas a negative gradient indicates the protective role of the MD.
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Concerning MetS, 4.8% of males with higher MD adherence had lower cardiometabolic risk score
if the risk score was <18. More 50, 95.2% of females having higher MD adherence showed higher MetS
scores if the risk score was <26. In terms of sensitivity analyses, the MetS analyses were repeated
using the MetS score following the IDF recommendations. In males, the obesity-GRS and MD showed
a significant interaction on MetS (p = 0.001) but not on the IDF MetS score (p = 0.092). However,
the interaction was significant for both MetS scores in females (p = 0.005 vs. p = 0.003).

There were sex-related differences in the interaction between genes and diet on other
cardiometabolic parameters, such as HOMA, DBP, and MAP. Specifically, in females with higher
MD adherence, those having <25 risk alleles had lower HOMA levels (89.4% of the adolescents).
Male participants with higher MD adherence with an obesity-GRS <21 (31.4% of the adolescents)
had lower DBP. Likewise, males with higher MD adherence and an obesity-GRS <22 (46.8% of
the adolescents) had a lower MAP. The interaction effects of the obesity-GRS and MD on HOMA,
DBP, and MAP for male and female participants are displayed in Supplementary Figure S1.

4. Discussion

The main findings of the present study indicate that the influence of high MD adherence on
adiposity and MetS was only expressed when a limited number of risk alleles were present. As a result,
the gene—diet interaction effect was higher in females than in males.

The MD has previously been shown to provide numerous health benefits [35], such as the reduction
of risk factors for non-communicable diseases [36,37]. However, little is known about how the genetic
variations among individuals determine the response to MD adherence [38]. To our knowledge,
no previous studies have assessed their interaction effects using an obesity-related GRS. Instead,
isolated SNPs from candidate genes previously associated in the literature with adiposity or MetS were
examined. More so, no gene—diet interaction studies on adiposity and cardiometabolic parameters
considering the MD were found in adolescents, as the majority of studies have been conducted in
adult populations.

Concerning adiposity, similar findings were observed in a study where the FTOrs9939609 and
MC4Rrs17782313 polymorphisms showed an interaction with the MD adherence, which reduced
the risk of obesity and T2DM [39]. In line with our findings, one study also showed low adiposity
levels in relation with the interaction effect with different allele combinations, and considering other
dietary approaches different to the MD: low polyunsaturated fatty acids (PUFA) intake showed an
inverse association with obesity risk (BMI > 30 kg/m?) when the ADAM17i33708A polymorphism was
present [40]. Another study, considering high saturated fat intake, showed a significantly higher BMI
in the GG carriers of the THRArs1568400 than in the A carriers [41], suggesting counter-productive
effects in comparison to our study. In the current study, not only BMI, but also WC, a surrogate marker
of abdominal adiposity, showed lower levels in both male and female adolescents, as a result of the
obesity-GRS-MD interaction; to our knowledge, no similar findings have been reported in other studies
with similar characteristics.

Regarding MetS, we found no studies assessing a gene—diet interaction effect on a MetS risk score.
We have also assessed cardiometabolic parameters individually. Our results showed low HOMA
levels in the majority of females modulated by the obesity-GRS when adhering to the MD. One study
assessing the effect of increasing the ratio of saturated fat to carbohydrate intake, showed higher
HOMA levels in carriers of the minor allele (PLIN11482G>A) [42].

Concerning DBP, the male adolescents with higher MD adherence had lower levels of DBP when
having 21 or fewer risk alleles. Our findings are coincident to one intervention study promoting the
Dietary Approaches to Stop Hypertension (DASH) diet, where AA carriers of the Angiotensinogen
genotype (G-6A ANG polymorphism) showed the greatest reduction in DBP [43]. No interaction
studies considering the MAP levels were reported in the literature.

Despite the fact that we did not observe an effect on HDL-c, we included the TC:HDL ratio variable
in our MetS score, showing a significant association with the gene—diet interaction. In this sense,
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Ordovas et al. observed that women carriers of the A allele of the APOAT gene (G-A polymorphism)
responded with higher HDL-c concentrations to a high PUFA intake, whereas the opposite effect was
observed in the G carriers [44]. Other authors have also pointed novel genes—nutrients interactions
with high-carbohydrate diets in GG carriers of KCTD10i5642G>C and MMAB3U3527G>C and C allele
carriers of KCTD10V206VT>C, contributing to lower HDL-c concentrations [45].

When adhering to the MD, no associations were found in terms of TG levels. However, another
study showed that, after 12 months of a MD-based intervention, higher levels of HDL-c and TG
were seen in those individuals carrying the T allele of the CETPrs3764261 than in those with the GG
genotype [46]. Another study showed that the TNF-alphars1800629 GG subjects had higher levels of
TG than A carriers in MetS patients after another MD intervention [47]. Finally, other authors assessed
the interaction between PPARAL162V and PUFA intake, noticing lower TG levels with higher intake in
the V carriers [48].

In order to compare the present results to other cardiometabolic definitions, the development of our
MetS score was compared to another MetS score, following the IDF recommendations. The IDF score
showed no association with the GRS-MD interaction in males. This fact could be due to the different
age and gender specific criteria selected to define the cut-off points between authors. Nevertheless,
positive associations of the GRS-MD interaction were seen in the female group for both MetS scores.
The consensus to use unified criteria to identify adolescents at risk of MetS remains under development.

The present study has some limitations. As the HELENA project is a cross-sectional study,
cause—effect relationships cannot be established. Moreover, only selected risk loci are available in the
HELENA study. When constructing the obesity-GRS, it has been calculated that BMI changes can be
explained by a small proportion of genetic variants discovered so far [49], so potential rarer variants
yet to be found might emerge when Genome-Wide Association Studies (GWAS) are carried out.

On the other hand, the study presents several strengths. Most analyses from previous studies
were focused on specific single SNPs interactions, whereas the present study used an obesity-GRS,
considered as a useful genetic tool [50], to predict adiposity and MetS in European adolescents. More so,
the development of the cardiometabolic risk score was considered appropriate for the present study
as it provides higher sensitivity and low susceptibility to errors compared to other approaches [51].
Furthermore, we included the whole MD pattern developing a cluster of different food groups in an
adherence scale rather than considering single macronutrients or individual specific food groups”
intake. Additionally, different effects were identified in males and females. There is different behavior
dependent on sex, not attributable to genetic predisposition, maybe associated with physical activity.
Due to the multicentric design of the HELENA study, congregating participants from 10 European
cities, the researchers have been provided with large datasets from diversely distributed populations
across Europe. Finally, the study is focused on adolescents, a population age that is understudied and
where early detection plays a key role in the development of obesity and metabolic syndrome. Little
has been found in the literature using a similar approach, where most similar studies are available on
adult populations.

As MetS and excess of adiposity may occur at any stage from childhood to adulthood, early
detection and diagnosis is fundamental to elaborate on health prevention programs among youth
to effectively reduce the risk of cardiovascular diseases and T2DM [52,53]. At the same time, it has
been previously shown that greater adherence to MD was associated with a significant improvement
in overall health status among youth, suggesting the implementation of a MD dietary pattern
for primary prevention of major chronic diseases [54]. The effect of the interventions would be
heterogeneous depending on the genetic background of the individuals and should be considered in
the efficacy analyses.

5. Conclusions

Obesity-related genotypes had a modulation effect in the relationship between MD adherence and
obesity and MetS risk in European adolescents. The genes—diet interaction effect on MetS was stronger
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in females than in males. These observations strengthen the idea of applying genomic information to
promote targeted dietary advice.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6643/12/12/3841/s1,
Table S1: Mediterranean diet score items specified in g/day displayed in sex-specific median intake in HELENA
participants with dietary information available, Table S2: Main characteristics of the 21 single nucleotide
polymorphisms (SNPs) included in the obesity genetic risk score (obesity-GRS), Table S3: Comparative analysis of
the 21 single nucleotide polymorphisms (SNPs) included in the obesity genetic risk score (obesity-GRS) by sex,
Figure S1: Interaction models between HOMA, diastolic blood pressure (DBP) and mean arterial pressure (MAP)
and Mediterranean Diet (MD) according to the obesity genetic risk score (obesity-GRS) modulation in female.
Obesity-GRS values (18-28) are displayed according to our population distribution.
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