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Abstract 

Epigenetic signatures are heritable changes that can alter gene expression 

without modifying the DNA sequence. One major epigenetic mechanism is the 

methylation of CpG sites, which involves the incorporation of a methyl group 

into a cytosine that is adjacent to a guanine. DNA methylation patterns can be 

influenced by environmental factors and can change stochastically as a result 

of ageing, and thereby, modulate gene expression. Modifications in DNA 

methylation marks can alter the susceptibility to certain diseases and health 

impairments, including neurological disorders, obesity, type 2 diabetes and 

cardiovascular disease. In this context, DNA methylation alterations have 

emerged as promising biomarkers for disease screening, detection, and 

prediction, in addition to being potential targets for the development of new 

therapeutic approaches. Thus, the general objective of the current research is 

to identify DNA methylation patterns associated with different physiological, 

metabolic and nutritional states that might contribute to the development of 

biomarker panels and potential therapeutic targets. In order to achieve this, 

epigenome-wide association studies were performed in different populations 

to determine candidate CpG sites related to factors and features that could 

influence and/or be associated with DNA methylation. These included 

prematurity, a Mediterranean diet, insulin sensitivity and resistance, abdominal 

obesity and epigenetic age. Altogether, the results of the current thesis 

demonstrate that alterations in DNA methylation marks depend on the 

screened physiological, metabolic and nutritional state of the individual. Due 

to the plasticity of the epigenetic system, environmental factors can influence 

DNA methylation signatures, both during the first stages of life and during the 

adulthood. As such, prematurity and nutrition are two determinant factors of 

DNA methylation levels. The findings of this investigation revealed that 

preterm newborns exhibit lower levels of methylation of a CpG located at the 

SLC6A3 gene, which is related to neurodevelopment. Regarding nutrition, 

following a Mediterranean diet was associated with alterations in the 

methylation of genes related to inflammatory and metabolic pathways, where 

fat quality may also play a role. Moreover, some DNA methylation signatures 

were associated with insulin sensitivity, insulin resistance and abdominal 

adiposity, supporting an influence of epigenetics on metabolic pathways and 



in the onset and progression of metabolic diseases. For instance, LPL and 

CTNND2 were highly associated with insulin sensitivity, able to accurately 

discern between subjects with low and high insulin sensitivity values. 

Concerning insulin resistance, four CpGs located at genes involved in glucose- 

and insulin-related pathways, including the SH3RF3 and MAN2C1 genes, were 

capable of distinguishing low and high insulin resistance levels. On the other 

hand, differential DNA methylation values were also found for subjects with 

and without central obesity, which could be discriminated by four CpGs in 

women (c13orf36, ZC3H12D, MYO9B, KCNG3) and one in men (TCP11L1). 

Lastly, ageing was also related to changes in DNA methylation, confirming that 

an unhealthy metabolic state accelerates the epigenetic age, possibly leading 

to early health deterioration. Overall, this research provides new insights into 

the underlying epigenetic mechanisms associated with prematurity, metabolic 

diseases and ageing, suggesting different CpG sites as putative biomarkers for 

diagnosis and prognosis or as potential therapeutic targets for the prevention 

and treatment of chronic diseases. 
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1. HEALTH AND DISEASE 

The World Health Organization defined health as “a state of complete physical, 

mental and social well-being and not merely the absence of disease or 

infirmity” 1, but this definition has been accused of being holistic and utopic 2. 

In this context, other suggested definition is “a dynamic state of well-being 

characterized by a physical, mental and social potential, which satisfies the 

demands of a life commensurate with age, culture, and personal responsibility. 

If the potential is insufficient to satisfy these demands the state is disease” 3.  

Diseases can be classified in communicable and noncommunicable. In the last 

years, deaths due to communicable diseases have been reduced, whereas the 

noncommunicable ones have globally increased 4. According to the World 

Health Organization, these physiopathological conditions caused 71% of 

deaths globally in 2016, reaching the 88% in high-income countries 4. The risk 

of suffering from these diseases, such as obesity, cardiovascular events, 

diabetes, inflammatory diseases, neurological disorders and cancer 5, is 

influenced by exogenous and endogenous factors 6 (Figure 1). 

 

Figure 1: Exogenous and endogenous factors influencing the development of diseases. 
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1.1. Exogenous agents 

Environmental factors, such as dietary patterns, sedentary habits, unhealthy 

lifestyles, and socio-demographic or cultural features greatly impact on diverse 

aspects of health and disease risk 5. This influence starts at first developmental 

stages of life as hypothesised by the Developmental Origins of Health and 

Disease (DOHaD) theory 7, 8. This hypothesis states that there is a programming 

of the foetus development in response to signals from the intrauterine 

environment in order to adapt to future challenges after birth 7. That foetal 

programming might entail permanent changes in the phenotype of a 

developing organism, which will help to success in an adverse postnatal 

environment 9. For example, in the presence of maternal undernutrition, foetus 

metabolism would be structurally and functionally impaired in a nutrient-

deprived environment 10. However, these adaptations might be detrimental 

under different postnatal environments, leading to an increased risk of 

developing chronic diseases such as cancer, cardiovascular disease, diabetes, 

obesity, asthma, and behavioural disorders in later life 11. The underlying 

mechanisms that link environmental agents with disease risk include 

epigenetics, transcriptional mechanisms, cellular stresses, metabolic 

adaptations, alterations to the microbiome, and social determinants 12. 

Environmental factors may also play a role in the onset of chronic diseases 

during the adulthood 6. For instance, caloric diets rich in saturated fats, sugar, 

and refined grains, combined with a sedentary lifestyle, are major determinants 

of complex chronic diseases, such as obesity, diabetes, cardiovascular 

complications and cancer 6, 13, 14. Following healthy dietary habits, such as a 

Mediterranean diet, combined with moderate physical activity, have 

demonstrated beneficial effects regarding cardiometabolic diseases, such as 

cardiovascular disease, obesity, Type 2 Diabetes (T2D) and metabolic 

syndrome  15-19. The progress of disease is also influenced by smoking, alcohol 

abuse, exposure to environmental toxicants, as well as economic, psychosocial, 

reproductive, and pharmacologic factors 13, 20-22.  
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1.2. Endogenous factors 

In addition to environmental factors, which are involved in disease onset and 

development, genetics, epigenetics and microbiota also play a crucial role in 

body homeostasis 23. The interaction among genetics, epigenetics and 

microbiota, and their interplay with environmental factors, may adapt the 

physiological response to diverse stimuli 24.  

1.2.1. Genetics 

Genetic components may contribute to risk of diseases through interaction 

with environmental factors 5. Genome-wide association studies and 

epidemiological studies have identified several Single Nucleotide 

Polymorphisms (SNPs) associated with complex diseases and traits such as 

obesity, diabetes, immunodeficiency, cancer, cardiovascular disease, among 

others 9, 25-27.  

For instance, genetic variations in the genes FTO, BDNF, MC4R, LEPR, TCF7L2, 

IRS1, and RPTOR, among others, have been associated with obesity 25, 28, 29. 

Cardiovascular disease and T2D have been associated with genetic variations 

in loci at ADIPOQ, ADIPOR1, APOE, CDKN2A/2B, GLUL, HMGA1, HP, PHACTR1, 

CELSR2-PSRC1-SORT1, HNF1A, PCSK9, SOD2, and TCF7L2 genes 27. Genetic 

variants in the IL1RN gene have been related to sepsis and acute respiratory 

distress syndrome 26. Moreover, common single nucleotide variants in the TLR1 

gene have been involved in differences in the immune response 26. Non-

Alcoholic Fatty Liver Disease (NAFLD) has also been linked to genes, including 

ADIPOQ, LEPR, APOC3, SREBP, PPAR, TM6SF2, MTTP, TNFA, SIRT1, and 

PNLPA3  30, 31. Other genes such as BRAC1, BRAC2, ATM, CHEK2, and PALB2 

have been related to increased breast cancer 32, and loci at TERC, TERT, OBFC1, 

and RTEL1 have been associated with risk of multiple cancers 32.  

Although the genetic make-up can explain part of the disease risk, there is a 

substantial proportion of the variation that remains unexplained 9, 33. This 

missing heritability might be partly justified by epigenetic mechanisms and by 

interaction with environmental factors 34.  
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1.2.2. Epigenetics 

Epigenetic mechanisms are heritable changes that can modify gene expression 

without altering the DNA sequence 35. In contrast to the stability of the genome 

throughout the life course, the epigenetic system is plastic and reversible 36, 37 

and it can be transmitted from generation to generation 11. Environmental 

exposures can influence the epigenetic processes, altering gene expression, 

and subsequently, affecting disease risk 38. Thus, epigenetics can be considered 

as the interface between genotype, environmental factors and phenotype 39, 40.  

Epigenetic modifications are well-defined in rare developmental disorders and 

imprinting diseases, such as Prader-Willi and Angelman syndromes 22. 

However, the role in complex diseases, where the environment is a 

fundamental factor, is more difficult to be determined 21. Epigenetic 

modifications have been related to many diseases, such as cancer, obesity, 

diabetes, cardiovascular disease, neurodegenerative disorders, autoimmune 

diseases, among others 41-44. 

1.2.3. Microbiota 

The endogenous microbiome, particularly, the gut microbiota, plays a 

fundamental role in health and disease 45. Indeed, alterations in the intestinal 

microbial ecosystem have been associated with neurodevelopmental illnesses, 

allergic diseases, inflammatory bowel disease, irritable bowel syndrome, and 

metabolic diseases, such as obesity and diabetes 46.  

The gut microbiota is a complex ecosystem consisting of bacteria, fungi, yeasts, 

archaea, protists and viruses 47, 48. The dominant bacterial phyla, that mainly 

colonise the large intestine 49, are Firmicutes, Bacteroidetes, which together 

account for approximately 90% of the total gut microbiota, Actinobacteria, 

Proteobacteria, Fusobacteria and Verrucomicrobia 50. The gut microbiota 

interacts with the host and regulates physiological processes, such as digestion, 

nutrient uptake and metabolism, synthesis of vitamins, modulation of mucosal 

immunity, and epithelial growth, among others 36.  

Alterations in the gut microbiota alterations can affect genetic and epigenetic 

mechanisms  51. In this context, there is growing evidence revealing that the 

expression of polymorphic genes associated with diseases, such as obesity and 
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colorectal cancer, was conditional upon exposure to the microbiota in primary 

colonic epithelial cells 52. Moreover, the human variant rs878394, linked to 

LYPLAL1 in humans and related to body fat distribution and insulin sensitivity, 

has been associated with the abundance of Prevotella, which belongs to the 

Bacteroidetes phylum 53. The non-bacterial component of the gut microbiota 

has also been linked to the pathogenesis of some diseases, such as fungi, which 

might play a role in inflammatory bowel disease 54. On the other hand, 

epigenetic modifications can also be influenced by gut microbiota 

imbalance  45. For example, molecules and metabolites generated by the 

intestinal microbiome, such as butyrate or S-Adenosylmethionine (SAM), can 

have regulatory effects on epigenetic enzymes that control DNA methylation 

and histone modifications 45. Interestingly, recent evidences have revealed that 

epigenetics can also regulate the composition of the gut microbiome, 

suggesting a bidirectional interaction between the host and the 

microbiome  51. 

 

2. EPIGENETICS 

2.1. Definition 

The term epigenetics, which etymologically means “on top of/in addition to 

genetics” 55, was first introduced by Waddington in the 1940s to describe “the 

branch of biology that studies the causal interactions between genes and their 

products which bring the phenotype into being” 56, 57. This initial definition 

denoted the molecular pathways regulating the expression of a genotype into 

a particular phenotype 58. The meaning of epigenetics has evolved through 

time to the current accepted definition: ‘‘the study of changes in gene function 

that are mitotically and/or meiotically heritable and that do not entail a change 

in DNA sequence” 59.  

DNA is packaged in the intracellular structure called chromatin 60. Chromatin 

can be differentiated into heterochromatin, which is highly condensed and 

transcriptionally inert, and euchromatin, which is less compacted and more 

accessible to transcription factors and machinery 61. The stability of these 

chromatin states are regulated by epigenetic signatures 62, avoiding the 
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recombination of repetitive sequences and transcription of transposable 

elements 63, preventing DNA damage and defining chromosomal organization 

in structural elements, such as the centromere or telomeres 61.  

As aforementioned, epigenetics can be influenced by environmental factors 13. 

Adverse environments might lead to alterations in epigenetic signatures, which 

can be transferred to the offspring in a mechanism denominated 

transgenerational inheritance 64. Transgenerational epigenetic inheritance can 

be defined as the transmission of phenotypes over generations in the absence 

of exposure to the original agent, increasing the susceptibility to suffer from 

diseases 65, 66. Although the epigenetic inheritance and the early-life 

environment are crucial in the establishment of epigenetic marks, 

environmental factors can alter the epigenetic status during the whole life of 

an organism 6. 

2.2. Types of epigenetic modifications 

Epigenetic processes, together with other transcriptional regulatory events, are 

implicated in the regulation of gene activity and expression during 

development and differentiation, or in response to environmental stimuli 67. 

The main three recognized epigenetic mechanisms that regulate gene 

expression are covalent histone modifications, non-coding RNAs and DNA 

methylation 6 (Figure 2). 

 

Figure 2: Types of epigenetic modifications. Adapted from Barrès & Zierath 68. 
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2.2.1. Histone modifications 

Histones are proteins composed by a globular C-terminal domain and a flexible 

positively charged N-terminal tail 69. An octamer of histones (two hetero-

dimers of H2A-H2B and a tetramer of two homo-dimers of H3-H4) 40 and 147 

bp of DNA wrapped around it comprise the nucleosome, which is the basic unit 

of chromatin 70.  

Histones are subject to post-translational modification in their N-terminal tail, 

including acetylation, biotinylation, methylation, phosphorylation, 

ubiquitination, SUMOylation, ribosylation, isomerization, citrulination, 

butyrylation, propionylation, and glycosylation 43, although the most described 

in humans are acetylation, biotinylation, methylation, phosphorylation and 

ubiquitination 71 (Figure 3). These modifications regulate the gene expression 

by altering the chromatin assembly and compaction, changing the accessibility 

and providing binding sites for transcription factors and other effector 

proteins  72. Histone modifications are reversible and regulated by the action 

of several enzymes, such as histone acetyltransferases, histone deacetylases, 

histone methyltransferases, histone demethylases, phosphatases, kinases, 

among others 73.  

 

Figure 3: Example of histone modifications. Nomenclature: Aminoacid-position-modification 

(modifications: Ac: acetylation, Bio: biotinylation, Me: methylation, Ph: phosphorylation, Ub: 

ubiquitination). Modified from Tsankova et al. 74. 
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2.2.2. Non-coding RNAs 

Non-coding RNAs (ncRNAs) are a cluster of RNAs that do not translate into 

functional proteins 75. They can be classified into long ncRNAs, which contain 

>200 nucleotides, and short ncRNAs, made up of 20-300 nucleotides 76. Long 

ncRNAs have been described as molecular guides, scaffolds, decoys, and 

allosteric modulators in the regulation of transcription and chromatin 77. On 

the other hand, short ncRNAs, which are generally related to gene silencing by 

transcriptional repression or DNA degradation 76, include microRNAs 

(miRNAs), small interfering RNAs (siRNAs), Piwi-interacting RNAs and small 

nuclear RNAs 6, 75, 78.  

The most extensively studied ncRNAs are the miRNAs 43. They are processed 

RNAs strands of about 18-22 nucleotides, which have underwent a series of 

maturation steps from primary miRNAs 26. Some miRNAs are located within 

introns of protein-coding genes and are transcribed along with the primary 

transcript, whereas others are transcribed from their own gene 79. After 

transcription, the primary miRNA is processed by the RNase Drosha in the 

nucleus, generating the precursor miRNA, which is exported to the cytoplasm. 

Afterwards, the precursor miRNA is clove by Dicer, producing the mature 

miRNA 80 (Figure 4). The mature miRNA can regulate translation of mRNAs by 

forming part of the RNA-Induced Silencing Complex (RISC) and pairing with 

3’- untranslated regions of the target messenger, resulting in translational 

inhibition if there is partial complementarity or degradation if the 

complementarity is complete 43, 79. Hence, miRNAs affect their target genes at 

the posttranscriptional level, thus regulating many biological processes 27. 

miRNAs have been proposed as biomarkers for diagnosis, prognosis, and 

personalisation of treatments for diseases, such as obesity 81. Furthermore, 

accumulating evidence suggests that miRNA also target epigenetic effectors, 

such as histone deacetylases or DNA methyltransferases (DNMTs) 72, as well as 

be susceptible to epigenetic modulation 40.  
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Figure 4: Biogenesis of miRNA. Modified from Castanotto & Rossi 82. Abbreviations: pri-

miRNA: primary miRNAs, pre-miRNA: precursor miRNA, RISC: RNA-Induced Silencing Complex. 

 

2.2.3. DNA methylation 

DNA methylation consists on the addition of a methyl group to the DNA 

molecule, either in adenine or cytosine nucleotide bases 83. In mammals, the 

most common DNA methylation occurs in CpG sites, where a methyl group is 

incorporated at the 5th carbon of a cytosine adjacent to a guanine, resulting in 

5-methylcytosine 77 (Figure 5).  

DNA methylation can occur in different regions of the genome, such as 

repetitive sequences, gene body, promoter-related CpG islands and CpG island 

shores. CpG islands are regions of about 1000 bp with an elevated 

concentration in CG bases, mainly located at gene promoters (70% of total CpG 

islands) and generally, with low DNA methylation 84. CpG island shores are 

located up to 2 kb upstream of the CpG island 85. The majority of methylated 

CpGs are located within gene bodies 86. 



Introduction 

12 

DNA methylation can influence gene transcription in three different manners: 

(a) affecting the binding of methylation‐specific recognition factors to 

promoters or gene bodies; (b) by modifying the affinity of a transcription factor 

to a gene promoter; (c) altering the chromatin structure and spatial accessibility 

of transcription factors and/or other DNA binding proteins 87. In general, 

methylated DNA sequences are related to gene silencing, while unmethylated 

CpGs are associated with transcriptional activity 88. However, there is evidence 

that DNA methylation can also positively correlate with gene expression 86. 

Failure to maintain appropriate methylation patterns leads to abnormalities in 

DNA methylation levels and thus, changes in gene transcription that might 

influence the onset of diseases including cancer; neurological, 

neurodevelopmental and neurodegenerative diseases; autoimmune diseases; 

obesity and diabetes; among others 79, 87, 89. 

 

 

Figure 5: DNA methylation of cytosine forming 5-methylcytosine. Modified from Relton 

& Davey Smith 21. 
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3. DNA METHYLATION 

3.1. Types of DNA methylation 

Methyl groups can be added to both adenine and cytosine nucleotide bases 83. 

On the one hand, adenine methylation consists on the addition of a methyl 

group to the 6th NH2 of the adenine, forming N6-methyladenine 90. This 

modification is dominant in bacteria and it was initially described as part of 

their defence mechanisms (restriction-modification systems) for discriminating 

between host and invader DNA 91. Apart from that function, N6-methyladenine 

modification is involved in the regulation of chromosome replication, DNA 

segregation, mismatch repair, repression of transposable elements, and gene 

regulatory processes 90, 92. Furthermore, not only has N6-methyladenine been 

observed in bacteria, but also in eukaryotic genomes, including ciliates, 

chlorophyte algae, dinoflagellates, and even, in some evolved organisms such 

as mosquito, plants or mammals 91 Recently, this type of modification was also 

reported in the human genome 93.  

On the other hand, cytosine methylation can occur in the 4th NH2 or in the 5th 

carbon of the cytosine, forming N4-methylcytosine or 5-methylcytosine, 

respectively 94. Whereas N4-methylcytosine is confined to prokaryotes, 

5- methylcytosine can also be observed in eukaryotes 94. Two main different 

5- methylcytosine methylations have been described: CpG and non-CpG 

methylation. CpG methylation consists on the incorporation of a methyl group 

to a cytosine that is adjacent to a guanine 95. This modification is the most 

common DNA methylation in mammals 77. On the contrary, non-CpG 

methylation is defined as the methylation of cytosines within CpC, CpT and 

CpA sequences 89. In humans, non-CpG methylation has been found at CHG 

and CHH sites (where H can be an A, C or T) in stem cells 85 and brain 96. In 

stem cells, this type of methylation seems to be related to the origin and 

maintenance of pluripotent state 97. 

Different forms of 5-methylcytosine have also been described as part of the 

demethylation process 98. The Ten Eleven Translocation (TET) enzymes 

progressively oxidize the 5-methylcytosine, leading to 

5- hydroxymethylcytosine, followed by 5-formylcytosine, and then 
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5- carboxycytosine 99. These less common forms might also have a regulatory 

function 96. Indeed, 5-hydroxymethylcytosine methylation has been associated 

with an increase in the transcription of genes, due to the release of methyl 

binding proteins from the DNA when hydroxylated 79. Moreover, 

5- hydroxymethylcytosine methylation dynamically changed during postnatal 

neurodevelopment and ageing, being important in human neurological 

disorders 100 and other diseases, such as cancer 101.  

3.2. DNA methylation process 

DNA methylation at CpG sites is catalysed by DNMTs, which transfer a methyl 

group from SAM onto cytosine 37. In mammals, five members of DNMTs have 

been reported: DNMT1, DNMT2, DNMT3a, DNMT3b and DNMT3L, although 

only DNMT1, DNMT3a and DNMT3b present methyltransferase activity 85.  

DNMT1 is responsible for the maintenance and reproduction of the existing 

methylation patterns during DNA replication, from the hemimethylated CpG 

sites (when one CpG is methylated in one strand, but not on the other) to the 

new DNA strands generated 70. This enzyme, which is the most abundant 

DNMT in the cell, exhibits a 30-40 fold preference for the hemimethylated 

substrates, but also presents de novo DNMT activity 85. DNMT1 is constrictively 

expressed in dividing cells and mainly transcribed during the S-phase of the 

cell cycle 102.  

DNMT3a and DNMT3b are de novo methyltransferases involved in the 

establishment of DNA methylation patterns during germline development and 

embryogenesis 73, 103. The expression of these methyltransferases is increased 

in embryonic stem cells, whereas it is downregulated in differentiated cells  85. 

However, they are also important for the stable inheritance and active 

remodelling of DNA methylation patterns in the differentiated ones 104. 

DNMT3a seems to be more important in the late development or after birth, 

while DNMT3b may be implicated in early developmental stages and in 

particular regions of the genome 37.  

DNMT3L stimulates the action of DNMT3a and DNMT3b, interacting and co-

localizing with them in the nucleus 85. In the case of DNMT2, it functions as a 

tRNA transferase rather than a DNA methyltransferase 104.  
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All the DNMTs use SAM as substrate 105, thus depending on methyl group 

donors and cofactors from ingested food, such as folate, choline, betaine or 

methionine 106. These substances provide the methyl group necessary to 

methylate homocysteine and form methionine, which will be later transformed 

into SAM. Alternatively, when there is an excess of methionine, homocysteine 

can be converted into cysteine 107 (Figure 6). 

 

Figure 6: DNA methylation process and methyl substrates. Modified from Chmurzynska 106. 

Abbreviations: DHF: Dihydrofolate; DNMT: DNA methyltransferase; SAH: S-Adenosylhomocysteine; 

SAM: S- Adenosylmethionine, THF: Tetrahydrofolate. 

 

3.3. Techniques for DNA methylation assessment 

Different technologies have been developed for DNA methylation analysis 

(Table 1). Nevertheless, any method is able to combine cost efficiency 

throughput, quantitative accuracy and sensitivity, capability for whole genome 

analysis, and precise exploration of individual CpG sites 108. Hence, the election 

of the method might depend on the type of investigation 108.  
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DNA methylation assessment techniques can be classified, according to the 

resolution of the detection, in global, locus-specific or genome-wide 

methylation 109. Furthermore, these different approaches are found after three 

pre-treatment methods: bisulfite conversion, enzyme restriction digestion and 

affinity enrichment 110. Bisulfite conversion is based on the transformation of 

unmethylated cytosines into uracil due to deamination, whereas methylated 

cytosines remain intact, followed by a Polymerase Chain Reaction (PCR) 

amplification, where all the uracils are converted into thymines 111. Enzyme 

restriction digestion consists on the distinction of methylated from 

unmethylated CpG sites by sensitive-methylation restriction endonucleases 110. 

Finally, affinity enrichment is based on immunoprecipitation of genomic DNA 

with specific antibodies for methylated cytosine 109.  

Combining pre-treatment methods and different techniques generates 

multitude of possibilities to measure and analyse DNA methylation.  

3.3.1. Global quantification of DNA methylation 

Global DNA methylation is defined as the total methylation status across the 

genome 112 and several methods employing the three different pre-treatments 

have been developed to measure it. 

For instance, Long Interspersed Nuclear Element 1 (LINE-1) or Alu repetitive 

elements reflect global DNA methylation changes and can be measured using 

bisulfite conversion and subsequent amplification, followed by PCR-based 

methods such as pyrosequencing or High Resolution Melting (HRM) 

techniques  109. Pyrosequencing is based on the measurement of the light 

generated after the phosphate release due to nucleotide incorporation 113, 

whereas HRM relies on the generation of DNA melt curve profiles 114. Both 

techniques allow the detection of small methylation changes 115, 116. 

Another methodology is Liquid Chromatography coupled with tandem Mass 

Spectrometry (LC-MS/MS). This method requires digested DNA into single 

nucleosides which are separated using liquid chromatography. Then, 

methylation levels are measured with mass spectrometry allowing a detection 

rank from 0.05% to10%, and differences between samples as small as 0.25% of 

the total cytosine residues 117.
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One affinity enrichment method to measure global DNA methylation is 

Enzyme-Linked Immunosorbent Assay (ELISA). This technique consists on 

capturing the DNA sample in a plate, subsequent incubations of primary and 

secondary antibodies, and detection by colorimetric or fluorometric reactions. 

A limitation of this assay is the high variability in the results 115. 

Table 1: Techniques for DNA methylation assessment. 

Pre-treatment 

Resolution 

Global 

quantitative 
Locus-specific 

Genome-wide 

Array NGS 

Bisulfite 

conversion 

Alu/LINE-1  

PCR-pyrosequencing 

Alu/LINE-1 HRM 

MSP 

qMSP 

SMART-MSP 

MethyLight 

MS-HRM 

MS-SnuPE 

Pyrosequencing 

MassARRAY 

Infinium 

Golden Gate 

RRBS 

WGSBS 

oxBS-Seq 

Enzyme 

restriction 

HPLC 

LC-MS/MS 

LUMA 

HELP 

MS-MLPA 

MS-FLAG 

DMH 

MCAM 

HELP 

CHARM 

MMASS 

Methyl-Seq 

MCA-Seq 

MSCC 

HELP-Seq 

Affinity 

enrichment 
ELISA 

MeDIP-PCR 

MIRA 

MeDIP-chip 

MIRA-chip 

MeDIP-Seq 

MIRA-Seq  

MethylCap-Seq 

Modified from Mansego et al. 109. Abbreviations: CHARM: Comprehensive High-throughput Arrays 

for Relative Methylation; DMH: Differential Methylation Hybridisation; ELISA: Enzyme-Linked 

Immunosorbent Assay; HELP: HpaII tiny fragment Enrichment by Ligation-mediated Polymerase 

Chain Reaction (PCR); HPLC: High Performance Liquid Chromatography; HRM: High Resolution 

Melting; LC-MS/MS: Liquid Chromatography coupled with tandem Mass Spectrometry; LUMA: 

Luminometric Methylation Assay; MCA-Seq: Melting Curve Analysis - Sequencing; MCAM: 

Methylated CpG island Amplification-Microarray; MeDIP: Methylated DNA Immunoprecipitation; 

MethylCap-Seq: Methyl-DNA binding domain - Capture - Sequencing; MIRA: Methylated CpG 

Island Recovery Assay; MMAS: Microarray-based Methylation Assessment of Single samples; MS-

HRM: Methylation-Sensitive HRM; MS-MLPA: Methylation-Specific Multiplex Ligation-dependent 

Probe Amplification; MS-FLAG: Methylation-Specific Fluorescent Amplicon Generation; MS-SnuPE: 

Methylation-Sensitive Single nucleotide Primer Extension; MSCC: Methylation-Sensitive Cut 

Counting; MSP: Methylation-Specific PCR; oxBS-Seq: oxidative Bisulfite Sequencing; qMSP: 

quantitative MSP; RRBS: Reduced Representation Bisulfite Sequencing; SMART-MSP: Sensitive 

Melting Analysis after Real Time MSP; WGSBS: Whole Genome Shotgun Bisulfite Sequencing. 
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3.3.2. Locus-specific quantification of DNA methylation 

Locus-specific identification of DNA methylation levels is a very useful 

approach in the case of investigations focused on particular CpGs 42.  

One technique developed for that purpose is Methylation-Specific PCR (MSP), 

which is based on specific primers complementary to the methylated or the 

unmethylated bisulfite-treated products 41. Although, MSP is sensitive to 0.1% 

methylated region of a given CpG island locus 109, the number of CpGs that can 

be analysed is low 115. Pyrosequencing is another method able to determine 

the methylation level of specific CpG sites of a bisulfite-treated DNA sample 

and as aforementioned, the basis is the measurement of the light generated 

due to the release of phosphatase when nucleotides are incorporated to the 

sequencing primer 113. Another example is MassARRAY, which consists on a 

non-fluorescent detection platform that measure PCR-derived amplicons with 

high sensitivity using mass spectrometry. The PCR products are obtained after 

the amplification with specific tagged primers of previously bisulfite-treated 

DNA regions. These products are transcribed into RNA in vitro, followed by 

base-specific cleavage 118.  

HpaII tiny fragment Enrichment by Ligation-mediated PCR (HELP) is a 

technique based on the enzymatic digestion of two genomic DNA aliquots 

mediated by the methylation-sensitive HpaII and the methylation-insensitive 

isoschizomer MspI 119.  

The Methylated DNA Immunoprecipitation (MeDIP)-PCR, an affinity 

enrichment method, is based on the immunoprecipitation of single-stranded 

DNA with anti-5-methylcytosine antibodies for enrichment for methylated 

sequences and then, analysed by real-time PCR 119. 

3.3.3. Genome-wide DNA methylation 

Genome-wide DNA methylation approaches allow the analysis of whole 

genome methylation and the development of Epigenome-Wide Association 

Studies (EWAS). Many of the methods developed for the analysis of locus-

specific methylation have been combined with other techniques such as 

microarrays or sequencing in order to perform large-scale studies 110.  
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Methylation microarrays are based on the hybridisation of the DNA sample to 

a chip allowing the methylation analysis of multiple genes at the same time 120. 

For example, Illumina has developed a method based on bisulfite conversion 

of DNA sequencing and hybridisation onto a microarray 109. The last available 

platforms are Infinium HumanMethylation 450k BeadChip and 

MethylationEPIC BeadChip, which allow determining the methylation profile of 

approximately 450000 and 850000 CpGs, respectively 42.  

Next-Generation Sequencing (NGS) approaches allow the detection of 

genome-wide differentially methylated CpGs using sequencing strategies 109. 

For instance, some of the aforementioned techniques such as MeDIP or HELP 

can be combined with NGS in order to analyse methylation in the whole 

genome 110. Other method is denominated Reduced Representation Bisulfite 

Sequencing (RRBS). RRBS consists on the isolation of short fragments 

generated after the cleavage with a methylation-insensitive restriction 

endonuclease with a CG-rich recognition sequence, such as MspI 115. 

Afterwards, a standard library with these fragments is constructed using 

methylated adapters followed by bisulfite conversion 108. RRBS covers 

approximately 80% of CpG islands, which corresponds to the 12% of the total 

CpGs in the human genome 109.  

3.4. Methylation in different stages of life 

Methylation levels vary from the germ cells to the late stages of life 95. There 

are two crucial points for methylation reprogramming 

(demethylation/methylation processes): during primordial germ cell 

development and immediately after fertilization 121 (Figure 7).  

Primordial germ cells suffer a process of methylation erasure and subsequently, 

de novo methylation occurs in both male and female germ cells, leading to 

mature gametes with methylation levels above somatic cells 70. Upon 

fertilization, there is a demethylation process of both paternal and maternal 

genomes, being the maternal slower than the paternal 122. This process of 

demethylation occurs before the implantation 122. Nevertheless, current 

evidences suggest that there is an incomplete clearance of the epigenetic 

signatures, resulting in transgenerational epigenetic inheritance 123.  
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After implantation, at the blastocyst stage, there is a re-methylation of most of 

the genome 70. Epigenetic patterns for different cell types are set at this point  6, 

as well as the process of X-chromosome inactivation 79, being the most critical 

period for the establishment of the epigenome 6. After the establishment of 

the epigenome, the high methylation rate of the de novo methylation tends to 

decrease with differentiation 124. 

 

Figure 7: Whole genome methylation levels in the different developmental stages (blue 

line: paternal methylation levels, purple line: maternal methylation levels). Adapted from 

Monk et al. 122. Abbreviations: GCs: Germ Cells, PGCs: Primordial Germ Cells. 

 

Epigenetic signatures, which influence lineage and tissue-specific gene 

expression, are relatively stable and preserved throughout the life course of the 

organism 121. However, alterations in DNA methylation in the germline and 

during pre-implantation could increase disease susceptibility later in life 125.  

From the first stages of life after birth to the death, extrinsic an intrinsic factors 

could affect DNA methylation, altering the gene expression and also, affecting 

disease risk 38. Furthermore, there is an epigenetic drift during ageing, involving 

a global DNA hypomethylation and a CpG hyper or hypomethylation in several 

gene promoters 55.  
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3.5. Factors influencing DNA methylation 

Personal habits, life experiences and environmental exposures to nutrition, 

chemical and physical factors may affect DNA methylation, modifying gene 

expression and thereby, having an impact on health 11, 126.  

3.5.1. Prematurity and prenatal environment 

The establishment of an appropriate DNA methylation during foetal growth 

and development is crucial to reduce disease risk in the future 127. Many factors 

can alter DNA methylation in these stages, such as the mother’s health 128 or 

preterm birth 22.  

Preterm newborns show an increased risk for morbidity and mortality, as well 

as higher probabilities of suffering from disabilities and chronic diseases such 

as neurological disorders, hypertension, T2D, and cardiovascular disease, 

among others 129. Epigenetics seems to play a role in the relationship between 

prematurity and the development of these diseases 7. Indeed, several studies 

have reported an association between epigenetic differences and gestational 

age and growth patterns 129. For instance, low birth weight has been related to 

a methylation increase of PPARGC1A in muscle, leading to a higher prevalence 

of T2D 130. Numerous CpGs, many of them related to developmental processes, 

have been identified associated with preterm birth in cord blood 131. Moreover, 

a longitudinal study found differences in methylation at 18 years of age 

between individuals who were born preterm and born at term 132.  

Different health issues during pregnancy such as maternal nutrition, alcohol 

and drug consumption, exposure to endocrine disruptors, diabetes, obesity, 

and psychological health, may have a great impact in the child’s epigenetic 

signatures 133. Epigenetic alterations produced before birth may increase the 

susceptibility to several diseases 134.  

 Maternal nutrition 

Prenatal nutrition deficiency may lead to alterations in the structure and 

function of the brain, development, growth, metabolic and biochemical 

processes 135, 136. These alterations might be partially explained by epigenetic 

modifications that can be observed in the offspring, even in the adulthood 35. 
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A well-studied example is the maternal malnutrition during the Dutch Hunger 

Winter 76. Children born from those malnourished mothers showed 

hypomethylation in the IGF2 gene 137 and hypermethylation in IL10, LEP, 

ABCA1, GNASAS and MEG3 genes 138, as well as an increased risk for 

cardiovascular and metabolic disorders, pulmonary diseases and breast 

cancer  139.  

Overnutrition can also affect the epigenetic signatures of the offspring 24. For 

instance, in mouse models, a maternal high-fat diet led to changes in the 

offspring methylation 10, 133. One study reported changes in epigenetic 

regulators such as Mecp2 in amygdala 140, whereas other scientists showed 

more than 1000 differentially methylated regions associated with the maternal 

high-fat diet 141. 

Maternal changes in nutrient intake involve changes in DNA methylation 142. 

Protein-restriction diets during pregnancy in rats have been related to 

methylation alterations in genes implicated in fat metabolism (Ppargc1a) and 

in response to stress (Nr3c1) in the offspring 143. On the other hand, low-

carbohydrate intake has been associated with an increased methylation in 

RXRA gene, leading to higher Body Mass Index (BMI) and fat mass in 

children   144. Changes in the consumption of different compounds, such as 

minerals or heavy metals, may also alter DNA methylation 134. For example, 

magnesium deficiency in pregnant rats can alter methylation of the Hsd11b2 

gene 145. Moreover, a high intake of zinc during gestation has been associated 

with a reduced DNA methylation in the A20 promoter of offspring chicks 146. 

Maternal diet supplemented or restricted with methyl donor compounds, such 

as folate, choline, betaine and methionine, may influence not only the 

methylation status, but also the offspring phenotype, due to the availability of 

methyl groups 8. A visual example is the range of colours of Agouti viable 

yellow mice coats depending on the amount of methyl donor intake 147. In 

humans, supplementation with folic acid during pregnancy modifies the 

methylation of different CpGs at the IGF2 gene in the offspring 148. 

Furthermore, folate deficiency can increase the risk of overweight or obesity in 

children, while an adequate folate intake during pregnancy can attenuate this 

risk in children from obese mothers 149. 
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 Obesity and diabetes 

Maternal obesity has been related to many complications during pregnancy 

and long-term consequences in the offspring 150. Underlying this relationship, 

DNA methylation and other epigenetic processes may have a role 151. Indeed, 

associations between maternal obesity and DNA methylation alterations have 

been reported in several CpGs 152. For example, maternal BMI correlated with 

methylation changes at 104 CpG sites 153. Another investigation showed 

differences in methylation levels in more than 5000 genes, mainly related to 

cardiometabolic pathways, between siblings born from obese mothers before 

and after a bariatric gastrointestinal bypass surgery 154. Other studies showed 

that pre-pregnancy overweight or obesity increased the risk of Attention 

Deficit Hyperactivity Disorder (ADHD), cerebral palsy, and Autism Spectrum 

Disorders (ASD) 150. 

Offspring of diabetic mothers have higher risk of developing hypertension, 

obesity and T2D 41. Indeed, early exposure to hyperglycaemia, elevated insulin 

and lipid levels may dysregulate functions related to the development of T2D 

and obesity 121. Maternal T2D during pregnancy has been linked to methylation 

changes in the offspring at CpG sites located at LHX3, PCDHGA4 and STC1, and 

near PRDM16 and AK3 genes 155. Hypermethylation at PRDM16 predicted 

future risk of diabetes, whereas hypermethylation near AK3 and 

hypomethylation at PCDHGA4 and STC1 were related to impairments in insulin 

secretion in the offspring 155. 

 Alcohol consumption and smoking 

Maternal alcohol consumption during gestation can cause developmental 

alterations in neural pathways, immune system, growth, etc. For instance, 

methylation patterns of genes such as SLC6A3 and DRD4, which are members 

of the dopaminergic system, have been associated with maternal alcohol 

consumption 156.  

Exposure to tobacco toxins during pregnancy leads to poor umbilical blood 

flow, oxidative stress and changes in gene expression, which can result in 

developmental problems such as foetal growth restriction 156. Maternal 

smoking has been related to methylation of several CpGs, located in genes 

such as AHRR, MYO1G, IGF2, CYP1A1, and CNTNAP2 157-160. Methylation 
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changes due to smoking have been observed in buccal cells, placenta, umbilical 

cord blood and blood cells from mother and child 157. Furthermore, many of 

the differentially methylated genes associated with maternal smoking were 

related to pathways of cancer, cell cycle, angiogenesis, and immune system, 

among others 161. 

 Endocrine disruptors 

Environmental exposure to toxicants, such as phthalates, during pregnancy, has 

been related to many disorders such as low birth weight, obesity, prematurity, 

autism, and allergies 162, where DNA methylation alterations may have a 

role  163. Indeed, decreases in methylation of LINE-1, IGF2 and PPARA have 

been associated with a rise in phthalate concentration 164.  

 Psychological issues 

Early life stress and psychological threats are risk factors for neuropsychiatric 

disorders during the life course 165. For instance, prenatal maternal depression 

has been associated with DNA methylation changes in NR3C1 and SLC6A4 in 

cord blood, infant saliva and adult venous blood 22. Furthermore, maternal 

stress during pregnancy has been linked to methylation of a specific CpG site 

located at the NR3C1 promoter 166. Interestingly, NR3C1 has been associated 

with adverse infant neurobehaviour, stress response, blood pressure and 

physical development 167. 

3.5.2. Nutritional factors 

Besides the influence of diet and nutrients in the prenatal environment, 

nutritional factors can also affect the DNA methylation status after birth and 

during the whole life of an organism 6. Nutrients may affect the action of 

epigenetic enzymes and the bioavailability of substrates for methylating 

reactions 126.  

Several studies have demonstrated that DNA methylation is responsive to 

caloric restriction 41. For instance, a weight-loss intervention induced 

methylation changes in KCNQ1 and WT1 in obese patients with a previous 

stroke event 168. A hypocaloric treatment in overweight or obese subjects 

showed differences in ATP10A and WT1 methylation in peripheral blood 
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mononuclear cells after the intervention 169. Methylation differences between 

high and low responders to a weight loss intervention were found in regions 

located in or near AQP9, DUSP22, HIPK3, TNNT1, and TNNI3 genes in 

blood  170, whereas 644 genes showed differences in subcutaneous adipose 

tissue 171. Furthermore, LEP and TNF promoter methylation in blood 

mononuclear cells was able to predict the hypocaloric diet-induced weight 

loss  172, 173.  

High-fat diets increase adiposity and alter both epigenetic signatures and 

expression of key obesogenic genes 35. In this regard, Lep promoter was 

hypermethylated in murine white adipose tissue after 11 174 or 14 weeks with 

this type of diet 175, whereas Gck and Lpk were hypermethylated in liver after 8 

weeks of diet 176. On the other hand, Mcr4 was hypomethylated in murine brain 

tissue after 32 weeks of high-fat diet 177. Another study showed that a high fat 

diet induced changes in methylation levels of FASN and NDUFB6 genes in 

rats  178. In humans, a five-day high fat diet induced DNA methylation changes 

in skeletal muscle from young healthy men in more than 6500 genes, which 

were mainly related to inflammation, cancer and reproduction 179. 

Mediterranean diet involves the consumption of a high amount of vegetables, 

fruits, cereals, legumes and nuts; a relatively high quantity of unsaturated fatty 

acids, mostly provided by extra-virgin olive oil; a moderate-high amount of 

fish; moderate quantity of poultry and dairy products; and low consumption of 

red meat and meat products 180. This diet has been related to lower risk of 

cardiovascular disease, as well as to changes in DNA methylation 181. For 

example, there is an association between adherence to Mediterranean diet and 

LINE-1 methylation in blood samples 182.  

Moreover, the type of consumed fat is also determinant for DNA 

methylation  183. In this context, several studies have been performed 

comparing diets rich in Saturated or Polyunsaturated Fatty Acids (SFA and 

PUFA, respectively). For example, differences in DNA methylation have been 

observed in 4875 CpGs in adipose tissue from healthy young subjects enrolled 

in a SFA- or PUFA- enriched diet 184. Methylation levels of several CpGs were 

also different in blood from preadolescents depending on SFA, PUFA and 

Monounsaturated Fatty Acids (MUFA) intake 183. Moreover, CLOCK methylation 
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has been negatively associated with MUFA intake and positively correlated with 

PUFA intake 185, whereas TNF methylation was lower after n-6 PUFA intake 186.  

An adequate intake of methyl donors is necessary to maintain suitable DNA 

methylation levels 128. Low levels of folate consumption have been related to a 

decrease in DNA methylation in elderly women 187, as well as an increased risk 

of colorectal and pancreatic cancers 188, 189. Furthermore, a positive association 

was found between folate levels and DNA methylation in 236 CpGs, which were 

hypomethylated in liver biopsies from T2D subjects comparing to control 

subjects 190.  

3.5.3. Ageing 

Epigenetic alterations accumulate during lifespan, depending on genetic, 

stochastic and environmental factors 6. Indeed, studies in monozygotic twins 

revealed differences in methylation in older twins in comparison to the first 

years of life, when methylation was indistinguishable 191.  

Along with age, there is a general decrease of genomic DNA methylation and 

a hypermethylation of certain gene promoters throughout the genome 86, 192. 

Intriguingly, this pattern is the same observed in cancer development, where 

there is a global hypomethylation in tumours but hypermethylation of certain 

tumour-suppressor genes 193. Some genes reported to be hypermethylated 

with ageing are ESR, IGF2, TUSC3, MYOD1, DAPK, CDH1, CDKN2A, KLF14, FHL2, 

GLRA2, ELOVL2, and TIMP3 142, 194, 195. Furthermore, methylation of CpG sites 

located at CREB5, RELA and ULK1 genes have been associated with age in 

peripheral white blood cells 196. 

Ageing also affects the expression of DNMTs 197. Indeed, expression of DNMT1 

and DNMT3a decreases, while DNMT3b increases with ageing 197. The reduced 

expression of DNMT1 in the ageing process is consistent with the global 

hypomethylation of the genome, since DNMT1 is in charge of methylation 

maintenance 142. 

These alterations in epigenetic patterns may contribute to age-related 

diseases, such as metabolic diseases (obesity, T2D, cardiovascular disease, etc.), 

cancer, and neurological diseases (Alzheimer, Parkinson, etc.) 103.  
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Recently, several investigators have developed epigenetic clocks, which are 

able to predict the biological age based on DNA methylation levels in many 

tissues 198 (Table 2). Hannum et al. developed an estimator based on 71 CpGs 

in leukocytes 199, whereas the group led by Horvath, designed DNAmAge, 

based on 353 CpGs in different tissues 200, PhenoAge for predicting lifespan 

based on regressing a phenotypic measure of mortality risk on CpGs 201; and 

GrimAge, which used DNA methylation-based biomarkers for seven plasma 

proteins and smoking 202. GrimAge has been demonstrated as the better 

predictor of lifespan among all the currently available predictors 202. These 

models are useful to analyse the role of methylation in age-related diseases, 

helping to explain the relationship between the metabolic status and the onset 

of these diseases 103. Accelerated epigenetic age, defined as the residual from 

regressing the epigenetic age on chronological age 203, can be understood as 

the ageing of epigenetic DNA regulation. Epigenetic age acceleration has been 

related to obesity 203, cardiovascular disease 204, T2D 205, Alzheimer disease 206, 

allergy and asthma 207, and cancer 208, among others.  

Table 2: Characteristics of epigenetic clocks. 

Approach 
Number 

of CpGs 

Characteristics 

of CpGs 
Tissue Prediction Reference 

Hannum  71 
Biomarkers of 

chronological age 
Blood 

Biological 

ageing 
Hannum 2013  199 

DNAmAge 353 
Biomarkers of 

chronological age 
Multi-tissue 

Biological 

ageing 
Horvath 2013  200 

PhenoAge 513 

Biomarkers of 

chronological and 

phenotypical age 

Multi-tissue 

Morbidity and 

mortality 

outcomes  

Levine 2018 201 

GrimAge 1030 

Biomarkers of 

smoking and 7 

plasma proteins 

Blood 
Lifespan and 

health span 
Lu 2019  202 

 

3.5.4. Lifestyle 

Physical activity, smoking, alcohol consumption, and shift-working are 

modifiable lifestyle habits that can influence methylation patterns and thereby, 

alter the susceptibility to suffer from certain diseases 209.  
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 Physical activity 

Interventions with physical activity have demonstrated changes in DNA 

methylation levels. For example, acute exercise altered DNA methylation at 

PPARGC1A, PDK4 and PPARD genes in skeletal muscle, as well as their 

expression 210. Higher DNA methylation levels were found in IRS1 in cultured 

human myotubes after in vivo exercise 211. Moreover, numerous CpGs in 

adipose tissue were altered after a six-month exercise intervention, such as the 

located at KCNQ1, TCF7L2, IGF2BP2, and JAZF1 genes 212. Another six-month 

exercise intervention in individuals with a family history of T2D showed a 

differential methylation in CpGs located at genes, such as MEF2A, RUNX1, 

NDUFC2, THADA, ADIPOR1, BDKRB2, and TRIB2 213.  

 Alcohol consumption and smoking 

Alcohol abuse provokes liver injuries, such as steatosis, alcoholic 

steatohepatitis, fibrosis and cirrhosis, being one of the leading mortality 

causes  214. Evidences suggest a relationship between alcohol consumption and 

changes in methylation levels 214. For instance, alcohol interferes with folate 

bioavailability and metabolism and therefore, with accessibility to methyl 

groups 215. Alcohol consumption has been related to hypermethylation of 

genes such as AVP, HERP, OPRM1, SLC6A3, and SNAC, and hypomethylation 

of ANP 216. Furthermore, an EWAS showed widespread methylation 

modifications in lymphoblasts from females due to alcohol consumption 217. 

One of those altered CpGs, GDAP1, was replicated by other group in alcohol-

dependent patients 218. 

Tobacco smoke contains toxins with carcinogenic, proinflammatory and 

proatherogenic properties 219. Different studies have evidenced epigenetic 

changes associated with smoking 219. For example, peripheral blood 

lymphocytes from smoking lung cancer patients showed TP53 

hypomethylation 220. Moreover, more than 1500 CpGs in buccal cells were 

associated with smoking and this pattern was able to discriminate between 

normal and cancer tissue 221.  
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 Shift-working  

Shift-work can negatively impact on the workers’ health due to alterations in 

their circadian rhythms 222. For example, DNA methylation changes in Alu 

repetitive elements and inflammatory genes, such as IFNG and TNF, have been 

found in blood cells from night-shift workers 223. Additionally, methylation 

changes on CpG islands from clock genes, such as CLOCK and CRY2, are linked 

to breast cancer occurrence in long-term shift-workers 224.  

3.5.5. Others 

Many other factors may influence the methylation signatures such as air 

pollutants, endocrine disruptors, neurotoxic metals, psychological and 

behavioural stressors, infectious agents, oxidative stress, etc.  

 Psychological stressors 

Several studies have demonstrated that DNA methylation is sensitive to a range 

of psychological stressors 22. For instance, an increase in methylation of NR3C1 

exon 1F region was associated with military deployment and succeeding 

development of mental health problems and posttraumatic stress disorder 225. 

This region was also altered in the brain of suicide victims with a history of 

childhood abuse 226.  

 Infectious agents 

Infectious agents are able to induce epigenetic changes 21. In this regard, 

Helicobacter pylori has been associated with an increase in THBD, LOX and 

HAND1 methylation 227 and the Epstein-Barr virus, with CDH1 promoter 

hypermethylation 228.  

 Oxidative stress 

Oxidative DNA damage can alter DNA structure and provoke chromosomal 

rearrangements, interfering in the DNA methylation process 134. In this context, 

guanines can be replaced by the oxidative damage by-product 8-hydroxy 2’-

deoxy-guanosine, affecting the binding of methyl-CpG binding proteins and 

thereby, resulting in heritable epigenetic changes 229. Furthermore, reactive 

oxygen species can interact with different factors such as Snail, which recruits 

DNMT1, stimulating promoter methylation of CDH1 230.  
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 Environmental pollution 

Air pollutants, such as black carbon or airborne benzene, are particulate matter 

that can alter the epigenome and increase the prevalence of respiratory 

problems and lung cancers 76. For instance, exposure to low-dose airborne 

benzene has been associated with reduced levels of LINE-1 and Alu 

methylation, as well as hypermethylation of CDKN2B and hypomethylation of 

MAGE-1 231. Exposure to polycyclic aromatic hydrocarbons has also been 

related to TP53 hypomethylation and to higher methylation levels in IL6 and 

both LINE-1 and Alu elements 232. Furthermore, exposure to elevated 

concentration of ozone has been associated with hypomethylation of F3, 

ICAM1 and TLR2, and hypermethylation of IFNG and IL6 233.  

 Neurotoxic metals 

Metals including arsenic, lead and nickel are able to modify DNA 

methylation  76. For example, arsenic exposure has been related to a 

hypermethylation of TP53, also observed in arsenic-induced skin cancer 

patients 234. However, high doses of arsenic led to TP53 hypomethylation in a 

small subgroup of patients and hypermethylation of CDKN2A 234. In the same 

line, another study showed global hypermethylation after exposure to 250–500 

μg/L of arsenic in drinking water, whereas higher levels (>500 μg/L) resulted in 

global hypomethylation 235.  

3.6. Diseases and DNA methylation 

Epigenetic aberrations play an important role in the onset and progression of 

many diseases, partly mediated by the effect of environmental factors 21. 

Hence, understanding the underlying epigenetic mechanisms, the interactions 

and the modifications involved in health and disease has become a priority in 

the biomedical field 85 (Figure 8).  

3.6.1. Neurological diseases 

Epigenetic changes are able to modify the structure and function of the brain 

leading to psychopathology by three different ways: changing brain growth 

and development, altering signalling pathways and increasing the effects of 

neurotoxins 135. In this regard, DNA methylation modulation is involved in brain 
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development, plastic changes and brain diseases 236, playing a critical role in 

learning and memory processes 237. Evidences have revealed the association 

between DNA methylation alterations and neurodevelopmental impairments, 

mental disorders and neurodegenerative diseases 85. 

For example, prevalence of neural tube defects during neurodevelopment 

increases with reductions in DNA methylation and it can be prevented by 

supplementation with folic acid during pregnancy 238.  

Mental disorders, such as ASD or schizophrenia, have also been related to DNA 

methylation alterations 98. For instance, differentially methylated regions have 

been found when comparing ASD patients with controls. Moreover, 

schizophrenia patients showed lower methylation levels of COMT than healthy 

controls 239.  

Additionally, DNA methylation alterations have been described in 

neurodegenerative diseases, such as Alzheimer and Parkinson 85, 237. Several 

studies have analysed global and specific CpG methylation in Alzheimer 

disease  236. For example, global DNA hypermethylation has been reported in 

Alzheimer patients 240, 241, although one investigation showed no differences 

with controls 242. Furthermore, an EWAS has reported differential methylation 

in CpGs between Alzheimer patients and controls: hypomethylation of genes 

involved in membrane transport and protein metabolism and 

hypermethylation of genes implicated in transcriptional processes 243. Some 

specific genes widely described in relation to Alzheimer disease were BDNF 

(blood and brain) and SORBS3 (brain), showing higher methylation than in 

control patients 236.  

On the other hand, Parkinson patients showed a hypomethylation of TNFA 

promoter, which is, in turn, overexpressed, increasing the vulnerability and 

damage of neuronal cells 244. Other studies reported hypomethylation of CpGs 

located at genes, including CYP2E1, JAKMIP3 and MYOM2, and 

hypermethylation of CpGs at genes, such as VAV2, MOG and MAPT in 

Parkinson patients in comparison to controls 245, 246. 
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3.6.2. Metabolic diseases 

Metabolic diseases are complex diseases caused by dysregulation in metabolic 

processes, where mitochondrial dysfunction, oxidative stress, inflammation and 

signalling pathways may play an important role 103. Indeed, metabolites affect 

many cellular processes modulating gene expression directly or through 

epigenetic modifications 247. Therefore, metabolic alterations might be 

influenced by the interrelationship between genetic, epigenetic and 

environmental factors 66.  

Glucose homeostasis and insulin resistance are key players in the development 

of metabolic-related diseases. Insulin is secreted by pancreatic β-cells and it is 

responsible for the glucose uptake in different tissues, participating in the 

inhibition of liver glucose production and lipolysis suppression 248. In an insulin-

resistant condition, resulting from the expansion of adipose tissue, glucose 

accumulates in blood, leading to hyperglycaemia and hyperinsulinemia 248. 

Some epigenetically regulated genes contributing to these states are ABCG1, 

IRS1, IRS2, PPARGC1A, CPT1A, CCND2, FHL2, CDKN1A, PDE7B, SREBF1, IL18, 

CD44, CXCL1, IGF1R, LEF1, GIPR, GRB10, SIRT2, HDAC4, DNMT3A, LEPR, and 

LEP 27, 249. 

Furthermore, accompanying insulin resistance, there is a low-grade 

inflammation status derived from the increased secretion of different 

chemokines, mainly in the adipose tissue, such as Tumour Necrosis Factor α 

(TNF-α), Monocyte Chemotactic Protein-1 (MCP-1), C-Reactive Protein (CRP), 

and Interleukin 6 (IL-6) 250. In this context, DNA methylation modifications 

associated with inflammatory processes have been reported in genes including 

SOCS3, ADIPOQ, ABCG1 and PPARGC1A 249.  

 Obesity 

Regarding obesity, several EWAS have studied the association between DNA 

methylation and obesity traits, mainly BMI and Waist Circumference (WC) 251. 

For instance, a study carried out in three different datasets found three CpGs 

in HIF3A gene that were associated with BMI in whole blood 38. Another EWAS 

showed the correlation in whole blood between BMI or WC and the 

methylation of several CpGs, located at genes such as HIF3A, CPT1A, SREBF1 
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and ABCG1 252. In another large-scale study, an association in peripheral blood 

cells between BMI and 287 CpGs was reported, distributed in 207 genetic loci, 

from which only 187 were replicated 253. Among these genetic loci, 210 unique 

genes were identified, including ABCG1, CPT1A, SOCS3, SREBF1 and 

PHGDH   253. In CD4+ T-cells, methylation at genes, such as CPT1A, PHGDH and 

CD38, was associated with BMI and WC in whole blood samples 254. Other 

scientists demonstrated the correlation between 94 CpGs and BMI, and 

between 49 CpGs and WC, including the located at CUX1, DDAH2, ABCG1, 

CPT1A, SREBF1 and SYNGAP1 genes 255. Furthermore, another research found 

that 83 CpGs were related to BMI in peripheral blood cells and replicated in an 

independent cohort, such as the located at ABCG1, CPT1A, SREBF1 and 

DHCR24 genes 256. In adipose tissue, another EWAS showed the association 

between BMI and the methylation and the expression of 2825 genes, including 

FTO, ITIH5, CCL18, MTCH2, IRS1, and SPP1 257.  

 Diabetes 

The relation between DNA methylation and T2D has also pointed out the 

involvement of several CpGs 251. For example, differentially methylated CpGs 

located at the genes ABCG1, PHOSPHO1, SOCS3, SREBF1 and TXNIP were 

found in peripheral blood cells comparing T2D and non-T2D Indian Asians and 

European subjects 258. Another EWAS showed the association between ABCG1 

methylation and HOMA-IR and fasting insulin 259, whereas the same CpG was 

related to HOMA-IR, fasting insulin and glucose, and two-hour fasting insulin 

and glucose in another study 260. Furthermore, TXNIP methylation was 

associated with both T2D and BMI in whole blood in an Arab population 261. In 

human pancreatic islets, one study identified 1649 CpGs differentially 

methylated between T2D subjects and controls, including CpGs located at the 

genes TCF7L2, FTO and KCNQ1 262; while another one reported more than 

25000 differentially methylated regions located at genes such as PDX1, TCF7L2, 

and ADCY5 263. Furthermore, another large-scale study showed differential 

DNA methylation in 276 CpGs between T2D and non-T2D pancreatic islets 264. 

In adipose tissue, more than 15500 CpGs were differentially methylated 

comparing subjects with and without T2D, including the located at PPARG, 

KCNQ1, TCF7L2 and IRS1 genes265. In skeletal muscle, T2D subjects showed 
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differential methylation in CpGs located at genes such as CDKN2A and 

HNF4A  266. 

 Cardiovascular disease 

There are less EWAS concerning cardiovascular disease. For example, subjects 

with and without coronary artery disease exhibited differences in 369 CpGs in 

whole blood cells, highlighting the CpGs located at COL4A2 and MMP9 

genes  267. Another study reported hypermethylation of 72 differentially 

methylated regions in blood from coronary artery disease patients 268. 

Moreover, the comparison between stroke patients and controls revealed 

methylation differences in 80 CpG sites and 59 CpG sites presenting interaction 

between stroke and obesity 269. 

 Metabolic syndrome 

Metabolic syndrome has also been associated with DNA methylation in some 

EWAS. One study in 614 African-Americans found two differentially methylated 

CpG sites at the IGF2BP1 and ABCG1 genes, although only ABCG1 was 

replicated in another dataset 270. Moreover, SOCS3 methylation was inversely 

correlated with metabolic syndrome in 192 individuals and validated in 1092 

subjects 271.  

 Non-alcoholic fatty liver disease 

The progression of NAFLD has been associated with methylation differences in 

CpGs 272. For instance, 69247 CpGs were differentially methylated between 

patients with mild and advanced NAFLD 273. The majority of those CpGs (76%) 

were hypomethylated with disease progression, such as the located at FGFR2 

or CASP1 genes, while 24% were hypermethylated, including the located at 

MAT1A 273. 

3.6.3. Others 

Other diseases, such as cancer or autoimmune diseases, have been associated 

with aberrations in DNA methylation.  
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 Cancer 

Cancer is accompanied by a global genomic hypomethylation and a 

hypermethylation of regions rich in CpGs 42. Hypomethylation primarily occurs 

at repetitive regions of the genome, increasing chromosomal instability, 

translocations, and gene disruptions 85. Furthermore, hypomethylation of 

specific CpG in promoters can increase the expression of proto-oncogenes 69. 

On the other hand, hypermethylation of CpG regions is usually associated with 

gene silencing in cancer cells, decreasing expression of tumour suppressor 

genes and altering transcription of genes involved in cancer development 

affecting functions such as DNA repair, cell cycle control, apoptosis, 

angiogenesis, cell-to-cell interactions, etc. 274. Therefore, hypermethylation and 

hypomethylation help tumour cells to acquire growth advantages, increasing 

genetic instability and aggressiveness 73.   

These methylation modifications are potential biomarkers for prognosis, 

diagnosis and classification of cancer 42. In this regard, several studies have 

demonstrated the potential of DNA methylation for profiling, distinguishing 

between subtypes and probabilities of relapse 275-279.  

Several examples of hypermethylated genes in cancer are BRCA1, HMLH1, 

MGMT, WRN, CDH1, CDH13, CDKN2A, RARB2, GATA4, GATA5, TP73, SYK, 

GSTP1, DAPK1, ER, PR, PRLR, TMS1, RUNX3, and RIZ1, which are involved in 

DNA repair, tumour suppression, cell adherence, cell cycle inhibition, and 

signalling processes, among others 69, 85, 274. Contrarily, genes that are 

hypomethylated in different types of cancer are S100P, SNCG, DPP6, and 

IGF2  69, 85.  

Some compounds, such as resveratrol, curcumin, genistein, other polyphenols, 

and folic acid, have shown chemoprotective properties due to their action on 

intracellular signalling pathways via epigenetic mechanisms 237, 280.  

 Autoimmune diseases 

Autoimmune diseases, such as rheumatoid arthritis, lupus erythematosus and 

multiple sclerosis, are caused by an abnormal immune response of the 

organism to their own cells and tissues 98. Several studies have revealed a 

relationship between DNA methylation and these diseases 98, 281.  
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Rheumatoid arthritis patients showed a region with differential methylation in 

the major histocompatibility complex in comparison with controls 282, as well 

as differences in IL6 promoter methylation in blood cells 283. Furthermore, 

rheumatoid arthritis has been related to more than 1000 methylation sites, 

including the ones located at MX1, IFI44L, DTX3L and PARP9 genes 284. 

Regarding lupus erythematosus, a hypomethylation of LINE-1 repetitive 

elements was found in neutrophils from patients 285, as well as associations 

between several CpGs methylation and autoantibody production 286. 

Furthermore, low levels of IL6 promoter in peripheral blood cells might be 

involved in the aetiology of lupus erythematosus 287.  

Multiple sclerosis has been associated with hypermethylation of HLA-DRB1, IL4 

and FOXP3 and demethylation of IFNG and IL17A in different types of 

T- cells  288. In addition, hypermethylation and hypomethylation of several 

genes have been reported in demyelinated hippocampus of multiple sclerosis 

patients 289. 

 

 

Figure 8: Endogenous factors and biological age are influenced by exogenous agents 

affecting the development of diseases. Modified from Twomey et al. 290. 
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1. HYPOTHESIS 

This investigation is based on the hypothesis that epigenetic marks are plastic 

and reversible, and that they can be altered by different environmental factors. 

These modifications are crucial during the prenatal period and the early stages 

of life. However, epigenetic variations also occur during the rest of the lifespan. 

Impairments and aberrations in epigenetic signatures cause increased 

susceptibility to various diseases, such as neurodevelopmental disorders, 

cancer, obesity, T2D and cardiovascular disease. In fact, DNA methylation 

modifications can alter gene expression, influencing the onset and progression 

of several morbid complications.  

The identification of novel epigenetic alterations may contribute to understand 

underlying epigenetic processes, contributing to the design of biomarker 

panels for early disease prediction, as well as potential targets for developing 

new approaches for the prevention and treatment of diseases.  

Hence, it is hypothesised that different physiological, metabolic and nutritional 

states such as prematurity, dietary interventions, obesity, insulin 

sensitivity/resistance and ageing may be associated with DNA methylation 

modifications at specific nucleotide sites.  
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2. OBJECTIVES 

2.1. General objective 

The general aim of this research was to identify DNA methylation patterns in 

peripheral white blood cells associated with different physiological, metabolic 

and nutritional conditions, to further understand the epigenetic regulation and 

contribute to the development of biomarker panels and identification of 

potential therapeutic targets for disease management. 

2.2. Specific objectives 

1. To analyse the DNA methylation differences between preterm and full-

term newborns, which could help to explain the adverse effects associated 

with prematurity (Chapter 1). 

2. To evaluate whether the adherence to Mediterranean diet is related to 

DNA methylation changes (Chapter 2). 

3. To investigate whether an intervention with two Mediterranean diets, one 

rich in extra-virgin olive oil and the other one in nuts, was influencing the 

DNA methylation status (Chapter 3). 

4. To assess the DNA methylation association with measures of insulin 

sensitivity based on intravenous glucose tolerance tests in non-diabetic 

individuals (Chapter 4). 

5. To explore DNA methylation levels in order to identify epigenetic 

signatures associated with insulin resistance and determining biomarkers 

related to hazardous HOMA-IR levels (Chapter 5). 

6. To study DNA methylation changes in order to identify epigenetic 

methylation marks associated with waist circumference phenotypes 

(Chapter 6). 

7. To investigate the interaction between ageing and epigenetic processes 

determining the role of visceral adipose tissue, insulin resistance and 

dyslipidaemia on epigenetic age acceleration (Chapter 7). 
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The study design of the current research was focused on DNA methylation and 

its putative relationship with prematurity (Chapter 1), Mediterranean diet 

(Chapter 2 & 3), insulin sensitivity (Chapter 4), insulin resistance (Chapter 5), 

central obesity (Chapter 6) and epigenetic age (Chapter 7) (Figure 9). 

 

Figure 9: Experimental design including the investigated factors and features, 

population and assignment of chapters. 

In order to investigate the interactions between methylation and different 

phenotypical, metabolic and nutritional states, data from several populations 

were obtained (Figure 10). Studies involved in this research were Newborns, 

PREDIMED-UNAV (Prevention with Mediterranean diet - Universidad de 

Navarra), GEDYMET (Genes, Diabetes and Metabolism), OBEKIT (Development 

of a nutrigenetic test for personalized prescription of body weight loss diets), 

NormoP (Normopesos) and the rest of studies included in the MENA (Methyl 

Epigenome Network Association) project: Food4Me-UNAV (Strategies for 

personalised nutrition - UNAV), DiOGenes-UNAV (Diet, Obesity and Genes-

UNAV), ICTUS, NUGENOB-UNAV (Nutrient-gene interaction in human obesity: 

implications for dietary guidelines - UNAV), OBEPALIP (Effects of lipoic acid and 

eicosapentaenoic acid in human obesity), and RESMENA (Metabolic syndrome 

reduction in Navarra). The studies were submitted at Research Ethics 

Committees at all recruiting centres in compliance with the Helsinki Declaration 
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(50/2005, 14-281, 132/2015, KF01-267787/IHE 4-1-2.0091, 041/2012, 2/10, 

5/04/2001, 007/2009, 065/2009). Written informed consent was provided by 

participants or by a direct familiar in the case of newborns or severe disabilities 

(ICTUS population) after receiving information about the protocols  

 

Figure 10: Experimental design for chapters 1 to 7. Abbreviations: ELISA: Enzyme-Linked 

Immunosorbent Assay, EWAS: Epigenome-Wide Association Studies, MedDiet: Mediterranean 

Diet.
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1. STUDY POPULATIONS 

1.1. Preterm and full-term newborns 

The study of preterm and full-term newborns was conducted in collaboration 

with the La Paz University Hospital (Madrid) to analyse the differences in 

methylation levels between two groups of newborns that could explain some 

adverse effects related to prematurity.  

1.1.1. Study population 

The study population included 22 full-term newborns (>37 weeks) and 24 

preterm newborns (<34 weeks and <1500 g of body weight) from the neonatal 

unit of the La Paz University Hospital (Madrid) fulfilling different criteria (Table 

3). All the newborns were controlled postnatally in terms of nutrition and 

environment conditions during the first three years.  

Table 3: Inclusion and exclusion criteria of the newborns study. 

Inclusion criteria 

Full-term newborns >37 weeks 

Preterm newborns <34 weeks and <1500 g of body weight 

Exclusion criteria 

Presence of congenital diseases 

Chromosomal abnormalities 

Short bowel syndrome or other digestive disorders 

 

1.1.2. Data collection 

Anthropometric and body composition (weight, length, head circumference 

and fat mass), and biochemical (plasma glucose, total cholesterol, insulin, 

triglycerides, leptin, adiponectin, acylated ghrelin, IL-6 and cortisol) 

measurements were recorded at 12 months following standardised protocols. 

Developmental outcomes were assessed at 24 months of gestational age using 

the Bayley Scale of Infant Development version II (BSID-II) and at 36 months 

using the Bayley Scale of Infant Development version III (BSID-III) as described 

elsewhere 291, 292. Perinatal complications of preterm newborns such as 

periventricular leukomalacia, retinopathy, sepsis, chronic lung disease and 
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intraventricular haemorrhage were recorded. Maternal and paternal data such 

as age, height, weight, BMI, educational level, smoking and presence of 

diabetes were collected at the La Paz University Hospital in Madrid following 

standardised protocols. 

1.2. PREDIMED-UNAV 

The PREDIMED trial was a randomized, primary prevention feeding trial with 

blinded assessment of end points conducted in several centres of Spain with 

the objective of evaluating the effects of the Mediterranean Diet on primary 

cardiovascular prevention (www.predimed.es). The specific aims in Chapters 2 

& 3 were to evaluate the relationship between Mediterranean Diet and DNA 

methylation, in terms of adherence to Mediterranean Diet or its specific 

components such as extra-virgin olive oil and nuts, respectively. Chapters 5 & 

6 included PREDIMED-UNAV subjects in the MENA study. This trial was 

registered with the International Standard Randomised Controlled Trial 

Number (ISRCTN of London, England: 35739639). The protocol and recruitment 

methods have been described in detail elsewhere 293, 294.  

1.2.1. Study population 

Eligible participants were selected from the recruitment centre at the University 

of Navarra following different criteria (Table 4). 

A total of 36 participants from PREDIMED-UNAV, who were randomized into 

one of three nutritional interventions were selected (12 individuals for each 

group) for Chapters 2 & 3. For the MENA study (Chapters 5 & 6), 116 subjects 

were chosen. 

1.2.2. Dietary intervention 

The PREDIMED study involves three interventions: a Mediterranean Diet 

supplemented with Extra-Virgin Olive Oil (MedDiet + EVOO), a Mediterranean 

Diet supplemented with mixed nuts (MedDiet + nuts), and advice in reducing 

all sources of fat (Low-fat control group). Participants in the MedDiet + EVOO 

group received extra-virgin olive oil (approximately one litre per week) and 

individuals in the MedDiet + nuts group obtained 30 g of mixed nuts per day 

(15 g of walnuts, 7.5 g of hazelnuts, and 7.5 g of almonds) as described 
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elsewhere 293, 294. Neither calorie restriction nor physical activity were 

promoted. 

Table 4: Inclusion and exclusion criteria of the PREDIMED-UNAV study. 

Inclusion criteria 

Age between 60 and 70 

Non-smokers or former smokers 

Either a) or b) should be met: 

a) Type 2 diabetes 

b) Three or more of the following risk factors: 

- Hypertension (systolic blood pressure ≥140 mmHg or diastolic blood pressure 

≥90 mmHg or under antihypertensive medication) 

- LDL-cholesterol ≥160 mg/dL 

- HDL-cholesterol ≤40 mg/dL independently of lipid-lowering therapy 

- Body mass index ≥25 kg/m2 

- Family history of premature coronary heart disease 

- If the HDL-cholesterol level was ≥60 mg/dL, one risk factor was subtracted 

Exclusion criteria 

Previous history of cardiovascular disease 

Severe medical condition that may impair the ability of the person to participate in 

a nutrition intervention study 

Other medical condition thought to limit survival to less than 1 year 

Immunodeficiency or HIV-positive status 

Illegal drug use, chronic alcoholism, or total daily alcohol intake >80g/d 

Body mass index >40 kg/m2 

Difficulties or major inconvenience to change dietary habits 

Impossibility to follow a Mediterranean-type diet 

A low predicted likelihood to change dietary habits 

History of food allergy to any of the components of olive oil or nuts 

Participation in any drug trial or use of any investigational drug within the last year 

Institutionalized patients for chronic care, those who lacked autonomy, were unable 

to walk, lacked a stable address, or were unable to attend visits in the Primary Care 

Health clinics every 3 months 

Illiteracy 

Patients with an acute infection or inflammation were allowed to participate in the 

study 3 months after the resolution of their condition 
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1.2.3. Data collection 

Data were collected at baseline and at five years of intervention. All of the 

groups received dietary training and questionnaires about medical conditions, 

food consumption (such as a validated 14-item dietary screener (p14) to assess 

adherence to Mediterranean Diet at baseline and at the last visit 295 and a 137-

item validated food-frequency questionnaire 296) were completed as described 

elsewhere  294. Data of anthropometric measures, body composition and blood 

pressure were collected in the same visit following standardised procedures 297. 

Plasma, serum, and buffy-coat were stored at -80 ºC and biochemical features 

were evaluated, as described elsewhere 297.  

In the MENA study, data included baseline anthropometrics (weight, height, 

WC), blood pressure and blood samples for methylation and biochemical 

(glucose, insulin, Homeostasis Model Assessment-Insulin Resistance (HOMA-

IR), HDL-cholesterol, triglycerides, Triglyceride-Glucose (TyG) index) analyses. 

1.3. GEDYMET 

The GEDYMET study was conducted in collaboration with the Pontificia 

Universidad Católica de Chile in order to analyse the associations between 

methylation levels and biochemical measurements related to glucose and 

insulin in non-diabetic individuals (Chapter 4). Furthermore, Chapters 5 & 6 

included all the participants from GEDYMET as a part of the MENA study.  

1.3.1. Study population 

The study population included 57 women (age range 18–46 years) who fulfilled 

the criteria exposed in Table 5. 

Table 5: Exclusion criteria of the GEDYMET study. 

Exclusion criteria 

Diabetes or family history of diabetes 

Dyslipidaemia 

Anaemia 

Pregnancy 
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1.3.2. Data collection 

The volunteers visited the UC Centre of Clinical Research for carrying out 

biochemical and anthropometric measurements such as weight, height, BMI, 

WC, glucose and fasting plasmatic insulin, total cholesterol, LDL-cholesterol, 

HDL-cholesterol, triglycerides, TyG index, blood pressure. In another visit, an 

abbreviated version of minimal-model Intravenous Glucose Tolerance Test 

(IVGTT) was performed following the procedure explained elsewhere 298. 

HOMA-Sensitivity (HOMA-S) index, Acute Insulin Release (AIR) index, 

Calculated insulin Sensitivity index (CSi) and IVGTT-based Disposition Index 

(DI) index were calculated. 

1.4. OBEKIT 

The OBEKIT study is a 10-month randomized, longitudinal and controlled 

intervention trial with the main objective of evaluating the response to a two 

hypocaloric diets with different macronutrient composition based on the 

genetic background. The OBEKIT protocol has been described in detail 

elsewhere 299 and the trial was registered at ClinicalTrials.gov (reg. 

NCT02737267).  

1.4.1. Study population 

Eligible participants were selected following the inclusion and exclusion criteria 

detailed (Table 6). 

A total of 96 participants from OBEKIT were selected for the MENA study 

(Chapters 5 & 6). Chapter 7 included 203 participants from OBEKIT as an 

independent cohort of the MENA study.  

1.4.2. Data collection 

Data from the study participants were collected at baseline including 

anthropometrical measurements (weight, height, WC, fat mass measured by 

Dual-energy X-ray Absorptiometry (DXA), lean mass DXA, trunk fat mass DXA, 

android fat mass DXA, gynoid fat mass DXA, visceral adipose tissue mass DXA), 

blood samples for methylation analysis, blood pressure and biochemical 

measurements (glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG 
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index, and CRP, following standardised protocols explained in detail 

elsewhere  299. 

Table 6: Inclusion and exclusion criteria of the OBEKIT study. 

Inclusion criteria 

Adults between 18 and 70 years old 

Body mass index ≥25 kg/m2 and <40 kg/m2 

Physical examination and vital signs normal, or is considered abnormal, but clinically 

insignificant by researcher 

In the case of individuals with chronic stable dose drug treatment and during the last 

3 previous months at baseline, the investigator will assess their possible inclusion 

Exclusion criteria 

Pregnancy  

Breastfeeding period. If artificial feeding until 6 months after birth 

Type 1 diabetes 

Severe kidney and digestive system diseases 

Electrolyte disorders (disorders of sodium, potassium, calcium, chlorine, 

phosphorus, magnesium) 

Acute cardiovascular diseases 

Cancer 

Eating disorders 

Recent prescription drug treatment (without stable doses scheduled) 

Weight loss medications or others drugs that affect body weight (anti-psychotic or 

anti-depressant drugs, corticosteroids) 

Some type of cognitive / psychic impairment 

Subjects in which poor collaboration or, in the investigator's opinion, have difficulty 

following the procedures of the study is foreseen 

Lack of commitment (at the discretion of the investigator) with the intervention, 

suspected non-compliance, or real difficulties to follow the development of the 

study 

 

1.5. NormoP 

The NormoP population was designed with the aim of collecting control data 

for the OBEKIT study.  
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1.5.1. Study population 

In the MENA study, the NormoP group included 12 individuals who fulfilled the 

same criteria as OBEKIT subjects, except for the body mass index, which was 

≥18.5 kg/m2 and <25 kg/m2. Chapter 7 included 66 participants from NormoP 

as an independent cohort of the MENA study. 

1.5.2. Data collection 

Data from the study participants of NormoP were collected at baseline 

including (weight, height, WC, fat mass DXA, lean mass DXA, trunk fat mass 

DXA, android fat mass DXA, gynoid fat mass DXA, visceral adipose tissue mass 

DXA), blood samples for methylation analysis, blood pressure and biochemical 

measurements (glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG 

index, CRP), following standardised protocols.  

1.6. MENA 

The MENA study compiled methylation data from the following cohorts and 

studies: PREDIMED-UNAV, GEDYMET, OBEKIT, NormoP, Food4Me-UNAV, 

DiOGenes-UNAV, ICTUS, NUGENOB-UNAV, OBEPALIP, and RESMENA. The aim 

of this study was to determine DNA methylation sites that were related to 

different anthropometric and metabolic characteristics of the participants 

(Chapters 5 & 6). Chapter 7 included all these studies and cohorts (without 

OBEKIT and NormoP, which were studied as an independent population) to 

assess the relationship between DNA methylation and epigenetic age 

acceleration. 

1.6.1. PREDIMED-UNAV 

The MENA study included 116 subjects from the PREDIMED-UNAV study. 

Baseline anthropometric (weight, height, WC) and blood pressure 

measurements, blood samples for methylation analysis and biochemical 

measurements (glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG 

index) were collected. A further description has been detailed in Subjects and 

Methods, section 1.2.  
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1.6.2. GEDYMET 

The MENA study included a total of 57 women from the GEDYMET study. Data 

employed in the MENA study included measurements of weight, height, WC, 

blood pressure and blood samples for methylation analysis and biochemical 

measurements (glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG 

index). Further details have been explained in Subjects and Methods, section 

1.3. 

1.6.3. OBEKIT  

The OBEKIT study contributed with 96 individuals to the MENA study. 

Anthropometric (weight, height, WC) and blood pressure measurements, 

blood samples for methylation analysis and biochemical measurements 

(glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG index) were 

employed. Further details have been explained in Subjects and Methods, 

section 1.4. 

1.6.4. NormoP 

The MENA study involved a total of 12 subjects from the NormoP study. Data 

employed in these works included measurements of weight, height, WC, and 

blood pressure, and blood samples for methylation analysis and biochemical 

measurements (glucose, insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG 

index). Further details have been explained in Subjects and Methods, section 

1.5. 

1.6.5. Food4Me-UNAV 

The Food4Me study (http://www.food4me.org) was a European on-line 

randomized controlled intervention study with the aim of investigating the 

utility of a personalised nutrition approach for improving nutritional and diet-

related outcomes. The Food4Me study was registered at ClinicalTrials.gov (reg. 

NCT01530139) and the protocol has been described in detail elsewhere 300. 

1.6.5.1. Study population 

A total of 39 participants were included in the MENA study from the Food4Me-

UNAV study, who were selected following different criteria (Table 7). 
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Table 7: Inclusion and exclusion criteria of the Food4Me study. 

Inclusion criteria 

Age ≥18 years old 

 Exclusion criteria 

Pregnant or lactating 

No or limited access to the Internet 

Following a prescribed diet for any reason, including weight loss, in the last 3 months 

Diabetes, coeliac disease, Crohn’s disease, or any metabolic disease or condition 

altering nutritional requirements such as thyroid disorders (if condition was not 

controlled), allergies or food intolerances 

 

1.6.5.2. Data collection 

Data from the study participants of Food4Me-UNAV were collected at baseline 

including anthropometrics (weight, height, WC), blood pressure and blood 

samples for methylation and biochemical (glucose, insulin, HOMA-IR, HDL-

cholesterol, triglycerides, TyG index) measurements following standardised 

protocols explained in detail elsewhere 300. 

1.6.6. DiOGenes-UNAV  

The DiOGenes study is a multicentre, randomized, dietary-intervention study 

primarily designed to assess the efficacy of moderate-fat diets that vary in 

protein content and glycaemic index in the prevention of weight regain and 

obesity-related risk factors after weight loss. For the MENA study, participants 

were selected from the recruitment centre at the University of Navarra 

(DiOGenes-UNAV). This trial was registered at ClinicalTrials.gov with the 

number: NCT00390637. The protocol and recruitment methods have been 

described in detail elsewhere 301, 302.  

1.6.6.1. Study population 

Eligible participants in the DiOGenes study were selected following different 

criteria (Table 8). A total of 52 participants were included in the MENA study.  

1.6.6.1. Data collection 

Data from the study participants of DiOGenes-UNAV were collected at baseline 

including anthropometrics (weight, height, WC), blood pressure, and blood 
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samples for methylation and biochemical (glucose, insulin, HOMA-IR, HDL-

cholesterol, triglycerides, TyG index) measurements, following standardised 

protocols explained elsewhere 301, 302. 

Table 8: Inclusion and exclusion criteria of the DiOGenes study. 

Inclusion criteria 

Families with at least 1 overweight (body mass index >27 kg/m2 and <45 kg/m2) 

parent aged (18-65 years old), and at least 1 healthy child aged between 5 and 18 

years, who was willing to participate in at least a minimum of the investigations 

Families in which no biological relationship existed between parents and children 

Exclusion criteria 

Adult offspring above the age of 18 years still living at home 

Adult members of the family who did not have a parental position 

Subjects using prescription medication  

Subjects suffering from diseases or conditions related to body weight regulation 

(malabsorption, untreated hypo/hyperthyroidism, eating disorders, systemic use of 

steroids, etc.) and obesity‐related cardiovascular risk factors (heart disease, systolic 

and diastolic blood pressures ≥160/100 mmHg, blood glucose >6.1 mM/L, blood 

cholesterol >7 mM/L, blood triglycerides >3 mM/L) 

Subjects with food allergies 

Urinary protein, glucose, pH, ketone and haemoglobin levels outside accepted 

reference ranges 

Marked alcohol habits >21 alcoholic units/week (male), or >14 alcoholic units/week 

(female) 

Planned major changes in physical activity during the study to an extent that might 

interfere with the study outcome, as judged by the investigator 

Blood donation within the past 2 months prior to the study 

Adults with a weight change of >3 kg within 2 months prior to first clinical 

investigation day 

Psychiatric disease (based on medical history only) 

Pregnant or lactating women, pregnancy planned within the next 18 months 

Surgically treated obesity 

Participation in other clinical studies within the last 3 months 

Drug abuse (based on clinical judgment) 

Adults unable to give an informed consent 

Adults unable to engage in an 8‐week low‐calorie diet 

Individuals following a special diet (vegetarian, Atkins or other) 
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1.6.7. ICTUS 

The ICTUS study is a case-control nutritional intervention focused on 

investigating the effect of the dietary treatment on anthropometric 

measurements, inflammation markers, lipid profile, insulin status and the 

methylation patterns of two stroke-related genes in obese individuals who 

have suffered an ischemic stroke insult.  

1.6.7.1. Study population  

The MENA study included a total of seven individuals from the ICTUS study, 

selected according the criteria explained in Table 9.  

Table 9: Inclusion and exclusion criteria of the ICTUS study. 

Inclusion criteria 

Age 50-80 years old 

Body mass index ≥30 kg/m2 

Case group: Patients with acute ischemic stroke hospitalized within 24 hours from 

the onset of symptoms  

Control group: Patients not having suffered vascular or neurological disorders 

 Exclusion criteria 

Major cardiac, renal, hepatic, endocrine disorders, skeletal disorders, cancer, 

inflammatory diseases and recent infections 

 

1.6.7.2. Data collection 

Data from the study participants of ICTUS were collected at baseline including 

anthropometrics (weight, height, WC), blood pressure and blood samples for 

methylation and biochemical (glucose, insulin, HOMA-IR, HDL-cholesterol, 

triglycerides, TyG index) measurements following standardised protocols 

explained elsewhere 168. 

1.6.8. NUGENOB-UNAV 

The NUGENOB study is a randomized, parallel, two-arm, open-label 10-week 

dietary intervention of two hypoenergetic diets (high- versus low-fat diet) to 

examine if there is an interaction between the nutrient composition of the diet, 

specifically the fat content, and obesity related genes in response to the dietary 

treatment. The protocol and recruitment methods have been described in 
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detail elsewhere 303, 304. The trial was registered at ISRCTN registry 

(ISRCTN25867281).  

1.6.8.1. Study population 

The MENA study included 22 participants from NUGENOB-UNAV. Participants 

from the NUGENOB study fulfilled the inclusion and exclusion criteria detailed 

below (Table 10). 

1.6.8.2. Data collection 

The MENA study included data from NUGENOB-UNAV collected at baseline of 

anthropometrical measurements (weight, height, WC), blood pressure, blood 

samples for methylation analysis and biochemical measurements (glucose, 

insulin, HOMA-IR, HDL-cholesterol, triglycerides, TyG index), following 

standardised protocols explained in detail elsewhere 303, 304. 

Table 10: Inclusion and exclusion criteria of the NUGENOB study. 

Inclusion criteria 

Adults between 20 and 50 years old 

Body mass index ≥30 kg/m2 

White European (by self-report) 

Pre-menopausal (women) 

Exclusion criteria 

Weight change >3 kg within the 3 months before the beginning of the study 

Drug-treated hypertension, diabetes, hyperlipidaemia or thyroid disease 

Use of anorexigenic agents 

Anti-epileptic or anti-parkinsonian drugs 

Surgically treated obesity 

Pregnancy 

Use of barbiturates, benzodiazepines, beta-blockers, butyrophenones, carbonic 

anhydrase inhibitors, diuretics, dopamine reuptake inhibitors, digoxin, fibrates, fish 

oil supplement, glucocorticoids, immunosuppressives, insulin, laxatives, monoamine 

oxidase inhibitors, niacin (>150 mg per day), nicotine, oral hypoglycaemic, orlistat, 

phenothiazines, selective serotonin reuptake inhibitors, serotonin and 

norepinephrine reuptake inhibitors, statins, thyroid hormone, triamterene, tricyclic 

antidepressants, warfarin or zonisamide 

Alcohol or drug abuse 

Participation in other simultaneous ongoing trials 
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1.6.9. OBEPALIP 

The OBEPALIP study is a parallel, short‐term randomized double blind placebo‐

controlled trial designed with the objective of evaluating the potential body 

weight‐lowering effects of dietary supplementation with eicosapentaenoic acid 

and α‐lipoic acid separately or in combination, in healthy overweight/obese 

women during a hypocaloric diet. The trial was registered at ClinicalTrials.gov 

(reg. NCT01138774). The protocol and recruitment methods have been 

described in detail elsewhere 305.  

1.6.9.1. Study population 

Eligible participants in the OBEPALIP study were selected following different 

criteria (Table 11). A total of 52 participants were included for the MENA study.  

Table 11: Inclusion and exclusion criteria of the OBEPALIP study. 

Inclusion criteria 

Women 

Age between 20 and 45 years, and with regular menstrual cycles 

Body mass index between 27.5 and 39.9 kg/m2 

Weight unchanged (±3 kg) for the last 3 months 

All subjects should have an overall physical and psychological condition that the 

investigator believes is in accordance with the overall aim of the study 

Exclusion criteria 

Use of prescription medication 

Any chronic metabolic- or obesity-related disease, hepatic or renal systemic disease: 

hypertension, dyslipidaemia, type 1 or 2 diabetes, thyroid function disorders, 

cirrhosis, fatty liver, etc. 

Food allergies or food intolerance expected to come up during the study 

Special diets (Atkins, vegetarian, etc.) prior 3 months the start of the study 

Eating disorders 

Surgically treated obesity 

Pregnant or lactating women or planning to be pregnant in the next 2 months 

Alcohol or drug abuse (based on clinical parameters) 

 

1.6.9.2. Data collection 

Collected baseline data from the OBEPALIP subjects included anthropometrical 

(weight, height, WC) and blood pressure measurements, as well as blood 
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samples for methylation and biochemical (glucose, insulin, HOMA-IR, HDL-

cholesterol, triglycerides, TyG index) assessment, following standardised 

protocols explained elsewhere 305. 

1.6.10. RESMENA 

The RESMENA study was designed as a randomized, longitudinal and 

controlled intervention trial to compare the effects of two hypocaloric dietary 

strategies on metabolic syndrome comorbidities over a six-month period as 

main objective. The trial was registered at ClinicalTrials.gov (reg. NCT01087086) 

and the protocol has been described in detail elsewhere 306.  

1.6.10.1. Study population 

The MENA study included 44 subjects from the RESMENA study. The inclusion 

and exclusion criteria are described (Table 12). 

Table 12: Inclusion and exclusion criteria of the RESMENA study. 

Inclusion criteria 

Adults between 35 and 65 years old 

Metabolic syndrome according to International Diabetes Federation criteria 

Exclusion criteria 

Weight change >3 kg within the 3 months before the beginning of the study 

Psychiatric or psychological disorders 

Difficulty for changing dietary habits 

Eating disorders 

Chronic diseases related to the metabolism of energy and nutrients  

Specific pharmacological treatments 

Subjects with special diets 

Food allergies or intolerances 

Daily smokers 

Having a serious disease 

Consumption of vitamin or nutritional supplements 

 

1.6.10.2. Data collection 

Baseline data from the study participants of RESMENA included 

anthropometrics (weight, height, WC), blood pressure and blood samples for 

methylation and biochemical (glucose, insulin, HOMA-IR, HDL-cholesterol, 
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triglycerides, TyG index) measurements, and they were determined following 

standardised protocols explained elsewhere  306. 

 

2. DNA METHYLATION ANALYSIS 

2.1. DNA extraction 

The DNA from peripheral white blood cells was extracted from venous blood 

samples drawn on Ethylenediaminetetraacetic Acid (EDTA) tubes. Samples 

were centrifuged at 2000xg, 4 °C, 15 or 20 min and buffy coats were collected 

(Figure 11). The extraction was performed using MasterPureTM DNA Purification 

Kit for Blood (Epicentre, Madison, WI, USA) according to manufacturer’s 

instructions for all the studies except for the newborns samples, which were 

treated following a protocol specified in the pertinent chapter 307.  

2.2. Genome-wide methylation analysis 

Peripheral white blood cell DNA samples were shipped on dry ice to Unidad de 

Genotipado y Diagnóstico Genético from Fundación Investigación Hospital 

Clínico de Valencia (INCLIVA), where microarray preparation, hybridisation and 

scanning were performed. DNA quantification was carried out using 

PicoGreen® dsDNA Quantitation Reagent (Invitrogen, Carlsbad, CA, USA). 

Bisulphite conversion of 500 mg of genomic DNA was achieved using EZ DNA 

methylation kit (Zymo Research, Irvine, CA, USA) and then, samples were 

amplified and hybridised with the Infinium Human Methylation 450k BeadChip 

or with Infinium MethylationEPIC BeadChip (for OBEKIT and NormoP) (Illumina, 

San Diego, CA, USA). They were scanned using the Illumina hiScanSQ platform 

and the intensity of the images was extracted with the GenomeStudio 

Methylation Software Module (v 1.9.0, Illumina, San Diego, CA, USA) as 

illustrated (Figure 11). 
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Figure 11: Complete process of DNA methylation analysis from blood extraction to data 

processing. Abbreviations: PWBCs: peripheral white blood cells.  

 

2.3. Methylation data management 

Methylation raw data was submitted to a pre-processing and analysis pipeline 

where quality of samples, quality of probes, and background correction were 

applied. In this process, a filtering of probes located on the X and Y 

chromosomes was also executed. Filtering of probes with SNPs was performed 

in Chapters 4, 5 & 6. Different normalisation approaches were performed 

depending on the objective of each study: Subset Quantile Normalisation 

(SQN) method by Touleimat & Tost 308 (Chapters 1, 2, 3 & 4), or the Subset-

quantile Within Array Normalisation (SWAN) method developed by 

Maksimovic et al. 309 (Chapters 5 & 6). Methylation raw data in Chapter 7 was 

only submitted to background correction with dye-bias normalisation without 

any filtering of probes 310. When specified, the magnitude of batch effects was 

assessed after data normalisation and corrected using the ComBat 

normalisation method, which is an empirical Bayes based method to correct 

for technical variation related to the slide 311, 312 (Chapters 5 & 6).  

Differences in methylation resulting from differences in cellular heterogeneity 

were corrected using the Houseman procedure 313 in Chapters 1, 4, 5 & 6. In 

the case of Chapters 2 & 3, the differences in the composition of types of 
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leukocytes were assessed in order to avoid a possible influence in methylation 

differences of some CpGs.  

After this methylation data processing, Linear Models for Microarray Data 

(LIMMA) as published 314 for the R statistical software 315 were used to compute 

different analysis in some of the chapters (Chapters 1, 3, 5 & 6). Correction for 

multiple comparison tests (Bonferroni and Benjamini-Hochberg approaches) 

and different statistical filters were applied to avoid type I errors.  

 

3. OTHER ANALYSES 

3.1. Ingenuity Pathway Analysis 

Data (Chapters 1 - 6) were analysed by Ingenuity Pathway Analysis (IPA) 

software (Qiagen Redwood City, CA, USA, www.ingenuity.com). Associated 

pathways and gene regulatory networks were identified by predefined 

pathways and functional categories of the Ingenuity Knowledge Base 264. 

Canonical pathway analyses were performed with IPA’s Core Analysis module 

and selected if p<0.05 after Fisher’s test as statistically significant. 

3.2. ELISAs 

Selected soluble proteins were measured using standard ELISA in EDTA plasma 

samples from PREDIMED study (Chapter 2) following the manufacturer’s 

protocol. All ELISA kits were purchased from R&D Systems Inc. (Minneapolis, 

MA, USA) and concentrations were measured by Multiskan Spectrum from 

Thermo Scientific (Waltham, MA, USA).  

3.3. Epigenetic age acceleration  

Epigenetic age acceleration, defined as the residual from regressing the 

epigenetic age on chronological age, was assessed using the website DNA 

methylation Age Calculator (https://dnamage.genetics.ucla.edu/home) 

developed by Steve Horvath and were applied accordingly to the software 

provider in Chapter 7. Two different methods were employed for calculating 

age acceleration. The first method, denominated DNAmAge and developed by 

Horvath 200, calculates the epigenetic age from human samples profiled with 
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the Illumina Infinium 450k platform based on the methylation levels of 353 

CpGs. The second method, denominated GrimAge and developed by Lu et 

al.  202 predicted epigenetic age based on a linear combination of chronological 

age, sex, and DNAm-based surrogate biomarkers for seven plasma proteins 

and smoking pack-years.  

 

4. STATISTICAL PROCEDURES 

Statistical analyses are specifically explained in each chapter. Briefly, normality 

was assessed by Shapiro-Wilk test and homoscedasticity by Levene test. 

Comparisons between two independent groups were performed using 

Student’s t-test for normal distribution, Mann-Whitney U test for not normal 

but similar distribution, and Median test for not normal but different 

distribution. Comparisons between two dependent groups were determined 

using Student’s t-test for normal distribution, Wilcoxon signed-rank test for 

not normal but similar distribution, and Sign test for not normal but different 

distribution. In the case of more than two groups, comparisons were performed 

using ANOVA (Multiple comparison test: Tukey’s test) for normal distribution 

or Kruskal-Wallis (Multiple comparison test: Mann-Whitney U test) for not 

normally distributed data. If the variables were qualitative, the comparisons 

were determined using Chi-square test (Contingency RxC, for independent 

samples), Fisher’s exact test (Contingency 2x2, for independent samples) or 

Cochran test (three or more related samples). Correlations were assessed using 

Pearson for normal distribution or Spearman for not normal distribution. 

Simple or multivariable linear regressions were employed for two continuous 

variables and logistic regressions for a categorical and a continuous variable. 

Receiver Operating Characteristic (ROC) curves were also performed. Internal 

validation of ROC curves was performed using a correction for optimistic 

prediction according to Tibshirani’s enhanced bootstrap method described by 

Harrel 316. Furthermore, mediation analysis was assessed using structural 

equation modelling as described by Zhao et al. 317.  

The software used for statistical analysis were Stata versions 12.0, 12.1 or 14.0 

(StataCorp, College Station, TX, USA); GraphPad Prism 6 (GraphPad Software, 

San Diego, CA, USA); and R Studio 315. 
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Table S3: Correlations between differentially methylated genes of SLC6A3 network and 

BSID. 
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Table S1: p14 validated questionnaire for assessment of adherence to Mediterranean 

diet.  
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Figure S1: Steps followed in the selection of differentially methylated CpGs. p14 and 

methylation changes were calculated subtracting methylation data at baseline from 

data at 5 years to estimate Δp14 and ΔMethylation. Then, correlations between these 

two data were performed, obtaining 12990 CpGs with a p<0.05 (considered the limit of 

significance). From those CpGs, 316 ones were selected with an r>|0.5| from the 

correlation, which corresponds to a p<0.0019. This 316 CpGs were submitted to a two-

winged analysis. Firstly, all the CpGs were analysed by Ingenuity Pathway analysis, 

obtaining canonical pathways. Secondly, mean and standard deviation was calculated 

for all the 316 CpGs, and the 50 CpGs with higher standard deviation were selected. 

They were classified by manual curation in functional groups and finally, 8 CpGs were 

chosen for further analysis.  
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Table S2: Protein concentrations and methylation data of the study population between 

five year follow-up and baseline. 
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Table S3: Selected CpGs (n=316) after correlation between methylation changes and 

p14 changes with criteria r>|0.5|, corresponding to p<0.0019. The table shows the CpGs 

selected with their corresponding genes, r and p-values from the correlations. These 

genes are studied by Ingenuity Pathway Analysis and a subsequent filter is applied to 

perform another selection.  
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Table S4: Top fifty methylated genes (expressed in blood) that correlate with the 

adherence to MedDiet. These genes present the highest standard deviation of 

methylation changes. The eight genes selected by bibliographic research afterwards are 

presented in bold. 
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Table S1. Pearson correlation values of differences in types of leukocytes and 

consumption at 5 years of extra-virgin olive oil (EVOO) and nuts, and methylation 

changes of cg01081343 and cg17071192.  

 

Correlation values were obtained after Pearson correlations.  
p<0.05 is considered significant. 
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Table S2. Differences among dietary groups in the composition of blood cells.  

 
Statistical analysis was performed using ANOVA (+ Tukey’s multiple comparison test). p<0.05 is considered significant. 
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Table S3. Canonical pathways (Ingenuity Pathway Analysis) associated with 

differentially methylated CpGs selected from MedDiet+EVOO vs. low-fat control diet 

LIMMA analysis. 

 
Ratio represents differentially methylated genes/genes in the pathway. A –log(p-value)>1.301 is considered significant, which corresponds to a 
p<0.05. CpG: CG site; EVOO: Extra-Virgin Olive Oil; LIMMA: Linear Models for Microarray Data; MedDiet: Mediterranean Diet. 
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Table S4. Canonical pathways (Ingenuity Pathway Analysis) associated with 

differentially methylated CpGs selected from MedDiet+nuts vs. low-fat control diet 

LIMMA analysis. 

 
Ratio represents differentially methylated genes/genes in the pathway. A –log(p-value)>1.301 is considered significant, which corresponds to a p<0.05. 
CpG: CG site; LIMMA: Linear Models for Microarray Data; MedDiet: Mediterranean Diet 
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Table S1: Selection of 1416 CpGs by slope > |0.005|. 

CG_ID UCSC_RefGene_Name UCSC_RefGene_Accession UCSC_RefGene_Group 

cg00009523 SNTG2 NM_018968 Body 

cg00019495 

HOPX;HOPX;HOPX;HO

PX;HOPX;HOPX 

NM_139212;NM_139212;NM_032495;NM

_001145460;NM_032495;NM_001145460 

5UTR;1stExon;1stExon;5UTR;

5UTR;1stExon 

cg00028022 NA NA NA 

cg00041311 SIAH1 NM_003031 5UTR 

cg00044796 NA NA NA 

cg00063006 PPP1R2P1 NR_027771 Body 

cg00079898 OR52N5 NM_001001922 TSS1500 

cg00098175 SLC12A7 NM_006598 Body 

cg00101154 MRPL28 NM_006428 Body 

cg00123214 RWDD3;RWDD3 NM_001128142;NM_015485 Body;Body 

cg00124993 MIR886 NR_030583 TSS200 

cg00129273 NA NA NA 

cg00143986 GPR133 NM_198827 Body 

cg00146004 NA NA NA 

cg00234027 NA NA NA 

cg00245057 NA NA NA 

cg00255732 ANO7 NM_001001891 Body 

cg00256329 NXN NM_022463 Body 

cg00260937 KCP NM_001135914 Body 

cg00290086 

DMRT2;DMRT2;DMRT

2 NM_001130865;NM_006557;NM_181872 5UTR;5UTR;5UTR 

cg00313914 NAV1 NM_020443 Body 

cg00321709 CYP2E1 NM_000773 Body 

cg00322927 OPCML;OPCML NM_002545;NM_001012393 Body;Body 

cg00329052 NA NA NA 

cg00340349 CDK9 NM_001261 Body 

cg00347798 NA NA NA 

cg00366190 WDR88 NM_173479 TSS200 

cg00373114 POTEA;POTEA NM_001002920;NM_001005365 TSS1500;TSS1500 

cg00377727 SEC23A NM_006364 TSS1500 

 

(The rest of the table is available at: https://www.mdpi.com/1422-

0067/20/12/2928#supplementary)  
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Table S2: CpG information and correlation adjusted p-values (FDR) of the 253 CpGs 

that were significantly associated with CSi (FDR<0.05). 

CG_ID 
UCSC_RefGene_

Name 

UCSC_RefGene_

Accession 

UCSC_RefGene_

Group 
slope 

FDR spearman 

indice_ivgtt_CSI_

mgdL_uIUmL 

cg04615668 CTNND2 NM_001332 Body -0.00639884 0.00474066 

cg07263235 LPL NM_000237 TSS200 0.00638642 0.00474066 

cg09620718 ACSM1 NM_052956 TSS1500 -0.00564231 0.00489905 

cg23760585 FLJ22536 NR_015410 Body -0.00567925 0.00489905 

cg23874746 PDE1A;PDE1A 

NM_005019;NM

_001003683 1stExon;Body -0.00543908 0.00489905 

cg27385193 NA NA NA 0.00579727 0.00489905 

cg10687107 NA NA NA 0.00549235 0.00709231 

cg17270100 NA NA NA 0.00501286 0.00739364 

cg05992904 FAM19A5 NM_001082967 Body -0.00864043 0.00787237 

cg07737566 GRB10 NM_001001555 5UTR -0.00519965 0.00787237 

cg14251734 

HPSE2;HPSE2;HP

SE2;HPSE2 

NM_001166244;

NM_001166245;

NM_021828;NM

_001166246 

Body;Body;Body;

Body 0.00576695 0.00787237 

cg03459415 NA NA NA 0.00504936 0.00836765 

cg05202389 TPP2 NM_003291 Body -0.00509172 0.00836765 

cg13906701 UNC93A;UNC93A 

NM_018974;NM

_001143947 Body;Body 0.00533558 0.00836765 

cg20831708 SEC31B NM_015490 5UTR 0.00606676 0.00836765 

cg19584136 MXI1;MXI1 

NM_130439;NM

_001008541 Body;5UTR -0.00561186 0.00969053 

cg24011351 SLC22A8 NM_004254 5UTR 0.0050268 0.01098497 

cg07034145 NA NA NA -0.00524399 0.01226174 

cg03212480 TMCC2 NM_014858 Body -0.00532639 0.01228382 

cg06613286 TMEM132C NM_001136103 Body 0.00506578 0.01228382 

cg13306870 CBX7 NM_175709 3UTR 0.01689719 0.01228382 

cg13728834 

TMEM8B;TMEM8

B;TMEM8B 

NM_001042590;

NM_016446;NM

_001042589 Body;Body;Body 0.0051094 0.01332671 

cg18341478 CCDC40 NM_017950 Body -0.00604918 0.0149661 

cg02359712 NA NA NA 0.00604797 0.01641086 

cg03162314 CTU1 NM_145232 3UTR 0.00545161 0.01646512 

 

(The rest of the table is available at: https://www.mdpi.com/1422-

0067/20/12/2928#supplementary) 
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Table S3: Significant Ingenuity Canonical Pathways obtained from the 253 CpGs 

selected by Spearman FDR <0.05. 

Ingenuity Canonical Pathways -log(p-value) 

Opioid Signaling Pathway 3.44E+00 

FcγRIIB Signaling in B Lymphocytes 3.39E+00 

G-Protein Coupled Receptor Signaling 3.06E+00 

Nitric Oxide Signaling in the Cardiovascular System 2.91E+00 

Glycine Betaine Degradation 2.68E+00 

nNOS Signaling in Skeletal Muscle Cells 2.54E+00 

Gustation Pathway 2.37E+00 

Type II Diabetes Mellitus Signaling 2.34E+00 

Role of NFAT in Cardiac Hypertrophy 2.28E+00 

PKCθ Signaling in T Lymphocytes 2.18E+00 

Thio-molybdenum Cofactor Biosynthesis 2.16E+00 

Apelin Cardiomyocyte Signaling Pathway 2.07E+00 

Netrin Signaling 1.98E+00 

Melanoma Signaling 1.97E+00 

Endocannabinoid Neuronal Synapse Pathway 1.91E+00 

Cellular Effects of Sildenafil (Viagra) 1.88E+00 

Cardiac β-adrenergic Signaling 1.79E+00 

Apelin Adipocyte Signaling Pathway 1.74E+00 

Role of JAK1 and JAK3 in γc Cytokine Signaling 1.73E+00 

CREB Signaling in Neurons 1.71E+00 

Methionine Salvage II (Mammalian) 1.69E+00 

AMPK Signaling 1.68E+00 

cAMP-mediated signaling 1.68E+00 

IL-15 Signaling 1.65E+00 

Angiopoietin Signaling 1.62E+00 

Antiproliferative Role of Somatostatin Receptor 2 1.61E+00 

Relaxin Signaling 1.57E+00 

CCR5 Signaling in Macrophages 1.56E+00 

 

(The rest of the table is available at: https://www.mdpi.com/1422-

0067/20/12/2928#supplementary) 
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Supplementary Figure S1: Correlation of the methylation of the top 10 CpGs with the 

Calculated Sensitivity index (CSi).  
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cells involving insulin resistance 
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involving insulin resistance 
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Table S1: Selection of 798 CpGs after linear regression by FDR<0.05 and slope ≥ |0.1|. 

CpG 
UCSC_RefGene_ 

Accession 

UCSC_RefGene_ 

Group 

UCSC_CpG_ 

Islands_Name 
p FDR 

cg22051399 NA NA NA 
1.44E-10 4.90E-05 

cg16462528 LECT1;LECT1 
NM_001011705;N

M_007015 
Body;Body 

4.96E-10 8.46E-05 

cg13133503 CLCA4;CLCA4 
NR_024602;NM_

012128 
Body;Body 

2.31E-09 0.00026276 

cg13108601 FRS3;PRICKLE4 
NM_006653;NM_

013397 

TSS1500;TSS15

00 

5.88E-09 0.00048823 

cg02613818 IGF1R NM_000875 Body 
7.16E-09 0.00048823 

cg19749898 HCCA2 NM_053005 Body 
1.14E-08 0.00064765 

cg02793828 NA NA NA 
4.27E-08 0.00207921 

cg07638362 NA NA NA 
5.32E-08 0.00226558 

cg14315232 NA NA NA 
6.47E-08 0.00245104 

cg04559178 NA NA NA 
1.72E-07 0.00556053 

cg10293354 NA NA NA 
1.89E-07 0.00556053 

cg05935374 RAB30 NM_014488 TSS200 
2.08E-07 0.00556053 

cg20703375 ARPC1A NM_006409 Body 
2.24E-07 0.00556053 

cg19260567 CNTNAP2 NM_014141 Body 
2.72E-07 0.00556053 

cg03806828 RAB21 NM_014999 TSS200 
2.72E-07 0.00556053 

cg09242721 TRNT1 NM_182916 TSS200 
2.74E-07 0.00556053 

cg22964775 LPHN3 NM_015236 TSS1500 
3.02E-07 0.00556053 

cg07908574 SLC45A1 NM_001080397 Body 
3.07E-07 0.00556053 

cg04238871 FAM53B NM_014661 5'UTR 
3.10E-07 0.00556053 

cg04737885 ADCY9 NM_001116 3'UTR 
3.88E-07 0.00636839 

cg15924985 NA NA NA 
3.92E-07 0.00636839 

cg04724873 KIAA1751 NM_001080484 Body 
4.66E-07 0.00650242 

cg11390741 ITGA9 NM_002207 Body 
4.69E-07 0.00650242 

(The rest of the table is available at: https://www.nature.com/articles/s41598-019-

38980-2#Sec16)  
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Table S2: Selection of 478 CpGs after comparing individuals with HOMA≤3 and >3 

(Student's t-test + Bonferroni correction). 

CpG 
Student's t-

test 
UCSC_RefGene_Accession UCSC_RefGene_Group 

UCSC_CpG_Islands_

Name 

cg23475244 2.27366E-12 NA NA NA 

cg06115835 1.05058E-11 SH3RF3 NM_001099289 Body 

cg16278828 2.75829E-11 MAN2C1 NM_006715 Body 

cg16639311 2.96689E-11 NA NA NA 

cg00882175 6.86666E-11 NA NA NA 

cg20009378 1.31144E-10 GRK1 NM_002929 Body 

cg03438024 1.50385E-10 NA NA NA 

cg11565042 1.57477E-10 GPR45 NM_007227 1stExon 

cg07638362 1.67285E-10 NA NA NA 

cg08913530 2.63749E-10 C10orf129 NM_207321 Body 

cg13875763 3.558E-10 NA NA NA 

cg02951880 4.2286E-10 VANGL2 NM_020335 Body 

cg19450145 4.28193E-10 TULP4;TULP4 

NM_020245;NM_00100

7466 Body;Body 

cg06199907 4.28514E-10 MARVELD3 NM_001017967 Body 

cg00472528 5.89409E-10 NA NA NA 

cg10857489 5.98209E-10 SLC12A7 NM_006598 Body 

cg23162967 6.9311E-10 CBLB NM_170662 TSS200 

cg06609415 6.95911E-10 NA NA NA 

cg15537788 1.02976E-09 SIPA1L3 NM_015073 3'UTR 

cg16276063 1.26828E-09 SOX2OT NR_004053 Body 

cg04724873 1.50316E-09 KIAA1751 NM_001080484 Body 

cg21963643 2.07292E-09 CACNA1E NM_000721 TSS1500 

cg24002010 2.4842E-09 TMEM86B;SAPS1 

NM_173804;NM_01493

1 TSS1500;3'UTR 

cg09991951 2.64527E-09 NA NA NA 

cg09984469 2.8116E-09 CYP26B1 NM_019885 Body 

cg12456777 2.81964E-09 SNORD42B;RPL23A NR_000013;NM_000984 TSS1500;1stExon 

cg18062721 3.19762E-09 VGLL4;VGLL4 

NM_014667;NM_00112

8219 Body;Body 

cg09242721 3.24334E-09 TRNT1 NM_182916 TSS200 

cg20376082 3.93989E-09 NA NA NA 

(The rest of the table is available at: https://www.nature.com/articles/s41598-019-

38980-2#Sec16) 



Results - Chapter 6 

173 

CHAPTER 6 

Methylome-wide association study in peripheral white blood 

cells focusing on central obesity and inflammation 

Ana Arpón1,2, Fermín I. Milagro1,2,3,4, Omar Ramos Lopez1,2, Maria L. Mansego5, 

José Ignacio Riezu Boj1,2,4 and J. Alfredo Martínez1,2,3,4,6, on behalf of the MENA 

project  

1 Department of Nutrition, Food Sciences and Physiology, Universidad de Navarra, Pamplona, Spain 

2 Centre for Nutrition Research, Universidad de Navarra, Pamplona, Spain 

3 Centro de Investigación Biomédica en Red Fisiopatología de la Obesidad y Nutrición (CIBERobn), 

Instituto de Salud Carlos III, Madrid, Spain 

4 Navarra Institute for Health Research (IdiSNa), Pamplona, Spain 

5 Department of Bioinformatics, Making Genetics S.L., Pamplona, Spain 

6 Precision Nutrition and Cardiometabolic Health Program, Madrid Institute for Advanced Studies 

(IMDEA), IMDEA Food, Madrid, Spain 

 

 

 

 

 

 

 

Genes, 2019 

DOI: 10.3390/genes10060444 

Impact factor (2018): 3.331 

61/174 in Genetics & Heredity, Q2



 

 



Results - Chapter 6 

175 

 



Results - Chapter 6 

176 

 



Results - Chapter 6 

177 

 



Results - Chapter 6 

178 

 



Results - Chapter 6 

179 

 



Results - Chapter 6 

180 

 



Results - Chapter 6 

181 

 



Results - Chapter 6 

182 

 



Results - Chapter 6 

183 

 



Results - Chapter 6 

184 

 



Results - Chapter 6 

185 

 



Results - Chapter 6 

186 

 



Results - Chapter 6 

187 

 



Results - Chapter 6 

188 

 



Results - Chapter 6 

189 



 

 

 

 

 

  



Supplementary material - Chapter 6 

191 

Supplementary material 

 

Methylome-wide association study in peripheral white blood cells 

focusing on central obesity and inflammation 

 

Available at: https://www.mdpi.com/2073-4425/10/6/444#supplementary 

 

 

 

 



 

 

 

 

 

 

 

 

 



Supplementary material - Chapter 6 

193 

Table S1: Anthropometric, clinical and biochemical characteristics of the validation 

population. 
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Table S2: Summary of the studies and the collected anthropometric and DNA 

methylation measurements. 
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Supplementary Figure S1: Q-Q plot of corrected adjusted p-values. 
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Table S3: Selection of 669 CpGs applying False Discovery Rate cut-off of 0.05 and a 

slope ≥ |0.1|. 

CG_ID 
adj pvalue 

correc 
slope 

Ave_ 

Methylation 
CHR 

MAP 

INFO 

UCSC_ 

RefGene_ 

Name 

UCSC_ 

RefGene_ 

Accession 

UCSC_ 

RefGene_ 

Group 

cg11649376 0.00031777 -0.11064177 60.7919961 12 81473234 ACSS3 NM_024560 Body 

cg23304023 0.00037758 -0.16659719 65.5262402 10 123949949 

TACC2;TAC

C2;TACC2;T

ACC2 

NM_206862;NM_0

06997;NM_206861;

NM_206860 

Body;Body;

Body;Body 

cg20401786 0.00046145 -0.13895546 62.4224121 8 143472994 TSNARE1 NM_145003 5'UTR 

cg02813542 0.00049817 -0.12712325 48.4997434 11 33084877 

TCP11L1;TC

P11L1 

NM_001145541;N

M_018393 Body;Body 

cg01243823 0.00053187 -0.1225277 31.5644568 16 50732212 NOD2 NM_022162 Body 

cg09499256 0.00055046 -0.10881852 64.0887002 19 52263842 FPR2 NM_001005738 TSS1500 

cg18391611 0.00056554 -0.10027695 73.991414 19 56042991 SBK2 NM_001101401 Body 

cg06186457 0.00057587 -0.11342644 55.8815692 6 4504273 NA NA NA 

cg13867274 0.00059083 -0.11820995 47.0346483 9 98281968 NA NA NA 

cg22964775 0.00063166 -0.11867195 47.6663059 4 62362347 LPHN3 NM_015236 TSS1500 

cg05223392 0.00063367 -0.13551048 71.6487031 7 2647927 IQCE;IQCE 

NM_001100390;N

M_152558 Body;Body 

cg13741781 0.00063367 -0.1200258 55.1790653 14 106408885 NA NA NA 

cg19824396 0.00063367 -0.10744884 74.298365 1 203018871 PPFIA4 NM_015053 TSS1500 

cg16379885 0.00064097 0.13987836 22.7553199 1 37500369 GRIK3 NM_000831 TSS1500 

cg17461336 0.00066952 -0.10600461 50.5063856 7 99441559 

CYP3A43;C

YP3A43;CY

P3A43 

NM_022820;NM_0

57096;NM_057095 

Body;Body;

Body 

cg23768702 0.00067494 -0.11554175 55.2481212 18 44557673 

TCEB3CL;TC

EB3C;KATN

AL2 

NM_001100817;N

M_145653;NM_031

303 

TSS1500;TS

S1500;5'UT

R 

cg19265948 0.00067499 0.10745866 66.2677961 12 23229286 NA NA NA 

cg08145495 0.0007611 -0.11258615 59.1694554 19 5834725 FUT6;FUT6 

NM_001040701;N

M_000150 

5'UTR;5'UT

R 

cg00470882 0.0007677 0.10790901 79.1752165 3 122380166 NA NA NA 

cg05956076 0.00079138 -0.1023847 75.2061406 6 32074934 TNXB NM_019105 5'UTR 

cg02541778 0.0008577 0.10432121 24.9990472 8 55382901 NA NA NA 

cg07195224 0.00090404 -0.10824672 27.4994219 1 159047034 AIM2 NM_004833 TSS1500 

cg05635169 0.00094914 -0.10807901 59.5204494 5 113589213 NA NA NA 

cg10636246 0.00100719 -0.12870173 33.6059984 1 159046973 AIM2 NM_004833 TSS1500 

cg02180424 0.00103593 -0.10119307 73.2727292 14 48095779 MDGA2 NM_001113498 Body 

cg06745955 0.00110401 0.11021538 25.2029091 17 27038470 PROCA1 NM_152465 Body 

cg15498134 0.00111724 -0.11655323 64.4915783 1 25246854 

RUNX3;RU

NX3 

NM_001031680;N

M_004350 Body;Body 

cg17929770 0.00122527 0.11634104 24.2454443 19 46318514 

RSPH6A;RS

PH6A 

NM_030785;NM_0

30785 

1stExon;5'U

TR 

cg22351824 0.001231 -0.11964649 56.6347306 22 24084185 ZNF70 NM_021916 3'UTR 

(The rest of the table is available at: https://www.mdpi.com/2073-

4425/10/6/444#supplementary) 
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Table S4A: Selection of 375 CpGs for females after comparing waist circumference ≤88 

and >88 cm.  

CG_ID Tstudent UCSC_RefGene_Name UCSC_RefGene_Accession UCSC_RefGene_Group 

cg09907509 1.1919E-13 C13orf36;C13orf36 NM_203451;NM_203451 5'UTR;1stExon 

cg17478979 2.2136E-12 ZC3H12D NM_207360 Body 

cg24679890 4.5248E-12 MYO9B;MYO9B NM_001130065;NM_004145 Body;Body 

cg06638795 7.317E-12 KCNG3;KCNG3 NM_133329;NM_172344 Body;Body 

cg14603345 8.4133E-12 BTBD3 NM_181443 TSS200 

cg24799710 9.4942E-12 GHR NM_000163 5'UTR 

cg05968268 4.3646E-11 NA NA NA 

cg19824396 4.9065E-11 PPFIA4 NM_015053 TSS1500 

cg11649376 5.7439E-11 ACSS3 NM_024560 Body 

cg14523238 1.0572E-10 GABBR2 NM_005458 Body 

cg06745955 1.4915E-10 PROCA1 NM_152465 Body 

cg19927816 1.6479E-10 SYMPK;RSPH6A NM_004819;NM_030785 Body;TSS1500 

cg17929770 1.662E-10 RSPH6A;RSPH6A NM_030785;NM_030785 1stExon;5'UTR 

cg02541778 1.829E-10 NA NA NA 

cg04624110 2.0654E-10 MACROD2 NM_080676 TSS200 

cg23304023 2.4871E-10 

TACC2;TACC2;TACC2;TACC

2 

NM_206862;NM_006997;NM_2

06861;NM_206860 Body;Body;Body;Body 

cg05336395 3.8826E-10 PCDH8;PCDH8 NM_002590;NM_032949 1stExon;1stExon 

cg11653966 4.0695E-10 NPY NM_000905 Body 

cg19265948 5.4978E-10 NA NA NA 

cg16379885 8.2655E-10 GRIK3 NM_000831 TSS1500 

cg05223392 9.8839E-10 IQCE;IQCE NM_001100390;NM_152558 Body;Body 

cg24005196 1.0283E-09 PRL;PRL NM_001163558;NM_000948 Body;Body 

cg00470882 1.041E-09 NA NA NA 

cg13300273 1.1518E-09 GPR25 NM_005298 1stExon 

cg11311843 1.2818E-09 PHOSPHO1;PHOSPHO1 NM_178500;NM_001143804 Body;Body 

cg03782202 1.8034E-09 HOXD11 NM_021192 TSS1500 

cg00999410 1.8646E-09 OR6C1 NM_001005182 TSS200 

cg22655988 1.9055E-09 CRMP1;CRMP1 NM_001014809;NM_001313 Body;Body 

cg02831260 2.386E-09 NA NA NA 

(The rest of the table is available at: https://www.mdpi.com/2073-

4425/10/6/444#supplementary) 
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Table S4B: Selection of 95 CpGs for males after comparing waist circumference ≤102 

and >102 cm. 

CG_ID T student UCSC_RefGene_Name UCSC_RefGene_Accession UCSC_RefGene_Group 

cg01807303 1.5859E-08 NA NA NA 

cg03325085 4.4713E-08 JPH3 NM_020655 Body 

cg02813542 1.1916E-07 TCP11L1;TCP11L1 NM_001145541;NM_018393 Body;Body 

cg16379885 1.3091E-07 GRIK3 NM_000831 TSS1500 

cg18989499 1.3323E-07 NA NA NA 

cg09460490 1.7218E-07 NA NA NA 

cg15624109 2.2665E-07 NA NA NA 

cg01091079 2.3947E-07 NA NA NA 

cg09858655 2.4879E-07 NA NA NA 

cg21908038 2.6011E-07 DNASE2 NM_001375 3'UTR 

cg09499256 4.5589E-07 FPR2 NM_001005738 TSS1500 

cg01996643 6.4333E-07 KLC1;KLC1;KLC1 

NM_001130107;NM_005552;N

M_182923 5'UTR;5'UTR;5'UTR 

cg15498134 6.7964E-07 RUNX3;RUNX3 NM_001031680;NM_004350 Body;Body 

cg20980653 1.3616E-06 

COL11A2;COL11A2;COL1

1A2 

NM_080679;NM_080681;NM_0

80680 Body;Body;Body 

cg05223392 1.3661E-06 IQCE;IQCE NM_001100390;NM_152558 Body;Body 

cg13800700 1.5537E-06 NA NA NA 

cg06745955 1.7893E-06 PROCA1 NM_152465 Body 

cg10739132 1.8184E-06 FXR1;FXR1;FXR1 

NM_001013438;NM_00101343

9;NM_005087 Body;5'UTR;Body 

cg09105334 1.9106E-06 NA NA NA 

cg22351824 1.9623E-06 ZNF70 NM_021916 3'UTR 

cg15102655 2.1775E-06 NA NA NA 

cg08907282 2.7143E-06 LOC441089 NR_003665 TSS1500 

cg13741781 2.7438E-06 NA NA NA 

cg03660952 2.7455E-06 KCNQ1;KCNQ1 NM_000218;NM_181798 Body;Body 

cg05784856 2.7498E-06 NA NA NA 

cg24152845 2.7736E-06 SNORD115-1 NR_001291 TSS1500 

cg05956076 2.822E-06 TNXB NM_019105 5'UTR 

cg02347487 2.8826E-06 NLRP14 NM_176822 5'UTR 

cg23795893 3.5161E-06 PGR NM_000926 TSS200 

(The rest of the table is available at: https://www.mdpi.com/2073-

4425/10/6/444#supplementary) 
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Supplementary Figure S2: Canonical pathways from Ingenuity Pathway Analysis. 

A) Canonical pathways from 375 CpGs selected by Student’s t-test between females 

with waist circumference ≤88 and >88 cm. B) Canonical pathways from 95 CpGs 

selected by Student’s t-test between males with waist circumference ≤102 and >102 

cm. Significance: p<7.47·10-5 after Bonferroni correction. 
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Table S1: Differences in the correlations (AgeAccGrim vs. Variable) between sex groups 

in the second study. 

 

Variable Women Men p-value* 

 n r n r  

Visceral adipose tissue mass DXA (kg) 186 0.13 78 0.23 0.451 

HDL-cholesterol (mg/dL) 189 -0.21 79 -0.16 0.704 

log2(Triglycerides) (mg/dL) 189 0.07 79 0.35 0.030 

TyG index 189 0.08 79 0.34 0.044 

log2(C-reactive protein+1) 189 0.17 79 0.21 0.760 

*p-value is calculated using a Z test on the Fisher-transformed coefficients. 
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Epigenetic signatures are defined as heritable changes that can alter gene 

expression without modifying the DNA sequence 59. Epigenetic marks can be 

influenced by environmental factors, leading to the modulation of gene 

expression 35. Thus, epigenetics is considered an intermediate between 

environmental agents and genetics 134. Changes and aberrations in epigenetic 

marks, caused by environmental factors or stochastically with ageing, can 

influence the development and progression of impairments and diseases, such 

as neurological disorders, obesity, T2D and cardiovascular disease 44. The main 

epigenetic mechanisms regulating gene expression in mammals are: (1) 

histone modifications, such as acetylation, biotinylation, methylation, 

phosphorylation and ubiquitination 43, (2) non-coding RNAs, highlighting 

miRNAs, which regulate mRNA translation into proteins 78, and (3) DNA 

methylation at CpG sites, which consists on the incorporation of a methyl 

group to a cytosine adjacent to a guanine 77. 

In the last years, epigenetic studies have joined efforts to develop epigenetic 

biomarker panels for diagnosis and prognosis, as well as possible treatments 

for diseases 318, 319. Advances in high-throughput technologies are allowing the 

determination of methylation levels of the whole genome and the performance 

of large-scale EWAS, establishing relationships between DNA methylation 

levels and different features and states  34. For example, microarray technology, 

such as the developed by Illumina, provides information about methylation 

levels in more than 450000 CpGs 109, or even 850000 CpGs in the last version. 

This technique has been validated 320, although it exhibits several drawbacks 

comparing to NGS: lower resolution, more difficulties in distinguishing 

repetitive elements due to hybridisation, and lack of information about 

methylation in repetitive genomic regions 321. However, the easiness of use and 

interpretation, as well as the cheaper costs in comparison to NGS 109, 321, makes 

the array-based technique a useful tool in DNA methylation assessment.  

Microarray approaches are appropriate for DNA methylation measurements in 

different tissues 322. Due to the tissue-specificity of this epigenetic signature, 

the best approach is to measure methylation levels in the physiopathological 

relevant tissue 136. Nevertheless, blood cells have been demonstrated as mirrors 

of DNA methylation concerning other tissues 21.  
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DNA methylation can modulate gene transcription by altering the affinity of 

transcription factors to gene promoters, by affecting the binding of 

methylation-specific recognition factors to promoters and gene bodies, and by 

hindering the accessibility of transcription factors and/or binding proteins 87. 

DNA methylation is usually associated with gene silencing, although a positive 

correlation with gene expression has also been described 86. Changes in gene 

expression due to DNA methylation alterations may be related to physiological 

impairments and thereby, CpG sites might be considered as biomarkers for 

diagnosis or therapeutic targets in the treatment of noncommunicable 

diseases 67. 

The general objective of the present dissertation was to identify DNA 

methylation patterns associated with different physiological, metabolic and 

nutritional conditions, deepening in the comprehension of the epigenetic 

regulation and helping in the development of biomarker panels and potential 

therapeutic targets. EWAS in different populations were performed to 

determine candidate CpGs in relation to factors and features that could 

influence and/or be associated with DNA methylation, such as prematurity 

(Chapter 1), Mediterranean diet (Chapter 2 & 3), insulin sensitivity (Chapter 4), 

insulin resistance (Chapter 5), abdominal obesity (Chapter 6) and epigenetic 

age (Chapter 7).  

 

DNA methylation, prematurity and neurodevelopment 

Prematurity involves to be born before achieving a developmentally mature 

status and being physically ready for autonomous life 323. Despite decades of 

investigation and the recent advances in health care, preterm births continue 

to be a worldwide health issue 129, 324. Preterm newborns are predisposed to 

suffer from early-onset chronic diseases, including intellectual impairment, 

cerebral palsy, cardiovascular disease, obesity, respiratory complications, vision 

and hearing loss, among others 129, 325, 326.  

Despite the epidemiological evidence, the underlying molecular mechanisms 

and aetiology behind these phenotypes are still not clear 326. Preterm birth is 

influenced by environmental, social and genetic factors, though epigenetics 
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has been proposed to be in the interplay among them 7, 327. Indeed, DOHaD 

hypothesis states that environmental signals induce a programming in the 

foetus development to face future challenges after birth, and epigenetics may 

be a fundamental part of this process 328. Epigenetic alterations in preterm birth 

have been mainly explored in placentae and cord blood 327, 329-335, some 

employed buccal samples 336, 337 or mother’s blood 131, 332, 338-340, whereas only 

a few studies analysed child’s blood 341. 

As previously mentioned, epigenetic alterations may mediate 

neurodevelopmental impairments in preterm newborns 342, who are prone to 

disruptions in cortical connectivity, myelination disorders and cell death, 

leading to loss of synaptic connections 343. In this context, reduced grey matter 

volume in orbitofrontal cortex, decreased volume of amygdale, insula, 

hippocampus, cerebellum and fusiform gyrus have been reported in later 

stages of life 343. These neurological disturbances are reflected in evidences of 

behavioural and physiological disorders during childhood and adolescence, 

such as social withdrawal, anxiety, depression, attention deficits, and increased 

risk for autism 344.  

Several studies have reported a relationship between epigenetic modifications 

and neurological impairments in preterm individuals 342. For instance, higher 

methylation at NR3C1 gene was found in preterm newborns in two different 

studies 341, 344. Furthermore, hypomethylation was observed in preterm 

newborns in the HSD11B2 gene 344. Interestingly, preterm methylation levels in 

NR3C1 and HSD11B2 genes were associated with neurobehavioural problems 

at discharge 341, 344. Another investigation demonstrated higher methylation 

levels in preterm children in SLC6A4 gene, which is a serotonin transporter 345, 

intimately related to pain 342 and socio-emotional stress 346. Moreover, lower 

methylation levels were reported for SLC7A5 and SLC1A2 337, which are 

involved in thyroid hormone and glutamate transport, respectively, in different 

parts of the neurological system, regulating the synaptic process  342. 

In line with these investigations, Chapter 1 reported several differentially 

methylated CpG sites between preterm and full-term newborns that were 

mainly associated with nervous system functions and general body 

development. Several CpGs were associated with developmental scales 
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(measured by BSID), probably creating a network of changes in gene 

expression that could influence the development of newborns. Particularly, the 

most significant CpG was located at the SLC6A3 gene, which encodes for the 

dopamine transporter DAT-1, belonging to the sodium- and chloride-

dependent neurotransmitter transporter family 347. In this investigation, 

SLC6A3 methylation, together with gestational age, seemed to have an effect 

on neurodevelopment and triglycerides levels.  

The relationship between SLC6A3 methylation and triglycerides might be 

supported by the involvement of the dopaminergic system in food reward, 

which regulates food intake 348. Triglycerides directly affect cognitive and 

reward processes, contributing to obesity 349, which is, in turn, a prematurity 

risk 129, thereby explaining the connection between prematurity, SLC6A3 

methylation and triglycerides.  

On the other hand, there is an intimately relationship between dopamine and 

neurological and behavioural disorders, including Parkinson, Tourette 

syndrome, depression, behavioural impairments, and ADHD 350-353. For 

example, ADHD patients, which have shown a lower score on the Bayley Mental 

Scale 354, exhibited reduced cortical dopamine or dysregulations in the 

dopaminergic system 355, 356. Furthermore, in ADHD patients, methylation levels 

of SLC6A3 gene have been previously correlated with age 357 and involved in 

the modulation of the response to methylphenidate treatment 355. Finally, 

SLC6A3 DNA methylation changes were also associated with a maternal intake 

of a high-fat diet 358 and alcohol consumption 156 during pregnancy.  

Altogether, current findings demonstrates a relationship between prematurity 

and methylation alterations, which might lead to different outcomes, such as 

neurodevelopmental and behavioural impairments, in later stages of life.  

 

DNA methylation, nutrition and metabolic features 

First developmental stages are crucial for the establishment of an appropriate 

DNA methylation pattern, but environmental factors also affect epigenetic 

signatures during the adulthood 6. 
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Healthy habits such as balanced nutrition or physical activity are recommended 

to maintain body homeostasis and functioning, preventing future diseases 359. 

In this context, Mediterranean diet has been postulated as a healthy and 

balanced diet 360, which prevents from cardiovascular disease and associated 

risks, such as inflammation, hypertension, and hyperlipidaemia, among 

others  15, 361. The usual intake of a classical Mediterranean diet includes a high 

amount of vegetables, fruits, cereals, legumes and nuts; a relatively high 

quantity of unsaturated fatty acids, mostly provided by extra-virgin olive oil; a 

moderate-high amount of fish; moderate quantity of poultry and dairy 

products; and low consumption of red meat and meat products 180.  

Foods have been widely demonstrated as factors influencing epigenetics, and 

specifically, DNA methylation 6. Indeed, Mediterranean diet has been related 

to changes in DNA methylation 181, such as the association between adherence 

to this diet and LINE-1 methylation in blood samples 182. Another study 

demonstrated the relationship between adherence to Mediterranean diet in 

pregnant women and infant DNA methylation at MEG3-IG 362, MEG3, IGF2, and 

SGCE/PEG10 regions 363. Other preliminary studies reported that an 

intervention with Mediterranean diet was associated with changes in 

methylation at one year in FTO and TCF7L2 genes 364, and a higher adherence 

to this diet at baseline was associated with statistically significant differences 

in FNDC5 methylation 365. 

Trying to shed more light on this issue, Chapter 2 & 3 aimed to analyse the 

relationship between a five-year intervention with a Mediterranean diet and 

DNA methylation alterations.  

In Chapter 2, adherence to Mediterranean diet was associated with DNA 

methylation levels. In order to assess adherence to Mediterranean diet, several 

scores have been developed, such as t-MED, m-MED, and r-MED 360, although 

in this investigation, it was estimated by a validated 14-item dietary screener 

based on 14 questions about frequency of consumption of several 

recommended foods in Mediterranean diet 295. This score was assessed before 

and after the intervention and was correlated with methylation changes, 

obtaining several differentially methylated CpGs. The most significant CpGs 

were related to inflammation and metabolic pathways, confirming the 
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association between DNA methylation and metabolic traits and a putative 

influence on the development of metabolic diseases. Similar to our study, other 

research evidenced a relationship between DNA methylation, Mediterranean 

diet and colon cancer, finding several CpG sites in inflammation-related genes 

with a protective effect 366.  

Accompanying metabolic diseases, such as obesity and metabolic syndrome, 

there is a low-grade inflammation as a consequence of the augmented 

secretion of different chemokines, mainly in the adipose tissue, including 

TNF- α, MCP-1, CRP, IL-6 250, where epigenetic changes may be involved. 

Hence, Chapter 2 focused on genes related to inflammation and 

immunocompetence. Moreover, one of those genes, EEF2, apart from being 

associated with the adherence to Mediterranean diet, showed a relation with 

inflammatory molecules, such as TNF-α and CRP. Remarkably, many of these 

genes were also related to adipogenesis and metabolic pathways, underlining 

the broad potential role of DNA methylation alterations in different metabolic 

traits and diseases.  

Furthermore, certain foods and nutrients are known to alter epigenetic 

marks  68, 367. For instance, an olive oil-enriched diet has been associated with 

increased levels of global methylation in mammary glands and tumours 368. As 

aforementioned, a Mediterranean dietary pattern, known to be rich in 

vegetables, fruit, legumes, whole-grain cereals, nuts, and olive oil 180, is 

associated with DNA methylation modifications. In this context, Chapter 3 

aimed to study how a Mediterranean pattern supplemented with either nuts or 

extra-virgin olive oil influenced DNA methylation signatures in comparison 

with a low-fat control diet.  

In our study, differentially methylated CpGs were related to metabolism, 

inflammation, intracellular signals and diabetes. Furthermore, specific changes 

were observed for two CpGs located at the genes CPT1B/CHKB-CPT1B and 

GNAS/GNASAS, which were related to a Mediterranean diet supplemented 

with nuts or extra-virgin olive oil, respectively. Particularly, extra-virgin olive oil 

is rich in polyphenols, MUFAs, PUFAs, Vitamin E and carotenoids, whereas nuts 

are rich in phytosterols, PUFAs, fibre, polyphenols and proteins 360. In relation 

to these observations, the type of consumed fat is also a determinant of DNA 
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methylation 183 and several studies have reported differences in DNA 

methylation when using SFA or PUFA. For instance, 4875 CpGs were 

differentially methylated after consuming SFA- or PUFA-enriched diets by 

healthy young subjects 184. In the same line, SFA, PUFA or MUFA intake was 

associated with methylation levels in several CpGs in blood 183. Furthermore, 

CLOCK methylation inversely correlated with MUFA intake and was positively 

associated with PUFA intake 185. In line with these investigations, methylation 

of the selected CpG at CPT1B/CHKB-CPT1B gene was associated with PUFA 

uptake in our study. Thus, this CpGs might be influenced by fat quality due to 

high PUFAs proportion in nuts. On the other hand, alterations in methylation 

at GNAS/GNASAS might be due to other nutrients or compounds from extra-

virgin olive oil or from the Mediterranean dietary pattern. Indeed, polyphenols 

from extra-virgin olive oil exhibit proatherogenic properties by down-

regulation of several genes 369, and some derivatives have demonstrated strong 

antioxidant and anti-inflammatory activity in vitro 370, 371. Evidences suggest a 

role of polyphenols on DNA methylation by inhibiting DNMTs or reversing 

aberrant CpG island methylation, such as the green tea epigallocatechin-3-

gallate polyphenol, which has shown DNMT inhibitory effects 372, 373. 

Furthermore, cooking with olive oil has beneficial effects over other foods, 

since it can increase the bioavailability of some nutrients, such as phenolic 

compounds 374, and even reduce the formation of toxic compounds in high-

temperature frying comparing with other fats 375. In human colon cancer cells, 

DNA methylation and expression of the cannabinoid receptor was influenced 

by phenolic extracts found in extra-virgin olive oil and hydroxytyrosol 367.  

Altogether, current research demonstrated that a Mediterranean dietary 

pattern and supplementations with extra-virgin olive oil and nuts, could induce 

alterations in DNA methylation, which in turn, may cause changes in the 

expression of some genes that are associated with metabolic-related processes 

and diseases, including inflammation, hyperlipidaemia, obesity, diabetes and 

cardiovascular disease. 

Nutrition and lifestyle are reflected in phenotypical features 11. Moreover, 

phenotypical traits, both in healthy or metabolically-impaired subjects, are 

associated with DNA methylation signatures 126. In relation to this finding, the 

current dissertation aimed to study the relationship between DNA methylation 
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and metabolic features, including insulin sensitivity (Chapter 4), insulin 

resistance (Chapter 5) and abdominal adiposity (Chapter 6), in different 

populations.  

Pancreatic β-cells secrete insulin, which is involved in the maintenance of 

glucose levels by facilitating glucose uptake by different tissues, and in the 

regulation of carbohydrate, lipid and protein metabolism 248, 376. When tissues 

do not respond properly to insulin, insulin sensitivity is impaired, and then, an 

insulin-resistant condition is developed 376, which is a key feature of several 

diseases and unhealthy cardiometabolic disorders such as T2D, cardiovascular 

disease, hypertension, obesity and metabolic syndrome 377, 378. There is the 

necessity of developing biomarkers to detect early steps in the 

pathophysiological progression of those diseases, as well as to elucidate 

underlying mechanisms 209. Current evidences suggest that epigenetics are 

involved in these processes 195. For example, methylation of FGF21 is increased 

in human adipocytes from diabetic subjects and in cultured Dnmt3a 

overexpressor 3T3-L1 adipocytes 379. This gene is known to facilitate glucose 

uptake in adipocytes and it is negatively regulated by DNMT3a, possibly 

mediating insulin resistance 379.  

Since epigenetic mechanisms might be influencing deregulations in insulin 

sensitivity and secretion and the development of insulin resistance 380, 381, 

Chapter 4 & 5 aimed to assess the association between DNA methylation and 

insulin sensitivity in health young women, or insulin resistance in a 

heterogeneous population.  

Although several locus-specific approaches have proposed potential DNA 

methylation biomarkers in relation to plasma insulin levels, insulin secretion 

and insulin resistance, such as those located at PPARGC1A, HTR2A, LY86, TFAM, 

GIPR, ADIPOQ, IGFBP3 382, TCF7L2 383, LEP 384 genes, few EWAS have studied 

the relationships between DNA methylation and insulin sensitivity and 

resistance to date 258-260, 385. In line with these studies, the two EWAS performed 

in Chapters 4 & 5 demonstrated that the methylation of numerous CpGs is 

related to insulin secretion and insulin resistance measurements.  

On the one hand, in Chapter 4, insulin sensitivity was measured using the CSi 

index 386. This index allows an accurate assessment of insulin sensitivity based 
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on insulin and glucose measurements taken during one hour IVGTT test 386, 

instead of an hyperglycaemic-euglycaemic clamp, which is the gold-standard 

method 387. Furthermore, the analysis was performed in a very specific 

population, young healthy women, which allows the assessment of alterations 

in DNA methylation prior to possible future insulin impairments. The most 

significant associated CpGs were located at genes involved in insulin-related 

pathways and some of them were previously reported linked to insulin, such as 

LPL 388, GRB10 389, WISP1 390, PRDM16 391, TMEM132C 392, ADAMTS9 393, and 

NOX4 394. Interestingly, CTNND2 and LPL exhibited the most significant 

associations with CSi and together allowed the discrimination of subjects with 

high and low CSi, suggesting that methylation at specific sites of these two 

insulin-sensitive genes may act as biomarkers for early diagnosis of insulin 

resistance-related diseases. Whereas little is known about the involvement of 

CTNND2 in metabolic processes, except for two polymorphisms associated 

with T2D and BMI 395-397, LPL is intimately connected to them. Indeed, LPL 

hydrolyses triglycerides in circulating chylomicrons, low density lipoproteins 

and very low-density lipoproteins to render free unesterified fatty acids to the 

circulation 398. Moreover, insulin is known to regulate LPL activity in adipose 

tissue and skeletal muscle 399 and two studies 388, 400 found that common LPL 

gene variation was involved in insulin resistance measured through 

hyperinsulinemic-euglycaemic clamps and IVGTT in Mexican-Americans, 

supporting the mediation role of LPL in systemic insulin sensitivity.  

On the other hand, in Chapter 5, insulin resistance was assessed using 

HOMA- IR and was associated with 798 CpGs, among which CXCR1, HDAC4, 

IGFR1, LEPR, and ABCG1 had been previously reported 27, 259, 260. When 

comparing methylation of individuals with low and high values of HOMA-IR, 

the methylation pattern for many of them was different. Moreover, 

differentially methylated CpGs were located at some genes implicated in 

glucose and insulin-related pathways and four of them were suggested as 

putative biomarkers of insulin resistance, including two CpGs located at 

SH3RF3 and MAN2C1 genes.  

Insulin is also involved in lipolysis suppression 248 and therefore, an insulin-

resistant condition results in an expansion of adipose tissue and accumulation 

of glucose in blood, leading to hyperglycaemia and hyperinsulinemia 248. 



General discussion  

230 

Additionally, the accumulation of adipose tissue increases the release of fatty 

acids to the circulation, leading to a dyslipidaemia status 401, as well as an 

increased secretion of different chemokines that induce a low-grade 

inflammation state 250. All these metabolic impairments can lead to higher risk 

of suffering from T2D, obesity and metabolic syndrome 376, where methylation 

is involved 66.  

Obesity is characterised by an excessive adiposity 402. However, metabolic 

disorders, such as systemic inflammation, hyperlipidaemia, insulin resistance, 

and cardiovascular disease 403, have been associated with visceral adipose 

tissue rather than subcutaneous fat 404. Actually, WC has been suggested as a 

better estimator of metabolic complications accompanying excessive adiposity 

than BMI 405. EWAS establishing a relationship between DNA methylation and 

BMI have been extensively performed, in contrast to the lower number of 

studies analysing WC 252, 254, 255, 402, 406-408. Contributing to this field, Chapter 6 

demonstrated the association between WC and DNA methylation levels of 669 

CpGs, as well as a differential methylation pattern between individuals with and 

without abdominal adiposity. Furthermore, several CpGs, located at c13orf36, 

ZC3H12D, MYO9B, KCNG3 genes for females and TCP11L1 for males, allowed 

the discrimination between both WC groups, suggesting that specific 

epigenetic modifications may be representative for people with central obesity.  

Many of the significant CpGs associated with WC and differentially methylated 

between subjects with and without abdominal adiposity in this investigation 

were also related to inflammation, confirming the connection between 

metabolic and inflammatory processes 250. Moreover, several genes of Chapters 

5 & 6 have been found in EWAS of different metabolic traits. For example, 

genes whose CpG methylation was associated with HOMA-IR were also related 

to BMI or obesity traits, highlighting the CpGs described for ABCG1 252, 253, 256, 

258-261, 385, 409-411, SREBF1 252, 253, 256, 258, 260, 261, 409, SOCS3 253, 258, 261, 271, 409 and 

PHGDH 253, 254, 256, 411, which have been widely reported in the literature. On the 

contrary, genes whose CpG methylation was related to WC were also 

differential between T2D and non-T2D subjects, underlining NOD2 

(cg01243823) 265. Moreover, other studies in the same population of Chapters 

5 & 6 found associations between obesity features and genes related to 

olfactory pathways 412, dopaminergic synapse transmission 413; circadian 
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rhythm 414, as well as to endoplasmic reticulum stress, which also correlated 

with insulin resistance 415.  

Additionally, comparing differentially methylated/associated CpGs among 

studies of this thesis, several common CpGs were found. For instance, 26 CpGs 

were shared comparing the significant CpGs obtained for the groups of 

Mediterranean diet supplemented with nuts and Mediterranean diet 

supplemented with extra-virgin olive oil, remarking the CpG located at AHRR 

gene. This gene has been previously related to obesity and triglycerides, as well 

as included in a methylation risk score associated with the incidence of 

cardiovascular events 416. Moreover, both groups exhibited one shared CpG, 

located at c2orf28 gene, whose methylation was also found associated with 

adherence to Mediterranean diet. On the other hand, 37 CpGs were 

differentially methylated between high and low WC in both men and women, 

highlighting the ones located at GHR, TSNARE1, GRIK3 and TCP11L1 genes, 

which have been related to metabolic and inflammatory pathways 190, 257, 417-419. 

Both groups also shared the CpG located at NLRP14 gene with the study in 

Mediterranean diet supplemented with extra-virgin olive oil. Intriguingly, a 

decreased NLRP14 methylation was associated with lower WC and with 

consumption of Mediterranean diet supplemented with extra-virgin olive oil. 

The gene NLRP14 is involved in the immune system, suggesting a relationship 

between inflammation, central adiposity and olive oil actions 347. Furthermore, 

the CpG located at NOD2 gene was found in both comparisons of WC and 

differentially methylated between HOMA-IR groups. This CpG located at NOD2 

has been previously described in the scientific literature in relation to T2D, 

fasting glucose, BMI and inflammation 253, 256, 257, 265, 411, 420. Therefore, 

methylation alterations are influenced by nutrient intake and are related to 

many metabolic processes, such as obesity, inflammation and insulin 

resistance, reinforcing the connection between nutrition, epigenetics and 

metabolic impairments 40.  

 

DNA methylation and ageing 

Several mechanisms are involved in longevity and age-related metabolic 

dysfunctions 421, playing an important role in the onset and progression of 
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metabolic and health impairments 422. In this context, there are numerous 

evidences suggesting that epigenetic marks are key players in ageing and 

lifespan regulation 423. In fact, ageing-related DNA methylation has been 

hypothesised as a biomarker that predicts both cellular age and chronological 

age 424. In this regard, different methods based on epigenetic measurements 

have been designed for estimating biological age: Hannum’s clock, DNAmAge, 

PhenoAge and GrimAge 199-202. Among them, GrimAge, which uses DNA 

methylation-based biomarkers for seven plasma proteins and smoking, has 

been demonstrated as the better predictor of lifespan 202. Age acceleration is 

one of the estimates provided by these epigenetic clocks, defined as the 

residual from regressing the epigenetic age on chronological age, which has 

been associated with metabolic diseases, such as obesity 203, 425, diabetes 205, 425, 

NAFLD 426, and with different metabolic and inflammatory biomarkers 427.  

Thus, establishing connections among ageing, epigenetics, adipose tissue and 

insulin resistance, which was the aim in Chapter 7, can deepen the 

understanding about the putative interactions among them and their joint role 

in the development of metabolic disorders.  

Nonetheless, sex is a factor that can influence epigenetic ageing and its 

relationship with adiposity biomarkers, due to the differences between both 

sexes in visceral fat accumulation, which is more common in men 428. As a 

matter of fact, Chapter 7 has demonstrated sex differences in the mechanisms 

affecting age acceleration. Studies in men showed that the relationship 

between visceral adipose tissue and epigenetic age acceleration was mainly 

mediated by the TyG index, which has been determined as a useful marker of 

insulin resistance 429. This finding is in agreement with the contribution of 

visceral adipose tissue to the development of insulin resistance and their 

relationship with ageing 200, 430. On the other hand, studies in women displayed 

an influence of HDL-cholesterol and CRP on epigenetic age acceleration. The 

relationship of HDL-cholesterol with epigenetic age acceleration was negative, 

indicating a deceleration of biological age with higher levels of this lipoprotein, 

probably due to its antiatherogenic effects 431. However, CRP, which is involved 

in inflammatory processes 432 was affecting epigenetic age in a positive 

manner, suggesting a negative influence of inflammation on ageing-related 

epigenetic marks. 
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Altogether, Chapter 7 findings support the hypothesis that obesity and 

metabolic syndrome features, intimately associated with adiposity and 

dyslipidaemia, are related to accelerated ageing effects 196, 423, although in a 

sex-dependent manner. 

Overall, current findings demonstrated that metabolic traits such as insulin 

sensitivity, insulin resistance and central obesity are linked to DNA methylation 

levels in numerous CpGs located at metabolic-related genes, probably playing 

a role in the pathogenesis of many complex disorders, such as T2D, obesity or 

metabolic syndrome, or as their consequence. Furthermore, metabolic features 

are also influencing acceleration of epigenetic age, suggesting that metabolic 

unhealthy people exhibit altered DNA methylation levels and are more prone 

to suffer from diseases at early stages.  

 

Limitations and strengths 

The current investigation have some limitations and strengths. One of the main 

drawbacks is the sample size in some of the studies performed, increasing the 

probability for false negatives (type II error), rejecting some potential true 

associations 433. This issue is unavoidable in some samples, due to the fact that 

they involve a highly specific population, such as Chapter 1 or Chapter 4, whose 

recruitment is complicated. However, in other cases, such as Chapters 5, 6 & 7, 

a relatively big sample has been analysed. Another limitation is the use of food 

frequency questionnaires for determining food intake, which is a subjective 

dietary assessment method with low accuracy 434. One of the main strengths is 

that all the studies involved EWAS, analysing more than 450000 CpGs. Illumina 

array technology for assessing methylation (Infinium Human Methylation 450k 

BeadChip and Infinium MethylationEPIC BeadChip) allows a DNA methylation 

profiling of the whole genome 42. Furthermore, this technology is widely 

employed in published EWAS and thereby, it allows comparisons with other 

investigations. Nevertheless, although the prices are decreasing, these 

microarray approaches are still expensive, which increases the difficulty of 

processing a big number of samples.  
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Furthermore, although corrections for multiple comparisons tests have been 

applied, false positives (type I error) cannot be discarded due to the high 

number of tests performed in all the studies. Nevertheless, different robust 

biological criteria and statistical strategies were applied in order to select the 

most significant probes.  

Regarding the methylation analysis, there are several issues that must be taken 

into account. Firstly, DNA methylation is tissue specific and different levels can 

be observed between the relevant pathophysiological tissue and other 

tissues  99. Additionally, the dysregulation detected with ageing is also tissue-

dependent 21. Therefore, methylation analyses should be ideally measured in 

metabolically relevant tissues 136. However, many of these tissues are difficult 

to access, but there are evidences suggesting that epigenetic signatures on 

easily accessible tissues may serve as potential biomarkers of exposure or 

disease risk 21. All the studies in this thesis were performed in peripheral white 

blood cells, which is a non-invasive accessible tissue that reflects metabolic and 

inflammatory pathways 382. Numerous studies have demonstrated that blood 

cells can act as proxies of other tissues, such as brain, saliva, adipose tissue, 

muscle, and pancreatic islets 38, 156, 382, 435-438.  

Secondly, DNA methylation can vary depending on blood cell type 

composition 112. One of the main strengths in this investigation is the 

implementation of cell-type correction based on Houseman’s method to avoid 

that problem, which identifies the distribution of different types of white blood 

cells using differentially methylated regions 313. This correction was applied in 

all the studies, except for Chapter 2 & 3. Nonetheless, selected CpGs in those 

chapters were checked and none of them showed variations with cell type.  

Thirdly, sequence variation caused by SNPs can be reflected in DNA 

methylation levels if located at the same pair bases 99, 439. This issue has been 

taken into account in the majority of the studies and CpGs with SNPs have been 

removed in the analyses. However, Chapter 1, 2 & 3, included CpGs with SNPs, 

and therefore, some of the selected CpGs might be influenced by those 

polymorphisms.  

Lastly, there is a concern about the relevance of small epigenetic changes in 

biological processes 95, although there are evidences of small methylation 
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variations which reflect alterations in biological pathways 95. Nevertheless, all 

the analyses performed in this thesis have taken into account this issue, and 

CpGs were selected filtering by high methylation variability. 

Furthermore, there are other issues that must be considered. Validation and 

independent replication is necessary for robust findings 99. Although this 

validation has not been possible in some of the studies due to a lack of an 

independent population, several validations have been performed with the 

objective of corroborating the results. In fact, Chapter 2 included the 

association with inflammatory molecules measured by ELISA; Chapter 5 

incorporated an internal validation to correct the overestimation of AUC using 

a bootstrap method 316, and Chapter 6 corroborated the results in an 

independent population. 

Moreover, analysis of expression arrays may be an interesting and helpful 

approach to evaluate the relationship between methylation changes and gene 

expression. This is a drawback of all the studies performed in this thesis since 

RNA samples were not available. 

Also, DNA methylation levels can be influenced by external confounding 

factors such as tobacco, alcohol, diet, medications and other chemicals 99, 

which must be taken into account in the analyses. This lack of information is 

another weakness in this investigation, since environmental factors in human 

interventions and studies are difficult to control 98. Nevertheless, when 

available, potential confounding factors have been included in the statistical 

analyses. 

Finally, establishing the causal role of methylation changes is difficult 98, mainly 

due to the transversal nature of most of the studies. Thus, methylation cannot 

be defined as cause or consequence of metabolic impairments and diseases 44. 

In order to overcome that challenge, longitudinal studies can be designed in 

order to determine methylation alterations occurring before or in early stages 

of diseases, which are more likely to be related to their aetiology 98. 

Furthermore, mediation analysis can help to understand the mechanisms 

involved and the causes of diseases 440. Interestingly, this type of analysis was 

performed in Chapter 7 to find factors involved in acceleration of epigenetic 

age.  
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Corollary 

Summing up, the results of the experimental investigation have demonstrated 

alterations in DNA methylation marks depending on the physiological, 

metabolic and nutritional states of the individuals. Since epigenetics is a plastic 

system, the effects of environmental factors on DNA methylation signatures 

are not only important in the first stages of life, but also during the 

adulthood  6. Indeed, prematurity and nutrition are two determinant factors in 

DNA methylation levels, being related to neurodevelopment and inflammatory 

and metabolic pathways, respectively 129, 134. These alterations can lead to the 

development of several impairments and diseases, such as neurobehavioural 

disorders, obesity, diabetes, cardiovascular disease and metabolic syndrome, 

although they can also be a consequence of these metabolic conditions 41, 43, 

44. Furthermore, DNA methylation is related to abdominal adiposity and insulin 

sensitivity and resistance, corroborating the influence in metabolic pathways 

and their connection with metabolic diseases. This association is also noted in 

ageing, since an unhealthy metabolic state accelerates the epigenetic age, 

possibly leading to an early decline of body functions.  

This thesis adds further insights in the underlying epigenetic mechanisms of 

prematurity, metabolic diseases and ageing. Selected CpGs might be 

considered for future studies as potential biomarkers for diagnosis or putative 

targets for the development of therapeutic approaches in the prevention and 

treatment of diseases. 
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1. Epigenomic assessment on preterm newborns demonstrated that they exhibit 

different epigenetic patterns of methylation in comparison to full-term 

newborns. The largest methylation differences were observed at a CpG located 

at the dopamine transporter DAT-1 (SLC6A3), which was associated with motor 

and mental neurodevelopment, suggesting the involvement of epigenetic 

signatures in the adverse effects of prematurity such as neurodevelopmental 

impairment. 

2. Adherence to a Mediterranean diet was associated with methylation 

differences in CpGs, some of them located at inflammation-related genes. 

Furthermore, one CpG located at EEF2 gene was also correlated with 

concentration of the inflammatory molecules TNF-α and CRP. 

3. A Mediterranean dietary pattern with foods rich in different types of fat was 

associated with specific changes in the levels of DNA methylation in genes 

related to intermediate metabolism, inflammation, and diabetes, such as CTP1B 
and GNAS.  

4. Insulin sensitivity measured by an intravenous glucose challenge (CSi index) 

was associated with the level of DNA methylation of CpGs at genes such as LPL 

and CTNND2, which were able to discriminate subjects with lower and higher 

insulin sensitivity.  

5. Insulin resistance was associated with DNA methylation, with individuals with 

higher and lower levels of HOMA-IR displaying a differential methylation 

pattern. Four CpGs, including those located at SH3RF3 and MAN2C1 genes, 
were the best estimators for discerning between the two HOMA-IR groups.  

6. Waist circumference was associated with CpG methylation signatures at genes 

mainly related to inflammation, obesity, and related comorbidities. Subjects 

with the presence or absence of central obesity showed differential 

methylation patterns according to their sex. Of the top eight CpGs capable of 

distinguishing between the two abdominal fat groups, five CpGs, located at the 

c13orf36, ZC3H12D, MYO9B, KCNG3 and TCP11L1 genes, were validated in 

another population.  

7. Epigenetic age acceleration, measured using the GrimAge approach, was 

associated with adiposity, metabolic and inflammatory markers in a sex-

dependent manner. Thus, in males, the accumulation of visceral adipose tissue 

caused an acceleration of epigenetic age through mechanisms that appeared 

to be mostly mediated by insulin resistance, while, in females, these 

mechanisms seemed to be more related to HDL-cholesterol and C- reactive 

protein.  
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