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Adolescence is a unique and formative period for learning and developing skills and abilities
for adulthood. The prevalence of mental health problems in adolescents is estimated to
10-20%, being a major risk for suicide, social and academic impairments. Suicide is the
third leading cause of death in older adolescents (15-19 years). Genetic studies suggest that
gene-environment interaction contributes to molecular mechanisms of the differential risks
for psychiatric disorders and epigenetic marks such as DNA methylation (DNAm) and non-
coding RNA (ncRNA) are likely involved. In this doctoral thesis, we investigated how the
environmentally modifiable factors are associated with genetic variation, anxiety disorders,
depression and suicidal behavior. Using well described bioinformatic and statistical methods,
e.g. DNAm preprocessing techniques, gene ontology enrichment, chromatin state inference,
correlation of DNAm in blood and brain tissues and eQTL effect, we uncovered functional
differential DNAm, meQTL and eQTL associations in the context of depression, generalized
anxiety and suicidal thoughts in multiple datasets. First, in an epigenome-wide study, we
identified associations between psychiatric-related SNPs and DNAm at CpG sites located within
enhancer regions in hippocampus. Then, using a targeted approach by including CpG sites with
cross tissue relevance, we found and replicated an association between differentially DNAm at
one genomic locus and risk for generalized anxiety disorder. The functional role of the CpG
site was supported by the observed association between DNAm shifts and mRNA expression
in blood, together with its location within regulatory chromatin state in brain. In a longitudinal
epigenome-wide study, we identified changes in DNAm levels at the gene promoter for risk
for depression. Moreover, in blood, DNAm at one CpG site was associated with suicidal
behavior and mRNA expression, which may be genetically controlled. These findings could
be translated in the brain as differentially DNAm and mRNA expression levels at the same
locus were observed for major depression in post-mortem tissue brain. Lastly, we identified
meQTL and micro-RNA (miRNA) eQTL involved in depression in whole blood and brain.
Gene ontology terms of the predicted target genes for one miRNA involved behavioral fear and
defense response, presynaptic signal transductions, and presynaptic active zone organization.
Overall, this thesis investigated and demonstrated a complementary influence of genetic and
epigenetic factors underlying pathogenesis of psychiatric disorders.
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Introduction 

1. Mental health and disorders  

1.1. Mental conditions and the negative physical consequences at 

different life stages 

Psychiatric diseases affect approximately 25% of the world population and 

can alter the intellectual ability, behavior, affectivity and social relations. 

One of the most extensively used definitions of a good mental health is the 

one by the World Health Organization (WHO), which defines it as “a state 

of well-being in which the individual realizes his or her own abilities, can 

cope with the normal stresses of life, can work productively and fruitfully, 

and is able to make a contribution to his or her community” (1). Mental dis-

orders commonly include the categories of mood disorders, psychotic disor-

ders, anxiety disorders, somatoform disorders, dissociative disorders, sub-

stance abuse and dependency disorders, eating and sleep disorders, devel-

opmental disorders, adjustment disorders, and personality disorders (1, 2). 

Mental disorders represent risk factors for a number of other conditions, 

such as diabetes, hypertension and obesity, and the risk increases with age 

(3) (Figure 1). Moreover, the prevalence of deaths from suicide in depressed 

patients gets higher with age in comparison with normal population at the 

same age (4) (Figure 1), emphasizing the importance of early recognition 

and treatment. 
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Figure 1. Risk to develop poor physical conditions and death from unnatural causes in indi-

viduals with mental disorders by age. Data on obesity, hypertension and diabetes were ex-

tracted from The Health Improvement Network in 2018 in England, comprising of 1,051,127 

patients. Out of them, 9,357 (0.9%) have a diagnosis of severe mental illness (SMI). The rate 

ratios of prevalence were calculated between SMI and all patients, in three age group, i.e. 15-

24, 25-54 and 55-74 (3). Standardized Mortality Ratio from suicide was calculated using 

1,003,906 patients with hospital discharge on depression from a dataset of English national 

Hospital Episode Statistics, linked with data from death records. The ratios were calculated 

comparing mortality in people with depression, with mortality in the general population of 

England, in two age group, 15-24 and 25-44 years (4).  

1.2. Depression and anxiety disorders: an overview  

1.2.1. Prevalence of MDD and GAD 

Depression (major depressive disorder (MDD)) is a debilitating illness that neg-

atively affects how one person feels. Depression mostly causes sadness and loss 

of interest and pleasure in activities that were once enjoyed. Worldwide, it af-

fects 6% of the adult population each year (5) and almost 40% experience the 

first depression episode before the age of 20 (6). Anxiety disorders are one of 

the most prevalent mental health conditions (1). They refer to a range of disor-

ders that share features of excessive fear or apprehensions and related behavioral 

disturbances (2). These include separation anxiety disorders, generalized anxiety 

disorder (GAD), social phobia (or social anxiety disorder), panic disorder, spe-

cific phobia, obsessive-compulsive disorder, and posttraumatic stress disorder 

(2). GAD is one of the most reported mental disorders in primary care and 

emergency settings (7). GAD is defined by persistent, uncontrollable and unreal-

istic worry about everyday things, such as finance, family, health and the future 

(2). Epidemiological studies suggest that GAD has a lifetime prevalence of 
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2.8% - 4.1% in Europe and the US (3, 4). Although prevalence rates of GAD in 

adolescents and young adults are usually lower than in adults and increase sub-

stantially with age (8), it has been shown that older adults with an early onset of 

GAD appear to have a more severe course, characterized by pathological worry, 

than those with a later onset (9). Notably, the prevalence of MDD over one year 

is similar when comparing high-income countries (5.5%) with low- and middle-

income countries (5.9%), suggesting that this mental disease is neither a conse-

quence of modern day lifestyle, nor poverty (10, 11). The 12-month MDD prev-

alence in the World Mental Health Survey ranged from 2.2% in Japan to 10.4% 

in Brazil (Figure 2a) (5). In contrast to this, the lifetime prevalence of GAD 

across countries varies widely, being high in high-income countries versus low- 

and middle-income countries (5% versus 1.5 to 3%) (12). The 12-month GAD 

prevalence ranged from 0.5% in Germany to 4% in United States (Figure 2b). In 

3 out of 5 cases, GAD co-occur with depression (7). Both MDD and GAD are 

about twice more prevalent in women than in men (13, 14). The gender gap is 

thought to be a result of biological and psychological differences and external 

factors in the developing context (15). 

 

 
Figure 2. a) 12-month prevalence of major depressive disorder (MDD) across high-income 

countries (HIs) and low- and middle-income countries (LMICs); b) 12-month prevalence of 

generalized anxiety disorder (GAD) across high-, low- and middle-income countries. The 12-

month MDD prevalence was based on data from the World Mental Health Survey, which 

assessed the DSM-IV criteria for MDD among almost 90,000 individuals in 18 countries from 

every continent (5). The GAD prevalence was defined according to DSM-5 classification and 

was based on data from World Mental Health Survey in 26 countries between 2001 and 2012. 

These data were published in (12). 



16 

1.2.2. Course and prognosis of MDD and GAD 

The onset of depression is usually gradual, but it can also be abrupt, caused 

by a particular event. Manifestation of depression varies considerably 

throughout life and it may alternate between depressive episodes and periods 

of well-being. However, the pattern of these periods is unpredictable, with-

out knowing the duration and number of episodes or when they occur. 

Symptom severity, psychiatric comorbidity and a history of childhood trau-

ma contribute to a less favorable course (16, 17). It should be kept in mind 

that MDD is a recurrent lifelong illness, so it is hard to conclude that the 

recovery is permanent, but somewhat of a misnomer. The term is used to 

characterize individuals with no symptoms, who have regained the daily 

function after an episode of depression. The disease course is less favorable 

with increasing age than in younger patients (16), emphasizing the need to 

diagnose and treat depression at very early stages. GAD begins gradually, 

often in childhood or adolescence, with worrying symptoms that may wors-

en during times of stress. Worries may switch from one reason to another, 

and may change with time and age. GAD is classified as a chronic condition, 

having a highly variable course in younger patients (18). Importantly, only 

one third of all patients with GAD have spontaneous remission (19), thus, 

prompt recognition and effective treatment against GAD are required.  

1.2.3. Disease burden of MDD and GAD 

In 2013, Global Burden of Disease Consortium ranked MDD as the second 

leading contributor to burden of disease worldwide and projected that the 

disease will rank first by 2030 (20). Depression is responsible for more 

‘years lost’ to disability than any other condition (21). Depression induces 

substantial personal cost. It is estimated that up to 50% of the 800,000 sui-

cides per year occur during a depressive episode (22) and individuals with 

MDD are almost 20-fold more likely to commit suicide than the general 

population (23). Anxiety disorders were estimated to account for 3% of the 

total lost years to disability in 2017 (10). Previous evidence reported that 

MDD is associated with increased risk of diabetes mellitus, heart disease, 

stroke, hypertension, obesity, cancer, cognitive impairment and Alzheimer 

disease (24). Studies in the general population and in populations with spe-

cific mental illnesses showed that MDD increases the mortality risk by 60-

80% (25). Recently, research has suggested that anxiety is also associated 

with poor medical health outcomes, such as diabetes, arthritis, heart disease 

and hypertension (26). Although depression and anxiety co-occur in more 

than 50% of individuals with depression, only few studies addressed the risk 

for chronic physical conditions in patients with comorbid depression and 

anxiety (27-29). Bhattacharya et al. concluded that comorbid depression and 

anxiety was associated with an increased likelihood of ten different chronic 

physical conditions (i.e. asthma, arthritis, back/neck problems, chronic head-
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ache, diabetes, heart disease, hypertension, multiple pains, obesity and ulcer) 

(Figure 3) (27).  

 

 
Figure 3. Associations between depression, anxiety and comorbid depression-anxiety and 

chronic physical conditions risk ratios (RR). Analytic sample comprised of 33,242 adults 

(51% women) with ages between 22–64 years, with no self-reported diagnosis of schizophre-

nia, psychoses, attention deficit hyper activity disorders, adjustment disorders, substance 

abuse disorders and personality disorders. COPD = Chronic Obstructive Pulmonary Disease. 

Individuals were part of the Medical Expenditure Panel Survey in the United States, annual 

releases of 2007 and 2009. Data were published in (27). 

1.2.4.  Diagnosis of MDD and GAD 

The two main diagnostic tools for psychiatric diseases are the Diagnostic 

and Statistical manual of Mental Disorders (DSM) (2) and the International 

Classification of Diseases (ICD) (1). They classify the disease based on the 

identification of a number of key symptoms. Both taxonomies, DSM and 

ICD, are extensively used to diagnose MDD within hospital, outpatient, and 

community settings, but for research, DSM is the predominant classificatory 

system. Although mental disorders are strongly overlapping regarding their 

symptoms (30), some symptoms are more specific for a depressive disorder. 

This includes anhedonia (diminished ability to experience pleasure), diurnal 

variation (i.e. symptoms of depression are worse during certain periods of 

waking hours) and intensified guilt about being ill. In DSM-5, MDD is the 

principal form of depression and is characterized by recurrent depressive 

episodes. The diagnosis can be made after a single episode of depression that 

has lasted two weeks or longer. Anxiety in GAD is difficult to control and is 

accompanied by at least three non-specific psychological and physical symp-

toms, such as muscle tension, fatigue, sleep disturbances, difficulty in con-

centrating, and irritability (DSM-5 code: 300.02) (2). The symptoms of 

GAD and depression can be broadly grouped into emotional, neurovegeta-

tive, and cognitive symptoms and some of them commonly occur in both 

psychiatric disorders, such as diminished concentration and psychomotor 

agitation (Figure 4).  
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Figure 4. Symptoms defining major depressive disorder and generalized anxiety disorder 

(GAD) according to Diagnostic and Statistical Manual of Mental Disorders (DSM)-5. The 

symptoms can be grouped into emotional, neurovegetative, and neurocognitive domains. 

Adapted from (31) 

1.3. Development of the psychiatric disorders in adolescence  

Adolescence is an important period, covering the developmental transition 

from childhood to adulthood. Adolescents typically have high emotional 

vulnerability, which results from an imbalanced emotional and self-

regulating system (32). Studies showed that brain maturation takes place 

during adolescence, being characterized by reorganization of cortical circuits 

(33) and changes in cognitive functioning. Reduction of synaptic density or 

‘synaptic pruning’ and synapse stabilization are key processes which occur 

during adolescence (34). The functional role of synaptic elimination during 

adolescence is still enigmatic, but it probably involves adjustment of the 

excitatory/inhibitory balance of individual neurons and within networks. The 

signaling mechanism reprogramming for brain structures together with so-

cial and school pressure, problematic family relationships, peer bullying (35) 

and family history (36) may lead to excessive worry and the inability to con-

trol it (37). The adolescent brain is more reactive to stress than the adult 

brain (38) and this may lead to an increased risk for depression (39), with 

approximately 14% of males and 28% of females experiencing a depressive 

episode by the age of 18 (40). Adolescents at risk for psychiatric disorders 

between the ages 11 and 18 years are two to three folds more likely to de-

velop a psychiatric diagnosis during adulthood (41, 42) or to show behaviors 

such as substance abuse and suicide (43). The number of teenagers between 

16 and 19 years’ old who received in-patient medical care for anxiety and 
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depression increased by 400% between 1997 and 2007 in Sweden (44). Dur-

ing the same time period, suicide attempts by Swedish young women aged 

16–24 years increased by 60% (44).  

2. Epigenetic marks and the effect on mRNA gene 

expression 

Epigenetic processes are biological and functional mechanisms that modu-

late the level of gene expression without changing the nucleotide sequence 

of the genome. Even some epigenetic modifications can be stable and per-

petuate mitotically and/or meiotically across generations, others are highly 

dynamic and reversible (45). Epigenetics is crucial for normal neurogenesis 

and cell differentiation (46). The “classical” epigenetic processes are DNAm 

and histone modification and involve changes at accessibility of genes to 

transcriptional machinery, thus, increasing or decreasing the messenger 

RNA (mRNA) expression levels. Regulatory non-coding RNAs (ncRNAs) 

such as micro-RNAs (miRNAs) are categorized as “non-classical” epigenet-

ic mechanism and modulate the gene expression at the post-transcriptional 

level (47). 

2.1. DNA methylation in the human genome  

DNAm, the best characterized epigenetic modification, involves the addition 

of a methyl group to the C5 position of the cytosine residues (5mC), primari-

ly in CpG dinucleotides (48). Studies on DNAm in vertebrates are mainly 

restricted to CpG sites, but 5mC was detected out of the CpG context in the 

human brain (49) and skeletal muscle (50). There are ~29 million CpGs in 

the human genome, and 60–80% of them are methylated (51). DNAm has 

two distinct regulatory layers: de novo methylation, i.e. the formation of new 

methylation patterns (52), and maintenance methylation, or post-replication 

restoration of existing methylation patterns on the nascent strand (53). De 

novo methylation is primarily processed by Dnmt3a and Dnmt3b (54), while 

Dnmt1, the first methyltransferase to be discovered, serves to maintain 

methylation patterns through replication and prefers hemi-methylated CpG 

sites (55).  

Interestingly, depending on where DNAm takes place within the gene, it 

does not have the same effect on transcription. The CpG sites are asymmet-

rically distributed in the genome, with approximately 7% of CpGs being in 

CpG islands (CGIs). These are regions of high CG density and are typically 

devoid of methylation (56) (Figure 5). DNAm at gene promoters within CGI 

is correlated with condensed chromatin structure and leads to gene silencing, 

such as X-chromosome inactivation (57) and genomic imprinting (58). The 
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role of DNAm at CpG-poor promoters is less clear and it seems to be tissue-

specific (59). Similarly, DNAm occurring at enhancers has a cell type spe-

cific activity and indicates the status of the enhancer (60). DNAm at enhanc-

ers is crucial for early development (61). In contrast to the association of 

promoter CGI methylation with gene repression, gene body methylation 

typically indicates active transcription (62). Furthermore, DNAm has been 

associated with processes such as alternative splicing, characterized by the 

transition from highly methylated exons to less methylated introns or tran-

scription of repetitive elements due to demethylation at intragenic regions 

(63). This observation suggests that DNAm can repress, permit, or modulate 

gene expression, depending on the genomic context.  

But what are the mechanisms of mRNA regulation through DNAm? Usu-

ally, transcriptional regulation by DNAm involves the recognition of meth-

ylated CpGs, where “methyl-CpG binding domain” proteins or MBD pro-

teins are the primary readout of DNAm as they recruit chromatin regulatory 

enzymes that establish appropriate epigenetic modifications to create a spe-

cific regulatory chromatin milieu (64). Additional specificity of DNAm is 

achieved by the interaction of MBD complexes and/or methylated regions 

with stage-specific transcription factors (TFs), to regulate DNAm at their 

binding sites (65). For instance, methylated promoter CGIs are bound by 

MBPs, which blocks the binding of methyl-CpG binding TFs. In contrast to 

this, promoter CGIs are bound by CXXC domain-containing complexes in 

the unmethylated state, which activate transcription. In enhancer regions, 

DNAm can prevent or attract the binding of methyl-sensitive TFs or MBPs, 

leading either to gene activation or repression (Figure 5). Importantly, 

DNAm has an effect on RNA splicing relying on methyl binding proteins 

including CCCTC-binding factor (CTCF), MeCP2 and CTCFL (66, 67) that 

may assist the recruitment of splicing factors to pre-mRNA while it is tran-

scribed. Alternative splicing is a crucial conserved biological process, lead-

ing to the diversity of the transcriptome and proteome (68). 

 

 
Figure 5. DNAm regulation on transcription at different regulatory regions. CpG island (CGI) 

promoters are usually protected from DNAm and are prone to active transcription. CpG-poor 

regions (intergenic) and repetitive elements are typically methylated, with the exception of 

enhancers and CpG-poor promoters that can be differentially methylated in a cell type-

specific fashion. Intragenic regions can also be differentially methylated leading to specific 

cell-type transcripts. MBPs, methyl-binding proteins; TFs, transcription factors.  



21 

2.1.1. Effect of genetics and environment on DNAm 

DNAm is a high-fidelity manifestation of the gene-environment interaction 

and it has been established that DNAm signatures play an important role in 

multiple health-related outcomes (69, 70). Alterations of DNAm occur rap-

idly within 1 h and may reverse within 24 h (71), or are stable, as induced by 

events from prior decades (72). Variation in DNAm may be induced by de-

velopmental and exogenous factors, such as diet (72), cigarette smoking 

(73), age (74), medication (75) and physical activity (76) (Figure 6). Prenatal 

conditions such as smoking during pregnancy have an effect on widespread 

and highly reproducible shifts in DNAm at birth (77). “Epigenetic clocks” 

which use combinations of CpGs to predict an individuals’ chronological 

age have been associated with several health outcomes (78). Medication 

against depression may interact with epigenetic mechanisms to create a 

“window of synaptic plasticity” (79). One possible reason behind the varia-

bility in response to antidepressants is the differential methylation of the 

CYP450 enzymes of the liver which are responsible with the drugs’ metabo-

lism, with altered enzyme expression possibly changing serum levels of the 

medications (80).  

Tissues and cells are often characterized by own DNAm patterns, howev-

er, some inter-individual variation remains consistent across tissue types 

(81). This observation suggests that the DNA sequence drives DNAm levels, 

with a genetic influence that accounts for nearly 20-80% of DNAm variance 

at certain sites known as methylation quantitative trait loci (meQTLs) (82, 

83). In the blood tissue, it has a mean heritability of 19% across the epige-

nome (84), where common genetic variants capture ~7% of its variance (84, 

85). To this end, single nucleotide polymorphisms (SNPs), primarily located 

in cis, at most 1 million base pairs away from the DNAm site (86, 87), lead 

to variation in DNAm status and often co-occur with expression QTL 

(eQTL) or other regulatory QTLs (88-90). Importantly, the associations of 

meQTLs with DNAm are quite stable during the life course (87) and across 

tissues, suggesting that some meQTLs could exert ubiquitous effects on 

DNAm (91).  
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Figure 6. Genetics and environmental factors have differential effect on individual DNAm 

levels.  

2.2. The regulatory effect of non-coding RNAs  

ncRNA is a special type of RNA that is transcribed from DNA but it is not 

translated in functional proteins (92). It includes miRNA, circular RNA, 

long non-coding RNA, and presumably other undiscovered small RNA. 

Evidence demonstrated the functionality of ncRNA on gene expression by 

influencing the transcription or translation of mRNA or DNA/RNA methyla-

tion and supported their impact in human disease (93, 94). They are of par-

ticular importance for the brain function, being involved in processes such as 

learning and memory (95), and synaptic plasticity (96). miRNAs are cell and 

tissue specific or expressed during the developmental stage, but here are 

some ubiquitously expressed (e.g. let-7b, miRNA-17-5p and miRNA-21) 

(97). It is worth to note that ncRNA have the potential to generate hybrid 

structures with DNA resulting in a change in chromatin accessibility. Such 

interactions can take the form of triple helices (triplexes) or R-loops. The 

prevalence of these two structures is not known, but it is probably high and 
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essential for the regulatory effect of many ncRNA (98). Lastly, these struc-

tures have been proposed as models of ncRNA-DNA interaction in modulat-

ing gene silencing (99, 100) or activation (100, 101).  

miRNA molecules are about 18-25 nucleotides long and they are highly 

abundant in the genome with more than 2500 mature human miRNAs. The 

first step of the biogenesis of miRNA includes the transcription of both in-

trons and exons to long primary miRNA (pri-miRNA) by RNA polymerase 

II or III in the nucleus. The pri-miRNAs are cleaved by the ribonuclease III 

(Drosha) and the DiGeorge syndrome critical region gene 8 protein 

(DGCR8) and become small hairpin miRNA precursors (pre-miRNA) of 60-

100 nucleotide length and a stem-loop structure. The pre-miRNA is actively 

transported to the cytoplasm by exportin-5/RanGTP complex. In the cyto-

plasm, the complex of RNase III enzyme Dicer with trans-activation respon-

sive (TAR) RNA-binding protein is responsible for the generation of the pre-

miRNA into double-stranded mature small RNA. While one strand is de-

graded, the other one (known as the guide strand) of the mature miRNA 

exerts its regulatory effect within the RNA-induced silencing complex 

(RISC). Numerous algorithms can predict the targets of miRNA by investi-

gating the complementarity between the ‘seed’ domain (7-8 nucleotides) and 

surrounding regions of miRNA and the putative mRNAs. This complemen-

tarity often occurs in the 3’ untranslated region (3’ UTR) of the coding tran-

scripts and allows the RISC/miRNA complex to have degradation or transla-

tion suppression effects on targeted mRNA (47). One miRNA can have nu-

merous targets that often participate to the same pathway and can compete 

with other miRNAs in terms of interaction and suppression, indicating that 

the alteration of a single miRNA may cause downstream dysregulation of 

many mRNA targets and dysfunction of the competing miRNAs (102). It is 

clear that miRNAs do not simply turn genes on and off, but become part of 

an interconnected regulatory network that fine-tunes the expression levels of 

target genes (103). Importantly, the functionality of miRNAs as a part of 

epigenetic machinery is also epigenetically influenced by DNAm and his-

tone modification like any other protein-coding gene. 

3. Studying DNAm and ncRNA in the context of 

depression and anxiety 

3.1. Measuring DNAm  

The most common and cost-effective method for characterization of DNAm 

in humans is the Illumina BeadChip array, which detects genome-wide 

methylation. The technique is based on sodium bisulfite conversion and 

represents the gold standard of global and region-specific DNAm assess-

ment. Until 2016, the Illumina HumanMethylation450 (HM450) could inter-
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rogate DNAm level at ~450,000 CpG sites throughout the genome. After-

wards, Illumina, Inc. has replaced the 450K chip with the Illumina Hu-

manMethylationEPIC BeadChip (EPIC), which uses the same technology to 

measure methylation at >850,000 CpG sites and covers 93.3% of the same 

sites represented on the 450K chip, plus more than 350,000 CpGs at regions 

identified as potential enhancers by FANTOM5 (104) and the ENCODE 

project (105). The sites previously reported to perform poorly were not in-

cluded on the new array version (106). The bisulfite conversion applies to 

the unmethylated cytosine residues, which become uracils, and then the 

methylated cytosines are measured as cytosines. Subsequently, specific pri-

mers are introduced to amplify the resulting intensities of the unmethylated 

and/or methylated DNA. The degree of methylation is obtained by con-

trasting the primer pairs and is quantified in so-called “beta-value”. Beta-

value is calculated as the proportion of the intensity of the methylated probe 

to the overall intensity and a small correction term to regularize probes of 

low signal intensity = 100. Beta values are constrained to lie between 0 (rep-

resenting an unmethylated locus) and 1 (representing a methylated locus). 

The Illumina HM450 BeadChips utilize two probe types Infinium I (135,476 

probes, 28 %) and Infinium II (346,945 probes, 72 %) chemistry. Each probe 

is designed to hybridize a 50 base pairs (bp) DNA sequence. The Infinium I 

assay detects the methylation within the sample by using two bead types for 

a single CpG locus, the unmethylated (U) bead measures the unmethylated 

signal and methylated (M) bead measures the methylated signal. Further, a 

fluorescently labeled nucleotide at each bead type during the single-base 

extension indicates the percentage of that base. The Infinium II assay utilizes 

only one single-bead type at each CpG locus which will incorporate either 

the C or T base. Each base will be labeled with different fluorescent bases 

during the single-base extension stage and the presence of the fluorophores 

indicates the percentage of that base (or methylation) of a sample (107). The 

EPIC platform features 413,743 new CpG probes, of which 95% 

(n = 393,540) are Type II probes (108). Type II probes detect better distal 

regulatory elements, increasing the power of the EPIC array to study en-

hancer/regulatory regions (109). Although type II probes take up less physi-

cal space on the BeadChip and the probe number was maximized, the num-

ber of samples measured per BeadChip was reduced from 12 on the HM450 

to 8 on the EPIC. The HM450 BeadChip includes assay probes for 482,421 

CpG sites, 3,091 non-CpG sites, and 65 random SNPs, and content includes 

coverage of 99% (n = 21,231) of RefSeq genes, with multiple probes per 

gene (average of 17.2 probes per gene region) (107). Out of the total number 

of the interrogated CpGs, 200,339 are located in the promoter regions of 

genes, 150,212 are located in the body of genes, 15,383 are located in the 

3′UTR of genes, and 119,830 are intergenic (110). Data derived from the 

HM450 BeadChips is highly reproducible (R2 = 0.992) and shows good con-
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cordance with both whole-genome bisulfite sequencing (beta correlations of 

0.95–0.96) and pyrosequencing (Spearman r = 0.86–0.88) (107).  

3.2. Identifying GAD and depressive symptoms in adolescents 

At present, depression and GAD are underdiagnosed in young individuals 

leading to the problem that many adolescents do not receive appropriate 

treatment (111, 112). Depression during adolescence is frequently missed, 

possibly owing to the prevalence of irritability, mood instability, reactivity, 

and oscillating symptoms in this age group compared with adults (113). 

However, the depressive symptoms can exacerbate very quickly in negative 

consequences, thus, there is an urgent need to define and identify individuals 

at high risk for depressive disorder. The Development and Well-Being As-

sessment (DAWBA) is a package of interviews, questionnaires and rating 

techniques designed to generate ICD-10 and DSM-IV or DSM-5 psychiatric 

diagnoses in 2-17 year olds (114). The interviews and questionnaires involve 

a mixture of closed questions such as "Does he ever worry?" and open-ended 

questions such as "Please describe in your own words what it is that you 

worry about." The interviews can be administered either by humans or by 

computers. In the included studies in this thesis, the DAWBA was adminis-

trated by the computer. Given that the sample is composed by adolescents, it 

may hold truth that they find it easier to be honest with a machine than a 

person. There is also a convenient factor since the respondents are able to 

complete the 'online' DAWBA from home or school. In the studies, the 

DAWBA score prediction was compiled based on two standardized ques-

tionnaires, one administrated to adolescent and one to the parent. The ra-

tionale behind that a questionnaire is also administrated to one parent is that 

the adolescent questionnaire does not cover all behavioural and hyperactivi-

ty-type disorders (114) present in the parent questionnaire. However, in this 

case, the participants in the study are adolescents at the maturity border and 

it is assumed that they know very well how to answer the questions based on 

they feel. The average of the ‘probability bands’ was computer-assisted gen-

erated referring to several diagnoses such as anxiety disorders, depression, 

post-traumatic stress disorder, autism, separation anxiety disorder and obses-

sive compulsive disorder. DAWBA diagnoses are given in the range of less 

than 0.1% to over 70% probability that the individual could experience one 

of the mentioned DSM-IV and ICD-10 or DSM-5 based diagnosis. A more 

detailed description of the DAWBA-level bands and details about validation 

steps are given in Goodman et al. (114). One of the most commonly used 

instruments for the assessment of the severity of depressive symptoms is the 

Montgomery-Åsberg Depression Rating Scale-Self report (MADRS-S) ques-

tionnaire (115). The MADRS-S comprises nine questions assessing individ-

uals’ mood, feelings of unease, sleep, appetite, ability to concentrate, initia-

tive, emotional involvement, pessimism and zest for life. Items are rated on a 
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7-point Likert scale (from 0 to 6) leading to a total score ranging between 0 

and 54. Study participants were instructed to rate symptom severity over the 

last three days. Lastly, the individual susceptibility for suicide or suicidal 

attempts was evaluated with the SUicide Assessment Scale (SUAS). This 

questionnaire assesses suicidal symptoms such as despair, hostility, seclu-

sion, loss of control, somatization, death wishes and suicidal thoughts and 

behavior. The overall score ranges from 0 to 80. 

3.3. Blood-brain correlation regarding DNA methylation 

Whole blood is an easily accessible tissue and therefore used as a proxy for 

brain tissue in the majority of studies investigating epigenetic changes in 

psychiatric disorders (116-119). Epidemiological studies using accessible 

tissues to infer brain-derived phenotypes could be mechanistically informa-

tive if the correlation of DNAm pattern across tissues is relevant. In 2012, a 

study including 21 tissue samples from three individuals found that between-

individual differences in DNAm are correlated across brain and blood (81). 

In 2016, Walton et al. paired blood and temporal lobe biopsy samples from 

12 epilepsy patients and concluded that 7.9% of the total CpG sites had a 

strong correlation between blood and brain DNAm levels (120). Hannon et 

al. focused on the most variable CpG probes in blood (n = 185,060 CpGs) 

and calculated the correlation of DNAm pattern between whole blood and 

three cortical regions and cerebellum in a large sample of 122 individuals 

(121). The highest correlation (strong and moderate correlation) was ob-

served between DNAm in whole blood and the entorhinal cortex. More re-

cent, in 2017, Edgar et al. investigated concordance in DNAm between 

blood and three brain regions, i.e. Brodmann Area (BA) 7, BA10 and BA20, 

of 16 individuals. A total of 9.7% of the total number of CpGs examined 

were informative due to the DNAm correlations between blood and any of 

the three brain regions. The researchers compared their findings with the 

paired CpG sites between blood and four brain regions provided by Hannon 

et al. Although, the greatest overlap of informative CpGs was between brain 

regions from the same study, the overlap between the lists of informative 

CpGs from the two studies was greater than expected by chance. The re-

search group developed a web application named BECon, which provides 

analysis on: the variability of cytosine-phosphate-guanine dinucleotides 

(CpGs) in the blood and brain samples, the concordance of CpGs between 

blood and brain, and estimations of how strongly a CpG is affected by cell 

composition in both blood and brain.  

The Encyclopedia of DNA Elements (ENCODE) project is a good ex-

ample of functional annotation on chromatin organization in the human ge-

nome (122). Multivariate hidden Markov models that use combinatorial 

patterns of chromatin marks and spatial relationships to recognize chromatin 

states across a wide variety of cell lines were used to divide the genome into 
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15 chromatin states (123, 124). The approach has the advantage of capturing 

regulatory elements with greater reliability, robustness and precision than it 

would be possible by studying individual marks (123). These states corre-

spond to repressed, poised and active promoters, strong and weak enhancers, 

putative insulators, transcribed regions, and large-scale repressed and inac-

tive domains. Additionally, long-range interactions are available in EN-

CODE, giving novel insights on biological regulatory mechanisms. For in-

stance, an enhancer and its distal gene target are located close to each other 

in the three-dimensional space, through long-range chromatin interactions, 

i.e. enhancer–promoter interactions (125). First, using 3C-carbon copy (3C) 

approach (126), the consortium provided a comprehensive collection of 

long-range interactions between transcriptional start sites (TSSs) and distal 

elements in 1% of the human genome in four cell types (GM12878, K562, 

HeLa-S3 and H1 hESC) (127). More than 1000 long-range interactions were 

generated in each cell line, where ∼60% were observed in only one of the 

four cell lines, indicating a high degree of tissue specificity regarding the 

three-dimensional folding of the chromatin (128). A complementary tech-

nique of chromatin interaction analysis with paired-end-tag sequencing 

(ChIA-PET) (129) was implemented in five cell types to capture long-range 

DNA–DNA interactions that are formed by a protein of interest, the RNA 

polymerase II TF (130), with high-resolution and cell-type specificity (131). 

Other consortia have contributed with relevant data to the ENCODE pro-

ject. For example, the NIH Roadmap Epigenomics Program which provided 

information about histone marks, DNAm, DNA accessibility and RNA ex-

pression to infer high-resolution maps of regulatory elements annotated 

jointly across a total of 127 reference epigenomes spanning diverse cell and 

tissue types (132). The FANTOM consortium, which uses the capped analy-

sis of gene expression (CAGE) methodology to examine transcription initia-

tion and promoter usage, has analyzed a large amount of CAGE data for a 

variety of cell and tissue types extending beyond those investigated in the 

ENCODE project (133). The cumulative work of the consortia and laborato-

ries has helped to produce a greatly enhanced view of the human genome 

and the regulatory mapping has greatly increased by adding new types of 

assays (124). 

3.4. DNA methylation and miRNA levels in depression and 

anxiety disorders  

Given that brain-derived neurotrophic factor (BDNF) is a critical mediator of 

neuronal activity (134) and the fact that BDNF has been linked to depression 

(135), multiple studies looked at the DNAm levels of BDNF and found in-

creased DNAm, mainly in the promotor of exon I and IV in depressed pa-

tients (136-139). Other targeted studies focused on SLC6A4 (140-142), or 
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the glucocorticoid receptor NR3C1 (143-145) and had contradictory find-

ings. Recently, blood-derived epigenetic variation at KLK8 was associated 

with the severity of depression symptomology as investigated in 80 depres-

sion cases and 80 gender-matched controls (146). A meta-analysis of multi-

ethnic epigenome-wide studies in 11,256 middle-aged and elderly people 

found associations of DNAm levels and depressive symptoms at three CpG 

sites, implicating genes involved in axon guidance (147). Another study in 

150 monozygotic twin pairs discordant for early onset MDD found differen-

tially DNAm at 760 sites, which included neuronal circuitry and plasticity 

genes (148). Lastly, Xueyi Shen et al. identified associations of polygenic 

risk scores of genetic risk variants for depression with peripheral blood 

DNAm and mutually causal effect of DNAm on liability to MDD at the as-

sociated CpG probes (149). The relationship between DNAm and GAD was 

investigated in only one study, possibly because of the comorbidity with 

depression. The study included a targeted analysis of DNAm at NR3C1, 

revealing higher blood DNAm levels in patients with GAD (150). Other 

studies focused on the whole group of anxiety disorders and DNAm at can-

didate genes (e.g: BDNF; FKBP5; SLC6A4; AVP; NR3C1; CRH; COMT; 

MAOA; OXTR and APOE) (151, 152). Applying an epigenome-wide ap-

proach, Emeny et al. found that the ASB1 gene promoter displayed higher 

methylation levels when comparing severely anxious and healthy partici-

pants (153). In a sub-clinical population, elevated global DNAm levels were 

identified in anxious individuals compared to non-anxious controls (154).  

Many miRNAs are highly expressed in the brain and may be involved in 

pathological changes underlying depression and anxiety disorders. Until 

now, approximately 50 miRNAs were identified to be differentially ex-

pressed in post-mortem brain of depressed subjects compared with the 

healthy counterparts, however, only one, i.e. miRNA-124, was consistently 

reported (see review (155)). In blood, miRNA-134 was significantly down-

regulated in depressed patients and in rats with mild stress (156). Few stud-

ies investigated miRNA expression in anxiety disorders (157, 158). Circulat-

ing miRNA-4505 and miRNA-663 levels correlated with symptoms of anxi-

ety in patients with GAD (159). Recent study in mice identified that expres-

sion changes at the cluster miRNA-17-92 contribute to elevated anxiety- and 

depression-like behaviors (160). Lastly, the expression of miR-144 was de-

creased in patients with MDD and anxiety (161). 
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Aims 

A schematic figure of the aims of the four studies is illustrated in Figure 7. 

In Study I, the aim was to elucidate the interplay between genome-wide 

methylation shifts and psychiatric disease-related SNPs in whole blood. Un-

derstanding genetic-epigenetic interactions provides further clarity of the 

complex development of psychiatric diseases during adolescence. The anal-

ysis was performed on 221 non-related adolescents having different risks for 

the development of psychiatric illnesses, as evaluated by the DAWBA band 

score. Additionally, the functional relevance of the findings was assessed by 

investigating to what extent the methylation shifts may modulate gene ex-

pression and the disease risk, and how they could be translated to brain func-

tion. In Study II, the aim was to investigate GAD development in relation to 

the methylation patterns in blood for which inter-individual variation out-

weighs tissue methylation differences. The GAD risk was assessed in 221 

adolescents by the DAWBA questionnaire. The relevant CpG sites were 

examined for their role in biological pathways by gene expression changes 

and other advanced bioinformatic tools. Study III had the aim to identify 

DNAm changes over one year in depression etiology, using 59 healthy ado-

lescents. The biological role of DNAm variation was evaluated in a multi-

tissue (blood and brain) and multi-layered (genetics, transcriptomics) ap-

proach. Study IV aimed at uncover meQTL and ncRNA functional associa-

tions of 102 SNPs, previously identified in the largest GWAS for depression. 

The genotype-dependent DNAm and miRNA expression in depression were 

observed in the brain and whole blood across independent datasets.  
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Figure 7. Schematic illustration of the aims of the four studies included in this the-
sis. 
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Methods 

Subjects 

The adolescent dataset consisted of 786 unrelated adolescents recruited ran-

domly in Uppsala, Sweden, with the aim to investigate potential psychiatric 

symptoms developed during a certain time window. Individuals with any 

severe cognitive impairment were excluded. Blood was collected at two-time 

points (baseline and one-year follow-up). Information such as height, age 

and medication intake was self-provided by participants, body weight was 

measured for body mass index (BMI) calculation and genotyping, DNAm 

and ncRNA measurements were performed.   

At baseline, a total of 221 unique adolescents between ages 14 to 16 had 

available DNAm. A sub-sample of 130 adolescents was analyzed at time 

point (TP) 1 (Adol psy cohort 1) and the other 93 adolescents at TP2 (Adol 

psy cohort 2) (Table 1). The selection criteria for  DNAm measurements at 

TP2 included individuals with a general DAWBA risk for psychiatric diag-

noses higher than 15%. The DAWBA band evaluating GAD risk consists of 

questions concerning specifically general anxiety, such as, e.g. the level of 

worry about schoolwork, dying or own appearance and to what extent these 

worries are associated with physical symptoms. The DAWBA depression 

band consists of questions related to the occurrence of depression symptoms 

in the last 4 months (e.g., level of sadness, irritability, sleep activity, wish to 

die, and to what extent general mood is affected). The studies were approved 

by the local ethics committee in Uppsala, Sweden (Regionala 

etikprövningsnämnden i Uppsala) and all participants gave their written 

informed consent.  

At follow-up, a total of 74 answered positively and had DNAm available 

at both baseline and follow-up. Besides the DAWBA questionnaire, partici-

pants were given two additional questionnaires, i.e. MADRS-S and SUAS. 

Lastly, a subset of 74 adolescents of 786 had ncRNA measurements in 

whole blood. Adolescents were selected from both baseline and follow-up.  

Adolescents were grouped in two risk groups, i.e. “Low-risk” and “High-

risk”, based on the scores from either the general DAWBA band (Study I), 

GAD DAWBA band (Study II) or depression DAWBA band (Study IV), 

depending on the analyzed outcome. The DAWBA levels generated were 0 

(<0.1%), (≈ 0.5%), 2 (≈ 3%), 3 (≈15%), 4 (≈50%) and 5 (> 70%). A risk 

score below 50% (Study I) or 15% (Study II & IV) was used as threshold 
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to define the two risk groups. In order to increase the sensitivity, participants 

were categorized in Study III in “High-risk” and “Low-risk” for depression 

based on both DAWBA depression risk and MADRS-S scores. Participants 

with DAWBA depression risk ≥ 15% and MADRS-S scores ≥ 9 were de-

fined as ‘cases’, while participants with DAWBA depression risk < 15% and 

MADRS-S <9 were defined as ‘controls’. Subjects showing depression band 

risk of ≥15% and MADRS-S scores <9 were assigned as ‘missing’ and omit-

ted from the analysis. 

Study I. Adolescents with DNAm at TP1 (n = 130) represented the dis-

covery cohort, while the second batch of 93 adolescents at baseline repre-

sented the replication cohort. Genotyping of 37 SNPs was available for the 

meQTL analysis. mRNA expression data and DNAm patterns of eleven 

healthy male volunteers were correlated. Both specimens were corrected for 

proportions of different cell types. More details about preprocessing of the 

methylation and expression profiles can be found in (117). 

Study II. The 221 adolescents with DNAm at baseline were included in 

the discovery analysis in order to increase the power of analysis. No genetic 

data were analyzed. The replication independent cohort consisted of DNAm 

measurements and the respective data set was downloaded from Gene Ex-

pression Omnibus Database (GEOD)-72680. It contains mostly females aged 

between 18 and 77 suffering from anxiety (162). A total of 160 individuals, 

with a BMI < 30, were included in the analysis and investigated regarding 

the use of medication against anxiety (Table 1). 

Study III. Longitudinal DNAm analyses were applied on a sample of 74 

adolescents in the discovery analysis. Imputed whole-genome data were 

available for 72 adolescents. Common independent SNPs were included in 

subsequent cis analyses.  

Study IV. meQTL analyses were performed on 102 SNPs using DNAm 

data at 216 adolescents with DNAm at baseline and whole-genome genotyp-

ing. A cis-eQTL analysis ncRNAs was performed in 74 adolescents. The 

replication cohort consisted of 219 young adult individuals, mostly males, 

free of medication for psychiatric disorders, with whole-genome data and 

blood DNAm data (Table 1).  

Study III & IV. The replication dataset of NICHD Brain Bank included 

22 MDD diagnosed individuals and 23 age- and sex-matched controls 

(GSE41826) (Table 1). DNAm was measured separately in neuronal and 

glial cells of post-mortem prefrontal cortex samples (163).  

Study II, III & IV. A large open-access (GEOD-56047) expression da-

taset of the Multi-Ethnic Study of Atherosclerosis (MESA) covering 1,202 

adult participants had both transcriptomic and methylome data from CD14+ 

samples available (164) (Table 1).  

Study III & IV. The EXHIP dataset included mRNA expression data of 

15 patients with MDD and 15 age-, sex-, and race-matched controls in the 
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dentate gyrus and CA1 sub-regions of the hippocampus (GEOD-24095) 

(Table 1) (165). 

Genotyping and whole-genome imputation 

Initially, adolescents were genotyped using Illumina Golden Gate array. 

Relevant SNPs were selected based on literature searches for key words such 

as eating disorders, panic disorders, obsessive-compulsive disorders, major 

depression and bipolar disorder (166) and on their inclusion on the microar-

ray-assisted genotyping approach. A total of 37 SNPs with a minor allele 

frequency higher than 5% and displaying Hardy-Weinberg Equilibrium 

(HWE) (p > 0.01) were included in the dominant model. DNAm analysis 

was performed using the Illumina Infinium HumanMethylation450 Bead-

Chip (Illumina, San Diego, CA, USA, 450k).  More details can be found in 

(117). 

Whole-genome genotyping was run in 2018 for the study participants 

with available DNA (n = 786). The Infinium Global Screening Array at the 

SNP&SEQ SciLife Platform at Uppsala University was used, interrogating a 

total of 700,078 genetic variants. After quality control steps were performed, 

imputation was applied (more details in (167)). Data was further filtered for 

analyses based on criteria HWE < 0.01, imputation info score > 0.3 and a 

minor allele frequency (MAF) >1%.  

DNAm preprocessing at baseline and follow-up 

Preprocessing steps of DNAm data at baseline were performed using the 

lumi, sva, limma, watermelon and FactoMineR packages available in Bio-

conductor and operable in R software. The initial analysis included back-

ground correction (noob method) (168), probe exclusion (probes having a 

detection p-value <10-5, were located on sex chromosomes (169), non-

specific probes or probes located at annotated SNP loci (170)), adjustment of 

type I and type II probes (171) and removal of batch effects (ComBat func-

tion). The robust pipeline also included white blood cell correction and sam-

ple outlier detection by principal component (PC) analysis. Cell-type frac-

tions of CD4+ and CD8+ T cells, monocytes (Mono), granulocytes (Gran), 

B cells (Bcells) and natural killer (NK) were calculated based on an algo-

rithm generated by Houseman et al. (172). The calculated residuals in linear 

regression models were used to correct the methylation values for cell-type 

composition. PC analysis was applied to a subset of the most variable CpG 

sites selected based on the 95% reference range and a threshold of 0.2. Only 

the first two PCs were taken into consideration, explaining most of total 

variance after cell-type adjustment, since all the other subsequent vectors do 

not add considerably to the total variance.  
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At follow-up, DNAm was obtained using the Illumina Methylation EPIC 

array. The pipeline followed similar steps as the preprocessing at the base-

line, respectively, noob background correction, probe exclusion (probes with 

≤ 75% samples showing detection p-values ≤ 0.01, probes located on the sex 

chromosomes, probes not targeting CpG sites, probes with common poly-

morphisms (MAF > 5% in European population). After filtering, 765,396 

probes remained. Batch effects were corrected using the ComBat function. 

Relative proportions of white blood cell types, i.e. CD4+ and CD8 + T cells, 

Mono, Gran, Bcells and NK cells, were calculated based on the Houseman 

algorithm. These proportions were included in linear regression models prior 

analyses. 

Criteria of sample exclusion (Study I) 

Samples were excluded based on the following criteria: samples that were 

shown to be outliers in any of the five quality-control plots generated by 

MethylAid19 (rotated M versus U plot, overall sample-dependent control 

plot, bisulfite conversion control plot, overall sample-independent control, 

plot and detection P-value plot) without changing the default thresholds (0 

sample) and samples that were outliers for the first two principal compo-

nents (1 sample). The procedure was repeated in the same manner for the 

validation cohort where none of the samples were excluded. 

Probe selection (Study II) 

The analysis in Study II focused on 22,459 CpG loci that were previously 

demonstrated to display minimal tissue-specific methylation (173). More 

than 50% variance of methylation levels at these probes was explained by 

inter-individual variation. These CpG sites fulfilled the following equation: 

 

Mtot=Mindiv + Mtissue, where Mindiv>Mtissue 

 

Where Mtot is the measured DNAm level, Mindiv is the DNAm level predicted 

by the individual and Mtissue is the effect of tissue (blood or brain). 

Moreover, taking into account that Wagner et al had concluded that 

DNAm and mRNA gene expression are closely related within this region 

(174), only the probes lying within ± 2,000 bp from the TSS were selected.  

Evaluation of the biological relevance  

Functional relevance of the identified DNA sites and mQTLs in whole blood 

was interrogated using the chromatin marks mapping in brain. Chromatin 

marks for eight tissues were derived using Hidden Markov Models (HMMs): 

brain angular gyrus (BrainAG), brain anterior caudate (BrainAC), brain cin-

gulate gyrus (BrainCG), brain hippocampus (BrainHIPPO), brain inferior 
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temporal lobe (BrainITL), brain substantia nigra (BrainSN), brain dorsolat-

eral prefrontal cortex (BrainDPC) and peripheral blood mononuclear prima-

ry cells (PBMC). Data was loaded from Roadmap Epigenomics Project of 

37/hg19 version of human genome in WashU Epigenome Browser. For easi-

er visualization, the 18-state model for the production of the segmentations 

according to gene regulatory role was reduced to five regions, indicating the 

functionality by different colors: red, for active/flanking ac-

tive/bivalent/poised TSS; yellow, for active/bivalent/genic enhancer; orange, 

for flanking bivalent TSS/enhancer; green, for active transcription; and grey, 

for repressed polyComb state. Additionally, potential regulatory effects of 

the CpG sites on other genes were examined by long-range interactions. The 

long-range interaction mapping was derived using ChIA-PET libraries, from 

the ENCODE consortium. Four different cell lines, i.e. erythrocytic leuke-

mia cells (K562), breast cancer (MCF-7), cervical cancer (HelaS3) and hu-

man colon carcinoma (HCT-116), targeting the transcription factors RNA 

polymerase II and CTCF, an insulator protein with diverse functions (175) 

were used. Additionally, ubiquitous, tissue-specific (brain, blood) and cell 

type-specific (T cells, neurons) in vivo enhancers as defined by CAGE tags 

were downloaded from the Transcribed Enhancer Atlas website (176). Mo-

lecular interactions of the identified genes were examined using the Gene-

MANIA plugin (177). Correlation of DNAm levels between blood and three 

brain regions (BA10 (prefrontal cortex), BA20 (temporal cortex), and BA7 

(parietal cortex)) was investigated in 16 individuals using Spearman correla-

tion in the online BECon tool https://redgar598.shinyapps.io/BECon/. The 

transcription levels in different brain tissues and whole blood of genes were 

investigated using GTEx https://gtexportal.org/home/ (178). Moreover, ap-

plying the eQTL mapping from the GTEx database, information about ge-

netic variants showing contribution to the gene expression was recruited. GO 

biological process categories and Reactome cell signaling pathways with a 

gene set enrichment > 10% were explored using Consensus path (179). 

Linkage disequilibrium (LD) data was obtained using SNAP Proxy web tool 

(180), with CEU as the population selection. Two SNPs having r2=1 and 

D’=1 were considered in perfect LD. 

Statistical analyses 

For the statistical analysis, a value called “M-value” was calculated for each 

CpG site. This value is assumed to be more statistically valid for differential 

DNAm analysis than the beta-value and is calculated as the log2 ratio of the 

intensities of methylated probe and unmethylated probe (181). Given the 

limited sample size in our meQTL analyses, a dominant genetic model was 

used (homozygous of major allele were coded with “0” and heterozygous 

and homozygous for the minor allele were coded with “1”). Linear regres-

https://redgar598.shinyapps.io/BECon/
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sion models were run through the limma R package, suitable for largescale 

methylation studies (182, 183).  

 

Study I 

 Discovery and replication of meQTLs 

Mval ~ SNP + Age + Sex + BMI + PC1 + PC2 (limma mod-

els) 

The p-values were Bonferroni corrected and an adjusted p-value <0.05 was 

considered significant. The inflation factor (λ) for false positives was calcu-

lated using the estlambda function of GenABEL R package. 

 DNAm and general DAWBA band 

High/low risk ~ DNAm + Age + Sex + BMI + DAWBA 

version (binary logistic models)  

DAWBA version is the score generated based on adolescent questionnaire or 

both adolescent and parent questionnaires. 

 DNAm and mRNA expression (robust linear regression and 

Pearson’s correlation) 

Robust linear models are recommended to be used in case of a small sample 

size, to account for any outliers or heteroscedasticity in the data (184). Two-

sided p-values < 0.05 were considered significant. 

 

Study II 

 Discovery analysis 

Mval ~ High/low risk for GAD + Age + Sex + BMI + TP + 

PC1 + PC2 (limma models) 

Sub-analysis TP was added as covariate since DNAm datasets analyzed at 

two different time points were analyzed together. The p-values were Bonfer-

roni corrected and an adjusted p-value <0.05 was considered significant. 

 Replication analysis 

Anxiety treatment (yes/no) ~ Mval + Treatment for depres-

sion (yes/no) (binary logistic models) 

A nominal p-value < 0.05 was considered significant. 

 DNAm and mRNA expression 

Mval ~ mRNA + Racegendersite (linear regression models) 

Analyses from Study I and II were strengthened by a second statistical 

method, applying a likelihood ratio test, with lrtest function of the lmtest 

package (185).  

 

Study III 

 Discovery analysis 

Mvalfollow-up ~ DNAmbaseline + depression-transformed varia-

ble follow-up + Age + Sex (linear regression models) 

Unadjusted (raw) p-values <10−4 were considered significant. 
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 Replication analysis 

Mval ~ Depression diagnosis (yes/no) + Age + Sex (linear 

regression models) 

Analyses were run separately for neuronal and glial cells. A false discovery 

rate (FDR) adjusted p-value < 0.05 was considered significant.  

 DNAm and mRNA expression  

mRNA ~ Mvalresiduals + Racegendersite + Array + Non-

targeted cells proportions (linear regression models) 

 Differential mRNA expression levels 

mRNA in MDD vs. mRNA in controls (binomial testes) 

 

Study IV 

 Discovery and replication analysis 

Mval ~ SNP + Age + Sex (limma models) 

CpGs were deemed significant at a Bonferroni adjusted p value < 0.05 in the 

discovery cohort. In the replication cohort, a Benjamini-Hochberg (BH)-

adjusted p value < 0.05 was considered significant. 

 DNAm and depression 

Mval ~ Depression diagnosis (yes/no) + Age + Sex (linear 

regression models) 

 DNAm and mRNA expression 

mRNA ~ Mvalresiduals + Racegendersite + Array + Non-

targeted cells proportions (linear regression models) 

 Differential mRNA expression levels 

mRNA in MDD vs. mRNA in controls (binomial testes) 

 

Post-hoc analysis (Study II) 

The STK32B gene variant rs1530609 was shown to be one of the top 5 SNPs 

to be associated with the risk to attempt suicide when suffering from depres-

sion (n=257 cases vs 200 controls) in a genome-wide association study 

(GWAS). Given the association between SNPs and DNA methylation levels, 

the methylome data of STK32B were analyzed in relationship with suicide 

risk. An open access cohort (GSE88890) consisting of 20 depressed suicide 

cases and 20 non-psychiatric sudden death controls had methylation meas-

urements from two regions of the cortex (BA11, n=40 and BA25, n=35) 

(186). A total of 14 CpG sites were selected within 2,000 bp of the TSS of 

STK32B. The two brain regions were investigated separately, applying lo-

gistic regression models for methylation values between suicide cases and 

controls. The same covariates as in the original published paper (186), i.e. 

age, gender and the neuronal proportions, were included in models.  
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Pyrosequencing (Study II & III)  

In Study II, a subset of 60 individuals who had low DAWBA GAD band 

(n = 30) or high DAWBA GAD band (n = 30) were selected for pyrose-

quencing measurement at the identified CpG site cg16333992. In Study III, 

the highest DNAm difference at cg24627299 was experimentally measured 

using pyrosequencing at baseline and follow-up. Out of the 786 adolescents 

recruited at baseline, a subset of 203 was followed-up and had available 

extracted DNA. A total of 44 individuals were defined as ‘cases’ based on 

the DAWBA depression band ≥3 and MADRS-S scores ≥ 9. The other 159 

individuals were treated as ‘controls’. 
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Results and Discussion 

Study I 

Using a hypothesis-free epigenome-wide analysis of 37 previously identified 

psychiatric-associated SNPs, we identified associations between SNPs and 

DNAm levels for eight SNP-CpG pairs (pBonferroni<0.05, praw<1.6e-07). The 

discovery analysis comprised 129 individuals after one sample was excluded 

as outlier for the first two PCs. Using an independent cohort of 93 adoles-

cents (Table 1), five of the identified SNP-CpG pairs were validated (pBonfer-

roni<0.05, praw<1.58e-07). They included the SNPs rs10914453 (HCRTR1), 

rs2058725 (GAD1), rs2241165 (GAD1) and rs2530223 (HDAC3) and four 

CpG loci, i.e. cg00112260 (PEF1), cg01089319 (GAD1), cg01089249 

(GAD1) and cg24137543 (DIAPH1). Interestingly, the gene GAD1 was em-

phasized in our findings. GAD1 is a critical enzyme for the synthesis of 

GABA, the most important inhibitory neurotransmitter in the brain. Lower 

GAD1 activity due to epigenetic changes has been reported to induce altera-

tions in GABA activity (187, 188). Patients diagnosed with mood disorder, 

bipolar disorder or depression had lower GABA concentrations compared 

with healthy counterparts (189-191). The locus cg01089319 (GAD1), was 

differentially methylated in relation with two genetic variants within the 

gene GAD1 (rs2058725 and rs2241165). The SNP rs2241165 is in perfect 

LD with rs2270335, which has been previously linked to grey matter loss in 

childhood-onset schizophrenia (192). Carriers and non-carriers of the minor 

allele at the two SNPs present a 3%, respectively 7%, difference in DNAm 

at the CpG site cg01089319 in the discovery, respectively replication cohort. 

Notably, DNAm shifts were associated with GAD1 mRNA expression levels 

(p = 0.03, coefficient = - 1.14). In addition, another CpG site within GAD1, 

cg01089249, had a strong association with the GAD1 variant rs2241165. We 

did not observe any correlation between DNAm at cg01089249 and GAD1 

mRNA levels. GABAergic activity may be regulated by another gene, 

COMT, involved in dopamine inactivation (122). Our identified inverse cor-

relation between methylation levels at GAD1 and COMT mRNA levels (p = 

0.04, cor = -0.61) supports the hypothesis of a potential functional interac-

tion of COMT and GAD1 genes in the GABA circuit (64, 123). Interestingly, 

the DNAm sites had interaction arcs with the mQTLs, indicating that the 

associations may not be tissue-specific. The cg01089319 site (GAD1) did 

not display relevant long-range interactions with other genes. Instead, it is 

located within an enhancer region of functional relevance in the hippocam-
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pus and PBMC. The second CpG site in GAD1 (cg01089249) is also located 

in an enhancer region, but is only detectable in hippocampus. 

Another variant associated with differences in DNAm profiles is the exo-

nic SNP rs2530223, within the gene HDAC3. This gene may also lead to 

alterations in the GABAergic neurons in the midbrain (193), possibly due to 

the interaction with the transcription factor GATA-2 (194). The paired CpG 

site is located within important gene regulatory regions that is a TSS, an 

enhancer or flanking active TSS/enhancer, throughout all investigated brain 

tissues and PBMC. Interestingly, this CpG site is located in or shows long 

interactions with the TSS or enhancer regions of γ-protocadherins (γ-PCDH) 

subfamily of genes. Indeed, a significant correlation between DNAm levels 

and mRNA expression of PCDHGA6 was calculated. γ-PCDH genes are 

shown to be expressed in synapses (195) and deficiency of γ-PCDH tran-

scripts differentially influences GABAergic neurons in mice (196). In gen-

eral, the lack of significant correlations between DNA methylation and 

mRNA levels can be attributed to alternative splicing or to an unspecific 

signal as multiple transcripts are recognized by one probe (197).  

Lastly, DNAm changes at significant CpG loci were investigated in rela-

tion to the DAWBA scores. The DNAm levels of the CpG site within GAD1 

were found to be associated with the two categories of the DAWBA general 

score, that is, ‘Low risk’ and ‘High risk’ score (p = 0.031, odds ratio = 3.03, 

95% confidence interval 1.10-8.32). The separate analysis, including the 

DAWBA scores generated based on both adolescents and parent DAWBA 

questionnaires, supported the association between methylation levels at 

cg01089319 and the complete DAWBA general bands. These findings were 

not confirmed in the validation set, which has a more homogeneous compo-

sition in terms of psychiatric risk scores. 
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Study II 

In study II, differential DNAm was studied in relation to risk for GAD in 

adolescents. The unique approach by focusing only on methylation sites for 

which inter-individual variation outweighs tissue DNAm differences may 

help to extrapolate results in blood to brain. The analysis included 13,156 

CpG sites within the gene promoters and revealed one CpG site which sur-

vived the Bonferroni correction (cg16333992, padj. = 0.028). This CpG site 

displayed increased DNAm in adolescents at high risk of GAD, having a 

DNAm difference of 1% between adolescents at high and low risk of GAD. 

We further validated the 1% DNAm difference at this genomic locus in 147 

adults, of whom twelve followed a treatment for anxiety disorders. The vali-

dated CpG site, cg16333992, is located 70 bp upstream of the TSS of 

STK32B, and has very low methylation levels (3–9%). Importantly, DNAm 

levels at cg16333992 were positively associated with mRNA expression of 

STK32B, however, with a quite small effect (β = 0.03). The functional analy-

sis of the CpG site depicted its potential regulatory role being located within 

the active flanking/bivalent poised TSS promoter region of STK32B in seven 

different brain tissues (see Methods). DNAm levels in blood were correlated 

with DNAm levels in BA7 (50–75% positive) and BA20 (50–75% negative) 

brain tissues. Although the STK32B gene is expressed in the hypothalamus, 

hippocampus, cerebral cortex and caudate, the function of STK32B is still 

limited. The STK32B protein is one of the human N-myristoylated proteins, 

which are known to play a role in different signaling and transduction path-

ways (198). Interestingly, STK32B interacts with RCOR1 and HMG20B, 

which are part of the coREST (corepressor of repressor element-1-silencing 

transcription factor) complex (199). CoREST was first described as a regula-

tor of neuronal gene expression, through the modulation of chromatin struc-

ture (200). 

The GO analysis including the 5% top-hit most nominally significant 

genes associated with GAD revealed terms related to the stress and defense 

response. These findings support the hypothesis that anxiety can be seen as 

an emotional state that stems from an adaptive response to stress (201). De-

fense response is another natural adaptive reaction to stressful events, which 

may increase the likelihood to develop anxiety (202). Anxiety becomes 

pathological from the moment the stress response is altered and the defense 

response is activated in absence of an actual threat, or when the magnitude 

of these processes is higher than the actual danger (203). 

Study III 

The longitudinal epigenome-wide approach that was used in study III could 

provide insight of the DNAm change over one-year follow-up in adolescents 
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with low- and high-risk for depression. Since none of the 5,785 nominally 

significant CpG sites survived correction for multiple testing, a stricter 

threshold p = 10-4 was chosen (204). There were nine CpG sites where 

DNAm at follow-up was associated with depression risk, after adjusting for 

DNAm residuals at baseline, sex and age. Out of these nine CpG sites, the 

highest DNAm difference (5%) between adolescents at low-risk and high-

risk for depression was detected at the genetic-dependent CpG site, 

cg24627299, within the hepatocyte growth factor receptor (MET) gene. This 

association had a tendency (p-value = 0.076) of increased DNAm levels in 

adolescents at high-risk for depression using the pyrosequencing measure-

ment. Interestingly, three of the previously nine identified CpG sites were 

associated with suicide symptoms at follow-up. Similar to the observation 

made in relation to depression scores, DNAm levels were higher for in-

creased suicide symptoms, after taking sex and age of the adolescents into 

account. The largest DNAm increase was seen at the aforementioned 

cg24627299 within the MET gene (estimate in the linear model = 0.012). 

The MET gene is responsible for encoding the tyrosine kinase receptor 

called c-MET and its abnormal activation can promote the development and 

progression of cancer of liver, lung, colon, breast and nervous system (205, 

206). In a study of Nones K. et al., hypomethylation at the MET gene was 

identified in pancreatic ductal adenocarcinoma samples and DNAm levels 

were inversely correlated with gene expression (207). Loss of MET promoter 

methylation was involved in HGF-dependent increase in tumorigenicity and 

metastatic potential of hepatocellular carcinoma via upregulation of c-Met 

and HGF expression (208). The ligand of c-MET is hepatocyte growth factor 

(HGF), being located in the same chromosomal region (7q.31 and 7q21-11). 

The suggestive inverse association identified between blood DNAm values 

at MET genomic sites and mRNA expression of HGF supports the interac-

tion of c-MET and HGF. No association was observed between DNAm and 

MET mRNA levels, potentially because of its location within a less active 

region in PBMCs.  

In brain, MET and HGF are expressed in the developing nervous system, 

especially in the cerebral cortex (209, 210). Explicitly, the high expression 

of MET and HGF in various brain regions can be depicted with the help of 

the GTEx database. These observations strengthen the importance of the 

validation analyses in cortical tissue samples. Interestingly, DNAm at MET 

gene was associated with depression diagnosis in neurons, yet the signifi-

cance did not survive the FDR adjustment in the glial cells. Whereas in 

blood DNAm at MET were higher in individuals at high-risk for depression, 

the opposite was observed in the neuronal cells, with lower DNAm in de-

pressed diagnosed patients. This finding is in line with the identified inverse 

association between DNAm in whole blood and BA10, BA20 and BA7 

DNAm levels, using the BECon tool.  
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Lower mRNA expression levels of MET and HGF were identified in the 

hippocampus of the depressed adults compared to healthy adults. This find-

ing is in line with previous research, reporting decreased HGF protein level 

in individuals with obsessive-compulsive disorder, bipolar disorder and de-

pression (211, 212). In the hippocampus, HGF and MET are clustered at the 

postsynaptic density of excitatory synapses in CA1 and increased HGF lev-

els improve expression and clustering of excitatory synaptic proteins at sites 

along dendrites (213), highlighting their importance for neuronal activity. 

These findings in the brain and the fact that the genomic locus, cg24627299, 

at the MET gene, is located within active chromatin region such as TSS and 

enhancer in the majority brain regions, lead to a hypothetical model that 

DNAm changes may modulate the HGF-mediated action on interneuron 

migration, disrupting neuronal growth in the cortex and then alter the activi-

ty of HGF/c-MET signaling (214).  

Study IV 

The findings in study IV are related to proximal genotype-dependent differ-

ential DNAm (cis-meQTL) and ncRNA levels (cis-eQTL) in depression, by 

using 102 SNPs previously identified in a large genome-wide meta-analysis 

of depression. Herein, 91 SNP-CpG pairs were identified in blood samples 

of 221 adolescents and 64 of them were replicated in an independent cohort. 

All but two of the 64 replicated CpGs had similar DNAm levels for risk SNP 

carriers in the discovery and replication cohorts, approximately 54% being 

hypomethylated in carriers of the risk allele for depression. The highest 

DNAm difference was observed at the pair rs3823624 (MAD1L1 gene) - 

cg19624444, i.e. carriers of the major allele T had 6.8% and 8.6% higher 

DNAm in the discovery cohort and in the replication cohort than the C risk 

allele carriers. Another validated pair consisted of rs1933802 (HACE1--[]--

LIN28B) and cg02098413, where each risk allele (C allele) was associated 

with a 1% decrease in DNAm (Figure 8a). The MAF of rs1933802 in ado-

lescents at low-risk for depression was 0.54, compared with 0.42 in those at 

high-risk for depression. Interestingly, higher whole blood DNAm at 

cg02098413 located upstream of HECT Domain and Ankyrin Repeat Con-

taining E3 Ubiquitin Protein Ligase 1 (HACE1) was associated with lower 

depression score (praw = 0.014, odds ratio (OR) = 0.23) (Figure 8b). HACE1 

is believed to regulate the activity of a number of small GTPases, and previ-

ous genetic studies revealed that lower mRNA expression or mutations at 

HACE1 were implicated in numerous types of human malignant tumours, 

including breast cancer, colorectal cancer, lung cancer, liver cancer, gastric 

cancer and lymphoma, classifying it as a potential tumour suppressor gene 

(215). To be noted, according to the transcriptome data across tissues and at 

a single-cell resolution in the human analyses (GTEx), the HACE1 gene is 
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highly expressed in the brain, particularly in neurons, followed by astro-

cytes. 

 

Figure 8. a) Blood DNAm levels (β values) at cg02098413 within the HACE1 gene in the 

discovery cohort. Adolescents with depression DAWBA band risk scores below 15% were 

defined as “Low-risk”, while individuals with depression DAWBA level bands 3 (≈ 15%), 4 

(≈ 50%), or 5 (> 70%) were assigned to the “High-risk” category. b) Blood DNAm levels (β 

values) at cg02098413 within HACE1 gene vs the presence of the risk allele (C allele) at 

rs1933802. Taken from (216) 

DNAm shifts were further tested in relation to mRNA levels in the CD14+ 

cells. Indeed, a 15% increase in DNAm at cg02098413 was associated with a 

one unit change in HACE1 mRNA expression. The location of this genomic 

locus in proximity of TSS in PBMCs and the observed associations suggest a 

functional effect of DNAm differences on mRNA gene expression in blood. 

The aim to extrapolate the whole blood findings to the brain included several 

analyses. First, based on the results collected using the xQTL server, DNAm 

at cg02098413 may be genetically controlled as rs1933802 in the brain as 

well (p = 1.97 × 10−05, Spearman r = 0.19). Then, exploration of chromatin 

states of the discovered locus revealed that cg02098413 is located next to the 

active chromatin region in seven investigated brain regions. Intriguingly, 

DNAm level at cg02098413 in blood was positively correlated with DNAm 

in BA10 region (prefrontal cortex), but not to BA20 or BA7 regions, using 

the BECon resource. These analyses were complemented with the observed 

positive association of DNAm levels at cg02098413 and depression diagno-

sis in adult neuronal cells in the NICHD cohort. The opposite direction of 

DNAm findings in depression in whole blood and brain revealed the tissue 

specificity of genetically dependent DNAm at cg02098413. We hypothesize 

that the SNP presence exerts tissue- or cell type-specific influence on proxi-

mal DNAm levels, as meQTLs are coordinated by variation in transcription 

factor binding to specific genes, which is tissue-specific (217, 218). Moreo-

ver, one cannot exclude the possibility of additional tissue- or cell type-

specific mechanisms involved in the observed DNAm changes. In line with 

this, DNAm levels can vary within tissues, including across different brain 

cell/regions (219), and we identified differential DNAm in neurons specifi-

cally of MDD patients and lower HACE1 mRNA levels in the CA1 regions 

of MDD adults, yet not in the dentate gyrus. Thus, we cannot assume the 

A

A

A 
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direction of the correlation between blood and the entire prefrontal cortex 

region. 

Lastly, the eQTL analyses revealed four SNP - ncRNA pairs after the 

Bonferroni adjustment. Three of the identified ncRNA were miRNAs, which 

were associated with differential expression of their host genes. The 

rs7117514 SNP within SHANK2 was associated with levels of hsa-miR-

3664-5p that is located in the intronic region of the gene. Enriched GO terms 

associated with hsa-miR-3664-5p target genes were behavioral fear and de-

fense response, presynaptic signal transductions, and presynaptic active zone 

organization. Recently, hsa-miR-3664-5p was found to suppress the prolifer-

ation of gastric cancer through its target MTDH (220). Specifically there is 

not much known regarding the miRNA-3664 in a disease context, yet previ-

ous research highlighted the importance of intronic miRNAs as their expres-

sion may be coordinated with the host gene’s expression (221, 222), as well 

as functional processes involving regulation of the hosts (223) or genes act-

ing on related pathways (224, 225). Hsa-miR-3664-5p host gene SHANK2 

encodes the largest isoform of a family of scaffold proteins and is found 

abundantly at the postsynaptic site of excitatory synapses in the CNS (226). 

Earlier human studies have implicated aberrant expression of SHANK2 in 

conditions such as intellectual disability, schizophrenia, and bipolar disor-

ders (227-229). It is also worth to mention that lower levels of SHANK2 

protein at the hippocampal CA1 synapses leads to dysregulation of N-

methyl-d-aspartate receptors (NMDARs) in mice (230). NMDARs play a 

crucial role in the fast synaptic glutamate neurotransmission, and its dys-

function contributes to the pathophysiology of depression (231). 

What aspects and difficulties this thesis has addressed in 

the context of epigenetic analysis in psychiatric-related 

conditions  

1. Knowledge on the epigenetics at the crossroads between 

genetic and environment  

We have tried to better understand biological factors that contribute to ge-

nome-wide DNAm at CpG sites and functional relevance of the meQTL and 

methylation sites for depression and GAD. Since the genetic variation dis-

covered previously for psychiatric disorders in GWASs and targeted studies 

failed to obtain clinical translation, we analyzed these SNPs for their meQTL 

effect on DNAm shifts. Our findings confirm the abundant presence and 

importance of the meQTL throughout the whole genome. Although previous 

findings focused on the local effect of meQTL (82), we found that their 

regulation may be globally as well, potentially due to the differences in the 
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three dimensional organization of chromatin. Evidence demonstrated that 

DNA is a three-dimensional structure that can create physical contact be-

tween distal genomic locations or even discrete chromosomes by protein 

mediated looping (232). This structural organization suggests that distal and 

proximal regulatory elements may come into contact with gene promoter 

sites and alter expression patterns (233). Earlier studies estimated that 15% 

of CpGs were under genetic control (234) and recently the estimation in-

creased to 55% (235). Moreover, in general, meQTLs are enriched for active 

chromatin states (234) and may impact alternative splicing (236). This is a 

potential reason that SNPs themselves had a limited direct contribution to 

the susceptibility to complex traits, but rather an indirect contribution by 

interacting with other factors or epigenetic mechanisms, such as DNAm, TFs 

and miRNAs (Figure 9). The interplay of SNPs with these epigenetic factors 

results in the preferential mRNA expression of one allele, thereby leading to 

an allele-specific gene expression (Figure 9). This phenomenon by which a 

gene is transcribed preferentially from either of the two alleles leads to varia-

tion in mRNA expression (237). Importantly, the SNP - epigenetic interac-

tion is implicated in inter-individual differences, human diseases, and drug 

response (238). This interaction with differential effects determined that 

some individuals are more vulnerable to environmental adversity. Studies 

looking at the gene - environment interaction inferred that there should be a 

‘differential susceptibility hypothesis’ (239, 240). The classical concept of 

“risk genes” would transit to “plasticity genes”, suggesting that gene re-

sponses are equally sensitive to positive and negative environmental influ-

ences, where depending on the individual genetic background, the response 

can be both negative and beneficial (241). Last, but not least, more attention 

should be given that epigenetic mechanisms are not independent but work 

together and cross-regulate each other in a common regulatory network 

(233, 242). 

One gene that has been shown in the literature to be differentially modu-

lated by stress is 5-HTT, which has a variable number tandem repeats in its 

promoter region (5-HTTLPR) (243). Depressive symptoms correlated with 

life experiences are more likely to appear in those with a greater number of 

the short 5-HTTLPR alleles (244). Carriers of the short allele also show 

attenuations in their perceived limitations to cope with effects of stress 

(245). The genetic variation may influence the DNAm levels and together 

change the individual stress sensitivity as it was observed that the individu-

als with 5-HTT promoter hypomethylation and the long/long 5-HTTLPR 

genotype show lower cortisol levels in response to an acute stressor, while 

those carrying one or two hypomethylated short alleles have an enhanced 

response (246). A risk SNP-DNAm-stress model can be speculated here, 

suggesting that those with the long/long 5-HTTLPR genotype and hyper-

methylation of these alleles will get higher levels of 5-HTT and low respon-

siveness to their environment, which, in turn, may display lower levels of 
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anxiety symptoms or behaviors. Oppositely, carriers of the short allele with 

hypermethylation at the promoter will produce low levels of 5-HTT, be more 

affected by the environment, and therefore, may become anxious when faced 

with prior stressful experiences (247). Customized behavioral and pharma-

cological treatment strategies may be created based on the genotype, meth-

ylation status, and prior stressful experiences. 

 

Figure 9. The interplay of SNPs, TFs, DNAm, and miRNA binding, leading to differential 

mRNA gene expression. SNPs, single nucleotide polymorphisms; TFs, transcription factors; 

DNAm, DNA methylation; miRNA, micro-RNA.  

The allele-specific DNAm, together with the interaction of the epigenetic 

mechanisms, the complexity and timing/dynamicity of the environmental 

factors may provide an explanation about the non-replications and contradic-

tory findings in GWASs and DNAm research. This highlights the necessity 

to take the genetic risk models into account when analyzing epigenetic in-

formation, by mapping the meQTLs and haplotype-dependent allele-specific 

DNAm (248). In our studies investigating DNAm shifts in psychiatric phe-

notypes, we did not incorporate the genetic predisposition. A possibility to 

take the broader genetic constellation in the epigenetic research into account 

is to create polygenic risk scores. McCartney et al. showed that DNAm 

scores explained 61% of the variance in dependence of smoking and 12.5% 

of the variance dependent of BMI and alcohol consumption and that these 
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scores contributed additively when polygenic risk score was included in the 

analysis (Figure 10) (69).  

 

Figure 10. DNAm and polygenic prediction of health and lifestyle factors. Proportion of 

phenotypic variance explained (R2) is plotted for three traits: BMI; smoking and alcohol 

consumption (alcohol) based on each trait’s polygenic score (blue), DNAm-based score 

(green), and additive genetic + epigenetic score (yellow). Data were taken from (69). 

2. Validation of the findings by a different technique or in a 

different cohort 

The advancement of various experimental profiling and computational ap-

proaches have made it possible to provide an unprecedentedly comprehen-

sive view on the DNAm landscape. Indisputably, pyrosequencing has most 

advantages in terms of the DNAm assessment of a specific locus and an 

accurate base resolution (249). However, it requires time and it is relatively 

high in price. Moreover, adjustment for cellular heterogeneity is not possible 

with pyrosequencing as genome-wide methylomic data are needed to esti-

mate blood cell proportions (250). Therefore, pyrosequencing is used more 

for validation of specific DNAm sites. Array-based technique is mostly used 

for the screening of DNAm profiles across more than 850,000 CpG sites. It 

has the disadvantage that the probes are pre-selected and additional infor-

mation is lost. A whole genome approach is definitively preferred, giving the 

possibility to discover new methylation sites in inaccessible areas of the 

genome. Both the Illumina BeadChip arrays and pyrosequencing can meas-

ure low levels of DNAm at an unmethylated locus, although pyrosequencing 

methods should be used with caution as the quantification limit is 4% (251). 

In two studies included in this thesis, pyrosequencing confirmed the DNAm 

levels at the selected CpGs, however, the DNAm differences were very 

small, i.e. 1% in Study II and 5% in Study III, and did not reach the signifi-

cance of 0.05. In Study III a tendency towards considerable differences was 

detected (p = 0.076). According to recommendations, it should be consid-

ered that a shorter polymerase chain reaction product performs with higher 
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sensitivity but limited resolution between methylation levels because of only 

small difference between methylated and unmethylated DNA. Longer am-

plicons have more distinguishable methylation profiles (249, 252).  

An additional way to confirm the epigenetic findings, although less sensi-

tive, is the usage of multiple independent cohorts (146). A large depository 

of open-access data of DNAm is available through the database ArrayEx-

press (the new BioStudies). This comes with the disadvantage that the co-

horts are characterized by different age, sex, environment and drug use, hav-

ing an effect on DNAm levels. Moreover, some variables, such as cell esti-

mations, may not be available for the deposited dataset. Apart the differ-

ences in cohort design, the validation of the findings in an additional 

population should increase the applicability and biological relevance of the 

differences. In this thesis, the discovery cohort in all studies consisted of 

adolescents, when the developing process of the brain and responsiveness to 

environment are sensitive and active. However, the replication cohorts in-

cluded, in the majority of studies presented in this thesis, adults. In this way 

we could validate our earlier findings irrespective of the maturational pro-

cess in the brain.  

3. Statistics: crucial and decisive for the study findings 

The four studies included in this thesis investigated DNAm shifts in context 

of depression or GAD from different angles and statistics. The pre-

processing of DNAm has no gold standard, so we chose widely-used and 

well-described techniques which include background correction, batch and 

array normalization, and adjustment for type I and type II probes. We con-

ducted two genome-wide, hypothesis-free studies (Study I and III), as well 

as targeted approaches (Study II and IV), applying different statistical mod-

els. Regarding the covariates, in the first two studies, beside age and sex, 

two PCs were added to the model in order to account for variability from 

various sources. They were not further included in the last two studies, to 

avoid overfitting of a relatively small sample size. Moreover, BMI was also 

excluded from the covariates given the homogeneity of the sample. The 

DNAm values were adjusted for blood cell-type proportions (as implement-

ed in minfi) and batch effect, which are believed to give the highest variabil-

ity (235, 253). However, including the PCs may remove the genetic source 

of variability on DNAm, making them good candidates as covariates in the 

model. Another aspect which at the first glance may confuse the researcher 

is the use of different thresholds for significance, i.e. a nominal p-value of 

0.05, a nominal p-value of 1e-4 (Study III), a Bonferroni-adjusted p-value 

(Study I, Study II and Study IV), a FDR-adjusted p-value (Study III), a BH-

adjusted p-value (Study IV). If the number of hypotheses cannot be reduced, 

then corrections for multiple testing should be applied to reduce the number 

of false-positive conclusions and preserve a low rate of false negatives and 



  

 

51 

 

this may differ from one study to the next. The strict Bonferroni adjustment 

has the consequence that a true relation may not be detected (type 2 error). 

Thus, in order to maintain the study power, a sample size calculation includ-

ing the Bonferroni correction is recommended to be performed forehand 

(254). To maintain power, while still limiting type I error, the concept of the 

FDR was proposed by Benjamini and Hochberg (255). FDR procedures aim 

for controlling the proportion of false-positive conclusions, oppositely to the 

Bonferroni correction which controls the probability of at least one false-

positive conclusion. For example, someone may expect to have false-

positive results in at most 5% if Bonferroni is applied, in comparison with 

FDR, which guarantees that on average the false-positive results comprise 

no more than 5% of all positive results obtained. Results obtained using 

FDR correction are less certain than those using Bonferroni correction and 

therefore require follow-up investigations. A comparison of the rates of type 

I and type II error is made when no correction/ Bonferroni/ FDR-based BH 

method for multiple testing is applied (256). If no correction for multiple 

testing is made, 13 out of 100 null-hypotheses would be rejected, of which 

four rejections are wrong, because the null-hypotheses are actually true 

(hence, false-positive conclusions are made). When different p-values are 

corrected against the same threshold (Bonferroni), indeed the type I rate is 

reduced, yet five true conclusions remain undiscovered. In the BH method, 

the p-value threshold becomes less and less stringent as we go from the 

smallest to larger p-values and for the first 15 p-values out of 100 p-values 

there is still no false-positive conclusion, but instead only three false-

negative conclusions. 

4. Adjusting for cell-type proportions in whole blood  

Independently from the phenotype in focus, most epigenome-wide studies 

investigate DNAm variation measured in whole blood or buccal epithelial 

tissue due to the easy accessibility and availability (257). This way the pen-

alty of multiple testing when comparing DNAm across ~ 850,000 sites can 

be overcome by analyzing a larger sample size (258). However, unlike 

germline genetic variation, DNAm signatures are tissue- and cell type-

specific (259). A major problem is that DNAm profiling obtained from 

“bulk” tissues, such as whole blood, is an aggregate of the profiles of the 

constituent cell types weighted by their abundance. Importantly, the relative 

proportions of the different cell types can be changed by external factors, 

such as smoking (260) and age (259). For instance, the estimated leukocyte 

population in whole blood changes just 160 min after meal and these quanti-

tative changes in cell types explained >99% of the estimated DNAm shifts 

(182). Several bioinformatics techniques were developed to address and 

adjust the DNAm analyses for differences in cell-type composition, such as 

the method implemented in the minfi R package, the reference-based statisti-
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cal method that accurately estimate relative proportions of cell type compo-

nents in whole blood developed by Houseman et al., a similar methodology 

to estimate neuron and non-neuron components in brain samples developed 

by Guintivano (163), and some reference-free techniques, such as FaST-

LMM-EWASher, RefFreeEWAS and SVA (surrogate variable analysis). In 

particular, SVA outperforms the other methods, having consistently higher 

sensitivity and specificity. It was shown that CpGs identified via SVA over-

lapped with those from the Houseman et al. method, minfi and RefFreeE-

WAS (p-value < 0.0001). The Houseman et al. approach was designed for 

the Illumina 27K beadchip array and may not be suitable for the HM450 

array, however, the modification of the Houseman et al. approach imple-

mented in the minfi package is suitable for both 27K and HM450 array 

(261). The reference data were from six adult white European males. Given 

that DNAm patterns vary by sex, age and ancestry, the algorithm should be 

used with caution in non-European of mixed ages and sexes. There is anoth-

er method by which cell-type differences can be taken into account, namely 

PC analysis. It comprises the calculation of PC on the most highly-variable 

CpG sites between cell types. The PCs explaining the higher variability of 

the phenotype can then be included as covariates in the analysis to account 

for cell proportions of individual samples (262). In Study I and II, we in-

cluded the first two PCs in our models, although the DNAm values were 

adjusted as well for cell-type differences. 

5. Interpretation of the biological relevance of findings in the 

brain 

The interpretation of the findings in blood for psychiatric-related outcomes 

is definitely challenging. The collection of the disease-relevant, target tissue 

would allow for a direct analysis of epigenetic signatures that may be in-

volved in the underlying phenotypic biology. However, the access to the 

target tissue, especially brain tissue, may be impossible or it would be very 

hard to collect good quality and quantity of postmortem samples for analysis 

(263). Whole blood is undoubtedly the easiest tissue to sample with a mini-

mally invasive collection procedure. It is worth to mention that if the aim of 

the study is to identify biomarkers, then easily-accessible tissues which show 

good sensitivity and specificity for patients at risk are a main requirement. In 

our studies, the aim was to identify differential DNAm and ncRNA patterns 

as potential mechanisms in psychiatric-related conditions. Thus, we used 

available data generated by big consortia such as GTEx, the FANTOM5 

project and the ENCODE database. We cross-checked chromatin states, 

eQTL effects, long-range interactions and gene expression in various tissues, 

to be able to detect context-dependent effects. Moreover, we translated our 
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findings in whole blood to brain, by using data tools created previously and 

by validating the results in post-mortem brain tissues.  

The choice of the analyzed tissue as substitute for brain is important, as 

patterns of epigenetic covariation are tissue specific and not shared between 

the peripheral tissues. A recent study included 21 subjects of whom live 

brain, saliva, blood and buccal samples were collected and analyzed by the 

Illumina EPIC array. The cross-tissue correlations of DNAm levels were 

assessed in two ways: one by averaging the DNAm values across all indi-

viduals and then looking at the cross-tissue correlations and one looking at 

the CpG variability inter-individually (264). The highest correlation between 

DNAm patterns was between brain and saliva rather than blood, when 

DNAm was averaged, similar to previous studies (162, 264). However, when 

looking at individual CpGs within a subject, the higher proportion of corre-

lating CpG sites was seen for blood and brain tissue. These findings suggest 

that the DNAm correlations may be specific to an individual tissue 

cell/region or at the very least have differing magnitudes of effect across 

cell-types and tissues, as a consequence of a given factor (e.g. environment, 

disease or genotype).  

6. Importance of stratifying on sex and analysing sex-by-disease 

interaction  

Depression and anxiety are characterized by a strong sex difference includ-

ing different prevalence, age of onset, symptom severity, and responses to 

medications (265). Epigenetic modifications of DNA in response to envi-

ronmental stressors are attractive candidates to explain sexual differences 

and DNAm has been demonstrated to play a crucial role in male and female 

differences in human brain functions and vulnerability to diseases (Figure 

11) (266-269). For instance, the meta-analysis conducted by McCarthy et al. 

(270) on multiple tissues including brain, identified sex-specific methylated 

genes related to immune response, RNA splicing, and DNA repair. In two 

other studies, Xu et al. and Spiers et al. (271, 272) conducted sex-differential 

methylation analyses in fetal brain and found similar results, suggesting that 

sex differences in the brain methylome occur mostly early in fetal develop-

ment and are stable throughout life. Although these sex differences in 

DNAm signatures for risk of depression are well established, their etiology 

is not well understood. Early life stress affects the HPA axis and may induce 

sex differences in the psychopathology of psychiatric disorders through epi-

genetic mechanisms. Maternal separation of rat pups leads to higher exon 

methylation and lower expression of Bdnf in adulthood (273). These effects 

on gene expression are significantly greater in females than in males (274). 

In humans, McGowan et al. observed that adult male suicide victims with a 

history of childhood abuse had NR3C1 hypermethylation compared to sui-
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cide victims without a history of abuse or non-suicidal postmortem controls 

(275). Importantly, increased NR3C1 DNAm levels were only seen in girls 

when their mothers had reported lower maternal depression scores during 

pregnancy, while no evidence of such a relation was observed in boys (276). 

Another study demonstrated a sex-specific increased methylation at five 

contiguous CpG sites within the promoter region of the SLC6A4 gene in 

peripheral blood cells and postmortem brain tissue of women compared to 

men (277). Taken together, it is suggested that prenatal stressors and mater-

nal depression, produce different epigenetic and early behavioral outcomes 

in males and females.  

 

 
 

 

 

 

 

 

 

Figure 11. Schematic model of the contribution of environmental factors to sex-differentially 

DNAm to sex-related differences in psychiatric outcomes.  

In our studies, the proportion of females was higher in the discovery cohort. 

Since the statistical power was limited, we were not able to identify sex-

specific effects. Also, comparing DNAm levels with the psychiatric-related 

status between the sexes by including an interaction term would require a 

much larger sample size than detecting the main effect with the same magni-

tude (278). We therefore cannot discuss the impact of sex on depression or 

GAD for our studies. 

7. Adolescents and health prevention 

The discovery cohort throughout the studies included adolescents. The ad-

vantages of studying adolescents are that their epigenetics is not confounded 

by treatment effects and presence of multiple conditions and that the analysis 

provides information about the natural and adaptive process. If followed-up 

over the years, potential mediating factors and interactions may be uncov-

ered. Taking anxiety as an example, a symptom progression model over the 

time includes the pre-existing background (genetics, perinatal factors, envi-

ronment) and adds the symptom evolution from initially transient to more 

persistent and pronounced conditions. An early recognition of the psychiat-

ric-related symptoms and their treatment will result in lower societal and 

health care costs, because a targeted intervention at a good time may reduce 

substantially the future burden. Young people do not seek and access profes-

sional care, mostly because of stigma, embarrassment, lack of knowledge 
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about mental health, difficulties with recognising problems and a desire to 

deal with difficulties themselves (279). Some strategies may improve to 

close the gap between high prevalence of mental disorders and low treatment 

utilisation, such as providing services within the school environment and 

equipping youths with free digital tools might increase access to support for 

mental health problems and the possibility to help themselves. Lastly, re-

search should focus more on individuals at young age, track their mental 

health over time and assess the risk factors for mental conditions until a di-

agnosis is made.  

8. Strengths and limitations of the studies 

The studies included in this thesis should be seen in the light of some limita-

tions. Except of Study III, the psychiatric-related phenotype was assessed by 

the standardized DAWBA self-reported questionnaire. Given that the study 

participants were adolescents, it was considered that they are mature enough 

to assess own feelings and mood. Only a sub-sample of individuals had the 

scores generated based on both adolescent and parent questionnaires. How-

ever, we adjust for this potential bias by controlling for this difference in our 

analysis. In addition, the separate analysis including only the complete 

DAWBA general band score, based on both adolescent and parent question-

naires, confirmed the identified association using all DAWBA scores (Study 

I). In Study III, the psychiatric phenotype was assessed using two question-

naires, i.e. the MADRS-S and DAWBA depression band, increasing the 

sensitivity of the analysis. 

Although our results were validated across multiple and various cohorts 

increasing the specificity of the findings, the cohorts varied in age and sex 

distribution. These two confounders were taken into account for DNAm by 

adjusting the statistical analyses. A strength of the meQTL analyses is that 

meQTL CpGs appear to be stable over the time and most age-related DNAm 

shifts occur mostly during the adolescence than in adulthood (280). The 

eQTL analyses in Study IV were adjusted for multiple comparisons using 

the stringent Bonferroni method, however, they were not replicated in anoth-

er cohort. It should also be noted that, in comparison with adolescents that 

were free of medication with psychotropic effects, DNAm levels of adults in 

the replication cohorts may be modulated by pharmacological treatment.  

Study III was conducted using a longitudinal approach, giving the possi-

bility to analyze changes in DNAm related to depression over 1-year win-

dow, while in the other studies, an observational approach was applied. In all 

studies, DNAm differences for the analyzed phenotype were rather small 

(<10%) similar to other studies investigating DNAm for other outcomes than 

cancer. Leenen et al. argued that even small methylation shifts (1–5%) could 

translate into major consequences for gene expression, especially in complex 

multifactorial conditions like depression or schizophrenia (281). Lastly, 
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these small differences could not be statistically validated by pyrosequenc-

ing, possibly due to the limit of detection of the method. Importantly, in all 

studies, the functional relevance of the findings in whole blood was assessed 

in the brain tissue, by using pre-defined databases or open-access cohorts 

containing brain samples.   

9. Perspectives 

The studies included in this thesis have contributed to extend our knowledge 

on DNAm, meQTL and eQTL in context of psychiatric disorders, with focus 

on depression and GAD. The biological functionality and their regulatory 

role in transcriptional processes were assessed through the use of multi-

tissue cohorts and bioinformatics resources. Our results support the accumu-

lating evidence that genetic variants partly reflect epigenetic mechanisms for 

neuropathogeneses (117, 282). meQTL CpGs may have a complex regula-

tion on the transcriptional level of the genes that have been demonstrated to 

be implicated in psychiatric conditions. meQTL should always be taken into 

account when DNAm is investigated. Importantly, findings which result 

from whole blood as proxy for the brain tissue can be relevant if they are 

functionally translated and validated in the brain. The identified eQTLs for 

miRNA may have a complex functional role and they should be studied in 

future studies related to mental conditions. miRNAs have the ability to 

change the regulation of a whole mechanistic pathway and thus, they may be 

seen as novel treatment against psychiatric conditions.  

During the learning process throughout this PhD, I have understood that 

the statistical model behind an analysis represents the most important deci-

sion for the study results. The biggest challenge that I encountered was to 

make the right decision regarding the statistical model. I believe that a 

standardized protocol summarizing a methodological pipeline would help 

future researchers to make a better decision depending on the study design 

and outcome. Of course, a researcher can read the huge amount of literature 

inferring advantages and disadvantages of the usage of different statistical 

methods, but the decision is still to be made by the individual scientist.  

At the end of this intense and challenging period of PhD which encom-

passes quite lot of time of my life, I am glad that I managed to find myself in 

this point of writing the final thesis and looking with hope and light to future 

opportunities. I am grateful for what I have learned and achieved during the 

PhD time and I project myself working with better defined goals and con-

tributing to more “applied” objectives. 



  

 

57 

 

Acknowledgements 

I would like to thank all people and colleagues that made my PhD life and 

struggle more enjoyable. 

I would like to thank Helgi B. Schiöth for offering me the chance and trust to 

learn and explore many pathways during the PhD and for being enthusiastic 

about the research results. I wish to thank Jessica Mwinyi, for giving me 

invaluable help and input to write my papers. I really appreciate your sup-

port. A big thanks to Sarah Voisin for your time and patience to read my 

papers and give advice on how to improve my work. Thank you, Mathias 

Rask-Andersen and Daniil Sarkisyan, for valuable inspiration and discus-

sions. 

A special thanks to Mariana Hooli, my relaxing oasis when I felt that I could 

not continue anymore, for listening and encouraging me all the time. Many 

thanks to Maria Lindermann, for your humanity and your advice and sup-

port. Thanks to Berit Hård-Wallenqvist and Eva-Lena Wahlberg for helping 

out with administration and kindness. 

Thank you to the helpful and wonderful friends and colleagues that I have 

met during my PhD: Gaia, Richelle, Misty, Farah, Anna-Kaisa, Nipuni, 

Xiao, Adrian, Helena, Ahmad, Simon, Alina. 

Mulțumesc părinților că ați crezut și ați susținut visurile mele, dar mai ales 

pentru că mi-ați fost alături în toate momentele. Mami, mulțumesc pentru 

empatie, sprijinul moral și pentru că te-am simțit mereu aproape de mine, de 

la mii de kilometri distanță. Tati, pentru puterea și disciplina pe care mi le-ai 

transmis. Mulțumesc fratelui meu, pentru continua încurajare că pot realiza 

mai mult. 

To my daughter Astrid Maria who taught me real love, engagement and 

strength! 

Alexandru. My man. Thank you for making me laugh every day and show-

ing me a different angle to look at the things. You bring equilibrium and joy 

in my tumultuous life. 



58 

References 

1. [WHO] WHO. International statistical classification of diseases and health 
related problems (10th ed.). Geneva, Switzerland2004. 

2. Association AP. Diagnostic and statistical manual of mental disorders (5th 
ed) Washington, DC2013. 

3. England PH. Severe mental illness (SMI) and physical health inequalities: 
briefing. England2018. 

4. Hoang U, Goldacre M, James A. Mortality following hospital discharge with 
a diagnosis of eating disorder: national record linkage study, England, 2001-
2009. The International journal of eating disorders. 2014;47(5):507-15. 

5. Bromet E, Andrade LH, Hwang I, Sampson NA, Alonso J, de Girolamo G, et 
al. Cross-national epidemiology of DSM-IV major depressive episode. BMC 
medicine. 2011;9:90. 

6. Moffitt TE, Caspi A, Taylor A, Kokaua J, Milne BJ, Polanczyk G, et al. How 
common are common mental disorders? Evidence that lifetime prevalence 
rates are doubled by prospective versus retrospective ascertainment. Psycho-
logical medicine. 2010;40(6):899-909. 

7. Wittchen HU. Generalized anxiety disorder: prevalence, burden, and cost to 
society. Depression and anxiety. 2002;16(4):162-71. 

8. Carter RM, Wittchen HU, Pfister H, Kessler RC. One-year prevalence of 
subthreshold and threshold DSM-IV generalized anxiety disorder in a nation-
ally representative sample. Depression and anxiety. 2001;13(2):78-88. 

9. Le Roux H, Gatz M, Wetherell JL. Age at onset of generalized anxiety disor-
der in older adults. The American journal of geriatric psychiatry : official 
journal of the American Association for Geriatric Psychiatry. 2005;13(1):23-
30. 

10. Global, regional, and national incidence, prevalence, and years lived with 
disability for 354 diseases and injuries for 195 countries and territories, 1990-
2017: a systematic analysis for the Global Burden of Disease Study 2017. 
Lancet (London, England). 2018;392(10159):1789-858. 

11. Vos T, Flaxman AD, Naghavi M, Lozano R, Michaud C, Ezzati M, et al. 
Years lived with disability (YLDs) for 1160 sequelae of 289 diseases and in-
juries 1990-2010: a systematic analysis for the Global Burden of Disease 
Study 2010. Lancet (London, England). 2012;380(9859):2163-96. 

12. Ruscio AM, Hallion LS, Lim CCW, Aguilar-Gaxiola S, Al-Hamzawi A, 
Alonso J, et al. Cross-sectional Comparison of the Epidemiology of DSM-5 
Generalized Anxiety Disorder Across the Globe. JAMA psychiatry. 
2017;74(5):465-75. 

13. Malhi GS, Mann JJ. Depression. The Lancet. 2018;392(10161):2299-312. 
14. McLean CP, Asnaani A, Litz BT, Hofmann SG. Gender differences in anxie-

ty disorders: Prevalence, course of illness, comorbidity and burden of illness. 
Journal of Psychiatric Research. 2011;45(8):1027-35. 



  

 

59 

 

15. Kuehner C. Why is depression more common among women than among 
men? The lancet Psychiatry. 2017;4(2):146-58. 

16. Penninx BW, Nolen WA, Lamers F, Zitman FG, Smit JH, Spinhoven P, et al. 
Two-year course of depressive and anxiety disorders: results from the Neth-
erlands Study of Depression and Anxiety (NESDA). Journal of affective dis-
orders. 2011;133(1-2):76-85. 

17. Hovens JG, Giltay EJ, Wiersma JE, Spinhoven P, Penninx BW, Zitman FG. 
Impact of childhood life events and trauma on the course of depressive and 
anxiety disorders. Acta psychiatrica Scandinavica. 2012;126(3):198-207. 

18. Wittchen HU, Hoyer J. Generalized anxiety disorder: nature and course. The 
Journal of clinical psychiatry. 2001;62 Suppl 11:15-9; discussion 20-1. 

19. Wittchen HU, Zhao S, Kessler RC, Eaton WW. DSM-III-R generalized anxi-
ety disorder in the National Comorbidity Survey. Archives of general psychi-
atry. 1994;51(5):355-64. 

20. The global burden of disease: 2004 update [Internet]. World Health Organi-
zation. 2008. 

21. Smith K. Mental health: A world of depression. Nature. 2014;515(7526):180-
1. 

22. Suicide [Internet]. 2016. Available from:  
 http://www.who.int/topics/suicide/en/. 
23. Chesney E, Goodwin GM, Fazel S. Risks of all-cause and suicide mortality 

in mental disorders: a meta-review. World psychiatry : official journal of the 
World Psychiatric Association (WPA). 2014;13(2):153-60. 

24. Penninx BWJH, Milaneschi Y, Lamers F, Vogelzangs N. Understanding the 
somatic consequences of depression: biological mechanisms and the role of 
depression symptom profile. BMC medicine. 2013;11(1):129. 

25. Walker ER, McGee RE, Druss BG. Mortality in mental disorders and global 
disease burden implications: a systematic review and meta-analysis. JAMA 
psychiatry. 2015;72(4):334-41. 

26. Aquin JP, El-Gabalawy R, Sala T, Sareen J. Anxiety Disorders and General 
Medical Conditions: Current Research and Future Directions. Focus (Ameri-
can Psychiatric Publishing). 2017;15(2):173-81. 

27. Bhattacharya R, Shen C, Sambamoorthi U. Excess risk of chronic physical 
conditions associated with depression and anxiety. BMC Psychiatry. 
2014;14(1):10. 

28. Scott KM, Bruffaerts R, Tsang A, Ormel J, Alonso J, Angermeyer MC, et al. 
Depression-anxiety relationships with chronic physical conditions: results 
from the World Mental Health Surveys. Journal of affective disorders. 
2007;103(1-3):113-20. 

29. Wittchen HU, Carter RM, Pfister H, Montgomery SA, Kessler RC. Disabili-
ties and quality of life in pure and comorbid generalized anxiety disorder and 
major depression in a national survey. International clinical psychopharma-
cology. 2000;15(6):319-28. 

30. Plana-Ripoll O, Pedersen CB, Holtz Y, Benros ME, Dalsgaard S, de Jonge P, 
et al. Exploring Comorbidity Within Mental Disorders Among a Danish Na-
tional Population. JAMA psychiatry. 2019;76(3):259-70. 

31. Malhi GS, Mann JJ. Depression. Lancet (London, England). 
2018;392(10161):2299-312. 

32. Casey BJ, Jones RM, Hare TA. The adolescent brain. Annals of the New 
York Academy of Sciences. 2008;1124:111-26. 

http://www.who.int/topics/suicide/en/


60 

33. Giedd JN, Blumenthal J, Jeffries NO, Castellanos FX, Liu H, Zijdenbos A, et 
al. Brain development during childhood and adolescence: a longitudinal MRI 
study. Nature neuroscience. 1999;2(10):861-3. 

34. Huttenlocher PR, Dabholkar AS. Regional differences in synaptogenesis in 
human cerebral cortex. The Journal of comparative neurology. 
1997;387(2):167-78. 

35. Lee KH, Yoo JH, Lee J, Kim SH, Han JY, Hong S-B, et al. The indirect 
effect of peer problems on adolescent depression through nucleus accumbens 
volume alteration. Scientific reports. 2020;10(1):12870. 

36. van Dijk MT, Murphy E, Posner JE, Talati A, Weissman MM. Association of 
Multigenerational Family History of Depression With Lifetime Depressive 
and Other Psychiatric Disorders in Children: Results from the Adolescent 
Brain Cognitive Development (ABCD) Study. JAMA psychiatry. 
2021;78(7):778-87. 

37. McLaughlin KA, Hatzenbuehler ML. Stressful Life Events, Anxiety Sensitiv-
ity, and Internalizing Symptoms in Adolescents. Journal of abnormal psy-
chology. 2009;118(3):659-69. 

38. Rosenberg DR, Lewis DA. Postnatal maturation of the dopaminergic inner-
vation of monkey prefrontal and motor cortices: A tyrosine hydroxylase im-
munohistochemical analysis. Journal of Comparative Neurology. 1995;358. 

39. Andersen SL, Teicher MH. Stress, sensitive periods and maturational events 
in adolescent depression. Trends in neurosciences. 2008;31(4):183-91. 

40. Hankin BL, Abramson LY, Moffitt TE, Silva PA, McGee R, Angell KE. 
Development of depression from preadolescence to young adulthood: emerg-
ing gender differences in a 10-year longitudinal study. Journal of abnormal 
psychology. 1998;107(1):128-40. 

41. Pine DS, Cohen P, Gurley D, Brook J, Ma Y. The risk for early-adulthood 
anxiety and depressive disorders in adolescents with anxiety and depressive 
disorders. Arch Gen Psychiatry. 1998;55(1):56-64. 

42. Naylor M PD, McDaid M, Knapp M, Fossey A Galea. Long-term conditions 
and mental health: The cost of co-morbidities. The King's Fund. 2012. 

43. Fergusson DM, Woodward LJ. Mental health, educational, and social role 
outcomes of adolescents with depression. Archives of General Psychiatry. 
2002;59(3):225-31. 

44. Folkhälsorapporten. The Swedish National Board of Health and Welfare. 
2009  

45. Gavin DP, Chase KA, Sharma RP. Active DNA demethylation in post-
mitotic neurons: a reason for optimism. Neuropharmacology. 2013;75:233-
45. 

46. Hyman SE. Revitalizing psychiatric therapeutics. Neuropsychopharmacology 
: official publication of the American College of Neuropsychopharmacology. 
2014;39(1):220-9. 

47. Piletič K, Kunej T. MicroRNA epigenetic signatures in human disease. Ar-
chives of toxicology. 2016;90(10):2405-19. 

48. Schübeler D. Function and information content of DNA methylation. Nature. 
2015;517(7534):321-6. 

49. Guo JU, Su Y, Shin JH, Shin J, Li H, Xie B, et al. Distribution, recognition 
and regulation of non-CpG methylation in the adult mammalian brain. Nature 
neuroscience. 2014;17(2):215-22. 

50. Barrès R, Osler ME, Yan J, Rune A, Fritz T, Caidahl K, et al. Non-CpG 
methylation of the PGC-1alpha promoter through DNMT3B controls mito-
chondrial density. Cell metabolism. 2009;10(3):189-98. 



  

 

61 

 

51. Lister R, Pelizzola M, Dowen RH, Hawkins RD, Hon G, Tonti-Filippini J, et 
al. Human DNA methylomes at base resolution show widespread epigenomic 
differences. Nature. 2009;462(7271):315-22. 

52. Kaneda M, Sado T, Hata K, Okano M, Tsujimoto N, Li E, et al. Role of de 
novo DNA methyltransferases in initiation of genomic imprinting and X-
chromosome inactivation. Cold Spring Harbor symposia on quantitative biol-
ogy. 2004;69:125-9. 

53. Leonhardt H, Page AW, Weier HU, Bestor TH. A targeting sequence directs 
DNA methyltransferase to sites of DNA replication in mammalian nuclei. 
Cell. 1992;71(5):865-73. 

54. Okano M, Bell DW, Haber DA, Li E. DNA methyltransferases Dnmt3a and 
Dnmt3b are essential for de novo methylation and mammalian development. 
Cell. 1999;99(3):247-57. 

55. Fatemi M, Hermann A, Pradhan S, Jeltsch A. The activity of the murine 
DNA methyltransferase Dnmt1 is controlled by interaction of the catalytic 
domain with the N-terminal part of the enzyme leading to an allosteric acti-
vation of the enzyme after binding to methylated DNA. Journal of molecular 
biology. 2001;309(5):1189-99. 

56. Deaton AM, Bird A. CpG islands and the regulation of transcription. Genes 
& development. 2011;25(10):1010-22. 

57. Jaenisch R, Bird A. Epigenetic regulation of gene expression: how the ge-
nome integrates intrinsic and environmental signals. Nature genetics. 
2003;33(3):245-54. 

58. Li E, Beard C, Jaenisch R. Role for DNA methylation in genomic imprinting. 
Nature. 1993;366(6453):362-5. 

59. Eckhardt F, Lewin J, Cortese R, Rakyan VK, Attwood J, Burger M, et al. 
DNA methylation profiling of human chromosomes 6, 20 and 22. Nature ge-
netics. 2006;38(12):1378-85. 

60. Avrahami D, Kaestner KH. The dynamic methylome of islets in health and 
disease. Molecular metabolism. 2019;27s(Suppl):S25-s32. 

61. Ziller MJ, Gu H, Müller F, Donaghey J, Tsai LTY, Kohlbacher O, et al. 
Charting a dynamic DNA methylation landscape of the human genome. Na-
ture. 2013;500(7463):477-81. 

62. Jones PA. Functions of DNA methylation: islands, start sites, gene bodies 
and beyond. Nature Reviews Genetics. 2012;13(7):484-92. 

63. Jones PA. Functions of DNA methylation: islands, start sites, gene bodies 
and beyond. Nature Reviews Genetics. 2012;13:484. 

64. Greenberg MVC, Bourc’his D. The diverse roles of DNA methylation in 
mammalian development and disease. Nature Reviews Molecular Cell Biolo-
gy. 2019;20(10):590-607. 

65. Zhu H, Wang G, Qian J. Transcription factors as readers and effectors of 
DNA methylation. Nature Reviews Genetics. 2016;17(9):551-65. 

66. Alharbi AB, Schmitz U, Bailey CG, Rasko JEJ. CTCF as a regulator of alter-
native splicing: new tricks for an old player. Nucleic acids research. 
2021;49(14):7825-38. 

67. Wong JJL, Gao D, Nguyen TV, Kwok C-T, van Geldermalsen M, Middleton 
R, et al. Intron retention is regulated by altered MeCP2-mediated splicing 
factor recruitment. Nature communications. 2017;8(1):15134. 

68. Nilsen TW, Graveley BR. Expansion of the eukaryotic proteome by alterna-
tive splicing. Nature. 2010;463(7280):457-63. 



62 

69. McCartney DL, Hillary RF, Stevenson AJ, Ritchie SJ, Walker RM, Zhang Q, 
et al. Epigenetic prediction of complex traits and death. Genome biology. 
2018;19(1):136. 

70. Hamilton OKL, Zhang Q, McRae AF, Walker RM, Morris SW, Redmond P, 
et al. An epigenetic score for BMI based on DNA methylation correlates with 
poor physical health and major disease in the Lothian Birth Cohort. Interna-
tional Journal of Obesity. 2019;43(9):1795-802. 

71. Miller CA, Sweatt JD. Covalent modification of DNA regulates memory 
formation. Neuron. 2007;53(6):857-69. 

72. Heijmans BT, Tobi EW, Stein AD, Putter H, Blauw GJ, Susser ES, et al. 
Persistent epigenetic differences associated with prenatal exposure to famine 
in humans. Proc Natl Acad Sci U S A. 2008;105(44):17046-9. 

73. Breitling LP, Yang R, Korn B, Burwinkel B, Brenner H. Tobacco-smoking-
related differential DNA methylation: 27K discovery and replication. Ameri-
can journal of human genetics. 2011;88(4):450-7. 

74. Teschendorff AE, West J, Beck S. Age-associated epigenetic drift: implica-
tions, and a case of epigenetic thrift? Human molecular genetics. 
2013;22(R1):R7-r15. 

75. Takeuchi N, Nonen S, Kato M, Wakeno M, Takekita Y, Kinoshita T, et al. 
Therapeutic Response to Paroxetine in Major Depressive Disorder Predicted 
by DNA Methylation. Neuropsychobiology. 2017;75(2):81-8. 

76. Voisin S, Eynon N, Yan X, Bishop DJ. Exercise training and DNA methyla-
tion in humans. Acta physiologica (Oxford, England). 2015;213(1):39-59. 

77. Joubert BR, Felix JF, Yousefi P, Bakulski KM, Just AC, Breton C, et al. 
DNA Methylation in Newborns and Maternal Smoking in Pregnancy: Ge-
nome-wide Consortium Meta-analysis. American journal of human genetics. 
2016;98(4):680-96. 

78. Marioni RE, Shah S, McRae AF, Chen BH, Colicino E, Harris SE, et al. 
DNA methylation age of blood predicts all-cause mortality in later life. Ge-
nome biology. 2015;16(1):25. 

79. Nagy C, Vaillancourt K, Turecki G. A role for activity-dependent epigenetics 
in the development and treatment of major depressive disorder. Genes, brain, 
and behavior. 2018;17(3):e12446. 

80. Habano W, Kawamura K, Iizuka N, Terashima J, Sugai T, Ozawa S. Analy-
sis of DNA methylation landscape reveals the roles of DNA methylation in 
the regulation of drug metabolizing enzymes. Clinical Epigenetics. 
2015;7(1):105. 

81. Davies MN, Volta M, Pidsley R, Lunnon K, Dixit A, Lovestone S, et al. 
Functional annotation of the human brain methylome identifies tissue-
specific epigenetic variation across brain and blood. Genome biology. 
2012;13(6):R43. 

82. Gertz J, Varley KE, Reddy TE, Bowling KM, Pauli F, Parker SL, et al. Anal-
ysis of DNA methylation in a three-generation family reveals widespread ge-
netic influence on epigenetic regulation. PLoS genetics. 2011;7(8):e1002228. 

83. Cheung WA, Shao X, Morin A, Siroux V, Kwan T, Ge B, et al. Correction 
to: Functional variation in allelic methylomes underscores a strong genetic 
contribution and reveals novel epigenetic alterations in the human epige-
nome. Genome biology. 2019;20(1):89. 

84. van Dongen J, Nivard MG, Willemsen G, Hottenga J-J, Helmer Q, Dolan 
CV, et al. Genetic and environmental influences interact with age and sex in 
shaping the human methylome. Nature communications. 2016;7(1):11115. 



  

 

63 

 

85. van Dongen J, Nivard MG, Willemsen G, Hottenga JJ, Helmer Q, Dolan CV, 
et al. Genetic and environmental influences interact with age and sex in shap-
ing the human methylome. Nature communications. 2016;7:11115. 

86. Gibbs JR, van der Brug MP, Hernandez DG, Traynor BJ, Nalls MA, Lai SL, 
et al. Abundant quantitative trait loci exist for DNA methylation and gene 
expression in human brain. PLoS genetics. 2010;6(5):e1000952. 

87. Gaunt TR, Shihab HA, Hemani G, Min JL, Woodward G, Lyttleton O, et al. 
Systematic identification of genetic influences on methylation across the hu-
man life course. Genome biology. 2016;17(1):61. 

88. Chen L, Ge B, Casale FP, Vasquez L, Kwan T, Garrido-Martín D, et al. Ge-
netic Drivers of Epigenetic and Transcriptional Variation in Human Immune 
Cells. Cell. 2016;167(5):1398-414.e24. 

89. Hannon E, Weedon M, Bray N, O'Donovan M, Mill J. Pleiotropic Effects of 
Trait-Associated Genetic Variation on DNA Methylation: Utility for Refin-
ing GWAS Loci. American journal of human genetics. 2017;100(6):954-9. 

90. Pierce BL, Tong L, Argos M, Demanelis K, Jasmine F, Rakibuz-Zaman M, 
et al. Co-occurring expression and methylation QTLs allow detection of 
common causal variants and shared biological mechanisms. Nature commu-
nications. 2018;9(1):804. 

91. Smith AK, Kilaru V, Kocak M, Almli LM, Mercer KB, Ressler KJ, et al. 
Methylation quantitative trait loci (meQTLs) are consistently detected across 
ancestry, developmental stage, and tissue type. BMC genomics. 2014;15:145. 

92. Mattick JS, Makunin IV. Non-coding RNA. Human molecular genetics. 
2006;15 Spec No 1:R17-29. 

93. Hombach S, Kretz M. Non-coding RNAs: Classification, Biology and Func-
tioning. Advances in experimental medicine and biology. 2016;937:3-17. 

94. Esteller M. Non-coding RNAs in human disease. Nature reviews Genetics. 
2011;12(12):861-74. 

95. Fiore R, Schratt G. MicroRNAs in vertebrate synapse development. TheSci-
entificWorldJournal. 2007;7:167-77. 

96. Schratt GM, Tuebing F, Nigh EA, Kane CG, Sabatini ME, Kiebler M, et al. 
A brain-specific microRNA regulates dendritic spine development. Nature. 
2006;439(7074):283-9. 

97. Tang X, Gal J, Zhuang X, Wang W, Zhu H, Tang G. A simple array platform 
for microRNA analysis and its application in mouse tissues. RNA (New 
York, NY). 2007;13(10):1803-22. 

98. Statello L, Guo C-J, Chen L-L, Huarte M. Gene regulation by long non-
coding RNAs and its biological functions. Nature Reviews Molecular Cell 
Biology. 2021;22(2):96-118. 

99. Schmitz KM, Mayer C, Postepska A, Grummt I. Interaction of noncoding 
RNA with the rDNA promoter mediates recruitment of DNMT3b and silenc-
ing of rRNA genes. Genes & development. 2010;24(20):2264-9. 

100. O'Leary VB, Ovsepian SV, Carrascosa LG, Buske FA, Radulovic V, Niyazi 
M, et al. PARTICLE, a Triplex-Forming Long ncRNA, Regulates Locus-
Specific Methylation in Response to Low-Dose Irradiation. Cell reports. 
2015;11(3):474-85. 

101. Mondal T, Subhash S, Vaid R, Enroth S, Uday S, Reinius B, et al. MEG3 
long noncoding RNA regulates the TGF-β pathway genes through formation 
of RNA-DNA triplex structures. Nature communications. 2015;6:7743. 

102. Hanin G, Shenhar-Tsarfaty S, Yayon N, Yau YH, Bennett ER, Sklan EH, et 
al. Competing targets of microRNA-608 affect anxiety and hypertension. 
Human molecular genetics. 2014;23(17):4569-80. 



64 

103. Sun BK, Tsao H. Small RNAs in development and disease. Journal of the 
American Academy of Dermatology. 2008;59(5):725-37; quiz 38-40. 

104. Lizio M, Harshbarger J, Shimoji H, Severin J, Kasukawa T, Sahin S, et al. 
Gateways to the FANTOM5 promoter level mammalian expression atlas. 
Genome biology. 2015;16(1):22. 

105. Siggens L, Ekwall K. Epigenetics, chromatin and genome organization: re-
cent advances from the ENCODE project. Journal of internal medicine. 
2014;276(3):201-14. 

106. Pidsley R, Zotenko E, Peters TJ, Lawrence MG, Risbridger GP, Molloy P, et 
al. Critical evaluation of the Illumina MethylationEPIC BeadChip microarray 
for whole-genome DNA methylation profiling. Genome biology. 
2016;17(1):208. 

107. Bibikova M, Barnes B, Tsan C, Ho V, Klotzle B, Le JM, et al. High density 
DNA methylation array with single CpG site resolution. Genomics. 
2011;98(4):288-95. 

108. Pidsley R, Zotenko E, Peters TJ, Lawrence MG, Risbridger GP, Molloy P, et 
al. Critical evaluation of the Illumina MethylationEPIC BeadChip microarray 
for whole-genome DNA methylation profiling. Genome biology. 
2016;17(1):208. 

109. Zhou W, Laird PW, Shen H. Comprehensive characterization, annotation and 
innovative use of Infinium DNA methylation BeadChip probes. Nucleic ac-
ids research. 2017;45(4):e22. 

110. Sandoval J, Heyn H, Moran S, Serra-Musach J, Pujana MA, Bibikova M, et 
al. Validation of a DNA methylation microarray for 450,000 CpG sites in the 
human genome. Epigenetics. 2011;6(6):692-702. 

111. Higa-McMillan CK, Francis SE, Rith-Najarian L, Chorpita BF. Evidence 
Base Update: 50 Years of Research on Treatment for Child and Adolescent 
Anxiety. Journal of clinical child and adolescent psychology : the official 
journal for the Society of Clinical Child and Adolescent Psychology, Ameri-
can Psychological Association, Division 53. 2016;45(2):91-113. 

112. Melnyk BM. Reducing Healthcare Costs for Mental Health Hospitalizations 
With the Evidence-based COPE Program for Child and Adolescent Depres-
sion and Anxiety: A Cost Analysis. Journal of pediatric health care : official 
publication of National Association of Pediatric Nurse Associates & Practi-
tioners. 2020;34(2):117-21. 

113. Leaf PJ, Alegria M, Cohen P, Goodman SH, Horwitz SM, Hoven CW, et al. 
Mental health service use in the community and schools: results from the 
four-community MECA Study. Methods for the Epidemiology of Child and 
Adolescent Mental Disorders Study. Journal of the American Academy of 
Child and Adolescent Psychiatry. 1996;35(7):889-97. 

114. Goodman A, Heiervang E, Collishaw S, Goodman R. The 'DAWBA bands' 
as an ordered-categorical measure of child mental health: description and val-
idation in British and Norwegian samples. Social psychiatry and psychiatric 
epidemiology. 2011;46(6):521-32. 

115. Fantino B, Moore N. The self-reported Montgomery-Asberg Depression 
Rating Scale is a useful evaluative tool in Major Depressive Disorder. BMC 
Psychiatry. 2009;9:26. 

116. Cordova-Palomera A, Fatjo-Vilas M, Gasto C, Navarro V, Krebs MO, Fana-
nas L. Genome-wide methylation study on depression: differential methyla-
tion and variable methylation in monozygotic twins. Transl Psychiatry. 
2015;5:e557. 



  

 

65 

 

117. Ciuculete DM, Bostrom AE, Voisin S, Philipps H, Titova OE, Bandstein M, 
et al. A methylome-wide mQTL analysis reveals associations of methylation 
sites with GAD1 and HDAC3 SNPs and a general psychiatric risk score. 
Translational psychiatry. 2017;7(1):e1002. 

118. Bostrom AE, Ciuculete DM, Attwood M, Krattinger R, Nikontovic L, Titova 
OE, et al. A MIR4646 associated methylation locus is hypomethylated in ad-
olescent depression. Journal of affective disorders. 2017;220:117-28. 

119. Rukova B, Staneva R, Hadjidekova S, Stamenov G, Milanova t, Toncheva D. 
Genome-wide methylation profiling of schizophrenia. Balkan journal of med-
ical genetics : BJMG. 2014;17(2):15-23. 

120. Walton E, Hass J, Liu J, Roffman JL, Bernardoni F, Roessner V, et al. Corre-
spondence of DNA Methylation Between Blood and Brain Tissue and Its 
Application to Schizophrenia Research. Schizophr Bull. 2016;42(2):406-14. 

121. Hannon E, Lunnon K, Schalkwyk L, Mill J. Interindividual methylomic vari-
ation across blood, cortex, and cerebellum: implications for epigenetic stud-
ies of neurological and neuropsychiatric phenotypes. Epigenetics. 
2015;10(11):1024-32. 

122. The ENCODE (ENCyclopedia Of DNA Elements) Project. Science. 
2004;306(5696):636-40. 

123. Ernst J, Kellis M. Discovery and characterization of chromatin states for 
systematic annotation of the human genome. Nature biotechnology. 
2010;28(8):817-25. 

124. Abascal F, Acosta R, Addleman NJ, Adrian J, Afzal V, Aken B, et al. Per-
spectives on ENCODE. Nature. 2020;583(7818):693-8. 

125. Göndör A, Ohlsson R. Chromosome crosstalk in three dimensions. Nature. 
2009;461(7261):212-7. 

126. Dostie J, Richmond TA, Arnaout RA, Selzer RR, Lee WL, Honan TA, et al. 
Chromosome Conformation Capture Carbon Copy (5C): a massively parallel 
solution for mapping interactions between genomic elements. Genome re-
search. 2006;16(10):1299-309. 

127. Sanyal A, Lajoie BR, Jain G, Dekker J. The long-range interaction landscape 
of gene promoters. Nature. 2012;489(7414):109-13. 

128. Qu H, Fang X. A brief review on the Human Encyclopedia of DNA Elements 
(ENCODE) project. Genomics, proteomics & bioinformatics. 
2013;11(3):135-41. 

129. Fullwood MJ, Ruan Y. ChIP-based methods for the identification of long-
range chromatin interactions. Journal of cellular biochemistry. 
2009;107(1):30-9. 

130. Dunham I, Kundaje A, Aldred SF, Collins PJ, Davis CA, Doyle F, et al. An 
integrated encyclopedia of DNA elements in the human genome. Nature. 
2012;489(7414):57-74. 

131. Li X, Luo OJ, Wang P, Zheng M, Wang D, Piecuch E, et al. Long-read 
ChIA-PET for base-pair-resolution mapping of haplotype-specific chromatin 
interactions. Nature protocols. 2017;12(5):899-915. 

132. Kundaje A, Meuleman W, Ernst J, Bilenky M, Yen A, Heravi-Moussavi A, 
et al. Integrative analysis of 111 reference human epigenomes. Nature. 
2015;518(7539):317-30. 

133. Carninci P, Kasukawa T, Katayama S, Gough J, Frith MC, Maeda N, et al. 
The transcriptional landscape of the mammalian genome. Science. 
2005;309(5740):1559-63. 

134. Thoenen H. Neurotrophins and neuronal plasticity. Science. 
1995;270(5236):593-8. 



66 

135. Yang T, Nie Z, Shu H, Kuang Y, Chen X, Cheng J, et al. The Role of BDNF 
on Neural Plasticity in Depression. Front Cell Neurosci. 2020;14:82. 

136. Carlberg L, Scheibelreiter J, Hassler MR, Schloegelhofer M, Schmoeger M, 
Ludwig B, et al. Brain-derived neurotrophic factor (BDNF)-epigenetic regu-
lation in unipolar and bipolar affective disorder. Journal of affective disor-
ders. 2014;168:399-406. 

137. Tadić A, Müller-Engling L, Schlicht KF, Kotsiari A, Dreimüller N, Kleimann 
A, et al. Methylation of the promoter of brain-derived neurotrophic factor ex-
on IV and antidepressant response in major depression. Molecular psychiatry. 
2014;19(3):281-3. 

138. Dell'Osso B, D'Addario C, Carlotta Palazzo M, Benatti B, Camuri G, Gal-
imberti D, et al. Epigenetic modulation of BDNF gene: differences in DNA 
methylation between unipolar and bipolar patients. Journal of affective disor-
ders. 2014;166:330-3. 

139. Schröter K, Brum M, Brunkhorst-Kanaan N, Tole F, Ziegler C, Domschke K, 
et al. Longitudinal multi-level biomarker analysis of BDNF in major depres-
sion and bipolar disorder. Eur Arch Psychiatry Clin Neurosci. 
2020;270(2):169-81. 

140. Lam D, Ancelin M-L, Ritchie K, Freak-Poli R, Saffery R, Ryan J. Genotype-
dependent associations between serotonin transporter gene (SLC6A4) DNA 
methylation and late-life depression. BMC Psychiatry. 2018;18(1):282. 

141. Shi M, Sun H, Xu Y, Wang Z, Cui H, Wang C, et al. Methylation Status of 
the Serotonin Transporter Promoter CpG Island Is Associated With Major 
Depressive Disorder in Chinese Han Population: A Case-Control Study. The 
Journal of nervous and mental disease. 2017;205(8):641-6. 

142. Domschke K, Tidow N, Schwarte K, Deckert J, Lesch KP, Arolt V, et al. 
Serotonin transporter gene hypomethylation predicts impaired antidepressant 
treatment response. The international journal of neuropsychopharmacology. 
2014;17(8):1167-76. 

143. Murgatroyd C, Quinn JP, Sharp HM, Pickles A, Hill J. Effects of prenatal 
and postnatal depression, and maternal stroking, at the glucocorticoid recep-
tor gene. Translational psychiatry. 2015;5(5):e560. 

144. Na KS, Chang HS, Won E, Han KM, Choi S, Tae WS, et al. Association 
between glucocorticoid receptor methylation and hippocampal subfields in 
major depressive disorder. PLoS One. 2014;9(1):e85425. 

145. Efstathopoulos P, Andersson F, Melas PA, Yang LL, Villaescusa JC, Rȕegg 
J, et al. NR3C1 hypermethylation in depressed and bullied adolescents. 
Translational psychiatry. 2018;8(1):121. 

146. Starnawska A, Bukowski L, Chernomorchenko A, Elfving B, Müller HK, 
van den Oord E, et al. DNA methylation of the KLK8 gene in depression 
symptomatology. Clinical Epigenetics. 2021;13(1):200. 

147. Story Jovanova O, Nedeljkovic I, Spieler D, Walker RM, Liu C, Luciano M, 
et al. DNA Methylation Signatures of Depressive Symptoms in Middle-aged 
and Elderly Persons: Meta-analysis of Multiethnic Epigenome-wide Studies. 
JAMA psychiatry. 2018;75(9):949-59. 

148. Roberson-Nay R, Lapato DM, Wolen AR, Lancaster EE, Webb BT, Verhulst 
B, et al. An epigenome-wide association study of early-onset major depres-
sion in monozygotic twins. Translational psychiatry. 2020;10(1):301. 

149. Xueyi Shen DC, Mark J Adams, Rosie M Walker, Josine L Min, Alex 
Kwong, Gibran Hemani, Genetics of DNA Methylation Consortium, Miruna 
C Barbu, Heather C Whalley, Sarah E Harris, Ian J Deary, Stewart W Morris, 
Simon R Cox, Caroline L Relton, Riccardo E Marioni, Kathryn L Evans, 



  

 

67 

 

Andrew M McIntosh. DNA methylome-wide association study of genetic 
risk for depression implicates antigen processing and immune responses. 
2021. 

150. Wang W, Feng J, Ji C, Mu X, Ma Q, Fan Y, et al. Increased methylation of 
glucocorticoid receptor gene promoter 1F in peripheral blood of patients with 
generalized anxiety disorder. J Psychiatr Res. 2017;91:18-25. 

151. Hing B, Gardner C, Potash JB. Effects of negative stressors on DNA methyl-
ation in the brain: implications for mood and anxiety disorders. American 
journal of medical genetics Part B, Neuropsychiatric genetics : the official 
publication of the International Society of Psychiatric Genetics. 
2014;165b(7):541-54. 

152. Chagnon YC, Potvin O, Hudon C, Préville M. DNA methylation and single 
nucleotide variants in the brain-derived neurotrophic factor (BDNF) and oxy-
tocin receptor (OXTR) genes are associated with anxiety/depression in older 
women. Frontiers in genetics. 2015;6:230. 

153. Emeny RT, Baumert J, Zannas AS, Kunze S, Wahl S, Iurato S, et al. Anxiety 
Associated Increased CpG Methylation in the Promoter of Asb1: A Transla-
tional Approach Evidenced by Epidemiological and Clinical Studies and a 
Murine Model. Neuropsychopharmacology : official publication of the 
American College of Neuropsychopharmacology. 2018;43(2):342-53. 

154. Murphy TM, O'Donovan A, Mullins N, O'Farrelly C, McCann A, Malone K. 
Anxiety is associated with higher levels of global DNA methylation and al-
tered expression of epigenetic and interleukin-6 genes. Psychiatric genetics. 
2015;25(2):71-8. 

155. Shi Y, Wang Q, Song R, Kong Y, Zhang Z. Non-coding RNAs in depression: 
Promising diagnostic and therapeutic biomarkers. EBioMedicine. 
2021;71:103569. 

156. Zhang H-p, Liu X-l, Chen J-j, Cheng K, Bai S-J, Zheng P, et al. Circulating 
microRNA 134 sheds light on the diagnosis of major depressive disorder. 
Translational psychiatry. 2020;10(1):95. 

157. Muiños-Gimeno M, Guidi M, Kagerbauer B, Martín-Santos R, Navinés R, 
Alonso P, et al. Allele variants in functional MicroRNA target sites of the 
neurotrophin-3 receptor gene (NTRK3) as susceptibility factors for anxiety 
disorders. Human mutation. 2009;30(7):1062-71. 

158. Muiños-Gimeno M, Espinosa-Parrilla Y, Guidi M, Kagerbauer B, Sipilä T, 
Maron E, et al. Human microRNAs miR-22, miR-138-2, miR-148a, and 
miR-488 Are Associated with Panic Disorder and Regulate Several Anxiety 
Candidate Genes and Related Pathways. Biological psychiatry. 
2011;69(6):526-33. 

159. Chen SD, Sun XY, Niu W, Kong LM, He MJ, Fan HM, et al. Correlation 
between the level of microRNA expression in peripheral blood mononuclear 
cells and symptomatology in patients with generalized anxiety disorder. 
Comprehensive psychiatry. 2016;69:216-24. 

160. Jin J, Kim SN, Liu X, Zhang H, Zhang C, Seo JS, et al. miR-17-92 Cluster 
Regulates Adult Hippocampal Neurogenesis, Anxiety, and Depression. Cell 
reports. 2016;16(6):1653-63. 

161. Wang X, Sundquist K, Hedelius A, Palmér K, Memon AA, Sundquist J. 
Circulating microRNA-144-5p is associated with depressive disorders. Clin 
Epigenetics. 2015;7(1):69. 

162. Smith AK, Kilaru V, Klengel T, Mercer KB, Bradley B, Conneely KN, et al. 
DNA extracted from saliva for methylation studies of psychiatric traits: evi-
dence tissue specificity and relatedness to brain. American journal of medical 



68 

genetics Part B, Neuropsychiatric genetics : the official publication of the In-
ternational Society of Psychiatric Genetics. 2015;168b(1):36-44. 

163. Guintivano J, Aryee MJ, Kaminsky ZA. A cell epigenotype specific model 
for the correction of brain cellular heterogeneity bias and its application to 
age, brain region and major depression. Epigenetics. 2013;8(3):290-302. 

164. Reynolds LM, Taylor JR, Ding J, Lohman K, Johnson C, Siscovick D, et al. 
Age-related variations in the methylome associated with gene expression in 
human monocytes and T cells. Nature communications. 2014;5:5366-. 

165. Duric V, Banasr M, Stockmeier CA, Simen AA, Newton SS, Overholser JC, 
et al. Altered expression of synapse and glutamate related genes in post-
mortem hippocampus of depressed subjects. The international journal of neu-
ropsychopharmacology. 2013;16(1):69-82. 

166. Gratacos M, Costas J, de Cid R, Bayes M, Gonzalez JR, Baca-Garcia E, et al. 
Identification of new putative susceptibility genes for several psychiatric dis-
orders by association analysis of regulatory and non-synonymous SNPs of 
306 genes involved in neurotransmission and neurodevelopment. American 
journal of medical genetics Part B, Neuropsychiatric genetics : the official 
publication of the International Society of Psychiatric Genetics. 
2009;150b(6):808-16. 

167. Ciuculete DM, Voisin S, Kular L, Welihinda N, Jonsson J, Jagodic M, et al. 
Longitudinal DNA methylation changes at MET may alter HGF/c-MET sig-
nalling in adolescents at risk for depression. Epigenetics. 2020;15(6-7):646-
63. 

168. Triche TJ, Jr., Weisenberger DJ, Van Den Berg D, Laird PW, Siegmund KD. 
Low-level processing of Illumina Infinium DNA Methylation BeadArrays. 
Nucleic acids research. 2013;41(7):e90. 

169. Fortin JP, Labbe A, Lemire M, Zanke BW, Hudson TJ, Fertig EJ, et al. Func-
tional normalization of 450k methylation array data improves replication in 
large cancer studies. Genome biology. 2014;15(11). 

170. Chen Y-a, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, 
et al. Discovery of cross-reactive probes and polymorphic CpGs in the Illu-
mina Infinium HumanMethylation450 microarray. Epigenetics. 
2013;8(2):203-9. 

171. Teschendorff AE, Marabita F, Lechner M, Bartlett T, Tegner J, Gomez-
Cabrero D, et al. A beta-mixture quantile normalization method for correct-
ing probe design bias in Illumina Infinium 450 k DNA methylation data. Bio-
informatics (Oxford, England). 2013;29(2):189-96. 

172. Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen 
KD, et al. Minfi: a flexible and comprehensive Bioconductor package for the 
analysis of Infinium DNA methylation microarrays. Bioinformatics (Oxford, 
England). 2014;30(10):1363-9. 

173. Hannon E, Lunnon K, Schalkwyk L, Mill J. Interindividual methylomic vari-
ation across blood, cortex, and cerebellum: implications for epigenetic stud-
ies of neurological and neuropsychiatric phenotypes. Epigenetics. 
2015;10(11):1024-32. 

174. Wagner JR, Busche S, Ge B, Kwan T, Pastinen T, Blanchette M. The rela-
tionship between DNA methylation, genetic and expression inter-individual 
variation in untransformed human fibroblasts. Genome biology. 
2014;15(2):R37. 

175. Phillips JE, Corces VG. CTCF: Master Weaver of the Genome. 
Cell.137(7):1194-211. 



  

 

69 

 

176. Andersson R, Gebhard C, Miguel-Escalada I, Hoof I, Bornholdt J, Boyd M, 
et al. An atlas of active enhancers across human cell types and tissues. Na-
ture. 2014;507(7493):455-61. 

177. Montojo J, Zuberi K, Rodriguez H, Kazi F, Wright G, Donaldson SL, et al. 
GeneMANIA Cytoscape plugin: fast gene function predictions on the desk-
top. Bioinformatics (Oxford, England). 2010;26(22):2927-8. 

178. Lonsdale J, Thomas J, Salvatore M, Phillips R, Lo E, Shad S, et al. The Gen-
otype-Tissue Expression (GTEx) project. Nature genetics. 2013;45(6):580-5. 

179. Kamburov A, Stelzl U, Lehrach H, Herwig R. The ConsensusPathDB inter-
action database: 2013 update. Nucleic acids research. 2013;41(Database is-
sue):D793-800. 

180. Machiela MJ, Chanock SJ. LDlink: a web-based application for exploring 
population-specific haplotype structure and linking correlated alleles of pos-
sible functional variants. Bioinformatics (Oxford, England). 
2015;31(21):3555-7. 

181. Du P, Zhang X, Huang C-C, Jafari N, Kibbe WA, Hou L, et al. Comparison 
of Beta-value and M-value methods for quantifying methylation levels by 
microarray analysis. BMC Bioinformatics. 2010;11(1):1-9. 

182. Rask-Andersen M, Bringeland N, Nilsson EK, Bandstein M, Olaya Búcaro 
M, Vogel H, et al. Postprandial alterations in whole-blood DNA methylation 
are mediated by changes in white blood cell composition. The American 
journal of clinical nutrition. 2016;104(2):518-25. 

183. Smyth GK. Linear models and empirical Bayes methods for assessing differ-
ential expression in microarray experiments. Stat Appl Genet and Mol Biol. 
2004;3. 

184. Joubert BR, Håberg SE, Nilsen RM, Wang X, Vollset SE, Murphy SK, et al. 
450K epigenome-wide scan identifies differential DNA methylation in new-
borns related to maternal smoking during pregnancy. Environmental health 
perspectives. 2012;120(10):1425-31. 

185. Achim Zeileis TH. Diagnostic Checking in Regression Relationships. 
2002;2:7-10. 

186. Murphy TM, Crawford B, Dempster EL, Hannon E, Burrage J, Turecki G, et 
al. Methylomic profiling of cortex samples from completed suicide cases im-
plicates a role for PSORS1C3 in major depression and suicide. Transl Psy-
chiatry. 2017;7:e989. 

187. Guidotti A, Auta J, Davis JM, Dong E, Grayson DR, Veldic M, et al. GA-
BAergic dysfunction in schizophrenia: new treatment strategies on the hori-
zon. Psychopharmacology. 2005;180(2):191-205. 

188. Kundakovic M, Chen Y, Costa E, Grayson DR. DNA methyltransferase 
inhibitors coordinately induce expression of the human reelin and glutamic 
acid decarboxylase 67 genes. Molecular pharmacology. 2007;71(3):644-53. 

189. Petty F, Kramer GL, Dunnam D, Rush AJ. Plasma GABA in mood disorders. 
Psychopharmacology bulletin. 1990;26(2):157-61. 

190. Guidotti A, Auta J, Davis JM, Di-Giorgi-Gerevini V, Dwivedi Y, Grayson 
DR, et al. Decrease in reelin and glutamic acid decarboxylase67 (GAD67) 
expression in schizophrenia and bipolar disorder: a postmortem brain study. 
Arch Gen Psychiatry. 2000;57(11):1061-9. 

191. Hasler G, van der Veen JW, Tumonis T, Meyers N, Shen J, Drevets WC. 
Reduced prefrontal glutamate/glutamine and gamma-aminobutyric acid lev-
els in major depression determined using proton magnetic resonance spec-
troscopy. Arch Gen Psychiatry. 2007;64(2):193-200. 



70 

192. Addington AM, Gornick M, Duckworth J, Sporn A, Gogtay N, Bobb A, et al. 
GAD1 (2q31.1), which encodes glutamic acid decarboxylase (GAD67), is as-
sociated with childhood-onset schizophrenia and cortical gray matter volume 
loss. Mol Psychiatry. 2005;10(6):581-8. 

193. Kala K, Haugas M, Lillevali K, Guimera J, Wurst W, Salminen M, et al. 
Gata2 is a tissue-specific post-mitotic selector gene for midbrain GABAergic 
neurons. Development (Cambridge, England). 2009;136(2):253-62. 

194. Ozawa Y, Towatari M, Tsuzuki S, Hayakawa F, Maeda T, Miyata Y, et al. 
Histone deacetylase 3 associates with and represses the transcription factor 
GATA-2. Blood. 2001;98(7):2116-23. 

195. Frank M, Ebert M, Shan W, Phillips GR, Arndt K, Colman DR, et al. Differ-
ential expression of individual gamma-protocadherins during mouse brain 
development. Molecular and cellular neurosciences. 2005;29(4):603-16. 

196. Chen WV, Alvarez FJ, Lefebvre JL, Friedman B, Nwakeze C, Geiman E, et 
al. Functional significance of isoform diversification in the protocadherin 
gamma gene cluster. Neuron. 2012;75(3):402-9. 

197. Schiöth HB, Boström A, Murphy SK, Erhart W, Hampe J, Moylan C, et al. A 
targeted analysis reveals relevant shifts in the methylation and transcription 
of genes responsible for bile acid homeostasis and drug metabolism in non-
alcoholic fatty liver disease. BMC genomics. 2016;17(1):462. 

198. Takamitsu E, Otsuka M, Haebara T, Yano M, Matsuzaki K, Kobuchi H, et al. 
Identification of Human N-Myristoylated Proteins from Human Complemen-
tary DNA Resources by Cell-Free and Cellular Metabolic Labeling Analyses. 
PLoS One. 2015;10(8):e0136360. 

199. Hakimi MA, Bochar DA, Chenoweth J, Lane WS, Mandel G, Shiekhattar R. 
A core-BRAF35 complex containing histone deacetylase mediates repression 
of neuronal-specific genes. Proc Natl Acad Sci U S A. 2002;99(11):7420-5. 

200. Andrés ME, Burger C, Peral-Rubio MJ, Battaglioli E, Anderson ME, Grimes 
J, et al. CoREST: a functional corepressor required for regulation of neural-
specific gene expression. Proc Natl Acad Sci U S A. 1999;96(17):9873-8. 

201. López R, Poy R, Segarra P, Esteller À, Fonfría A, Ribes P, et al. Gender-
specific effects of trait anxiety on the cardiac defense response. Personality 
and Individual Differences. 2016;96:243-7. 

202. Steimer T. The biology of fear- and anxiety-related behaviors. Dialogues in 
clinical neuroscience. 2002;4(3):231-49. 

203. Ciuculete DM, Boström AE, Tuunainen A-K, Sohrabi F, Kular L, Jagodic M, 
et al. Changes in methylation within the STK32B promoter are associated 
with an increased risk for generalized anxiety disorder in adolescents. Journal 
of Psychiatric Research. 2018;102:44-51. 

204. Byrne EM, Carrillo-Roa T, Henders AK, Bowdler L, McRae AF, Heath AC, 
et al. Monozygotic twins affected with major depressive disorder have great-
er variance in methylation than their unaffected co-twin. Translational psy-
chiatry. 2013;3(6):e269. 

205. Zhang Y, Xia M, Jin K, Wang S, Wei H, Fan C, et al. Function of the c-Met 
receptor tyrosine kinase in carcinogenesis and associated therapeutic oppor-
tunities. Molecular Cancer. 2018;17(1):45. 

206. Recurrent MET fusion genes represent a drug target in pediatric glioblasto-
ma. Nature medicine. 2016;22(11):1314-20. 

207. Nones K, Waddell N, Song S, Patch AM, Miller D, Johns A, et al. Genome-
wide DNA methylation patterns in pancreatic ductal adenocarcinoma reveal 
epigenetic deregulation of SLIT-ROBO, ITGA2 and MET signaling. Interna-
tional journal of cancer. 2014;135(5):1110-8. 



  

 

71 

 

208. Ogunwobi OO, Puszyk W, Dong HJ, Liu C. Epigenetic upregulation of HGF 
and c-Met drives metastasis in hepatocellular carcinoma. PLoS One. 
2013;8(5):e63765. 

209. Powell EM, Mars WM, Levitt P. Hepatocyte growth factor/scatter factor is a 
motogen for interneurons migrating from the ventral to dorsal telencephalon. 
Neuron. 2001;30(1):79-89. 

210. Levitt P, Eagleson KL, Powell EM. Regulation of neocortical interneuron 
development and the implications for neurodevelopmental disorders. Trends 
in neurosciences. 2004;27(7):400-6. 

211. Russo AJ, Pietsch SC. Decreased Hepatocyte Growth Factor (HGF) and 
Gamma Aminobutyric Acid (GABA) in Individuals with Obsessive-
Compulsive Disorder (OCD). Biomarker insights. 2013;8:107-14. 

212. Russo AJ. Decreased Serum Hepatocyte Growth Factor (HGF) in Individuals 
with Depression Correlates with Severity of Disease. Biomarker insights. 
2010;5:63-7. 

213. Tyndall SJ, Walikonis RS. The receptor tyrosine kinase Met and its ligand 
hepatocyte growth factor are clustered at excitatory synapses and can en-
hance clustering of synaptic proteins. Cell cycle (Georgetown, Tex). 
2006;5(14):1560-8. 

214. Sousa I, Clark TG, Toma C, Kobayashi K, Choma M, Holt R, et al. MET and 
autism susceptibility: family and case-control studies. European journal of 
human genetics : EJHG. 2009;17(6):749-58. 

215. Yu Z, Li Y, Han T, Liu Z. Demethylation of the HACE1 gene promoter in-
hibits the proliferation of human liver cancer cells. Oncology letters. 
2019;17(5):4361-8. 

216. Ciuculete DM, Voisin S, Kular L, Jonsson J, Rask-Andersen M, Mwinyi J, et 
al. meQTL and ncRNA functional analyses of 102 GWAS-SNPs associated 
with depression implicate HACE1 and SHANK2 genes. Clin Epigenetics. 
2020;12(1):99. 

217. Banovich NE, Lan X, McVicker G, van de Geijn B, Degner JF, Blischak JD, 
et al. Methylation QTLs are associated with coordinated changes in transcrip-
tion factor binding, histone modifications, and gene expression levels. PLoS 
genetics. 2014;10(9):e1004663. 

218. Sonawane AR, Platig J, Fagny M, Chen CY, Paulson JN, Lopes-Ramos CM, 
et al. Understanding Tissue-Specific Gene Regulation. Cell reports. 
2017;21(4):1077-88. 

219. Ladd-Acosta C, Pevsner J, Sabunciyan S, Yolken RH, Webster MJ, Dinkins 
T, et al. DNA methylation signatures within the human brain. American 
journal of human genetics. 2007;81(6):1304-15. 

220. Jiao Y, Yang H, Qian J, Gong Y, Liu H, Wu S, et al. miR‑3664‑5P sup-
presses the proliferation and metastasis of gastric cancer by attenuating the 
NF‑κB signaling pathway through targeting MTDH. International journal of 
oncology. 2019;54(3):845-58. 

221. Rodriguez A, Griffiths-Jones S, Ashurst JL, Bradley A. Identification of 
mammalian microRNA host genes and transcription units. Genome research. 
2004;14(10a):1902-10. 

222. Baskerville S, Bartel DP. Microarray profiling of microRNAs reveals fre-
quent coexpression with neighboring miRNAs and host genes. RNA (New 
York, NY). 2005;11(3):241-7. 

223. Dill H, Linder B, Fehr A, Fischer U. Intronic miR-26b controls neuronal 
differentiation by repressing its host transcript, ctdsp2. Genes & develop-
ment. 2012;26(1):25-30. 



72 

224. Hinske LC, Galante PA, Kuo WP, Ohno-Machado L. A potential role for 
intragenic miRNAs on their hosts' interactome. BMC genomics. 
2010;11:533. 

225. Lutter D, Marr C, Krumsiek J, Lang EW, Theis FJ. Intronic microRNAs 
support their host genes by mediating synergistic and antagonistic regulatory 
effects. BMC genomics. 2010;11:224. 

226. Sheng M, Kim E. The Shank family of scaffold proteins. Journal of cell sci-
ence. 2000;113 ( Pt 11):1851-6. 

227. Noor A, Lionel AC, Cohen-Woods S, Moghimi N, Rucker J, Fennell A, et al. 
Copy number variant study of bipolar disorder in Canadian and UK popula-
tions implicates synaptic genes. American journal of medical genetics Part B, 
Neuropsychiatric genetics : the official publication of the International Socie-
ty of Psychiatric Genetics. 2014;165b(4):303-13. 

228. Homann OR, Misura K, Lamas E, Sandrock RW, Nelson P, McDonough SI, 
et al. Whole-genome sequencing in multiplex families with psychoses reveals 
mutations in the SHANK2 and SMARCA1 genes segregating with illness. 
Molecular psychiatry. 2016;21(12):1690-5. 

229. Costas J. The role of SHANK2 rare variants in schizophrenia susceptibility. 
Molecular psychiatry. 2015;20(12):1486. 

230. Campbell DB, Sutcliffe JS, Ebert PJ, Militerni R, Bravaccio C, Trillo S, et al. 
A genetic variant that disrupts MET transcription is associated with autism. 
Proc Natl Acad Sci U S A. 2006;103(45):16834-9. 

231. Campbell DB, D'Oronzio R, Garbett K, Ebert PJ, Mirnics K, Levitt P, et al. 
Disruption of cerebral cortex MET signaling in autism spectrum disorder. 
Annals of neurology. 2007;62(3):243-50. 

232. Lomvardas S, Barnea G, Pisapia DJ, Mendelsohn M, Kirkland J, Axel R. 
Interchromosomal interactions and olfactory receptor choice. Cell. 
2006;126(2):403-13. 

233. Iorio MV, Piovan C, Croce CM. Interplay between microRNAs and the epi-
genetic machinery: an intricate network. Biochimica et biophysica acta. 
2010;1799(10-12):694-701. 

234. McClay JL, Shabalin AA, Dozmorov MG, Adkins DE, Kumar G, Nerella S, 
et al. High density methylation QTL analysis in human blood via next-
generation sequencing of the methylated genomic DNA fraction. Genome bi-
ology. 2015;16:291. 

235. Perzel Mandell KA, Eagles NJ, Wilton R, Price AJ, Semick SA, Collado-
Torres L, et al. Genome-wide sequencing-based identification of methylation 
quantitative trait loci and their role in schizophrenia risk. Nature communica-
tions. 2021;12(1):5251. 

236. Gutierrez-Arcelus M, Ongen H, Lappalainen T, Montgomery SB, Buil A, 
Yurovsky A, et al. Tissue-specific effects of genetic and epigenetic variation 
on gene regulation and splicing. PLoS genetics. 2015;11(1):e1004958. 

237. Benitez JA, Cheng S, Deng Q. Revealing allele-specific gene expression by 
single-cell transcriptomics. The international journal of biochemistry & cell 
biology. 2017;90:155-60. 

238. Zaina S, Pérez-Luque EL, Lund G. Genetics talks to epigenetics? The inter-
play between sequence variants and chromatin structure. Current genomics. 
2010;11(5):359-67. 

239. Belsky J, Jonassaint C, Pluess M, Stanton M, Brummett B, Williams R. Vul-
nerability genes or plasticity genes? Molecular psychiatry. 2009;14(8):746-
54. 



  

 

73 

 

240. Belsky J, Pluess M. Beyond diathesis stress: differential susceptibility to 
environmental influences. Psychological bulletin. 2009;135(6):885-908. 

241. Schiele MA, Domschke K. Epigenetics at the crossroads between genes, 
environment and resilience in anxiety disorders. Genes, brain, and behavior. 
2018;17(3):e12423. 

242. Maddox SA, Schafe GE, Ressler KJ. Exploring epigenetic regulation of fear 
memory and biomarkers associated with post-traumatic stress disorder. Fron-
tiers in psychiatry. 2013;4:62. 

243. Lesch KP, Bengel D, Heils A, Sabol SZ, Greenberg BD, Petri S, et al. Asso-
ciation of anxiety-related traits with a polymorphism in the serotonin trans-
porter gene regulatory region. Science. 1996;274(5292):1527-31. 

244. Caspi A, Sugden K, Moffitt TE, Taylor A, Craig IW, Harrington H, et al. 
Influence of life stress on depression: moderation by a polymorphism in the 
5-HTT gene. Science. 2003;301(5631):386-9. 

245. Fox E, Zougkou K, Ridgewell A, Garner K. The serotonin transporter gene 
alters sensitivity to attention bias modification: evidence for a plasticity gene. 
Biological psychiatry. 2011;70(11):1049-54. 

246. Alexander N, Wankerl M, Hennig J, Miller R, Zänkert S, Steudte-
Schmiedgen S, et al. DNA methylation profiles within the serotonin trans-
porter gene moderate the association of 5-HTTLPR and cortisol stress reac-
tivity. Translational psychiatry. 2014;4(9):e443. 

247. Nieto SJ, Patriquin MA, Nielsen DA, Kosten TA. Don't worry; be informed 
about the epigenetics of anxiety. Pharmacology, biochemistry, and behavior. 
2016;146-147:60-72. 

248. Do C, Shearer A, Suzuki M, Terry MB, Gelernter J, Greally JM, et al. Genet-
ic-epigenetic interactions in cis: a major focus in the post-GWAS era. Ge-
nome biology. 2017;18(1):120. 

249. Šestáková Š, Šálek C, Remešová H. DNA Methylation Validation Methods: a 
Coherent Review with Practical Comparison. Biological Procedures Online. 
2019;21(1):19. 

250. Houseman EA, Accomando WP, Koestler DC, Christensen BC, Marsit CJ, 
Nelson HH, et al. DNA methylation arrays as surrogate measures of cell mix-
ture distribution. BMC Bioinformatics. 2012;13:86. 

251. Quillien V, Lavenu A, Karayan-Tapon L, Carpentier C, Labussière M, 
Lesimple T, et al. Comparative assessment of 5 methods (methylation-
specific polymerase chain reaction, MethyLight, pyrosequencing, methyla-
tion-sensitive high-resolution melting, and immunohistochemistry) to analyze 
O6-methylguanine-DNA-methyltranferase in a series of 100 glioblastoma pa-
tients. Cancer. 2012;118(17):4201-11. 

252. Wojdacz TK, Dobrovic A. Methylation-sensitive high resolution melting 
(MS-HRM): a new approach for sensitive and high-throughput assessment of 
methylation. Nucleic acids research. 2007;35(6):e41. 

253. Hannon E, Mansell G, Walker E, Nabais MF, Burrage J, Kepa A, et al. As-
sessing the co-variability of DNA methylation across peripheral cells and tis-
sues: Implications for the interpretation of findings in epigenetic epidemiolo-
gy. PLoS genetics. 2021;17(3):e1009443. 

254. Vickerstaff V, Omar RZ, Ambler G. Methods to adjust for multiple compari-
sons in the analysis and sample size calculation of randomised controlled tri-
als with multiple primary outcomes. BMC Medical Research Methodology. 
2019;19(1):129. 



74 

255. Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical 
and Powerful Approach to Multiple Testing. Journal of the Royal Statistical 
Society Series B (Methodological). 1995;57(1):289-300. 

256. Groenwold RHH, Goeman JJ, Cessie SL, Dekkers OM. Multiple testing: 
when is many too much? European journal of endocrinology. 
2021;184(3):E11-e4. 

257. Murphy TM, Mill J. Epigenetics in health and disease: heralding the EWAS 
era. Lancet (London, England). 2014;383(9933):1952-4. 

258. Mansell G, Gorrie-Stone TJ, Bao Y, Kumari M, Schalkwyk LS, Mill J, et al. 
Guidance for DNA methylation studies: statistical insights from the Illumina 
EPIC array. BMC genomics. 2019;20(1):366. 

259. Jaffe AE, Irizarry RA. Accounting for cellular heterogeneity is critical in 
epigenome-wide association studies. Genome biology. 2014;15(2):R31. 

260. Bauer M, Fink B, Thürmann L, Eszlinger M, Herberth G, Lehmann I. Tobac-
co smoking differently influences cell types of the innate and adaptive im-
mune system—indications from CpG site methylation. Clinical Epigenetics. 
2016;8(1):83. 

261. Kaushal A, Zhang H, Karmaus WJJ, Ray M, Torres MA, Smith AK, et al. 
Comparison of different cell type correction methods for genome-scale epi-
genetics studies. BMC Bioinformatics. 2017;18(1):216. 

262. Voisin S, Almén MS, Zheleznyakova GY, Lundberg L, Zarei S, Castillo S, et 
al. Many obesity-associated SNPs strongly associate with DNA methylation 
changes at proximal promoters and enhancers. Genome medicine. 
2015;7:103. 

263. Chadwick LH, Sawa A, Yang IV, Baccarelli A, Breakefield XO, Deng H-W, 
et al. New insights and updated guidelines for epigenome-wide association 
studies. Neuroepigenetics. 2015;1:14-9. 

264. Braun PR, Han S, Hing B, Nagahama Y, Gaul LN, Heinzman JT, et al. Ge-
nome-wide DNA methylation comparison between live human brain and pe-
ripheral tissues within individuals. Translational psychiatry. 2019;9(1):47. 

265. Xia Y, Dai R, Wang K, Jiao C, Zhang C, Xu Y, et al. Sex-differential DNA 
methylation and associated regulation networks in human brain implicated in 
the sex-biased risks of psychiatric disorders. Molecular psychiatry. 
2021;26(3):835-48. 

266. Maschietto M, Bastos LC, Tahira AC, Bastos EP, Euclydes VL, Brentani A, 
et al. Sex differences in DNA methylation of the cord blood are related to 
sex-bias psychiatric diseases. Scientific reports. 2017;7:44547. 

267. Yuan Y, Liu L, Chen H, Wang Y, Xu Y, Mao H, et al. Comprehensive Char-
acterization of Molecular Differences in Cancer between Male and Female 
Patients. Cancer cell. 2016;29(5):711-22. 

268. Yousefi P, Huen K, Davé V, Barcellos L, Eskenazi B, Holland N. Sex differ-
ences in DNA methylation assessed by 450 K BeadChip in newborns. BMC 
genomics. 2015;16:911. 

269. Singmann P, Shem-Tov D, Wahl S, Grallert H, Fiorito G, Shin S-Y, et al. 
Characterization of whole-genome autosomal differences of DNA methyla-
tion between men and women. Epigenetics & chromatin. 2015;8(1):43. 

270. McCarthy NS, Melton PE, Cadby G, Yazar S, Franchina M, Moses EK, et al. 
Meta-analysis of human methylation data for evidence of sex-specific auto-
somal patterns. BMC genomics. 2014;15(1):981. 

271. Xu H, Wang F, Liu Y, Yu Y, Gelernter J, Zhang H. Sex-biased methylome 
and transcriptome in human prefrontal cortex. Human molecular genetics. 
2014;23(5):1260-70. 



  

 

75 

 

272. Spiers H, Hannon E, Schalkwyk LC, Smith R, Wong CC, O'Donovan MC, et 
al. Methylomic trajectories across human fetal brain development. Genome 
research. 2015;25(3):338-52. 

273. Dandi Ε, Kalamari A, Touloumi O, Lagoudaki R, Nousiopoulou E, Sime-
onidou C, et al. Beneficial effects of environmental enrichment on behavior, 
stress reactivity and synaptophysin/BDNF expression in hippocampus fol-
lowing early life stress. International journal of developmental neuroscience : 
the official journal of the International Society for Developmental Neurosci-
ence. 2018;67:19-32. 

274. Coley EJL, Demaestri C, Ganguly P, Honeycutt JA, Peterzell S, Rose N, et 
al. Cross-Generational Transmission of Early Life Stress Effects on HPA 
Regulators and Bdnf Are Mediated by Sex, Lineage, and Upbringing. Fron-
tiers in behavioral neuroscience. 2019;13:101. 

275. McGowan PO, Sasaki A, D'Alessio AC, Dymov S, Labonté B, Szyf M, et al. 
Epigenetic regulation of the glucocorticoid receptor in human brain associ-
ates with childhood abuse. Nature neuroscience. 2009;12(3):342-8. 

276. Hill J, Pickles A, Wright N, Quinn JP, Murgatroyd C, Sharp H. Mismatched 
Prenatal and Postnatal Maternal Depressive Symptoms and Child Behav-
iours: A Sex-Dependent Role for NR3C1 DNA Methylation in the Wirral 
Child Health and Development Study. Cells. 2019;8(9). 

277. Palma-Gudiel H, Peralta V, Deuschle M, Navarro V, Fañanás L. Epigenetics-
by-sex interaction for somatization conferred by methylation at the promoter 
region of SLC6A4 gene. Progress in neuro-psychopharmacology & biologi-
cal psychiatry. 2019;89:125-31. 

278. Brookes ST, Whitely E, Egger M, Smith GD, Mulheran PA, Peters TJ. Sub-
group analyses in randomized trials: risks of subgroup-specific analyses; 
power and sample size for the interaction test. Journal of clinical epidemiolo-
gy. 2004;57(3):229-36. 

279. Radez J, Reardon T, Creswell C, Lawrence PJ, Evdoka-Burton G, Waite P. 
Why do children and adolescents (not) seek and access professional help for 
their mental health problems? A systematic review of quantitative and quali-
tative studies. European Child & Adolescent Psychiatry. 2021;30(2):183-211. 

280. Kananen L, Marttila S, Nevalainen T, Kummola L, Junttila I, Mononen N, et 
al. The trajectory of the blood DNA methylome ageing rate is largely set be-
fore adulthood: evidence from two longitudinal studies. Age (Dordrecht, 
Netherlands). 2016;38(3):65. 

281. Leenen FA, Muller CP, Turner JD. DNA methylation: conducting the orches-
tra from exposure to phenotype? Clin Epigenetics. 2016;8(1):92. 

282. Ursini G, Cavalleri T, Fazio L, Angrisano T, Iacovelli L, Porcelli A, et al. 
BDNF rs6265 methylation and genotype interact on risk for schizophrenia. 
Epigenetics. 2016;11(1):11-23. 

 


	Abstract
	Introduction
	1. Mental health and disorders
	1.1. Mental conditions and the negative physical consequences at different life stages
	1.2. Depression and anxiety disorders: an overview
	1.2.1. Prevalence of MDD and GAD
	1.2.2. Course and prognosis of MDD and GAD
	1.2.3. Disease burden of MDD and GAD
	1.2.4.  Diagnosis of MDD and GAD

	1.3. Development of the psychiatric disorders in adolescence

	2. Epigenetic marks and the effect on mRNA gene expression
	2.1. DNA methylation in the human genome
	2.1.1. Effect of genetics and environment on DNAm

	2.2. The regulatory effect of non-coding RNAs

	3. Studying DNAm and ncRNA in the context of depression and anxiety
	3.1. Measuring DNAm
	3.2. Identifying GAD and depressive symptoms in adolescents
	3.3. Blood-brain correlation regarding DNA methylation
	3.4. DNA methylation and miRNA levels in depression and anxiety disorders


	Aims
	Methods
	Subjects
	Genotyping and whole-genome imputation
	DNAm preprocessing at baseline and follow-up
	Criteria of sample exclusion (Study I)
	Probe selection (Study II)


	Evaluation of the biological relevance
	Statistical analyses
	Post-hoc analysis (Study II)
	Pyrosequencing (Study II & III)


	Results and Discussion
	Study I
	Study II
	Study III
	Study IV
	What aspects and difficulties this thesis has addressed in the context of epigenetic analysis in psychiatric-related conditions
	1. Knowledge on the epigenetics at the crossroads between genetic and environment
	2. Validation of the findings by a different technique or in a different cohort
	3. Statistics: crucial and decisive for the study findings
	4. Adjusting for cell-type proportions in whole blood
	5. Interpretation of the biological relevance of findings in the brain
	6. Importance of stratifying on sex and analysing sex-by-disease interaction
	7. Adolescents and health prevention
	8. Strengths and limitations of the studies
	9. Perspectives


	Acknowledgements
	References



