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Epigenetics has evolved into a key research focus in the field of psychiatry. DNA methylation is
the most researched epigenetic mechanism. In paper I-III, 130 and 93 adolescents were randomly
recruited at two separate intervals. Subjects were evaluated by web-based diagnostic interviews
using the Development and Well-Being Assessment (DAWBA), providing computer generated
diagnostic predictions of probability of diagnosis, covering several psychiatric disorders. For
Paper I-II, the genome-wide DNA methylation pattern was measured from whole blood using
the Illumina 450K array, and for paper IV by the Illumina EPIC BeadChip. In paper I, a
methylome-wide association study (MWAS) was conducted (n=93) followed by a validation
analysis (n=78), contrasting methylation levels in groups stratified by DAWBA depression
risk scores. A microRNA4646 (MIR4646) associated methylation locus was differentially
methylated in the MWAS (pbonf<0.05) and results were replicated in the validation cohort
(p<0.05). Methylation levels at the identified locus correlated inversely with gene expression
levels of MIR4456 (p<0.05). In silico analysis suggests MIR4646 may influence synthesis
of omega-3 fatty acids, previously implicated in major depressive disorder. In paper II,
37 single nucleotide polymorphisms (SNP:s) previously associated with psychiatric disease
were evaluated in relation to genome-wide DNA methylation levels in 130 adolescents in
a methylome-wide (mQTL) analysis. Five SNP-CpG pairs were identified (pbonf<0.05) and
replicated (p<0.05). Methylation of three of these were shown to be significantly correlated
with gene expression levels of the associated genes (p<0.05). One identified GAD1-coupled
methylation site was differentially methylated to a general psychiatric risk score in adolescents
(p<0.05). In Paper III, hypothalamic-pituitary-adrenal (HPA)-axis coupled DNA methylation
loci were investigated in 88 suicide attempters to identify associations to severity of suicide
attempt. One corticotropin releasing hormone (CRH)-associated CpG-site was significantly
hypomethylated in the high-risk group of suicide-attempters (n=31)(cg19035496, p<0.001)
and exhibited hypermethylation in an external study group of adolescents in dependency
of a general psychiatric risk score (p<0.05). In paper IV, 8,852 microRNA (miRNA)
associated CpG-sites were investigated for an association with hypersexual disorder (HD).
A microRNA-4456 (MIR4456) associated CpG-site (cg01299774) was borderline significant
in HD (pFDR=5.81E-02) and differentially methylated in alcohol dependence (p<0.05) in
an independent study group. Methylation levels at cg01299774 correlated inversely with
expression levels of MIR4456 (p<0.01) and MIR4456 was lower expressed in HD (p<0.05). In-
silico analyses suggests MIR4456 putatively targets genes preferentially expressed in brain and
that are involved in major neuronal molecular mechanisms thought to be relevant for HD, e.g.,
the oxytocin signaling pathway.
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“Don’t let us forget that the causes of human actions are  
usually immeasurably 

more complex and varied than our subsequent explanations of them” 
- Fyodor Dostoevsky1 

 

  

                               
1 Identical to licentiate thesis by Adrian Emmanuel Desai Boström titled: "Identification of 
shifts in the DNA methylome in relation to psychiatric traits in adolescents", presented at 
Uppsala University 2020-04-20. 
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Introduction2 

Mental disorders are highly prevalent in young people, affecting up to 13.4% 
of children and adolescents globally (1). Depressive disorders in particular 
are increasingly prevalent in adolescents, with prevalence estimates up to 5-
6% (2). Of these, major depressive disorder (MDD) is a debilitating disorder 
associated with higher risk of suicide, antisocial behavior, substance abuse, 
significant impairment and an increase of functional disability (3). As such, 
MDD in adolescence represents a significant global disease burden. To date, 
the biological susceptibility factors that cause the incidence spike in MDD in 
adolescence (4) are poorly understood . While the diagnostic criteria are the 
same for adolescent and adult depression, studies suggest there are important 
differences in risk factors for early- and late onset depression. For example, 
early-onset depression is more often associated with caretaker instability, 
criminality and socioemotional problems (5). Moreover, neuroscience stud-
ies  indicate major developments in brain structure and connectivity occur in 
adolescence (6). Hence, it is of utmost importance to understand the underly-
ing pathophysiology of early-onset depression to allow for reliable detection 
and to improve existing medical treatments. Genetic studies have discovered 
several genetic loci that predispose carriers to adolescent depression, includ-
ing polymorphisms of the 5-hydroxytryptamine (serotonin) transporter (5-
HTTLPR) and the brain-derived neurotrophic factor (BDNF) gene (7). How-
ever, genome-wide association studies (GWAS) suggest these genetic vari-
ants have only a limited effect on predicting adolescent MDD (8). Important-
ly, they do not explain discordance in monozygotic twins. Nor do they ac-
count for gene-environment interactions, deemed central in explaining com-
plex multifactorial conditions like depression and other psychiatric illnesses 
(9). Epigenetics, by contrast, is dynamic in nature and influenced by both 
heritable traits and extrinsic factors (10), encompassing biological mecha-
nisms that modulate chromatin structure and gene activity without altering 
DNA nucleotide sequences (11). Dysregulation of epigenetic control is par-
ticularly interesting in the development of psychiatric disorders in adoles-
cence (12), as its pathogenesis is believed to be influenced by a tight gene-
environment interplay that affects neurobiological processes underlying the 

                               
2 Identical to licentiate thesis by Adrian Emmanuel Desai Boström titled: "Identification of 
shifts in the DNA methylome in relation to psychiatric traits in adolescents", presented at 
Uppsala University 2020-04-20. 
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disease (9,13). Moreover, several psychiatric conditions debut in adoles-
cence (4), suggesting a long-term importance for investigating the epigenetic 
changes during this time frame.  

Epigenetics and psychiatry3 
In recent years, the field of epigenetics has evolved into a key research focus 
in the field of psychiatry (14). Research suggest epigenetics holds promise to 
understanding underlying etiology, aid in risk stratification, act as potential 
biomarkers for disease and in predicting treatment response in precision 
psychiatry, and may even lead to future novel treatment options for psychiat-
ric conditions (15). In this context, changes in the methylation at CpG dinu-
cleotides within regulatory regions of the DNA using microarray technology 
make up the vast majority of epigenetics studies into psychiatric disorders 
(14). Dysregulation of DNA methylation has been implicated in several psy-
chiatric conditions, including anxiety (16), MDD (17), bipolar disorder (18), 
psychosis (15), post-traumatic stress disorder (19), and borderline personali-
ty disorder (20). Hübel et al reviewed DNA methylation studies in eating 
disorders, deeming the progress so far primarily exploratory and pointing to 
limitations pertaining to lack of power to detect meaningful differences and 
inconclusive results (21). Moreover, epigenetics has been proposed as poten-
tial biomarkers for predicting electroconvulsive therapy treatment response 
(22) and preliminary studies in human subjects, while still in their infancy, 
show promising results (23,24). In addition, DNA methylation risk scores 
have been proposed as models similar to genetic risk scores for predicting 
individual risk of disease or to model probabilities of treatment success (25). 
Such models have been derived to predict chronological age (26), smoking 
(27) and alcohol consumption (28). Moreover, methylome-wide studies have 
implicated specific methylation sites predisposed to psychosocial stressors 
(29), presenting intriguing possibilities to predict the impact of adverse life 
events on mental health. Epigenetics as a potential treatment option in psy-
chopathologies have also been investigated. For example, in a rat model, 
microRNA-137 (miR-137) was demonstrated to drive epigenetic remodeling 
after adolescent alcohol exposure and infusion of miR-137 into the central 
amygdala was effective in reducing alcohol-consumption and anxiety-like 
behaviors (30).   

                               
3 Ibid 
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Epigenetics in the frame of child and adolescent 
psychiatry4 
While most of the research is centered on adult psychiatric conditions, there 
are several advantages of studying epigenetics in adolescent psychiatry. For 
example, a youth episode of MDD often continue in adulthood (31), suggest-
ing research into psychiatric disorders in adolescence could uncover early 
detection biomarkers to estimate the severity of the inherent vulnerability 
(32). As such, research into child and adolescent psychiatric conditions of-
fers potential for discovering epigenetic susceptibility features that are pre-
sent in psychiatric conditions in general. Moreover, we argue that research-
ing a younger population enables enhanced identification of causative factors 
for psychiatric conditions, as studies on older subjects are more likely to be 
limited by confounding factors, such as use of psychoactive substances, sub-
stance abuse, tobacco use, medical comorbidities or even aging, all of which 
could influence epigenetic profiles and confound results (12,33–35). Re-
search also suggests that epigenetic profiles are influenced by disruptive 
events during important stages of neurocognitive development, such as ges-
tation, infancy and adolescence (36,37). For example, methylation altera-
tions in the serotonin transporter gene (SLC6A4) has been demonstrated to 
predict occurrence of adverse childhood events and is associated with MDD 
severity (38). Epigenetic dysregulation has also been implicated in neurode-
velopmental disorders (39) such as autism spectrum disorders (40) and atten-
tion-deficit hyperactivity disorder (41,42).  

Epigenetics in relation to suicidal behavior 
Suicidal behavior is a highly complex and heterogeneous phenotype, com-
prising both suicidal ideation, suicide attempts and completed suicide (43). 
Suicide attempts associated with a high intent to die (44) and the choice of a 
violent suicide attempt method have been associated with increased risk of 
completed suicide in follow-up studies and have been proposed to constitute 
distinct neurobiological underpinnings (45). In general, suicidal behavior is 
believed to be influenced by both genetic, psychological, environmental and 
neurological factors (46). A family history of suicide, past suicide attempt 
and occurrence of psychiatric disorders has traditionally represent the most 
important independent risk factors (46). Recent research has suggested envi-
ronmental factors, such as accumulating childhood adversity or low socioec-
onomic status are also important contributors (47,48). Moreover, several 
twin studies have implicated heritable risk factors in suicidal behaviors and 
adoption studies implicate higher suicidal risk in individuals with a suicidal 

                               
4 Ibid 
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proband as compared to non-biologically related subjects of adoptive fami-
lies (49–51). This heritability factor is partly explained by familial transmis-
sion of psychiatric disorders, as ~90% of suicide attempters are affected. 
However, twin- and adoption studies demonstrate that rates of suicide at-
tempts are heritable and distinct from family transmission of psychiatric 
disorder (52,53). Researchers have hypothesized that this independent risk 
factor could be associated with impulsive aggression, which in combination 
with a major mental disorder conveys a high risk of suicidal behavior 
(54,55).  However, the genetic susceptibility factors underlying suicide still 
remain poorly understood. Although it falls outside the scope of this thesis to 
describe in greater detail, hyperactivity of the hypothalamic-pituitary-adrenal 
(HPA) axis has been demonstrated to be associated with an increased risk of 
suicide in subjects with affective disorders (56,57). Moreover, targeted ge-
netics studies have implicated several HPA-axis coupled genes in suicidal 
behavior; including NR3C1 (58), SKA2 (59,60), CRHBP (61), FKBP5 (62), 
CRHR1 (62)  and CRHBP (63). Several GWAS-studies in the field have 
identified associations between single SNPs and suicidal phenotypes (64–
68). However, many of the identified SNPs explain only a small part of the 
variation and most have not yet been adequately replicated to be assuredly 
confirmed as true associations (43). For example, performing a GWAS 
based on a large population-based sample, Erlangsen et al identified several 
SNPs associated with suicide attempt and found that the revealed SNPs 
combined explained only 4.6% of the variation in suicide attempt (65). Im-
portantly, GWAS studies do not account for gene-environment interactions, 
believed to be important in predicting complex multifactorial conditions 
such as the suicidality phenotype. Epigenetic factors may incorporate im-
portant environmental factors, e.g. biological effects of cumulative child-
hood adversity or low socioeconomic status, and with genetic susceptibility 
factors contribute to the surfacing of suicidality (68). In this regard, candi-
date gene methylation studies have identified several promising candidates, 
including BDNF (69,70), SKA2 (60,71,72), CRHBP (63), HTR2A (73) and 
TPH2 (74). However, further studies in independent cohorts are needed to 
confirm causality (43). Moreover, although not covered in this thesis in 
greater detail, several miRNA studies have found altered expression of levels 
in brain tissue of suicide subjects suffering from MDD (75,76). Lastly, it is 
important to highlight the major challenge to the field of suicide epigenetics 
in distinguishing potential confounding effects from co-occurrence of major 
psychiatric illnesses (43). 

Epigenetics in relation to hypersexual disorder 
Hypersexual disorder (HD) has been proposed as a DSM-5 diagnosis and has 
been defined as a non-paraphilic sexual behavior disorder including an im-
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pulsivity component (77). In ICD-11, 'Compulsive Sexual Behavior Disor-
der' has been included as an impulse-control disorder (78). Components of 
HD include difficulties pertaining to sexual desire dysregulation, compul-
sivity and impulsivity (77). To date, the underlying pathophysiological 
mechanisms and neurobiology of HD is not fully understood. Recent studies 
have implicated involvement of both the HPA axis (79,80) and dopaminergic 
systems (81). Studies on animal models have suggested epigenetic involve-
ment in sexual behavior. In a review article, Matsuda et al. implicated epige-
netic dysregulation in the estrogen receptor α (ERα) in relation to sexual 
behavior in animal models, pertaining to both histone modifications and 
altered DNA methylation levels (82). Moreover, partner preference in female 
prairie voles has been shown to be influenced by histone deacetylase inhibi-
tors, putatively by epigenetic up-regulation of the vasopressin V1a receptor 
and the oxytocin receptor (83). In addition, epigenetic variation has been 
proposed to influence sexual selection after copulation (84). With regard to 
studies in human subjects, Jokinen et al. identified epigenetic changes in the 
CRH gene to be related to hypersexual disorder.  

Limitations to the epigenetic model in the psychiatric 
field5 

It is important to recognize critique of the promise of the epigenetic model in 
explaining psychiatric disorders. While epigenetics represents an intriguing 
model for explaining discordance in psychiatric traits in monozygotic twins 
by incorporating effects of environmental factors, it is theoretically possible 
that randomly determined errors in the maintenance of DNA methylation 
may accumulate and in due course induce phenotypic differences. Additional 
limitations pertain to the common use of Illumina microarrays which meas-
ure only a small fraction of the global DNA methylome, suggesting a signif-
icant portion of the epigenome is left unchartered. Other issues relate to the 
fact that many genome-wide methylation studies are measured in peripheral 
blood mononuclear cells, whereby the transferability to disease-inducing 
epigenetic changes in brain tissue can be disputed. Moreover, given the het-
erogeneity of psychiatric phenotypes and the sensitivity of DNA methylation 
to confound, there are evident difficulties in assuredly inferring causality 
(11,14). At the same time, research into epigenetics is rapidly improving. 
The PsychENCODE resource, for example, has resulted in several additional 
levels of epigenetic and chromatin organization in brain being uncovered 
(85). Furthermore, recent research even suggests neurotransmitters may in-
teract with histones to modulate posttranslational activity in neurons (86), 

                               
5 Ibid. 
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suggesting new models are developing that may enable comprehensive in-
vestigation of the epigenome with regards to psychiatric traits.  

Epigenetics and cell biology6 
The mechanisms that develop undifferentiated cells to differentiated cells are 
believed to be strongly influenced by alterations in gene expression patterns. 
These processes are dependent on epigenetic processes affecting the interac-
tion between transcription factors and the DNA, which contribute to either 
repressing or stimulating gene transcription (87). In a broader definition, 
epigenetics involve processes related to heterochromatin components, poly-
comb proteins, non-coding RNAs (ncRNAs) and DNA methylation. Chro-
matin accessibility is known to influence gene expression patterns. Put simp-
ly, a more lightly packed form of chromatin, euchromatin, is proposed to 
promote gene transcription. By contrast, condensed DNA, so called hetero-
chromatin, is broadly believed to silence the expression of genes by inhibit-
ing the binding of transcription factors and thereby obstructing initiation of 
transcription (88). For example, histone methyltransferase Suv39h1 has been 
demonstrated to di- and trimethylate lysine 9 of histone H3 (H3K9), which 
DNA domains are then wrapped around forming a heterochromatin state 
(89). Polycomb proteins are demonstrated to influence the maintenance of 
certain programmed expression states, such as X-chromosome inactivation 
(90). In addition, classes of ncRNAs, such as miRNAs, modulate post-
transcriptional activities which contribute to altering gene expression pat-
terns (91). Other classes of ncRNAs, such as short interfering RNAs (siR-
NAs), impact transcription indirectly by interaction with chromatin or DNA 
methylation (92). Lastly, cytosine DNA methylation of intragenic promoters 
and enhancers, described in more detail below, induce gene silencing by 
thwarting transcription factors from initiating gene transcription (93). Im-
portantly, intragenic methylation is also widely believed to modulate gene 
splicing (94).(95) 

DNA methylation7 
Methylation of cytosine residues is the most well-characterized epigenetic 
regulatory process. Cytosine becomes methylated by the addition of a methyl 
group to the 5’ position of its pyrimidine ring. This process is regulated and 
upheld by the action of several DNA-methyltransferases (DNMTs) (96). 
Recently, the ten eleven translocation (TET) enzymes have been demon-

                               
6 Ibid. 
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strated to promote reversal of DNA methylation (97). DNA methylation is, 
especially in  Cytosine phosphate Guanine (CpG) rich regions (CpG islands) 
near the transcriptional start site (TSS), dynamic and traditionally believed to 
influence gene expression patterns through obstructing transcription factor 
activity and/or inducing alterations in chromatin structure (93). In later 
years, however, DNA methylation has also been associated with gene splic-
ing (94), gene activation and the recruitment of transcription factors (98). 
Through the actions described above, it is evident that DNA methylation is 
fundamental to regulating and upholding cell differentiation and stability. 
When first discovered, it was believed that DNA methylation was highly 
stable and the modification irreversible. Research into the field greatly in-
creased when it was later demonstrated that these modifications were in fact 
dynamic and influenced by external factors, in the belief that DNA methyla-
tion represented a theoretical model by which to explain the influence of 
environmental factors on phenotypic outcome (10). To date, several external 
factors have been demonstrated to influence methylation, e.g. diet and nutri-
ent intake, substance abuse, tobacco use, medical comorbidities and age 
(33,34,99,100). Moreover, research into methylation quantitative trait loci, 
described in more detail below, have revealed that some methylation sites 
are related to genetic variants and, thus, to some extent, regulated by genetic 
factors (101). 

 
Figure 1: Illustration of the addition of a methyl group to the 5’ position of the cyto-
sine pyrimidine ring catalyzed by specific DNA-methyltransferases (DNMT) and 
reversed by TET-enzymes. 
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Figure 2: Illustration of the methylation of CpG-dinucleotides by the action of DNA 
methyltransferases from unmethylated DNA to form methylated DNA. 

Measuring DNA methylation by array based methods8 
The Illumina BeadChips are the most widely used arrays for measuring the 
global DNA methylation profile and have made high-throughput profiling of 
the genome-wide methylation state economically viable for studies with a 
large amount of samples (102). The Illumina 450K BeadChip allows for 
measurement of twelve samples to be processed on the same chip. The pro-
cess of measuring DNA methylation levels include sodium bisulfite conver-
sion and subsequent quantification steps. By converting unmethylated cyto-
sine residues into uracil, sodium bisulfite conversion enables measurement 
of methylated cytosines as these are not affected by the process. Subsequent-
ly, specific primers are introduced to amplify the resulting intensities of the 
unmethylated or methylated DNA. Contrasting the primer pairs enable 
measurement of the degree of DNA methylation. This results in the beta 
value, which represents the proportion of the intensity of the methylated 
probe to the overall intensity and a constant offset alpha. The Illumina 450K 
BeadChip, used in Paper I and II, was, upon creation, focused on measuring 
DNA methylation at CpG islands in the vicinity of known genes. The array 
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measures 482,421 CpG probes and covers 99% of genes in the reference 
sequence (RefSeq) database (n=21,231). The majority of probes are found in 
promoter regions (n=200,339) and gene body (n=150,212), but CpG sites in 
the 3'UTR of genes (n=15,383) and intergenic (119,830) are also included. 
In order to measure such a vast number of probes, the array measures both 
type I and type II probes. These differ in that type I probes include two bead 
types per CpG site measured, corresponding to the methylated and the un-
methylated position. By contrast, it is possible to hybridize type II probes 
irrespective of their methylation state. Accordingly, the single-base exten-
sion then takes place at the probe level. In the case of type II probes, the 
methylation level is thus determined by the nature of the hybridized nucleo-
tide.(103) Although not covered in the present papers, Illumina has in recent 
years further developed their methylation array resulting in the creation of 
the Illumina EPIC array which covers more than 850,000 CpG sites (104). 

Methylome-wide association analyses9 
While there are many different strategies to preprocessing Illumina 450K 
whole-blood DNA methylation data, there are some key considerations that 
need to be accounted for. These include exclusion of unreliable probes, ad-
justment of probe type differences,  batch effects, cellular heterogeneity and 
sample outliers. Inability to account for these factors could bias downstream 
analysis. Methylation probes believed to bias downstream analysis include 
probes with missing values, the probes located on sex chromosomes or con-
taining a SNP and the non-specific probes (potential cross-hybridization). 
These probes are typically excluded from downstream analysis. Moreover, 
as previously described in more detail, there are key differences in methods 
for measuring DNA methylation in type I and II probes. Studies suggest that 
type 2 probes are generally less reproducible and exhibit lower dynamic 
range. In methylome-wide association studies, this results in an enrichment 
bias favoring type I probes, as their dynamic range is significantly higher. 
The beta-mixture quantile (BMIQ) normalization method is widely used to 
adjust methylation data for probe-type differences. It incorporates several 
steps, including applying a beta-mixture model to designate CpG probes to 
DNA methylation states, conversion of probabilities into quantiles and a 
methylation-dependent dilation transformation. The model has been proven 
to reduce technical variation and bias of type II probes, while at the same 
time eliminating the type I probe enrichment bias (105). Batch effects repre-
sent a source of potential bias as samples on the Illumina 450K BeadChip 
are processed in groups of twelve on separate chips. The ComBat function, 
which corrects for batch-effects by means of an empirical Bayesian frame-
work, has been widely implemented to adjust this potential bias (106). How-
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 24 

ever, recent research advises caution against using this method as the Com-
Bat function may not adequately remove technical bias in uneven study de-
signs. It has even been suggested to overcorrect data in some cases, poten-
tially inflating resulting statistics (107). This of course highlights the im-
portance of post-hoc analysis of the genomic inflation factor, described in 
more detail below. Peripheral blood mononuclear cells are a mixture of dif-
ferent cell populations and differences therein are a known source of bias in 
DNA methylation studies (108). The Houseman algorithm is a commonly 
used method for estimating and adjusting for the relative proportions of 
white blood cell types. The method is similar to surrogate variable analysis 
and makes use of a reference data set to calculate and adjust for cell type 
composition (109). To date, there are several additional methods practiced 
for correcting white blood cell type heterogeneity, but it falls beyond the 
scope of this thesis to review them all. In addition, sample outliers can be 
identified by visual inspection of the principal components that significantly 
add to the total variance, after which they can be excluded from further anal-
ysis (110). Prior to analysis, it is important to plot the distribution of the 
methylation data. Beta-values have been demonstrated to exhibit heterosce-
dasticity in the low and high methylation ranges. Depending on the sensitivi-
ty to heteroscedasticity of the analysis intended, beta-values may be convert-
ed into M-values by log2 transformation, which are more homoscedastic in 
the low and high methylation ranges (111). For pedagogical purposes, M-
values are often subsequently converted back into beta-values for use in 
figures. Lastly, to exclude bias from general systemic inflation of signifi-
cance values, the genomic inflation factor lambda can be calculated (112). 
Although it falls outside the scope of this thesis to review, new methods 
have been proposed to account for both genomic inflation and bias (113). 

Methylation quantitative trait loci analysis10 

Studies have discovered extensive associations between genetic variants and 
DNA methylation. These methylation sites are called DNA methylation 
quantitative trait loci (mQTL) and are mainly located in the vicinity of tran-
scription-factor binding sites and regulatory chromatin regions. In recent 
years, mQTL analyses have become increasingly popular as a means to fur-
ther improve GWAS studies. The presence of mQTL:s suggest that SNP:s 
associated with disease could influence phenotypic variation by influencing 
perhaps not only the adjacent gene, but also by long-reaching interactions 
with DNA methylation. Moreover, mQTLs have been demonstrated to over-
lap with (gene) expression quantitative trait loci (eQTL), further supporting 
their potential biological relevance.(114) Although falling outside the scope 
of this thesis, in recent years, a summary data-based Mendelian randomiza-
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tion (SMR) method has been widely implemented to integrate results from 
GWAS studies with data from eQTL and/or mQTL analyses to uncover 
genes associated with complex traits due to pleiotropy. This method is also 
touted for identifying additional biologically relevant genes underlying 
GWAS hits (115,116). 

MicroRNA11 
MiRNAs are made up of about 22 nucleotides of non-coding RNA. They 
bind complementary to mRNA, acting to inhibit or degrade them. Thus, 
miRNAs regulate translation at the post-transcriptional level. To date, miR-
NAs are believed to regulate gene expression of the majority of recognized 
protein-coding genes (91). In fact, a single miRNA may modulate translation 
of hundreds of unique genes (117). Exosomes carry miRNAs into the blood 
stream, where they have been demonstrated to cross the blood-brain barrier 
(118). Remarkably, studies indicate that these small non-coding transcripts 
survive in bodily fluids (119). Thus, miRNAs embody a theory by which 
peripheral tissues can modulate post-transcriptional activity in brain (120). 
In support of this belief, studies have found differential levels of specific 
miRNAs in whole blood and neurons of psychiatric patients (121,122). As a 
result, miRNAs have been proposed as novel treatment options in psychiatric 
disorders - a presumption which is already being tested in animal models 
(30). 

                               
11 Ibid 
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Aims12 

The primary aim of this thesis was to investigate associations between epi-
genetic mechanisms, psychiatric risk scores in adolescence and psychiatric 
traits in adulthood. Psychiatric research has become increasingly focused on 
epigenetic phenomena over the last years. The increasing support for the 
epigenetic model to explain complex multifactorial psychiatric conditions 
has the potential to lead to identification of the molecular sources that under-
lie the development of psychiatric disorders. In paper I, an exploratory anal-
ysis is performed aimed at identifying novel epigenetic susceptibility factors 
that predispose adolescents for MDD. The aim of paper II was to broadly 
characterize a preliminary epigenetic landscape in relation to risk for psychi-
atric disease in adolescents, encompassing selected genetic variants, mQTLs 
and gene expression levels, this to further unravel the complex interplay 
between genetic and epigenetic factors in the pathophysiology of psychiatric 
conditions. The aim of paper III was to investigate associations of HPA-axis 
coupled DNA methylation sites measured from whole blood and severity of 
suicidal behavior. In paper IV, in an exploratory analysis, the aim was to 
investigate associations of epigenetics and transcriptomics to HD by study-
ing miRNA-associated DNA methylation sites and candidate miRNAs in 
relation to HD. 

                               
12 Parts of the text is identical to licentiate thesis by Adrian Emmanuel Desai Boström titled: 
"Identification of shifts in the DNA methylome in relation to psychiatric traits in adolescents", 
presented at Uppsala University 2020-04-20. 
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Materials and methods13 

Ethics statement and subject description relating to 
paper I 
The study of the Discovery data set was approved by the local ethics com-
mittee in Uppsala, Sweden (Regionala etikprövningsnämnden i Uppsala) and 
included 93 adolescents aged 14-17, recruited in the years 2013-2014. The 
Discovery data set has been previously described and published (123). Both 
subjects and their participating parent(s) gave their written informed consent 
to participating in the study. Subjects were randomly selected from public 
school in Uppsala County and were included in the study if they exhibited an 
overall risk for psychiatric diagnoses of 15% or more, as measured by the 
DAWBA web-based diagnostic interview (described below (124)). Self-
reported information pertaining to basic physiological parameters and medi-
cation was provided by the participants. Body weight was measured for body 
mass index (BMI) calculation. The BMI z-scores were calculated and based 
on these values each subject was stratified into one of four weight category 
groups (underweight, normal weight, overweight and obese), as defined by 
the Center for Disease Control and Prevention (CDC). Subjects were 
grouped into three categories based on their DAWBA risk-score assessment 
for depression as 'Controls' (~0-3%), '15% Risk Depression' (~15%) and 
'Depressed' (~50-75%), respectively. In the replication stage, 130 samples 
from the study mentioned above, but characterized and measured earlier in 
the time frame between November 2012 and January 2013, were studied. 
The Validation data set 1 has been previously published (123). The study 
was approved by the local ethics committee in Uppsala, Sweden (Regionala 
etikprövningsnämnden i Uppsala) and all participants and their parent(s) 
gave their written informed consent. This data set is population-based and 
the same parameters were recorded as for the Discovery data set. In order to 
increase the power to detect meaningful differences, we excluded subjects 
with intermediate risk scores for any psychiatric disorder, and stratified the 
remaining individuals into one of two categories: 'Controls' (~0%) and 'De-

                               
13 The text in the materials and methods section is identical to Paper I-IV. Selected parts were 
also included in licentiate thesis by Adrian Emmanuel Desai Boström titled: "Identification of 
shifts in the DNA methylome in relation to psychiatric traits in adolescents", presented at 
Uppsala University 2020-04-20. 
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pressed' (~15-50%). The Validation data set 2 includes data from an inde-
pendent published cohort (Array Express Database, http://www.ebi.ac.uk/ 
arrayexpress/). The data is openly available (E-GEOD-41826) and were 
originally published by Guintivano et al. (125). The group measured DNA 
methylation from post mortem frontal cortex samples of 29 major depression 
(MDD) subjects and 29 matched controls. After the neuronal proportion 
extraction, they studied the extent of neuron and glia specific DNA methyla-
tion variation independent of disease status (MDD or control). DNA methyl-
ation profiles were generated using the Illumina 450 K methylation Bead-
Chip, which have been made available online along with phenotypic infor-
mation pertaining to age, gender, cell type (glia, neurons, bulk or mixed), 
diagnosis (depression or control), post mortem interval and race (Asian, Af-
rican or Caucasian). For more details regarding the cohort and methylation 
specimens see the original article by Guintivano et al. (125). An additional 
data set was included in the study, pertaining to eleven healthy male volun-
teers aged between 18 and 40 years were recruited from the region of Uppsa-
la, Sweden, between 2013 and 2014. Blood analyses were performed before 
and after a meal intake. For the purpose of this study, only the non-fasting 
blood samples were further studied. The data was adjusted for white blood 
cell type heterogeneity. More details on the cohort and preprocessing of the 
methylation and RNA specimens have been previously published (108). 
MicroRNA expression level was analyzed in RNA samples isolated from 
eleven healthy individuals in blood. After biotinylated RNA was prepared 
according to FlashTag Biotin HSR RNA labeling kit, 120 μl of each sample 
were loaded to the Affymetrix® miRNA 4.1 Array Plates. Finally, the arrays 
were hybridized, washed and scanned with the GeneTitan® Multi-Channel 
(MC) Instrument. The raw data was normalized in Expression Console, pro-
vided by Affymetrix, using the robust multi-array average method that was 
first suggested by Li and Wong (126,127).(35) 

Ethics statement and subject description relating to 
paper II 
The present study included a total of 130 adolescent volunteers aged be-
tween 14 and 16, recruited between November 2012 and January 2013. The 
included subjects were randomly selected from public school in Uppsala 
County, with the aim to investigate potential psychiatric risk factors in 
youth. Self-reported information regarding basic physiological parameters, 
for example, height, age and medication, was provided by the participants. In 
addition, body weight was measured for body mass index calculation. This 
data set served as discovery data set in our study. In the replication stage, 93 
samples from the same study, but characterized later in the time frame 2013–
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2014, were evaluated. The selection criteria included individuals with a risk 
for psychiatric diagnoses higher than 15%, aged between 14 and 16 years. 
The same parameters as in the discovery group were recorded for these indi-
viduals. Both studies were approved by the Regional Ethics Committee in 
Uppsala, and all participants gave their written informed consent. For the 
expression data set, eleven healthy male volunteers aged between 18 and 40 
years were recruited from the region of Uppsala, Sweden, between 2013 and 
2014. Blood analyses were performed before and after a meal intake. The 
analyses regarding methylation and expression profiles were corrected for 
proportions of different cell types. More details about this healthy group as 
well as about preprocessing of the methylation specimens and expression 
patterns in this cohort can be found elsewhere (108).(123)  

Ethics statement and subject description relating to 
paper III 
The study protocols were approved by the Regional Ethical Review Board in 
Stockholm (Dnrs: 00-194, 2015/1454-32) and the participants gave their 
written informed consent to the study. Concerning validation cohort and 
expression data set, both studies were approved by the Regional Ethical Re-
view Board in Uppsala, and all participants gave their written informed con-
sent. Patients having their clinical follow-up after an attempted suicide at the 
Suicide Prevention Clinic at the Karolinska University Hospital were invited 
to participate in the study on biological and psychological risk factors for 
suicidal behaviour. Inclusion criteria were a recent suicide attempt and age 
18 years or older. Exclusion criteria were schizophrenia spectrum psychosis, 
dementia, mental retardation and intravenous drug abuse. A suicide attempt 
was defined as a self-destructive act with some degree of intent to die. Dur-
ing the study period between years 2000-2005, 258 patients (169 women and 
89 men) from the catchment area made a suicide attempt and came into con-
tact with the Suicide Prevention Clinic. 61 patients were excluded due to 
exclusion criteria above, 50 patients did not want to participate in the study 
and 47 patients were not proposed to participate due to reasons like initial 
refusal to have a clinical follow-up, holiday period, or moving to another 
part of the country. A total of 100 suicide attempters (67 women and 33 
men) were enrolled in the study. The mean age of the patients was 34 years 
(SD=12.4; range 18—67). Eighty-six percent of the patients had at least one 
current Axis I psychiatric diagnosis (71% met the criteria for mood disor-
ders, 5% for adjustment disorders, 6% for anxiety disorders, 4% for diag-
nosed alcohol abuse). Regarding comorbidity, 25% had a comorbid anxiety 
disorder, 12% had a comorbid substance-related disorder (mostly alcohol 
dependence) and 4% had a comorbid eating disorder (bulimia nervosa). 
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Nearly one third (28%) of the patients met the criteria for a personality dis-
order. 88 patients had DNA samples. In the next step, we made use of two 
previously published cohorts of adolescents termed validation data set 1 and 
validation data set 2, respectively. For validation data set 1, a total of 129 
adolescent volunteers aged between 14 and 16, recruited between November 
2012 and January 2013 were randomly selected from public school in Upp-
sala County, with the aim to investigate risk factors for psychiatric illness. 
This data set served as validation data set 1 in this study. The study of the 
Validation data set 2 includes 93 adolescents aged 14-17, recruited in the 
years 2013-2014. More details on the samples and preprocessing of the 
methylation specimens have been previously published (123). For the ex-
pression data set, eleven healthy male volunteers aged between 18 and 40 
years were recruited from the region of Uppsala, Sweden, between 2013 and 
2014. Blood analyses were performed before and after a meal intake. For the 
purpose of this study, only the non-fasting blood samples were further stud-
ied to match the prandial state. The genome-wide DNA methylation pattern 
was measured using the Illumina Infinium 450 K BeadChip. RNA microar-
ray expression was measured and analyzed using the Affymetrix GeneChip 
Human Gene 2.1 ST array (126). More details on the sample and prepro-
cessing of the methylation and RNA specimens have been previously pub-
lished (108).(128) 

Ethics statement and subject description relating to 
paper IV 
The study protocols were approved by the Regional Ethical Review Board in 
Stockholm (Dnrs: 2013/1335-31/2) and all participants gave their written 
informed consent to participating in the study. The study was performed in 
accordance with relevant guidelines and regulations. Details on the HD co-
hort have been previously published (79,129). The study was performed at 
the Center for Andrology and Sexual Medicine (CASM) at the Karolinska 
University Hospital, a multidisciplinary center for diagnostics and treatment 
of patients with sexual dysfunctions. 74 patients seeking medical and/or 
psychotherapeutic treatment were recruited in the study of neuroendocrine 
and epigenetic markers of HD. Inclusion criteria were a diagnosis of HD 
defined according to the DSM-5 proposed criteria for HD by Kafka et al. 
(77), age of 18 years or older and available contact information. Patients 
were excluded if they had any current psychotic illness, other psychiatric 
disease requiring immediate treatment, current alcohol or drug abuse and 
serious physical illness such as severe hepatic or renal disease. Subsequent-
ly, all patients were evaluated in a face to face interview by a trained psychi-
atrist and a psychologist using the Mini International Neuropsychiatric Inter-
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view (MINI) protocol (130) to establish psychiatric diagnoses. Healthy vol-
unteers were recruited from the Karolinska Trial Alliance (KTA) database 
and as previously published (129). Healthy volunteers were chosen to match 
HD patients by age and equal blood collection times in fall or spring to min-
imize seasonal variations. Subjects were included if they had no evidence of 
previous or current psychiatric illness, no serious physical illness, no first 
degree relative with bipolar disorder, completed suicide or schizophrenia; 
and no previous exposure to serious trauma. Volunteers screened positive for 
pedophilic disorder were excluded. In total, 39 male volunteers were includ-
ed in the study. Validation data is openly available (E-GEOD-72680) and 
were originally published by Kilaru et al (131). The study included only 
African American patients with the goal of identifying associations between 
peripheral blood DNA methylation and psychiatric symptoms. Blood was 
collected in EDTA vacuum tubes prior to extraction. DNA methylation was 
assessed in whole blood using the Illumina 450 K methylation beadchip 
from participants of the Grady Trauma Project. For the purpose of this study, 
apart from the DNA methylation data, we made use of the following pheno-
types: age, gender, BMI, the Kreek-McHugh-Schluger-Kellogg (KMSK) 
scale (132) measured for alcohol, and the occurrence of any under treatment 
depressive disorder, anxiety disorder, bipolar disorder or post-traumatic 
stress disorder. We also made use of the supplied relative proportions of 
white blood cell coefficients: B-cells, CD4-T cells, CD8 T-cells, granulo-
cytes, monocytes and NK-cells. Please see  
https://www.ebi.ac.uk/arrayexpress/experiments/E-GEOD-72680/ for a list 
of all available phenotypes.(128) 

Psychiatric diagnoses relating to paper I and II  
The Development and Well-Being Assessment (DAWBA) consists of web-
based diagnostic interviews used to evaluate DSM-IV and ICD-10 type di-
agnoses specifically for individuals in the age range 5-17 years. The ques-
tionnaire is completed separately by both a parent and the child, and encom-
passes the most prevalent behavioral, emotional and hyperactivity type dis-
orders. The covered categories include depression, generalized anxiety dis-
order, SAD, posttraumatic stress disorder (PTSD), autism and obsessive 
compulsive disorder (OCD). An algorithm was used to convert question-
naires to probability of diagnosis, ranging from less than 0.1-70% and re-
flecting the probability that an experienced clinical rater would assign the 
individual a corresponding DSM-IV or ICD-10 diagnosis The DAWBA 
bands have been shown to be similar or identical to clinician-rated diagnoses 
in estimated effect sizes, significance levels and substantive conclusions 
regarding risk factor associations (124). The DAWBA bands were used as 
the only measure of risk of psychiatric disorder in the Discovery and Valida-
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tion data set in Paper I, and in the Discovery and Replication data set in Pa-
per II.(35,133) 

Psychiatric diagnoses relating to paper III 
Patients were stratified into one of two groups (high risk or low risk) based 
on the severity of the suicide attempt using following criteria: violent suicide 
attempt method or a high score in the Freeman scale or information of later 
completed suicide. For classification of violent and non-violent suicide at-
tempts, we used a dichotomization with relevance concerning biological 
differences. Self-poisoning and cuts in one wrist were considered as non-
violent suicide attempts, while all other, like, attempted drowning, shooting, 
gassing or hanging were considered to be violent (134). The Freeman scale 
consists of two parts, Reversibility and Interruption Probability, which were 
applied to a large sample of suicide attempt and suicide death cases, showing 
very good discriminating validity (135). The scales capture important as-
pects of suicide intent. Interrater reliability of reversibility of method rating 
was 0.97 and 0.80 for interruption probability (135). The Reversibility takes 
into account the type and quantity of drug used and the extent of self-injury 
inflicted. A high score indicates a low reversibility of the suicide attempt 
method, such as shooting or hanging, i.e. a more serious suicide attempt with 
high risk of death, while a low score indicates that the method is reversible 
and suicide death less likely. The second part of the Freeman scales 
measures the probability of interruption by others, where high scores indi-
cate that interruption is very unlikely. Both categories are coded on a 1-5 
graded scale and the range of scores on total Freeman scale is between 2 and 
10 (135). A cut-off > 6 was applied to define a serious suicide attempt. All 
patients were linked to a national Cause of Death register by their own 
unique identification number. Four patients completed suicide before Janu-
ary, 2011. Three patients had died by handing and one patient with substance 
intoxication. In the cohorts of adolescents, the risk for psychiatric diseases 
was assessed by performing the Development and Well-Being Assessment 
(DAWBA) web-based interview designed for individuals in the age range 5–
17 years to generate Diagnostic and Statistical Manual of Mental Disorders 
(DSM-IV) and International Classification of Diseases (ICD)-10-based psy-
chiatric diagnoses. DAWBA consists of two versions of individual standard-
ized questionnaires, administrated to adolescents and their parents. Comput-
er generated diagnostic predictions were used in the present study. The aver-
age of the ‘probability bands’ was computer-assisted generated referring to 
several diagnoses such as anxiety disorders, depression, post-traumatic stress 
disorder, autism, separation anxiety disorder and obsessive compulsive dis-
order. DAWBA diagnoses are given in the range of less than 0.1% to over 
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70% probability that the individual could experience one of the mentioned 
DSM-IV or ICD-10-based diagnosis.(128) 

Psychiatric diagnoses relating to paper IV 
Both HD patients and healthy volunteers were assessed using the Mini-
International Neuropsychiatric Interview (MINI 6.0) (130), the Hypersexual 
Disorder Screening Inventory (HDSI) (www.dsm5.org)(136), the Sexual 
Compulsivity Scale (SCS) (137), the Hypersexual Disorder: Current As-
sesssment Scale (HD:CAS) (79), the Montgomery-Åsberg Depression Rat-
ing Scale Self rating (MADRS-S) (138) and the Childhood Trauma Ques-
tionnaire (CTQ) (139).(140) 

DNA methylation profiling relating to paper I 
Body weight was measured and participants answered a questionnaire with 
questions about living conditions, place of birth and basic physiological pa-
rameters (height, age etc.). Venous blood was taken according to standard 
procedures and stored in six tubes at a total volume of 25 ml comprising two 
EDTA coated tubes for DNA extraction, two PAX gene tubes for RNA ex-
traction, one lithium-heparin treated tube for plasma and one substrate-free 
tube for serum. All tubes were kept at minus 80 °C after separation of plas-
ma and serum by centrifugation. DNA was extracted using the phenolol-
chloroform method (141), and bisulfite converted by the EZ DNA Methyla-
tion - GoldTM kit (ZymoResearch, USA). Bisulfite converted DNA was 
hybridized to the Illumina 450k methylation chip (Illumina, San Diego, CA, 
USA). The Illumina chip measures methylation at 485 777 CpG sites. The 
Illumina iScan system (Illumina, San Diego, CA, USA) was used for imag-
ing of the array, whereby the methylation level of each CpG site was deter-
mined. Preprocessing of the methylation data was performed by adjustment 
of probe type differences, removal of batch effects and probe exclusion. 
Subsequently, principal component analysis (PCA) was used to identify 
sample outliers in the methylation data. Methylation preprocessing steps 
were performed in using R statistics (ww.r-project.org) together with the 
packages minfi (142), wateRmelon (143), ChAMP (144), sva (145), and 
limma (146) of the Bioconductor project and the FactoMineR (147) package 
of the CRAN project. Concerning adjustment of probe type differences, re-
moval of batch effects, probe exclusion and sample exclusion criteria please 
see Supplementary material of Paper I. DNA methylation measured in whole 
blood is composed of different cell populations (148). Rask-Andersen et al. 
demonstrated recently that changes in leukocyte fractions could introduce 
considerable variability in the DNA methylation pattern which could bias 
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downstream analyses. Thus, it is important to take into account white blood 
cell type heterogeneity in genome-wide DNA methylation studies (108). In 
the Discovery and Validation data set 1, we implemented a minfi-based sta-
tistical procedure of the Houseman algorithm (142), which uses raw intensity 
DNA methylation files to calculate the relative proportions of B cells, CD4+ 
and CD8+ T cells, granulocytes, monocytes, and natural killer cells.(35) 

Genotyping and DNA methylation profiling relating to 
paper II 
All study participants were genotyped using the Illumina Golden Gate array 
at the SNP&SEQ SciLife Platform at Uppsala University. On the basis of the 
literature search regarding associations of risk variants with psychiatric dis-
orders, that is, eating disorders, panic disorder, obsessive compulsive disor-
der, major depression and bipolar disorder,18 and on their inclusion in the 
microarray-assisted genotyping approach, we investigated a set of 37 SNPs 
with minor allele frequency higher than 5%. All SNPs were checked for 
Hardy–Weinberg equilibrium using χ2-test. SNPs were considered in dise-
quilibrium if P<0.01. Each SNP was coded as 0 (homozygous major allele), 
1 (heterozygous genotype) or 2 (homozygous minor allele). A dominant 
model was assumed for the SNPs. Genome-wide DNA methylation analysis 
was carried out using the Illumina Infinium HumanMethylation450 Bead-
Chip (Illumina, San Diego, CA, USA, 450k). Description of experimental 
procedures can be found in Supplementary Files relating to Paper II. Prepro-
cessing of methylation data included background correction, probe exclu-
sion, adjustment of type I and type II probes and removal of batch effects. 
The robust pipeline also included outlier detection by principal component 
analyses and white blood cell correction (available in Supplementary Files 
relating to Paper II). These analysis steps were performed using the lumi, 
sva, limma, wateRmelon and FactoMineR packages available in Bioconduc-
tor and operable in the R version 3.1.3 software (R is freely available under 
the GNU General Public License). Samples were excluded based on the fol-
lowing criteria: samples that were shown to be outliers in any of the five 
quality-control plots generated by MethylAid (149) (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 components (1 sample). The procedure was repeated 
in the same manner for the validation cohort where none of the samples were 
excluded.(133) 
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DNA methylation profiling relating to paper III 
Blood samples from non-fasting participants were collected in the morning 
according to standard procedures. Genomic DNA was extracted from 88 
samples using the phenol-chloroform method (141). Subsequently, the EZ 
DNA Methylation – GoldTM kit (ZymoResearch, USA) was used for bisul-
fite conversion. Bisulfite converted DNA was thereafter hybridized to the 
Illumina Infinium Methylation EPIC BeadChip, representing the methylation 
state of over 850 K CpG sites. The array was imaged using the Illumina iS-
can system (Illumina, San Diego, CA, USA) in which the percent methyla-
tion state of each CpG site was quantified for the entire study group. Prepro-
cessing of the methylation data was performed by background correction, 
adjustment of probe type differences, removal of batch effects and probe 
exclusion. Subsequently, the global DNA methylation pattern was adjusted 
for white blood cell type heterogeneity. Principal component analysis (PCA) 
was used to identify sample outliers in the methylation data. Methylation 
preprocessing steps were performed using the minfi (142), watermelon 
(143), sva (145), ChAMP (144) and FactoMineR (147) packages of the Bio-
conductor project operable in R, version 3.3.0. Methylation idat fileswere 
first loaded into the R environment using the ‘read.metharray.exp’ function 
of theminfi package (v 1.18.2). Thereafter, the efficient NOOB method was 
selected to correct for background artifacts (150). Probes on the Illumi-
naMethylation EPIC BeadChip array come in two different designs which 
differ in dynamic range and distribution of the DNA methylation pattern. We 
used the Beta Mixture Quantile Dilation (BMIQ) function of the wateRmel-
on package to adjust the methylation data for these probe type differences 
(105). In addition, the use of different analysis plates could result in unde-
sired batch effects and we used the ‘ComBat’ function of the sva package to 
correct for this potential bias (151). A total of 2483 probes were also filtered 
out as 75% or more of the samples exhibited a detection p-value > 0.01. 
Moreover, methylation levels of CpG sites annotated to known SNP loci 
could be affected by single nucleotide polymorphisms (SNP:s) (152) and 
probes located on sex chromosomes have been shown to be more difficult to 
accurately normalize (153). 197,719 CpG sites were thus subsequently ex-
cluded as they were located on sex determining chromosomes or covering 
known SNP loci, according to the Illumina annotation. In addition, probes 
with SNPs at target CpG or within probe and cross-reactive probes were 
excluded based on Chen et al.'s annotation (n=22, 577) (152). DNA methyla-
tion measured in whole blood is composed of different cell populations. 
Rask-Andersen et al. showed that changes in leukocyte fractions could intro-
duce significant variability in the DNA methylation pattern, an effect that 
could bias downstream analyses. It is thus important to adjust the global 
DNA methylation pattern for white blood cell type heterogeneity (108). We 
implemented a minfi-based statistical procedure of the Houseman algorithm 
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(154) to adjusted the global DNA methylation data for white blood cell type 
heterogeneity, which uses raw intensity files to calculate the relative propor-
tion of CD4+ and CD8+ T cells, monocytes (Mono), granulocytes (Gran), B 
cells (Bcell) and natural killer (NK) cells. To investigate the global DNA 
methylation pattern for sample outliers, the ‘PCA’ function of the Fac-
toMineR package was used (147). 31,493 probes were further studied and 
included in the covariance matrix based on a threshold of 0.2 and a 95% 
reference range, as performed by Voisin et al (110). The first principal com-
ponent explained 15.34% of the total variance and successively studied vec-
tors did not add significantly to the total variance. Outliers were identified by 
visual inspection of the graphical display of the first principal component, 
where no samples have been excluded from further analysis. 90% of the 
probes on the Illumina EPIC BeadChip array are also present on the Illumina 
450K Methylation Beadchip. Therefore we used the expanded annotation 
produced by Price et al, originally designed for the 450K array, to define, for 
each CpG site, the distance to the closest transcriptional start site (TSS) and 
the associated gene (107). As such, only CpG-sites present on the Illumina 
450 K methylation beadchip were considered for further analysis. In addi-
tion, we only considered CpG sites located within 2,000 base pairs (bp) up 
and downstream of the TSS. Wagner et al. demonstrated that DNA methyla-
tion and gene expression is closely related within this region (155). Based on 
the hypothesis that HPA-axis is associated with severity of suicidal behavior, 
we considered the following HPA-axis coupled genes: Corticotropin releas-
ing hormone (CRH), corticotropin releasing hormone binding protein 
(CRHBP), corticotropin releasing hormone receptor 1 (CRHR1), corticotro-
pin releasing hormone receptor 2 (CRHR2), FKBP5 and the glucocorticoid 
receptor (NR3C1). After the preprocessing steps outlined above, all CpG 
sites annotated to any of the aforementioned genes were included in the 
study, resulting in 72 CpG sites investigated in the subsequent analysis.(128) 

DNA methylation profiling relating to paper IV 
Blood samples were collected in the morning according to standard proce-
dures from non-fasted participants. Analyses of plasma ACTH and Cortisol 
assays were performed directly after sampling at the laboratory of the Ka-
rolinska University Hospital using a chemiluminescence immunoassay. Low 
dose dexamethasone suppression tests (DST) were performed in all partici-
pants after the baseline plasma samples of ACTH and Cortisol were collect-
ed by administration of an oral dexamethasone (0.5 mg) at 23.00 h the same 
day. The following day, post DST blood samples were collected at approxi-
mately 08.00 h. A plasma Cortisol level of 138 nmol/l (=5 g/dl) or higher in 
the morning sample after dexamethasone administration classified as non-
suppressed. Genomic DNA was extracted from whole blood of 110 samples 
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using the phenol-chloroform method (141). Subsequently, the EZ DNA 
Methylation – GoldTM kit (ZymoResearch, USA) was used for bisulfite 
conversion. Bisulfite converted DNA was thereafter hybridized to the Illu-
mina Infinium Methylation EPIC BeadChip, measuring the methylation state 
of over 850 K CpGsites. The arrays were imaged and analyzed using the 
Illumina iScan system (Illumina, San Diego, CA, USA) in which the percent 
methylation state of each CpG-site was quantified. Preprocessing of the 
methylation data was performed by background correction, adjustment of 
probe type differences, removal of batch effects and probe exclusion. Subse-
quently, the global DNA methylation pattern was adjusted for white blood 
cell type heterogeneity. Principal component analysis (PCA) was used to 
identify sample outliers in the methylation data. Methylation preprocessing 
steps were performed using the minfi (142), watermelon (143), sva (106), 
ChAMP (144) of the Bioconductor project and the FactoMineR (147) pack-
age of the CRAN project operable in R, version 3.3.0. For all other statistical 
analysis please see Supplementary material concerning background correc-
tion, adjustment of type I and type II probes, removal of batch effects and 
probe exclusion and correction for white blood cell type heterogeneity and 
criteria of sample exclusion. 90% of the probes on the Illumina 450K Meth-
ylation Beadchip are also present on the Illumina EPIC BeadChip array 
(156). The annotation for the EPIC Beadchip provided by Illumina does not 
provide information about the information about the distance to the TSS. In 
addition, for some CpG sites the EPIC annotation may refer to more than 
one associated gene. We therefore used the expanded annotation produced 
by Price et al, originally designed for the 450K array, to define, for each 
CpG-site, the distance to the closest transcriptional start site (TSS) and the 
associated gene (157). As such, only CpG-sites present on the Illumina 450 
K methylation beadchip were considered for further analysis. After the pre-
processing steps outlined above, all CpG-sites annotated to any known 
miRNA were included in the study, resulting in 8,852 miRNA-associated 
CpG-sites investigated in the subsequent analysis.(140) 

Micro-RNA profiling relating to paper I 
Candidate microRNAs were investigated by measuring their expression lev-
els in whole blood. For this purpose, we extracted RNA from a group of 27 
subjects comprising eleven  'Controls', nine '15% risk depression' and seven 
'Depressed' individuals from the Discovery data set. Samples were selected 
based on their level of DNA methylation at the associated methylation locus 
(cg04102384). In order to increase the power to detect meaningful associa-
tions, we selected the eleven controls with the lowest methylation levels, and 
16 cases ('15% Risk Depression' or 'Depressed') with the highest methylation 
levels. To measure miRNA expression, 10 ng of extracted RNA was reverse 



 38 

transcribed into cDNA using a TaqMan® miRNA Reverse Transcription Kit 
(Applied Biosystems, Waltham, MA, USA) and specific stem-loop reverse 
transcription primers (TaqMan® MicroRNA Assays MIR4646-3p and 
MIR4646-5p; Life Technologies, Carlsbad, CA, USA). RT-PCR was per-
formed using 0.67 μl cDNA and 9.3 μl RT-PCR Universal Fast Master Mix 
(Applied Biosystems) including primers. U6snRNA/RNU44 was used as an 
internal control. All measurements were performed in triplicate.(35) 

Micro-RNA profiling relating to paper IV 
800 ul of thawed EDTA blood samples stored at 80o C were centrifuged for 
10 min at 1900 g and subsequently for 10 min at 16’000 g (4°C). To extract 
RNA from 200 µl cell-debris-free supernatant the miRNAeasy Se-
rum/Plasma Kit (Qiagen, Hilden, Germany) was used according to the man-
ufacturer’s instructions. To measure miRNA expression, 10 ng of extracted 
RNA was reverse transcribed into cDNA using a TaqMan® miRNA Reverse 
Transcription Kit (Applied Biosystems, Waltham, MA, USA) and specific 
stem-loop reverse transcription primers (TaqMan® MicroRNA Assays for 
MIR708-5p and MIR4456; Life Technologies, Carlsbad, CA, USA). The 
following running conditions were applied: 16°C 30 min, 42°C 30 min, 85°C 
5 min. RT-PCR was performed using 0.67 µl cDNA and 9.3 µl RT-PCR 
Universal Fast Master Mix (Applied Biosystems) including the respective 
miRNA specific primers. The following RT-PCR running conditions were 
applied: 95°C 20 s, (95°C 1 s, 60°C 20 s) x 40; heating steps 1.9°C/s; cool-
ing steps 1.6°C/s. U6snRNA was used as an internal control. Analysis was 
performed using the ViiA™ 7 Real-Time PCR System (Applied Biosys-
tems). All measurements were performed in triplicate. Of the 93 samples 
included in the epigenome-wide analysis, two samples did not have enough 
blood to perform the RNA extraction. An additional two samples were 
switched for two samples that were not included in the epigenome-wide 
analysis. Furthermore, two additional samples were excluded as these due to 
methodological reasons were treated with an adjusted centrifugation proto-
col, resulting in six samples being excluded and a total sample size of 87 
individuals included in the subsequent analysis of expression levels. In the 
case of the MIR708 expression levels, 13 of the remaining subjects exhibited 
cycle numbers greater than 35 in two values out of the measured triplicate 
and were thus excluded from the analysis as they were considered unreliable. 
As a final step, we performed boxplot diagrams of the expression levels and 
excluded four outliers in the MIR4456 data and eight outliers in the case of 
MIR708. After the exclusion steps, 83 subjects for MIR4456 (55 HD and 28 
healthy volunteers) and 66 subjects for MIR708 (45 HD and 21 healthy vol-
unteers) were included in the subsequent analysis of expression levels.(128) 
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Statistical analysis relating to paper I 
All statistical analyses were performed in using R statistics, version 3.3.0. 
Chi-squared tests with Monte Carlo computed p-values were used to detect 
differences in categorical variables, e.g. gender, BMI group (underweight, 
normal weight, overweight and obese), use of medications (sleep medica-
tions, neuroleptics, contraceptive pills, anxiolytics, ADHD medications and 
antidepressives) and the DAWBA risk score for any psychiatric disorder. In 
the Discovery group, ANOVA tests were used to investigate group differ-
ences in age. In the Validation data set 1, which was stratified into two 
DAWBA groups, we used t-tests to investigate group differences in age. In 
methylome-wide association studies, hidden confounders such as life style 
patterns or even prandial states can introduce unknown sources of bias. 
Drawing on a method for epigenome-wide analyses introduced by Zaghlool 
et al. (158). PCA-analysis was used to account for potential unmeasured 
sources of variation in the DNA methylation data using the MethylPCA tool 
(159). The known covariates (including age, gender, weight category, the 
relative proportions of white blood cell types and the DAWBA overall risk 
score for any psychiatric disorder) were regressed out prior to PCA. The 
calculated first ten principal components were considered as additional po-
tential covariates in the methylome-wide analysis. There were many poten-
tial covariates on the association analysis between DNA methylation and 
depression risk score, e.g. gender, age, self-reported use of medication, the 
white blood cell coefficients and the first ten principal components. To avoid 
overfitting by including too many covariates, we investigated each individu-
al covariate against the phenotype of interest in regression models using the 
'lm' function in R. Covariates were incrementally and independently select-
ed. Using the computed analysis of variance, we tested whether the addition 
of a particular covariate resulted in a better fit to the model and only includ-
ed variables with a p-value<0.05. The best linear model for depression risk 
score included the CpG sites, risk score for any psychiatric disorder 
(p<0.00001), self-reported use of ADHD medication (p=0.022), the relative 
proportion of CD4+ T cells (p=0.017) and the first principal component 
(p=0.00081). For statistical analysis, we transformed the beta values to M-
values, which have been shown to be statistically more robust. The associa-
tion between DNA methylation and depression was tested by linear models 
using the 'limma' package for R, applying an empirical Bayes method based 
on a moderated t-statistic (146). We assumed a linear model where the M 
values of each CpG site were used as a quantitative dependent trait and the 
phenotype characterizing the risk for depression were used as covariates 
together with the other optimal covariates. We used the package 'GenABEL' 
available for R to calculate the genomic inflation factor lambda for the 
epigenome-wide analysis (112) to evaluate whether a general systemic infla-
tion of significance values was abundant. In accordance to Zaghlool et al. 
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(158), we first tested whether the calculated optimal covariates resulted in 
less systemic inflation as compared to limiting the covariates to age, gender 
and BMI z-score weight category. Using the optimal covariates in the 
methylome-wide association analysis between DNA methylation and depres-
sion risk score reduced the genomic inflation factor lambda from 1.95 to 
1.11. To exclude any potential bias from systemic inflation of significance 
values (lambda > 1 in this case), all subsequent chi-squared statistics on a set 
of candidate markers were divided by lambda (160). For each CpG site, we 
thus divided the regression t-value by lambda, and used the adjusted t-values 
to test for significance based on the t distribution. The inflation factor lamb-
da for the adjusted p-values was estimated to be ~0.90, and systemic infla-
tion of significance values was excluded. We used the bonferroni method 
correct for multiple testing. Bonferroni and lambda-adjusted p-values < 0.05 
were considered significant. In the Validation data set 1, we performed inde-
pendent samples t-tests of candidate CpG-sites, contrasting methylation be-
tween cases and controls and taking the direction of the methylation change 
into account. CpG sites consistently hyper- or hypomethylated in the Dis-
covery and Validation data set 1 were further investigated with regard to an 
association with transcriptional expression of the microRNA in focus using 
the Expression data set. We performed Spearman correlations of methylation 
M-values to normalized expression levels of probes associated with the can-
didate miRNA, assuming an inverse correlation. P-values < 0.05 were con-
sidered significant. We also measured the miRNA levels of MIR4646-3p and 
MIR4646- 5p by TaqMan analysis in 26 subjects from the Discovery data set 
and studied methylation-expression correlations by Spearman's rank correla-
tion. In the 26 subjects for whom miRNA levels were measured, we studied 
potential differences in normalized expression levels between the defined 
depression groups by ANOVA models, not taking any covariates into ac-
count. In Validation data set 2, we performed independent samples t-tests of 
candidate CpG-sites, contrasting methylation M-values of different brain cell 
types between depressed cases and controls and taking the direction of the 
methylation change into account. Neuronal and glial derived DNA methyla-
tion profiles were studied separately. As a second step, we performed bino-
mial logistic regression models of a binary outcome variable (major depres-
sion or control) to CpG-site methylation, and taking into account age, gen-
der, post mortem interval and ethnicity as co-variates. In the Expression 
cohort, we performed Pearson correlations of hsa-miR-4646-3p levels with 
the expression of genes identified in the KEGG-defined pathways. The fol-
lowing genes were studied: Acyl-CoA thioesterase 1 (ACOT1), Acyl-CoA 
thioesterase 1 (ACOT2), ELOVL Fatty Acid Elongase 2 (ELOVL2), 
ELOVL Fatty Acid Elongase 5 (ELOVL5), Hydroxysteroid 17-Beta Dehy-
drogenase 12 (HSD17B12) and Palmitoyl- Protein Thioesterase 1 
(PPT1).(35)  
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Statistical analysis relating to paper II 
Beta values of methylation were used for graphical illustration. For statistical 
analysis, we transformed the beta values to M-values, which have been 
shown to be statistically more robust (161).Statistical analyses were per-
formed using Bioconductor, R (version 3.1.3) and SPSS software (version 
22; SPSS, Armonk, NY, USA). To guarantee the reliability and power of 
data analyses, a confirmatory approach was chosen, investigating two inde-
pendent cohorts with regard to SNP–methylation interaction. The association 
between SNPs and DNA methylation was tested through linear models using 
the limma R package, suitable for large-scale methylation studies 
(108,146),applying an empirical Bayes method based on a moderated t-
statistic. We assumed a linear model where the M-values of each individual 
CpG site were used as the quantitative dependent trait and categorical varia-
bles, for example, genotype (G) and sex (S), together with continuous varia-
bles, for example, age (A), body mass index, PC1 and PC2, were included as 
covariates. All analyses were adjusted for multiple testing using the Bonfer-
roni correction. Adjusted two-sided P-value < 0.05 was considered signifi-
cant. A known limitation of the epigenome-wide association analyses is an 
inflated number of false positives (162,163). Therefore, the genomic infla-
tion factor (λ) for all SNP–CpG analyses was calculated using the estlambda 
function of GenABEL R package (112). The analyses were restricted to 500 
kb up- and downstream of each SNP. The targeted analyses were performed 
applying a likelihood ratio test, with lrtest function of the lmtest package 
(140). Here, to correct for false positives, two-sided q-values were calculated 
using the qvalue package(164) and values < 0.05 were considered signifi-
cant. Significant CpG sites were tested in relationship with the general 
DAWBA band. Binominal tests were applied between DAWBA score out-
come and continuous M-values of the individual CpG site and adjusting for 
body mass index, age, sex and DAWBA version, that is, score generated 
based on adolescent questionnaire or both adolescent and parent question-
naires. For these analyses, DAWBA scores were ranked into two categories 
(0 and 1). Individuals from the discovery data set with a DAWBA risk score 
below 50% were defined as ‘Low risk’ (category 0; 87.4%) and included the 
levels 0 (~0.1%), 1 (~0.5%), 2 (~3%) and 3 (~15%) of DAWBA. The indi-
viduals with levels 4 (~50%) and 5 (~70%), having a risk higher than 50%, 
were assigned to the ‘High risk’ category (12.6%). The same subgroups were 
built in the replication set. According to the DAWBA version, 37.2% of 
individuals from the discovery set and 60.2% from the replication set had the 
DAWBA-level band generated based only on adolescent questionnaire. Sep-
arate analyses including only the complete DAWBA general band score, 
based on both adolescent and parent questionnaires, were performed for the 
discovery and replication data sets, adjusting for body mass index, sex and 
age. Two-tailed P-values < 0.05 were considered significant. Validated DNA 



 42 

methylation changes were tested in association with the gene expression 
levels, computing robust linear regression models and Pearson’s correlations 
in R environment. 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 (165). The robust package was used for these computations. The sated 
state of the 11 individuals was chosen to perform these analyses because of 
the similarity with the discovery and replication data sets. The transcripts 
corresponding to significant CpG loci were determined from the original 
Illumina annotation referring to the nearest gene to each probe or by a poten-
tial regulatory effect on other genes as described in the literature. Two-sided 
P-values <0.05 were considered significant.(123)  

Statistical analysis relating to paper III 
All statistical analyses were performed using R statistics, version 3.3.0. 
Skewness and kurtosis of the distribution of continuous variables were eval-
uated with the Shapiro-Wilks test. Both age and BMI were normally distrib-
uted. The t-test was subsequently used to investigate group differences in 
continuous variables between the high and low risk group in an unadjusted 
manner. Chi-squared tests computing p-values by Monte Carlo simulation 
were used to detect differences in categorical variables. We considered the 
following variables as potential confounders on the association analysis be-
tween DNA methylation and suicide risk group, i.e. age, sex, BMI, depres-
sion, occurrence of borderline personality disorder, other personality disor-
der, alcohol dependence, substance dependence, completed suicide and the 
KIVS subscales. To avoid overfitting by including too many covariates, we 
only included parameters where there were group differences between the 
high- and low-risk groups with a p-value < 0.1, evaluated through t-test and 
chi-squared tests. As such, gender (p=6.29E-03), occurrence of other (non-
borderline) personality disorder (p=6.60E-02), alcohol dependence 
(p=9.35E-02) and occurrence of completed suicide (p=1.25E-02) were in-
cluded as co-variates. Associations between DNA methylation patterns and 
severe suicidal behavior were tested through linear models using the ‘limma’ 
package for R, applying an empirical Bayes method based on a moderated t-
statistic (146).We assumed a linear model where the M values of each CpG 
site were used as a quantitative dependent trait against suicide risk group, 
where, sex, occurrence of other (non-borderline) personality disorder, alco-
hol dependence and occurrence of completed suicide were included as co-
variates. Confirmatory analysis of candidate CpG loci were then performed 
by binomial logistic regression models of a binary outcome variable of sui-
cide attempt severity (high vs low) to methylation M-values and adjusting 
for the same co-variates. All analyses of the 72 tested CpG sites on the can-
didate genes were accounted for multiple testing using the Bonferroni meth-
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od. A Bonferroni-adjusted p-value < 0.05 was considered significant. The 
adolescent cohorts were stratified by the in silico generated DAWBA meas-
urements of a general psychiatric risk score into high-risk group (N~50% 
risk) or controls. We investigated candidate CpG-sites by binomial logistic 
regression models, contrasting methylation M-values in high-risk subjects 
and controls, and adjusting for age, sex and BMI, where age and gender 
were treated as factor variables. We investigated  candidate CpG sites with 
regard to their modulatory effect on transcriptional expression of the respec-
tive gene in the expression data set. Methylation M-values were correlated 
with normalized gene expression data using robust linear regressions from 
the ‘lmRob’ function of the “robust” package for R (166).(140)  

Statistical analysis relating to paper IV 
All statistical analyses were performed using R statistics, version 3.3.0. As a 
proxy variable for ethnicity, subjects were stratified as being of 'Scandinavi-
an descent' if born in a Scandinavian country (e.g. Denmark, Finland, Ice-
land, Norway or Sweden) and with biological parents born in the same coun-
try. Skewness and kurtosis of the distribution of continuous variables were 
evaluated with the Shapiro-Wilks test. Baseline cortisol levels in both HD 
patients and healthy volunteers and HbA1C (mml/mol) in controls were 
normally distributed, whereas the other clinical variables were not. Thus, the 
t-test was used to investigate group differences in baseline cortisol levels and 
HbA1C (mml/mol) and the Kruskal-Wallis’ test was used to investigate 
group differences in the other continuous variables between HD patients and 
healthy controls in an unadjusted manner. Chi-squared tests were used to 
detect differences in categorical variables, e.g. gender, depression and DST 
non-suppression status. We considered initially the following variables as 
potential confounders in association analysis between DNA methylation and 
HD, i.e. depression, DST non-suppression status, CTQ Total, ACTH levels 
after the dexamethasone suppression test (DST cortisol, DST ACTH), plas-
ma levels of testosterone, HBA1C, TSH, TNF-alpha and IL-6. To avoid 
overfitting by including too many covariates, we first investigated each indi-
vidual covariate against the phenotype of interest in binary logistic regres-
sion models using the ‘glm’ function in R. Covariates were incrementally 
and independently selected. Only covariates with near significant between-
group differences (p<0.10) were considered in the analysis. Using the com-
puted analysis of variance, we tested whether the addition of a particular 
covariate resulted in a better fit to the model and only included variables 
with a p-value < 0.05. Age was used as a base covariate for the regressions. 
The best linear model for hypersexuality included depression (p=0.0113), 
DST outcome (p=0.003517), CTQ total (p=0.0273) and TNF-alpha 
(p=0.01437). 3 individuals lacked data for TNF-alpha and 2 individuals 
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lacked data for CTQ total - both were excluded from the analysis resulting in 
a total sample size of 88 individuals used in the subsequent analysis. The 
association analyses between DNA methylation and hypersexuality were 
tested with linear models using the ‘limma’ package for R, applying an em-
pirical Bayes method based on a moderated t-statistic (108,146). These line-
ar regressions using limma have been previously considered fitting for large-
scale methylation studies (108,146). For statistical analysis, we transformed 
the beta values to M-values, which have been shown to be statistically more 
robust (111). We assumed a linear model where the M values of each CpG-
site were used as a quantitative dependent trait and the phenotype of interest, 
e.g. hypersexuality, were used as covariates together with the other covari-
ates determined to fit to the model. Standard errors were calculated manually 
by multiplying the square root of the posterior values for sigma^2 with the 
standard deviation. All analyses were accounted for multiple testing using 
the false discovery rate (FDR) method (167). As a next step, the 
R/Bioconductor package BACON(113) was implemented to adjust the re-
gression data for estimated bias and inflation. As a third step, as each gene 
transcript may be associated with several CpG-sites, we analyzed the results 
of the regression analyses to identify gene transcripts with an abundance of 
differentially methylated CpG-sites using binomial tests. P-value thresholds 
were set to 0.05 to stratify probes according to significant and non-
significant methylation changes. Subsequently, binomial tests were per-
formed in R using the function “binom.test”, contrasting for each gene the 
number of nominally significant CpG-sites to the total number of probes 
annotated to each gene transcript not taking the direction of the methylation 
change into account. Binomial test p-values were adjusted for multiple test-
ing using the FDR-method (167). Gene transcripts with a FDR-adjusted bi-
nomial test p-value < 0.05 were considered significant. Post-hoc analysis of 
main DNA methylation study. Recent studies have indicated that the Com-
Bat function used for adjustment of batch effects in DNA methylation data 
can overcorrect data (168), potentially inflating resulting statistics. To ensure 
this was not a source of bias in our main analysis, we excluded ComBat from 
the analysis pipeline and performed the same regression analyses as de-
scribed in section 2.5.3. Furthermore, we tested whether the exclusion of 
female samples would impact significantly on the key results. In a third 
analysis, all previously excluded samples were included in the analysis to 
investigate the impact of sample exclusion on downstream results. In a 
fourth analysis, we included the above described proxy variable for ethnicity 
as a co-variate to see if this would impact regression results. Lastly, in a fifth 
post-hoc analysis, additional microRNA annotated CpG-sites on the EPIC 
array were added to the analysis. For this final analysis, we made use of the 
Illumina Manifest File for the EPIC array. 19627 CpG-sites annotated to X 
and Y chromosomes were removed. Thereafter, an additional 129151 probes 
with known SNP sites with a minor allele frequency exceeding 0.05 were 
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excluded from the analysis. A list of all known microRNA transcripts for 
Homo Sapiens was obtained from miRBase(169). Remaining CpG-sites 
annotated to any known human microRNA were included in the analysis, 
resulting in 1465 additional microRNA associated CpG-sites. 268 of these 
were excluded during the preprocessing of the methylation data, resulting in 
1197 additional CpG-sites added to the DNA methylation analysis. In total, 
10049 (8852 + 1197) CpG-sites were studied. For all post-hoc analyses pre-
sented above, the same analysis pipeline was followed as that described pre-
viously. For the validation cohort analysis, of the 392 subjects included in 
the study, we first excluded 158 subjects lacking KMSK data. Following this 
step, we further excluded 127 subjects with a BMI exceeding 30 kg/m2, re-
sulting in 107 individuals investigated in the subsequent analysis. Next, we 
stratified subjects into “alcohol dependent” or “controls” based on their 
score for alcohol on the KMSK. An arbitrary cut-off of 8 was used in order 
to achieve sufficient power for the subsequent analysis. Tang et al demon-
strated that this cut-off resulted in a sensitivity for alcohol dependence of 
98.6%, a specificity of 58.2%, a positive predictive value of 0.538 and a 
negative predictive value of 0.988 (132). To exclude any potential confound 
from white blood cell type heterogeneity, which has been shown to impact 
the DNA methylation pattern (108), we compared the relative proportions of 
B-cells, CD4 T-cells, CD8 T-cells, granulocytes and monocytes between 
subjects stratified as alcohol dependent and controls using unpaired t-tests. 
We then considered initially the following variables as potential confounders 
on the association analysis between DNA methylation and alcohol depend-
ence, i.e. age, gender, BMI, and the occurrence of any under treatment de-
pressive disorder, anxiety disorder, bipolar disorder or post-traumatic stress 
disorder. These parameters were compared between the groups in using un-
paired t-tests and chi-squared tests. We thereafter performed binomial lo-
gistic regression models, contrasting disease status (alcohol dependence or 
control) to candidate CpG-site methylation levels and adjusting for the co-
variates that exhibited significant between-group differences. TaqMan miR-
NA Reverse Transcription Kit (Applied Biosystems, Waltham, MA, USA) 
was used to measure expression levels miRNAs that were associated with 
differentially methylated CpG-sites identified in the epigenome-wide analy-
sis. Skewness and kurtosis of the distribution of the expression pattern were 
evaluated with the Shapiro-Wilks test. The measured miRNAs were not 
normally distributed. The Kruskal-Wallis’ test was, thus, used to investigate 
group differences in the expressional profile between HD patients and 
healthy controls. In addition, we performed binomial logistic regressions by 
contrasting expression levels between hypersexual patients and healthy vol-
unteers and adjusting for both continuous variables, i.e. CTQ total and TNF 
alpha, as well as the categorical co-variates, i.e. depression and DST non-
suppression status. Candidate CpG-sites were further investigated with re-
gard to their association with transcriptional expression of the respective 
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miRNA. We assumed a linear model, where the expression levels of each 
miRNA (dependent variable) were correlated to M values of the associated 
CpG-site (independent variable) intraindividually, adjusting for a categorical 
variable of disease state (HD or healthy volunteer) and an interaction term 
between methylation and disease state. As a third step, we also correlated 
miRNA expression levels with M values of the associated CpG-site in the 
combined Expression data set, adjusting for a categorical experimental vari-
able.(128) 

Genomic and biological context of key findings relating 
to paper I 
In order to illustrate the functional role of the identified CpG site in brain, as 
well as its potential regulatory effect on other genes, we performed chroma-
tin states and long-range interactions analyses using the ENCODE project. 
The analysis uses Hidden Markov Models (HMMs), which were applied to 
seven brain regions, i.e. brain angular gyrus (BrainAG), brain anterior cau-
date (BrainAC), brain cingulate gyrus (BrainCG), brain hippocampus 
(BrainHIPPO), brain inferior temporal lobe (BrainITL), brain substantia 
nigra (BrainSN) and brain dorsolateral prefrontal cortex (BrainDPC), togeth-
er with peripheral blood mononuclear primary cells (PBMC). As a result, an 
18-state model was obtained, which, for simplicity, was reduced to five re-
gions defining the relevant gene regulatory roles, which were indicated as 
(1) red, for active/flanking active/bivalent/poised transcription start site 
(TSS), (2) yellow, for active/bivalent/genic enhancer; orange, for flanking 
bivalent TSS/enhancer, green, for active transcription and grey, for repressed 
polyComb state (Fig. 3.). The long-range interactions were investigated us-
ing chromatin analysis by paired-end tag sequencing (ChIA-PET). Several 
cell lines were used for the analysis, including erythrocytic leukaemia cells 
(K562), breast cancer (MCF-7), cervical cancer (HelaS3) and human colon 
carcinoma (HCT-116) cells, targeting the transcription factors RNA poly-
merase II and CTCF. Data was downloaded from the WashU Epigenome 
Browser, 37/hg19 version. Candidate CpG-sites associated with microRNAs 
were further investigated by computationally predicting putative gene targets 
of the aforementioned miRNAs using the online webtool MiRWalk 2.0 
(170), a sophisticated online software tool that documents predictions from 
several independent prediction algorithms, including Targetscan (171), DI-
ANA-microT-CDS (172), miRanda (173) and RNAhybrid (174). MiRNA 
targets were considered as relevant hits when having a seed length ≥7 bases 
and when located within the 3'-UTR region. Genes identified as putative 
miRNA targets were further investigated by overrepresentation analysis of 
KEGG-defined pathways, using the online web tool 'Consensus- PathDB-



 47

human' (175). A thorough search of miRNA-4646 was performed in the 
miRBase database (release 21) using the webserver (169). A BLASTn (176) 
search was performed through the NCBI Blast webserver (v. 2.5.0) using the 
NCBI Genomic Reference Sequences dataset with word size 16 and all other 
parameters default values. The relevant hits were retained considering e-
value (> 5e-06), sequence identity and appropriate sequence coverage, i.e., if 
the seed regions of the mature miRNAs were covered. The sequence region 
of interest for Homo sapiens (NC_000006.12), Pan troglodytes 
(NC_006473.4), Pan paniscus (NW_014013975.1), Gorilla gorilla gorilla 
(NC_018430.1), Pongo abelii (NC_012597.1), Nomascus leucogenys 
(NC_019816.1), Macaca mulatta (NC_027896.1), Papio anubis 
(NW_003873063.1), Saimiri boliviensis (NW_003943814.1), Callithrix 
jacchus (NC_013899.1), Aotus nancymaae (NW_012186114.1), Mandrillus 
leucophaeus (NW_012106809.1), Rhinopithecus bieti (NW_016820117.1), 
Colobus angolensis palliates (NW_012115555.1), Cebus capucinus imitator 
(NW_016107339.1), Cercocebus atys (NW_012003394.1) were downloaded 
and then aligned using the Mafft webserver (v 7) (177) with the L-INS-i 
method, allowing to adjust sequence direction, and all other settings default. 
Visualization with nucleotide coloring scheme and manual editing of the 
alignment was performed in Jalview (178) with further refinements per-
formed in Adobe Illustrator. The Sequence- Structure Motif Base: pre-
miRNA prediction webserver (http://www. regulatoryr-
na.org/webserver/SSMB/pre-miRNA/home.html) was used to assess if the 
identified genomic region in each investigated species was predicted to form 
pre-miRNA. The species phylogeny tree was created using phyloT (179) and 
is based on NCBI taxonomy. The tree represents the evolutionary relation-
ship among the investigated organisms; the branch lengths are not relative to 
evolutionary distances. The gene synteny was gleaned through the NCBI 
map view web portal (180).(35) 

Genomic and biological context of key findings relating 
to paper II 
To investigate to what extent epigenetic shifts in whole blood are of func-
tional relevance in the brain, we correlated chromatin marks in brain and 
blood. On the basis of the availability of chromatin state data derived using 
Hidden Markov Models (HMMs), the following eight brain tissues were 
analyzed: brain angular gyrus, brain anterior caudate, brain cingulate gyrus, 
brain hippocampus, brain inferior temporal lobe, brain substantia nigra and 
peripheral blood mononuclear primary cells. Data were loaded from 
Roadmap Epigenomics Project of 37/hg19 version of human genome in the 
WashU Epigenome Browser. For easier visualization, the 18-state model for 
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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 active/bivalent/poised transcription start site (TSS); yel-
low, for active/bivalent/genic enhancer; orange, for flanking bivalent 
TSS/enhancer; green, for active transcription; and grey, for repressed poly-
Comb state. Using this reliable tool, information about regions representing 
chromatin states overlapping significant CpG sites and mQTL was obtained. 
In addition, potential regulatory effects of the CpG sites on multiple genes 
and the specificity of the association with mQTLs were considered by exam-
ining long-range interactions. The long-range interaction mapping was de-
rived using chromatin analysis by paired-end tag sequencing libraries from 
the ENCODE consortium. Four different cell lines, that is, erythrocytic leu-
kemia cells (K562), breast cancer (MCF-7), cervical cancer (HelaS3) and 
human colon carcinoma (HCT-116), targeting the transcription factors RNA 
polymerase II and CCCTC-binding factor (CTCF), an insulator protein with 
diverse functions,20 were used. Data were downloaded from the WashU 
Epigenome Browser, 37/hg19 version. In order to get information about the 
in vivo relevance of the CpG sites for expression, we used data produced by 
the FANTOM5 project. 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 (181). Link-
age disequilibrium (LD) data were obtained using SNAP Proxy web tool,22 
with Northern Europeans from Utah (CEU) as the population selection. Two 
SNPs having r2 = 1 and D′ = 1 were considered in perfect LD.(133) 

Genomic and biological context of key findings relating 
to paper III 
To assess whether the methylation levels that we observed in blood might be 
present in brain, we made use of the recently developed Blood Brain DNA 
Methylation Comparison Tool (http://epigenetics.iop.kcl.ac.uk/bloodbrain/). 
Using this tool, we were able to investigate the correlation coefficients be-
tween DNA methylation levels in whole blood and four brain regions. 
Whole blood and brain samples were collected using the Infinium Hu-
manMethylation450 BeadChip, in a study described in more details else-
where (182). The methylation levels between blood and four different brain 
regions, i.e. prefrontal cortex (PFC), entorhinal cortex (EC), superior tem-
poral gyrus (STG) and cerebellum (CER), were correlated from 71 to 75 
matched samples. Pearson's correlations having p-values < 0.05 were con-
sidered statistically significant. The genomic context of the identified CpG 
sites (cg19035496, cg23409074) was investigated using the WashU Epige-
nome Browser, 37/hg19 version. Moreover, potential gene interactions and 
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transcription factor binding sites were derived from chromatin analysis by 
paired-end tag sequencing (ChiP-seq) libraries from the ENCODE consorti-
um (The E.P.C., 2012). Two different cell lines were analyzed for long-
range interactions, i.e. erythrocytic leukaemia cells (K562) and breast cancer 
(MCF-7), targeting the transcription factors RNA polymerase II, estrogen 
receptor alpha (ERalpha) and CCCTC-binding factor (CTCF).(140) 

Genomic and biological context of key findings relating 
to paper IV 
We used the online webtool ComIR to identify putative mRNAs putatively 
targeted by miRNAs in focus, a miRNA target prediction tool integrating the 
results from several distinguished target prediction algorithms such as Tar-
getScan, Miranda, PITA and mirSVR (183). Genes were considered as puta-
tive targets if the calculated equal abundance score exceeded 0.9, as per-
formed by Maffioletti et al (184). Subsequently, genes identified as putative 
miRNA targets were investigated by overrepresentation analysis of tissue 
specific gene expression profiling and KEGG-defined pathways, using the 
online web tools ‘DAVID Functional Annotation Bioinformatics Microarray 
Analysis’ (185) and ‘ConsensusPathDB-human’ (175). For the overrepresen-
tation analysis in KEGG-defined pathways, we specified a 'minimum over-
lap with input list' of 15 and a stringent p-value cutoff of 0.0001. To investi-
gate if there were overlapping genes in the identified KEGG-defined path-
ways, we performed a heatmap analysis of the number of overlapping 
MIR4456 associated genes in each pathway using the R package 
'gplots'(186). BLASTn searches (187) were performed through the Ensembl 
(word size=4 with all other parameters default) (188) and NCBI (word 
size=16 with all other parameters default) (v. 2.5.0) webservers. The relevant 
hits were retained considering e-value, sequence identity and appropriate 
sequence coverage, i.e., if the seed region of the mature miRNA was cov-
ered. The ten species with genomic assemblies include: Homo sapiens 
(GRCh38); Pan troglodytes (GSAC 2.1.4); Pan paniscus (panPan1); Gorilla 
gorilla gorilla (WTSI gorGor3.1); Pongo pygmaeus abelii (PPYG2); 
Chlorocebus sabaeus (VGC ChlSabeus1.1); Macaca mulatta (Mmul_8.0.1); 
Papio anubis (PapAnu_2.0); Saimiri boliviensis (saiBol1.1); and Callithrix 
jacchus (C_jacchus3.2.1). The sequence regions of interest were downloaded 
and then aligned using the Mafft webserver (v 7) (189) with the L-INS-i 
method with default settings. Visualization with nucleotide coloring scheme 
and editing of the alignment was performed in Jalview (190) with further 
annotation performed in Adobe Illustrator. The species phylogenetic tree 
was created using phyloT (179) and is based on NCBI taxonomy. The clado-
gram represents the evolutionary relationship among the investigated organ-
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isms; the branch lengths are not relative to evolutionary distances. The gene 
synteny was gleaned through the NCBI map view web portal (191) and 
through the UCSC genome browser (192).(128) 
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Results14 

Results of the methylome-wide analysis relating to 
paper I 
In the Discovery data set, comprising 93 subjects and in the majority female, 
we initially aimed to identify CpG-sites, in which modifications of the epi-
genetic profile are associated with a modified risk score of depression. There 
were no significant differences between the three DAWBA sub-groups 
('Controls', '15% Risk Depression' and 'Depressed') in age, gender, BMI z-
score derived weight categories, in the use of medications or in the relative 
proportion of white blood cell type coefficients (CD4+ and CD8+ T cells, B 
cells, monocytes, NK cells, and granulocytes). As expected, the 'Depressed' 
subgroup had significantly higher DAWBA general risk score estimates for 
any psychiatric diagnosis (p<0.001). The Validation data set 1 of 78 subjects 
included only female subjects. Depressed cases showed a higher BMI 
(p<0.01), took more often contraceptive pills (p<0.01) and scored higher in 
the DAWBA general risk score for any psychiatric diagnosis. There were no 
between-group differences in age, the relative proportion of white blood cell 
types or in the use of non-contraceptive medications. The Validation data set 
2 comprises post mortem frontal cortex samples of 29 subjects with major 
depression and 29 matched controls, measuring both neuronal and glial DNA 
methylation profiles. Men and women were equally represented and the 
mean age was 32 years. Caucasians were overrepresented in both study 
arms. Africans represented around 20% of subjects and there was one Asian 
subject in the depressed subgroup. There were no between-group differences 
in age, gender, the post mortem interval or ethnicity. We performed multiple 
linear regression models of methylation M-values and depression risk group, 
to study the association between DNA methylation and a three-factorial risk 
score of depression in the Discovery data set, adjusting for the identified 
optimal covariates, comprising the DAWBA general risk score assessment 
of any psychiatric disorder, ADHD medication, relative proportion of CD4+ 
T-cells and the first principal component. This procedure efficiently reduced 

                               
14 The text in the results section is identical to Paper I-IV. Selected parts were also included in 
licentiate thesis by Adrian Emmanuel Desai Boström titled: "Identification of shifts in the 
DNA methylome in relation to psychiatric traits in adolescents", presented at Uppsala Univer-
sity 2020-04-20. 
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the systemic inflation of significance values from 1.95 to 1.11, as evaluated 
by the lambda genomic inflation factor. A potential bias through systemic 
inflation of significance values was successfully removed by adjusting the t-
values for the lambda of 1.1, resulting in a new lambda of 0.9. Additionally, 
Bonferroni-correction was applied on the lambda-adjusted significance val-
ues. Two CpG sites were proven to be differentially methylated by depres-
sion risk score group (cg13227621 and cg04102384), associated with the 
genes ZWIM5 and miRNA MIR4646 (pBonf<0.05). Hypomethylation of 
cg04102384, which was found to be associated with depression risk score in 
the Discovery data set, was confirmed to be hypomethylated in whole blood 
of the group of thirteen subjects with higher risk scores for depression as 
compared to the controls (Validation data set 1)(p<0.05). Cg13227621 was 
not differentially methylated in relation to DAWBA. We further investigated 
the methylation state of MIR4646-associated CpG-site cg04102384 in the 
Validation data set 2, to see whether it is hypomethylated in post mortem 
brain samples from 29 subjects with major depression compared to 29 con-
trols. Neuronal and glial DNA methylation profiles were studied separately. 
By independent samples t-tests and taking the direction into account, 
cg04102384 was significantly hypomethylated in the glial cell line (p<0.01). 
In the binomial logistic regression models, cg04102384 remained signifi-
cantly hypomethylated after adjustments were made for age, gender, ethnici-
ty and the post mortem interval (p=0.0365). No association was found for 
cg04102384 in the neuronal cell line.(35)  

Results of the genome-wide methylation quantitative 
trait loci analysis relating to paper II 
The outcome of demographic and clinical variables of the discovery and 
replication set is illustrated in Table 1. The discovery data set was retrieved 
from 129 adolescents, who were in the majority female subjects. The mean 
age was 15.33 ± 0.60 years. There were no substantial demographic differ-
ences between the discovery and replication groups. The subjects from both 
cohorts were categorized into two categories according to the level band 
score of DAWBA, that is, in the ‘Low risk’ (n = 113, respectively, n = 44) 
and ‘High risk’ group (n = 16, respectively, n = 49). The DAWBA general 
band was used as the outcome variable in the analyses, whereas separate 
symptoms were not analyzed, given the small number of cases in the discov-
ery cohort. Our mQTL analyses were adjusted for cell-type proportions de-
tected in whole blood. To test the reliability of the correction for blood cell 
proportions, we calculated the first two principal components for unadjusted 
beta values. Subsequently, we performed Pearson’s correlation analyses 
between the first two principal components and cell-type estimations, that is, 
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CD4 +T cells, CD8+T cells, B cells, NK, Mono and Gran, before and after 
adjustment. The importance of cell-type correction is proven by evaluating 
the percentage of explained variance. The heatmap available in Figure 2 in 
Paper II illustrates that the cell-type correction accounted for cell heteroge-
neity. The first and second principal components (PC1 and PC2), calculated 
based on the unadjusted beta values, explained 29% variance, whereas the 
same first two principal components applied to beta values after blood cell 
estimation accounted for 8%. After having performed the necessary prepro-
cessing steps for the Illumina 450k array data, 305 147 CpG loci were inves-
tigated for their association with 37 SNPs, which were earlier associated 
with psychiatric diseases. Analyses were performed based on the data of 129 
individuals from the discovery group after one outlier was excluded. We 
detected a significant association for eight SNP–CpG pairs (Pbonf<0.05, cor-
responding to P<1.6×10-7), that is, a significant relationship between the 
level of DNA methylation at a distinct CpG site and a polymorphism. These 
eight pairs consisted of five SNPs (13.5% of tested SNPs) and seven CpG 
sites (0.002% of tested CpG sites). The SNPs included rs10914453, 
rs2058725, rs2241165, rs2530223 and rs9296158 and are located in or near-
by genes previously related to psychiatric disorders, that is, HCRTR1, 
GAD1, HDAC3 and FKBP5. The SNP rs2241165 is in perfect LD with the 
GAD1 variant rs2270335. The closest genes to the detected significant CpG 
sites included PEF1, GAD1, C11orf9, DIAPH1 and PCDHGC3. A highly 
significant positive association was found for the methylation site 
cg01089319 (GAD1 gene) with two genetic variants of the gene GAD1 
(rs2058725 (P = 0.0003) and rs2241165 (P = 2.61e-06). In addition, 
cg01089249 showed a strong relationship to the variant rs2241165 (GAD1, P 
= 1.44e-02). The CpG site represented by cg24137543 was significantly 
associated with rs2530223 within HDAC3 (P = 0.009). All significant identi-
fied methylation sites on the genome-wide scale were validated using target-
ed analyses, except in case of cg18766608, which was not located in the 
range of 500 kb up- or downstream of rs2058725. We sought to increase the 
power of our analyses by confirming our findings in a replication set com-
prising of 93 individuals. During this step the limma models were restricted 
to five genetic variants significantly associated with DNA methylation levels 
in the discovery set. After correction for multiple testing, five SNP–CpG 
pairs were validated, including the SNPs rs10914453 (HCRTR1), rs2058725 
(GAD1), rs2241165 (GAD1) and rs2530223 (HDAC3). Four of seven CpG 
loci were confirmed to have associations with the genetic variants in the 
same direction as in the discovery data set. All associations with a 
Pbonf<0.05, corresponding to P<1.58 × 10-7, were considered significant. In 
line with the results obtained in the discovery data set, the CpG site 
cg01089319 was significantly associated with the GAD1 SNPs rs2058725 (P 
= 5.89e-07) and rs2241165 (P = 5.98e-06). The other top two associations 
detected in the discovery group were also confirmed in the replication group 
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(cg24137543 and rs2530223 (P = 7.59e-06); cg01089249 and rs2241165 (P 
= 1.33e-06). Given our hypothesis that a subset of SNPs are associated with 
methylation levels, DNA methylation levels were stratified according to the 
number of minor alleles in the discovery data set. Carriers of the minor allele 
(G allele) of GAD1 SNPs rs2058725 and rs2241165 showed higher methyla-
tion levels at cg01089319 and cg01089249. Conversely, carriers of the an-
cestral allele at rs2530223 showed higher methylation levels. In the discov-
ery cohort, the inflation factor was below 1, except for one variant at 
rs2530223 (λ = 1.09). For the replication set all λ values were below 1.(123) 

Results of the DNA methylation analysis relating to 
paper III 
The mean age of the patients was 34 years (SD = 12.4; range 18—67). 
Eighty-six percent of the suicide attempters fulfilled criteria for at least one 
actual Axis I psychiatric diagnosis. Most of them (71%) had mood disorders, 
5% adjustment disorder, 6% anxiety disorders and 4% alcohol abuse. Con-
cerning psychiatric comorbidity, 25% of the patients had a comorbid anxiety 
disorder, 12% had a comorbid substance-related disorder (mainly alcohol 
dependence) and 4% had a comorbid eating disorder (bulimia nervosa). A 
personality disorder was prevalent among 28% of the patients. Using above 
mentioned criteria, 31 patients (35%) were classified as a high-risk/severe 
phenotype. The high-risk group (n = 31) included significantly more males 
(p < 0.01). There were no between-group differences in BMI, occurrence of 
borderline or any other personality disorder, alcohol dependence or sub-
stance abuse. Patients from both groups scored equally on the Karolinska 
Interpersonal Violence Subscales measuring expressed violent behavior dur-
ing childhood and adulthood as well as exposure to violent behavior during 
childhood and adulthood (Table 1). We performed linear regression models 
including methylation M-values at each CpG site against a binary outcome 
variable of suicide attempt severity (high vs low), adjusting for sex, alcohol 
dependence, occurrence of any non-borderline personality disorder and oc-
currence of completed suicide. Out of 72 tested individual CpG sites, four 
were nominally significant (p < 0.05), associated with the genes CRH, 
CRHBP and CRHR1. Using the bonferroni multiple-testing correction, two 
of them, i.e. cg19035496 (padj.=0.0498) and cg23409074 (padj.=0.0165) – 
located 54 and 48 bp:s upstream of the TSS of CRH gene, – were signifi-
cantly hypomethylated in the high-risk group (Table 2, Figs. 1 and 2). These 
results were confirmed by independent binomial logistic regressions, adjust-
ing for the same co-variates, showing significant hypomethylation for both 
cg19035496 (p = 0.00751) and cg23409074 (p = 0.00275) (Supplementary 
Table 1). In the adolescent cohorts, subjects were stratified into high-risk 
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group (>~50% risk) and controls based on the in silico generated DAWBA 
measurements of a general psychiatric risk score. The outcome of demo-
graphic and clinical variables of the adolescent cohort 1 and 2, respectively, 
is illustrated in Table 3. The first cohort consisted of 129 adolescents, where 
16 of them were in the high-risk group and 92 were controls. The subjects 
were in the majority females and the mean age was 15.3 ± 0.60 years. There 
were no between-group differences in age, sex or BMI. The second cohort 
consisted of 93 adolescents, also in the majority female subjects. The mean 
age was 15.7 ± 0.63 years. Controls had significantly more males (p = 
0.019). There were no between-group differences in participants' age or 
BMI. We investigated candidate CpG-sites by binomial logistic regression 
models, contrasting methylation M-values in high-risk subjects and controls, 
and adjusting for age, sex and BMI. In adolescent cohort 1, no association 
was found between DNA methylation of the candidate CpG sites and the 
general psychiatric risk score. In adolescent cohort 2, cg19035496 was sig-
nificantly hypermethylated in the high-risk group (p < 0.01) (Table 4, Sup-
plementary Table 2, Fig. 3),while no association was found for 
cg23409074.(140) 

Results of the DNA methylation analysis relating to 
paper IV 
In the Discovery cohort, comprising 60 patients diagnosed with hypersexual 
disorder (HD) and 33 healthy volunteers, we initially aimed to identify 
miRNA genes in proximity of CpG-sites, in which modifications of the epi-
genetic profile are associated with HD. Patients with HD had significantly 
more depression (p<0.05), higher scores on the CTQ assessment (p<0.001), 
higher levels of plasma ACTH after the DST (p<0.01) and TNF-alpha 
(p<0.0001), but lower levels of plasma IL-6 (p<0.001). In addition, the HD 
patient group tended to have more DST non-suppressors as compared to 
control group (p=0.058). There were no significant differences between 
groups in age, plasma testosterone levels, TSH/T4-quota, HbA1C, baseline 
cortisol, DST cortisol and baseline ACTH (Table 1.) The Validation cohort 
comprised 107 subjects, of which 24 were stratified as alcohol dependent 
and 83 as controls based on the results on the Kreek-McHugh-Schluger-
Kellogg (KMSK) score for alcohol. There were no between-group differ-
ences in cell-type proportions of B-cells, CD4 T-cells, CD8 T-cells, granulo-
cytes, monocytes or NK-cells as measured by unpaired t-tests (data not 
shown). Controls had a significantly higher ratio of females (p<0.01) and 
higher occurrence of subjects under treatment for anxiety disorders (p<0.05). 
There were no between-group differences in age, BMI or in the occurrence 
of any under treatment depressive disorder, bipolar disorder or post-
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traumatic stress disorder (Supplementary Table 1.). On the association anal-
ysis between DNA methylation of miRNA coupled CpG-sites and HD, we 
performed multiple linear regression models of methylation M-values to HD 
and adjusted for depression, DST non-suppression status, CTQ total score 
and plasma levels of TNF-alpha. The initial analysis of the 8,852 individual 
CpG-sites tested, yielded two CpG loci that were identified and associated 
with the miRNAs MIR708 and MIR4456 respectively, which were differen-
tially methylated after correction for multiple testing using the FDR-method 
(pFDR<0.05)(Table 2.)(Supplementary Figure 1.). Cg18222192 (MIR708) 
was significantly hypomethylated in subjects with HD, whereas cg01299774 
(MIR4456) exhibited a hypermethylation in the patient group. A Q-Q plot of 
the moderated t-statistic further suggested some inflation in the methylation 
analysis (Supplementary Figure 2.). Using R/Bioconductor package BACON 
yielded estimated bias of -0.082 and an estimated inflation of 1.1. Adjusting 
for this potential hidden confound yielded considerably less nominally sig-
nificant CpG-sites (77 compared to 695) and resulted in the CpG sites above 
reaching FDR-adjusted p-values of 5.81 E-02. The BACON adjusted values 
yielded an estimated inflation of 1.0 and a minimal bias of 0.027. As a next 
step, we tested whether any individual miRNA had a statistically significant 
abundance of differentially methylated CpG-sites using binomial tests and a 
p-value threshold of 0.05. No individual miRNA had a statistically signifi-
cant abundance of differentially methylated CpG-sites after adjustments 
were made for multiple testing. The five most significant miRNA:s were 
mir-133b,  MIR4456, MIR124-1, MIR100HG and MIRLET7BHG. With 8 
out of 33 CpG-sites differentially methylated in HD (p-value threshold of 
<0.05), MIR4456 was nominally significant in this respect 
(p<0.001)(Supplementary Table 2.). Excluding ComBat from the analysis 
pipeline resulted in an estimated inflation of 1.3 and a total of 32 FDR-
adjusted significant CpG-sites (pFDR < 0.05) prior to 'bacon'-adjustment 
(compared to two FDR-adjusted significant CpG-sites when implementing 
ComBat in the analysis pipeline). This represents considerably more infla-
tion than the ComBat adjusted estimated inflation of 1.1. Likewise, the ex-
clusion of female participants resulted in MIR4456 associated CpG-site 
cg01299774 being the most significant probe prior to adjustment for bi-
as/inflation (p=2.053995e-05, pFDR=0.1094308) albeit not significant after 
FDR-adjustments. Similar results resulted were obtained when including 
outlier samples previously excluded. Furthermore, including a categorical 
variable of 'Scandinavian descent' (yes or no)  in the methylation analysis did 
not significantly alter the results for the MIR4456 associated CpG-site in 
focus, cg01299774 (p=8.74E-06, pFDR=0.049), measured before infla-
tion/bias adjustment. For this analysis, estimated inflation was 1.1 and esti-
mated bias -0.085. After adjustment for inflation/bias and FDR-adjustment, 
p-value for cg01299774 was 0.098 and the magnitude and direction of the 
methylation change was the same. Lastly, the inclusion of additional mi-
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croRNA associated CpG-sites annotated to the EPIC array, resulted in 
MIR708 associated CpG-site cg18222182 (p=7.23E-06, pFDR=0.046) and 
MIR4456 associated CpG-site cg01299774 (p=9.28E-06, pFDR=0.046) to be 
significant after FDR adjustments but prior to inflation/bias adjustment. In-
flation was 1.1 and bias -0.086. No individual CpG-site remained significant 
after inflation, bias and FDR-adjustment. The full results of all the above 
presented post-hoc analyses are presented in Supplementary Materials.(128) 

Genomic and biological context of key findings relating 
to paper I 
To evaluate to what extent the methylation of cg04102384 is associated with 
the expression of the adjacent microRNA, Spearman correlations were per-
formed using the Expression data set of eleven non-fasting healthy controls. 
The methylation state and the level of transcriptional miRNA expression 
were compared intra-individually to each other, assuming a negative correla-
tion. Cg04102384 significantly inversely correlated with transcriptional lev-
els of MIR4646-3p (p<0.05), but not with the transcriptional expression of 
MIR4646-5p or pre-miRNA levels of MIR4646. To confirm these findings, 
we performed Taqman analysis, individually measuring the expression levels 
of MIR4646-3p and MIR4646-5p in 27 subjects from the Discovery data set 
(eleven 'Controls', nine '15% Risk Depression' and seven 'Depressed'). There 
were no between-group differences in expression levels of either of the two 
microRNAs (p > 0.05). Nor could we confirm an association between meth-
ylation and expression by Spearman's rank correlation method for either of 
the two miRNAs and the candidate CpG site (p>0.05). Using the Mir-
Walk2.0 analysis software (170), we retrieved the predicted gene targets for 
hsa-miR-4646-3p. 552 genes were identified as putative gene targets for hsa-
miR-4646-3p and were subsequently investigated by overrepresentation 
analysis of KEGG-defined pathways. There was a statistically significant 
overrepresentation of genes associated with fatty acid elongation (6 genes, q-
value< 0.01) and biosynthesis of unsaturated fatty acids (5 genes, q-value< 
0.05). In the Expression cohort, we correlated hsa-miR-4646-3p levels with 
the expression of 6 genes identified in the KEGG-defined 'fatty acid elonga-
tion' pathway. ACOT2  was significantly positively correlated with the ex-
pression of hsa-miR-4646-3p (p<0.01, r=0.75). No significant associations 
were observed for the other 5 genes studied. The investigation of the chro-
matin regions overlapping our CpG locus, cg04102384, revealed a regulato-
ry role throughout all investigated brain regions, except brain cingulate gy-
rus. This CpG site is located in an enhancer region in blood, angular gyrus, 
dorsolateral prefrontal cortex, inferior temporal lobe and anterior caudate, 
and even in a TSS region in hippocampus and substantia nigra. Furthermore, 
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the long-range interactions found for this CpG site suggest possible regulato-
ry effects on multiple other genes, e.g. CLIC1 and BAG6. 3.9. The miRNA-
4646 stem-loop region is identified only in Homo sapiens in the mirBase 
database and a BLASTn search in the NCBI webserver was used to investi-
gate if this region is conserved in other species. Sixteen relevant hits were 
obtained with particular emphasis on the conservation of the seed regions. 
The conservation throughout the seed regions and the mature 5p and 3p re-
gions are presented in the multiple sequence alignment. All sixteen sequenc-
es are predicted to fold into a pre-microRNA folding structure, i.e., hairpin 
loop. The gene synteny is conserved among 13 of the 16 species investigat-
ed, except for variation in the number of LY6G6C/6D/ 6E/6F genes. Several 
of the species did not have an available mapped genome through the NCBI 
map view, or the mapping was incomplete. The reverse complement of the 
miRNA-4646-3p mature sequence had nine relevant hits with the miR-204 
family when searched in the miRBase database. The conservation of the 
mature miRNA with the seed region emphasized is presented in the multiple 
sequence alignment.(35)  

Genomic and biological context of key findings relating 
to paper II 
The four CpG sites significantly associated with GAD1 and HDAC3 SNPs 
were further investigated with regard to the tissue specificity of the associa-
tion and their potential functional implication in gene regulation. Therefore, 
we compared the functional role of these CpG sites in different brain tissues 
and blood cells with regard to gene regulatory relevance and/or in interaction 
with nearby genes, offering a broad landscape between chromatin states and 
potential regulatory activity. All four CpG sites show interaction arcs, with 
mQTLs indicating that the associations may not be tissue-specific. The 
cg01089319 site (GAD1) did not show relevant long-range interactions with 
other genes. Instead, it is located within an enhancer region of functional 
relevance in the hippocampus and peripheral blood mononuclear primary 
cell, according to the results obtained with the tool chromHMM. The second 
CpG site in GAD1 (cg01089249) is also located in an enhancer region, but is 
only detectable in the hippocampus. The CpG site cg24137543 associated 
with rs2530223 (HDAC3) is located within important gene regulatory re-
gions, that is a TSS, an enhancer or flanking active TSS/enhancer throughout 
all investigated brain tissues and peripheral blood mononuclear primary cell. 
Interestingly, this CpG site is located in or show long interactions with the 
TSS or enhancer regions of γ-protocadherins (γ-Pcdh) subfamily genes. The 
genomic context of validated CpG sites (cg00112260, cg01089319, 
cg01089249 and cg24137543) led to a more detailed analysis regarding their 
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role in gene transcription (Table 3). We tested associations between CpG 
loci from GAD1 (cg01089319 and cg01089249) and expression levels of 
GAD1, DNMT1, DNMT3a and COMT. We also evaluated the relationship 
between methylation changes at cg24137543 and the expression of HDAC3 
and γ-Pcdh subfamily. After computing robust linear regression models, 
three significant associations between the methylation level at cg01089319 
and GAD1 expression (P = 0.03, coefficient = -1.14), as well as the methyla-
tion level at cg24137543 and both HDAC3 and PCDHGA6 expression levels 
(P = 1.25e-06, coefficient = 1.49 and respectively, P = 0.014, coefficient = -
1.44) were identified. Using Pearson’s correlation analysis, the latter asso-
ciation between methylation levels at cg24137543 and PCDHGA6 expres-
sion was validated (P = 0.04, correlation coefficient (cor) = -0.60). Further-
more, an additional negative correlation between cg01089249 (GAD1) and 
COMT expression (P = 0.04, cor = -0.61) was detected. No correlations were 
identified between methylation levels at cg00112260 and the expression of 
the HCRTR1 associated mQTL. We tested the association between methyla-
tion changes of significant CpG loci and DAWBA score in subsequent bina-
ry regression analyses initially in the discovery cohort. The methylation of 
CpG site cg01089319 was found to be strongly and significantly associated 
with 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 supported the association between methyl-
ation levels at cg01089319 and the complete DAWBA general bands (P = 
0.033). The differences in methylation levels at cg01089319 are 3% between 
carriers and non-carriers of rs2058725 and rs2241165, respectively. These 
findings were not confirmed in the validation set, which has a more homo-
geneous composition.(123) 

Genomic and biological context of key findings relating 
to paper III 
Methylation M-values of cg23409074 were correlated with normalized ex-
pression values of the CRH gene inter-individually, using robust linear re-
gression models. This methylation locus was significantly positively corre-
lated with CRH gene expression in the robust linear regressions (p < 0.05) 
(Fig. 4), (Table 5). In the genomic context, the identified CpG sites are lo-
cated close to each other (6 bp apart), within the TSS of CRH. This gene 
may interact with DNAJC5B, TRIM55, LOC100505676 and RRS1 genes. 
The genomic region including both CpG sites was a binding site for tran-
scription initiation factor (TFIID) subunit 1, as defined by the ChiP-seq ex-
periments (Supplementary Figure) (The E.P.C., 2012). We showed that 
methylation variation at the identified cg23409074 and cg19035496 were 
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significantly correlated between blood and four different brain regions. 
Methylation levels at cg23409074 in blood were positively correlated to 
cg23409074 methylation levels in all four different brain regions (prefrontal 
cortex; r=0.29, p=0.01; entorhinal cortex; r=0.27, p=0.02; superior temporal 
gyrus; r=0.26,p= 0.02; cerebellum; r = 0.24, p = 0.03), in linear regression 
models, (Figs. 5 and 6).(140) 

Genomic and biological context of key findings relating 
to paper IV 
We measured the expression levels of MIR708 and MIR4456 in blood and 
compared them between controls and subjects diagnosed with HD. Due to 
hemolysis of the erythrocytes, it was not possible to separate the plasma 
from the corpuscular part of the blood. As such, the miRNA expression lev-
els are measured on miRNA from plasma and blood cells. This, however, 
was the case for all our samples and should therefore not be a source of any 
occurring between-group bias. As neither of the two miRNAs were normally 
distributed, we used the Kruskal-Wallis’ test to investigate univariate be-
tween-group differences in expression levels. MIR4456 (p<0.001) was sig-
nificantly less expressed in subjects with HD, but there were no group dif-
ferences in the expression of MIR708 (Supplementary Table 3.)(Figure 1.). 
In a following step, we performed binomial logistic regression analyses, 
contrasting miRNA expression levels by disease state (HD or healthy volun-
teer) and adjusting for depression, DST non-suppression status, CTQ total 
and TNF-alpha as co-variates. In this analysis, MIR4456 (p<0.05), remained 
significantly lower expressed (Supplementary Table 4.). To evaluate to what 
extent the expression levels of MIR708 and MIR4456 are associated with the 
methylation state of the candidate CpG-sites, we performed multiple linear 
regressions whereby each miRNA was correlated to M-values of the associ-
ated CpG-site, adjusting for disease state (hypersexual disorder or healthy 
volunteer) and an interaction term between methylation status and disease 
state. Cg01299774 was inversely correlated (p<0.01) with expression levels 
of MIR4456. Specifically, the interaction term composed of disease state and 
CpG-site methylation levels had a positive coefficient (p<0.01), indicating 
disease state dependent effects on the direction of the association between 
methylation status and expression level. Cg18222192 was not associated 
with MIR708 expression levels (Table 3.). Using the ComIR analysis soft-
ware (183), we retrieved the predicted mRNA targets for MIR4456. 1,142 
mRNAs were identified as putative targets for MIR4456 and were subse-
quently investigated by overrepresentation analysis of tissue specific gene 
expression and KEGG-defined pathways. There was a statistically signifi-
cant overrepresentation of genes expressed in brain (569 genes, q-
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value<0.00001), amygdala (59 genes, q<0.01), epithelium (201 genes, 
q<0.01), teratocarcinoma (50 genes, q<0.05) and hippocampus (44 genes, 
q<0.05)(Supplementary Table 5.). Gene set overrepresentation analysis fur-
ther revealed an overrepresentation of genes associated with 5 KEGG-
defined pathways, including oxytocin signalling pathway (24 genes, q<0.01), 
cAMP signalling pathway (26 genes, q<0.01), glutamatergic synapse (18 
genes, q<0.01), circadian entrainment (16 genes, q<0.01) and adrenergic 
signaling in cardiomyocytes (21 genes, q<0.01)(Table 4.).  To investigate the 
occurrence of overlapping genes between these pathways, we performed a 
heatmap based on the number of overlapping MIR4456 associated genes in 
each pathway. There appeared to be three main clusters of pathways (Sup-
plementary Figure 3.). Importantly, the oxytocin signaling pathway, which 
included 24 MIR4456 associated genes, had a maximum overlap of only 13 
genes with the other pathways. As miRNA4456 is identified in miRBase 
only in Homo sapiens, we performed a BLASTn (176) search using the 43-
nucleotide stem-loop region to investigate the evolutionary conservation of 
MIR4456. This resulted in ten species with relevant hits (Supplementary 
Figure 4.) with particular emphasis on the conservation in the seed region. 
All of the sequences are predicted to form a hairpin secondary structure. The 
last common ancestor of these species appears to be at the advent of pri-
mates. With the conservation in the multiple sequence alignment and the 
predicted hairpin secondary structures, this might suggest that this region is 
conserved from throughout primates.  Candidate CpG loci that were differ-
entially methylated in HD and annotated to miRNA that were differentially 
expressed in HD, were further investigated for an association with alcohol 
dependence in the validation cohort. We performed binomial logistic regres-
sion models of disease state (alcohol dependent or control) to CpG-site 
methylation levels and adjusting for the co-variates with significant between-
group differences, i.e. gender and occurrence of any under treatment anxiety 
disorder. Cg01299774, the only investigated CpG-site, was significantly 
hypermethylated in alcohol dependence (p=0.0261)(Supplementary Table 
6.)(Supplementary Figure 5.).(128) 
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Conclusions15 

Paper I represents the first methylome-wide association study performed in 
whole blood and investigating adolescents at risk for MDD in a population-
based cohort. A MIR4646 associated CpG-site was identified and confirmed 
to be hypomethylated in adolescents with higher depression risk scores. The 
identified CpG-site was further demonstrated to be differentially methylated 
in adult MDD, measured in glial cell samples from the frontal cortex ob-
tained post-mortem. Moreover, in a cohort of healthy volunteers, this meth-
ylation site correlated inversely with expression levels of MIR4646-3p, sug-
gesting potential biological impact. As such, this MIR4646 associated meth-
ylation locus is identified as a marker for stratification of MDD risk in ado-
lescents, an important age of environmental factor influence, and holds 
potential to contribute to improving existing diagnostic and protective poli-
cies for MDD in both adolescence and adulthood. By linking together differ-
ent epigenetic processes such as DNA methylation and miRNA activity, our 
findings support the previously proposed notion that epigenetic processes 
relevant to psychiatric disorders act in a cross-regulatory and co-dependent 
manner (193). Moreover, functional analysis uncovered that the identified 
methylation locus was situated in enhancer regions in whole blood and in 
each individual brain region studied, suggesting the differential methylation 
observed in peripheral blood may also occur in brain tissue (182,194). This 
belief is also promoted by the observed methylation differences observed in 
frontal cortex brain biopsies in adult MDD. In addition, peripheral blood 
methylation studies have previously been deemed relevant in MDD (195). 
Intriguingly, putative in-silico miRNA target examination and gene set 
overrepresentation analysis suggested MIR4646-3p activity may influence 
neurobiological processes previously implicated in MDD, e.g. synthesis of 
omega-3 fatty acids (196–199). Essential omega-3 fatty acids need to be 
included in the diet, as the human body is not able to synthesize them. They 
have previously been implicated in neurocognitive processes such as cogni-
tive performance and memory (200). Shi et al. demonstrated that supple-
menting mice with omega-3 fatty acids contributed to reducing depressive 
behavior, an effect believed to be mediated by a reduction of neuroinflam-

                               
15 Parts of the text in the conclusions section were also included in licentiate thesis by Adrian 
Emmanuel Desai Boström titled: "Identification of shifts in the DNA methylome in relation to 
psychiatric traits in adolescents", presented at Uppsala University 2020-04-20. 
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mation (201). In fact, it has even been demonstrated that adolescent MDD is 
associated alterations in brain connectivity (202) and that omega-3 supple-
mentation in adult MDD improves connectivity and reduces depressive 
symptoms (203). It is important to note that the causality regarding the asso-
ciation between MDD and omega-3 fatty acid depletion can be disputed. For 
example, it is possible that the association is found due to depressed individ-
uals consuming less omega-3 fatty acids. Thus, additional research is re-
quired before inferring causality. In addition, the process of fatty acid elon-
gation associated with MIR4646, may have other modulating effects on ado-
lescent MDD. For example, obesity is a known risk factor for developing 
depression (204) and the relative proportion of omega-3 fatty acids to ome-
ga-6 fatty acids has been  associated with development of obesity (205). This 
is the first study to implicate MIR4646 in psychiatric disorders. Evolutionary 
analysis suggests this miRNA has been conserved in the genome since the 
dawn of Simiiformes (monkey). The reverse complement of miR-4646-3p is 
aligned to the miR-204 family. This is of potential importance as reverse 
complements have been suggested to be functionally relevant by discrete 
regulatory post-transcriptional activity (206). Moreover, the relevance of the 
miR-205 family is further supported by their suggested role in modulating 
other epigenetic mechanisms that contribute to regulating neurotransmitters 
(207). At the time of publication, previous DNA methylation studies into 
adolescent depression mainly involved monozygotic twin pairs (208–210), 
but were not reflective of the general population. Some of the advantages to 
our study design include the population-based cohort design, allowing for 
analysis in the general population. In addition, there are potential advantages 
to studying psychiatric traits in adolescents as compared to adults, who are 
more likely to have contracted several confounding factors that could bias 
results. As such, studying the developmental stages of disease may have 
better chances to identify causative factors underlying the development of 
psychiatric conditions. Our study, however, is burdened by several limita-
tions. First, as the psychiatric risk scores were in silico generated and did not 
involve a psychiatric clinical assessment, we cannot completely ascertain 
that all measurements were representative. Importantly, however, is that the 
DAWBA bands are demonstrated to perform nearly identical to clinical as-
sessments with regard to assessments of diagnosis (124). Moreover, Paper I 
includes a relatively small sample-size for a methylome-wide association 
study, which would be expected to result in low power (104) to comprehen-
sively investigate alterations in methylation levels. Statistically speaking, 
underpowered studies should, however, still be able to identify methylation 
differences with larger effect sizes. The fact that the study findings were 
replicated in two independent cohorts further supports the validity of the 
identified methylation locus. In order to comprehensively investigate DNA 
methylation differences in adolescent MDD, studies including a much larger 
number of samples are needed. Moreover, the initial confirmatory analysis 
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exhibited potential bias from weight category and contraceptive pill usage 
which could not be adequately accounted for given the relatively small sam-
ple size, thus introducing an additional potential source of bias. Moreover, 
participants in both adolescent study groups were in the majority female. 
There was, however, no between-group differences in gender, making this 
potential source of bias less probable, although it cannot be completely ex-
cluded. Furthermore, it should be noted that the findings were only replicat-
ed in the glial cell lines and not in neuronal tissues. This discrepancy could 
be explained by previous research, suggesting a significant effect on methyl-
ation profiles from brain cell type heterogeneity (211). Also, while we were 
able to identify putative gene targets of MIR4646 by in silico analysis, in 
vivo studies are needed to comprehensively uncover its actual targets and 
effects thereof. Importantly, MIR4646 was not shown to be differentially 
expressed by depression risk score. However, research indicates miRNA 
expression levels are difficult to replicate when the fold-change is less than 
four-fold. Thus, it cannot be completely excluded that MIR4646 is differen-
tially expressed by depression risk group, as the miRNA exhibited a mere 
fold-change of ~21.4% between the groups compared. Lastly, although func-
tional analysis suggests our findings measured from whole blood may be 
relevant in brain tissue, caution is warranted before confidently extrapolating 
these results to brain. Confirmatory DNA methylation and miRNA studies 
measured in brain tissue would be of great value.(35) Paper II represents, to 
the best of our knowledge, the first paper exploring links between the global 
methylation profile and SNPs previously associated to psychiatric condi-
tions. In addition to the mQTL analysis, candidate CpG loci are further stud-
ied regarding associations to gene expression and psychiatric risk scores in 
adolescents, contributing to further unraveling the complex interplay be-
tween genetic and epigenetic factors that underlie the development of psy-
chiatric traits. In the mQTL-analysis, five SNP-CpG pairs were identified 
and validated, following bonferroni adjustments. The identified gene vari-
ants, associated with five CpG sites, were HCRTR1, GAD1 and HDAC3. Of 
these, the rs2241165 SNP related to GAD1 exhibits perfect linkage disequi-
librium with rs2270335, which has been shown in functional imaging studies 
to be associated with reduced gray matter volume and early-onset schizo-
phrenia (212). In addition, a GAD1 associated methylation locus was differ-
entially methylated by psychiatric risk scores in adolescents. Moreover, an 
extended additional analysis identified associations between a GAD1 associ-
ated CpG site and the catechol-O-methyltransferase (COMT) gene, previous-
ly associated with several psychiatric conditions (213). Thus, our findings 
suggest that the identified GAD1 gene variant may influence psychiatric 
development through an interconnected epigenetic framework, ultimately 
modulating transcriptional processes of psychiatric vulnerability genes. 
Moreover, methylation loci at three of the identified gene variants were 
shown to be correlated with gene expression levels of the associated genes. 



 65

In addition, cg01089319 (associated with GAD1) was differentially methyl-
ated in dependency of a general psychiatric risk score in adolescents. There 
is ample evidence to suggest epigenetic shifts are an essential component of 
neuronal development  (214–218), supporting the notion that the identified 
epigenetic regulatory framework, although preliminary and incomplete, may 
be of some biological relevance. Of the investigated gene variants in our 
study, GAD1 showed the most promise with regard to psychiatric disease in 
adolescents and is a vital component in gamma-aminobutyric acid (GABA) 
synthesis, a key inhibitory neurotransmitter in the central nervous system. In 
this study, methylation differences in the magnitude of three percent between 
carriers and non carriers of the minor allele GAD1 variants are identified. 
Moreover, the GAD1 associated CpG sites appear to be located in brain en-
hancer regions. The biological relevance of these findings are further sup-
ported by previous research, suggesting that GABAergic activity can be 
modified by epigenetic influence on GAD1 expression levels (219,220). In 
fact, GABA has been demonstrated to be lower in subjects suffering from 
MDD, schizophrenia and bipolar disorder (221–223). In addition, our results 
further support the notion that COMT and GAD1 may interact to influence 
GABA activity (224,225). Another identified gene variant - the exonic SNP 
(rs2530223) at HDAC3 - is highly expressed in hippocampus in rat brain 
(226). Previous research implicated a role for HDAC3 in memory functions 
(227) and the development of the brain (228). The HDAC3 associated meth-
ylation locus, cg24137543, appears to be located in regions of where signifi-
cant regulatory activity occur in blood and all brain regions studied, as sug-
gested by mQTL interaction arcs and chromatin states mapping. This indi-
cates that our findings, which were measured in whole blood, may be trans-
ferable and involved in pathophysiological processes in brain tissues. 
Moreover, the association between PCDHGA6 expression and methylation 
at this locus lends further support to our observed interaction with transcrip-
tioal activity in the γ-Pcdh subfamily from chromatin state analysis. In 
mouse models, genes of the γ-Pcdh subfamily have been previously demon-
strated to exert an effect on GABAergic neurons (229). In neurons, the CpG 
site in focus is located in an enhancer region, further supporting a possible 
regulatory function on the transcriptional activity of γ-Pcdh in this cell line. 
The main strengths of this study is the methylome-wide study design, which 
allowed for investigating mQTL associations in a hypothesis-free and there-
by unbiased manner. While Paper II presents intriguing results of potential 
biological relevance, it has several limitations. First, no change in GAD1 
messenger RNA (mRNA) was identified. This, however, does not complete-
ly exclude the possibility and could potentially be explained by post-
transcriptional alterations previously evidenced in animal models studying 
GAD1 (230), alternative splicing (94) or by technical errors whereby unspe-
cific signals cause several transcripts to be intercepted by a single probe 
(231). Further targeted studies are needed before assuredly dismissing this 
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possibility. Second, as the methylation differences observed in association to 
the psychiatric risk scores were small in magnitude, the biological relevance 
could be disputed. However, recent studies indicate extensive transcriptional 
effects may result of even subtle changes in methylation levels, particularly 
in multifactorial diseases such as psychiatric disorders (232). Third, while 
we focused on 37 SNPs previously associated with psychiatric disorders, 
there may be additional gene variants of relevance in a psychiatric orientated 
mQTL study context. Fourth, as the DNA methylation was measured in 
whole blood, ample additional research is needed before extrapolating these 
results to brain tissue, where the primary biological effect is presumed to 
take place. Fifth, due to the relatively small sample size, the study is not 
sufficiently powered to comprehensively investigate mQTL associations. As 
such, it cannot be excluded that subtle mQTL links were not detected and the 
results are to be regarded as partial in nature. Further studies including a 
large number of samples would be of great value in this regard. Additional 
limitations pertain to the use of the computer-generated DAWBA general 
band score whereby the possibility of samples receiving unrepresentative 
risk scores cannot be completely excluded. To account for this potential bias, 
only mQTL loci that were validated in a separate cohort were considered 
relevant. Lastly, this study focused on genetic and epigenetic interactions in 
relation to overall risk for psychiatric disorders in adolescents, presumed to 
act as a surrogate variable for pathogenic neurobiological alterations in a 
critical period of neurocognitive development. Additional studies are needed 
in order to investigate mQTL associations for specific diseases, i.e. for ex-
ample MDD, general anxiety, schizophrenia or neuropsychiatric diseases. 
Regardless of its limitations, the study succeeds in outlining the springboard 
to an epigenetic scenery whereby gene variants interact with methylation 
loci to influence gene expression of psychiatric susceptibility genes.(123) In 
Paper III, the genome-wide DNA methylation pattern was measured in a 
cohort of suicide attempters, stratified into two groups based on the severity 
of the attempt. Based on previous studies implicating HPA axis dysregula-
tion in suicidality, we performed a targeted analysis of methylation sites 
associated with HPA-axis genes. This study shows that subjects with severe 
suicide attempts exhibit hypomethylation at two methylation loci located in 
the CRH promoter region - cg19035496 and cg23409074 - when compared 
to subjects with less serious suicide attempts. Moreover, cg19035496 was 
further demonstrated to be hypermethylated in dependency of psychiatric 
risk scores in an independent study group of adolescents. In addition, meth-
ylation levels at cg23409074 correlated positively with gene expression lev-
els of CRH in an independent study group of healthy male subjects. Suicide 
attempt were classified as severe based on well-known criteria relating to 
high suicide intent (44) and by occurrence of a violent suicide attempt meth-
od. Jollant et al. suggested violent suicide attempters may exhibit more simi-
larities to suicide victims as opposed to non-violent attempters, demonstrat-
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ing to a greater extent than non-violent attempters impaired decision making 
(233), reduced CSF-levels of serotonin metabolite 5-hydroxindolacetic acid 
(5-HIAA) (134) and neuroinflammation (234). Notably, suicide attempts 
exhibiting violent methods and a high intent to die have been associated with 
higher suicide risk than lower intent or non-violent attempt methods (44,45). 
Moreover, suicide attempters with a high intent to die have been associated 
with lower cortisol levels after DST (235) and lower CSF plasma oxytocin 
(236), indicative of an impaired stress response. Several additional studies 
have implicated associations between seriousness of suicide attempt and 
DST non-suppression (57,237–240), suggesting HPA axis regulation as a 
potential endophenotype of high suicide risk (57). In this regard, the CRH 
gene plays an integral role in HPA axis regulation. Post-mortem studies of 
suicide victims have identified altered numbers of CRH neurons in the hypo-
thalamic paraventricular nucleus suggestive of hyperactivation of the HPA-
axis (241), increased CSF-levels of CRH (242), reduced frontal cortex CRH 
receptors (243) and a changed ratio of pituitary gland CRH-R1/R2  (244). 
Zhao et al. further demonstrated CRH hyperexpression in post-mortem brain 
biopsies of depressed suicide victims compared to depressed patients who 
died of causes other than suicide (245). The findings presented in Paper III, 
demonstrating hypomethylation at two CRH-associated methylation loci, are 
consistent with previous research implicating HPA axis dysregulation and 
CRH hyperexpression in completed suicide. Importantly, one of the identi-
fied methylation sites was further shown to be hypermethylated in depend-
ency of high risk for psychiatric disorders in adolescents. These results are in 
line with research suggesting that psychopathological changes to a signifi-
cant extent debut in childhood and adolescence (246). For example, adverse 
childhood events are putatively believed to, in part, affect cognitive and 
emotional phenotypes by epigenetic modifications that influence HPA axis 
function, in turn affecting suicide risk (47,247).Moreover, prospective regis-
try studies suggest suicidal behavior in adulthood is associated with adverse 
events in the pre- and perinatal period, behavioral problems, emotional ad-
versities and psychiatric disorders in childhood (248). This study reports in 
part conflicting results in that cg19035496 was hypomethylated in severe 
suicidal behavior of adult suicide attempters and hypermethylated in de-
pendency of psychiatric risk scores in adolescents. It can, however, be ar-
gued that making direct comparisons between adult and adolescent cohorts 
regarding methylation of genes expressed in brain is not meaningful, as the 
brain undergoes significant development in the adolescent stage. Indeed, 
many DNA methylation sites are dynamic and reversible in nature and con-
tinuously change during development. The identification of one shared DNA 
methylation site in both adult suicide attempters and adolescents at risk for 
psychiatric disorders adds to the existing literature by providing evidence for 
epigenetic regulatory effects on HPA axis dysregulation, acting as a potential 
shared neurobiological indicator for both psychiatric disorders and suicidali-
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ty. Moreover, the methylation site cg23409074 which was shown in this 
study to be associated with severity of suicide attempt, has been previously 
shown to be hypomethylated in men with hypersexual disorder (80), suggest-
ing this CRH-associated marker may act as a broader indicator of psychiatric 
illness. Strengths of this study include a representative patient population of 
suicide attempters with thorough diagnostics of the psychiatric disorders and 
a careful assessment of severity of suicidal behavior as well as the considera-
tion of possible confounders including gender, childhood adversity, and 
comorbidity patterns. This study also has several limitations. First, the cau-
sality of the findings cannot be assertively assured due to the cross-sectional 
design of the study. Second, risk scores for psychiatric disorders were stud-
ied in the adolescent study group, not only severe suicidal behavior. Never-
theless, occurrence of psychiatric disorders is a major risk factor for suicidal-
ity and dysregulation of the HPA axis has been implicated in both psychiat-
ric disorders and in suicidal behaviors, many times with onset in childhood 
or adolescence. Third, while this study provided preliminary evidence that 
DNA methylation levels at cg23409074 correlates with CRH gene expres-
sion levels in healthy adults, it would be of value to confirm this association 
in a context of suicide attempters. Moreover, this finding was based on a 
relatively small study group. Thus, replication of these findings in separate 
and larger cohorts would be of value. Fourth, the findings presented in this 
study are based on DNA methylation and gene expression levels measured in 
whole blood, whereas the main biological effects of the observed findings 
are presumed to occur in brain tissue. To further investigate, we made use of 
a reliable tool to compare DNA methylation levels in whole blood and brain, 
indicating that the identified methylation sites are significantly correlated in 
blood and four different brain regions, thus indicating that the observed epi-
genetic alterations in whole blood also take place in brain. However, com-
plementary analysis measured in brain tissue would be of value to assuredly 
confirm these associations. Lastly, early life adversity and especially that 
involving parental mental illness, parental physical illness and parental death 
has been shown to leave a lasting imprint on peripheral DNA methylation 
(249). In the present study, there were no indication of potential confound 
from early life adversity in the two groups of suicide attempters, as estimated 
by the Karolinska Interpersonal Violence Scale. However, potential con-
found from early life adversity in the adolescent study group cannot be com-
pletely excluded. In spite of the limitations mentioned above, the study pre-
sents preliminary evidence suggesting severity of suicide attempt in adults 
and a general psychiatric risk score in adolescents is associated with epige-
netic alterations in the CRH gene. Significant correlations of DNA methyla-
tion between blood and four different brain regions suggests that epigenetic 
changes could influence gene expression of CRH in brain in the aforemen-
tioned conditions.(140) In Paper IV, we performed a DNA methylation anal-
ysis of miRNA genes in relation to HD, identifying distinct methylation sites 
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coupled to MIR708 and MIR4456 to be differentially methylated in depend-
ency of HD. Moreover, MIR4456 associated CpG-site cg01299774 was 
shown to be hypermethylated in dependency of alcohol dependence in an 
independent study group, suggesting the locus may be in part related to the 
addictive component in HD pathophysiology. In addition, we provide evi-
dence that MIR4456 is differentially expressed in HD and that MIR4456 
expression levels are associated with DNA methylation levels in 
cg01299774. In-silico analysis suggests MIR4456 targets genes that are 
preferentially expressed in brain, amygdala and hippocampus and that are 
implicated in physiological processes related to HD, i.e. the oxytocin signal-
ing pathway. Taken together, our findings implicate MIR4456 in HD patho-
physiology, putatively influenced by shifts in DNA methylation levels at the 
aforementioned locus. No previous study investigated HD in relation to both 
DNA methylation and miRNA expression levels. Our study design allowed 
for investigation of 8,852 miRNA-coupled methylation sites in a hypothesis-
free and thereby unbiased manner. To the best of our knowledge, this is the 
first study to implicate MIR4456 in psychopathologies. In-silico analysis 
suggests this miRNA is evolutionary conserved since the advent of primates, 
based on predicted hairpin secondary structures and primary sequence com-
position. In addition, previous studies have proposed involvement of amyg-
dala and hippocampus in HD (81), brain regions that are also putatively as-
sociated with MIR4456 gene target activity. The oxytocin signaling pathway 
has previously been implicated in several defining features of HD, including 
impulsivity, compulsivity and sexual desire dysregulation (77). Previous 
studies demonstrated altered neuroendocrine responses in sexual activity 
after application of intranasal oxytocin in men (250) and sexual arousal has 
been associated with elevated levels of oxytocin(251). Moreover, Jurek et al. 
related indirect effects of oxytocin activity to delaying transcription of the 
corticotropin-releasing factor (Crf), a key gene in mediating the stress re-
sponse (252). This finding, suggesting a link between the oxytocin signaling 
pathway and the HPA axis, could contribute to understanding findings pre-
sented by Chatzittofis et al. who provided evidence for HPA axis dysregula-
tion in men with HD (79). The interaction between oxytocin and the dopa-
mine system has led researchers to hypothesize that variations in oxytocin 
levels are affecting addiction vulnerability (253). Furthermore, genetic varia-
tion in the oxytocin receptor gene has been associated with a dysregulated 
emotional response under the influence of alcohol with subjects exhibiting 
increased anger (254). Lastly, Brüne et al proposed that genetic variation in 
the oxytocin receptor gene contributes to the underlying pathophysiology of 
borderline personality disorder, a condition defined by considerable impul-
sivity dysregulation (255). This study also identified putative involvement of 
MIR4456 in other neuronal molecular mechanisms potentially related to HD. 
Similar to the findings presented in this study, Perlis et al. implicated in-
volvement of genes associated with the glutamatergic system in abnormal 
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sexual behavior in depressed subjects (256). Moreover, Mani et al. reported 
associations between sexual receptivity in female rats and 3'-5'-cyclic adeno-
sine mono phosphate (cAMP) activity (257). In addition, cAMP activity is 
believed to influence molecular processes associated with axon guidance 
(258), for example the B3gnt1 gene which has been previously associated 
with aberrant sexual behavior in male mice (259). This study is burdened by 
several limitations. First, lack of replication of the identified methylation 
locus in an independent HD study group prevents generalisability. Further 
studies are needed to confirm the identified associations. Second, it was not 
possible to separate plasma from the blood samples due to hemolysis of the 
erythrocytes in the expression profiling of MIR4456 and MIR708. Hence, 
presented miRNA levels reflect levels measured in both lysed blood cells 
and plasma. Yet, it is unlikely that this has introduced any between-group 
bias as this was the case for all samples. Third, in-silico analysis was per-
formed to identify potential miRNA gene targets. In vivo studies would be of 
value for verification purposes. Fourth, as both DNA methylation and miR-
NA expression profiling was measured in whole blood, we cannot ascertain 
that these modifications occur in brain tissue, where the main biological 
effect is presumed to take place. Fifth, we cannot completely exclude poten-
tial confound from unaccounted for factors, i.e. for example prandial states, 
ethnicity or dietary patterns which may influence methylation levels (108). 
Lastly, given the relatively small absolute difference in DNA methylation 
levels between HD patients and controls (~2.6%), it can be disputed whether 
such marginal methylation shifts reflect a significant biological effect. How-
ever, recent studies provide evidence that minor methylation shifts (1-5%) 
can induce extensive transcriptional and translational effects (232).(128) 
Despite being burdened by the constraints detailed above, paper I and II 
contribute to revealing novel methylation loci associated with risk for psy-
chiatric disease in adolescence and Paper III and IV in identifying epigenetic 
regulatory mechanisms associated with adult psychiatric conditions. Howev-
er, extensive additional research is needed to comprehensively unravel the 
epigenetic regulatory mechanisms underlying the development of psychiatric 
conditions.(123,128,140,260) 
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Perspectives16 

The aim of this thesis was to explore the relationship between adolescent and 
adult psychiatric traits, genetic and epigenetic mechanisms. In paper II, we 
uncovered associations between risk for psychiatric disease in adolescence 
with an epigenetic landscape encompassing novel DNA methylation loci, 
genetic markers previously associated with psychiatric disease and gene 
expression levels - supporting the hypothesis that a dynamic interplay be-
tween genetic and epigenetic mechanisms are involved in the pathophysiolo-
gy of psychiatric disease in adolescents. Paper III implicates epigenetic shifts 
in the CRH gene in relation to severity of suicide attempt in adults and a 
general psychiatric risk score in adolescents. As indicated in paper I and IV, 
different epigenetic mechanisms, such as DNA methylation and miRNA 
activity, may interact and potentially influence the expression levels of sev-
eral hundred downstream genes, supporting a complex multifactorial model 
for explaining psychiatric phenotypes. MiRNA effectively degrades mRNA 
molecules and are believed to regulate translational activity of more than 
half of all recognized protein-coding genes (91). Moreover, extracellular 
vesicles have been shown to transport miRNA from cells into the circulation 
(118). As a single miRNA is able to regulate the expression of several dif-
ferent genes (117) and cross the blood-brain barrier (118), they are plausible 
biological contributors to the pathogenesis of psychiatric conditions (120). 
Thus, miRNA-targeted molecules could offer novel treatment options for 
adolescent psychiatric conditions. For example, some miRNA-targeted ther-
apeutics have reached clinical development in the management of cancer, 
including antimiRs targeting miR-34 and miR-122 (261). However, there are 
several limitations to the papers presented in this thesis that dampen enthusi-
asm about these prospects, including, but not limited to, low power to com-
prehensively detect epigenetic alterations, potential selection and infor-
mation bias as the main study cohort of adolescents is population-based, 
possible inaccuracies resulting from the use of in silico generated psychiatric 
risk scores and computer algorithms to identify microRNA gene targets. 
While DNA methylation risk scores have been proposed as models similar to 
genetic risk scores for predicting individual risks of disease or treatment 
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success, sensitivity  to confounding complicates such endeavors (25). More-
over, epigenetic alterations in whole blood may not reflect changes in brain 
tissue, where the main biological effect of the observed findings are believed 
to occur. Thus, further studies including a high number of subjects with con-
firmed diagnoses in both adolescents and adults would be of value to verify 
the results presented and in vivo studies could confirm the true gene targets 
of the identified microRNA. Importantly, ample additional research is re-
quired before assuredly inferring causality between the observed epigenetic 
alterations and psychiatric disease in adolescence. For example, although not 
described in the present thesis, methods using summary data-based Mendeli-
an randomization analysis could be incorporated to combine genome-wide 
SNP-studies with mQTL and eQTL analyses, forming comprehensive genet-
ic and epigenetic landscapes to contribute to a more complete understanding 
of adolescent psychiatric disorders and might eventually improve diagnostic, 
treatment and preventive efforts (8,115,116,262). In summary, while psychi-
atric epigenetics research still is in its infancy, the many associations thus far 
observed combined with the potential for epigenetics to elucidate the appeal-
ing gene-environment interplay model in complex multifactorial psychiatric 
conditions is too important to dismiss. 
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Svensk sammanfattning17 

Psykiskatriska tillstånd är vanligt förekommande bland unga människor och 
drabbar upp till 13,4% av barn och ungdomar globalt. Egentlig depression är 
i sammanhanget av särskilt stort intresse eftersom sjukdomen uppvisar en 
incidenstopp i tonåren och då vissa studier indikerar att sjukdomen är för-
knippad med andra riskfaktorer hos unga jämfört med den vuxna befolk-
ningen. Att studera psykiatriska tillstånd hos unga vuxna kan därför bidra till 
att bättre förstå de bakomliggande sjukdomsmekanismerna, vilket man i 
förlängningen hoppas ska leda till förbättrad diagnostik och behandling. 
Andra psykiatriska tillstånd där man ännu inte fullt klargjort den bakomlig-
gande sjukdomsmekanismen inkluderar hypersexualitet och suicidsrisk. En 
förbättrad förståelse för underliggande neurobiologiska förändringar kan på 
sikt leda till förbättrade diagnostisk och även vägleda framtida behandlings-
möjligheter. Epigenetik - ett samlingsnamn för olika mekanismer att reglera 
genuttryck - är av stort intresse i sammanhanget, eftersom den förändras 
över tid och påverkas av både ärftliga och miljömässiga faktorer. DNA me-
tylering är den bäst studerade delen av epigenetik och flera tidigare studier 
har påvisat en koppling mellan DNA metylering och olika psykiatriska till-
stånd. I de aktuella studierna har vi använt microarrayer (Illumina 450K 
samt Illumina EPIC BeadChip) för att mäta och analysera metyleringsprofi-
len i blod i olika cohorter. I artikel I undersökte vi om det fanns specifika 
DNA-metyleringsmarkörer som differentierade olika risknivåer för före-
komst av depression hos ungdomar. Artikel I identifierade ett mikroRNA, 
hsa-miR-4646 (MIR4646), som var associerat med risken för depression hos 
unga. Datormodeller tyder på att detta mikroRNA reglerar gener som är in-
volverade i fettsyrasyntesen vilket tidigare kopplats till omega-3 fettsyror 
som i sin tur tidigare associerats med depression. Artikel II studerade kopp-
lingar mellan 37 genvarianter som tidigare förknippats med psykiatriska 
sjukdomar och det globala DNA-metyleringsmönstret i helblod ifrån 223 
ungdomar. Studien detekterade fem genetiska varianter som var associerade 
med åtta olika metyleringsmarkörer. Tre av dessa metyleringssiter uppvisade 
korrelationer med genuttryck och datormodeller tyder på påverkan av dessa 
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markörer på kromatinstruktur samt på genuttryck i hjärna. En av dessa mety-
leringsmarkörer, kopplad till glutamat dekarboxylas 1 (GAD1) genen, predi-
cerade risk för psykiatrisk sjukdom. Artikel III studerade DNA-
metyleringsmarkörer kopplade till stressaxeln (HPA-axeln) i relation till 
allvarlighetsgrad av suicidförsök. Studien identifierade DNA-
metyleringsförändringar i genen som kodar för kortikotropinfrisättande hor-
mon, en central regulator av stressaxeln. DNA-metyleringsmarkören som 
differentierat allvarlighetsgrad av suicidförsök var också dysreglerad i relat-
ion till risk för psykiatriska sjukdomar hos unga vuxna och korrelerade även 
signifikant med genuttryck för genen som kodar för kortikotropinfrisättande 
hormon. Dessa fynd implicerar DNA-metyleringsmarkören som neurobiolo-
gisk markör för både psykiatrisk sjukdom och suicidalitet. I artikel IV analy-
serades 8,852 mikroRNA-kopplade metyleringsmarkörer i relation till hy-
persexualitet. En metyleringsmarkör kopplad till mikroRNA-4456 differenti-
erade mellan hypersexuella patienter och friska kontroller. Vidare analys 
visade att mikroRNA-4456 uttryckes i lägre grad hos hypersexuella, och 
metyleringsmarkören korrelerade signifikant med genuttrycksnivåer av 
mikroRNA-4456. In silico analys indikerade att mikroRNA-4456 reglerar 
gener kopplade till hormonet oxytocins effekter. Oxytocin har i tidigare stu-
dier förmodats bidra till att reglera sexuell aktivitet. Sammantaget ger fynden 
i artikel I-IV nya insikter i vilken roll genetiska och epigenetiska mekan-
ismer har vid psykiatriska tillstånd hos ungdomar och vuxna. 
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