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ABSTRACT

INVESTIGATION OF DNA METHYLATION CHANGES IN BRAIN AND
BLOOD ASSOCIATED WITH EXCESSIVE ALCOHOL CONSUMPTION

BEHAVIOR IN WISTAR RATS

Günay, Berkay

M.S., Department of Bioinformatics

Supervisor: Assist. Prof. Dr. Aybar Can Acar

Co-Supervisor: Assoc. Prof. Dr. Nurcan Tunçbağ

August 2023, 62 pages

Alcohol use disorder (AUD) is a psychiatric disorder related with the inability to
control alcohol use despite its devastating health, social, and economic consequences,
and AUD-associated mortality rate is higher than that of many diseases with high
mortality rates, including diabetes, tuberculosis, and HIV/AIDS. Despite such a high
mortality rate, successful treatments are limited since the complex etiology of AUD is
still not fully understood. Monozygotic twin studies have shown that AUD to be about
50-60% heritable and other studies on twins have found that epigenetic mechanisms
play a role in the etiology of various psychiatric disorders. When studies examined the
association of AUD and DNA methylation, one of the epigenetic mechanisms, they
have shown that this is also the case for AUD. In this study, we investigated excessive
alcohol consumption related DNA methylation alterations in four reward-related brain
regions and blood in male and female wistar rats. Raw data obtained using reduced
representation bisulfite sequencing (RRBS) technique were preprocessed, mapped to
reference genome and differential methylation analysis was performed. We identified
numerous differentially methylated cytosines (DMCs), regions (DMRs), and genes
(DMGs) in each brain region and blood. Subsequent downstream analyses revealed
that excessive alcohol consumption related DNA methylation alterations in wistar rats
are sex-specific and mainly brain region-specific and tissue-specific. We also found
that DNA methylation changes in Zfhx3, Foxn4, Gpr1, Gnas and Cmklr1 genes might
be potential epigenetic biomarkers of AUD.
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ÖZ

WİSTAR SIÇANLARINDA AŞIRI ALKOL TÜKETİM DAVRANIŞINA
BAĞLI BEYİN VE KAN DNA METİLASYON DEĞİŞİKLİKLERİNİN

İNCELENMESİ

Günay, Berkay

Yüksek Lisans, Biyoenformatik Bölümü

Tez Yöneticisi: Dr. Öğr. Üyesi. Aybar Can Acar

Ortak Tez Yöneticisi: Doç. Dr. Nurcan Tunçbağ

Ağustos 2023, 62 sayfa

Alkol kullanım bozukluğu (AKB), sebep olduğu yıkıcı sağlık, sosyal ve ekonomik
sonuçlara rağmen alkol kullanımını kontrol edememe ile ilişkili psikiyatrik bir bo-
zukluktur ve AKB ile ilişkili ölüm oranı, diyabet, tüberküloz ve HIV/AIDS dahil
yüksek ölüm oranına sahip birçok hastalığınkinden daha yüksektir. Bu kadar yük-
sek bir ölüm oranına rağmen, AKB’nin kompleks etiyolojisinin hala tam olarak an-
laşılamaması nedeniyle başarılı tedaviler sınırlıdır. Tek yumurta ikizleri çalışmaları,
AKB’nin yaklaşık %50-60 oranında kalıtsal olduğu göstermiştir ve tek yumurta ikiz-
leri üzerinde yapılan diğer çalışmalarda da epigenetik mekanizmaların çeşitli psiki-
yatrik bozuklukların etiyolojisinde rol oynadığını bulunmuştur. Bu durumun AKB
için de geçerli olduğu, AKB ile epigenetik mekanizmalardan biri olan DNA metilas-
yonu arasındaki ilişkiyi inceleyen çalışmalar tarafından bulunmuştur. Bu çalışmada,
erkek ve dişi wistar sıçanlarında aşırı alkol tüketimine bağlı ödül sistemi ile ilişkili
dört beyin bölgesi ve kan DNA metilasyon değişikliklerini inceledik. İndirgenmiş
gösterim bisülfit dizileme (RRBS) tekniğini kullanılarak elde edilen ham veriler ön
işlemden geçirilip referans genoma hizalandıktan sonra diferansiyel metilasyon ana-
lizi yapılmıştır. Bu analiz sonucunda beyin bölgelerinde ve kanda çok sayıda dife-
ransiyel metillenmiş sitozinler (DMC’ler), bölgeler (DMR’lar) ve genler (DMG’ler)
tespit ettik. Daha sonraki yaptığımız analizler, wistar sıçanlarında aşırı alkol tüketi-
mine bağlı DNA metilasyon değişikliklerinin cinsiyete özgü ve büyük düzeyde beyin
bölgesine ve dokuya özgü olduğunu ortaya çıkarmıştır. Ayrıca Zfhx3, Foxn4, Gpr1,
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Gnas ve Cmklr1 genlerindeki DNA metilasyon değişikliklerinin AKB’nin potansiyel
epigenetik biyobelirteçleri olabileceğini bulduk.

Anahtar Kelimeler: Alkol kullanım bozukluğu, alkol yoksunluğu etkisi, indirgenmiş
gösterim bisülfit dizileme, wistar sıçanları, diferansiyel metilasyon
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CHAPTER 1

INTRODUCTION

Alcohol use disorder (AUD), encompassing alcohol abuse and alcohol dependence,
is a chronically relapsing psychiatric disorder associated with an incapability to stop
or control alcohol consumption regardless of the detrimental social, economic, and
health consequences [1]. In the global status report on alcohol and health published
by the World Health Organization (WHO) in 2018, it was stated that the misuse of
alcohol caused the death of approximately 3 million people (5.3% of all deaths),
including 2.7 million men and 0.7 million women, worldwide in 2016. This al-
cohol consumption-related death toll is higher than those caused by tuberculosis,
HIV/AIDS, and diabetes, and all deaths associated with alcohol consumption were
resulting from injuries (28.7%), digestive diseases (21.3%), cardiovascular diseases
(19%), infectious diseases (12.9%), and cancers (12.6%). In the same report, it was
reported that about 237 million men and 46 million women have AUD [2].

Despite the worldwide mortality and morbidity caused by AUD, the incomplete un-
derstanding of its complex molecular mechanism is the biggest obstacle in providing
successful treatments to patients. Family, adoption, and twin studies have shown
that AUD is approximately 50-60% heritable with no significant differences between
genders in genetic variance [3, 4]. Studies on monozygotic twins discordant for bipo-
lar disorder, schizophrenia, and autism spectrum disorder have provided evidence
that DNA methylation status play an important role in the etiology of these psychi-
atric disorders [5, 6, 7]. Similarly, in a genome-wide DNA methylation study with
peripheral blood DNA from 18 monozygotic twin pairs discordant for AUD, hyper-
methylation of a differentially methylated region (DMR) in the 3′ UTR of the 3′-
protein-phosphatase-1G (PPM1G) gene was found to be significantly associated with
AUD. Also, the same study reported that PPM1G hypermethylation was associated
with alcohol consumption escalation and impulsiveness, both of which are risk fac-
tors for the development of AUD, in adolescents [8]. Therefore, studies on monozy-
gotic twins have shown that, besides genetic background, environmental factors (e.g.,
stress, trauma, and chronic alcohol consumption) and epigenetic mechanisms (his-
tone modifications, noncoding RNA regulations, and DNA methylation) also play an
important role in the etiology of AUD [9].

DNA methylation is the best-studied of the three epigenetic mechanisms in human
studies of AUD. Generally, early studies examining the relationship between DNA
methylation and AUD examined DNA methylation changes in peripheral blood and
saliva due to ease of access. However, the mesolimbic system (or the reward system),
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a dopaminergic pathway in the brain, has the greatest role in the development of
substance addictions, including alcohol addiction, and thus the brain tissue is the
most relevant tissue for AUD. Studies investigating association of DNA methylation
changes with AUD in blood, saliva, and also various brain regions that are part of
the mesolimbic system have revealed that DNA methylation changes in blood and
saliva do not largely reflect those in the brain regions. Therefore, subsequent studies
have generally focused on DNA methylation changes in reward-related brain regions.
Although studies investigating AUD-related DNA methylation changes in a single
brain region are more common, studies investigating DNA methylation changes in
multiple brain regions have found that different alterations occur in different brain
regions. Furthermore, even though mostly subjects in AUD case and control groups
have been matched in studies in terms of confounding variables, such as age, sex, and
comorbidity, studies have generally not separately investigated AUD-related DNA
methylation changes in males and females. However, several studies have shown
that both DNA methylation and gene expression changes are sex-biased. In addition,
DNA methylation studies on AUD have frequently been performed on animals due
to difficulty in accessing human brain tissues and minimize confounding variables.
Lastly, studies have usually focused only on methylation changes in the promoter
region of genes since the effect of methylation changes on in this region on gene
expression is well known, but methylation changes in the gene body and intergenic
regions have also shown to have significant effects on gene expression.

In this thesis, we aimed to determine whether excessive alcohol consumption related
DNA methylation changes are tissue-specific, brain region-specific and sex-specific,
and to identify potential epigenetic biomarkers for AUD. Excessive alcohol consump-
tion behavior was modeled in male and female wistar rats by using alcohol depriva-
tion effect (ADE) phenomenon and tissue samples were obtained from blood and four
different reward-related brain regions, including nucleus accumbens (NAcc), medial
prefrontal cortex (mPFC), caudate and putamen (CPu), and amygdala (Amy). Data
was prepared from genomic DNA isolated from blood and brain tissues using reduced
representation bisulfite sequencing (RRBS) technique. Afterwards, we analyzed the
data following common RRBS data analysis pipeline and performed several down-
stream analyses.

In Chapter 2, we review human and animal studies in the literature investigating the
relationship between DNA methylation and AUD. We also briefly explain the epige-
netic mechanisms regulating expression of genes in this chapter. Moreover, we com-
pare RRBS with other commonly used assays in DNA methylation studies, describe
standard RRBS protocol and common RRBS data analysis pipeline with available
tools for each step.

In Chapter 3, we introduce the experimental data and describe our data analysis
pipeline, including quality control, trimming, mapping, and differential methylation
analysis, with the tools and the parameters used in each step. Also, the downstream
analyses performed to answer the research questions are described in this chapter.

2



In Chapter 4, each data analysis and downstream analysis results are illustrated as
tables and figures. In addition, this chapter describes the results in these tables and
figures.

In Chapter 5, we give a summary of the study, discuss the results we obtained, and
support them with the findings of other studies. Limitations of the study are also
given in this chapter.
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CHAPTER 2

LITERATURE REVIEW

2.1 Alcohol Use Disorder and Human Studies

Studies investigating the relationship between DNA methylation and AUD in the lit-
erature can be categorized under three main headings, including global methylation
studies, candidate gene methylation studies, and epigenome-wide association studies
(EWAS) [1].

Since repetitive elements (e.g., short and long interspersed nuclear elements, or SINEs
and LINEs) cover a large part of the genome and contain the majority of CpG dinu-
cleotides, it is possible to estimate global methylation levels from methylation status
of the repetitive elements [9]. A study with peripheral blood DNA from 90 AUD pa-
tients and 89 controls found elevated plasma homocysteine, involved in transmethy-
lation reactions, levels in AUD patients, a positive correlation between DNA methy-
lation status and homocysteine level, and a 10% increase in methylation at the HpaI-
I/MspI restriction sites (CCGG) in AUD patients compared to controls [10]. A study
investigating the association of alcohol consumption with methylation of Alu, a SINE
containing about one-third of the CpG dinucleotides in the human genome, in periph-
eral blood DNA from 135 AUD patients and 150 controls found that Alu methylation
levels were higher in AUD patients than in controls [11]. Contrary to the previous
study, another study investigating the relationship between alcohol consumption and
methylation of two repetitive elements in human genome (Alu and LINE-1) in periph-
eral blood DNA showed decreased Alu methylation in AUD patients, but increased
LINE-1 methylation [12]. Global methylation studies cannot provide as much infor-
mation as candidate gene methylation studies and EWAS in explaining the etiology of
AUD, since they provide information on DNA methylation status on a genome basis,
not on a gene basis.

Candidate gene methylation studies only examine the changes in the methylation sta-
tus in specific genes, especially in the promoter region, which are suspected to play a
role in the etiology of the disease under investigation. For example, many studies have
proven that dopaminergic neurotransmission plays a critical role in the development
and maintenance of alcohol dependence. As extracellular dopamine concentration is
regulated by dopamine transporters, several studies have examined methylation sta-
tus in the promoter region of the dopamine transporter gene (DAT, or also known
as SLC6A3). In a study of peripheral blood DNA from 76 AUD patients and 35
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controls, it was found that the promoter region of the DAT gene in AUD patients was
significantly hypermethylated and the increase in DAT-promoter methylation was sig-
nificantly negatively correlated with alcohol craving [13]. Similarly, another study of
peripheral blood samples from 38 AUD patients and 17 controls found that the DAT-
promoter was significantly hypermethylated in AUD patients, but unlike the previous
study, the increase in DAT-promoter methylation was positively correlated with alco-
hol craving [14]. However, two other studies investigating the relationship between
DAT-promoter methylation and AUD found no significant changes in DAT-promoter
methylation levels between AUD patients and controls [15, 16].

Similar to candidate gene methylation studies, EWAS provides DNA methylation
status information on a gene basis, but unlike candidate gene methylation studies,
they investigate methylation changes in a large part of the genome instead of fo-
cusing only on specific genes. Therefore, EWAS are valuable in revealing genes
whose methylation changes play a role in the etiology of diseases, but whose effects
on the development and maintenance of diseases have not been discovered yet. A
study investigating the methylation changes at 27578 CpG sites located in the pro-
moter region of 14475 genes in lymphocyte DNA from 63 male AUD patients and 65
controls found that 1710 CpG sites were differentially methylated (1702 hypomethy-
lated and 8 hypermethylated) between AUD patients and controls. Some of these
differentially methylated CpG sites are located in the promoter regions of alcohol
dehydrogenase 1A (ADH1A), alcohol dehydrogenase 7 (ADH7), aldehyde dehydro-
genase 3B2 (ALDH3B2), and cytochrome P450 2A13 (CYP2A13) genes involved in
stress response, immune response, signal transduction, and alcohol metabolism [17].
In addition, in two other studies, some CpG sites in the promoter regions of two dif-
ferent aldehyde dehydrogenase genes (ALDH1A2 and ALDH1L2) was found to be
differentially methylated between AUD patients and controls [18, 19].

Although the brain is the most important organ in the development and maintenance
of AUD, since access to both postmortem and living human brain tissues is diffi-
cult and limited, many human studies, including the studies mentioned so far, have
been performed with peripheral blood and saliva from living AUD patients. However,
DNA methylation status in peripheral blood and saliva may not be consistent with
DNA methylation status in the brain, and even DNA methylation status in different
brain regions may differ significantly. Thus, numerous other studies have investigated
the association of AUD with DNA methylation in various postmortem brain tissues.
In a study examining global DNA promoter methylation in the postmortem frontal
cortex tissues (Brodmann area 9) of 10 AUD patients and 10 controls, it was found
that 618 genes were exclusively methylated only in AUD patients and 908 genes in
controls, although there was no difference in global DNA methylation between two
groups. In addition, the same study found a significant increase in methylation at the
promoter region of H2A clustered histone 20 (HIST2H2AC) gene in AUD patients
[20]. Another study investigating the association between AUD and DNA methyla-
tion in precuneus and putamen brain tissues and buccal cells from 49 AUD patients
and 47 controls found that 244 CpG sites were hypomethylated and 188 CpG sites
hypermethylated in AUD patients, and these methylation changes were significantly
correlated between brain and buccal cell tissues [21].
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Most of the studies in the literature only examine methylation changes in the promoter
region of genes, as it is known that methylation changes in the promoter region have
a direct effect on regulating gene expression. However, methylation changes in inter-
genic and other genic regions also have a role in the regulation of gene expression.
A study, which examined methylation changes at approximately 430,000 CpG sites
in the prefrontal cortex tissue from 16 male and 7 female AUD patients and control
pairs, found that none of these CpG sites were differentially methylated in female
AUD patients, whereas 1812 CpG sites were differentially methylated in male AUD
patients. Of these 1812 differentially methylated CpG sites, 611 CpG sites were lo-
cated in the promoter and 1201 CpG sites were located outside the promoter (644 in
gene bodies, 95 in 3′ UTRs, and 462 in intergenic regions) [22].

2.2 Alcohol Deprivation Effect and Animal Studies

In humans, AUD is mostly comorbid with substance use disorder [23], smoking [24],
and psychiatric disorders, such as major depressive disorder, anxiety disorder [25],
post-traumatic stress disorder [26], bipolar disorders [27], and schizophrenia [28],
since other disorders may cause patients to develop AUD or vice versa. As many
studies have confirmed that these disorders also have effects on DNA methylation,
patients with comorbidities can be excluded from the studies or only controls with
the same comorbidities found in AUD patients can be included in the studies to in-
vestigate AUD-specific DNA methylation changes. However, implementing either of
these two options in studies investigating association of AUD with DNA methylation,
especially in brain tissues, would further reduce the sample size of studies that already
have low sample sizes due to limited access to human brain tissues. Also, studies have
found that DNA methylation status varies significantly depending on how frequent or
intense alcohol use is, so it may not be safe to obtain alcohol use behavior data from
subjects by questionnaire, although this method is used in many studies.

Alternatively, studies can be conducted on animal models to overcome such problems
and validate the findings in human studies, as the experimental conditions can be well
controlled in studies on animal models. Giving animals voluntary access to alcohol
in their cages for a period of time, followed by a shorter period of alcohol depriva-
tion, and then allowing them access to alcohol again result in a temporary increase in
alcohol consumption relative to baseline drinking and this phenomenon called as the
alcohol deprivation effect (ADE). Therefore, ADE phenomenon can be used to induce
relapse-like alcohol drinking behavior in animals as in humans. The robustness and
duration of ADE is affected by access to multiple bottles with different alcohol con-
centrations and the lengths of alcohol access and deprivation periods. For instance,
studies have proven that at least 6-8 weeks of alcohol access followed by at least 2
days alcohol deprivation is required to develop a strong ADE and increase alcohol
consumption by more than 50%. Furthermore, although ADE phenomenon has been
observed in rhesus monkeys, mice, and rats, it is not valid in all animals. For exam-
ple, when alcohol-consuming hamsters were deprived of alcohol and then allowed to
regain access to alcohol, contrary to expectations, a decrease in alcohol consumption,
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i.e., negative ADE, was observed. In addition, a generally longer and more robust
ADE was observed in rats compared to mice, and even significant differences in al-
cohol consumption after deprivation were observed between different strains in both
mice and rats, suggesting that genetic background also has an influence on ADE [29].

The mesolimbic system, also referred to as the reward system, is a dopaminergic
pathway consisting of brain structures involved in the physiological and cognitive
processing of reward. This pathway is characterized dopaminergic neural projections
from the ventral tegmental area (VTA) to other brain structures in the mesolimbic sys-
tem, nucleus accumbens (NAcc, part of the ventral striatum), prefrontal cortex (PFC),
caudate and putamen (CPu, or dorsal striatum), amygdala (Amy), and hippocampus
(Figure 2.1). Substance abuse, including alcohol abuse, disrupts the functioning of
the mesolimbic system, thereby eliciting reward by raising brain dopamine levels,
leading to substance craving that ultimately results in substance dependence [30]. In
addition, studies have shown that dysfunctions in the mesolimbic system can also
cause psychiatric disorders such as MDD [31]. Therefore, studies investigating the
association of AUD with DNA methylation have mostly focused on DNA methylation
changes in these brain regions.

Figure 2.1: The mesocorticolimbic pathway, consisting of the mesolimbic and meso-
cortical pathways in the rat brain. Dopaminergic, GABAergic, and glutamatergic pro-
jections are represented in solid black lines, dashed blue lines, and dotted red lines,
respectively. Also, the brain regions associated with the three phases of the addiction
cycle, binge (or intoxication), withdrawal, and craving are shown in blue, red, and
green, respectively. Abbreviations: VTA, ventral tegmental area; Hipp, hippocam-
pus; PFC, prefrontal cortex; CPu, caudate and putamen; NAc, nucleus accumbens;
AMG, amygdala. Adapted from [32]

Maier et al. measured the mRNA expression levels of glial cell-line derived neu-
rotrophic factor (Gdnf) gene and the methylation levels of its core promoter and neg-
ative regulatory element (NRE), located in its first exon, in NAcc and VTA of rats in
alcohol, withdrawal, and control groups. The measurements for rats in the alcohol
group were performed after a 24-hour drinking session following 7 weeks of alcohol
training, while the measurements for rats in the withdrawal group were performed
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after 24-hour deprivation period following the 24-hour drinking session. They found
that changes in expression of Gdnf gene correlated with DNA methylation changes in
the core promoter region and expression of Gdnf gene was regulated by the methyla-
tion status of the NRE in both alcohol and withdrawal groups. The findings that Gdnf
protein has an important role in both development and survival of dopaminergic neu-
rons and infusion of this protein into VTA results in elevated dopamine levels in NAcc
and reduced alcohol intake suggests that methylation of the core promoter and NRE
of Gdnf gene has a role in AUD development [33]. Similarly, other studies examining
the association of AUD and DNA methylation in PFC [34], CPu [35], and Amy [36]
of rats have revealed many genes whose methylation changes may be involved in the
etiology of AUD.

2.3 Epigenetics and Epigenetic Mechanisms

Epigenetics is the study of heritable and reversible changes in function and expres-
sion of genes without any alteration in DNA sequence. The three known epigenetic
mechanisms are DNA methylation, histone modification, and non-coding RNA regu-
lation, which can be triggered by environmental factors. In addition to regulation of
developmental events, such as X-chromosome inactivation, genomic imprinting, neu-
ral development, and cell differentiation, these epigenetic mechanisms have a critical
role in the etiology of many types of cancer and psychiatric disorders [37, 38]. There-
fore, understanding how these mechanisms work and contribute to the development
of diseases is of great importance in the process of developing potential treatments
for diseases.

2.3.1 DNA Methylation

DNA methylation is the transfer of a methyl group (CH3) from S-adenosylmethionine
(SAM) to the 5th carbon atom of cytosine base (C5), forming 5-methylcytosine (5mC)
and S-adenosylhomocysteine (SAH), under the catalysis of DNA methyltransferases
(DNMTs) and the best-studied epigenetic mechanism [39]. Although cytosine has
5 potential positions for methyl group transfer (N1, N3, N4, C5, and C6), methyla-
tion of positions other than C5 and C6 disrupts base pairing and also C6 methylation
destabilizes structure of DNA by positioning the methyl group close to the backbone
atoms of DNA, causing steric clashes. Therefore, C5-methylation is the only stable
cytosine methylation in DNA, as the methyl group is positioned in the major groove
of DNA when the C5 position is methylated [40]. Despite methylated cytosines are
generally found at CpG dinucleotides (cytosine nucleotide followed by guanine nu-
cleotide) in mammals, cytosines at non-CpG sites (cytosines found in CHG or CHH
context, where H is any nucleotide except C) have also been found to be commonly
methylated in some cell types, like embryonic stem cells, neurons, glial cells, and
oocytes [41]. Approximately 70-80% of the cytosines found in CpG dinucleotides
in the mammalian genome are in 5mC form, i.e., methylated. CpG dinucleotides
are found in clusters throughout the genome and these clusters are called CpG is-
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lands (CGIs). CGIs are characterized by a length between 500-5000 bp, a GC content
greater than 55%, and an observed to expected CG ratio greater than 65% [42]. About
70% of the promoter regions of human genes contain at least one CGI, and CGIs in the
promoter region are generally unmethylated to allow active gene transcription. The
methylation of cytosines in CGIs in the promoter region can inhibit gene transcrip-
tion in three ways. Firstly, the occupation of the major groove of DNA by the methyl
group in 5mCs can prevent transcription factors (TFs) from binding to DNA. Sec-
ondly, methyl-CpG binding protein 2 (MeCP2) with a methyl-CpG binding domain
(MBD) can bind to 5mC and can also form a co-inhibitory complex by binding dif-
ferent repressor proteins to its transcriptional repressor domain (TRD) after binding
to 5mC, thus preventing TFs from binding to DNA. Lastly, enzymes such as histone
methyltransferase (HMT) and histone deacetylase (HDAC) recruited by MeCP2 after
binding to 5mC cause histone modifications that tighten the chromatin structure and
prevent the binding of TFs to DNA [39].

Figure 2.2: The summary of DNA methylation and demethylation processes. Adapted
from [43]

DNMTs that catalyze and maintain DNA methylation are divided into two groups: De
novo methylases and maintenance methylases. DNMT3A and DNMT3B are de novo
methylases that catalyze the reaction of methyl group transfer from SAM to unmethy-
lated cytosines located at CpG sites in DNA. Since this reaction occurs throughout
an individual’s life, they are constantly active and also involved in early embryonic
development and cellular differentiation. Although DNMT3L cannot catalyze the
methylation reaction because it lacks the amino acid residues required for methyl-
transferase activity, it is a cofactor of DNMT3A and DNMT3B and thus increases
the activity of these enzymes. DNMT1 is a maintenance methylase and catalyzes the
reaction of methyl group transfer to unmethylated cytosines located at CpG sites in
hemi-methylated DNA (CpG sites only methylated in one strand of DNA) after DNA

10



replication. This reaction occurs during development and cell division and enables
the transfer of parental DNA methylation patterns to daughter strand, making them
inheritable. DNA methylation is a reversible process and DNA demethylation can
occur either actively or passively. In active DNA demethylation, 5mC is oxidized
to 5-carboxylcytosine (5caC) by ten-eleven translocation (TET) enzymes, including
TET1, TET2, and TET3, and the reaction intermediates are 5-hydroxymethylcytosine
(5hmC) and 5-formylcytosine (5fC). Subsequently, the carboxyl group (or formyl
group) from 5acC (or 5fC) is removed by thymine DNA glycosylase (TDG) coupled
with base excision repair, leaving cytosine unmethylated. In passive DNA demethy-
lation, reduction, or inhibition of DNMT1 activity during DNA replication results
in dilution of 5mC [39, 44]. The summary of DNA methylation and demethylation
process can be seen in Figure 2.2.

2.3.2 Histone Modification

In eukaryotes, the structure in which a 146 bp long DNA fragment is wrapped around
an octamer core formed by two of each of four different histone proteins (H2A, H2B,
H3, and H4) is called the nucleosome, the basic unit of the chromatin. All of these
histone proteins have unstructured N-terminal tails and some modifications, such as
methylation, acetylation, ubiquitination, phosphorylation, and SUMOylation, can oc-
cur in arginine (R), lysine (K), serine (S), and threonine (T) residues in these tails, and
these modifications are reversible. Because of these histone modifications, DNA in
some parts of the chromatin is accessible for transcription (euchromatin), while DNA
in other parts of the chromatin is inaccessible for transcription (heterochromatin),
thus regulating transcription of genes. Heterochromatin regions are generally located
near the centromere and at the ends of chromosomes (telomeres) and rich in repeti-
tive sequences, whereas euchromatin regions contain the majority of the genes in the
genome [38, 42].

Histone acetylation is the transfer of an acetyl group from acetyl-CoA to the posi-
tively charged lysine residues in N-terminal tails of histones under the catalysis of
histone acetyltransferases (HATs). As a result of this reaction, the positive charge
on the lysine residues is removed and the interaction between the negatively charged
DNA and N-terminal tails of histones is reduced, thus DNA becomes accessible to
TFs and activates gene transcription. This is a reversible process and the removal of
acetyl groups from acetylated lysine residues in N-terminal tails of histones under
the catalysis of histone deacetylases (HDACs) is named histone deacetylation. As
a result of this reaction, the positive charge of lysine residues is restored and gene
transcription is repressed [45].

Histone methylation is the transfer of a methyl group from SAM to the positively
charges lysine or arginine residues in N-terminal tails of histones. Lysine methylation
reaction occurs under the catalysis of histone lysine methyltransferases (HKMTs),
while arginine methylation reaction is catalyzed by protein arginine methyltrans-
ferases (PRMTs) [46, 47]. Unlike histone acetylation, transferring a methyl group
to lysine or arginine residues does not remove the positive charge in these residues.
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Thus, whether histone methylation activates or represses gene transcription depends
on the number of methyl groups transferred and the position of the residue. For exam-
ple, H3K4me3 (trimethylation of histone H3 at lysine 4), H3K36me3, and H3K79me3
is associated with activation of gene transcription, while H3K9me3, H3K27me3, and
H4K20me1 is associated with repression of gene transcription [42].

2.3.3 Non-coding RNA Regulation

Non-coding RNAs (ncRNAs) are RNA molecules that are not capable of coding pro-
teins, but are involved in many biological processes within the cell and they are
divided into two as housekeeping ncRNAs (rRNA, tRNA, snRNA, and snoRNA)
and regulatory ncRNAs. Regulatory ncRNAs are further divided into two based on
whether they are shorter or longer than 200 nucleotides: small ncRNAs, e.g., small in-
terfering RNA (siRNA), microRNA (miRNA), and PIWI-interacting RNA (piRNA),
and long ncRNAs (lncRNAs). siRNAs and miRNAs participate in the RNA interfer-
ence (RNAi) pathway to degrade mRNAs and prevent their translation into proteins,
thereby reducing the expression of the genes, a process called post-transcriptional
gene silencing (PTGS). piRNAs form RNA-protein complexes with PIWI proteins
and are involved in maintaining the integrity of the germline genome by silencing
transposons, which are repetitive elements that translocate within the genome. lncR-
NAs are very diverse and they are involved in many important cellular processes,
including cell differentiation, genomic imprinting, X-chromosome inactivation, and
chromatin remodeling [48, 49].

2.4 Reduced Representation Bisulfite Sequencing

The most commonly used assays in genome-wide DNA methylation studies are mi-
croarrays and bisulfite-sequencing. Among DNA methylation microarrays, the most
widely used assays are the Infinium HumanMethylation27 BeadChip (HM27K), In-
finium HumanMethylation450 BeadChip (HM450K), and Infinium MethylationEPIC
BeadChip (HM850K) produced by Illumina. However, even HM850K covers about
850,000 (3%) of the 28 million CpGs in the human genome, while whole genome
bisulfite sequencing (WGBS) covers almost all CpGs and reduced representation
bisulfite sequencing (RRBS) covers about 10-13% of the CpGs in the human genome
[1]. In RRBS, in order to cleave DNA into fragments before sequencing, the re-
striction enzyme MspI, whose recognition site on DNA is CCGG and cuts DNA be-
tween two Cs, is used. Unlike some restriction enzymes such as HpaII, MspI is not
methylation-sensitive, so it can cut both methylated and unmethylated CCGG sites.
Furthermore, this site is commonly found in CGIs and promoters, as the majority of
promoters contain CGIs. Therefore, if DNA fragments between 40-220 bp, the opti-
mal length range for maximum coverage, are used for sequencing, RRBS can cover
almost 80% of the CGIs and 60% of the promoters in the genome. Although WGBS
seems more preferable because it has much higher coverage than RRBS, RRBS is
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more preferred in studies due to the very high cost and input DNA amount for WGBS
[50].

In RRBS, firstly, isolated genomic DNA is digested and fragmented using a restric-
tion enzyme. The number, size, and sequence of DNA fragments differ depending
on which restriction enzyme is used during this process. The most commonly used
restriction enzyme is MspI because its recognition site is common in CGIs and pro-
moters and it works independently of the methylation status of the site it cuts. In order
for adapters with a single thymine overhang at the 3′ ends to ligate to DNA fragments,
the gaps at the 3′ ends of DNA fragments with sticky ends need to be filled in and
an additional adenine needs to be added to the 3′ ends of the DNA fragments. These
end repair and A-tailing processes are performed in a single reaction using Taq DNA
polymerase and dNTPs (only dCTP, dGTP, and dATP are required). Then, methy-
lated adapters are ligated to both ends of the DNA fragments by T4 DNA ligase. In
RRBS, adapters containing 5-methylcytosine (5mC) instead of cytosine (methylated
adapters) are used to avoid changes in adapter sequences after bisulfite conversion.
After adapter ligation, DNA fragments of different sizes are separated from each other
using gel electrophoresis and the portions of the gel containing the DNA fragments
in the desired size range are excised. Following size selection, bisulfite conversion
of the DNA fragments is performed. By bisulfite conversion, cytosines without a
methyl group are deaminated to uracil, while methylated cytosines remain uncon-
verted. Then, the bisulfite-converted DNA fragments are amplified by PCR, which
also converts uracil to thymine, and amplified DNA fragments are purified using ei-
ther kits or gel electrophoresis. Lastly, the prepared RRBS libraries are sequenced
[51].

2.5 RRBS Data Analysis

2.5.1 Quality Control

The first step of RRBS data analysis is usually quality control, which serves to un-
cover potential problems in the data could be caused by experimental and sequencing
errors, such as failed bisulfite conversion or any contamination. The most widely
used tool to perform quality control is FastQC [52]. FastQC requires FASTQ, BAM,
or SAM files as input and its output report in html format consists of 11 modules,
including basic statistics of data, sequence quality per base, sequence quality per tile,
quality scores per sequence, sequence content per base, GC content per sequence, N
content per base, sequence length distribution, sequence duplication levels, overrep-
resented sequences, and adapter content. For RRBS data, warnings in the sequence
content per base and GC content per sequence modules can be ignored, since all
unmethylated cytosines are converted to thymines by bisulfite conversion and subse-
quent PCR amplification, resulting in low cytosine and high thymine contents in the
sequences.
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2.5.2 Quality and Adapter Trimming

Before mapping the sequencing reads to the reference genome, it is necessary to
eliminate some potential problems affecting the mapping efficiency that may appear
in the FASTQC report. Firstly, the read length is the length of the sequenced DNA
fragment, which can be shorter or longer than the length of the DNA fragment be-
tween the two MspI sites. The longer read length causes the adapter sequence at the
3′ end of the DNA fragments to be included in the reads during sequencing, and this
adapter contamination causes reads to fail to map or mis-mapped to the reference
genome. Secondly, accumulation of sequencing errors leads to reduced base quality
scores towards the 3′ end of the reads and, as in the case of adapter contamination, re-
sults in reads not mapping or mapping incorrectly to the reference genome. The base
quality score represents the estimated probability of an error in the base calling during
sequencing (P) and Phred quality score (Q) is often used. The base quality score can
be calculated using the formula Q = -10logP and it is recommended that each base in
reads has a quality score greater than Q20 (99% accuracy, or 1 error in every 100 base
calls) or Q30 (99.9% accuracy, or 1 error in every 1000 base calls) for a high mapping
efficiency. Thirdly, specific to RRBS, if the read length is longer than the DNA frag-
ments, methylated/unmethylated cytosines at positions filled in during end repair is
also included in the reads, resulting in a biased estimation of DNA methylation at the
read ends [53]. To eliminate these problems, reads are required to be trimmed and the
most commonly used tools for trimming are Cutadapt [54], Trimmomatic [55], and
Trim Galore [56], a wrapper tool around FASTQC and Cutadapt. However, Trim Ga-
lore, which has “rrbs” and “non_directional” options to trim cytosine positions filled
in during end repair, stands out in RRBS data analysis compared to other tools. Also,
since quality and adapter trimming shorten reads and too short reads can cause the
alignment tools to crash, so trimming tools usually have an option to remove short
reads from data.

2.5.3 Mapping Reads to Reference Genome and Methylation Calling

Using standard alignment tools to map bisulfite sequencing data to the genome of
interest results in low mapping efficiency, since bisulfite conversion followed by PCR
amplification converts unmethylated cytosines in the reads to thymines, resulting in
inconsistencies between the reads and the genome. Therefore, tools that prepare the
reference genome before bisulfite mapping have been developed and these tools are
divided into two according to the algorithm they use: three-letter aligners and wild-
card aligners. Two of the commonly used three-letter aligners are Bismark [57] and
BS Seeker2 [58], which convert all cytosines (Cs) in the forward strand of the refer-
ence genome to thymines (Ts), and all guanines (Gs) in the reverse strand to adenines
(As), leaving only “three-letters” in both strand of the reference genome (A, G, and
T in the forward strand, while A, C, and T in the reverse strand). After the same con-
versions are performed for the reads, the reads are mapped to the converted reference
genome using the standard aligner Bowtie 2 [59] in both tools. On the other hand, two
of the commonly used wildcard aligners are BSMAP [60] and GSNAP [61], which
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convert all cytosines (Cs) in the reference genome to the wildcard letter Y, matching
both cytosines (Cs) and thymines (Ts) in the reads [62]. In addition, most alignment
tools also perform methylation calls in parallel with the mapping, thus revealing in-
formation such as read coverage and methylation status in reads for each cytosine
in the reads, and this information about cytosines is written to different output files
depending on their context (CpG, CHG, and CHH).

2.5.4 Differential Methylation Analysis

After obtaining the methylation status information of cytosines in CpG context in the
reads, the next step is differential methylation analysis to find differentially methy-
lated cytosines (DMCs) and differentially methylated regions (DMRs) by comparing
CpG site methylation levels across different phenotypes and applying statistical tests.
There are many tools available for differential methylation analysis using different
statistical methods and all have their advantages and disadvantages. Statistical meth-
ods used by the tools can be divided into two groups according to the type of data
they use: ratio data-based methods and count data-based methods.

Some of the ratio data-based statistical methods are t-test, ANOVA, nonparametric
test (e.g., Mann-Whitney U test), and beta regression and methylation ratio data of
CpG sites are used when applying these methods for differential methylation analysis.
The methylation ratio for a CpG site can be found by dividing the number of reads in
which the CpG site is methylated by the number of reads in which the CpG site is cov-
ered. For example, BSmooth [63] uses t-test to find DMCs and DMRs and estimates
methylation levels at other CpG sites neighboring a CpG site with known methylation
levels using a smoothing-based approach (assuming that CpG site methylation levels
differ smoothly across genome), so considers spatial correlation of methylation lev-
els of CpG sites. However, this approach prevents the capture of sharp methylation
changes in regions of low CpG density. Also, as an advantage, BSmooth consid-
ers biological variations among replicates. Although BSmooth reduces the required
sequencing depth (coverage of each CpG site in reads) due to smoothing, it does
not consider sequencing depth due to the use of ratio data, which may lead to more
inconsistent differential methylation estimations on CpG sites with low coverage in
reads.

On the other hand, some of the count data-based statistical methods are test of inde-
pendence (chi-square test and Fisher’s exact test), logistic regression, beta-binomial
model, and hidden Markov model and counts of methylated and unmethylated cy-
tosines at each CpG site in the reads are used when applying these methods for differ-
ential methylation analysis, so these methods consider sequencing depth. For exam-
ple, methylKit [64] uses logistic regression in the presence of replicates, while it uses
Fisher’s exact test in the absence of the replicates. Logistic regression assumes that
the response variable has a binomial distribution, but methylation data has more vari-
ability than predicted by the binomial distribution due to biological variations among
replicates. Therefore, biological variability among replicates is ignored if no overdis-
persion correction is applied when using logistic regression. Furthermore, methylKit
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does not consider spatial correlation among CpG sites, but it can involve additional
covariates into the model. As another example, in DSS [65], the biological and sam-
pling variabilities are captured by the beta distribution and binomial distribution, re-
spectively. In addition, the dispersion parameter, estimated by Bayesian hierarchical
model, captures variation of a CpG site’s methylation proportion with respect to the
group mean and differentially methylated CpG sites are identified using the Wald test.
DSS also performs well when the replicate size is small, since the dispersion param-
eter is estimated using the shrinkage method. In addition, spatial correlation among
CpG sites can optionally be taken into account by using the smoothing option of DSS
[62, 66].
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CHAPTER 3

MATERIALS AND METHODS

RRBS experimental design and data analysis pipeline are summarized in Figure 3.1.

Figure 3.1: Summary of the RRBS experimental design and data analysis pipeline.

3.1 Data

Animal care and all experimental procedures were performed by Narmin Musayeva
under the supervision of Assist. Prof. Dr. Ferah Yıldırım at Charité – Univer-
sitätsmedizin Berlin. To induce relapse-like alcohol drinking behavior, known as
ADE, in male and female wistar rats, the rats were given voluntary access to 5, 10
and 20% ethanol and water in their cages for 8 weeks, while controls were given
access to only water in this period. The rats were then deprived of ethanol access
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for 2 weeks. This process was performed once rather than repeated many times in
cycles. Afterwards, samples from four brain regions, including NAcc, mPFC, Amy,
and CPu, and blood were obtained from 9 male and 9 female (6 alcohol-drinking rats
(ADR) and 3 water-drinking rats (controls)) wistar rats. RRBS library preparation
from genomic DNA isolated from brain and blood samples was performed using the
Zymo-Seq RRBS Library Kit according to the manufacturer’s recommendation. The
prepared RRBS libraries were sequenced by Novaseq 6000 SP module in the core
sequencing facility of Max Delbrück Center (MDC). For technical reasons, libraries
could not be prepared for CPu samples from 4 male animals (3 ADR and 1 control),
and blood samples from 2 female animals (2 ADR).

3.2 Data Analysis

3.2.1 Quality Control and Trimming

Quality control of each sequencing file (FASTQ file) from the brain and blood li-
braries was performed using FASTQC. Since the FASTQC reports indicated that the
reads contained adapters and poor quality at some base positions in the reads, it was
decided to perform quality and adapter trimming on the reads. Among the avail-
able read trimming tools, Trim Galore v0.6.6 [56] was used, as it has some RRBS-
specific options. The “quality 20” parameter was used to trim bases with a Phred
quality score (Q) lower than 20 from the 3′ ends of the reads. Since Illumina TruSeq
adapters were used during the preparation of RRBS libraries, the adapter sequence to
be trimmed was specified manually using the “illumina” parameter instead of auto-
detection. Also, the parameter “stringency 1” was used to control the stringency of
the adapter trimming. This means that if a single base pair overlap is detected at the
3′ end of a read with the specified adapter sequence, that read is considered to contain
the adapter and trimming is performed. The positions filled in during end repair at the
3′ ends of the reads were trimmed using the “rrbs” parameter. In addition, since our
RRBS libraries are non-directional, the same process was performed at the start of the
reads originating from complementary to original top and bottom strands (CTOT and
CTOB) using the “non_directional” parameter. Lastly, “length 20” parameter was
used to remove reads from the data that became shorter than 20 bp.

3.2.2 Mapping and Methylation Calling

Bismark v0.22.3 [57] was used for mapping the trimmed reads to the reference genome.
Firstly, bisulfite conversion of the reference genome (Rnor_6.0 assembly) down-
loaded from Ensembl was performed by running the “bismark_genome_preparation”
command to prepare the genome for bisulfite mapping. Secondly, the trimmed reads
were mapped to the bisulfite converted reference genome and methylation calls were
made simultaneously by running the “bismark” command in non-directional mode
with default parameter values, but only one exception. The default value of the param-
eter “score_min” in the current Bismark version (L,0,-0.2), determining the minimum
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alignment score function (f(x) = 0 – 0.2 * read length), has been replaced by L,0,-0.6,
the default value in Bowtie 2 and older Bismark versions. The Bismark deduplication
step, which removes reads mapped to the same part of the genome from mapping out-
puts, was skipped because for RRBS and other target enrichment type libraries this
situation is desirable for more coverage. Lastly, the “bismark_methylation_extractor”
command was run to extract methylation calls from the mapping output files (BAM
files).

3.2.3 Differential Methylation Analysis

DSS (Dispersion Shrinkage for Sequencing Data) v2.38.0 [65] was used to identify
DMCs and DMRs. Among the many output files generated by running the “bis-
mark_methylation_extractor” command, coverage files, containing read coverage and
methylation status information for each analyzed cytosine in CpG context, are suit-
able for the preparation of input files for DSS. Therefore, the coverage files were pre-
processed into DSS input format. In addition, while preprocessing the files, data for
unrecognized chromosomes and mitochondrial DNA were discarded, i.e., only data
for recognized chromosomes, including chr1-20, chrX, and chrY, were kept. Differ-
ential methylation analysis of data from different brain regions and blood, as well as
from different sex, was performed independently.

Firstly, the data frames, created by reading the preprocessed coverage files from both
ADR and controls in tabular format in R, were merged to create a BSseq class object
using the “makeBSseqData” function of DSS. Secondly, the data in the BSseq object
of the ADR and control groups were labeled and statistical tests were performed at
each CpG site under the null hypothesis that the group means are equal using the
“DMLtest” function with the arguments “equal.disp = FALSE” and “smoothing =
FALSE”. Since the dispersion in two groups were not equal and smoothing cannot
significantly improve the estimations in sparse data such as RRBS data, both argu-
ments were set to FALSE. With the test results, DMCs were identified by using the
callDML function with the arguments “delta = 0.1” and “p.threshold = 0.05”. With
these argument values, the callDML function computes the posterior probability that
the difference of the mean methylation levels of the groups is greater than 0.1 (10%)
at each CpG site and if the posterior probability for a CpG site is greater than 0.95 (1-
p.threshold), it is considered as DMC. In addition, an additional FDR filtering (FDR
< 0.05) was applied on outputs to identify FDR-significant DMCs. Similarly, DMRs
were identified by using the callDMR function with the arguments “delta = 0.1” and
“p.threshold = 0.05”. In addition, some requirements were placed on identification
of DMRs using arguments “minlen = 50” (the minimum length for DMR), “minCG
= 3” (the minimum number of CpG sites in DMR), “dis.merge = 50” (the minimum
distance between two DMRs), and “pct.sig = 0.5” (the minimum percentage of CpG
sites with significant p-values in DMR). Unlike DMCs, as DSS does not report FDR
values for DMRs, the FDR value of the most significant CpG site in a DMR was
assigned as the FDR value of that DMR.
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3.2.4 Gene Annotation

DMCs and DMRs were annotated using ChIPseeker v1.26.2 [67] to identify differ-
entially methylated genes (DMGs). The output files from DSS were read in R using
“readPeakFile” function. Then, by using additional annotation packages org.Rn.eg.db
v3.12.0 and TxDb.Rnorvegicus.UCSC.rn6.refGene v3.4.6 and “annotatePeak” func-
tion of ChIPseeker, DMCs and DMRs were annotated. Transcription start site (TSS)
region, or promoter region, is defined from -2kb to 2kb. Furthermore, since TxDb
annotation package does not have records for predicted model protein-coding tran-
scripts, a DMR actually located on a predicted gene may be annotated to distal inter-
genic region. Using Biomart v104, these DMRs were detected and their annotations
in the output files were edited. DMC annotation results for each dataset were visual-
ized using “plotAnnoPie” function of ChIPseeker. Manhattan plots for visualization
of DMR annotation results for each dataset were created by using the R package
qqman v0.1.8 [68].

3.3 Gene Ontology Enrichment Analysis

To create a background list to be used in gene ontology (GO) enrichment analysis,
gene annotation of each cytosine in the DMLtest function outputs (which are used to
call DMCs and DMRs) of all datasets was performed and all unique genes (17015
genes in total) were merged. By providing target (DMGs in each dataset) and back-
ground lists, GO enrichment analyses were performed using GOrilla [69]. Then,
frequency of each significant (FDR < 0.05) GO biological process term across all
datasets were determined and GO biological process terms appeared in at least three
datasets were represented on a bar plot.

3.4 Comparison of DNA Methylation Changes Across Brain Regions and Blood

To identify common DMGs between brain regions and blood without accounting
the effect of sex difference, significant (FDR < 0.05) DMGs from male and female
datasets of four different brain regions were merged among themselves, and male and
female blood datasets were also merged among themselves. Then, the two merged
groups were compared to identify common DMGs and the results were visualized
using venn2 function of the Python library matplotlib-venn v0.11.6 [70].

To identify the most frequently found significant (FDR < 0.05) DMGs in brain and
blood datasets, it was determined how many datasets each DMG was present in total.
Afterwards, DMGs appeared in at least three datasets were presented on heatmap
created using clustermap function of Python library seaborn v0.10.1 [71].

To compare DNA methylation changes at cytosine level for each brain and blood
dataset in males and females, the cytosines within DMRs in male and female datasets
were merged. Then, the cytosines with significant (p < 0.05) methylation changes in
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at least male or female dataset were filtered. The methylation changes of cytosines in
males and females were visualized separately for each brain and blood dataset using
the clustermap function.

To find overlap of DMGs across datasets, an intersection matrix containing the num-
ber of overlapping DMGs for each pairwise comparison in each cell was prepared.
In addition, another similar intersection matrix containing the number of overlap-
ping FDR-significant DMGs for each pairwise comparison in each cell was prepared.
Then, the intersection matrices were melted and visualized by using R packages re-
shape2 v1.4.4 [72] and ggplot2 v3.3.5 [73], respectively.

3.5 Correlation Analyses

To investigate the correlation of DNA methylation changes of DMCs across all datasets,
an intersection matrix containing the number of overlapping DMCs for each pairwise
comparison in each cell was prepared. In addition, two other correlation matrices,
one containing Pearson correlation coefficient and the other containing p-value for
each pairwise comparison, were prepared using corr function of Python library Pan-
das v1.0.5 [74]. Afterwards, the matrices were melted and visualized by using R
packages reshape2 v1.4.4 and ggplot2 v3.3.5, respectively.

To investigate the correlation of DNA methylation levels with alcohol consumption
amount, firstly, the methylation levels of each cytosine, calculated by dividing count
methylated in the reads to total coverage in the reads, in each DMR were determined
from Bismark coverage files for each animal in ADR and control groups. Secondly,
cytosines not covered in all animals were removed from the data, and also only methy-
lation levels of cytosines in ADR were kept in the data for the next step. Thirdly, for
each cytosine, it was checked whether the methylation levels in the animals corre-
lated with the amount of alcohol consumption of the animals using the stats.pearsonr
function of Python library SciPy v1.5.0 [75]. Lastly, the cytosines whose methy-
lation levels were significantly correlated (correlation p-value < 0.05) with alcohol
consumption amount were annotated using ChIPseeker. These steps were repeated
for each dataset.

3.6 Comparison of Findings with Human Studies

Three gene lists were created from the findings of three selected studies investigating
DNA methylation changes in AUD patients, including Longley et al., 2021 [1], Lohoff
et al., 2022 [76], and Zillich et al., 2022 [77]. Since the orthologs of some human
genes in rats can be named differently, Biomart v104 was used to identify such genes
in the gene lists and the gene lists were updated with the results. Then, overlapping
DMGs in each dataset were found by comparing each gene list with significant (FDR
< 0.05) DMGs in our study. For each dataset, the DMGs overlapping with one of the
gene lists created from the findings of three studies were merged and the results were
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visualized using R package plotrix v3.8.2 [78]. Afterwards, the overlapping DMGs in
all datasets were merged and GO enrichment analysis were performed using GOrilla.
Significant (FDR < 0.05) GO biological process terms were represented on a bar
plot.
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CHAPTER 4

RESULTS

4.1 Data Analysis

The number of raw reads in each RRBS library prepared by sequencing genomic
DNA obtained from four different brain regions, including NAcc, mPFC, Amy, and
CPu, and blood samples from 18 wistar rats using the RRBS method is given in Table
4.1. We performed quality control of the RRBS libraries using FASTQC and decided
to perform trimming using Trim Galore before mapping as FASTQC reports showed
high adapter content and a decrease in quality at some base positions in the reads.
During quality trimming, bases with low quality scores were trimmed from ends of
the reads and this was only performed in less than 10% of the reads in most libraries,
as can be seen in Table A.1. However, since more than about 80% of the reads had
adapter sequences, adapter trimming was performed on almost all of the reads in
the libraries (see Table 4.1). Since DNA fragments have positions filled in during
end repair process located just before an adapter sequence, all reads containing an
adapter sequence therefore also contained these positions, and these positions were
removed from the reads during adapter trimming (see Table A.2). Lastly, the reads
that became too short after these trimming operations (about 5-10% of all reads) were
removed from the libraries (see Table A.3).

Table 4.1: The numbers of total raw reads and raw reads containing adapter sequence
in each RRBS library.

Animal
ID

Raw Reads Reads with Adapters

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 80625442 38624480 66345635 43875418 31993710 68150413
(84.5%)

32256238
(83.5%)

58354229
(88.0%)

32048522
(73.0%)

22689588
(70.9%)

60 (M, ADR) 11629824 38870194 41323912 - 51362495 9869004
(84.9%)

30529283
(78.5%)

32373955
(78.3%)

- 42056379
(81.9%)

61 (M, ADR) 49585945 35965558 40154227 - 65440670 34840155
(70.3%)

29439155
(81.9%)

31881669
(79.4%)

- 43795106
(66.9%)

66 (M, Control) 93449199 38671269 31990738 - 81533328 73592834
(78.8%)

29998890
(77.6%)

22652384
(70.8%)

- 60219862
(73.9%)

68 (M, Control) 40052902 41806512 42332849 56307349 32995371 33314408
(83.2%)

33590746
(80.3%)

34277010
(81.0%)

43246937
(76.8%)

25967065
(78.7%)

Continued on next page
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Table 4.1: The numbers of total raw reads and raw reads containing adapter sequence
in each RRBS library. (Continued)

70 (M, Control) 39393484 50356697 32909941 37725723 21053906 32281839
(81.9%)

41164910
(81.7%)

23168312
(70.4%)

26927508
(71.4%)

18610107
(88.4%)

71 (M, ADR) 22754799 38758888 36831490 47880311 54809011 19977001
(87.8%)

29886466
(77.1%)

27858476
(75.6%)

40561868
(84.7%)

46451140
(84.8%)

74 (M, ADR) 57924987 38162949 33334176 - 29162973 49453964
(85.4%)

31284851
(82.0%)

24280077
(72.8%)

- 21475633
(73.6%)

75 (M, ADR) 30444959 26883211 29364668 32699044 43991966 26513976
(87.1%)

21937932
(81.6%)

21876310
(74.5%)

25416751
(77.7%)

33099441
(75.2%)

77 (F, ADR) 32655911 29473410 65510706 39937896 73703175 28692453
(87.9%)

25197699
(85.5%)

55471465
(84.7%)

31789265
(79.6%)

55099140
(74.8%)

78 (F, ADR) 65710064 54960040 29030049 34704309 - 55046559
(83.8%)

44936624
(81.8%)

22524065
(77.6%)

26160392
(75.4%)

-

79 (F, ADR) 31936112 74922463 41564603 44442284 33977234 26354458
(82.5%)

64751041
(86.4%)

32968961
(79.3%)

34088818
(76.7%)

28308214
(83.3%)

81 (F, ADR) 47553030 33517264 46720250 17612867 31421945 40852688
(85.9%)

26851303
(80.1%)

40639198
(87.0%)

15201088
(86.3%)

25226066
(80.3%)

82 (F, ADR) 50675327 39193015 48519324 67228610 - 43186205
(85.2%)

31978436
(81.6%)

35364389
(72.9%)

59224177
(88.1%)

-

84 (F, Control) 37106278 43705659 51738457 32143435 52610683 31046454
(83.7%)

37441474
(85.7%)

38809942
(75.0%)

24476233
(76.1%)

40539270
(77.1%)

86 (F, Control) 85703685 22148356 69650741 41656190 39472641 70211612
(81.9%)

18374634
(83.0%)

51249283
(73.6%)

30461329
(73.1%)

33883834
(85.8%)

88 (F, Control) 58679148 68747981 42131629 43667961 51432492 48367900
(82.4%)

59986074
(87.3%)

31719932
(75.3%)

37474251
(85.8%)

34758867
(67.6%)

92 (F, ADR) 33552593 35652104 50960546 25732620 43448032 27675859
(82.5%)

30003588
(84.2%)

38758668
(76.1%)

18752305
(72.9%)

25605029
(58.9%)

Afterwards, we mapped the remaining trimmed reads in RRBS libraries to the ref-
erence genome using Bismark. Although the mapping efficiency, calculated by di-
viding the number of uniquely mapped reads to the number of analyzed reads, was
high (around 60-70%) for most of the libraries, we obtained low mapping efficiencies
(around 30-50%) especially for blood libraries (see Table 4.2). Most of the remain-
ing reads in the libraries were mapped to more than one site in the reference genome
(multi-mapped reads), while a smaller proportion were not mapped to the reference
genome (unmapped reads) (See Table A.4).

Table 4.2: The numbers of analyzed reads and uniquely mapped reads with mapping
efficiency in each RRBS library.

Animal
ID

Analyzed Reads Uniquely Mapped Reads (Mapping Efficiency %)

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 66615183 36364787 55745239 37449857 26792673 41462410
(62.2%)

22440702
(61.7%)

27861553
(50.0%)

25502530
(68.1%)

18719206
(69.9%)

60 (M, ADR) 10761718 37566419 37140978 - 44222256 6406733
(59.5%)

24866215
(66.2%)

24057934
(64.8%)

- 23049342
(52.1%)

Continued on next page
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Table 4.2: The numbers of analyzed reads and uniquely mapped reads with mapping
efficiency in each RRBS library. (Continued)

61 (M, ADR) 48142999 33974346 37433205 - 55702587 33874114
(70.4%)

21591203
(63.6%)

24349748
(65.0%)

- 31066386
(55.8%)

66 (M, Control) 84975289 37956829 30367550 - 64878859 56642925
(66.7%)

25639256
(67.5%)

21317817
(70.2%)

- 29044535
(44.8%)

68 (M, Control) 37223527 40167849 33913206 49692516 30690571 20419459
(54.9%)

26227960
(65.3%)

22112917
(65.2%)

33656159
(67.7%)

18980732
(61.8%)

70 (M, Control) 36610148 47243575 30380972 31247812 20022500 22814275
(62.3%)

30098296
(63.7%)

21259277
(70.0%)

22176213
(71.0%)

9050397
(45.2%)

71 (M, ADR) 21918467 37837300 35667612 25197547 38475431 12892268
(58.8%)

25559772
(67.6%)

23264206
(65.2%)

10168876
(40.4%)

23828674
(61.9%)

74 (M, ADR) 52718656 36590879 31721217 - 24431622 31633113
(60.0%)

23046523
(63.0%)

21749473
(68.6%)

- 16204789
(66.3%)

75 (M, ADR) 28792055 25634086 28831645 23170302 36873599 17226438
(59.8%)

16235765
(63.3%)

19594588
(68.0%)

15928017
(68.7%)

24260563
(65.8%)

77 (F, ADR) 30861730 23519474 52534506 35563059 64841302 17991888
(58.3%)

14678729
(62.4%)

33500070
(63.8%)

21198248
(59.6%)

33803399
(52.1%)

78 (F, ADR) 62741324 47933558 26683658 28381589 - 39100638
(62.3%)

31055908
(64.8%)

17799939
(66.7%)

19162499
(67.5%)

-

79 (F, ADR) 31069077 65355349 35034926 43495792 33428315 19826874
(63.8%)

39286590
(60.1%)

23041023
(65.8%)

27416320
(63.0%)

16860378
(50.4%)

81 (F, ADR) 44681297 31391509 42027332 17158687 30729969 26911123
(60.2%)

20110097
(64.1%)

24537233
(58.4%)

10433754
(60.8%)

13821464
(45.0%)

82 (F, ADR) 47894495 35832928 46100452 63552518 - 29540003
(61.7%)

22404119
(62.5%)

28704503
(62.3%)

37736143
(59.4)

-

84 (F, Control) 33587120 37220789 50722379 31238626 48367411 21025388
(62.6%)

23407565
(62.9%)

34446945
(67.9%)

20785374
(66.5%)

14795146
(30.6%)

86 (F, Control) 80913186 20404222 68473298 40460069 38553592 44622606
(55.1%)

12615149
(61.8%)

46535722
(68.0%)

27565658
(68.1%)

15734312
(40.8%)

88 (F, Control) 55429262 51006795 41100169 42355593 48677124 35016881
(63.2%)

30700320
(60.2%)

27800857
(67.6%)

25555169
(60.3%)

34641232
(71.2%)

92 (F, ADR) 31938783 32158838 48994854 22200726 42102693 20292820
(63.5%)

19456338
(60.5%)

25772990
(52.6%)

15517126
(69.9%)

29707691
(70.6%)

In addition, Bismark performs methylation calls in parallel with mapping and writes
the information for each analyzed cytosine to the mapping output file. Then, using
another Bismark command, we extracted this information from the mapping output
files for each library. Thus, the genomic position and methylation status of each
cytosine was written to different output files depending on its context (CpG, CHG,
or CHH) and which strand (OT, OB, CTOT, or CTOB) the read containing it was
sequenced from. The total number of analyzed cytosines and the total number of
methylated cytosines in CpG context are given in Table 4.3. The methylation ratio of
cytosines in the CpG context did not vary much between libraries, with an average
around 30%.
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Table 4.3: The total number of analyzed cytosines and the total number of methylated cy-
tosines in CpG context with methylation ratio.

Animal
ID

Total Number of Analyzed Cs Total Methylated Cs in CpG Context

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 827385448 444430026 525288369 563629756 431055992 41058314
(29.8%)

19629372
(25.6%)

26130837
(27.0%)

22923367
(27.5%)

19739386
(30.5%)

60 (M, ADR) 123227530 516294853 505848098 - 467318413 6229910
(30.1%)

24158091
(28.9%)

23603493
(29.9%)

- 22274431
(29.7%)

61 (M, ADR) 753207344 433016783 506359992 - 716769655 37262751
(33.0%)

20396776
(29.0%)

22899346
(27.4%)

- 34816432
(37.3%)

66 (M, Control) 1189320354 537945234 473036361 - 645627932 60683985
(31.6%)

24126962
(27.3%)

22789641
(32.8%)

- 32245699
(31.4%)

68 (M, Control) 399012630 537670044 466030259 726437297 396006566 20192991
(30.0%)

24937659
(28.1%)

21916844
(29.7%)

33809465
(29.8%)

19457847
(30.1%)

70 (M, Control) 455065444 600792583 476272373 503811796 154978274 22971261
(31.4%)

28099229
(28.7%)

22790931
(33.1%)

20821114
(28.5%)

8641570
(34.1%)

71 (M, ADR) 238665117 538820385 494521658 215054727 496313437 10807273
(23.7%)

24351442
(28.0%)

24391595
(31.4%)

10701938
(32.1%)

23652875
(27.8%)

74 (M, ADR) 614371695 458208879 474668974 - 363625603 29576411
(28.3%)

21495482
(28.8%)

22269604
(31.3%)

- 18055119
(32.5%)

75 (M, ADR) 323877051 325264154 420019861 349686277 527726381 15954509
(27.3%)

14589644
(27.1%)

20523616
(31.2%)

17366057
(33.6%)

24664096
(29.2%)

77 (F, ADR) 335649444 287822328 685290868 441669782 725770058 15735759
(25.6%)

15111805
(33.4%)

31381502
(26.8%)

21532577
(30.0%)

41209914
(35.5%)

78 (F, ADR) 762001668 629841305 383125068 426078789 - 37727354
(29.4%)

31530042
(31.9%)

16685832
(26.7%)

20537631
(31.1%)

-

79 (F, ADR) 391123063 753621579 494005969 574763320 315791195 16567613
(23.8%)

38595629
(30.6%)

22506018
(28.7%)

28088855
(29.9%)

18822957
(39.3%)

81 (F, ADR) 512186559 413612433 463271826 198775119 260980251 25806300
(29.9%)

19190408
(27.9%)

22590110
(28.6%)

9456504
(25.6%)

13507982
(34.3%)

82 (F, ADR) 569114949 453801100 625408342 699105909 - 27529587
(28.0%)

20503295
(26.9%)

29265746
(30.9%)

31543958
(23.8%)

-

84 (F, Control) 416060321 459786644 732941973 439763792 287486112 20716461
(30.3%)

19719681
(23.2%)

33663036
(28.6%)

20515748
(28.9%)

17254829
(35.2%)

86 (F, Control) 882291700 250567316 1001793246 600715694 267416662 44756626
(30.1%)

11166544
(26.2%)

48970317
(31.2%)

29487700
(31.3%)

13499984
(35.5%)

88 (F, Control) 695268052 600638870 594818535 492473499 788963013 34114986
(29.6%)

28409135
(27.5%)

27834073
(29.5%)

19714413
(19.7%)

38044131
(33.1%)

92 (F, ADR) 401998625 379832555 542202627 348969475 690495006 20085603
(29.8%)

17468022
(27.2%)

27065649
(30.3%)

17771274
(34.2%)

34183623
(40.2%)

Next, we performed differential methylation analysis with Bismark coverage output
files, containing read coverage and methylation status information for each analyzed
cytosine in CpG context, using DSS. Data from the output files for libraries created
from the same brain region or blood of same-sex animals were combined and 10
different datasets, including male/female NAcc, mPFC, Amy, CPu, and blood, were
created. Statistical tests were then performed on the methylation data of an average of
4.4 million cytosine positions in ADR and control animals for each dataset (see Table
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4.4). We detected DMCs in the test results using a 10% threshold for difference in
methylation levels between ADR and control groups and a p-value threshold of 0.05,
and additionally filtered the DMCs to find FDR-significant (FDR < 0.05) DMCs. We
annotated these FDR-significant DMCs to find out in which genomic features they
are located using ChIPseeker. In all datasets, we found that approximately 5-10% of
the DMCs were located in the promoter regions of genes, while the majority (about
55-60%) were located in intergenic regions, and the remaining DMCs were located
in other genomic features, including exon, intron, 5′ UTR, and 3′ UTR (see Figure
4.1). Afterwards, DMRs were identified by combining CpG sites that are spatially
close to each other and fulfil the restrictions we set, e.g., minimum region length,
minimum CpG site content, and minimum DMC content. In order to identify DMGs,
we annotated DMRs using ChIPseeker. After annotation, we additionally filtered the
DMGs to find FDR-significant (FDR < 0.05) DMGs. For each dataset, the numbers
of tested cytosines, DMCs, DMRs, and DMGs are given in Table 4.4 and described
below. In addition, Manhattan plots in Figure 4.2, shows chromosomal location and
-log(fdr) value of each tested cytosine positions in each dataset. The 10 most signif-
icant DMGs in each dataset were labeled on the plots and the cytosines annotated to
them were highlighted in green. Also, DMGs common within and between brain and
blood datasets were added to the plots and highlighted in pink and red, respectively.
DMGs common both within and between brain and blood datasets were indicated
by an * next to label. For visualization purposes, an upper limit of 10 were used
on -log(fdr) values. Furthermore, information about all FDR-significant DMGs and
DMRs annotated to them in each dataset is provided in Appendix B.
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Figure 4.1: A-J. Genomic feature annotations of FDR-significant DMCs in each
dataset.
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Table 4.4: The numbers of tested cytosines, DMCs, DMRs, and DMGs in each
dataset.

NAcc mPFC Amy CPu Blood

Male Female Male Female Male Female Male Female Male Female

Cytosines 3914705 3865823 3869494 3888606 4977775 5250113 4385106 4635489 4905517 5001835

DMCs (FDR < 0.05) 1629 2334 1607 1453 932 1383 8892 732 2184 5740

Hypermethylated 927 1136 887 992 496 530 4468 424 1395 3184

Hypomethylated 702 1198 720 461 436 853 4424 308 789 2556

DMRs (p < 0.05) 178 277 231 294 243 323 1345 183 246 594

DMGs (p < 0.05) 175 265 223 281 235 316 1169 182 239 559

Common DMGs 22 23 19 51 24

DMGs (FDR < 0.05) 38 64 44 48 19 37 332a 12 44b 151c

Hypermethylated 23 27 24 37 12 11 178 6 31 78

Hypomethylated 15 37 20 11 7 26 154 6 13 73

Common DMGs 4 1 2 2 2

a Gins2, Mir297, Vamp3, Gnas, and Adgrl2 contain both hypermethylated and hy-
pomethylated DMRs.

b Tiam1 contains both hypermethylated and hypomethylated DMRs.
c Zfhx3 contains both hypermethylated and hypomethylated DMRs.

In NAcc datasets, we found 1629 and 2334 FDR-significant DMCs, and those that
were spatially close were grouped to form 178 and 277 DMRs, which were annotated
to 38 and 64 FDR-significant DMGs in males and females, respectively. Four genes,
including Ajap1, Ttf2, Bcor, and Efna5, were common in both male and female NAcc
datasets (see Table 4.4). The 10 most FDR-significant genes in male and female NAcc
datasets are shown in Figure 4.2A and Figure 4.2B, respectively.

In mPFC datasets, we found 1607 and 1453 FDR-significant DMCs, and those that
were spatially close were grouped to form 231 and 294 DMRs, which were annotated
to 44 and 48 FDR-significant DMGs in males and females, respectively. Only Tlr5
gene was common in both male and female mPFC datasets (see Table 4.4). The 10
most FDR-significant genes in male and female mPFC datasets are shown in Figure
4.2C and Figure 4.2D, respectively.

In Amy datasets, we found 932 and 1383 FDR-significant DMCs, and those that were
spatially close were grouped to form 243 and 323 DMRs, which were annotated to
19 and 37 FDR-significant DMGs in males and females, respectively. Two genes,
including Cdkal1 and Rpl39, were common in both male and female Amy datasets
(see Table 4.4). The 10 most FDR-significant genes in male and female Amy datasets
are shown in Figure 4.2E and Figure 4.2F, respectively.
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Figure 4.2: A-J. Manhattan plots showing each tested cytosine positions and the
10 most FDR-significant DMGs in each dataset, and also common FDR-significant
DMGs within and between brain and blood datasets.
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In CPu datasets, we found 8892 and 732 FDR-significant DMCs, and those that were
spatially close were grouped to form 1345 and 183 DMRs, which were annotated to
332 and 12 FDR-significant DMGs in males and females, respectively. Two genes,
including Zfhx3 and Hand1, were common in both male and female CPu datasets (see
Table 4.4). The 10 most FDR-significant genes in male and female CPu datasets are
shown in Figure 4.2G and Figure 4.2H, respectively.

In blood datasets, we found 2184 and 5740 FDR-significant DMCs, and those that
were spatially close were grouped to form 246 and 594 DMRs, which were annotated
to 44 and 151 FDR-significant DMGs in males and females, respectively. Two genes,
including Rundc3a and Zfhx3, were common in both male and female blood datasets
(see Table 4.4). The 10 most FDR-significant genes in male and female blood datasets
are shown in Figure 4.2I and Figure 4.2J, respectively.

4.2 Gene Ontology Enrichment Analysis

To find out which biological processes the FDR-significant DMGs we identified are
involved in, we performed GO enrichment analyses on the DMGs in each dataset
using GOrilla. After obtaining the analyses results, we determined the frequency
of each significant (FDR < 0.05) GO biological process terms across datasets. This
showed that DMGs found in different datasets are associated with various develop-
mental processes, regulation of cell differentiation and signal transduction. Figure 4.3
shows GO biological process terms appeared in at least three datasets.

Figure 4.3: Bar plot showing the most frequently enriched GO biological process
terms across datasets.
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4.3 Concordance of DNA Methylation Changes Across Brain Regions and Blood

Firstly, before examining the effects of sex differences and different brain tissues
on DNA methylation, we decided to examine the similarity of brain and blood DNA
methylation changes. For this purpose, we merged FDR-significant DMGs in all brain
datasets, and also merged FDR-significant DMGs in male and female blood datasets
among themselves. Then, we compared 191 DMGs in the blood datasets with 534
DMGs in the brain datasets and found that only 22 DMGs overlapped (see Figure
4.4A).

Figure 4.4: A. Venn diagram showing the overlapping FDR-significant DMGs be-
tween brain and blood datasets. A list of these overlapping DMGs is given in the
box below the Venn diagram. B. Heatmap showing the DMGs most frequently found
across the datasets. Colorbar shows -log(fdr) values for DMGs and the maximum
value is set to 5 for visualization purposes.

Next, we detected in which datasets each FDR-significant DMG was appeared in
order to identify the DMGs most frequently found across the datasets and DMGs
found in at least three datasets are shown in Figure 4.4B. The results indicated that
Zfhx3 was the most frequently found DMG across the datasets and mostly found in
male datasets. In addition, Foxn4 gene was significantly differentially methylated
exclusively in the male datasets, whereas Gpr1 gene was significantly differentially
methylated exclusively in the female datasets. The observation of a similar situation
for some other DMGs prompted us to compare methylation changes in males and
females for each brain and blood dataset at cytosine level. We compared the methy-
lation changes of cytosines within DMRs that were significant (p < 0.05) in at least
male or female dataset for each brain and blood dataset (see Figure 4.5). The re-
sults showed that more than half of the methylation changes of cytosines in males
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and females were discordant, either a change in a different direction or the compared
cytosine position was not covered in one of the datasets. Furthermore, despite the
proportion of concordant DNA methylation changes, either both hypermethylated or
hypomethylated, appeared to be high, the magnitude of the change was very different
in males and females.

Figure 4.5: A-E. Heatmaps showing the concordant and discordant methylation
changes of cytosines within DMRs in males and females for each brain and blood
dataset. Hypermethylation and hypomethylation are represented in red and blue, re-
spectively.

In addition, to investigate methylation changes between different brain regions, be-
tween brain regions and blood, and between males and females, we performed pair-
wise comparisons of DMGs (p < 0.05) and FDR-significant DMGs between datasets.
The numbers of overlapping DMGs and FDR-significant DMGs for each pairwise
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comparison is shown in Figure 4.6. Although we found that the DMGs in the male
datasets overlapped more among themselves than DMGs in female datasets, in gen-
eral, the number of overlapping DMGs between datasets was very few.

Figure 4.6: The numbers of overlapping DMGs and FDR-significant DMGs for each
pairwise comparison of datasets. The numbers in parenthesis indicate the number of
overlapping DMGs.

4.4 Correlation of DNA Methylation Changes Across Brain Regions and Blood

As the previous analysis investigating methylation changes of DMGs across brain
and blood datasets did not show remarkable results, we performed a similar analysis
on FDR-significant DMCs. Firstly, we compared datasets pairwise to detect over-
lapping DMCs. Then, unlike the previous analysis, we also checked the correlation
of the methylation changes of the overlapping DMCs between pairwise compared
datasets. The number of overlapping DMCs and correlation results for each pair-
wise comparison are shown in Figure 4.7. As a result of this analysis, we found that
the methylation changes of DMCs in all same-sex datasets were significantly posi-
tively correlated with each other, with over 100 overlapping DMCs in each pairwise
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comparison. However, the number of overlapping DMCs between male and female
datasets was small and mostly methylation changes were not significantly correlated,
and those that were correlated showed negative correlation. In addition, we found
that methylation changes of overlapping DMCs were significantly positively corre-
lated between brain and blood datasets.

Figure 4.7: The number of overlapping FDR-significant DMCs and correlation of the
methylation changes of them between each pairwise comparison. Cells are colored
according to Pearson correlation coefficient values, with red implying positive corre-
lation and blue implying negative correlation. Correlation p-values are only reported
for significant correlations, with correlation p-value < 0.05.

4.5 Correlation of DNA Methylation Levels with Alcohol Consumption Amount

As can be seen in Figure 4.8, the amount of alcohol consumption of each animal is
different. In order to check correlation of DNA methylation levels with alcohol con-
sumption amount, we performed correlation tests between DNA methylation levels of
cytosines within DMRs in same-sex animals and their alcohol consumption amounts.

35



Figure 4.8: Mean alcohol consumption amount (g/kg) of each male and female ADR
during the last 5 days preceding deprivation period.

Then, we annotated the cytosines whose methylation levels were significantly corre-
lated (correlation p-value < 0.05) with alcohol consumption amount to genes. Figure
4.9 shows the genes with a significant correlation between their DNA methylation
levels and amount of alcohol consumption. We found that DNA methylation levels of
Zfhx3, Ajap1, Gpr1, Foxn4, Cmklr1, Ak5, Tada2b, Timm13 and Ssh1 genes, which
were among the 10 most FDR-significant DMGs in some datasets, significantly cor-
related with the amount of alcohol consumption. Among these genes, Cmklr1 and
Foxn4 were present in more than one male dataset in this analysis. However, we
could not detect any common genes between female datasets. In addition, when we
compared genes in male and female datasets, we also did not find any common genes.

Figure 4.9: The genes with a significant correlation between their DNA methylation
levels and alcohol consumption amount. Positive and negative correlations are indi-
cated in red and blue, respectively.
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4.6 Comparison of Findings with Epigenome-Wide Association Studies of AUD
in Humans

To determine the concordance of DNA methylation changes in our study with the
findings of human studies, we found overlaps between the FDR-significant DMGs
identified in our study and genes reported in three selected EWAS of AUD in pa-
tients. Firstly, Lohoff et al. [76] investigated the association between alcohol con-
sumption levels and blood DNA methylation changes in a large population-based
cohort of individuals (N = 8161), and found 2504 CpGs in which DNA methylation
changes were significantly associated with alcohol consumption levels, annotated to
1529 genes. Comparison of these genes with our DMGs revealed 81 overlapping
genes. Secondly, Zillich et al. [77] investigated DNA methylation differences be-
tween patients with AUD and controls in five brain regions, and found that 2 DMCs
and 10 DMRs in caudate nucleus and 18 DMCs and 6 DMRs in ventral striatum
were significantly associated with AUD, annotated to 32 genes. Comparison of these
genes with our DMGs revealed 3 overlapping genes, including Galnt9, Kazn, and
Thbs4. Thirdly, Longley et al. [1] reviewed 27 DNA methylation and AUD studies in
the literature, and identified 184 DMGs common in at least two studies and 4 DMGs
common in three studies. Comparison of these genes with our DMGs revealed 10
overlapping genes, including Foxp1, Cplx2, Rasa3, Pex14, Zfp36l1, Nfatc1, Slc12a8,
AABR07073181.1 (or Hspg2), Prkcz, and Smyd2. The extent to which a total of 89
genes overlapping with the findings of the three studies were found in the datasets is
shown in Figure 4.10.

Figure 4.10: The number of overlaps between FDR-significant DMGs identified in
our study and the collection of genes from three selected EWAS of AUD in humans
for each dataset.
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Afterwards, we performed GO enrichment analysis to determine which biological
processes these 89 overlapping genes are associated with. The analysis result showed
that the overlapping genes are associated with regulation of gene expression and var-
ious biosynthetic and metabolic processes. Figure 4.11 shows significant (FDR <
0.05) GO biological process terms associated with the overlapping genes.

Figure 4.11: Significant GO biological process terms associated with the over-
lapping genes. For visualization purposes, similar terms were removed and log-
transformation was applied on fdr values.
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CHAPTER 5

DISCUSSION

In this study, we investigated DNA methylation changes in brain and blood associated
with excessive alcohol consumption behavior in wistar rats to identify potential epi-
genetic biomarkers for AUD and seek answers to the questions whether DNA methy-
lation changes are sex-specific, brain region-specific, and tissue-specific. For this
purpose, we modeled relapse-like alcohol consumption behavior in wistar rats using
ADE phenomenon and prepared RRBS libraries for four different brain regions that
are part of the mesolimbic system, including NAcc, mPFC, Amy, and CPu, and blood
from male and female ADRs and controls. Then, the prepared libraries were mapped
to reference genome after trimming and differential methylation analysis were per-
formed to identify DMCs and DMRs. Lastly, DMCs and DMRs were annotated to
DMGs and several downstream analyses were performed.

As the quality scores of the base positions in the reads were generally high, quality
trimming was performed on a small portion of the reads in the libraries (see Table
A.1). However, since almost all reads in the libraries contained adapter sequences
(see Table 4.1) and therefore contained positions filled in during-end repair (see Table
A.2), not performing adapter trimming and not removing the shortened reads result-
ing from trimming (see Table A.3) from the libraries would lead to a huge decrease in
mapping efficiency and incorrect methylation calls. Although we achieved high map-
ping efficiencies (60-70%) for almost all libraries thanks to trimming, the mapping
efficiency was low (30-50%) for some libraries, especially blood female libraries (see
Table 4.2). For libraries which we obtained high mapping efficiency, the decrease in
mapping efficiency was mostly related to the fact that the reads in the libraries were
mapped to more than one site of the reference genome rather than being unmapped.
However, for libraries with low mapping efficiency, we observed the opposite, i.e., the
number of unmapped reads was much higher than the number of multi-mapped reads
(see Table A.4). When we analyzed the mapping reports, we found that the reads in
these libraries were mapped to OT and OB strands with high efficiency, but hardly
mapped to CTOT and CTOB strands. Although the manual of the kit used in library
preparation states that the prepared libraries are non-directional and we run Bismark
in non-directional mode, the fact that the reads in these libraries could not be mapped
to the complementary strands indicates a possible error in the library preparation pro-
cess, especially during bisulfite conversion or PCR amplification steps. In addition,
despite the numbers of analyzed cytosines and methylated cytosines in CpG context
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varied, the methylation ratio of cytosines in CpG context did not vary significantly
between libraries, with an average around 30% (see Table 4.3).

We found that DMC, DMR and DMG numbers were abnormally high in CPu male
and blood female datasets compared to other datasets (see Table 4.4). This is most
probably due to the fact that CPu male and blood female datasets were created with
data from 5 and 7 animals, respectively, as opposed to the other datasets being cre-
ated with data from 9 animals. This suggests that the small sample size caused the
results obtained from these datasets to contain a large number of false positives. Fur-
thermore, we found that majority of FDR-significant DMCs were located in inter-
genic regions, while the rest were located in genic regions (see Figure 4.1). However,
methylation changes in intergenic regions are not insignificant because studies have
found that methylation changes in intergenic regions affect the expression of miR-
NAs, involved in another epigenetic mechanism that controls gene expression, and
also cause activation of enhancers that affect gene expression despite being located
far away from genes [79, 80]. In contrast, differential methylation changes in the
10 most significant DMGs in each dataset mostly occurred in the genic regions (see
Appendix B).

When we identified the most frequent DMGs across the datasets, we observed that
most of the frequent DMGs were found either only in male datasets or only in female
datasets (see Figure 4.4B). Therefore, for each brain and blood dataset, we compared
methylation changes in males and females at cytosine level and similarly found that
the majority of methylation changes were discordant. Also, even though the propor-
tion of concordant methylation changes was high, the magnitude of the change dif-
fered significantly between males and females (see Figure 4.5). When we compared
all datasets pairwise to find overlapping DMGs in each comparison, we found that the
number of overlapping DMGs between male and female datasets was low (see Figure
4.6). However, since the number of overlapping DMGs in each pairwise compari-
son was low in this analysis, it is not appropriate to draw any conclusions from this
analysis. Lastly, we performed a similar analysis on FDR-significant DMCs, but also
checked the correlation of overlapping DMCs. While methylation changes of DMCs
in all same-sex datasets were positively correlated with more than 100 overlapping
DMCs in each comparison, the number of overlapping DMCs between male and fe-
male datasets was very low and we could not detect a significant correlation between
most of them (see Figure 4.7). These results suggest that DNA methylation changes
are sex-specific. Several studies in humans and rats have also found that DNA methy-
lation changes in the brain and blood are sex-specific [22, 81]. Additionally, in our
study, female rats generally consumed more alcohol than male rats (see Figure 4.8).
Another study also found that while there was no sex difference in alcohol consump-
tion before the development of alcohol dependence, when rats were given either con-
tinuous or intermittent access to alcohol, females consumed more alcohol than males
[82]. Therefore, when we investigated the correlation between the amount of alcohol
consumption and DNA methylation levels, we found that DNA methylation levels of
some genes were either significantly positively or negatively correlated with alcohol
consumption amount (see Figure 4.9). This result is in line with the findings of an-
other study examining the effects of alcohol dose on DNA methylation in NAcc [83].
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Thus, one of the reasons for observing sex-specific DNA methylation changes may
be differences in the amount of alcohol consumption.

The results of some of the analyses mentioned in the previous paragraph can be used
to determine whether DNA methylation changes are brain region-specific and tissue-
specific. As can be seen in Figure 4.7, the methylation changes of DMCs in all same-
sex brain datasets were positively correlated both among themselves and with the
methylation changes of DMCs in the blood dataset, with more than 100 overlapping
DMCs in each pairwise comparison. However, DMCs overlapping across datasets
still reflect only a small fraction of all DMCs in the datasets. Therefore, we can
conclude that DNA methylation changes are mostly brain region-specific and tissue-
specific, but to some extent DNA methylation changes in a region or tissue may re-
flect those in another. Two different studies examining DNA methylation changes in
5 brain regions in humans and 9 brain regions in mice also found that alcohol con-
sumption leads to brain region-specific DNA methylation changes [77, 84]. In addi-
tion, two other studies have shown that DNA methylation changes are tissue-specific,
but methylation changes in blood partly reflect those in brain [85, 86]. Furthermore,
we also found that Zfhx3, Foxn4, Gpr1 (also known as Cmklr2), Gnas and Cmklr1
genes were differentially methylated in multiple brain and blood datasets (see Fig-
ure 4.4) and were among the most 10 significant DMGs (see Figure 4.2). When we
checked the information about these genes from NCBI, we found that these genes are
associated with many tasks in the brain, e.g., brain development, regulation of neuron
differentiation, interneuron fate commitment, and neuropeptide signaling pathway. In
addition, we searched these genes in GWAS ATLAS [87] and found that many stud-
ies have shown that these genes are associated with many psychiatric traits, including
alcohol dependence. Therefore, DNA methylation changes in these genes could be
potential epigenetic biomarkers for AUD.

We detected a remarkable number of overlaps between the FDR-significant DMGs
identified in our study and the findings in three EWAS of AUD in patients (see Fig-
ure 4.10). However, these overlapping genes cover a small proportion of all genes
reported in three studies. This low replicability is also present across human EWAS,
mainly due to differences in sample size, tissue type, criteria used for diagnosis, sta-
tistical methods and assay technologies used, and comorbidities. For example, Lon-
gley et al. [1] reviewed 27 studies, many of which identified over 1000 differentially
methylated CpG sites, and found only 184 genes common in at least two studies and
4 genes common in three studies. Nevertheless, common findings between studies
are important for understanding the etiology of AUD.

This study has some limitations. Firstly, the small sample size may have limited the
statistical power of the analyses and thus lead to many false positive and false nega-
tive results. For example, we observed that the numbers of DMCs, DMRs and DMGs
in the CPu male and blood female datasets, which had a smaller size than the others,
were very high compared to those in the other datasets. Secondly, while developing
excess alcohol consumption behavior in rats, we used a single alcohol deprivation
period rather than multiple cycles of alcohol access and deprivation. This allowed us
to capture early DNA methylation changes during the transition period to alcohol de-
pendence, but prevented us from capturing late DNA methylation changes associated
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with chronic alcohol consumption. Thirdly, it would have been very helpful to have
gene expression data in addition to DNA methylation data in order to validate our
findings and to examine the effects of DNA methylation changes in intergenic and
different genic regions on gene expression.

In conclusion, we investigated DNA methylation changes in brain and blood associ-
ated with excessive alcohol consumption behavior modeled using ADE phenomenon
in wistar rats and our results indicate that DNA methylation changes are sex-specific
and mostly brain region-specific and tissue-specific. In addition, we found that DNA
methylation changes in five genes, including Zfhx3, Foxn4, Gpr1, Gnas and Cmklr1,
may be potential epigenetic biomarkers of AUD. We believe that our findings in this
study will contribute to understanding of the etiology of AUD.
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APPENDIX A

SUPPLEMENTARY TABLES FOR DATA ANALYSIS RESULTS

Table A.1: The number of quality-trimmed reads in each RRBS library.

Animal
ID

Quality-Trimmed Reads
NAcc mPFC Amy CPu Blood

59 (M, ADR) 4972354
(6.2%)

4918823
(12.7%)

7255911
(10.9%)

2277914
(5.2%)

1924829
(6.0%)

60 (M, ADR) 1916308
(16.5%)

2616102
(6.7%)

2741367
(6.6%)

- 8961468
(17.4%)

61 (M, ADR) 2624375
(5.3%)

2607017
(7.2%)

2952962
(7.4%)

- 3087308
(4.7%)

66 (M, Control) 5434085
(5.8%)

5376232
(13.9%)

3166660
(9.9%)

- 4779357
(5.9%)

68 (M, Control) 2798747
(7.0%)

2929671
(7.0%)

2624677
(6.2%)

3343206
(5.9%)

2958515
(9.0%)

70 (M, Control) 3091495
(7.8%)

3636004
(7.2%)

1831433
(5.6%)

1863345
(4.9%)

5236031
(24.9%)

71 (M, ADR) 4069618
(17.9%)

2613588
(6.7%)

2583065
(7.0%)

3775058
(7.9%)

3770756
(6.9%)

74 (M, ADR) 3651797
(6.3%)

6357528
(16.7%)

3928817
(11.8%)

- 1798974
(6.2%)

75 (M, ADR) 2121285
(7.0%)

2148636
(8.0%)

2061280
(7.0%)

2149810
(6.6%)

3727238
(8.5%)

77 (F, ADR) 5187184
(15.9%)

1924835
(6.5%)

4306542
(6.6%)

5833006
(14.6%)

8411881
(11.4%)

78 (F, ADR) 4484755
(6.8%)

3601250
(6.6%)

1878030
(6.5%)

2524383
(7.3%)

-

79 (F, ADR) 2702773
(8.5%)

6661163
(8.9%)

2765297
(6.7%)

4021427
(9.0%)

2978643
(8.8%)

81 (F, ADR) 3285514
(6.9%)

3611783
(10.8%)

5605749
(12.0%)

1979803
(11.2%)

2608784
(8.3%)

Continued on next page

51



Table A.1: The number of quality-trimmed reads in each RRBS library.
(Continued)

82 (F, ADR) 8255326
(16.3%)

2440791
(6.2%)

2983282
(6.1%)

14941254
(22.2%)

-

84 (F, Control) 2392421
(6.4%)

3698763
(8.5%)

3715398
(7.2%)

3070698
(9.6%)

3950418
(7.5%)

86 (F, Control) 5431432
(6.3%)

3248070
(14.7%)

8485290
(12.2%)

3411398
(8.2%)

5121206
(13.0%)

88 (F, Control) 3851403
(6.6%)

3897194
(5.7%)

2902003
(6.9%)

4613682
(10.6%)

5627689
(10.9%)

92 (F, ADR) 2573128
(7.7%)

2296882
(6.4%)

3325772
(6.5%)

1948756
(7.6%)

2457090
(5.7%)

Table A.2: The number of filled-in position trimmed reads in each RRBS library.

Animal
ID

Filled in Position Trimmed Reads (–rrbs option) Filled in Position Trimmed Reads (–non_directional option)

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 36531418
(45.3%)

19759582
(51.2%)

33313890
(50.2%)

13454250
(30.7%)

8565056
(26.8%)

24036268
(29.8%)

13362002
(34.6%)

20253390
(30.5%)

17603813
(40.1%)

13194014
(41.2%)

60 (M, ADR) 6045278
(52.0%)

18191934
(46.8%)

18710256
(45.3%)

- 20597337
(40.1%)

4026228
(34.6%)

14616495
(37.6%)

13610184
(32.9%)

- 18590826
(36.2%)

61 (M, ADR) 21348699
(43.1%)

17890931
(49.7%)

19320030
(48.1%)

- 12568605
(19.2%)

17144546
(34.6%)

13009772
(36.2%)

13436898
(33.5%)

- 33019150
(50.5%)

66 (M, Control) 43433160
(46.5%)

18034158
(46.6%)

13399252
(41.9%)

- 15305128
(18.8%)

29642819
(31.7%)

14763266
(38.2%)

11012812
(34.4%)

- 40349006
(49.5%)

68 (M, Control) 20699140
(51.7%)

20166188
(48.2%)

17381874
(41.1%)

22147596
(39.3%)

13620614
(41.3%)

13514808
(33.7%)

15765741
(37.7%)

12373444
(29.2%)

20188235
(35.9%)

13209137
(40.0%)

70 (M, Control) 19578518
(49.7%)

24184671
(48.0%)

13579162
(41.3%)

10631245
(28.2%)

8647313
(41.1%)

13876195
(35.2%)

18486734
(36.7%)

10748078
(32.7%)

14721208
(39.0%)

10656358
(50.6%)

71 (M, ADR) 11930976
(52.4%)

18019794
(46.5%)

17724952
(48.1%)

11225810
(23.4%)

18317620
(33.4%)

8973211
(39.4%)

14498831
(37.4%)

12535021
(34.0%)

10249355
(21.4%)

15366989
(28.0%)

74 (M, ADR) 30317827
(52.3%)

18957822
(49.7%)

14614753
(43.8%)

- 9496103
(32.6%)

19520508
(33.7%)

14388631
(37.7%)

11553813
(34.7%)

- 10268026
(35.2%)

75 (M, ADR) 16942789
(55.7%)

13126004
(48.8%)

13993217
(47.7%)

9935670
(30.4%)

13055080
(29.7%)

10531305
(34.6%)

10085977
(37.5%)

10175765
(34.7%)

8903158
(27.2%)

18296091
(41.6%)

77 (F, ADR) 18250666
(55.9%)

12941285
(43.9%)

28881981
(44.1%)

16937619
(42.4%)

20427778
(27.7%)

11422672
(35.0%)

8907696
(30.2%)

18545263
(28.3%)

14513448
(36.3%)

36009665
(48.9%)

78 (F, ADR) 34332516
(52.2%)

24787796
(45.1%)

12950944
(44.6%)

12642697
(36.4%)

- 23054623
(35.1%)

17943259
(32.6%)

9889452
(34.1%)

10804549
(31.1%)

-

79 (F, ADR) 12586416
(39.4%)

37165986
(49.6%)

17325183
(41.7%)

20868164
(47.0%)

17219116
(50.7%)

16016377
(50.2%)

24377742
(32.5%)

12945357
(31.1%)

16440467
(37.0%)

12794608
(37.7%)

81 (F, ADR) 25978112
(54.6%)

16660795
(49.7%)

23438490
(50.2%)

9387521
(53.3%)

7664592
(24.4%)

16293481
(34.3%)

11046704
(33.0%)

16949310
(36.3%)

6510874
(37.0%)

20842262
(66.3%)

82 (F, ADR) 26695627
(52.7%)

19083889
(48.7%)

20540639
(42.3%)

34641657
(51.5%)

- 17852228
(35.2%)

13229678
(33.8%)

17828624
(36.7%)

26065035
(38.8%)

-

Continued on next page
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Table A.2: The number of filled-in position trimmed reads in each RRBS library. (Con-
tinued)

84 (F, Control) 18549131
(50.0%)

19114259
(43.7%)

24438747
(47.2%)

14418830
(44.9%)

16616634
(31.6%)

12277966
(33.1%)

14966168
(34.2%)

18183338
(35.1%)

12361960
(38.5%)

26228817
(49.9%)

86 (F, Control) 43916226
(51.2%)

11147542
(50.3%)

31409916
(45.1%)

18404240
(44.2%)

14120678
(35.8%)

29185607
(34.1%)

7447420
(33.6%)

25705888
(36.9%)

14995035
(36.0%)

22156233
(56.1%)

88 (F, Control) 29794765
(50.8%)

29012254
(42.2%)

18930098
(44.9%)

23637272
(54.1%)

10313895
(20.1%)

20478617
(34.9%)

18483659
(26.9%)

15989294
(38.0%)

15738612
(36.0%)

31639009
(61.5%)

92 (F, ADR) 17252624
(51.4%)

17895252
(50.2%)

22874771
(44.9%)

9591442
(37.3%)

8573646
(19.7%)

11584192
(34.5%)

11808902
(33.1%)

18855831
(37.0%)

8369127
(32.5%)

25473291
(58.6%)

Table A.3: The numbers of removed short reads and remaining reads after this process.

Animal
ID

Removed Short Reads Remaining Reads

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 14010259
(17.4%)

2259693
(5.9%)

10600396
(16.0%)

6425561
(14.6%)

5201037
(16.3%)

66615183 36364787 55745239 37449857 26792673

60 (M, ADR) 868106
(7.5%)

1303775
(3.4%)

4182934
(10.1%)

- 7140239
(13.9%)

10761718 37566419 37140978 - 44222256

61 (M, ADR) 1442946
(2.9%)

1991212
(5.5%)

2721022
(6.8%)

- 9738083
(14.9%)

48142999 33974346 37433205 - 55702587

66 (M, Control) 8473910
(9.1%)

714440
(1.8%)

1623188
(5.1%)

- 16654469
(20.4%)

84975289 37956829 30367550 - 64878859

68 (M, Control) 2829375
(7.1%)

1638663
(3.9%)

8419643
(19.9%)

6614833
(11.7%)

2304800
(7.0%)

37223527 40167849 33913206 49692516 30690571

70 (M, Control) 2783336
(7.1%)

3113122
(6.2%)

2528969
(7.7%)

6477911
(17.2%)

1031406
(4.9%)

36610148 47243575 30380972 31247812 20022500

71 (M, ADR) 836332
(3.7%)

921588
(2.4%)

1163878
(3.2%)

22682764
(47.4%)

16333580
(29.8%)

21918467 37837300 35667612 25197547 38475431

74 (M, ADR) 5206331
(9.0%)

1572070
(4.1%)

1612959
(4.8%)

- 4731351
(16.2%)

52718656 36590879 31721217 - 24431622

75 (M, ADR) 1652904
(5.4%)

1249125
(4.6%)

533023
(1.8%)

9528742
(29.1%)

7118367
(16.2%)

28792055 25634086 28831645 23170302 36873599

77 (F, ADR) 1794181
(5.5%)

5953936
(20.2%)

12976200
(19.8%)

4374837
(11.0%)

8861873
(12.0%)

30861730 23519474 52534506 35563059 64841302

78 (F, ADR) 2968740
(4.5%)

7026482
(12.8%)

2346391
(8.1%)

6322720
(18.2%)

- 62741324 47933558 26683658 28381589 -

79 (F, ADR) 867035
(2.7%)

9567114
(12.8%)

6529677
(15.7%)

946492
(2.1%)

548919
(1.6%)

31069077 65355349 35034926 43495792 33428315

81 (F, ADR) 2871733
(6.0%)

2125755
(6.3%)

4692918
(10.0%)

454180
(2.6%)

691976
(2.2%)

44681297 31391509 42027332 17158687 30729969

82 (F, ADR) 2780832
(5.5%)

3360087
(8.6%)

2418872
(5.0%)

3676092
(5.5%)

- 47894495 35832928 46100452 63552518 -

84 (F, Control) 3519158
(9.5%)

6484870
(14.8%)

1016078
(2.0%)

904809
(2.8%)

4243272
(8.1%)

33587120 37220789 50722379 31238626 48367411

86 (F, Control) 4790499
(5.6%)

1744134
(7.9%)

1177443
(1.7%)

1196121
(2.9%)

919049
(2.3%)

80913186 20404222 68473298 40460069 38553592
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Table A.3: The numbers of removed short reads and remaining reads after this process.
(Continued)

88 (F, Control) 3249886
(5.5%)

17741186
(25.8%)

1031460
(2.4%)

1312368
(3.0%)

2755368
(5.4%)

55429262 51006795 41100169 42355593 48677124

92 (F, ADR) 1613810
(4.8%)

3493266
(9.8%)

1965692
(3.9%)

3531894
(13.7%)

1345339
(3.1%)

31938783 32158838 48994854 22200726 42102693

Table A.4: The numbers of multi-mapped and unmapped reads.

Animal
ID

Multi-mapped Reads Unmapped Reads

NAcc mPFC Amy CPu Blood NAcc mPFC Amy CPu Blood

59 (M, ADR) 22189754 12427795 20032609 9023271 6161629 2963019 1496290 7851077 2924056 1911838

60 (M, ADR) 3909301 11172154 11610940 - 10268332 445684 1528050 1472104 - 10904582

61 (M, ADR) 12200291 10878589 11523552 - 9688393 2068594 1504554 1559905 - 14947808

66 (M, Control) 24522999 10696117 7807931 - 12243586 3809365 1621456 1241802 - 23590738

68 (M, Control) 12272655 12279477 10398319 13283413 7720627 4531413 1660412 1401970 2752944 3989212

70 (M, Control) 12318950 15270678 7902736 6678579 5361710 1476923 1874601 1218959 2393020 5610393

71 (M, ADR) 8015887 10675590 10446559 5734220 9989941 1010312 1601938 1956847 9294451 4656816

74 (M, ADR) 19181131 12092076 8690291 - 5531663 1904412 1452280 1281453 - 2695170

75 (M, ADR) 10530172 8368045 8089331 5821624 9271909 1035445 1030276 1147726 1420661 3341127

77 (F, ADR) 11794518 7908805 16798262 10147343 15358035 1075324 931940 2236174 4217468 15679868

78 (F, ADR) 21343158 14895438 7783712 7775403 - 2297528 1982212 1100007 1443687 -

79 (F, ADR) 9660123 23455380 10576771 12500436 7324801 1582080 2613379 1417132 3579036 9243136

81 (F, ADR) 16210555 9855926 15798656 5813518 5673083 1559619 1425486 1691443 911415 11235422

82 (F, ADR) 16610439 11808906 11927492 22426092 - 1744053 1619903 5468457 3390283 -

84 (F, Control) 11361416 12139262 14043584 8845983 7436556 1200316 1673962 2231850 1607269 26135709

86 (F, Control) 25800886 6883302 19009960 10800767 7942692 10489694 905771 2927616 2093644 14876588

88 (F, Control) 18427008 18032160 11512573 14495011 10702567 1985373 2274315 1786739 2305413 3333325

92 (F, ADR) 10501348 11262462 12246731 5595631 8426822 1144615 1440038 10975133 1087969 3968180
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APPENDIX B

TABLES FOR INFORMATION ABOUT EACH FDR-SIGNIFICANT
DIFFERENTIALLY METHYLATED GENE IN DATASETS

Tables in this section contain information about all FDR-significant DMGs and DMRs
annotated to them in each dataset. "chr", "start", and "end" columns indicate genomic
location of the DMR. "nCG" and "MethDiff" columns indicate number of CpG sites
in the DMR and difference in methylation levels between ADR and control groups, re-
spectively. "SYMBOL" and "annotation" columns indicate to which gene and which
region of the gene the DMR was annotated. The "Predicted Gene" annotation indi-
cates that the DMR was annotated to the genic region of the predicted gene specified
in the "SYMBOL" column.

Table B.1: FDR-significant DMGs in NAcc Male Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr3 9803222 9803288 67 10 0.456 3.061e-80 2.397e-74 Tor1a Other Exon

chr19 42858205 42858311 107 14 -0.315 3.058e-19 2.138e-14 Zfhx3 Predicted Gene
chr15 2379088 2379158 71 7 -0.486 1.383e-17 8.329e-13 Zfp503 Intergenic

chr10 102058396 102058485 90 7 -0.401 4.107e-16 1.767e-11 Slc39a11 Other Intron
chr1 80428360 80428443 84 19 -0.428 3.071e-13 8.905e-09 Nkpd1 Predicted Gene

chr13 99982131 99982204 74 9 0.4512 4.454e-12 1.014e-07 AABR07021945.1 Predicted Gene
chrX 65524334 65524415 82 8 0.2035 3.142e-11 6.213e-07 AABR07038986.1 Predicted Gene
chr9 65763516 65763626 111 20 0.2849 2.117e-09 2.744e-05 Stradb Promoter
chr5 170673180 170673270 91 9 -0.01 9.395e-09 0.0001024 Ajap1 First Intron

chr16 2059497 2059553 57 7 -0.322 2.419e-08 0.0002299 Zcchc24 Intergenic

chr12 1149777 1149828 52 5 -0.502 3e-07 0.001977 Stard13 First Intron
chr5 61062512 61062575 64 4 0.6063 3.842e-07 0.002414 Shb Predicted Gene
chr2 203377211 203377264 54 5 -0.38 5.791e-07 0.003362 Ttf2 Other Intron

chr17 21188687 21188755 69 6 0.3578 6.503e-07 0.003711 Smim13 Intergenic

chr12 48131683 48131757 75 8 0.3066 6.59e-07 0.00375 Foxn4 Other Intron
chr4 171526242 171526326 85 8 -0.289 1.016e-06 0.005218 Eps8 Predicted Gene

chr1 15201999 15202087 89 10 0.2645 1.028e-06 0.005275 Il20ra First Intron
chr1 244859962 244860019 58 5 -0.319 1.626e-06 0.007658 Smarca2 Intergenic

chr7 41412555 41412607 53 4 -0.455 2.586e-06 0.01095 Dusp6 Intergenic

chr5 171879692 171879780 89 5 0.5514 3.143e-06 0.01294 Actrt2 Intergenic

chr10 43147767 43147862 96 4 0.3213 3.843e-06 0.01505 Galnt10 Other Intron
chr8 23131809 23131878 70 4 0.3847 4.461e-06 0.01678 Elof1 Promoter

chr14 63083000 63083057 58 4 -0.296 4.498e-06 0.01688 Ppargc1a Intergenic

chrX 12014273 12014338 66 6 0.3307 4.842e-06 0.01778 Bcor Intergenic

chr12 49441791 49441880 90 13 0.3934 5.092e-06 0.01844 RGD1306556 Predicted Gene
chr17 36585572 36585624 53 4 0.528 6.459e-06 0.02204 Cdkal1 Predicted Gene
chr19 56948455 56948535 81 7 0.2821 7.284e-06 0.02396 Cox6c-ps1 Intergenic

chr2 40039282 40039361 80 5 0.5076 1.083e-05 0.03234 Depdc1b Other Intron

chr1 197161983 197162037 55 6 0.4027 1.164e-05 0.03423 Katnip Other Intron

chr6 124241824 124241881 58 7 -0.251 1.17e-05 0.03433 Calm1 Intergenic

chr1 53463234 53463294 61 5 0.4399 1.527e-05 0.04054 Gpr31 Other Intron

chr3 59119099 59119162 64 5 0.4144 1.593e-05 0.04192 Cdca7 Intergenic

chr9 110127736 110127788 53 7 -0.202 1.608e-05 0.04224 Efna5 First Intron

Continued on next page
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Table B.1: FDR-significant DMGs in NAcc Male Dataset. (Continued)
chrX 48130944 48131035 92 4 0.7908 1.705e-05 0.04332 Tmem47 Intergenic

chr1 100339435 100339509 75 13 0.1107 1.758e-05 0.04433 RGD1309036 Other Exon
chr8 47674883 47674935 53 5 -0.311 1.924e-05 0.04735 Trim29 Promoter

chr10 11467596 11467660 65 4 0.4468 1.948e-05 0.04771 Adcy9 Predicted Gene

chr2 50716094 50716211 118 11 0.3184 2.052e-05 0.04949 Mrps30 Intergenic

Table B.2: FDR-significant DMGs in NAcc Female Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr9 70039943 70040117 175 10 -0.624 7.768e-20 1.155e-14 Gpr1 Intergenic

chr15 51811677 51811768 92 11 -0.421 4.661e-17 5.3e-12 Bin3 Other Intron
chr1 11909663 11909815 153 46 0.267 5.552e-14 3.11e-09 Rn5-8s Other Intron

chr15 59983777 59983870 94 6 0.6172 1.442e-13 7.24e-09 Dnajc15 Intergenic

chr7 25590170 25590262 93 7 0.1535 7.188e-12 2.051e-07 AABR07056438.1 Predicted Gene
chr9 9966918 9966985 68 8 -0.391 1.731e-11 4.288e-07 Tubb4a Other Exon

chr17 71553597 71553866 270 8 -0.347 7.253e-11 1.361e-06 Mir466d Intergenic

chr3 35248544 35248683 140 6 -0.387 1.675e-10 3.012e-06 Lypd6b Other Intron

chr5 158063942 158063992 51 4 0.258 1.59e-09 2.127e-05 Mir6215 First Intron
chr7 142322993 142323063 71 5 -0.398 2.993e-09 3.616e-05 Cela1 3’ UTR

chr12 22058437 22058506 70 11 0.2687 3.265e-09 3.884e-05 Agfg2 Intergenic

chr8 113798194 113798381 188 4 0.665 5.203e-09 5.682e-05 Mir6330 Other Intron
chr19 14946421 14946501 81 9 -0.511 7.452e-09 7.786e-05 LOC291863 Other Intron
chr14 17880677 17880743 67 8 0.3564 3.344e-08 0.000275 Parm1 Intergenic

chr19 49898215 49898298 84 5 0.3065 6.612e-08 0.0004805 Cmip First Intron

chr5 170605506 170605556 51 9 0.2756 8.46e-08 0.0005945 Ajap1 Intergenic

chr19 10669850 10669929 80 7 -0.243 9.086e-08 0.000625 Ccl22 Intergenic

chr1 46456422 46456518 97 9 -0.583 1.445e-07 0.0009041 Zdhhc14 First Intron
chr11 90456676 90456923 248 35 0.2246 1.848e-07 0.001099 Snai2 Intergenic

chr13 79297709 79297761 53 4 0.2263 2.036e-07 0.001193 Tnfsf4 Intergenic

chr9 29874341 29874410 70 4 0.01623 3.145e-07 0.001677 B3gat2 Intergenic

chr7 114828574 114828631 58 6 0.01165 3.341e-07 0.001738 Slc45a4 Predicted Gene
chr1 280106990 280107051 62 4 -0.54 4.747e-07 0.002305 Eno4 Other Intron
chr7 12847754 12847854 101 9 -0.575 5.521e-07 0.00259 Polrmt Other Exon

chr13 83778596 83778647 52 5 -0.171 5.665e-07 0.002639 Mpzl1 Other Intron

chr3 152551848 152551943 96 7 -0.217 6.321e-07 0.002875 Epb41l1 Promoter

chr7 129690438 129690514 77 18 0.407 7.496e-07 0.003289 Brd1 Other Intron
chr20 189235 189287 53 8 0.1958 8.46e-07 0.003642 RT1-CE10 Intergenic

chr9 39014705 39014759 55 4 -0.431 8.978e-07 0.003789 Prim2 Intergenic

chr1 44336090 44336155 66 4 -0.459 9.241e-07 0.003866 Tiam2 Predicted Gene
chr11 83536751 83536817 67 17 0.4059 1.221e-06 0.004778 Ephb3 Other Exon

chr5 101084978 101085068 91 8 -0.355 1.696e-06 0.006257 Frem1 Other Intron
chr2 1530656 1530781 126 8 -0.228 1.745e-06 0.006388 Cast Other Intron
chr2 22324856 22324949 94 6 0.06612 1.834e-06 0.006631 Thbs4 Intergenic

chr2 203377211 203377264 54 5 0.2427 1.856e-06 0.006688 Ttf2 Other Intron
chr9 109839775 109839839 65 7 0.3361 1.917e-06 0.00685 Efna5 Intergenic

chr8 25708966 25709016 51 5 -0.338 2.491e-06 0.008339 Dpy19l1 Intergenic

chr1 93906084 93906153 70 5 -0.328 2.697e-06 0.008903 Zfp536 Predicted Gene

chr8 124397298 124397392 95 6 -0.452 2.89e-06 0.009387 Tgfbr2 Promoter

chr4 56444630 56444704 75 9 0.2841 3.864e-06 0.01146 Rbm28 Other Exon
chr14 79444881 79445041 161 29 -0.239 3.986e-06 0.01177 Tada2b Promoter
chr16 49732384 49732648 265 7 -0.292 4.082e-06 0.01195 Sorbs2 Other Intron
chr18 28810801 28810924 124 9 0.212 5.426e-06 0.01478 Psd2 Other Intron
chr18 71467821 71468000 180 11 0.3508 5.666e-06 0.01517 Smad7 Other Exon
chr4 179682364 179682459 96 11 -0.229 5.782e-06 0.01543 Lmntd1 Other Intron

chr12 31898395 31898469 75 8 0.3158 5.92e-06 0.01572 Tmem132d Intergenic

chrX 11595726 11595780 55 7 0.4494 6.932e-06 0.01778 Bcor Intergenic

chr17 18467133 18467196 64 7 -0.181 9.8e-06 0.02256 Fam8a1 Other Intron
chr10 56425332 56425398 67 10 -0.374 1.33e-05 0.02807 Spem2 Promoter

chr9 17766663 17766759 97 13 -0.335 1.369e-05 0.02861 Slc29a1 Intergenic

chr18 78271466 78271516 51 6 -0.552 1.551e-05 0.03122 Myot Intergenic

chr8 44212033 44212114 82 9 -0.174 1.678e-05 0.03286 Scn3b Other Intron
chr16 14382267 14382338 72 8 -0.826 1.745e-05 0.03382 Ghitm Promoter
chr6 128776613 128776686 74 5 -0.31 1.765e-05 0.03416 Glrx5 Intergenic

chr12 10302720 10302777 58 7 -0.736 1.805e-05 0.0347 Wasf3 Predicted Gene
chr20 14271349 14271544 196 7 -0.203 1.921e-05 0.0361 Adora2a Other Intron
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Table B.2: FDR-significant DMGs in NAcc Female Dataset. (Continued)
chr4 67340227 67340284 58 6 -0.437 1.932e-05 0.03625 Adck2 Intergenic

chr5 158823509 158823569 61 4 -0.57 2.12e-05 0.03875 Igsf21 Intergenic

chr6 145288052 145288144 93 7 -0.02 2.167e-05 0.03936 Mir153 Intergenic

chr15 38550993 38551085 93 5 0.2964 2.328e-05 0.04126 Phf11b Intergenic

chr16 21255073 21255130 58 5 0.09387 2.332e-05 0.04131 Tssk6 Other Intron
chr5 141833857 141833912 56 5 -0.127 2.456e-05 0.04309 Lnc081 Intergenic

chr19 18160034 18160097 64 5 0.303 2.579e-05 0.0447 Tox3 First Intron
chr13 80614745 80614800 56 5 -0.452 2.797e-05 0.04734 Prrc2c Promoter

Table B.3: FDR-significant DMGs in mPFC Male Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr6 5280800 5280870 71 11 -0.556 2.955e-22 4.083e-17 Slc8a1 Intergenic

chr10 109075999 109076250 252 9 0.5662 1.065e-12 4.039e-08 Chmp6 Other Intron

chr5 119173790 119173852 63 10 0.4981 3.187e-12 1.063e-07 Ror1 Other Intron
chr19 42858205 42858287 83 12 -0.273 1.171e-11 3.238e-07 Zfhx3 Predicted Gene
chr12 48760815 48760877 63 11 0.3168 4.236e-11 1.006e-06 Cmklr1 Intergenic

chr12 48131683 48131757 75 8 0.3282 4.57e-10 8.381e-06 Foxn4 Other Intron
chr9 15691088 15691145 58 8 -0.416 1.51e-09 2.394e-05 Trerf1 Other Intron
chr6 29346956 29347047 92 5 0.2788 5.001e-09 6.862e-05 Klhl29 Other Intron
chr2 207143154 207143204 51 6 0.4259 7.128e-09 9.067e-05 Slc16a1 Intergenic

chr8 22206127 22206234 108 11 -0.147 1.166e-08 0.0001384 Pde4a First Intron
chr15 57698109 57698172 64 7 -0.441 1.417e-08 0.0001617 Cby2 Intergenic

chr13 49672343 49672402 60 8 0.5796 1.74e-08 0.0001911 Lrrn2 First Intron
chr4 131830670 131830795 126 12 -0.297 8.53e-08 0.0007384 Foxp1 Intergenic

chr15 103792051 103792117 67 5 0.5856 1.96e-07 0.001443 Abcc4 Other Intron
chr17 1065788 1065855 68 7 -0.265 2.817e-07 0.00193 Ptch1 Other Intron
chr10 91876925 91876980 56 5 0.02747 3.93e-07 0.00253 Wnt3 Downstream (2-3kb)

chr2 165997387 165997440 54 4 -0.638 4.694e-07 0.002878 Ppm1l First Intron

chr6 129791887 129792109 223 12 -0.143 5.04e-07 0.003061 Vrk1 Intergenic

chr2 166156023 166156091 69 11 0.296 5.173e-07 0.003138 B3galnt1 Other Intron

chr10 94818637 94818707 71 8 -0.307 1.221e-06 0.006142 Pecam1 Intergenic

chr6 23167471 23167554 84 14 -0.472 1.282e-06 0.006387 Clip4 Other Exon

chr13 98639832 98639885 54 6 -0.543 1.332e-06 0.006608 Itpkb Other Intron

chr1 45984407 45984473 67 8 -0.354 1.61e-06 0.007645 Arid1b Predicted Gene
chr1 50503540 50503598 59 5 -0.313 1.913e-06 0.008778 Cahm Intergenic

chr2 186147610 186147729 120 7 0.07181 2.1e-06 0.009417 Dclk2 Other Intron
chr4 166667028 166667113 86 10 0.4768 2.123e-06 0.009485 RGD1306750 Intergenic

chr15 55058692 55058766 75 13 0.4846 2.615e-06 0.01116 Rcbtb2 Other Exon
chr8 129872071 129872143 73 6 0.3994 2.643e-06 0.01121 Ulk4 Predicted Gene
chr8 71243886 71243975 90 4 0.1638 3.088e-06 0.01277 Oaz2 Other Exon

chr12 13853282 13853373 92 7 -0.602 3.42e-06 0.01369 Tnrc18 Other Intron
chr13 108780281 108780392 112 4 -0.298 6.05e-06 0.02102 Ptpn14 5’ UTR

chr20 9419269 9419355 87 4 -0.734 6.483e-06 0.02216 Dnah8 Predicted Gene
chr13 101478318 101478373 56 6 -0.271 7.568e-06 0.02493 Tlr5 Other Intron
chrX 11647178 11647264 87 13 0.4022 7.608e-06 0.02493 Bcor Promoter
chr3 171312917 171312992 76 6 -0.05 7.731e-06 0.02512 Pmepa1 Intergenic

chr5 122100841 122100906 66 8 0.05812 8.118e-06 0.02583 Pde4b Other Exon
chr8 121378560 121378642 83 7 -0.135 8.308e-06 0.02633 Pdcd6ip Intergenic

chr1 216119245 216119325 81 6 0.418 9.457e-06 0.0287 Ascl2 Intergenic

chr10 17065820 17065899 80 5 0.07918 1.04e-05 0.03062 Neurl1b First Intron
chr16 81240843 81240910 68 7 0.3047 1.09e-05 0.03149 Gas6 Other Intron
chr12 12760078 12760177 100 12 0.2888 1.266e-05 0.035 Ankrd61 Other Exon
chr3 172384503 172384587 85 13 0.2155 1.264e-05 0.035 Gnas Promoter

chr14 104075679 104075750 72 11 0.2474 1.974e-05 0.04827 Spred2 Intergenic

chr3 159694311 159694386 76 6 0.1746 2.023e-05 0.04911 Jph2 3’ UTR

Table B.4: FDR-significant DMGs in mPFC Female Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr2 257811803 257811896 94 11 -0.395 2.214e-14 2.58e-09 Ak5 Other Intron
chr7 49847849 49847919 71 4 0.5822 1.84e-11 1.213e-06 Myf6 Other Intron
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Table B.4: FDR-significant DMGs in mPFC Female Dataset. (Continued)
chr16 20524169 20524369 201 7 0.3742 6.641e-11 3.149e-06 Pgpep1 Other Intron

chr7 117609240 117609335 96 8 0.4453 1.486e-10 6.149e-06 Slc52a2 Intergenic

chr7 115975405 115975486 82 6 0.4027 2.184e-10 8.494e-06 Lypd2 Downstream (2-3kb)

chr10 36892377 36892430 54 4 0.5315 1.173e-09 3.481e-05 Phykpl Other Intron

chr10 109410641 109410723 83 10 0.4295 2.468e-09 5.994e-05 Actg1 Intergenic

chr11 70453952 70454048 97 8 0.3726 3.553e-09 7.985e-05 Slc12a8 Other Intron
chr17 77102769 77102853 85 8 0.5097 1.095e-08 0.0002028 Optn Intergenic

chr10 50375925 50376076 152 5 0.2336 1.617e-08 0.0002783 Hs3st3b1 First Intron
chr9 54614372 54614432 61 6 0.3339 2.015e-08 0.0003349 Myo1b Other Intron

chr10 20391902 20391970 69 9 0.4656 4.232e-08 0.0005769 Mir218-2 Other Intron
chr14 17029186 17029277 92 6 0.4772 5.662e-08 0.0007143 Scarb2 Intergenic

chr6 25174571 25174645 75 7 0.3146 6.25e-08 0.0007716 Xdh Other Exon
chr13 101478142 101478225 84 5 -0.393 7.059e-08 0.0008446 Tlr5 Other Intron
chr20 14558912 14558975 64 9 0.5187 1.03e-07 0.001125 Rab36 Other Intron
chr5 142599645 142599730 86 7 -0.29 1.044e-07 0.001134 Pou3f1 Intergenic

chr10 46560993 46561138 146 9 0.3381 1.895e-07 0.001824 Srebf1 Other Exon
chr18 28473813 28473863 51 6 0.5171 1.966e-07 0.00186 Spata24 Other Intron

chr4 171547975 171548050 76 4 0.5295 3.059e-07 0.00262 Eps8 Predicted Gene

chrX 67373291 67373343 53 5 0.2367 3.263e-07 0.002746 Ar Intergenic

chr9 115016655 115016769 115 5 0.2862 3.86e-07 0.003121 Rab12 Other Intron
chr4 58611637 58611725 89 12 0.4099 3.982e-07 0.003192 Mkln1 Intergenic

chr5 148084983 148085070 88 12 -0.138 3.997e-07 0.003198 Ptp4a2 Intergenic

chr2 104935553 104935612 60 5 0.3648 5.461e-07 0.004014 Gyg1 Other Intron

chr6 29227895 29227949 55 5 0.2059 5.547e-07 0.004047 Atad2b Other Intron
chr7 11688145 11688248 104 15 0.326 5.802e-07 0.004202 Timm13 Other Exon
chr3 58909894 58909968 75 4 0.362 7.63e-07 0.005089 Rapgef4 Predicted Gene

chr1 126329926 126329999 74 4 0.4953 7.827e-07 0.005181 Tjp1 Intergenic

chr4 100912319 100912376 58 5 0.2953 8.411e-07 0.005497 Tmsb10 Intergenic

chr11 90456714 90456873 160 24 0.2299 8.794e-07 0.005662 Snai2 Intergenic

chr10 22070576 22070657 82 8 0.5535 9.17e-07 0.005875 Tenm2 Intergenic

chr11 64085048 64085101 54 9 0.2431 1.42e-06 0.008146 Igsf11 Intergenic

chr1 140008660 140008736 77 8 -0.145 1.457e-06 0.008307 Ntrk3 Other Intron
chr7 24744257 24744328 72 6 0.4476 1.486e-06 0.008424 Tmem263 Downstream (1kb)

chr12 34592629 34592716 88 9 -0.384 2.374e-06 0.01199 Tmem132b Intergenic

chr14 13331030 13331112 83 7 -0.332 2.694e-06 0.01326 Fgf5 Intergenic

chr7 130347584 130347659 76 7 -0.299 2.721e-06 0.01333 Tymp Promoter

chr1 222387716 222387791 76 5 0.3113 2.857e-06 0.0137 Flrt1 Other Intron
chr9 38020664 38020743 80 8 0.5836 3.418e-06 0.01577 Dst Predicted Gene
chr9 70028258 70028352 95 8 -0.519 4.248e-06 0.0184 Gpr1 Intergenic

chr18 78271189 78271243 55 7 0.2577 4.571e-06 0.01943 Myot Intergenic

chr5 165693179 165693281 103 6 0.2851 5.396e-06 0.02183 Pex14 Intergenic

chr4 152792762 152792820 59 6 0.382 5.487e-06 0.02216 B4galnt3 First Intron

chr1 142885400 142885473 74 4 -0.09 6.018e-06 0.02347 Alpk3 First Intron

chr17 42968693 42968759 67 5 -0.26 6.646e-06 0.02521 Prl3d4 Intergenic

chr17 55182178 55182236 59 5 0.03471 6.807e-06 0.02555 Svil Intergenic

chr20 10667483 10667677 195 4 0.2299 1.707e-05 0.04748 Sik1 Intergenic

Table B.5: FDR-significant DMGs in Amy Male Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation

chr19 42858205 42858287 83 12 -0.285 1.138e-15 1.11e-10 Zfhx3 Predicted Gene
chr15 24580323 24580388 66 5 0.419 2.082e-12 9.337e-08 Atg14 Intergenic

chr10 13655972 13656048 77 9 0.4678 2.541e-09 6.201e-05 Ccnf Other Intron
chr5 147222994 147223096 103 8 -0.03 7.177e-09 0.0001488 Rnf19b Intergenic

chr4 10170986 10171083 98 4 -0.426 5.466e-08 0.0008503 Lrrc17 Intergenic

chr13 98698799 98698903 105 17 0.378 9.784e-08 0.001373 Itpkb Other Exon

chr9 65763540 65763638 99 19 0.2473 1.037e-07 0.001437 Stradb Promoter
chr10 98719656 98719709 54 9 0.5133 1.56e-07 0.001981 Map2k6 First Intron

chr17 36585572 36585624 53 4 0.5273 6.21e-07 0.00648 Cdkal1 Predicted Gene
chr12 48131683 48131757 75 8 0.2599 1.13e-06 0.01024 Foxn4 Other Intron
chr3 172424925 172424989 65 11 0.318 1.675e-06 0.01354 Gnas Other Intron
chr15 69391491 69391546 56 6 -0.51 1.945e-06 0.01527 Diaph3 Intergenic

chr16 6954101 6954172 72 7 -0.359 1.988e-06 0.01551 Mustn1 Other Intron
chr19 30819908 30819983 76 8 -0.397 2.98e-06 0.02112 Gab1 First Intron
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Table B.5: FDR-significant DMGs in Amy Male Dataset. (Continued)
chr12 48760822 48760935 114 11 0.2453 3.194e-06 0.02235 Cmklr1 Intergenic

chr18 6591931 6591996 66 5 0.4329 3.719e-06 0.02478 Rpl39 Intergenic

chr12 43921147 43921220 74 10 0.3655 3.934e-06 0.0258 Spring1 3’ UTR

chr5 21853929 21853991 63 6 0.4053 5.806e-06 0.03482 Chd7 Predicted Gene
chr12 24762281 24762345 65 5 -0.309 8.759e-06 0.0476 Cldn4 Promoter

Table B.6: FDR-significant DMGs in Amy Female Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr9 70039943 70040117 175 10 -0.684 1.009e-22 2.648e-17 Gpr1 Intergenic

chr14 79444817 79445068 252 43 -0.264 4.303e-11 1.843e-06 Tada2b Promoter
chr17 8451276 8451328 53 4 -0.678 5.007e-11 2.086e-06 Tgfbi Intergenic

chr9 15241718 15241785 68 5 -0.435 1.147e-09 3.31e-05 Tfeb Intergenic

chr9 18230321 18230398 78 7 0.3728 8.645e-09 0.0001787 Znrd1as Intergenic

chr14 111139387 111139466 80 29 -0.718 1.061e-08 0.0002055 Vrk2 Intergenic

chr2 161553498 161553566 69 13 -0.439 1.29e-08 0.0002472 Shox2 Intergenic

chr16 8830796 8830858 63 7 -0.38 1.758e-08 0.0003161 Drgx Other Intron

chr6 126673242 126673293 52 12 -0.407 3.694e-08 0.0005932 Ubr7 Other Intron
chr14 33026545 33026608 64 4 0.3544 6.653e-08 0.000946 Rpl39 First Intron

chr15 89382144 89382221 78 4 -0.373 2.224e-07 0.002506 Ndfip2 Intergenic

chr8 60920274 60920326 53 5 0.403 2.608e-07 0.002841 Tspan3 Other Exon

chr3 71170490 71170570 81 9 -0.317 3.653e-07 0.003776 Itgav Predicted Gene

chr9 115016687 115016776 90 5 0.383 4.147e-07 0.004228 Rab12 Other Intron
chr1 267663882 267663971 90 7 0.5668 6.165e-07 0.005721 Mir3584 Intergenic

chr8 47217034 47217094 61 11 0.1797 1.414e-06 0.01027 Grik4 Intergenic

chr14 82574556 82574625 70 5 -0.357 2.149e-06 0.01398 Uvssa Intergenic

chr17 89232508 89232589 82 4 0.5219 2.273e-06 0.0146 Gad2 Other Intron
chr17 36585572 36585624 53 4 -0.371 2.428e-06 0.0153 Cdkal1 Predicted Gene
chr4 147000709 147000765 57 7 0.4254 2.781e-06 0.01684 Syn2 Intergenic

chr18 71193033 71193132 100 6 0.3659 2.857e-06 0.01718 Dym Other Intron

chr17 6206247 6206317 71 5 0.3762 3.856e-06 0.02156 Ntrk2 Other Intron
chr2 28194004 28194084 81 4 -0.294 3.952e-06 0.02193 Utp15 Intergenic

chr19 58216753 58216815 63 11 0.1949 4.312e-06 0.02317 Sipa1l2 Intergenic

chr19 49953411 49953493 83 8 -0.283 5.417e-06 0.02753 Plcg2 Other Intron

chr8 120403024 120403106 83 5 -0.311 5.949e-06 0.02927 Mir128-2 Other Exon
chr19 59039122 59039177 56 11 -0.324 6.36e-06 0.03035 Kcnk1 Intergenic

chr6 96500147 96500217 71 4 -0.577 6.88e-06 0.03191 Prkch First Intron
chr17 20975502 20975559 58 6 -0.363 6.999e-06 0.03214 LOC690414 Intergenic

chr13 37416600 37416652 53 11 -0.286 7.312e-06 0.03315 Ccdc93 Other Intron
chr2 203874666 203874733 68 11 -0.456 7.595e-06 0.03411 Igsf3 First Intron

chr14 83733154 83733208 55 4 -0.528 8.519e-06 0.03645 Pla2g3 Other Intron

chr2 113988409 113988468 60 5 -0.266 1.031e-05 0.04186 Tnik First Intron
chr11 24488214 24488311 98 4 -0.37 1.086e-05 0.04362 App Other Intron

chr6 11936532 11936631 100 7 -0.37 1.15e-05 0.04542 Fbxo11 Intergenic

chr3 162530611 162530667 57 5 -0.204 1.163e-05 0.0457 Zmynd8 Other Intron

chr16 20726678 20726759 82 9 -0.258 1.253e-05 0.04814 Crtc1 Other Exon

Table B.7: FDR-significant DMGs in CPu Male Dataset (TOP 50).
chr start end length nCG MethDiff p-value FDR SYMBOL annotation

chr10 72065909 72066007 99 10 0.2756 3.163e-42 6.304e-37 Mrm1 Intergenic

chr19 54585160 54585371 212 8 -0.602 1.639e-33 1.942e-28 Jph3 Other Intron

chr7 11688044 11688118 75 10 -0.57 1.898e-29 1.665e-24 Timm13 Other Exon
chr19 42858205 42858287 83 12 -0.26 3.945e-28 3.035e-23 Zfhx3 Predicted Gene
chr17 33937154 33937220 67 8 0.4454 1.771e-18 6.694e-14 Foxc1 Other Intron
chr9 63783004 63783127 124 15 -0.156 8.764e-18 3.05e-13 Satb2 Intergenic

chr20 7474275 7474374 100 4 0.7049 2.314e-17 7.572e-13 Taf11 Downstream (2-3kb)

chr1 52687419 52687473 55 5 0.649 4.842e-17 1.561e-12 Pde10a Intergenic

chr7 125879618 125879672 55 7 -0.39 1.377e-16 4.344e-12 RGD1304694 First Intron
chr5 153918568 153918639 72 5 0.4723 4.799e-16 1.451e-11 Grhl3 First Intron
chr9 13272297 13272360 64 5 -0.516 9.745e-16 2.811e-11 Kif6 Predicted Gene
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Table B.7: FDR-significant DMGs in CPu Male Dataset (TOP 50). (Continued)
chr10 55851181 55851261 81 7 0.2811 4.454e-15 1.159e-10 Gucy2d Promoter

chr1 36573998 36574088 91 4 0.4447 1.275e-14 2.912e-10 Tent4a Intergenic

chr6 21481472 21481682 211 6 0.761 1.424e-14 3.169e-10 Ltbp1 Other Intron

chr13 53739442 53739536 95 21 0.4367 2.447e-14 5.234e-10 Nr5a2 Intergenic

chr17 9835275 9835364 90 5 -0.162 1.034e-13 2.024e-09 Rab24 Promoter
chr3 172376574 172376649 76 9 -0.33 1.092e-13 2.129e-09 Gnas Promoter
chr8 68589834 68589893 60 6 0.1953 1.37e-13 2.635e-09 Aagab Other Exon

chr5 166900867 166900932 66 9 0.4006 1.488e-13 2.837e-09 AABR07050484.1 Predicted Gene
chr19 47439183 47439266 84 13 -0.09 1.839e-13 3.418e-09 Wwox Intergenic

chr14 104891325 104891469 145 16 -0.14 2.365e-13 4.303e-09 Sertad2 Intergenic

chr7 27348408 27348469 62 5 -0.494 4.298e-13 7.419e-09 Nt5dc3 Other Intron
chr19 53988907 53988975 69 5 0.3408 5.524e-13 9.316e-09 Gins2 Intergenic

chr5 156271054 156271153 100 8 -0.649 1.468e-12 2.251e-08 Ece1 Other Intron
chr20 20529064 20529150 87 13 0.3663 1.746e-12 2.586e-08 Cdk1 Intergenic

chr17 36585572 36585624 53 4 0.6726 5.56e-12 7.129e-08 Cdkal1 Predicted Gene
chr20 9724883 9724978 96 9 0.4468 8.121e-12 9.837e-08 Abcg1 Intergenic

chr19 56556667 56556731 65 5 0.3105 1.321e-11 1.49e-07 Rab4a Intergenic

chr4 66336551 66336607 57 7 -0.615 1.427e-11 1.58e-07 Luc7l2 Other Intron
chr4 174251140 174251286 147 6 0.3866 1.475e-11 1.625e-07 Capza3 Intergenic

chr13 94913939 94913990 52 8 -0.505 1.561e-11 1.707e-07 Sdccag8 Other Exon

chr10 94162525 94162624 100 17 -0.04 8.811e-11 8e-07 Ace Intergenic

chr14 70268903 70269015 113 5 -0.532 1.067e-10 9.394e-07 Qdpr Intergenic

chr10 11026371 11026425 55 4 0.4999 1.104e-10 9.647e-07 Hmox2 First Intron
chr8 130009395 130009469 75 17 0.4496 1.35e-10 1.127e-06 Trak1 Promoter
chr10 36169469 36169523 55 6 0.2362 1.964e-10 1.578e-06 Adamts2 Other Intron
chrX 53847643 53847698 56 6 0.2457 2.328e-10 1.833e-06 LOC100363193 Intergenic

chr9 98779983 98780067 85 8 0.3734 4.076e-10 2.974e-06 Asb1 Intergenic

chr3 162445940 162446044 105 10 0.4421 4.313e-10 3.131e-06 Eya2 Other Exon

chr7 140281865 140281941 77 10 0.4966 4.438e-10 3.17e-06 Adcy6 Other Exon

chr18 63128265 63128318 54 5 0.5895 5.268e-10 3.68e-06 Tubb6 Intergenic

chr1 193169004 193169091 88 6 -0.59 5.687e-10 3.909e-06 Slc5a11 Intergenic

chr6 41995476 41995547 72 5 0.4964 9.417e-10 5.883e-06 Greb1 Predicted Gene
chr10 97225747 97225830 84 7 0.2957 1.037e-09 6.38e-06 Axin2 Other Intron
chr1 143679488 143679558 71 9 -0.482 1.288e-09 7.759e-06 Tm6sf1 Other Intron
chr19 40706156 40706230 75 6 -0.499 1.47e-09 8.605e-06 Il34 Intergenic

chr7 137420946 137421059 114 10 -0.218 2.895e-09 1.556e-05 Ano6 Intergenic

chr2 127247633 127247713 81 7 0.5118 3e-09 1.597e-05 Hspa4l Intergenic

chr12 52205295 52205372 78 7 0.2523 2.986e-09 1.597e-05 Galnt9 Intergenic

chr6 132385221 132385298 78 12 0.3482 3.274e-09 1.711e-05 Eml1 Other Intron

Table B.8: FDR-significant DMGs in CPu Female Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation

chr10 7291639 7291703 65 13 0.2588 5.763e-11 2.497e-06 Tmem114 Other Intron
chr10 43249456 43249563 108 7 -0.425 1.425e-09 3.91e-05 Hand1 Downstream (1-2kb)

chr19 42858205 42858287 83 12 0.212 1.233e-07 0.001861 Zfhx3 Predicted Gene
chr9 115016687 115016775 89 4 0.5261 5.875e-07 0.006964 Rab12 Other Intron
chr12 23070866 23070940 75 7 -0.227 8.436e-07 0.009268 Col26a1 Intergenic

chr16 11298945 11299030 86 8 -0.27 9.832e-07 0.01038 Mir346 Other Exon
chr4 133484777 133484857 81 9 0.2293 9.934e-07 0.01039 Ppp4r2 Intergenic

chr11 87975116 87975184 69 4 -0.355 3.584e-06 0.02746 Hic2 Intergenic

chr16 19273892 19273976 85 11 0.3273 3.795e-06 0.02824 Ap1m1 Intergenic

chr7 41267601 41267657 57 6 -0.513 6.9e-06 0.04531 Galnt4 Intergenic

chr12 39979992 39980052 61 6 0.3862 7.181e-06 0.04662 Myl2 Intergenic

chr2 1530656 1530781 126 7 -0.294 7.49e-06 0.04809 Cast Other Intron

Table B.9: FDR-significant DMGs in Blood Male Dataset.
chr start end length nCG MethDiff p-value FDR SYMBOL annotation

chr19 42907302 42907388 87 6 0.6848 2.047e-49 1.004e-43 Zfhx3 Predicted Gene
chr7 13293051 13293101 51 4 0.4845 1.503e-32 3.881e-27 Olr1073 Intergenic
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Table B.9: FDR-significant DMGs in Blood Male Dataset. (Continued)
chr1 45984407 45984473 67 8 -0.423 1.228e-19 9.562e-15 Arid1b Predicted Gene

chr19 42858205 42858311 107 13 -0.387 6.06e-18 3.417e-13 Zfhx3 Predicted Gene
chr13 99982151 99982204 54 7 0.5531 1.596e-16 7.528e-12 AABR07021945.1 Predicted Gene
chr12 48403977 48404077 101 13 -0.346 4.125e-16 1.745e-11 Ssh1 Predicted Gene
chr12 48131683 48131757 75 8 0.3891 1.317e-15 5.209e-11 Foxn4 Other Intron
chr5 25002955 25003020 66 11 0.4733 1.215e-13 3.485e-09 Virma Intergenic

chr1 61862655 61862743 89 9 0.4548 5.997e-12 1.186e-07 Zfp52 Intergenic

chr14 5880932 5881019 88 7 0.2096 1.714e-10 2.449e-06 Abcg3 Other Intron

chrX 37602836 37602898 63 7 0.6069 3.789e-10 5.092e-06 Eif1ax Intergenic

chr2 84361566 84361631 66 7 0.5706 3.724e-09 3.83e-05 Ankrd33b Other Exon
chr1 15755328 15755408 81 15 -0.439 7.075e-09 6.636e-05 Bclaf1 Intergenic

chr10 109098645 109098733 89 10 -0.403 1.263e-08 0.0001103 AABR07030914.1 Predicted Gene
chrY 2349681 2349756 76 6 0.4579 1.607e-08 0.0001366 Usp9y Intergenic

chr5 168872380 168872447 68 5 0.4469 1.932e-08 0.0001618 Camta1 Other Intron
chr12 48760601 48760877 277 25 0.2692 4.509e-08 0.0003347 Cmklr1 Intergenic

chr4 52984051 52984108 58 5 0.1289 4.998e-08 0.000366 Tmem229a Intergenic

chr7 70907450 70907506 57 7 0.3739 5.02e-08 0.0003667 Lrp1 Other Intron

chr2 198546100 198546175 76 10 -0.753 7.762e-08 0.0005363 Fcgr1a Intergenic

chr4 61378734 61378797 64 11 0.3185 1.932e-07 0.00116 Lrguk Intergenic

chr17 27861843 27861906 64 5 0.4711 3.482e-07 0.001913 LOC100909970 Intergenic

chr12 40301275 40301349 75 5 0.5626 4.699e-07 0.002457 Atxn2 Predicted Gene
chr20 17189796 17189855 60 4 0.5318 5.637e-07 0.002854 Zwint Intergenic

chr5 49820935 49820991 57 7 0.8671 7.567e-07 0.0036 Akirin2 Intergenic

chr10 90335539 90335620 82 13 0.3268 9.207e-07 0.004206 Rundc3a Intergenic

chr5 129760830 129760924 95 9 -0.314 1.356e-06 0.005761 Dmrta2 Intergenic

chr11 1773026 1773096 71 7 0.6199 1.509e-06 0.006256 AABR07033020.1 Predicted Gene
chr12 47202884 47202960 77 7 0.4427 1.528e-06 0.006316 Cabp1 Other Intron

chr5 161684149 161684220 72 10 -0.25 3.105e-06 0.01095 Prdm2 Intergenic

chr11 10972791 10972869 79 4 0.6873 3.789e-06 0.01277 Robo2 Intergenic

chr2 100600232 100600304 73 5 0.3475 3.923e-06 0.01313 Ythdf3 Intergenic

chr10 70907381 70907451 71 4 0.6598 4.03e-06 0.01338 Ccl4 Intergenic

chr3 33540442 33540506 65 5 0.3365 4.603e-06 0.01489 Epc2 Intergenic

chr12 48302989 48303199 211 27 0.2723 4.842e-06 0.01551 Svop First Intron

chr4 131830670 131830795 126 12 -0.296 5.773e-06 0.01793 Foxp1 Intergenic

chr12 37139797 37139889 93 14 0.09047 6.287e-06 0.01911 Ccdc92 Intergenic

chr15 69391491 69391546 56 5 -0.65 7.317e-06 0.02148 Diaph3 Intergenic

chrX 71159595 71159670 76 9 -0.339 9.83e-06 0.027 Foxo4 Other Exon
chr19 42921352 42921417 66 8 0.2812 9.861e-06 0.02705 Glg1 Intergenic

chr1 277821228 277821291 64 5 0.322 1.223e-05 0.03212 Afap1l2 First Intron

chr12 11215490 11215573 84 17 -0.263 1.288e-05 0.0335 Cpsf4 Promoter

chr13 94495456 94495536 81 5 -0.258 1.702e-05 0.0414 Pld5 Intergenic

chr16 65008700 65008764 65 7 0.4726 1.808e-05 0.04304 Dusp26 Intergenic

Table B.10: FDR-significant DMGs in Blood Female Dataset (TOP 50).
chr start end length nCG MethDiff p-value FDR SYMBOL annotation
chr6 108035191 108035321 131 8 0.2859 4.154e-35 9.444e-30 Zfp410 First Intron

chr9 117116533 117116592 60 5 0.5753 3.333e-19 1.939e-14 Tmem200c Intergenic

chr5 155830242 155830309 68 4 -0.599 5.114e-19 2.842e-14 AABR07073181.1 Predicted Gene
chr1 243290159 243290213 55 4 -0.562 1.374e-16 5.052e-12 Kank1 First Intron
chr9 70039943 70039993 51 5 -0.418 1.802e-14 4.924e-10 Gpr1 Intergenic

chr11 30127610 30127663 54 7 -0.453 2.693e-14 7.015e-10 Tiam1 Intergenic

chr12 19485913 19486009 97 10 -0.467 3.877e-14 9.804e-10 Lamtor4 Intergenic

chr5 152678730 152678789 60 5 0.5901 2.172e-13 4.527e-09 Stmn1 Intergenic

chr20 6699745 6700038 294 9 0.1143 3.014e-13 5.982e-09 Mln Other Intron
chr20 10596188 10596259 72 15 0.2913 3.081e-12 4.786e-08 LOC102554931 Predicted Gene
chr8 119539330 119539393 64 5 -0.401 4.742e-12 6.976e-08 Epm2aip1 Intergenic

chr19 42858205 42858287 83 12 0.2832 7.122e-12 1.003e-07 Zfhx3 Predicted Gene
chr4 58679596 58679664 69 5 0.3892 7.818e-12 1.083e-07 Mkln1 Intergenic

chr20 4964149 4964242 94 15 -0.203 8.528e-12 1.165e-07 Lsm2 Other Exon
chr6 23376910 23376988 79 5 0.5875 1.508e-11 1.917e-07 Togaram2 Predicted Gene

chr5 172751345 172751406 62 13 0.3445 1.454e-10 1.342e-06 Prkcz Other Intron
chr10 45665805 45665869 65 9 0.2316 2.077e-10 1.829e-06 Wnt9a First Intron
chr8 22056892 22056979 88 15 0.38 2.698e-10 2.299e-06 Icam5 Other Exon
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Table B.10: FDR-significant DMGs in Blood Female Dataset (TOP 50).
(Continued)

chr5 74750653 74750704 52 7 -0.318 3.837e-10 3.1e-06 Palm2 Other Intron
chr8 45255614 45255702 89 4 0.2333 4.448e-10 3.495e-06 Crtam Other Intron
chrX 118794955 118795044 90 6 -0.386 4.901e-10 3.789e-06 Pls3 Intergenic

chr7 121800864 121801070 207 4 0.0001843 5.53e-10 4.198e-06 Grap2 First Intron

chr5 22186303 22186356 54 5 0.4427 8.388e-10 6.072e-06 Lnc056 Intergenic

chr20 4573832 4573893 62 12 -0.664 1.257e-09 8.589e-06 Zbtb12 Promoter
chr5 59080360 59080440 81 16 -0.659 1.596e-09 1.057e-05 Gba2 Promoter
chr3 12524240 12524731 492 9 0.03775 1.677e-09 1.105e-05 Zbtb43 Intergenic

chr10 106259411 106259471 61 7 0.4695 2.023e-09 1.293e-05 Septin9 Other Intron

chr2 205160866 205160950 85 13 -0.52 2.47e-09 1.526e-05 Tspan2 Promoter

chr2 22705589 22705669 81 5 -0.532 3.113e-09 1.843e-05 Cmya5 Predicted Gene

chr14 83566924 83566975 52 8 0.3607 3.128e-09 1.85e-05 Pik3ip1 Other Intron

chr14 104726278 104726353 76 7 -0.409 3.368e-09 1.968e-05 Sertad2 Intergenic

chr7 4568 4650 83 7 0.6089 4.177e-09 2.366e-05 Stx19 Intergenic

chr13 110747636 110747742 107 17 -0.46 5.754e-09 3.092e-05 Rd3 Predicted Gene
chr1 79921862 79921932 71 6 0.5848 7.264e-09 3.761e-05 Foxa3 Other Exon
chr16 45183026 45183087 62 4 -0.53 7.979e-09 4.064e-05 Tenm3 Intergenic

chr1 80496137 80496232 96 35 -0.151 1.297e-08 6.115e-05 Gemin7 Other Exon
chr1 126757425 126757518 94 5 0.01259 2.076e-08 9.173e-05 Pcsk6 Other Intron
chr13 68874432 68874484 53 5 -0.18 2.585e-08 0.000111 Rnf2 Intergenic

chr6 808179 808281 103 11 0.4392 3.883e-08 0.0001565 Crim1 First Intron
chr5 119775970 119776028 59 9 -0.509 5.142e-08 0.0001991 Raver2 Other Intron
chr1 16776692 16776755 64 11 -0.475 5.529e-08 0.0002106 Hbs1l Intergenic

chr8 69484266 69484325 60 7 -0.72 9.686e-08 0.0003334 Eola2 Promoter
chr4 100350600 100350654 55 7 0.4141 1.23e-07 0.0004094 Mat2a Intergenic

chrX 84658014 84658081 68 17 -0.225 1.275e-07 0.0004216 Mir361 Intergenic

chr2 186076443 186076530 88 7 -0.08 1.358e-07 0.0004442 Dclk2 Other Intron
chr10 106861311 106861398 88 5 -0.468 1.593e-07 0.0005032 Birc5 Other Intron
chr15 44309956 44310082 127 8 0.09676 1.713e-07 0.0005363 Cdca2 Intergenic

chr20 7956908 7956973 66 5 -0.364 1.88e-07 0.0005791 Tulp1 Intergenic

chr3 8701428 8701491 64 5 0.7375 1.908e-07 0.0005859 Zer1 Intergenic

chr10 107552248 107552304 57 6 -0.02 1.965e-07 0.0005992 Rbfox3 Intergenic
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