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ABSTRACT

GENOME-WIDE LOCALISATION ANALYSIS FOR IRF4
TARGET GENE IDENTIFICATION IN MELANOMA
CELL LINES

Interferon Regulatory Factor 4 (IRF4) is a key transcription factor in devel-
opment and function of immune cells. Also it has been shown that elevated TRF4
expression is a key factor for survival in some myeloid and lymphoid cancers. Recently,
studies have shown IRF4 expression also in non-immune cells and malignancies such
as melanocytes and melanoma. Studies from our lab and elsewhere demonstrated el-
evated expression levels of IRF4 is critical for melanocytes and melanoma cell lines.
There is lack of knowledge about IRF4 regulated genes in melanoma, so we aimed
at identification of its localization genome-wide using high-throughput sequencing of
immunoprecipitated chromatin (ChIP-seq). First, we established and optimized ChIP-
qPCR (Chromatin immunoprecipitation coupled with quantitative polymerase chain
reaction) experiments in our lab and confirmed several IRF4 binding regions in different
loci such as Tyrosinase, a key developmental gene in melanocytes. Then, we performed
ChIP-seq to identify IRF4 target genes genome-wide in a melanoma cell line. We set
up a bioinformatics pipeline and analysed the ChIP-seq data to find putative IRF4
binding regions and their associated genes. Afterwards, we characterized DNA mo-
tifs,associated genes, pathways and biological processes. Our results integrated with
previous RNA-seq data suggests that IRF4 is regulating genes related to cell cycle and

proliferation, and in cellular transport system.



OZET

IRF4 HEDEF GENLERININ MELANOM HUCRE
HATLARINDA TANIMLANMASI AMACIYLA GENOM
DUZEYINDE LOKALIZASYON ANALIZI

Interferon diizenleyici faktor 4 (IRF4), bagigiklik sistemi hiicrelerinin fonksiyon-
larinda ve gelisimde 6nemli rol oynar. Ayrica, IRF4 anlatimindaki artigin, bazi miyeloid
ve lenfoid kanserlerinin hayatta kalmasinda etkili bir faktor oldugu gosterilmistir. TRF4
anlatiminin melanosit ve melanom gibi immiinolmayan hiicrelerde ve tiimorlerde de
mevcut oldugu gosterilmistir. Bizim laboratuvarimizda ve baska yerde yapilan aragtirmalar,
yiiksek seviyedeki IRF4 anlatiminin melanosit ve melanom hiicre hatlarinin yagamsal
faaliyetleri icin kritik oldugunu gostermistir. Melanomda IRF4 tarafindan diizenlenen
genler konusunda bildiklerimiz oldukea kisith oldugu i¢in Kromatin Immiingoktiirme-
yiiksek kapasiteli DNA dizilemesi (ChIP-seq) kullanarak IRF4’iin genom diizeyindeki
lokalizasyonunu tanimlamay1 hedefledik. Laboratuvarimizda ilk olarak ChIP-kantitatif
PCR (ChIP-qPCR) methodunu kurup optimize ederek farklh bolgelerde birkag IRF4
baglanma bolgesi tespit ettik. Melanosit gelisimi i¢in énemli bir gen olan tirozinaz bu
bolgelerde bir 6rnek tir. Sonrasinda, genom diizeyindeki hedef bolgeleri belirleyebilmek
igin bir melanom hiicre hattinda ChIP-seq uyguladik. Biyoinformatik yontemler ile
ChIP-seq verisini analiz ederek genome iizerinde IRF4 baglanmasi gosteren bolgeleri,
DNA baglanma motifelerin ve iligkili genleri bulduk. Sonraki adimda iligkili genlerin,
yolaklarin ve biyolojik siireclerin, tanimlanmasini yaptik. Onceki RN A-seq verileri ile
birlestirildiginde bizim sonuclarimiz, IRF4'un hiicre dongiisii ve proliferasyon ile iligkili

genleri, ve hiicre i¢i tagima sistemini diizenledigini onermektedir.
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1. INTRODUCTION

1.1. Overview of Cancer

Cancer is caused by irregular and unrestrained growth and proliferation of cells
which is consequence of accumulation of genetical and epigenetic alterations in the
genome. The cells evade cell cycle controls, cell death and senescence, and initiate
invasion and metastasis. In Figure 1.1, Hanahan and Weinberg’s hallmarks of the

cancer are shown [1] .
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Figure 1.1. Hallmarks of Cancer (Adapted from [1]).

The most vital and key ability of a cancer cell is to sustain constitutive prolifera-
tion and skip its negative regulators. Cancer cells deregulate growth and proliferation

promoting signals. One of the ways to achieve unregulated proliferation is to produce



growth factor ligands themselves. Also another way to promote mitogenic signaling
is through increasing receptor protein levels and altering their structure, so they will
be constitutively active [1]. One of the most famous deregulated receptors is Recep-
tor Tyrosine Kinase (RTK) which becomes active and fire signals whether a ligand is
present or not. This constitutive activity is due to a somatic mutation which alters
RTK structure in a way that it is activated independent of its ligand which are growth
signal molecules. Then Ras signaling pathway gets activated which can activate Myec,
one of the key oncogenes in various cancers, therefore Ras pathway constitutes one of

the main players of proliferation circuit [7].

There are different intrinsic cellular mechanisms in order to control proliferation
rates. One of these ways is the use of negative feedback mechanisms that diminish
proliferation promoting signals. Cancer cells need to deregulate and inactivate these
pathways whether through suppressing the related genes or altering structure of the
functional protein. In cancer cells these negative signals are diminished, thus enhancing
proliferation signals. For instance, PTEN phosphatase, whose activity leads to negative
regulation of proliferation, degrades phosphatidylinositol (3, 4, 5) triphosphate (PIP3)
in PI3K signaling pathway. In cancer cells, there are loss-of-function mutations or DNA
hypermethylation at the promoter of PTEN, either of which leads to its inactivation.
Consequently, PTEN inactivation will increase PI3K signaling and promote tumori-
genesis [8]. Another example of intrinsic cellular defensive mechanism is senescence.
In healthy cells, if excessive proliferation signals are induced, cells go through senes-
cence, which is a state of the cells in which they cease dividing and their morphology
changes. During senescence cells show flattened shapes and their senescence-associated
[-galactosidase staining assays are positive. In order to avoid senescence and cell death,
cancer cells either have to compromise between the maximum amount of mitogenic sig-
nals to continue proliferation while at the same time avoid senescence, or they should
adapt to the conditions of increased levels of mitogenic stimulation through elevated
amount of oncoproteins like Raf, Myc and Ras and also inactivate their senescence,
and even apoptosis signals. As a result the cancer cells would survive and continue

proliferation.



In healthy cells, when there is DNA damage or defect in cell cycle, cells with
the help of numerous proteins such as some tumor suppressor genes activate the apop-
tosis, temporary cell cycle arrest, or senescence pathway. Other common key tumor
suppressor genes that are deactivated in cancer cells are TP53 and RB (retinoblastoma-
associated). Both of these proteins, when the conditions for progression of cell cycle
into growth and proliferation are not given, take action and call a halt in the cell
cycle. Unfavorable conditions can either be due to environmental stress such as hy-
poxia, ultraviolet radiation or to genome damages. Cancer cells need to circumvent
the effect of these proteins on proliferation through inactivating them via deletion or

loss-of-function mutations [9, 10].

The next step for cancer cells is invasion and metastasis into other tissues. For
invasion and metastasis cancer cells need to interact with other cells in their tumor
microenvironment in order to acquire the capability of invasive growth. Usually this
event happens through epithelial-mesenchymal transition (EMT). One of the key steps
of EMT is diminishing cell-cell adhesion. Cancer cells in crosstalk with adjacent cells,
and with the help of proteases in the stroma, degrade cell-cell adhesion related proteins
like E-cadherin in order to facilitate invasion and migration. In cancer cells, E-cadherin
is downregulated and sometimes it is inactivated through mutation [11]. To promote
EMT, carcinoma cells activate various EMT-related transcription factors such as Snail,
Slug, Twist, and Zebl/2. Dependent on tumor type, different sets of these proteins
are expressed in order to program and orchestrate invasion and metastasis [12]. By
alteration and deregulation of different proteins involved in cell-cell adhesion and with
the help of their tumor-microenvironment and adjacent cells, carcinoma cells promote
their migratory and invasive capabilities in the invasion-metastasis cascade and start
migration through the circulatory system to distant sites and invade other tissues and

organs.



1.2. Melanoma

1.2.1. Overview of Melanoma

Melanoma is one of most aggressive and lethal kind of skin cancer with increasing
incidents worldwide. Melanoma is causing about 75% of deaths related to skin cancer
and with an incidence of 15-25 per 100,000. Despite efforts for early detection and
prevention, approximately 20% of patients with melanoma die from their disease [13].
The underlying reason on high lethality of melanoma relative to other skin cancers is

related to its high metastatic potential and resistance to therapy.

Cutaneous subtype of melanoma is caused by the transformation of skin melan-
ocytes (pigment-producing cells) accumulating genetic and epigenetic alterations. The
transformation of melanocytes start with formation of nevi which are benign neoplasms.
Then the cells with accumulating genetical alterations acquire horizontal growth ability,
or as it is called radial growth phase (RGP) of melanoma. This state is the primary
malignant phase. Next step is the growth in vertical manner, the vertical growth phase
(VGP) 1.2. In this stage melanoma cells will attain the ability to migrate and initiate

invasion and metastasis [2].

e "
Tl T - ) -
- - . 2 - - ® Aot - = . -
- - e et et - ok Cy, L - -
o AT S % > . 1 T LA
o ob - - - s = - .
e n:‘ R - - . N
. .

= ’ <
_Radial ~ _Vertical
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Figure 1.2. From melanocytes to melanoma. It starts with nevus and then transforms

into radial growth phase and then goes to vertical growth phase and proceed with

invasion and metastasis (Adapted from [2]).

1.2.2. Common Deregulated Pathways of Melanoma

In tumorigenesis and progression of cancer, various genetic and epigenetic alter-

ations are involved in proliferation and metastasis (Section 1.1, [1]). Also in melanoma



genetic abnormalities in different pathways such as MAPK and PI3K pathways are ac-
countable for the transformation of melanocytes to melanoma cells. Deregulation and
over-activation in such pathways leads to abnormal proliferation and growth phase and

eventually it can cause metastasis.

MAPK (Mitogen-activated protein kinase) pathway is responsible for regulation
of cell proliferation, invasion, migration and survival in melanoma cells [14]. Alterations
in membrane receptors or mutations in RAS or BRAF will lead to MAPK signaling
pathway to be constitutively activated. Mutation in BRAF is seen in about 60%
of melanoma patients, with a valine to glutamic acid substitution (V600E), triggering
ligand-independent kinase activation. In 20% of melanomas, a point mutation of NRAS
occurs which causes substitution of Q61R (glutamine to arginine) or Q61K (glutamine
to lysine) [15]. Mutations in NRAS make it constitutively active. BRAFV600E is
the hyperactive form of BRAF with increased kinase activity. Downstream targets of
these proteins are MEK1/2 and ERK1/2 proteins which are known activating signals

for transcription factors related with proliferation, survival and tumor growth [16,17].

NRAS and BRAF mutations are not sufficient for the progression of melanoma so
their alteration will combine and accumulate with other genetic and epigenetic changes
in the genome such as inactivation of PTEN, tumor-suppressor gene, in order to activate

the invasion-metastasis cascade [17,18].

Despite the lower mutation frequency in melanoma patients compared to BRAF
and MAPK pathways, PI3K signaling pathway is one of the major activated pathways
in different melanoma tumor samples and has various downstream effectors such as
AKT, mTOR, NF-£B, p53, and others, all possibly leading to a more aggressive cancer
phenotype. Although PTEN is mutated in 4% of all melanoma samples, studies show
that in about 44% of BRAF-mutated melanoma samples PTEN mutation, gene deletion
or promoter methylation are present. Loss of PTEN will lead to activation of PI3K
signaling pathway. The downstream targets of PTEN and PI3K signaling pathway are
transcription factors such as microphthalmia-associated transcription factor (MITF)

which is master regulator and one of the key genes in melanocyte development. As it



is shown in Figure 1.3 . PI3K pathway downstream effectors are involved in cell growth

and survival [17].
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Figure 1.3. Common deregulated pathways in melanoma (Adapted from [2]). Yellow
thunderbolt shapes show the common altered proteins and violet highlight designate

the proteins with potential of being targeted by drugs.

Another important gene in melanoma which gets inactivated is CDKN2A. Inac-
tivation of CDKN2A important for cells to avoid senescence. CDKN2A is a tumor-
suppressor gene which encodes for two different cyclin-dependent kinase inhibitor pro-
teins through alternative splicing: pl6/V%4? which negatively regulates CDK4 and
therefore activation of Rb protein, and pl44%F which is responsible for P53 acti-
vation via inhibition of MDM2 [16,19]. Loss of pl4Af gene causes a decrease in
P53 levels in the cell and thus, leads to cell survival. Previous studies have demon-
strated combining N RASQS'X mutation and loss of p16/¥54 is adequate to stimulate
melanoma formation in mice [20]. The master regulator of melanocyte development,

Microphthalmia-associated transcription factor (MITF), plays critical role in melano-



genesis and melanin synthesis. Downstream targets of MITF are genes such as Ty-
rosinase (TYR), Tyrosinase-related protein 1 (TRYP1) and Dopachrome tautomerase
or tyrosine-related protein 2 (DCT) [21]. Recent studies have shown that MITF also
plays part in proliferation and survival of melanoma cells [22,23]. Another recent study
demonstrated that during melanoma progression, depending on the phenotype of the
melanoma cell, MITF levels are changing [3]. Elevated levels of MITF lead to cell
proliferation at least by activating a gene called DIAPH1 [24]. In addition, high MITF
levels suppress BRN2 expression through transcriptional activation of miR-211. BRN2
is a transcription factor, adept of amplifying the invasive potential of melanoma cells in
vitro [25]. On the other hand, low levels of MITF is implicated in the invasive and anti-
proliferation phenotype via the activity of ROCK (Rho-associated protein kinase) [24].

Figure 1.4 demonstrates the alternation of two phenotypes based on MITF expression.
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Figure 1.4. Phenotype switching model of melanoma (Adapted from [3]).

1.3. Interferon Regulatory Factor 4 (IRF4)

1.3.1. Overview of IRF4 and its Role in Development and Disease

Interferon regulatory factor 4 (IRF4) protein is a transcription factor from IRF

(Interferon regulatory factors) family. Throughout literature IRF4 has different names



such as MUM1 (Multiple Myeloma Oncogene 1), LSIRF (Lymphocyte specific inter-
feron regulatory factor), PIP (PU.1 interaction partner) or ICSAT (Interferon con-
sensus sequence binding protein for activated T-cells). IRF4 can function either as an

activator or repressor of gene transcription in conjunction with numerous cofactors [26].

One of the first studies of IRF4 was in B cells as transcriptional regulator in
immunoglobulin production and B-cell differentiation. In this study, IRF4 knockout
mice showed immune deficient characteristics such as abnormal lymph node and spleen
size, accumulation of immature B cells, and reduced serum concentrations of all IgG

subclasses [27].

In cells of hematopoietic origin most IRF family members are induced by inter-
ferons. IRF4, one of the exceptions, is induced by various mitogenic stimuli. These
stimuli include: antigen receptor engagement, lipopolysaccharides and CD40 signaling
and cytokine signaling. The common point between all these stimuli is that they ac-
tivate the NF-xB pathway which leads to activation of the IRF4 promoter via NF-xB
heterodimers. Additionally, IL-4 cytokine involving STAT6 transcription factor can
activate IRF4 [27,28].

Depending on the lineage and stage of development of hematopoietic cells, vari-
able levels of IRF4 expression were observed. Mitf transcription factor represses IRF4
expression in naive B cells leading to prevention from spontaneous plasma cell dif-
ferentiation. Consequently, when Mitf function is defective, IRF4 gets activated and

overexpressed which leads to spontaneous plasma cell differentiation [29, 30].

IRF4 is also a key factor in T-helper cell and myeloid-cell differentiation. In
development of Th2 and Th17 type T-helper cell family, IRF4 functions as regulator

of cytokine expression and apoptosis [31,32].

IRF4, because of its auto-inhibitory C-terminal domain, has weak DNA-binding
ability by itself. However, in B cells and T cells, IRF4 cooperates with PU.1 or SPIB
of ETS family transcription factors, leading to increased IRF4-DNA binding [33, 34].



When IRF4 partners with PU.1 or SPIB, they bind to ETS/ISRE-consensus element
(EICE), which has consensus sequence of 5 — GGAANNGAAA — 3. This sequence
includes two different motifs, the ETS binding motif (5 — GGAA—3') and IRF binding
motif (5’ —AANNGAAA-3') [26,35]. Cooperative binding of PU.1 and IRF4 increases
IRF4-DNA binding tendency by 5 folds [36]. When IRF4 interacts with E47, an E-box
binding transcription factor, their DNA binding tendency can increase up to 50-100
fold [37]. In T cells, it has been shown that cooperation of IRF4 and NFATC2 regulates
IL-4 promoter [38]. A more recent study has demonstrated that in mouse CD4*T T
cells, IRF4 and Activator Protein 1 (AP-1) co-operate and binds to AP-IRF composite
elements (AICEs) motifs (5 — TGAnTCA/GAAA —3'). BATF-JUN protein complex
family interacts with IRF4 in binding to AICE in preactivated C'D4" T cells and TH17
differentiated cells. One of the target genes of AP-1 and IRF4 cooperation is IL-10 [39].

Considering IRF4’s key role in survival and proliferation of hematopoietic cells
during development and differentiation, it might have been expected that IRF4 also
would have a key role in some of hematopoietic malignancies. One of the first studies
on the role of IRF4 in malignancies was in 1997 in multiple myeloma (MM), a plasma-
cell related cancer. In this cancer, because of the translocation (6; 14) (p25; q32)
immunoglobulin heavy chain locus is in the vicinity of IRF4 gene. Furthermore, they
observed that IRF4 is overexpressed and IRF4 has oncogenic activity in vitro which

may contribute to tumorigenesis [40].

Among various mature B-cell malignancies, IRF4 demonstrates elevated expres-
sion levels in activated B-cell-like diffuse large B-cell lymphomas (ABC-DLBCL). ABC-
DLBCL cells are results of transformation of plasmablasts, which correspond to the
post germinal center differentiation step of activated B-cells. One of key facts of ABC-
DLBCL cancer is its constitutive NF-xB pathway activation. Similar to differentiation
of B-cells, in ABC-DLBCL malignancy high IRF4 expression is regulated by the NF-xB
pathway. On the other hand, in GCB-DLBCLs (Germinal center B-cell like DLBCL),
because of low activity of NF-xB pathway, there is no detectable IRF4 expression. In
ABC-DLBCLs, IRF4 is not the only highly expressed transcription factor; in about
25% of ABC-DLBCL cases, SPIB, a partner of IRF4, levels are deregulated and highly
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amplified, and works in conjunction with IRF4 [41-43].

However, the most studied role of IRF4 in malignancies is multiple myeloma
(MM). IRF4 knockdown in MM cell lines demonstrated rapid non-apoptotic cell death
in all MM cell lines tested [44]. There are several critical metabolic pathways controlled
by IRF4 directly or by its downstream effectors such as: lipid and cholesterol biosyn-
thesis, glucose metabolism, and cell cycle progression. One of IRF4 key targets in MM
is MYC. IRF4 binds to the MYC promoter in MM cells and activates MYC. Moreover,
MYC, through a conserved intronic region, regulates IRF4 expression in a positive
autoregulatory feedback loop. MM cells have non-oncogenic addiction toward IRF4.
Non-oncogenic addiction means that MM cells, due to their genetical abnormalities,

are highly dependent on a normal cellular protein which in this case is IRF4 [45].

Controversial to the role of IRF4 in MM and ABC-DLBCLs, in Chronic myeloid
leukemia (CML, transformation of granulocytes) and B cell acute lymphoblastic leukem-
ia (B-ALL, lymphoblast origin), acute myeloid leukemia (AML, originated from myelobl-
asts) and chronic myelomonocytic leukemia (CMML, originated from hematopoietic
stem cells) IRF4 plays tumor-suppressor roles [46-48]. This situation is a result of dif-
ference between roles of IRF4 in immature immune cells verses mature immune cells.
It is likely this originates from the fact that expression of IRF4 during early stages of

B cell development results in cell-cycle arrest and growth inhibition [49].

IRF4 also has roles in myeloid lineage in particular differentiation of dendritic
cells (DC) and macrophages. IRF4 mRNA levels are elevated during differentiation
of monocytes into macrophages or dendritic cells [50]. M2 macrophages (alternatively
activated macrophages) can be activated during TH2-type responses which is character-
ized by increases in 11.-4 and other TH2 cytokines. Irf4, alongside NF-xB, JAK-STAT
pathway and others, play crucial role in the induction of M2 macrophage responses [51].
IRF4 plays a key role in development of various dendritic cell populations. IRF4 dele-
tion in DC results in decreased development and survival of CD103+CD11b+ dendritic
cells which leads to defective Th17 responses [52,53]. IRF4 also has role in modulating
Toll-like-receptor signaling (TLR) in dendritic cells. In dendritic cells, for Th2 response
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promotion, IRF4-activated IL-10 and IL-33 play a pivotal role [54,55].

For a long time, it was considered that IRF4 expression is restricted to hematopoi-
etic cells such as B lymphocytes, T lymphocytes, dendritic cells and macrophages.
Recently, it was discovered that IRF4 is expressed and has a functional role also in
non-hematopoietic origin cells. IRF4 expression has been observed in adipocytes, car-
diac tissue, central nervous system and melanocytes. In adipocytes, IRF4 stimulates
lipolysis, a process in which fat cells break down triglycerides into free fatty acids and
glycerol to produce energy during fasting conditions [56]. In a recent study, it has
been shown that expression of IRF4 promotes cardiac hypertrophy, which is a condi-
tion where the heart muscle is thickened because of pressure [57]. In CNS, Guo et al.
observed that high levels of IRF4 plays a protective role in neuronal survival through

preventing apoptosis and cell-death during ischemia and reperfusion [58].

1.3.2. IRF4 in Melanocytes and Melanoma

The first lines of evidence about expression of IRF4 expression in melanocytes was
shown in a normal foreskin melanocyte expressed sequence tag library (EST library)
[59]. Also high IRF4 mRNA expression levels is observed in melanomas in different
databases such as Oncomine [60] or Cancer Cell Line Encyclopedia [61]. In Figure 1.5,
it is clear that the only cells in epidermis expressing IRF4 mRNA are Melanocytes [62].
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Figure 1.5. IRF4 expression three different cell types, Fibroblasts, Keratinocytes and
melanocytes. Origin of this RNA-Seq data is from NIH Roadmap Epigenomics
Project. Intronic regions were shortened for a better view. The three rows at the top
shows three different IRF4 transcripts. Thick red bars represent exons. Visualization

is from UCSC Genome Browser.
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In genome-wide association studies (GWAS) in melanocytes, it has been demon-
strated that a single nucleotide polymorphism (SNP) in IRF4 fourth intronic region
(rs12203592) is associated with pigmentation phenotypes such as blue eyes, brown
hair, freckles and sun sensitivity. This SNP lies within an enhancer for IRF4 tran-
scription in melanocytes. Individuals with rs12203592 variant allele have high TRF4
expression [63,64].

In a recent study it has been demonstrated that MITF, cooperating with IRF4,
activates TYR (tyrosinase) expression in melanocytes which has a key role in melano-
genesis and melanocyte differentiation. Regarding rs12203592 SNP, the IRF4 levels
in homozygous C/C individuals are higher at both mRNA, as well as protein levels,
compared to homozygous T /T individuals. The rs12203592-C variant site harbors the
binding site for TFAP2A. As it is shown in Figure 1.6, in this site TFAP2A cooperates
with MITF to induce IRF4 expression [4].

The first evidence of IRF4 expression in melanoma was observed in G-361 cell
line [59]. Natkunam et. al study showed high IRF4 expression at protein level by
immunohistochemistry in melanoma patient samples [65]. In a later study, due to
positive staining for IRF4 in 92% of primary and metastatic melanoma patient samples,
it was suggested that IRF4 may be a potential diagnostic marker [66]. Moreover from
GWAS studies, it has been discovered that the germline SNP rs12203592 (described
above) in IRF4 predisposes individuals to melanoma and other skin cancers [63,67,68].
However, the mechanisms underlying IRF4 expression and its role in melanoma survival
is yet to be determined. In this project, we set out to shed some light on identification of
IRF4 target genes genome-wide in melanoma cell lines by high throughput sequencing

of chromatin immunoprecipitated samples (ChIP-seq).
1.4. A Brief Overview of Protein-DNA Localization Studies
Proteins interact with DNA in various ways such as: hydrogen bonds, salt bridges,

and hydrophobic interactions. All these different ways of interaction and binding may

contribute to sequence specificity of nuclear protein-DNA interactions, which are crit-
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Figure 1.6. Cooperation of IRF4, MITF and TYR in melanocytes (Adapted from [4]).
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ical for all cells. Many biological processes such as genome packaging, replication and
DNA repair, and gene transcription are depended on these interactions. Therefore,
study of protein-DNA interaction is essential in order to elucidate underlying mech-
anisms in biological process such as growth, development and differentiation. Addi-
tionally, since in cancer cells these biological process are vital, studying protein-DNA
interaction will reveal in-depth details about deregulated genes and how their regula-
tion have changed. In the last twenty years, different methods were developed to study

protein-DNA interactions [69]. The most common methods are:

Electrophoretic Mobility Shift Assay (EMSA)

Chromatin Immunoprecipitation Assay (ChIP)
DNA Pull-down Assay

Immunofluorescence techniques and super-resolution microscopy

Systematic evolution of ligands by exponential enrichment (SELEX)

EMSA is used in studying affinity or specificity of a candidate DNA-binding
protein to known DNA oligo probes. This assay is based on the fact that free DNA
molecules move faster through non-denaturing polyacrylamide (or agarose gel elec-
trophoresis) than protein-DNA complexes. The DNA-binded protein complex will
move slower and make a shift compared to only DNA sample, which is the reason for

the other name of this assay, gel shift assay.

Another method, to study protein-DNA interaction is DNA pull-down assay.
In this method a DNA probe is labeled with a high affinity tag, such as biotin. After
treating this biotin-tagged DNA probe with cell lysate, via streptavidin magnetic beads
the Protein-biotin-tagged-DNA is recovered. So protein-DNA complex is isolated and
can be identified by mass spectrometry [69].

Chromatin immunoprecipitation (ChIP) is based on enrichment of DNA associ-
ated with the protein of interest, therefore the protein of interest target genes can be
identified [70]. This method widely has been used for localization analysis of target

genes in transcription factors, chromatin modifiers and histone marks [71]. Briefly, in
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this method, cells are treated with cross-linking chemicals such as formaldehyde. Cell
lysates containing covalently cross-linked protein-DNA complex are sonicated and then
with the help of antibody-conjugated magnetic beads, desired protein-DNA complex
are isolated an analyzed. This analysis can be performed via PCR, q-PCR locally and
for just a few genes or genome-wide via high throughput methods like microarray and

next-generation sequencing.

Systematic evolution of ligands by exponential enrichment (SELEX), which is also
known as in vitro selection or in vitro evolution, is a technique in molecular biology but
chemistry in nature. In this method, oligonucleotides are produced in DNA or RNA

format in order to investigate if they precisely bind to a target ligand or ligands [72].

In vivo real-time visualization of protein-DNA interaction was a challenge for
a long time. Recent developments in the field of microscopy, and super resolution
microscopy techniques via fluorescent-tagged antibodies have contributed in clarifica-
tion of more details about protein-DNA and protein-chromatin interactions and gene

regulation in cells [73].

1.5. Next Generation Sequencing

The first developed nucleotide sequencing method is “Sanger sequencing”. The
mechanisms underlying this method is based on chain termination using dideoxynu-
cleotides (ddNTPs) during in vitro replication [74]. ddNTPs, missing 3' -OH group,
terminates the elongation of DNA. This reaction is catalyzed by DNA polymerase.
A decade after invention of Sanger sequencing, first generation sequencing, modified
version of Sanger was invented. In this method, with fluorescently-tagged ddNTPs in-
formation about the matching base is provided by running PCR products in capillaries
(capillary electrophoresis) to sort the fragments according to size and order. Finally,

depending on the fluorescent label, nucleotides are identified [75].

Sanger method is still widely used in sequencing of oligos and plasmids and ge-

nomic region for sequence confirmation. However for sequencing of large genomes like
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eukaryotic genomes or transcriptomes, less time-consuming and cost-effective technol-
ogy was a must. So next generation sequencing methods (NGS) was invented, and it
can sequence millions of DNA fragments at the same time. In NGS method, detection of
nucleotides is happening alongside their addition to the complementary strand whereas
in Sanger method, nucleotide detection process happens with chain-termination, and
separation every time a new nucleotide is added. At the moment, NGS is widely used
for whole genome sequencing, de novo sequencing, targeted re-sequencing and exome
sequencing for DNA, and mRNA or small RNA sequencing, and for sequencing of
samples from ChIP [76].

Currently diverse technologies and techniques are applied in next generation se-
quencing systems such as sequencing by synthesis (Illumina), pyrosequencing (Roche/-
454), and sequence by ligation (Life Tech/SOLiD). Each of these platform applies differ-
ent strategies for library preparation, sequencing and imaging steps. In library prepa-
ration, bridge amplification or emulsion-PCR are used to amplify template DNA before
sequencing. There are different sequencing approaches for each platform, fluorescent-
labeled reversible terminator (Illumina), pyrosequencing (Roche/454), and cleavable
probes which are sequenced by ligation (SOLiD). Because of different methodologies
used at each step, each of these three different platforms has their own advantages
and disadvantages. Roche/454 have the capability of generating relatively longer
reads which can cause improvements in mapping of repetitive regions. Results from
SOLiD are more accurate and error-free. However, lllumina platform still yields highest

throughput per run [77,78].

A promising novel technology is Nanopore sequencing (Oxford Nanopore Tech-
nologies). In this sequencing method, nanopores are formed from synthetic material
or pore-forming proteins. These nanopores are the biosensors used to detect the nu-
cleotides of a DNA strand as it passes through the pore. These nanopores are inside
an insulating membrane separating the two chambers. When a DNA molecule passes
through the pore, it causes disturbance in the ionic current inside the nanopore. Each
nucleotide has its own characteristic change in the magnitude of current, so each nu-

cleotide in a DNA strand can be detected while passing through the nanopore. Cur-
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rently, researchers are exploring the potentials of this technology and developing its

applications in sensing RNAs and proteins too [79,80].

1.5.1. ChIP-seq

Chromatin Immunoprecipitation followed by sequencing is widely used to deter-
mine transcription factor binding sites (TFBS) genome-wide [81]. Before invention of
NGS, and ChIP-seq, researchers used ChIP-on-chip method which is ChIP followed
by microarray technology in order to find genome-wide TFBS [82]. Comparing ChIP-
seq to ChIP-on-chip, the resolution of TFBS has been dramatically changed from a
few hundred to tens of nucleotide. Recently, improvement of ChIP-seq, the ChIP-exo

method, increased the TFBS resolution to single nucleotides [83].

There are several large-scale ChIP-seq projects are going on globally. Encyclope-
dia of DNA Elements (ENCODE) an international consortium which targets identifi-
cation of all functional elements in the human genome, including regulatory elements
in different cell lines. ENCODE currently has 457 ChIP-seq datasets on 119 TFs in a
number of human cell lines [84]. Roadmap Epigenomics project, another international
program which aims at developing standardized procedures for epigenomics research,
develop new technologies for single cell epigenomic analysis and in vivo imaging of epi-
genetic activity and furthermore to create a public data resource of human epigenomic

data to catalyze basic biology and disease-oriented research [62].
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2. PURPOSE

Previous studies have established the foundation on role of Interferon Regula-
tory Factor 4 (IRF4) transcription factor in hematopoietic cell line development and
lymphoid cancers. Genome-wide target genes of IRF4 protein have been identified in
ABC-type diffuse large B-cell lymphomas (ABC-DLBCL) and multiple myeloma (MM)
cell lines. Studies have shown IRF4 is one of key transcription regulators for the survival
of multiple myeloma and ABC-DLBCL. In recent studies from our lab and elsewhere
demonstrated elevated expression levels of IRF4 in melanocytes and melanoma cells,

which encouraged us to investigate functional characterization of IRF4 in melanoma.

The purpose of this thesis is to identify genome-wide target genes of IRF4 in
melanoma cell lines in order to elucidate target pathways and deregulated biological
processes in human melanoma cell lines. For this purpose, we set up and optimized
the chromatin immunoprecipitation experiments and validated the efficiency of ChIP
with qPCR. After setting up and optimizing ChIP protocol, we performed ChIP-seq
in order to do genome-wide localization analysis on IRF4 target genes. Furthermore,
we analyzed the common genes of ChIP-seq and RNA-seq,in order to identify of IRF4-
regulated genes and pathways which can help us to elucidate role of IRF4 in melanoma
biology and offer a basis for designing and applying more accurate and effective treat-

ment options in the long run.
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3.1. General Kits, Enyzmes and Reagents

Table 3.1. List of kits, enzymes and reagents.

DMEM

Gibco, LifeTechnologies, USA

FBS

Gibco, LifeTechnologies, USA

PCR Purification Kit

Macharey Nagel, Switzerland

Qiagen, Germany

DNAstable Kit

Biomatrica, USA

Non Essential Amino Acids

Gibco, LifeTechnologies, USA

Penicillin / Streptomycin

Gibco, LifeTechnologies, USA

ChIP-DNA Isolation Kits

Zymo Research, USA

Protease Inhibitor Coctail Tablets

Roche, Switzerland

LightCycler® 480 High Resolution Melting Master

Roche, Switzerland

Luminaris Mastermix

Thermo Scientific, USA

Trypsin

Gibco, LifeTechnologies, USA

NEBNext® ChIP-Seq Library Prep Master Mix Set for Illumina(®)

New England Biolabs, USA

NEBNext® Ultra™ DNA Library Prep Kit for llumina(®)

New England Biolabs, USA

Proteinase K

Invitrogen, LifeTechnologies, USA

RNase A

Sigma Aldrich, USA

Agencourt AMPure XP

Beckman Coulter,USA

Agilent High Sensitivity DNA Kit

Agilent Technologies, USA

Dynabeads® Protein G for Immunoprecipitation

LifeTechnologies, USA

Dynabeads® Protein A for Immunoprecipitation

LifeTechnologies, USA

3.2. Biological Materials

3.2.1. Cell Lines

SKMEL-28, G-361 (human melanoma cell lines; kindly provided by Dr. Maria
S. Soengas), A2058, SKMEL-5 (human melanoma cell lines; kindly provided by Yetis
Giiltekin and Prof. David M. Sabatini), MCF-7 (human breast cancer cell line; kindly
provided by Prof. Nesrin Ozoren), OCI-LY19 and HBL-1 (human ABC-DLBCL cancer

cell lines; kindly provided by Prof. Georg Lenz), cell lines were used in the experiments.



3.2.2. Primers

Table 3.2. Primers used in this study.
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Primer ID Sequence Application
Forward:5-TCACGTTGGTACCAGGCAGCCCAA-3
EHBP1L1 q-PCR

Reverse: 5-ACAGTGGCCGACTTTCAGTTCCCA-3’
Forward: 5-AGGTCCCCAGAATCCAGCACCTCT-3

TFEB q-PCR
Reverse: 5-ATGGACGTGGAAGGCCATGCTGA-3’
Forward:5’-CTTAGAGAACCGAAACCCAAACCTACA-3

SUB1 q-PCR
Reverse: 5-TGCAACCCTTCCTGCTTTAACAAGTTT-3’
Forward: 5-ATCCCAAGTAGAACTGATAGCACCGTAA-3

NEG1 q-PCR
Reverse: 5-AGATGGTGGCCTCCCTTGTCTGCTGCTA-3’
Forward: 5-AAACCAGGGCCGCACTAACAATGGTAA-3

NEG2 q-PCR
Reverse: 5’-CATGAGGGACTGGCCTTTCTATAATTG-3’
Forward: 5-AATATGTACATCAGGCAATCGGCTCTTC-3’

NEG3 q-PCR
Reverse: 5’-CAACTGGAATCAGATCCACTTCATGGAAA-3
Forward: 5’- GTGGGATACGAGCCAATTCGAAAGA-3

pTYR q-PCR
Reverse: 5’- CCCACCTCCAGCATCAAACACTTTT-3¢
Forward: 5- TGTGTGGGTGAAGAGGAAGAGAAGT-3

dTYR q-PCR
Reverse: 5’- TAAGCCTCCTTGTGGAGATCATGTG-3¢




3.3. Chemicals

Table 3.3. Chemicals used in this study.

Ethidium Bromide Merck, USA
EDTA Merck, USA
Hydrochloric Acid Merck, USA
Sodium Chloride Merck, USA
Formaldehyde Sigma Aldrich, USA
Tween 20 Merck, USA
Ethanol Merck, USA
Triton-100 Merck, USA
Glycine Sigma Aldrich, USA
DMSO Merck, USA
Nonidet P40 Sigma Aldrich, USA
SDS Applichem, Germany

Sigma Aldrich, USA

Sodium Deoxycholate

Sigma Aldrich, USA

N,N’-Methylenbisacrylamide

Sigma Aldrich, USA

DEPC-treated water

Fisher Scientific, USA

Agarose Sigma Aldrich, USA
Tris-Cl Merck, USA

Tris-Base Sigma Aldrich, USA
HEPES Gibco Invitrogen, USA
NaCl Merck, USA
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3.4. Buffers and Solutions

Table 3.4. Buffers and solutions used in this study.

1.25 M Glycine

Distilled Water

ChIP Lysis Buffer

50mM HEPES

150mM NaCl

1% Triton-X 100

0.1% Na-deoxycholate

1mM EDTA

High Salt ChIP Lyis Buffer

50mM HEPES

500mM NaCl

1% Triton-X 100

0.1% Na-deoxycholate

1mM EDTA

ChIP Lysis Buffer with SDS

50mM HEPES

150mM Na(Cl

1% Triton-X 100

0.1% Na-deoxycholate

ImM EDTA

0.25% SDS

Freezing Medium

1X DMEM

20% FBS

1X Pen/Strep

100 uM MEM-NEAA

10% DMSO
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Table 3.5. Buffers and solutions used in this study (cont.).

10 mM Tris, bring to pH 8.0 with HCI

Tris-EDTA
1 mM EDTA

1M HEPES | Distilled Water

150 mM M NaCl

270 mM KCl

80 mM NaH2PO4

20 mM KH2PO4

50 mM Tris-Base (pH: 7.4)
1X PBS-T | 150 mM NaCl

0.1% Tween 20

10X PBS

3.5. Antibodies
Table 3.6. Antibodies used in this study.

Name Species | Source

Anti-IRF4 X (M-17) | Goat Sc-6059 Santa Cruz
Anti-IRF4 X (N-18) | Mouse | Ab12039 Abcam
Normal Goat IgG Goat c-2028 Santa Cruz
Anti- IRF4 Rabbit | #4964 Cell signaling
Normal Rabbit IgG | Rabbit | #2729 Cell Signaling
NLRP7 Goat Santa Cruz




3.6. Disposable Labware

Table 3.7. List of disposable lab wares used in this study.

Protein LoBind 2.0ml Tubes

Eppendorf, Germany

DNA LoBind 1.5ml Tubes

Eppendorf, Germany

Parafilm Brand, Germany
Centrifuge Tubes, 15 ml Vwr, USA
Centrifuge Tubes, 50 ml Vwr, USA

Serological pipette, 5ml

Tpp, Switzerland

Serological pipette, 10ml

Tpp, Switzerland

Serological pipette, 25ml

Tpp, Switzerland

Pipette Tips, filtered

Biopointe, USA

Pipette Tips, bulk

Biopointe, USA

Microcentrifuge tubes Axygen, USA
PCR Tubes, 0.2 ml Axygen, USA
Vwr, USA

Medical Gloves

Broche Medikal, Turkey

Syringe Filters

Sartorius, Germany

Cryovial

Tpp, Switzerland

Cell Culture Plates, 15 cm

Tpp, Switzerland

Cell Culture Flasks, 75cm?2

Tpp, Switzerland

Glass Pasteur Pipette, 230 mm

Witeg, Germany

96 well plates for qRT-PCR

Thermo Scientific, USA
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3.7. Equipments

Table 3.8. List of equipment used in this study.

Beaker, 100 ml

Duran, Germany

Beaker, 600 ml

Duran, Germany

Erlenmeyer, 250 ml

Duran, Germany

Erlenmeyer, 500 ml

Duran, Germany

Bottle, 1000 ml Vwr, USA
Bottle, 500 ml Vwr, USA
Bottle, 100 ml Vwr, USA

Forceps

RSG Solingen, Germany

Magnetic Stirring Bar

Vwr, USA

Cryobox

Tenak, Denmark

Autoclave Indicator Tape

Llg, Germany

Measuring Cylinder 100 ml

Kartell, Italy

Measuring Cylinder 250 ml

Kartell, Italy

Measuring Cylinder 1000 ml

Kartell, Italy

pH Meter

Hanna, USA

Microtube Racks

Vwr, USA

Electronic Balance

Sartorius AY123, Germany

Microcentrifuge

Vwr Galaxy Ministar, USA

Horizontal Electrophoresis

Cleaver Scientific Multi Sub Mini, UK

Micropipettes

Cleaver Scientific, UK

Gilson Pipetman Neo PCR Kit, USA

Axygen, USA
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Table 3.9. List of equipment used in this study (Cont.).

Heat Block Cleaver Scientific EL-01,UK
Pipettor Greiner Labopet 240, Germany
Vortex Vwr, USA

J2-21, Beckman Coulter, USA
Centrifuges Allegra X-22, Beckman Coulter, USA

5415R, Eppendorf, USA

Cell Culture Incubator

Binder C-150, Germany

Documentation System

GelDoc XR System, Bio-Doc, Italy

-20°C Ugur UFR 370 SD, Turkey

Freezers -80°C Thermo Scientific TS368, USA
-150°C Sanyo MDF1156, Japan
Microscopes Inverted Microscope Nikon Eclipse T'S100, Japan

Thermal Cycler

Antarus MyCube ANT101, USA

Biorad Thermal Cycler T100, USA

Power Supply

Vwr, USA

Real Time PCR Machine

Thermo Scientific Piko Real 96, USA

Spectrophotometer

NanoDrop 1000, USA

Stirrer - Heater

Dragonlab MS-H-S, China

Rotator

Grant Bio Multifunctional Rotator PTR-35, UK

Refrigerator

4°C Ugur USS 374 DTKY, Turkey

Refrigerated Vapor Trap

Thermo Scientific SPD111V, USA
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Table 3.10. List of equipment used in this study (Cont.).

Oil-free Gel Pump

Thermo Scientific Savant VLP110, USA

Vacuum Pump Oil Filter

Thermo Scientific VPOF110, USA

SpeedVac

Thermo Scientific SPD111V, USA

Carbon dioxide Tank

Geng Karbon, Turkey

Brema, Italy

Ice Maker

Scotsman Inc. AF20, Italy
Autoclave Model ASB260T, Astell, UK
Dishwasher Miele Mielabor G7783, Germany
Cold Room Birikim Elektrik Sogutma, Turkey

Freezing Container

Nalgene, USA

Oven Niive KD200, Turkey
Rotator HulaMixer Sample Mixer Life technologies, USA
Sonicator Bandelin SonoPuls HD-2070, Germany

Magnetic Stand

PureProteome Magnetic Stand, Millipore, USA
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4. METHODS

4.1. Cell Culture and Maintenance

Adherent cell lines (Melanoma Cell lines) used in this study were grown in DMEM
- high glucose which contains the additives of 10% FBS, 1% penicillin/streptomycin and
1% non-essential amino acids. They were incubated in an incubator with the following
conditions, 5% CO2 and 37°C'. Passaging was done by removing the old medium and
washing the cells with 1X PBS. Cells were detached by Trypsin (0.05%) in 37°C' with
a 3 minute incubation. After detachment was complete, equal amount of DMEM was
added on the trypsinized cells to deactivate the trypsin activity, By pipetting, medium-
trypsin and cells were mixed and resuspended. Proper ratio of cells were seeded back

into new flasks or plates. Fresh medium were added in certain amounts.

In order to stock the cells for long periods; after cells were trypsinized and cen-
trifuged, old medium was removed. Freezing medium added and cell pellet was resus-
pended in freezing medium 3.4. If 15-cm cell culture plate was fully confluent, it was
divided into 8 cryovials which contains 1ml of cell and freezing medium mix. Cryovials
were positioned into Nalgene Freezing Container filled with isopropanol. Container
was kept at -80°C' for a day or two and then cryovials were transferred into cryoboxes
at -150°C'. In order to thaw the cells from cell line stocks kept at -150°C" freezers; one
vial for one 75cm? flasks was thawed in two minutes in water bath. Immediately, after
thawing was complete, they were transferred into 15ml falcon tubes previously filled
with 3 ml of fresh and 37-degree-celsius DMEM. Cells were centrifuged at 2000rpm
for 5 min. After aspirating the medium to remove DMSO, cells were resuspended and

seeded into 15-cm plates.

Non-Adherent cell lines (DLBCL cell lines)used in this study were grown in IMDM
which contains the additives of 20% FBS, 1% penicillin/streptomycin and 1% non-
essential amino acids. They were incubated in an incubator with the following condi-

tions, 5% CO2 and 37°C'. Passaging was done by removing certain amounts of the old
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medium and adding twice the amount of old medium to 75¢cm? flasks.

In order to stock the cells for long periods; after cells centrifuged, old medium
was removed. Freezing medium added and cell pellet was resuspended in freezing
medium 3.4. If 75cm? flasks was fully confluent (about 2x 10° cells per ml), it was
divided into certain number of cryovials which contains 1ml of cell and freezing medium
mix. Cryovials were positioned into Nalgene Freezing Container filled with isopropanol.
Container was kept at -80°C' for a day or two and then cryovials were transferred
into cryoboxes at -150°C'. In order to thaw the cells from cell line stocks kept at -
150°C freezers; one vial for one 75cm? flasks was thawed in two minutes in water bath.
Immediately, after thawing was complete, they were transferred into 15ml falcon tubes
previously filled with 3 ml of fresh and 37-degree-celsius IMDM. Cells were centrifuged
at 2000rpm for 5 min. After aspirating the medium to remove DMSO, cells were

resuspended and seeded into 75e¢m? flasks.

4.2. Chromatin Immunoprecipitation (ChIP)

20-40 million cells were cross-linked with 1% formaldehyde on a shaking platform
for 10 minutes at room temperature. Formaldehyde is a small molecule which passes
through membrane and helps us with covalently binding IRF4 to its binding side and
stabilizes it. Since excessive cross-linking reduces accessibility protein to its antibody
and sonication efficiency and also it may mask epitopes, so glycine is added to quench
the formaldehyde and cross-linking reaction was stopped by 0.125M glycine incuba-
tion for 5 minutes at room temperature. Glycine Cells were then washed two times in
ice-cold PBS, resuspended in ice-cold ChIP lysis buffer supplemented with SDS and
protease inhibitor cocktail, incubated on ice for 45min to 1 hour, and sonicated for
15 cycles (each for 1 min. at 80% duty cycle and 85% power output) with an MS72
tip-fitted Bandelin Sonoplus HD2070 sonicator. Sonicated lysates were cleared by cen-
trifugation for 5 min at 13 krpm at 4°C'. Soluble chromatin lysate derived from about 5
million cells was diluted three-fold with ChIP lysis buffer with protease inhibitor cock-
tail, and was incubated with 50ul of an equal volume mix of Protein G and Protein

A magnetic beads pre-bound with 5ug anti-IRF4 antibody, or normal goat IgG for 45
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min, at room temperature. Bead-bound immune complexes were then washed 6 times
each for 1 min at room temperature with shaking using 0.8 ml of the following: ChIP
Lysis Buffer (2 times), ChIP Lysis Buffer with 500mM NaCl (2 times), and TE (2
times). These washed, bead-bound immune complexes, and corresponding sonicated
lysate (to be used as non-enriched ‘input control’) were then boiled for 10 min. in TE,
treated with RNase A (0.1 ug/ul final concentration) for 45 minutes at 39°C (input
controls only), treated with Proteinase K ( 200ng/ul final concentration) for 30 min.
at 55°C, boiled again for 10 min, and the DNA residing in the supernatant was purified

using silica-based spin columns.

4.3. Real Time Quantitative PCR (q-PCR)

Purified ChIP- DNA and input control DNA were diluted 25- to100-fold, and sub-
jected to real-time PCR amplification in triplicates with region-specific primer pairs 3.2
on a PikoReal instrument (Thermo Scientific). gPCR reactions without template DNA
were set up for each primer pair in order to rule out DNA contamination or unspecific
amplification. The resulting qPCR data from each ChIP were then analyzed with the
00Ct method (taking into account the amplification efficiencies of the individual primer
pairs as assessed by standard curves generated with DNA dilution series), normalized

to corresponding input DNA samples’ data, and plotted.

4.4. ChIP-seq

ChIP was performed as it is mention in section 4.2. Four ChIPs were pulled down
together for each library preparation reaction. Library preparation is the essential step
before sequencing. Chromatin immunoprecipitated-DNA fragments are end-repaired
and adaptors ligated. In order to multiplex different samples in a single lane of sequenc-
ing machine, adapters are indexed with specific barcodes which allows user to identify
in silico the source of the read during analysis step. At the end of library preparation,
products are size-selected and purified. Final step is amplification with PCR [81, 85].
In this project Library preparation was done with NebNext Ultra DNA library prepa-

ration as mentioned by manufacturer and then Library prepared samples were dried in
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DNAstable tubes according to manufacturer’s protocol. During the sequencing, in Illu-
mina sequencing platform, adapter ligated fragments are attached to the flow cell with
the help of single stranded oligonucleotides bound to the surface. Oligos are comple-
mentary to adapter sequences. Attached DNA fragments are “bridged amplified” just
before sequencing. During bridge amplification, firstly, priming occurs at the free end
of the fragment to the complementary sequence on the surface. This results in a shape
like a bridge. Polymerase-based amplification with unlabeled dNTPs produce millions
of clusters. Since imaging systems can’t detect single fluorescent events yet, cluster
generation is essential. Those clusters are sequenced along with synthesis after the
addition of all four labeled and reversible terminators, primers, and DNA polymerase.
At each cycle, a single fluorescent nucleotide incorporates to the newly synthesized
complementary fragment. After each single base extension, emitted light is detected

by high resolution imaging system and corresponding nucleotide is determined [76].

4.5. Bioinformatic Methods for ChIP-seq Analysis

4.5.1. Data Quality Control by FastQC via Galaxy Web Server

The raw data which researcher starts bioinformatics analysis is in "fastq” format.
Here, depending on their barcodes each read is grouped, so reads originated from
different samples are de-multiplexed which means bioinformatically they are separated.
After grouping the reads, adaptor/index sequences should be removed. In the fastq
format, each read has its four informative lines which contain a record identifier, the
sequence, and also quality scores corresponding to each base. Those scores are Phred
quality values assigned depending on base-calling accuracy. According to quality scores,

low scored bases can be trimmed for a better alignment to the genome.

FastQC program (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/)
was installed. The fastq files were analyzed with default parameters in the FASTQC

program.
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4.5.2. Fetching Sequenced Total Read Number From a FastQ File

All of the reads sequenced for each sample are stored in separate fastq files.

Command line to learn how many reads there are in a fastq file is shown below:

cat <raw data> .fastq mid paste - - - - \mid wc -L

4.5.3. Aligning Reads to the Human Genome by Bowtie Software

In a standard ChIP-seq bioinformatic analysis pipeline, aligning (mapping) is the
next step after quality control. Parameters, like mismatch number or mapping unique-
ness, can also be adjusted. Bowtie is the most common used program for alignment of

the reads to genome [86].

Bowtie Software v1.1.1 (http://bowtie-bio.sourceforge.net/index.shtml) was in-
stalled to the local server of the department, which runs on Ubuntu (12.04.1 LTS) oper-
ating system. It was run remotely via PuTTY software (http://www.chiark.greenend.
org.uk/ sgtatham/putty/download.html). Command line to run the program with
selected parameters (http://bowtie-bio.sourceforge.net/manual.shtml) in Ubuntu, is

given below:

./bowtie -n 3 {L 45 -m 1 -5 3 -3 2 --best --strata hgl9

<sample-name.fastq> <out-putfile.bam>

./bowtie gives the path to the bowtie program and tells Ubuntu to run it.

-n 3 -1 45 tells Bowtie to accept no more than 3 mismatch between a the 45 bp

of the sequence read and its best homologue in the genome.

-m 1 tells Bowtie to reject any reads that are identical to more than 1 sequence

in the genome (since it would be unknown which locus our read really came from).
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-5 5 tells Bowtie to trim the first 3 (lower quality) bases from the read before

mapping.

-3 2 tells Bowtie to trim the last 23 (lower quality) bases from the read before

mapping.

—best and —strata tell Bowtie to try hard to find the best match..

Human genome sequence index, which is the reference genome file, was down-

loaded from Ilumina’s iGenomes collection with hg19 build.
4.5.4. Mapping Statistics by SAMtools

SAMtools is a program to acquire information from or perform manipulations on
the files in bam or sam format [39]. Software was installed to the local server. Input

files were the ”sample-name.bam” (filtered for uniquely mapped reads) files. Command

line to learn the read number in a bam file is given below:

samtools flagstat <name.bam>

4.5.5. Merge Aligned Reads From Different Lanes

Each of our sample data came in three parts. So after aligning them to reference
genome, in order to continue the analysis, we need to merge all bam files of each sample

together. This is done by the following command in SAMtools:

samtools merge <out.bam> <inl.bam> <in2.bam> <in3.bam>

out.bam is the output file’s name and then we write the name of the input files.
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4.5.6. ChIP-seq Qulaity Control

The standards and quality measures for a perfect ChIP-seq is still a hot topic in
the field of epigenetics and NGS sequencing. Difference between antibodies, biological
replicates, sequencing depth and immunoprecipitation (IP) are just a few parameters
which effect ChIP-seq experiments and data. Recently several tools on different pro-
gramming platforms have been developed in order to evaluate the quality of ChIP-seq
experiments. NGS-QC Generator is one of them. The remarkable side of this program
is, they have also a large database of quality control reports from publicly available
data in particular ENCODE datasets where you can compare your quality control
reports to to ENCODE-project-related report. NGS-QC generates read count inten-
sity (RCI) profiles of randomly selected subsets of the total mapped reads (TMRs) of
ChIP-seq data and then defines the deviation from the theoretical expected read count
intensities. So, TMRs are randomly sampled at three different densities (90%, 70%
and 50%); and then their genomic RCI profile compared to that of the original profile.
Then the program as-signs a three-letter grade between the AAA-DDD. For transcrip-
tion factor ChIP-seq samples the AAA is the perfect score but in the database, the
grade CCC is still satisfactory and acceptable. However for the negative control or nor-
malization sample, DDD is the perfect score which means there is no selectivity (bias)
over the genome, unlike the ChIP-seq samples. However in the NGS-QC database in
the section related to quality reports of input DNA, there are a lot of quality reports
where the score is close to AAA suggesting that there is a bias in the input and some

over-amplification in selected regions of genome, which is not desired for input [87].

4.5.7. Subtracting UCSC Blacklist From All Reads

BEDtools utilities are tools for a wide-range of genomics analysis and manipula-
tion tasks. For instance, With BEDtools we can intersect, merge, count, complement,
subtract and shuffle genomic intervals from multiple files in widely-used genomic file
formats such as BAM, BED. All different analysis by this software are conducted by
combining multiple bedtools commands on the Ubuntu command line. The follow-

ing command helps us with removing precentromic and telomeric regions from our
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sequences. These region are presented as a bed file in UCSC genome browser.

bedtools subtract -a <sample name.bed> -b <UCSC-blacklist-hgl9.bed>

-a is our sample file which the operation will be carried on it. -b the region which

will be subtracted is indicated in this file.

4.5.8. Peak Calling (MACS, Homer, ByesPeak)

Following to mapping, peak calling should be performed in order to find pos-
sible TF binding regions in the genome. In brief, peak callers compare number of
reads in chromatin-immunoprecipitated-DNA samples for different genomic regions to
number of reads in input samples in those genomic regions. Hence, when peak caller
assigns a peak to a region, it means compared to input, there are more reads in that
region in ChIP samples. We used three programs for peak calling: MACS, Homer and
BayesPeak. MACS is one of the most renowned program in the field of ChIP-seq peak
calling which is supported and updated frequently [88]. Homer and BayesPeak are one
of the first program packages which provide user with a pipeline. Homer is based on

Perl and BayesPeak is based on R [89-91].

Model-based analysis of ChIP-seq (MACS) detects genome-wide locations of
transcription/chromatin-binding factor or histone modifications from ChIP-seq data.
For peak calling MACS follows four steps: redundant reads removal, adjusting read po-
sition (extension of reads), calculating peak enrichment (compared to background) and
estimating the empirical false discovery rate (FDR). MACS identifies positive peaks
then swaps control and treatment data (ChIP samples) in order to identify negative

peaks [88].

In Homer, the identification of peaks was performed by finding significant clusters
of tags in ChIP-seq samples. The next step is filtering these clusters for the significantly

enriched compared to background and local ChIP-seq signal within sliding window of
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200 bp. Putative peaks are searched for based on the 4 principles: 1) The number of
tags in each cluster must surpass a threshold corresponding to a false discovery rate
(FDR) of 0.1%. 2) Neighboring peaks must be greater than 500 bp away from one
another. 3) Peaks must have at least 4-fold more tags (normalized to total tag count)
than the input control sample from the same cell type. 4) Peaks must have 4-fold
more tags per bp in the peak region (200 bp) relative to the surrounding region (10
kb) to avoid identifying regions with genomic duplications or peaks without localized

binding [89].

The third peak caller BayesPeak, which is part of Bioconductor package, identify
the peaks based on Bayesian hidden Markov model. BayesPeak have the advantage of
allowance for overdispersion in read counts and a competitive genome-wide specificity
and sensitivity. By identification based on peak structure, BayesPeak does not just
rely on peaks based on total numbers of reads in that region, but also checks them
for appropriate structural formation of the reads inside a possible peak. Another
important feature of the algorithm is applying the negative binomial distribution to
model the counts of sequenced reads. This allows for overdispersion and provides a
better fit to the data than the Poisson distribution which is widely been used by various
methods [90,91].

For analysis with different peak callers, depending on the software, the language

of command lines were different. For MACS it was python, for Homer it was perl and

for Bioconductor we used R. For MACS, the command for peak calling is:

Macs14 -t <ChIP-sample.bam> -c <input-Sample.bam> --format=BAM -m 7,12

--wig {S -B -S --slocal=1000 --name output file name

-t is used for indicating the name of the ChIP sample

-c¢ is used for the name of input sample which will be used for normalization
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-m indicate that for calculating peak model from top 1000 peaks, MACS should
search for peaks which were minimum 7 times more enriched than the background

(input file) and their maximum enrichment should not pass over 12 folds.

—wig —S tells MACS to save enrichment profiles for both files in wig format in a

single file

-B -S tells MACS to save enrichment profiles for both files in bedgraph format in

a single file

—slocal=1000 The small nearby region in base pairs to calculate dynamic lambda.
This is used to capture the bias near the peak summit region. Normally, MACS
calculates a dynamic local lambda to reflect the local bias due to varying enrichment
in the input sequences.

—name specifies the name of the output files

For Homer first we need to prepare tag directories which basically means to anal-

yse each alignment file and splits them into separate files based on their chromosome

number.

makeTagDirectory <output file name> <sample name.bed> -format bed

-format bed specifies that the input files are in BED format
As a result of this command, several *.tags.tsv files are created in a directory
with the name of assigned output name. This helps speed up the analysis of large

sequencing data without running out of memory.

Then for peak calling we use the following operation:
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findPeaks $<tagDirectory of each replicate> -style factor -o

$output file name> -i <input tag directory>

-style factor specifies that ChIP-seq experiment was for a transcription factor

-0 assigns and output file name

-i is for indicating the tag directory for input file.

In BayesPeak, after installing the required packages, the following command in

R is executed. First we loaded the program and its packages:

library $(BayesPeak)$

The following command will find possible peaks in the sample:

raw.output <- bayespeak ("ChIP-sample.bed","Input-sample.bed")

Then, you summarize and report the peaks with the following command:

output <- summarize.peaks (raw.output, method = "lowerbound")

raw.output is a list - it contains not only the bins called, but also some useful

QC information (such as the model fit ).

summarize.peaks() is used to summarize the raw.output object. This combines

the raw bin calls into peaks and combines data across jobs.
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4.5.9. Read to Peak Ratio Calculation and Graph

For analyzing read to peak ratio and saturation status of the ChIP sample with
higher read density, random sampling was performed for various number of reads (5%
of all reads, 10% of all reads, ... , 90% of all reads). We calculate number of peaks for
each randomly-sampled read collection by MACS. For each percentage ratio, we took

10 random samples from the the complete dataset of reads.

4.5.10. Finding Peaks Common Between Both Samples and Algorithms
For finding the overlap of peaks primarily across the replicates for each peak

calling program and then we will get the overlap of the overlapped-peaks of the repli-

cates. Consequently, the final file will contain overlap of the replicates and peak-calling

programs. For this purpose we will use the following command from BEDtools suite

several times:

intersectBed -a File-A.bed -b File-B.bed $>$ common peaks.bed

4.5.11. Get FASTA Sequences From Bed Files

Input file for motif analysis should be in FASTA format. In order to get fasta

sequences of the peaks, the following command from BEDtools were used:

bedtools getfasta -fi hgl9.fa -bed commonpeaks.bed {fo

commonpeaks.fa.out

-fi hg19.fa is the fasta file of human reference genome. This file is used for finding

the sequences

-bed indicates the bed file which here is the common peaks file
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-fo refers to the name of output file which will be in FASTA format.

4.5.12. Motif Analysis by MEME-ChIP

MEME-ChIP is web-based program designed for discovering motifs in large sets
of short (around 500bp) DNA sequences which are produced by ChIP-seq experiments.
We give MEME-ChIP our sequences from peaks in FASTA format. MEME-ChIP per-
forms a five-step job. First, it performs ab initio motif discovery, then motif enrichment
analysis. Next, it visualizes the motifs and analyze the binding affinities and finally
identify the motifs. MEME-ChIP applies combination of motif discovery using MEME
and DREME and also compares both found motifs and the sequence data against

databases of known motifs [92,93].

4.5.13. GREAT: Genomic Regions Enrichment of Annotations Tool

After peak determination, peaks need to be assigned to nearest genes. After find-
ing the target genes, gene set enrichment programs to get an insight into the biological

meaning or pathways related with those assigned enriched genes.

GREAT (http://bejerano.stanford.edu/great/public/html/index.php) gives bio-
logical meaning to a set of non-coding genomic regions by analyzing the annotations
of the nearby genes. Therefore, it is mainly useful in studying cis functions of sets of
non-coding genomic regions. Cis-regulatory regions can be identified via experimental
methods such as ChIP-seq. After identification of peaks and transcription factor bind-
ing site, we uploaded the list of common peaks across both replicates and three peak
caller programs to GREAT website. GREAT finds enriched annotations among the
genes which are near to the binding sites and then lists the possible processes which

are regulated by our desired transcription factor [94].
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4.5.14. Venn Diagrams

Venn Diagrams were created by ”Venn Diagram Plotter” (http://omics.pnl.gov/
software/venn-diagram-plotter). In order to visualize common genes between ChIP-seq
data and IRF4 differentially regulated genes (RNA-seq data), we uploaded the list of

genes in .txt format and visualized them with Venn Diagram Plotter.

4.5.15. GOrilla and REVIGO

For identifying gene ontology terms for the common genes between RNA-seq and
ChIP-seq data, we used GOrilla (Gene ontology enrichment analysis and visualization
tool) and REVIGO for analysis and visualization respectively. GOrilla is an resourceful
Gene Ontology analysis tool with unique features that make a useful addition to the
existing collection of Gene Ontology enrichment tools. GOrilla is publicly available
(http://cbl-gorilla.cs.technion.ac.il). One of the options of GOrilla is to export the data
to REViGO ,a web server program for better visualization of GO terms. REVIGO takes
long lists of Gene Ontology terms and remove redundant GO terms then remaining
terms are visualized in semantic similarity-based scatterplots, interactive graphs, or

tree maps [95,96].
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5. RESULTS

5.1. Optimal Average Fragment Size for Chromatin Immunoprecipitation

Average sheared chromatin size during ChIP sample preparation is a critical
parameter. There are various methods to shear chromatin, whether mechanical or
enzymatically (with Micrococcal Nuclease). Here, we utilize and optimize the sonica-
tion process in order to achieve mostly 200-700bp average DNA size. Figure 5.1shows
average size of sheared chromatin under 3 different sonication conditions in SkMel-28
cell line, melanoma cell line. All cellular lysates are from SkMel-28 cell line. Sonica-
tion conditions were the same among all samples, the only difference between them is
the number of sonication cycles. With increasing number of sonication cycles, smaller
chromatin fragment size can be achieved. In Figure 5.1, each lane presents different
number of cycles of sonication. Lane C and D sonication results are in our desired av-
erage size range. However since the average fragment size in the middle of the smear is
lower than 500bp, the number of sonication cycles were set to 15 cycles. There is high
possibility of losing most of protein-DNA cross-linked region due to too many cycles of

sonication that will lead to over-shearing which is not desirable in ChIP experiment.

Figure 5.1. Agarose gel electrophoresis of DNA sonication optimization. Lane A is
the DNA ladder molecular weight marker. Lane B, C and D are sonicated purified
DNA from SkMel-28, a melanoma cell line which were sonicated 9-13-17 cycles
respectively (Each cycle is 1 minute with 85% power and 90% duty cycle).
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5.2. Establishment and Optimization of ChIP Assays in Melanoma Cell

Lines

After sonication optimization, the next step is setting up and performing anti-
IRF4 ChIP in melanoma cell lines. In order to have functional straightforward ChIP
protocol, we needed to optimize reagents and protocols such as: designing and testing
different PCR primers from binding regions in the genome, choosing the best antibody,

and trying different buffer conditions for washing the magnetic immunocomplex.

5.2.1. Primer Optimization

In order to implement anti-IRF4 ChIP experiments in melanoma cell lines, we
turned to previously known top IRF4-binding regions in multiple myeloma and ABC-
like diffuse B-cell lymphoma as candidates for binding also in melanoma. Therefore, the
primers were designed from previously identified IRF4-binding regions in ABC-DLBCL,
one of which belongs to an intronic region of EHBP1L1 gene. For this regions, strong

peaks in ChIP-seq data sets were observed in multiple myeloma and ABC-DLBCL.

Figureb.2, qPCR for designed primers from one putative IRF4 binding region is
shown. The designed primer set belongs to possible IRF4 binding region on EHBP1L1
region. As Figure 5.2 demonstrates, the EHBP1L1-2 showed both good enrichment and

good melting curve is so from now on, we will continue with the mentioned primer.

5.2.2. Selection of the most suitable IRF4 antibody for ChIP

For the determination of the most suitable anti-IRF4 antibody, we conducted
ChIP with two different anti-IRF4 antibodies: one polyclonal IRF4 antibody (Santa
Cruz) which is used in ENCODE project; and another IRF4 antibody which in mon-
oclonal (Cell Signalling). NLRP7 antibody were used as negative control antibody
because NLRP7 protein is a cytoplasmic protein with no known target in nucleus.
Normal Rabbit IgG were used as negative control for IRF4 antibody from cell sig-
naling. The ChIP-qPCR results from Figure 5.3 indicates that both antibodies are
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Figure 5.2. Primer Optimization for IRF4 binding region, EHBP1L1. qPCR was
done for each of EHBP1L1 primers. Template is purified sheared DNA from
SkMel-28. NTC stands for no template control.
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Figure 5.3. ChIP-qPCR for IRF4 antibody from different companies. EHBP1L1 and
SUBI1 are designed from regions with possible IRF4 binding. NLRP7 and Rabbit IgG
as mentioned before, are negative control antibodies. NEG1 and NEG3, the negative
control primers are genomic region with no apparent IRF4 binding. Error bars depict

standard deviation of the mean.

Based on the experiments to find the most efficient conditions for ChIP-qPCR
and ChIP-seq we tried different immune-complex washing solution during our ChIP-
qPCR experiments (A.1). As the results from this section showed, with the right choice
of antibody and immune complex washing routine (i.e., with a wash solution without

SDS detergent), can improve the ChIP-qPCR results.

5.2.3. Validation of ChIP-qPCR in Melanoma Cell lines

The next step is to validate ChIP-qPCR in melanoma cell lines. Therefore, we
performed anti-IRF4 ChIP-qpCR in two different melanoma cell lines, SkMel-28 and
SkMel-5 and two different DLBCL cell lines, HBL-1 and OCI-LY-19. HBL-1 is an
ABC-DLBCL cell line with high IRF4 expression. HBL-1 will be our positive control
cell line. OCI-LY-19 is from GCB-DLBCL family of cell lines with no IRF4 expression

and is used as our negative control cell line.

Our results, Figure 5.4, verified that anti-IRF4 ChIP in melanoma cell lines is
working with relatively high amplification signal at putative IRF4 binding region which
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is EHBP and SUB1 which is previously identified IRF4-binding region from ABC-
DLBCLs.
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Figure 5.4. ChIP-qPCR with IRF4 antibody in Melanoma and Lymphoma cell lines.
EHBP1L1 and SUBI1 are designed from regions with possible IRF4 binding. NegA,
the negative control primers is a genomic region with no apparent IRF4 binding.

Error bars depict standard deviation of the mean.

5.3. Identification of IRF4 binding region on Tyrosinase Promoter in

Melanoma Cell Lines

Tyrosinase (TYR) is a gene encoding pigmentation enzyme in melanocytes. TYR
is essential for development and function of melanocytes [97]. Previous studies have
shown elevated expression of melanocytic lineage genes in melanomas [98]. Our aim
was to show whether IRF4 has binding regions on TYR promoter. First, we identi-
fied putative IRF4-binding regions on TYR proximal and distal promoter regions via
analysing DNase-seq data from the ENCODE project and found possible IRF4 bind-
ing motifs (5-GAA(A)-3') identified previously [43]. As it is demonstrated in Figure
5.5, we identified two regions, one close to transcriptional start site (T'SS) on proximal
promoter and another region more distal, 2kb upstream of T'SS . We designed primers
from these two putative regions and performed ChIP-qPCR in SkMel-28, SkMel-5 and
OCI-LY-19 cell lines.
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Figure 5.5. Putative IRF4 binding sites on schematic TYR locus structure.
Highlighted bold sequences are possible IRF4 binding motifs. DNase I
hypersensitivity mapping on TYR promoter region in Mel-2381 cell line from
ENCODE project from UCSC Genome Browser.

The results in Figure 5.6, shows that IRF4 binds to proximal promoter of TYR
as well as the distal promoter region in SkMel-28 and SkMel-5 cell lines.

5.4. Sample preparation for ChIP-seq

After establishing and optimization of ChIP assay in melanoma cells, we per-
formed ChIP-seq and identify genome-wide targets of IRF4 in melanoma cell lines.
The experimental part starts with culturing the cells, and prepared lysate from 502108
cells and sonication. Figure 5.7 shows average fragment size from sonication of samples

for ChIP-seq which is mostly in the 200-700bp range.

Then we performed four ChIP experiments for each replicate, pulled them down
together to prepare ChIP-seq samples. Verification of ChIP results were done by qPCR.
After verification, library preparation for next generation sequencing were performed.
End-repair was done and then adapters were ligated to the end of fragments (with
different index barcodes for multiplexing). The size selection step was performed for
the size range between 200-700bp adaptor-ligated fragments. After size selection, there

was final round of amplification via PCR. Samples were shipped to and sequenced at
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Figure 5.6. Quantitative anti-IRF4 ChIP for TYR promoter. SkMel-28 and
OCI-LY-19 cell line. The TYR primers are indicated as pTYR for proximal promoter
region and dTYR for distal promoter region. SUB1 is the positive control primer pair

and NegA is the negative control primer pair.
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Figure 5.7. Agarose Gel Electrophoresis of Sonicated two biological replicates of

SkMel-28. After sonication the samples were run on a 2% agarose gel.
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University of Texas at Austin, Genomic Sequencing and Analysis Facility (UT GSAF).
Before sending we did another round of qPCR, in order to compare with the results of

before-library-preparation qPCR. The results are shown in Figure 5.8.

According to Figure 5.8, enrichment profile of the replicate sample for before and
after library preparation shows about 25-30 times increase as expected. So for the last
quality control step, we loaded small amount of samples in Agilent Bioanalyzer to check
the integrity and concentration of the samples. The average size and concentration of
the samples are shown in C.1 More than 90% of the fragments in all samples are around
the expected average size. Also the concentration of the samples are enough for next

generation sequencing as designated by UT GSAF facility.
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Figure 5.8. ChIP-qPCR verification of ChIP-seq samples,before and after library
preparation. EHBP and SUB1 are positive control primers from the regions where
IRF4 is possibly binding; and Negl is negative control primer with no evidence of

IRF4 binding in that region.

5.5. Bioinformatical Analysis of ChIP-seq Results

UT GSAF Sequencing facility uploaded the sequenced reads on their webserver
in fastq format 4.5.1. They have already de-multiplexed and removed the adaptor
sequences along with barcodes. We set up and followed the bioinformatical analysis

pipeline summarized in Figure 5.9 and Section 4.5
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Figure 5.9. Schematics of followed bioinformatical ChIP-seq analysis pipeline.

5.5.1. Quality Check for Sequenced Reads with FastQC

First step of every NGS analysis pipeline is analyzing quality of the reads by
FASTQC. We can use the program both through Galaxy web server or download it
and run locally. FASTQC helps us to decide if any trimming or filtering is necessary.
As an illustrative figure, quality score graph for one of the biological replicates SkMel-
28 sample is shown in Figure 5.10. All of the quality graphs of each biological replicate

are shown in Figure D.1.

Before alignment, 3 bases were trimmed from 5 side and 2 bases from 3’ side
in order to avoid any possibility of low quality base calls at the beginning and ending
of the reads. There was no need for filtering since qualities of bases in each position
were satisfactory (most of the bases have a Phred quality score more than 34 (base call

accuracy > 99.9%)). Hence, all the reads were used at the mapping step.
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Figure 5.10. Per base sequence quality graph for one of the biological replicates of

SKMEL-28. X-axis shows base position and Y-axis point to a Phred quality score.

5.5.2. Alignment to Human Reference Genome (Hgl9) with Bowtie

We used Bowtie [86] to align sequenced reads to human ge-nome (hg19). In order

to avoid aligning to more than one region of genome, we used the option of "unique

mapping”, which are the reads mapping only to one region of the genome, as explained

in Materials and Methods section 4.5. Mapping statistics is presented in Table 5.1.

Table 5.1. Bowtie Mapping Statistics.

SkMel-28 Total Uniquely Mapped | Mapped %
ChIP-IRF4 Replicate-1 | 50,644,130 | 33,286,423 65.73%
ChIP-IRF4 Replicate-2 | 88,679,913 | 56,570,355 63.79%
Input 07,574,614 | 75,801,925 77.69%

We visualized the reads aligned by Bowtie using the UCSC Genome Browser. A

representative figure, showing MITF locus for all replicates and input of SkMel-28, is

shown in Figure E.1.
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5.5.3. NGS-QC: A Quality Control Tool for ChIP-seq Data

The quality report for SkMel-28 samples and input can be seen in F.1. Assigned
grades for our samples were as follows: SkMel28-IRF4-Replicate 1 (CBB), SkMel28-
IRF4-Replicate 2 (BAA) and SkMel-28 input (BAA). So because of the quality score of
input which shows bias and over amplification in some selected regions, we have decided
to perform peak calling with more than one peak caller and continue the pipeline based

on the overlap of different algorithms and common peaks between both samples.

5.5.4. Peak Calling

Peak calling and identifying the significant peaks has always been one of the chal-
lenging steps in ChIP-seq analysis pipeline. In order to increase fidelity and overcome
the problems originated from input (as mentioned before briefly in the last section), we
decided to identify peaks by applying the following three programs: MACS, Homer,
and BayesPeak. The common peak calling criteria for all three programs were chosen
to be FDR equal or lower than 0.1 which means on the average there is only 10%

chance that the defined peak is false positive.

In MACS, one of the clues that shows ChIP-seq has worked is the ratio of positive
peaks to negative peaks should be around 10:1. Statistics of Peak calling by MACS is
shown in Table 5.2 and modeled peak based on top 1000 peaks is demonstrated in G.1.

Table 5.2. Peak Calling statistics of MACS.

Samples Positive Peaks | Negative Peaks | Common Peak between replicates(R1NR2)
Replicate 1 vs Input | 166,301 13,224

82,989
Replicate 2 vs Input | 297,942 41,258

As our second peak caller, we used Homer [89]. According to the aforementioned
four criteria in Section 4.5, identified peaks for SkMel-28 Replicate 1 is 121,154 and
for SkMel-28 Replicate 2 is 126,458 peaks. The common peaks between two samples
is 26,995 peaks.
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The common peaks between two replicates in MACS analysis is 49.90% and in
analysis by Homer it is about 22.28%. This difference may be because of the fact
that number of reads in replicate 1 is almost half of Replicate 2. However, in order
to confirm significance of the peaks we used a third computational algorithm for peak

calling that belongs to Bioconductor packages.

Additionally, we decided to check the peak saturation levels in the ChIP sample
with higher number of reads. In brief, we randomly sampled from ChIP-seq replicate
2 (5%-10%-15%...-90% of the reads). We performed this random sampling 10 times
for each percentile. Basically it means that each random sampling was performed 10
times in order to overcome the effect of variation across the genome and reads. Peak
calling was performed by MACS on all of the randomly sampled subsets and later on,
the graph was drawn based on the number of peaks. As Figure 5.11 suggests in order

to achieve saturation and find all IRF4 binding sites, we need more reads.
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Figure 5.11. Variation of number of peaks based on random sampling of peaks. Less
number of reads leads to less number of peaks. More reads suggests more

IRF4-binding sites are discovered.
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The third peak caller, BayesPeak which is part of Bioconductor package identify
the peaks based on Bayesian hidden Markov model [90]. With FDR of 10%, BayesPeak
discovered: 102,215 peaks for SkMel28 Replicate 1 and 108,697 peaks for SkMel-28
Replicate 2, and the number of common peaks between both samples are 29,735 peaks.

Table 5.3 is summary of number of peaks across different platforms.

Table 5.3. Summary of Peak Caller Statistics.

All Peaks | Replicate 1 | Replicate 2 | Common Peak between replicates (R1NR2)
MACS 166,301 297,942 82,989
Homer 121,154 126,458 26,995

BayesPeak 102,215 108,697 29,735

In order to be more stringent in downstream analysis, we decided to choose the
peaks which overlap in two categories: first they are present in both replicates and
second, across different peak callers, at least 2 of 3 algorithms have discovered it. The
common peaks pool is 23,101 peaks. These are the peaks which most of downstream

analysis will be based on.

5.5.5. Motif Analysis using MEME

For finding motifs and their enrichment pattern over the peaks, we used MEME-
ChIP of The MEME Suite. We give MEME-ChIP our sequences from peaks in FASTA
format [92,93].

Figure 5.12 shows enriched motifs in common peaks dataset of the different algo-
rithms as were explained and selected in Section 5.5.4. In Figure 5.12; IRF motif (red)
is not enriched in center of the peak defined by MEME-ChIP, but about 20-40bp away
from center of the peaks, enriched IRF4 motif can be seen. As it has shown in Figure
5.12, IRF motif is grouped with NFxB motif (yellow), TFAP2A motif (violet), MEF2A
(pink) and MEF2B (light green). Centrally enriched motif 5’~-AAAA(T/A)TA(G/C)-
3’, is an AT rich which is similar with motifs from NFAT5 and MEF2A and MEF2B.

The related motif was ranked first with highest motif significance value which is calcu-
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lated based on p-value and the number of candidate motifs tested.The relate p-values

can be seen in Figure 5.12.

Additionally, we decided to check for enriched motifs in top 25% common peaks
between both replicates from each peak caller separately. In Table H.1, enriched motifs
with highest score from MACS’s top 25% peaks are shown. In this dataset, enriched
motifs from IRF, TFAP (Transcription factor AP /activating enhancer binding protein),
NFAT (Nuclear factor of activated T-cells ),and ZNF (Zinc finger proteins) transcrip-
tion factor families can be seen. Table 1.1, demonstrates highest-scored enriched motifs
for top 25% of peaks called by HOMER. We can see transcription factors (TF) such
FLI1,a member of ETS family. Some of ETS family members are known IRF4 cofactors
in ABC-DLBCLs. Other enriched motifs belong to TFs such as IRF, MEF2 (myocyte
enhancer factor-2) and ZNF.

Top 25% peaks of BayesPeak related enriched motif results were different. As
you can see in Table J.1,we can see partially enriched IRF enriched motif in the form

of 5-GAA(A)-3', however IRF motif is not in top 10 enriched motifs in BayesPeak

dataset.
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Figure 5.12. Various Transcription factors motif enrichment pattern in the common

peaks. Graph and sequence logo are generated by MEME Suite.
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5.6. Linking Peaks to Genes, Gene Set Enrichment Analysis, Pathway
Analysis using GREAT

Genomic Regions Enrichment of Annotations Tool (GREAT), a web-based pro-
gram, assigns biological meaning for a set of known or expected cis-acting non-coding
genomic regions by analysis of the annotations of the nearby genes. One of the main ex-
periments which GREAT is designed for, is to analyze data from ChIP-seq experiment

with a transcription factor of interest [94].

Table 5.4 shows top ten enriched molecular function term in common peak set
from replicates and peak calling algorithms. The one with best score (lowest p-value)
is related to Rab GTPase activity. Rab GTPases are part of Ras superfamily. The
top 3 enriched molecular function are all involved in membrane traffic, such as vesicle

formation, interacting with cytoskeleton for vesicle transfer.

Table 5.4. Enriched Molecular Function related terms in common peaks dataset.

Enricher Molecular Function terms p-value (-log10)
Rab GTPase activator activity 12.87
beta-tubulin binding 12.48
actin filament binding 12.19
ribonuclease activity 11.63
Rab GTPase binding 10.81
IgG binding 10.69
DNA helicase activity 9.98
uridylyltransferase activity 9.68
proteine serine/thereonine phosphatase activity 9.44
NF-xB inducing kinase activity 9.39

GREAT searches for enriched pathway related term partnering with Panther
Pathway analysis and Molecular signature database (MSigDB). As it is shown in Table
5.5 and 5.6, in both databases Notch signalling pathway and PI3 Kinase pathway have
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high scores and low p-values. PI3 kinase is one of the main deregulated pathways
in melanoma (Section 1.2.2 ). According to Table 5.5 and 5.6 most of top enriched

pathways are related to hallmarks of cancer.

Table 5.5. Top enriched pathway terms in Panther Pathway Analysis.

Panther (Protein ANalysis THrough Evolutionary Relationships) Pathway
Pathway p-value (-log10)

Notch Signaling Pathway 25.65

PI3 Kinase Pathway 13.18

P53 Pathway Feedback Loops2 12.63

VEGF signaling pathway 11.61

Insulin/IGF pathway 9.82

Table 5.6. Top enriched pathway terms in Molecular Signature Database.

MSigDB (Molecular Signatures DataBase) Pathway

Pathway P value (-logl0)
Tyrosinase Receptor Kinase A signaling pathway related genes | 28.39
Notch Signaling related genes 14.32
WNT signaling pathway related genes 12.34
PI3K/AKT Signaling related genes 11.96
Insulin Receptor pathway related genes 11.28

Another database which GREAT uses, is Gene Ontology analysis and related
terms. Enriched biological processes in genes associated with common peaks dataset,
is summarized in the Table 5.7 . There are a number of enriched biological process term
related to cellular trafficking. Also terms related to ER and cellular stress are enriched
in our common peak set. Furthermore in order to define IRF4- directly regulated genes,

we study the ChIP-seq and RNA-seq data together.
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Table 5.7. Top enriched GO biological process terms related to common peaks

dataset.
GO Biological Process p-value (-log10)
Golgi vesicle transport 27.75
Response to endoplasmic reticulum stress 26.14
Response to unfolded protein 18.8
Vesicle docking involved in exocytosis 18.07
Notch Signaling Pathway 16.75
DNA integrity checkpoint 15.64
Positive regulation of RabGTPase activity 12.87

5.7. Integration of ChIP-seq and RNA-seq data

We can identify IRF4 directly regulated targets with ChIP-seq, however only
with the help of RNA-seq data, we can comment about IRF4 has whether activating
or repressing target genes or even have any effect on their transcription to begin with.
Assigned genes from the ChIP-seq dataset were compared with available RNA-seq sig-
nificant gene list [5]. As Figure 5.13 shows, there are 2143 common genes between two
dataset. Additionally, to see if IRF4 plays more of an activator role or repressor role,
we examined intersection of IRF4 activated genes verses ChIP-seq annotated genes.
As it is shown in fig 5.14. These two dataset have 1105 genes in common. Further-
more, comparison of IRF4 repressed genes and ChIP-seq annotated genes showed 1038

common genes.

In order to elaborate more on the properties and roles of shared genes between two
dataset, the mutual genes between ChIP-seq data and IRF4 activated gene list and also
mutual genes between IRF4 repressed genes and ChlIP-seq dataset, we performed GO
analysis and visualization with GOrilla. [95]. The most enriched GO term for molec-
ular function belongs to membrane and cellular trafficking and cell cycle regulations.

Summarized Figures can be seen in Appendix I.
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Figure 5.14. Venn diagram of common common genes between RNA-seq and
ChIP-seq data.The left venn is just for IRF4 activated genes and the right venn

diagram shows common genes which IRF4 represses them
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5.8. ChIP-qPCR Verification of Selected Common Peaks from ChIP-seq

Analysis

Integrating RNA-seq and ChIP-seq data, we have chosen some sample peaks
region to be validated by qPCR. The selected peaks for gPCR were based on the quality
of the peak which means these peaks are highly enriched compared to the background,
present in common peaks and their associated gene is upregulated or downregulated
according RNA-seq dataset. We have found a putative IRF4 binding sites on MITF,
NRAS and TYR loci. In MITF locus, we observed several peaks however, the peak in
Figure 5.15 was the one with highest enrichment; furthermore, considering RNA-seq

results in Figure 5.18,the data suggests that MITF is directly regulated by IRF4.

Replicate 1

Replicate 2

Input

MITF e St e e——

Figure 5.15. Putative IRF4 binding site in MITF gene. The red rectangle shows the
possible IRF4 binding region.

According to both ChIP-seq and RNA-seq data as the Figures 5.16 and 5.18
demonstrates that IRF4 is directly regulating NRAS. Knocking-down IRF4 will also

cause decrease in NRAS expression.
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Figure 5.16. Putative IRF4 binding site in NRAS gene. The red rectangle shows the
possible IRF4 binding region.

We also examined the peaks which were close to TSS and also were differen-
tially expressed in RNA-seq data upon IRF4 knockdown. The chosen peak belongs to
RAB3GAP1, which is membrane protein and part of Ras protein family. There are
two putative IRF4 binding region for this gene. One of them is about 1kb upstream
of TSS and the other peak 3kb downstream of the TSS in the first intronic region.
We chose the one which is 1kb upstream of TSS for ChIP-qPCR verification (Figure
5.17). Furthermore, in RNA-seq data, we can observe a mild increase in RAB3GAP1

expression upon IRF4 knockdown.
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Figure 5.17. Putative IRF4 binding sites in RAB3GAP1 gene. The red rectangle
shows one of the possible IRF4 binding regions.
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Figure 5.18. Expression of MITF, TYR, NRAS and RAB3GAP1 upon IRF4
knockdown. Except RAB3GAP1 gene, which does not have RT-qPCR data, all other
three genes are presented with RNA-seq and RT-qPCR results. (Adopted from [5])
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6. DISCUSSION

Transcriptional regulation by IRF4 has been extensively studied in immune cells
and immune cell cancers, particularly lymphocytes and different types of lymphoma.
IRF4 is essential for the survival and development of these cells. As previous studies
have shown ABC-DLBCL and MM cells have a non-oncogenic addiction to IRF4 ex-
pression which makes IRF4 expression vital for survival and growth cancer cells [43,44].
Recent studies from our lab and elsewhere demonstrated that IRF4 expression is also
present in melanocytes and melanoma cells [99]. Additionally, several genome-wide
association studies linking a particular SNP in IRF4 locus is linked to predisposition
to melanoma [67,68]. Initial studies of IRF4 in melanoma cell lines, in our group,
revealed possible non-oncogenic addiction of these cells to IRF4 such that downregula-
tion of IRF4 expression in IRF4-positive melanoma cell lines led to loss of viability, and
this may be because of a cell cycle arrest at G2/M checkpoint [99]. Studies from our
lab and a recent article [4] all point out to IRF4 as a critical transcriptional regulator
in melanocyte and melanomas. So one of the steps of elucidating functional roles of
IRF4 in melanoma is to find its downstream transcriptional target genes. We set out to
find the downstream transcriptional targets by two methods: ChIPseq and RNAseq.
Yilmaz et al from our group, performed RNAseq and its analysis, and I performed

ChIPseq and its analysis.

As the first step, we established and optimized different steps of chromatin
immunoprecipitation protocol. First, we optimized sonication condition in order to
achieve 200-700bp range in shearing chromatin of SkMel-28 lysates. The next steps
of optimization involved balancing the concentration of salt and detergent in washing
buffers in order to avoid unspecific binding, and last optimization step was designing
and choosing the right primers for qPCR, in order to get amplicon which is unique to
the putative IRF4 binding regions that also show good amplification in qPCR. Finally,
in order to avoid low concentration of ChIP samples in library preparation, we pulled
down four ChIP-DNA samples together as our starting amount at the beginning of

library preparation.
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Upon completion of ChIP-seq experiments, we started setting up our bioinfor-
matics pipeline by quantifying per base read quality which were in satisfactory range
for all samples. As a result, we only trimmed 5 base pair in total from the both ends

of all sequenced reads.

In the mapping step , we used uniquely mapped reads for the downstream of
analysis pipeline. We selected the uniquely mapped reads in order to avoid the uncer-
tainty about the source of individual sequencing reads. Mapped reads in one of the

replicates were almost half of the other replicate.

Following aligning the reads to genome, we checked the quality of ChIP-seq exper-
iments with NGS-QC [87] to see if the we can observe the expected selective enrichment
genome-wide or not. Our ChIP-seq replicates passed the analysis successfully. However,
our input sample also showed some selective enrichment genome-wide. Therefore we de-
cided to perform peak calling with three different computational algorithms: MACS,
HOMER and BayesPeak. Furthermore, for more detailed analysis of the quality of
ChIP-seq samples it would help to perform quality controls with other quality control
computational algorithms designed for ChIP-seq such as ChIPQC of the Bioconductor.

In peak calling step, as expected, the replicate with lower read number also had
lower peaks compared to the other replicate. Moreover, shared peaks between two
replicates were about 50% in MACS, 22% in Homer and 28% in BayesPeak. To be
certain that this difference is due to low number of reads, we tested this by randomly
sampling 50-60% of the genome three times and then checked the common peaks be-
tween the two samples to see if the percentage of common peaks changed between the
two samples. By lowering the number of reads, we achieved 50-60% of common peaks
between two samples in the analysis using Homer suggesting that there are putative
peaks in the sample with lower number of reads which were not recognized because
their enrichment score was lower and possibly their false discovery rate were higher

than 0.1.
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In order to understand how many more reads are needed in order to find all IRF4
binding regions of the genome, we randomly sampled from the replicate with higher
number of reads, starting with just 5% of all the reads and gradually increasing until
90% of the reads. This random sampling was repeated 10 times per each fraction
of the reads. Then peak calling was performed with MACS. At the end, graph was
plotted based on the acquired peak numbers. According to the visual inspection of the
graph, number of reads is close to saturation point and sequencing more reads is not
expected to result in too many more peaks to be defined and therefore would not be
cost-efficient. On the other hand, a detailed mathematical analysis can be expected to

give a more quantitative assessment of this point.

Furthermore, as part of downstream analysis we analyzed the sequences of our
selected peaks with MEME-ChIP in order to find enriched motifs. As it was shown in
Figure 5.12, centrally enriched motif is an AT rich motif associated with HOX family
and NFAT. IRF motif is enriched 20-40bp away from the center of the peaks grouped
with TFAP2C, NF-xB, MEF2A and MEF2B together. A possible explanation for why
IRF motif is not centrally enriched in this dataset may arise from the method which
we find common peaks. In BEDtools, in order to find common peaks, it searches for
intersection of the peaks from the two user-given inputs and cuts out the shared regions.
Due to our pipeline, we perform this finding common peaks step 3 times: 1)Intersection
of the replicates. 2)Intersection of of two peak-caller results and 3) Intersection of
output of number 2 with a third peak caller results. Considering the difference between
peak callers and their peak finding algorithms, because MACS calculates peaks based
on the read numbers and their enrichment compared to input, and on the other hand
BayesPeak more relies on the formation and structure of peaks compared to input,
and HOMER considers both read number and their possible peak structure, so it can
be expected to see common peaks not to be the center of the peaks generated by
each algorithm. Therefore, we performed motif analysis on top 25% peaks found by
each algorithm. As it is demonstrated in Appendices H, I and J, MACS and HOMER
show enriched IRF motif, and BayesPeak only has part of IRF motif as enriched motif
(5-GAA(A)-3'). Moreover, all the three algorithms contain AT-rich motifs. Another

possible reason why IRF motif is not centrally enriched and got lower score that the
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other motifs found in common peaks can be the way MEME-ChIP calculates and finds
motifs. MEME erases the site that match previously found motif. Therefore, combining
the BEDtools results and algorithm of MEME, we suggest that it can be expected not
to see IRF motif enriched exactly at the center of the peaks.

For annotation and analysis of Gene Ontology terms and pathways in ChIP-
seq data, we used GREAT because DAVID and GO::TermFinder, the two popular
annotation tools, is not suitable for analysis of ChIP-seq data. These annotation
enrichment tools are gene-based. This is not accurate because gene-based tests do
not account for biases during assigning genomic regions to genes. A random genomic
region is more likely to be assigned to a gene in a gene desert simply because deserts
provide large regions where that gene is the nearest one. GREAT models this situation.
Hence, more accurate enrichments for a set of genomic regions is calculated. GREAT
also recruits and uses numerous ontologies providing a range of annotations such as

protein domains and pathways [25,94].

As a verification of ChIP-seq, we chose four peaks for validation with ChIP-
qPCR. Three of these peaks are associated with MITF, NRAS and TYR, which play
key roles in growth and survival of melanoma cells. The last chosen peak is based on
two criteria, first unlike other peaks it is closer to transcription start site (maximum
1500bp upstream or downstream of T'SS) and second criteria is that it scored high and
have shown one of the best p-values and enrichments. This peak is aligned to about 1kb
upstream of TSS of RAB3GAP1, a subunit of Rab GTPase which is member of Ras
protein superfamily. RabGTPase is responsible for membrane trafficking and vesicle

formation and transportation.

After we determined peaks which is common with both replicates and all three
algorithms, we performed Gene Ontology analysis for these peaks. Later on, we checked
for common genes between IRF4 ChIP-seq chosen peaks and IRF4 regulated significant
gene list from previous RNA-seq results. They shared 2143 genes together, 1105 genes
were in common with [TRF4-activated gene list and 1038 genes with IRF4-repressed

genes. In order to know more about these common genes, we used GOrilla to check for
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gene ontology term of biological process, molecular function and cellular components
[95]. We visualized the GOrilla data with REVIGO. As a result of the GOrilla analysis
and REVIGO graphical output, enriched GO-BP terms of common genes of IRF4
ChIP-seq and IRF4-activated genes in SkMel-28 suggest an association to regulation
of cyclin-dependent protein serine/thereonine kinase activity which suggests regulating

cell cycle control and proliferation.

Gene ontology enrichment analysis with common genes of IRF4 ChlIP-seq and
IRF4-repressed gene lists of SkMel-28, we observe GO terms related to adenylate cy-
clases which are inhibitor of G-protein coupled receptor pathway, transition of metal-ion
transport which are both related to membrane traffic system, and cellular transport.
This is interesting because in the over-represented GO terms of IRF4-repressed genes
in SkMel-28, we have also seen related enriched terms with vesicle mediated trans-
port and melanin synthesis which suggests IRF4 may have an effect on melanosome
formation and transport. Also enriched GO terms related to § — tubulin and actin
filament binding gives us more clues about role of IRF4 in regulating vesicle mediated

transports across the cell.

As it is shown in Figure 5.13, 3826 genes which were associated between peaks
did not stand out in RNA-seq results. Different reasons can give rise to this difference.
One of these reasons can be because of how peaks are associated with genes. Unlike
RNA-seq, in ChIP-seq most of the peaks associated genes are between 5-50kb upstream
or downstream of TSS (Figure K.1). However these possible binding regions could be
regulating genes far away on the same chromosome or other chromosomes. Unfortu-
nately ChIP-seq does not give any information about long-range chromatin interactions
of IRF4. Chromatin Conformataion capture techniques should be performed in order
to find these interaction sites. Another reason of why have 3826 genes not common
with RNA-seq may also be due to the fact that IRF4 has a lot of cofactors. There-
fore, IRF4 alone may not be regulating these genes. Discovery of IRF4 co-factors in
melanoma can help with characterization of these genes and in what conditions IRF4

regulates them.
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ChIP-seq and RNA-seq results both demonstrate the regulatory role of IRF4
on MITF in melanoma. MITF is the master regulator in melanocyte development
and it also has been shown to be involved in proliferation, survival, pigmentation,
metastasis and invasion in melanoma cells [22]. We found a putative IRF4 binding site
inside MITF in an intronic region. Furthermore, previous studies also give us clues
about regulatory mechanism between MITF and IRF4. Hoek et al demonstrated that
overexpression of MITF leads to upregulation of IRF4 in SkMel-28 cell line [3]. Also
in a recent study, it was shown that MITF binds to intron 4 of IRF4 and in the case of
downregulation of MITF, there is also decrease in IRF4 mRNA and protein levels [4].
Also the same study indicated that upon reduction in IRF4 levels in 501mel cell line,
there is no change in MITF expression [4]. However MITF was one of the common
genes between ChIP-seq annotated genes and RNA-seq IRF4-activated gene list, which
suggests MITF-IRF4 relationship can vary among the cell lines. Also it might be a clue
to other epigenetic factors and transcription factors which interacts with IRF4 during
regulation of MITF and depending on the state of the cells, IRF4 may have roles in
both repress and activation of melanoma. Another interesting common gene between
ChIP-seq data and IRF4-activated gene set is NRAS gene suggesting that NRAS is
likely regulated directly by IRF4. NRAS is one of the key proteins in melanoma. It
is a mediator of MAPK/ERK and PI3K/AKT pathways which are over-activated in
most of the melanoma cells. Also according to analysis done using GREAT, PI3K/AKT
signaling pathway is one of the over-represented term in both Panther and MSigDB
pathway analysis. This findings is also consistent with Yilmaz observations. In our
lab, studies have shown that p-AKT levels (p-AKT (Ser473) and p-AKT (Thr308), two
sites phosphorylated by mTORC2 and PDKI1, respectively) in SkMel-28 are reduced
upon IRF4 knock-down and increased when IRF4 is overexpressed. All these evidences
suggests that IRF4 may effect AKT activation at least partly through regulating NRAS.
In brief, after carrying out a comprehensive analysis of ChIP-seq experiments and
its integration with RNA-seq data, the GO enrichment analysis of the mutual genes,
IRF4 appears to play a key role in regulating cell cycle. Also, it seems that IRF4
play a major role in regulating cellular and membrane transport pathways such as

melanosome transportation. Furthermore, there is still a lot of space to wander about
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IRF4 roles in growth and survival of melanoma cell lines. For instance, it would be
great to perform ChIP-seq in other IRF4 expressing melanoma cell lines. Considering
the RNA-seq results and the differences between expression profiles of SkMel-28 and
SkMel-5 upon IRF4 knockdown, it will be interesting to investigate if localization of

IRF4 and its target genes changes among melanoma cell lines.
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OPTIMIZATION OF CHIP

APPENDIX A
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Figure A.1. Anti-IRF4 ChIP-qPCR Optimization of Immune-Complex washing

buffers. IRF4 or Goat IgG samples were washed with buffers containing 0.1% and

0.05% SDS, respectively.
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APPENDIX B: ANTI-IRF4 CHIP-qPCR ON
TYROSINASE PROMOTER IN SKMEL-5 CELL LINE
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Figure B.1. Quantitative anti-IRF4 ChIP for TYR promoter in SkMel-5 cell line. The
TYR primers are indicated as pTYR for proximal promoter region and dTYR for
distal promoter region. SUBI is the positive control primer pair and NegA is the

negative control primer pair.
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APPENDIX C: AGILENT BIOANALYZER PROFILE OF
THE SAMPLES
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Figure C.1. Agilent Bioanalyzer produced graphs for the samples. This graphs shows

average size of fragment after library preparation.
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APPENDIX D: PER BASE QUALITY GRAPHS OF
SKMEL-28 SAMPLES

Cualicy scores across all bases (Sanger filumina 1.9 ercodng)
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Figure D.1. Per base quality graphs for SkMel-28 replicates and input. x-axis shows

base position and y-axis indicates a Phred quality score.
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APPENDIX E: VISUALIZATION OF SKMEL-28 MAPPED
READS

w545, 0ol

Figure E.1. UCSC Genome Browser visualization at MITF locus with reads aligned
in stacked mode in ChIP samples and more dispersed in input. First row shows input
of SkMel-28. Next two rows indicate reads in ChIP-seq replicates. Visualizations were

performed with mapped reads without read number normalization between samples.
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APPENDIX F: NGS-QC QUALITY CONTROLS OF
SKMEL-28 SAMPLES
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Figure F.1. NGS-QC Quality reports of the SkMel-28 samples. Effect of random
sampling on the profile. This figure demonstrates the effect of the random sampling
subsets (90%: black; 70%: blue; 50%:red) on the recovered read count Intensity
(recRCI) per bin. The dark-green vertical line denotes the background threshold.
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APPENDIX G: MACS: MODEL PEAKS

Peak Model of SkMel28 Replicate 1

-600 -400 -200 0

Distance to the middle

0.06 0.08 0.10

0.04

Peak Model of SkMel28 Replicate 2
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analysis.
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APPENDIX H: MOTIF ANALYSIS FOR MACS PEAKS

Known or similar motifs E-Value
H0R p N An TFAP2C/TFAP2B 5 001083
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’%G;EAMC IRF7 4,5¢-879

}T: A':HZCA RARA/THRA/RORA 6.8e-846

Figure H.1. Enriched motifs in Peaks found by MACS. E-value is the p-value
multiplied by the number of motifs in the input database.
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APPENDIX I: MOTIF ANALYSIS FOR HOMER PEAKS

Known or similar motifs
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Figure I.1. Enriched motifs in Peaks found by HOMER. E-value is the p-value
multiplied by the number of motifs in the input database.
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APPENDIX J: MOTIF ANALYSIS FOR BAYESPEAK
PEAKS

E-Value

Known or similar motifs

LA;: _________ - 2.7e-1166
‘EACCA% - 2.0e-3214
T TatTTTagTackihs e

,,,,,,,,,,,,,,,

WedTT -

iMAATTA NFAT5-DBD 8.0e-1942

]TCAT A PAX9-DBD 5.0e-1399

'}TI.E: A:A - 2.3e-682

X:EIT AAC ZNF524 1.3e-288

‘ElAvEA AAAC ; 1.0e-231
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Figure J.1. Enriched motifs in Peaks found by BayesPeak. E-value is the p-value
multiplied by the number of motifs in the input database.



APPENDIX K: DISTANCE OF PEAKS FROM
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Figure K.2. Distance of peaks from TSS, both downstream and upstream of TSS.
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