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Abstract

IDENTIFICATION OF MODULATORY FUNCTIONS OF
TP53, ESTROGEN SIGNALING, AND 14g32.31 miRNA CLUSTER ON
CHRNAS KNOCK-DOWN EXPRESSION PROFILE AND

DEVELOPMENT OF syneRgy APP

Ayse Gokce Keskiis
Ph.D. in Neuroscience

Supervisor: Ozlen Konu Karakayah

September 2021

Cholinergic receptor subunit alpha 5 (CHRNADb) is a ligand-gated ion channel expressed in not only the
nervous system but also other tissues. Differential expression and the polymorphisms of CHRNAS have
been associated with addiction, particularly nicotine and various cancer types. The tumor-suppressive
properties of CHRNAS depletion, i.e., decrease in cell proliferation, induction of DNA damage
response, and drug sensitivity, have been identified in breast cancer cell lines. This thesis focuses on
identifying critical factors modulating or modulated by the knock-down of CHRNADS in breast cancer
cell lines using both wet-lab and bioinformatics approaches. Here | have first found the significant
correlation between CHRNADS and DNA damage response in breast cancer tumor datasets. Moreover, |
discovered that the introduction of siTP53 antagonized the actions of siCHRNAS5 and reverted the

SiCHRNAAS5-mediated cell cycle inhibition and drug sensitivity in the MCF7 breast cancer cell line.

Furthermore, siCHRNAS was found to inhibit the secondary signaling of estrogen/ESR1 in time and
dosage-dependent manners. CHRNADS depletion also downregulated the conserved 14932.31 miRNA



cluster expression. Among those miRNAs, miR495-3p appeared to be the most prominent candidate,
exhibiting a similar expression profile with selective estrogen degraders and partially with sSiCHRNADS.
However, the inhibitory effect of the combinatorial treatment with SiCHRNAS5 and miR495-3p on the
secondary targets of estrogen signaling indicated that siCHRNAS5 and miR495-3p might target

converging pathways, evidenced by the antagonism (rather than addictiveness) between them.

In addition, the Shiny-based syneRgy app was developed to analyze the transcriptome-based synergy
between treatments and/or genetic modifications. As a case study, syneRgy analysis using novel MDM2
inhibitor and/or temozolomide treated neuroblastoma cell lines revealed that although the tumor-
suppressor effect of combination therapy was more than each individual treatment, it was less than
additive. syneRgy was applied to understand the combinatorial treatment of SiCHRNAS with siTP53 as
well as SICHRNAS with miR495-3p mimic and enhanced our understanding of the TFs that might have
a role in the crosstalk. To our knowledge, syneRgy is the first-ever online tool to perform statistical
synergy analysis using RNAseq count or logFC transcriptomic data and synreg, i.e. our novel

methodology allowing for statistical tests of TF target enrichment using regression models.

Keywords: CHRNAS, estrogen signaling, selective estrogen receptor degraders, selective estrogen
receptor modulators, TP53 signaling, miRNA, 14931.32 miRNA cluster, transcriptomics, synergy

analysis.



Ozet

TP53, OSTROJEN SINYAL YOLAGI, VE 14¢32.31 miRNA GRUBU’NUN
CHRNAS5 DEPLESYON iFADE PROFILI UZERINE ETKILERININ
BELIRLENMESI
VE

syneRgy UYGULAMASININ GELISTIiRILMESI

Ayse Gokce Keskiis
Ph.D. in Neuroscience
Supervisor: Ozlen Konu Karakayah
September 2021

Kolinerjik reseptor nikotinik alfa 5 (CHRNAS) sadece sinir sisteminde degil diger dokularda da ifade
olunan ligand kapili bir iyon kanalidir. CHRNAS ifade farklilig1 ve polimorfizmi bagimlilik, 6zellikle
nikotin, ve cesitli kanser tipleriyle iliskilendirilmistir. CHRNAS deplesyonunun tumor baskilayict
ozellikleri, hiicre canliliginda diisme ve DNA hasar1 ve onariminda ve ilag hassasiyetinde artis olup
meme kanseri hiicre hatlarinda belirlenmistir. Bu tez, CHRNAS deplesyonunu etkileyen ve ondan
etkilenen anahtar faktorlerin, in-vitro ve in-siliko tekniklerle belirlenmesine odaklanilmistir. Meme
kanseri verisetleri kullanilarak, CHRNAS5 ve DNA hasari ve onarimi genleri arasindaki pozitif
korelasyon ilk defa gosterilmistir. Ek olarak, MCF7 meme kanseri hiicre hattinda, TP53 deplesyonun
siCHRNAS ile antagonistik olarak hareket ettigi ve siCHRNAS5’1n hiicre dongiisii ve ilag hassasiyeti
iizerindeki etkilerini geri ¢evirdigi gézlemlenmistir. Ayrica, siCHRNAS ikincil dstrojen sinyal yolagini
zamana ve doza bagl sekilde baskilayabilmektedir. CHRNAS deplesyonu ayrica evrimsel olarak

korunmus 14g32.31 miRNA grubunun ifade miktarimi diisiirmektedir. Bu miRNA’larin arasinda,

\



mMiR495-3p, en 6nemli miRNA olarak 6ne ¢ikmakta olup selektif Gstrojen reseptor modiilatérii ile benzer
ifade profili sergilemektedir. Ancak, sSiCHRNA5 ve miR495-3p’nin ikincil Gstrojen sinyal yolagi
tizerindeki antagonistik etkileri, siCHRNAS ve miR495-3p’nin ayni1 protein/yolagi hedeflediklerini 6ne
siirmektedir. Ek olarak, shiny temelli syneRgy uygulamasi ilaglar ve/veya gen modifikasyonlari icin gen
ifade profili temelli sinerji analizi yapilmasi igin gelistirmistir. Ornek vaka galigmasi olarak, MDM2
inhibit6rii ve/veya DNA hasar1 indiikleyen temozolomide uygulanmig olup neuroblastoma hiicre hatlar
kullanismistir. Elde edilen sonuglara gére kombinasyon uygulamasinin tumor baskilayici etkisi bireysel
uygulamalardan daha fazla olsa da bireysel uygulamalarin toplamlarindan az oldugu bulgulanmustir.
Bildigimiz kadariyla, syneRgy, transkriptom temelli sinerji analizi ve synreg isimli yeni gelistirdigimiz

sinerji analiz metoduyla TF zenginlestirmesi analizi yapan tek online uygulamadir.

Keywords: CHRNAS, 6strojen sinyal yolagi, selektif 6strojen modulatorii, TP53 sinyal yolagi, miRNA,

14931.32 miRNA grubu, transkriptomiks, sinerji analizi.
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1 Introduction

1.1 Breast cancer

Cancer is the leading cause of death worldwide. According to the GLOBOCAN report, cancer is
the first or second cause of death before 70 in 112 countries (Sung, et al., 2021). The rates of
cancer incidence and mortality are increasing with the aging population. However, due to the

heterogenic nature of cancer, current therapeutic approaches remain limited.

In 2020, female breast cancer had the highest incidence rate (11.7%) among all cancer types
(Sung, et al., 2021). Most breast cancers originate from epithelial cells. The normal breast
epithelium has a bilayer structure in which the inner layer consists of luminal cells while the outer
layer is myoepithelium (Sims, et al., 2007). The two most common histological subtypes of breast
cancer are invasive ductal carcinoma (80%) and invasive lobular carcinoma (10%) (Arps, et al.,

2013; Barroso-Sousa and Metzger-Filho, 2016).

1.1.1 Breast cancer subtypes

Apart from histological subtypes, breast cancer can be classified according to its molecular
signatures, including molecular pathology, gene expression, and histology. Molecular
classification exhibits prognostic importance since it helps to predict the tumor behavior and its
response to therapies. Estrogen receptor alpha (ESR1) and human growth factor receptor 2
(HER2), Progesterone receptor (PGR), and Ki67 have been identified as valid stratification
factors (Heng, et al., 2016; Himanshu Joshi, 2018; Perou, et al., 2000). According to their
expression level, main clusters have been defined as: Luminal A, Luminal B, Her2, Basal, and
normal-like (Figure 1.1). Several studies have proposed different molecular signatures for the
classification of the subtypes. Perou et al. (2000) used 469 genes to classify breast cancer patients
into four groups (Perou, et al., 2000). PAM50 is another prediction model based on the expression

pattern of 50 genes (Parker, et al., 2009).
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Figure 1.1 Molecular classification of breast cancer.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Heng B., Lim C. K., Lovejoy D. B., Bessede A., Gluch L.,
Guillemin G. J. Understanding the role of the kynurenine pathway in human breast cancer immunobiology.

Oncotarget. 2016; 7: 6506-6520. Retrieved from https://www.oncotarget.com/article/6467/text/)

Luminal A, the most common subtype, is ER/PR+ and HER2 negative breast cancer subtype.
Since proliferative marker Ki67 and other proliferation-related genes are low expressed, cellular
growth is slower than other subtypes; therefore, it exhibits a better prognosis (Early Breast Cancer
Trialists' Collaborative, et al., 2011; Gao and Swain, 2018; Perou, et al., 2000). Luminal A
subtype has been identified as sensitive to tamoxifen and aromatase inhibitors which disrupt

estrogen signaling (Early Breast Cancer Trialists' Collaborative, et al., 2011).

The difference between luminal A and luminal B subtypes is HER2 and/or Ki67 expression
(Cheang, et al., 2009). Therefore luminal B is slightly more aggressive (Dai, et al., 2017; Hennigs,

et al., 2016). Although luminal B tumors are hormone receptor-positive, they are less responsive
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to hormone therapy when compared to luminal A, yet they are more sensitive to neoadjuvant

chemotherapy (Goncalves, et al., 2021).

HERZ2 is a growth factor identified as a proto-oncogene. HER2 positive (or enriched) subtype is
characterized by high expression of HER2. Although HER2 tumors are ER+, the expression level
of ESR1 is lower than luminal subtypes (Cancer Genome Atlas, 2012). HER2 subtype exhibits a
high proliferation rate, thereby, poorer prognosis (Fragomeni, et al., 2018; Hennigs, et al., 2016;
Slamon, et al., 1987). Studies have reported that the HER2 subtype is sensitive to anti-HER2
therapies, i.e., Trastuzumab and Lapatinib, and also DNA damage-inducing agents doxorubicin

and other topoisomerase inhibitors (Montemurro, et al., 2007; Slamon, et al., 2001).

The basal or triple-negative subtype consists of ER/PR/HER2- tumors which exhibit higher
histological and nuclear grades (Cancer Genome Atlas, 2012). Basal-like tumors have a high
proliferation rate and are highly metastatic. The occurrence rate of BRCA1 mutation is more
elevated in basal-like tumors (Rakha, et al., 2008). Therefore, therapies causing DNA damage are
more effective. Claudin-low cluster is one of the subtypes of basal-like tumors (Herschkowitz, et
al., 2007; Pommier, et al., 2020). They are characterized by low expression of cell adhesion genes

like claudin. This subgroup exhibits a bad prognosis (Dias, et al., 2017).

Normal-like breast tumors have been reported to be ER/PR- and HER2/Ki67 — like basal like
subtype (Dai, et al., 2015). Normal-like subtypes, as the name suggests, resemble normal breast

tissue. Therefore in some studies, the normal-like subtype is skipped.
1.2 Nicotinic acetylcholine receptors and CHRNAS

1.2.1 Nicotinic acetylcholine receptors (A ACHRS)

Acetylcholine receptors (ACHRs) are classic neurotransmitter receptors expressed widely in the
central and peripheral nervous systems and mediate many functions in the nervous system,
including the reward mechanism (Xiao, et al., 2020). Other than their functionality in the nervous

system, today, it is known that they are widely expressed in different tissues and regulate cellular



growth (Wessler and Kirkpatrick, 2008). They respond to acetylcholine and its agonist nicotine,
as well as other nicotine derivatives like nitrosamine. It has been shown that cancer cells can
express acetylcholinesterase (AChE) to generate acetylcholine and stimulate the signaling
cascade in the absence of acetylcholine or its agonists (Cheng, et al., 2008; Perez-Aguilar, et al.,

2015; Song and Spindel, 2008; Xi, et al., 2015).

They have two main subtypes, namely, muscarinic (mMACHRs) and nicotinic (NACHRS)
acetylcholine receptors. mACHRs, G-protein coupled receptors, are activated upon ligand
binding and act through secondary messenger signaling. Therefore mMACHRSs can mediate a wide
range of signaling cascades regulating several functions including postsynaptic potential in
ganglions and cognitive processes in the nervous system, and muscle contraction in the heart
(Brown, 2010; Lebois, et al., 2018; Wang, et al., 2007). mACHRs have also been reported to be
involved in carcinogenesis and cellular migration (Feng, et al., 2018; Kohn, et al., 1996; Lin, et
al., 2014; Pacini, et al., 2014; Tang, et al., 2012; Tolaymat, et al., 2019; Wang, et al., 2000; Yu,

etal., 2017; Zhao, et al., 2015).

nACHRs are ligand-gated cation channels. Their widely known function is through the calcium
influx upon binding to their ligands. nACHRSs are cation channels, yet their activity depolarizes
the cellular membrane, which activates voltage-gated calcium channels (Grando, 2014). Calcium
homeostasis is one of the primary regulatory mechanisms in the cell. In the nervous system,
calcium influx can lead to neurotransmitter release and nerve growth. Therefore, NACHRSs have
been associated with several disorders like Alzheimer's and Parkinson's disease (Oddo and

LaFerla, 2006; Quik, et al., 2011).

NACHRs form a cytosolic loop between M3 and M4 transmembrane domains which exhibits the
low similarity between subunits while ligand binding sites are conserved (Castelan, et al., 2007).
Site-directed mutagenesis studies have been shown that the M3-M4 loop consists of essential
properties necessary for assembly and membrane localization (Bouzat, et al., 2000; Castelan, et
al., 2007). Apart from that, nACHRs can interact with G proteins through M3-M4 loops (Kabbani,

et al., 2013) (Figure 1.2).
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Figure 1.2 Interaction between G proteins and nACHRs

(This image was reproduced with the licence ID: 5139340382720 from Kabbani N, Nordman JC, Corgiat
BA, Veltri DP, Shehu A, Seymour VA, Adams DJ. Are nicotinic acetylcholine receptors coupled to G

proteins? Bioessays. 2013 Dec;35(12):1025-34. doi: 10.1002/bies.201300082. PMID: 24185813.)

1.2.2 Nicotinic acetylcholine receptors subunits

Seventeen subunits of NACHRs, twelve neuronal and five in muscles, have been identified in the
human (Karlin, 2002). nACHRs form homo- or hetero-pentameric structures with different
combinations of those subunits. o7 and a9 can form homomeric structures while heteromeric ones
can be consist of other subunits (02- a10 and B1-B4) in which o and B subunits are the primary
binding site and complementary subunit, respectively (Brejc, et al., 2001; Grando, 2014; Karlin,
2002). Although it is not clear the regulatory mechanisms behind the preference over these
subunits, the components of the NACHRS can alter the affinity and efficiency of the receptor, i.e.,

homomeric a7 and a9 exhibit higher affinity (Grando, 2014).

CHRNAS, a5 subunit, is located on chrl5 along with other nACHRs; a3and 4. It can form
heteromeric structures with a3p4 or 04p2 depending on cell types (Figure 1.3). Interestingly, the

a5 subunit does not contain the ligand binding or the complementary site (Le Novere, etal., 2002;



Ramirez-Latorre, et al., 1996). Therefore the shift in the affinity, calcium permeability,
desensitization of the receptors with and without a5 has been widely studied primarily on the
nervous system by heterologous expression method using Xenopus, mouse, or chick (Fucile, et
al., 1997; Kuryatov, et al., 2011; Nichols, et al., 2016; Prevost, et al., 2021; Ramirez-Latorre, et
al., 1996; Tapia, et al., 2007). 04p2 can assemble in three different hetero-pentameric structures
with a4, B2 or a5 subunits. Among these receptors a4 subunit exhibit the least sensitivity and
efficacy, while B2 and a5 subunits are similar in efficacy. However, the a5 subunit leads to
increased calcium permeability and reduced desensitization (Grady, et al., 2012; Jin, et al., 2014;
Kuryatov, et al., 2008; Nichols, et al., 2016; Ramirez-Latorre, et al., 1996; Tapia, et al., 2007). In
contrast, the involvement of a5 decreases calcium permeability in the receptors with the a3p4
backbone, although contradictory results have also been reported (Gerzanich, et al., 1998; Groot-

Kormelink, et al., 2001; Stokes and Papke, 2012; Wang, et al., 1996).
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Figure 1.3 Schematic representation of the change in the efficacy, affinity, and calcium
permeability of NnACHRs consists of a5 subunit. Red arrows represent the direction of the shift

when a5 is involved.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Scholze, P., & Huck, S. (2020). The a5 Nicotinic Acetylcholine Receptor Subunit

Differentially Modulates a4B2” and o34 Receptors. Frontiers in synaptic neuroscience, 12, 607959.

https://doi.org/10.3389/fnsyn.2020.607959)

1.2.3 Nicotinic acetylcholine receptors in cancer

An increasing number of studies have been reported the involvement of nACHRs in cancer

prognosis in several different types of cancer (Chen, et al., 2019). Although the functionality of
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NACHRs can differ depending on cell type, calcium influx can lead to the secretion of growth
factors that stimulates the growth of neighbor cells while inhibiting apoptosis (Improgo, et al.,
2013; Medjber, et al., 2015; Min, et al., 2016; Rinner, et al., 1994; Sun, et al., 2017). The
homomeric a7 receptor increases cell proliferation by activating the RAS/MEK/ERK pathway in
non-small cell lung carcinoma and the JAK/STAT3 pathway in oral squamous cell carcinoma
(Nishioka, et al., 2019; Zhang, et al., 2017). The homomeric o7 receptor also inhibits apoptosis
via activation of NF-xB (Arredondo, et al., 2007; Li, et al., 2011; Stegemann and Bohm, 2019).
Calcium influx can also stimulate angiogenesis through VEGF and FGF2 in lung cancer (Cooke,
2007; Heeschen, et al., 2002). Apart from o7, a4p2 and 04p3 have been reported to lead similar
outcomes in non-small cell lung cancer and gastrointestinal adenocarcinoma (Falvella, et al.,

2009; Improgo, et al., 2010; Schuller, 2009).

1.2.3.1 Breast cancer

The a9 subunit, overexpressed in breast tumors, has been reported to stimulate cyclin D3
expression while mediating lung metastasis in breast cancer (Chen, et al., 2011; Lee, et al., 2010).
Knockdown of the a9 subunit has been reported to decrease cell proliferation, which the
overexpression model increases (Lee, et al., 2010). 09 also modulates STAT3/TWIST pathway
in breast cancer (Guha, et al., 2014). Several studies have reported increased migration with
CHRNAZO expression (Guha, et al., 2014; Tu, et al., 2016). The a7 subunit is the other studied

subunit in breast cancer (Lin, et al., 2012).

1.2.4 CHRNADS in cancer

CHRNAS (a5) subunit is associated with smoking and nicotine addiction. Nicotine itself is not
classified as carcinogenic but as tumor-promoting; therefore, CHRNAS is associated with lung
and gastric cancer risk (Culverhouse, et al., 2020; Wang, et al., 2013; Wen, et al., 2016; Wu, et
al., 2013; Yi, et al., 2021). In oral squamous cell carcinoma, CHRNAJ5 is found to increase radio-
resistance via E2F signaling (Lin, et al., 2019). CHRNAS inhibition in lung and bronchial cells

increases p63 expression and migration (Krais, et al., 2011), whereas CHRNA7 (a7) knockdown



decreases migration. CHRNAS level positively modulates nicotine-dependent activation of
JAK/STATS3 pathway in lung cancer, while silencing of STAT3 decreases CHRNADS expression
levels (Zhang, et al., 2017). CHRNAJS expression level has also been shown to correlate with
BIRCS5 in lung cancer (Zhang, et al.,, 2021). CHRNAS has also been associated with the
PI3K/AKT, ERK 1/2 and NOTCH signaling pathways. CHRNAS has been identified as a driver
gene in a metanalysis in cervical cancer (Xu, et al., 2021). In our previous studies, we have
discovered CHRNAS knockdown decreases cell proliferation and increases drug sensitivity

(Cingir Koker, et al., 2018).

Polymorphisms in 04p2 binding partners of CHRNAS have been associated with nicotine
dependence and heavy smoking in different populations (Bordas, et al., 2017; Hancock, et al.,
2015; Perkins, et al., 2009; Thorgeirsson, et al., 2016). An interesting study on rats has reported
a link between KIf5 and a4 in high-fat diet groups associated with reduced mammary cancer risk
(Andrade Fde, et al., 2015). Inhibition of B2 through monoclonal antibody decreased tumor
growths in gastric cancer, while B2 overexpression increased cell proliferation (Kanda, et al.,
2021). On the contrary, B2 has been shown to be downregulated in Helicobacter pylori-positive
gastric cancer (Hu, et al., 2018). Although their polymorphisms have been identified as risk

factors for smoking-related lung cancer, comprehensive studies are scarce.

Other binding partners and chromosomal neighbors of CHRNADS, e.g., a3p4, have also been
associated with smoking and nicotine addiction (Gu, et al., 2020; Silva, et al., 2019).
Polymorphism, expression level, and methylation status of a5-a3-B4 gene cluster have been
reported to exhibit prognostic importance in lung cancer (Liu, et al., 2017; Scherf, et al., 2013;
Yi, et al., 2021; Zhang, et al., 2017). Polymorphism in the a5-a3-B4 gene cluster also correlates
with DNA adduct levels and TP53 mutation. CHRNB4 (34) knockdown in lung cancer cell lines
increases cell proliferation, whereas CHRNA3 (a3) overexpression induces apoptosis (Paliwal,
et al., 2010). CHRNAS depletion in esophageal cancer cells increases cell proliferation and
migration through YAP1 activation (Zhao, et al., 2014). The same region has also been identified

as a risk factor for gastric cancer, esophageal squamous cell carcinoma, head and neck cancer,



cardiopulmonary disease (Balassiano, et al., 2011; Hallden, et al., 2016; Paliwal, et al., 2010;
Silva, et al., 2019). Although several studies show the involvement of CHRNAGS via different
mechanisms in multiple cancers, CHRNAS’s relevance as a molecular modulator of breast cancer
is yet to be uncovered. In addition, none of the NACHRS has been studied in the context of mMiRNA

expression.
1.3 TP53 signaling and DNA damage response

1.3.1 TP53 and its regulation

TP53 is one of the most frequently studied genes in the cancer context due to its high mutation
incidence rate and its wide range of function (Olivier, et al., 2010). TP53 is crucial for maintaining
cell homeostasis via orchestrating the cellular response to stress, i.e., cell cycle arrest, DNA repair,
apoptosis, senescence, ferroptosis, and shift in cell metabolism. TP53 harbors mutations in more
than 50% of all cancers and 30% in breast cancer (Duffy, et al., 2018). In tumors with wildtype

TP53, its regulatory mechanism is altered to inhibit its biological activity.

TP53 levels remain low in unstressed conditions through MDMZ2, a negative regulator. MDM?2
and/or MDM4 ubiquitinates TP53 leading to its proteasomal degradation (Murray-Zmijewski, et
al., 2008) (Figure 1.4). MDMZ2 as a transcriptional target of TP53 also involves a negative
feedback loop to restore TP53 level after its activation (Harris and Levine, 2005). MDM2
mediated TP53 degradation is the primary regulatory mechanism in the absence of TP53
activating stimuli. The other upstream regulator of TP53 is pl4ARF, a positive regulator
(Agrawal, et al., 2006). Upon cellular stress, p14ARF inhibits MDM2-TP53 interaction, thereby
stabilizes TP53 (Figure 1.4) (Llanos, et al., 2001). The early DNA damage response genes, ATM
and ATR, along with CHEK1 and CHEK2, can also prevent MDM2-TP53 binding through
phosphorylation of MDM2/4 and TP53 leading to TP53 stabilization (Kruse and Gu, 2009; Mayo,
et al., 1997). Many tumors with wildtype TP53 harbor either duplication in MDMZ2 or silencing

of p14ARF or DNA damage response genes (Olivier, et al., 2010)
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(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Liebl, M. C., & Hofmann, T. G. (2021). The Role of p53 Signaling in Colorectal Cancer.

Cancers, 13(9), 2125. https://doi.org/10.3390/cancers13092125)

1.3.2 Downstream effects of TP53

Under stressed conditions, including DNA damage, oncogenic signals, oxidative stress, and
hypoxia, TP53 is stabilized. Most canonical functions of TP53 are through its transcriptional
factor activity, yet there are also studies reporting direct protein binding of TP53, especially to
mitochondrial proteins (Chipuk, et al., 2004). Primary outcomes of TP53 activation are cell cycle
arrest, DNA damage repair, apoptosis, senescence, ferroptosis, autophagy, and a shift in cellular
metabolism (Figure 1.5) (Moulder, et al., 2018). Although the decision mechanism between these
outcomes is still unclear, posttranslational modifications, availability of binding counterparts, and
the level of stress-inducing stimuli have been reported to play a role (Carvajal and Manfredi,

2013; Hafner, et al., 2019).

11



CDKN1A -

TP5313 _
X CDC25C -
DNA damage, hypoxia rpasl ™ )
PCNA G,
ol 14330 s Cell cycle arrest
v p300
DNAPK ATM ATR SET7/9 PCAF
+P PMRT5 Tip60 SUMO1-3
+P 7 DDIT4
= \ONGELIDOK
P +P CHK1 @ @ DDB2 Zar
XPC
l +P GADD45a
v P) (P) 'm s DNA repair
®cie —2 @& ps3 ~ (PEa1s3)
- : s3]
N .
| x e N
P
MDM2 ue E2F7
'|' Cofactor e SENESCENCE
recruitment
ARF EAS .
CHIP : BAX S 2l
CoP1 DRS ® e
ARF-BP1 NOXA .

Oncogene activation WWP1 ‘~..‘..PUMA A

e, + Apoptosis
Figure 1.5 Overview of TP53 regulation, activation, and outcome

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Hernandez Borrero LJ, El-Deiry WS. Tumor suppressor p53: Biology, signaling
pathways, and therapeutic targeting. Biochim Biophys Acta Rev Cancer. 2021 Aug;1876(1):188556. doi:

10.1016/j.bbcan.2021.188556. Epub 2021 Apr 29. PMID: 33932560.)

1.3.2.1 Cell cycle arrest

Cell cycle arrest is the earliest and the most prominent effect of TP53 activation. The
phosphorylation of TP53(Ser20) through DNA damage response proteins or p14ARF induces
TP53 dependent p21-RB1 pathway (McGowan, et al., 2011; McGowan, et al., 2012). p21 inhibits
CDK4/6, primary mediators for G1/S progression. Inhibition of CDKA4/6 prevents the
disassociation of E2F from RBL1, thereby transcription of E2F targets (Becker, et al., 2009; He, et

al., 2005). TP53 mediated cell cycle arrest can be temporal or prolonged.
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1.3.2.2 DNA damage response

Since the primary cellular stress stimuli activating TP53 is DNA damage, the repair pathway is
induced upon cell cycle arrest (Wang, 2007). Activation of ATM and ATR by stalled replication
fork mediates the activation of proper DNA damage repair cascade, i.e., nucleotide excision and
homologous recombination (Musgrove, et al., 2011; Wang, 2007). Many DNA damage repair
genes have also been reported as TP53 targets. The repair of the respected region needs to be
completed before re-entering the cell cycle. In the physiological levels of DNA damage, this
pathway protects cells from accumulation of mutation and genomic instability (Poletto, et al.,

2016; Smith and Seo, 2002).

1.3.2.3 Senescence

Senescence is the irreversible state of cell cycle arrest which can prevent cell cycle entry of the
damaged cells, i.e., telomere shortening and DNA damage. Induction and maintenance of cellular
senescence is the fundamental role of TP53 as a tumor suppressor (Chen, et al., 2005; Rufini, et
al., 2013). DNA damage response pathway can acetylate TP53 via RAS and NOREA1, bypassing

its phosphorylation, leading to cellular senescence (Mijit, et al., 2020).

1.3.2.4 Apoptosis

Depending on the levels of cellular stress, TP53 can mediate apoptosis via induction of NOXA,
PUMA or BAX (Aubrey, etal., 2018). NOXA and PUMA are transcriptional targets of TP53 and
pro-apoptotic members of BCL2 protein family (Chota, et al., 2021). Activation of NOXA and
PUMA inhibits pro-survival BCL2 family members, i.e., BCL2, BCL-XL, and release BAX, an
apoptotic regulator (Zhang, et al., 2013). Apart from transcriptional activity, TP53 induces BAX
translocation to mitochondria via direct binding (Chipuk, et al., 2004). The increase in
BAX/BCL2 ratio is widely used as apoptosis marker (Naseri, et al., 2015). TP53 can also
modulate apoptotic response indirectly via transcription of FAS, DR5, and miR34a (Aubrey, et

al., 2018).
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1.4 Estrogen signaling

1.4.1 Physiological functions of estrogens

Estrogens are a group of steroid hormones, i.e., estrone, estriol, estetrol, and the dominant form
estradiol (Fuentes and Silveyra, 2019). Estrogen is mainly secreted from the ovaries, adrenal
gland, and adipose tissue while estrogen biosynthesis is primarily mediated by HSD17B1,

CYP17/19, and CYP1A1 (Olivo-Marston, et al., 2010).

Although estrogens are female steroid hormones, they have a plethora of physiological roles.
They regulate the menstrual cycle, secondary sexual characteristics, i.e., development of breast
tissue and sexual organs and fertility in females (Fuentes and Silveyra, 2019). In addition,
estrogen is functional in maintaining bone density, cognitive functioning, and even reduction of
inflammation (Cauley, 2015; Luine, 2014; Vegeto, et al., 2008). Since estrogens promote cell
growth in breast epithelium, it is a crucial modulator for breast cancer, as discussed in Chapter

1.1.1.

1.4.2 Estrogen receptor signaling

Like other steroid hormones, estrogens can pass through the cellular membrane and bind to
estrogen receptors or interact with membrane-bound G protein-coupled estrogen receptors
(GPER) and activate secondary messengers (Figure 1.6). The classical signaling cascade for
estrogen is through ESR1 (ER-alpha) and ESR2 (ER-beta). Although there are studies on ESR2

and GPER activity, ESR1 is still considered as the primary receptor for estrogen signaling.

1.4.2.1 Estrogen-mediated direct genomic signaling

The estrogen-mediated transcriptional activity of ESR1 can be classified as direct and indirect
genomic signaling. As the name suggests, direct genomic interaction requires nuclear localization
of the ESR1-Estrogen complex and directly binding to the genome. A 13-bp long palindromic
sequence, namely estrogen response element (ERE), has been identified as an ESR1 binding site

(Beato, et al., 1996). O'Lone et al. (2004) comprehensively compared the EREs in different
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estrogen-responsive genes (O'Lone, et al., 2004). Palindromic EREs have been reported as the
dominant motif for ER binding while they have also identified half-EREs that are functional with
the assistance of a cofactor. The range of EREs, from full consensus ERE to half ERE, can be a
marker for estrogen responsiveness through affinity to ERs and conformational change of bound
ER. However, estrogen also functions together with many coactivators, which also alter the
functionality of ERs. In a comprehensive study, Bourdeau et al. (2004) have identified more than
17000 EREs in the promoter region (15kb upstream of TSS) in the whole human genome
(Bourdeau, et al., 2004). The same study has employed a comparative approach and filtered the
EREs conserved between mouse and human. However, even those could not fully cover the

estrogen-responsive genes.

1.4.2.2 Estrogen-mediated indirect genomic signaling

Another challenge to identifying genomic targets of ESR1 is that more than 30% of the identified
targets have no EREs (O'Loneg, et al., 2004). For those genes, the ER-Estrogen complex interacts
with other transcriptional factors to bind the genome; and this is called transcriptional cross-talk.
The primary transcription partner of ER is SP1 (Li, et al., 2001; Safe, 2001). Well-known
estrogen-responsive genes, i.e., CCND1, GATAL, and LDL, are SP1-ER-estrogen targets. O'Lone
et al. (2004) have identified most half EREs accompany the SP1 binding site (O'Lone, et al.,
2004), while Bajic et al. (2003) have shown that the presence of estrogen-ER complex enhances

the SP1 activity (Bajic, et al., 2003).

The other prominent mediator for the ER-estrogen complex is AP1 which regulates a wide range
of cellular functions, including cellular differentiation, growth, and apoptosis (Fujimoto and
Kitamura, 2004; Paech, et al., 1997). AP1 has a heterodimer structure consisting of Jun and Fos
primarily. Intrestingly, Paech et al. (1997) have reported that AP1-ESR1 has activatory while
AP1-ESR2 has repressor functions (Paech, et al., 1997). Therefore, several studies have reported
competing interplay between ESR1 and ESR2 in the presence of high levels of ESR2 (Mal, et al.,
2020; Marino, et al., 2006). CCND1, a critical cell cycle regulator during G1 to S transition, is

subject to this inhibitory interplay (Liu, et al., 2002; Marino, et al., 2006). The ER-estrogen
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complex can interact with other transcription factors like ATF1, ATF2, and NF-kB yet to a lesser
extent. In some cases, the ER-estrogen complex can play a repressor role, i.e., the ER-estrogen
complex can bind to NF-kB inhibiting its binding to the IL6 promoter (Kalaitzidis and Gilmore,

2005).

1.4.2.3 Transcriptional coregulators of estrogen receptors

Transcriptional coregulators exhibit a pivotal role in estrogen signaling. They usually directly
bind to ERs and enhance or repress their activity. The first cofactor identified for ERs is SRC-1,
and later on, the other SRC family members, SRC-2 and SRC-3, are found (Cavailles, et al., 1995;
Johansson, et al., 2000; Treuter, et al., 1999). Several chromatin remodeling complexes, i.e., p300,
SWI/SNF, and TRAP/DRIP, have also been shown as coregulators (Cottone, et al., 2001; Smith
and O'Malley, 2004; Yuan, et al., 1998). The duality in co-regulator binding to ESR1 and ESR2

has been reported (Kim, et al., 2006; Paech, et al., 1997).

The ER-estrogen complex also exhibits repressor activity through binding to specific cofactors.
The ER-estrogen complex has been reported to interact with DNMTSs, i.e., TETs and CXXs, and
induce demethylation. Dumasia et al. (2017) has shown ESR2 prevents DNMT expression and
DNA methylation (Dumasia, et al., 2017). The ER-estrogen complex also binds to Sin3A to

construct an inhibitory feedback loop for ESR1 itself (Ellison-Zelski, et al., 2009).

1.4.2.4 Estrogen mediated non-genomic signaling

Apart from classical actions of estrogen through estrogen receptors (ESR1, ESR2), estrogen can
also bind to GPER1, which refers to the non-genomic function of estrogen (Prossnitz and Barton,
2011). The signaling through GPER1 and secondary messengers are through cAMPs and kinase
activation, which can be classified into four signaling pathways: protein kinase C (PKC), protein
kinase A (PKA), RAS/RAF, and PI3K/AKT (Chuang, et al., 2020; Deng, et al., 2018; Liu, et al.,

2021; Qiu, et al., 2021; Wang, et al., 2021).
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Figure 1.6 Schematic representation of estrogen signaling through direct genomic signaling,

indirect genomic signaling, non-genomic signaling.

(This image was reproduced with the licence number: 5139650980669 from Fuentes N, Silveyra P.
Estrogen receptor signaling mechanisms. Adv Protein Chem Struct Biol. 2019;116:135-170. doi:

10.1016/bs.apcsh.2019.01.001. Epub 2019 Feb 4. PMID: 31036290; PMCID: PMC6533072.)

1.4.3 Estrogen signaling and nACHRs

There is a limited number of studies focusing on the cross-talk between cholinergic and estrogen
signaling pathways. CHRNA4 is regulated by estrogen in a site-specific manner in the mouse
brain (Xu, et al., 2008). CHRNA7 levels can be controlled by estradiol in macaque brains
(Centeno, et al., 2006). Lee et al. (2011) have reported an increase in the expression levels of

CHRNADO upon estrogen treatment in MCF7 cells (Lee, et al., 2011).
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1.4.4 Selective estrogen receptor modulators and degraders

Estrogen signaling is one of the critical modulators in breast cancer and exerts its function in
various cellular processes. Therefore, estrogen biosynthesis and estrogen receptor signaling have
been targeted as therapeutic approaches, especially for the luminal A subtype. Several selective

estrogen receptor modulators (SERMSs) and degraders (SERD) have been proposed (Figure 1.7).
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Figure 1.7 Mechanism of action of the widely used endocrine therapy agents in breast cancer.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Burguin A, Diorio C, Durocher F. Breast Cancer Treatments: Updates and New

Challenges. Journal of Personalized Medicine. 2021; 11(8):808. https://doi.org/10.3390/jpm11080808)

1.4.4.1 Tamoxifen

Tamoxifen is the first developed (1977) and the most widely used estrogen antagonist. It competes
with estrogen for estrogen receptor binding and prevents the recruitment of coactivators.
However, tamoxifen also exhibits estrogenic activity by promoting activation function domain;

AF1, activation (Frasor, et al., 2004). Therefore, although it competes with E2 and leads to
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decreased transcriptional activation, it cannot completely block ESR1 activity. In the uterus, it

can induce polyp production and increases the risk for endometrial cancer (Bergman, et al., 2000).

1.4.4.2 Raloxifene

Raloxifene is a second-generation estrogen receptor antagonist primarily used against
osteoporosis (Zhang, et al., 2021). It does not induce endometrial cancer; however, its efficacy as
a therapeutic agent for breast cancer is lower than tamoxifen and due to its low bioavailablity, and

raloxifene is not favored for long term usage (Vogel, et al., 2006).

1.4.4.3 Bazedoxifen

Bazedoxifen is a third-generation SERM that can prevent pro-proliferative pathways, i.e., STATS3,
PI3K, and, when combined with paclitaxel, increases apoptosis (Fu, et al., 2020; Komm, et al.,
2005; Zhang, et al., 2021). In combinatorial treatment with Palbociclib, CDK4/6 inhibitor, the
cell growth inhibitory effect is enhanced to a higher degree than Fulvestrant (Jeselsohn, et al.,
2019). In addition, bazedoxifen exhibits estrogen receptor degrading properties, therefore widely
used to overcome acquired tamoxifen resistance (Zafar, et al., 2021). Bazedoxifen also functions
in an estrogen receptor-independent manner, thus commonly used in other types of cancer as well

(Fu, etal., 2020; Lewis-Wambi, et al., 2011).

1.4.4.4 Fulvestrant

Fulvestrant is a selective estrogen receptor degrader designed to overcome the agonistic activity
of tamoxifen and other estrogen antagonists and the acquired resistance throughout the treatment
(Wakeling and Bowler, 1988). Therefore, estrogen degraders have been proposed to eliminate
estrogen receptors instead of preventing its action. Fulvestrant is the only FDA-approved selective
estrogen degrader, yet its mode of action is still unclear. Several fulvestrant variants have been
proposed, i.e., GDC-0810, AZD9496, and GDC-0927 (Chow, et al., 2020; Hamilton, et al., 2018;

Joseph, et al., 2016; Kahraman, et al., 2019).

Guan et al. (2019), and Wardell (2012) have compared the known SERMs and SERDs in wide

range of breast cancer cell lines and xenograft model in mice (Guan, et al., 2019; Wardell, et al.,
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2012). Fulvestrant yields less E2 activity compared to tamoxifen in breast cancer cell lines. In a
xenograft study, fulvestrant and other derivatives have been found to inhibit tumor growth more
than tamoxifen (Simoes, et al., 2015). Fulvestrant has also been shown to decrease ESR1 binding
and induce ESR1 immobility and chromatin accessibility, yet minimal inhibition has been
observed with tamoxifen and other E2 antagonists (Guan, et al., 2019). Bazedoxifen and
raloxifene exhibit higher inhibition when compared to tamoxifen, yet is less efficacacious than
fulvestrant. Selective estrogen degraders like Fulvestrant have been shown to increased E2
inhibition yet, its application through intra-muscular injection limits its clinical use (Nathan and

Schmid, 2017).

1.5 miRNASs

microRNAs (miRNAs) are small non-coding RNAs exhibiting post-transcriptional and post-
translational inhibition of their targets (Winter, et al., 2009). Since their discovery in mammalian
cells, an increasing number of studies have reported their involvement in crucial biological
processes, i.e., neurodevelopment, epithelial to mesenchymal transition, aging, metabolism,
regulation of the immune system (de Lencastre, et al., 2010; Gregory, et al., 2008; Mehta and
Baltimore, 2016; Park, et al., 2008; Ristori, et al., 2015; Zhao, et al., 2009). miRNAs are also
critical regulators for a wide range of pathologies, including Alzheimer's disease, systemic lupus
erythematosus, obesity, and cancer (de Lencastre, et al., 2010; Gregory, et al., 2008; Jafari
Ghods, et al., 2017; Jiang, et al., 2012; Lischka, et al., 2021; Mehta and Baltimore, 2016;

Park, et al., 2008).

1.5.1 miRNA biogenesis and function

mMiRNAs can be stratified into two groups depending on their localization. miRNAs located within
a transcribed region are called intergenic, and those found outside are intragenic miRNAS.
Intergenic miRNAs are often transcribed with their host gene (Hajarnis, et al., 2015; Winter, et
al., 2009). The transcription of both groups of miRNAs requires the recruitment of either RNA

polymerase Il or RNA polymerase 111 (Figure 1.8) whose product is called pri-miRNA, which is
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often polyadenylated and capped. The pri-mRNA is then recognized by DROSHA/DGCR8
complex to cleave pri-miRNA and generate pre-miRNA with a hairpin stem of ~33 nucleotides.
Pre-miRNAs transported from nucleus to cytoplasm by exportin5. In the cytoplasm, Dicer
mediates the generation of ~20bp long mature miRNA through cleavage of the loop. After
cleavage, mature miRNA is recognized by Ago2, which recruits the rest of the RISC complex
(Figure 1.8). Each mature miRNA contains a seed sequence in which it binds to mRNA. The
MiRNA-RISC complex binds to mRNA with a complementary sequence to the miRNA seed

sequence, which leads to mRNA degradation or translational repression.
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Figure 1.8 Schematic representation of miRNA biogenesis

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Hajarnis S, Lakhia R, Patel V. MicroRNAs and Polycystic Kidney Disease. In: Li X,
editor. Polycystic Kidney Disease [Internet]. Brisbane (AU): Codon Publications; 2015 Nov. Chapter 13.

Available from: https://www.ncbi.nIm.nih.gov/books/NBK 373371/ doi: 10.15586/codon.pkd.2015.ch13)
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1.5.2 miRNAs in estrogen receptor signaling

Although estrogen signaling is one of the primary regulatory pathways in breast cancer, studies
focusing on the regulatory roles of miRNAs on estrogen signaling are scarce. miRNAs in the
context of estrogen signaling can be classified into three groups miRNAs targeting ESR1,
miRNAs targeting estrogen biosynthesis, and miRNAs in endocrine resistance, as exemplified

below in further detail.

1.5.2.1 miRNAs targeting estrogen biosynthesis

Aromatases are functional in the conversion of testosterone to estrogen compounds. Several
aromatases have been identified, primarily, CYP19A1 and CYP17; and aromatase inhibitors, i.e.,
letrozole and anastrozole, are also proposed to be therapeutic agents in breast cancer (Bhatnagar,
etal., 1990; Goss and Tye, 1997). Several miRNAs associated with aromatase function have been
reported in the literature. Shibahara et al. (2012) have demonstrated let-7f, a tumor suppressor
miRNA, targets CYP19A1 and exerts a negative correlation with CYP19A1 in ER-positive breast
cancer cell lines (Shibahara, et al., 2012). miR-4463, miR-146a and miR-26a are other miRNAs
directly targeting CYP19A1 (Lee, et al., 2020; Li, et al., 2021; Li, et al., 2019; Yu, et al., 2020).
There are also miRNASs inhibiting aromatases indirectly. Vilquin et al. (2015) have reported a

high level of miR125b is associated with aromatase inhibitor resistance (Vilquin, et al., 2015).

1.5.2.2 miRNAs targeting ESR1

miR221/222 family miRNASs are the widely studied regulators of ESR1 (Di Leva, et al., 2010;
Miller, et al., 2008). Zhao et al. (2016) have demonstrated their high expression in ER-negative
breast cancer cell lines and their role in tamoxifen resistance (Zhao, et al., 2016). This miRNA
family have also been reported to bind 3’-UTR of ESR1 and decrease its expression in both
MRNA and protein levels. miR9-5p, miR142-3p, miR301a-3p, miR22, miR335-5p, miR335-3p,
and miR1280 are the other miRNAs directly binding to ESR1 (Lettlova, et al., 2018; Mansoori,

etal., 2019; Martin, et al., 2017; Meng, et al., 2016; Pandey and Picard, 2009; Wang, et al., 2021).
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1.5.2.3 miRNAs in endocrine resistance

MiRNAs targeting ESR1 have also been shown to induce re-sensitization to tamoxifen, indicating
the importance of miRNA regulation on estrogen signaling (Rao, et al., 2011; Zhao, et al., 2016).
Several others, i.e., miR205, miR575, miR192, miR152, miR27b, regulate tamoxifen resistance
indirectly (Barazetti, et al., 2021; Kim, et al., 2016; Liu, et al., 2020; Song, et al., 2020; Zhu, et
al., 2016). On the contrary, overexpression of miR500 and miR873 can re-sensitize tamoxifen-

resistant breast cancer cell lines (Cui, et al., 2015; Kim, et al., 2016).

1.5.3 14932.31 miRNA cluster

The 14932 region, also called DLK1-DIO3 or DLK1-MEGS3 region, is one of the largest miRNA
clusters in human genome, consisting of 54 miRNAs (Figure 1.9) (Gardiner, et al., 2012). This
region houses coding DLK1 and RTL genes and several IncRNAs, namely, MEG3, MEGS, and
RTL1, along with clusters of miRNAs. miRNAs located in this cluster can be further divided into
two; miRNA cluster A has ten miRNAs and miRNA cluster B contains the rest. DLK1-DIO3
region in an imprinted region and miRNAs are expressed from the maternal allele while DLK1

and DIO from the paternal (shown with pink and blue color in Figure 1.9).

The 14932 region exerts a plethora of physiological functions, including neurodevelopment,
embryonic development, and immune response (Groeneveld, et al., 2018; Holder, et al., 2012;
Youngs, et al., 2011). In addition, deletions in this region lead to congenital abnormalities and
defects, i.e., Temple disease and Silver-Russel syndrome (Bruck, et al., 2020; Geoffron, et al.,
2018; Prasasya, et al., 2020). However, 14932 activity in cancer can be both oncogenic and tumor-

suppressor, depending on the cell/tissue type (see Section 1.5.3.2).
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Figure 1.9 Genomic organization of 14931.32 miRNA family. PAT and MAT refer to paternal
and maternal alleles, while genes colored blue and pink are paternally and maternally expressed.

DMR refers to the differentially methylated region in which DLK1-MEG3 is regulated.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Gardiner E, Beveridge NJ, Wu JQ, Carr V, Scott RJ, Tooney PA, Cairns MJ. Imprinted
DLK1-DIO3 region of 14g32 defines a schizophrenia-associated miRNA signature in peripheral blood

mononuclear cells. Mol Psychiatry. 2012 Jul;17(8):827-40. doi: 10.1038/mp.2011.78. Epub 2011 Jul 5.
PMID: 21727898; PMCID: PMC3404364.)

1.5.3.1 Regulation of 14932.31 miRNA cluster

The primary regulatory mechanism has been identified as methylation through a differentially
methylated region (DMR) in the MEG3 and DLK1 genes. DNMT1/DNMT3B double knockout
HCT116 lung cancer cells exhibit increased expression of 14g32.31 miRNA cluster, while 5-Aza-
dC treatment can induce expression in time- and dose-dependent manners, suggesting
methylation-dependent expression of miRNA cluster (Oshima, et al., 2019). CTCF binding sites

spanning MEG3 (MEG3 DMR in Figure 1.9) have been reported to control methylation-
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dependent miRNA cluster expression (Rosa, et al., 2005; Sellers, et al., 2019). Deletion of that
particular region has been associated with several disorders. In accord with that, CTCF
knockdown reverts 5-Aza-dC dependent overexpression of 14932.31 miRNA cluster (Oshima, et
al., 2019). In another study on mice, deletion of the intergenic differentially methylated region
(1G-DMR) has been associated with the downregulation of the miRNA cluster (Zhu, et al., 2019).
Another epigenetic modulator cluster of drugs, HDAC inhibitors, has been shown to induce
expression of the miRNA cluster alone and in combination with 5-Aza-dC (Zehavi, et al., 2012).
PRC2, a methylation complex, can suppress the miRNA cluster expression via methylation
(Shivram, et al., 2019). UHRF1 and Rb can also regulate the methylation level of MEG3-DMR
via recruiting DNMT1 in hepatocellular carcinoma and gastric cancer (Kruer, et al., 2016; Zhuo,
etal., 2016). In another study with gastric cancer cell lines, E2F3 knockdown decreases the MEG3
expression level while overexpression of SNAIL1 increases MEG3 expression in lung cancer cell
lines, suggesting transcription factors could be regulators of this miRNA cluster (Groeneveld, et

al., 2018; Zhou, et al., 2015).

Apart from methylation, DNA copy number is another factor regulating the 14932.31 miRNA
cluster expression. Since regulatory elements, MEG3-DMR and 1G-DMR, are on the maternal
chromosome, the loss of heterozygosity has been observed in melanoma and neuroblastoma
cancer cell lines and patients with low or no 14932.31 miRNA cluster expression (Bando, et al.,

1999; Gattolliat, et al., 2011; Zehavi, et al., 2012).

Besides above-mentioned transcriptional regulators, and chromosomal modifications and copy
number alterations, very little is known how the 14q.32.31 miRNA cluster is regulated, except
MEF2A which can also regulate the miRNA cluster expression (Kumar, et al., 2018; Wang, et
al., 2019) and RNA binding proteins, CIRBP and HADHB for post-transcriptional regulation in
vascular regeneration (Downie Ruiz Velasco, et al., 2019). Therefore, in many pathological
conditions, including cancer, copy number alterations, and methylation status has been studied
and reported to vary but there is still many unknowns left to be discovered for understanding

14932 transcriptional and post-transcriptional regulation.

25



1.5.3.2 14932.31 miRNA cluster in cancer

Dysregulation of the 14932 miRNA cluster has been reported in various cancers, yet as oncogenic
in some and tumor-suppressor in others. 14932 miRNA cluster can drive metastatic and
aggressive lung carcinoma and its expression increases in the metastatic hepatocarcinoma.
Molina-Pinelo et al. (2010) has reported hypermethylation in MEG3-DMR in smoking-associated
lung cancer (Molina-Pinelo, et al., 2018). The 14932.31 miRNA cluster is also found dysregulated
in uterine carcinosarcoma (Devor, et al., 2012). In another study in neuroblastoma, the 14g32.31
miRNAs are identified as high-risk markers (Gattolliat, et al., 2011). On the contrary, in
osteosarcoma and myeloid leukemia, high expression of 14932 miRNA cluster is associated with
a better prognosis (Hill, et al., 2017; Sarver, et al., 2013; Sellers, et al., 2019). The same region is
downregulated in glioblastoma, papillary thyroid carcinomas, metastatic prostate cancer, and

melanoma (Krokker, et al., 2021; Sellers, et al., 2019; Shivram, et al., 2019).

14932 miRNA cluster also upregulated in aromatase inhibitor-resistant breast cancer cell lines
(Hoppe, et al., 2016). The overexpression of 14932.31 miRNA cluster suppresses metastasis of
lung and liver cancer cells in both in-vitro and xenograft studies. MEG3 methylation level can
predict the aggressiveness of the osteosarcoma cell lines (Hill, et al., 2017). Lenalidomide, an
immunomodulatory and antiangiogenic compound used for multiple myeloma, can suppress
14932.31 expression (Krejcik, et al., 2015). Curcumin which has been reported to suppress cell
growth in prostate cancer also modulates the expression levels of 14g32.31 (Zhang, et al., 2018).
In breast cancer, 14932.31 miRNAs along with miR-200 and miR-199 have been proposed as a
modulator of epithelial-mesenchymal transition (EMT) through network analysis (Drago-Garcia,
etal., 2017). Haga et al. (2012) have shown miRNAs located in the 14g32.31 region can suppress
EMT via targeting TWIST1 and TGFB in breast cancer cell lines (Haga and Phinney, 2012).
MEG3 expression level also correlates positively with stromal markers and negatively with

survival in breast cancer (Budkova, et al., 2020).

The 14g32.31 miRNA cluster is among one of the widely studied miRNA clusters in cancer.

Although the direction of its functionality, oncogenic or tumor suppressor, is cell/cancer type-
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specific, its dysregulation of the expression level and involvement in critical pathways have been
reported in a wide range of cancer types. However, very little is known about the underlying
mechanism of th regulation and modulatory function of this miRNA cluster. Therefore, there is a
need to address the context-dependent activity of 14932.31 miRNA cluster and individual

miRNAs.

1.5.3.3 miR495-3p in cancer

miR495-3p is a member of the 14932 miRNA cluster. Like other members, its function in
carcinogenesis and prognosis vary depending on cancer type (Jishnu, et al., 2020). The current
literature for miR495-3p expression change in tumors when compared to healthy tissues and the
validated targets through functional studies or binding assays are summarized in Figure 1.10 and
Appendix Table 1 (Ahmadi, et al., 2017; Alqurashi, et al., 2019; Bai, et al., 2017; Cao, et al.,
2014; Chen and Xie, 2018; Chen, et al., 2018; Chen, et al., 2013; Chen, et al., 2017; Chu, et al.,
2014; Du, et al., 2020; Eun, et al., 2018; Feng, et al., 2018; Guan, et al., 2018; Hwang-Verslues,
et al., 2011; Jiang, et al., 2017; Kumar, et al., 2021; Lee, et al., 2015; Li, et al., 2016; Li, et al.,
2018; Li, et al., 2012; Li, et al., 2015; Lin, et al., 2021; Liu, et al., 2019; Lv, et al., 2015; Lv, et
al., 2019; Mao, et al., 2016; Nie, et al., 2015; Qiu, et al., 2015; Song, et al., 2014; Sun, et al., 2019;
Tan, et al., 2017; Tang, et al., 2021; Wang, et al., 2015; Wang, et al., 2017; Wang, et al., 2018;
Wang, et al., 2015; Wang, et al., 2021; Wang, et al., 2019; Wei, et al., 2017; Widodo, et al., 2016;
Xia, et al., 2019; Xu, et al., 2013; Yan, etal., 2017; Yang, et al., 2013; Ye, et al., 2017; Ye, et al.,
2018; Yin, et al., 2019; You, et al., 2020; Zhang, et al., 2016; Zheng, et al., 2018; Zou, et al.,
2017). miR495 expression is downregulated in glioma, colorectal cancer, endometrial cancer,
and lung cancer while upregulated in hepatocellular carcinoma and gastric cancer (Appendix
Table 1). In support of miR495’s anticancer effects, Chen et al. (2017) have demonstrated that
miR495 induces apoptosis and inhibits cellular growth by targeting STAT3 in MCF7 and
HCC1973 cells (Chen, et al., 2017). miR-495-3p mimic treatment reduces cell viability in cervical
cancer cell lines via targeting CDK1 (Tang, et al., 2021). Furthermore, the miR495-3p-TOP2A

axis has been found to be associated with low-grade gliomas (Wang, et al., 2021). In another study
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in MCF7 and MDA-MB-231 cell lines, miR495-3p promotes cell cycle arrest through Bmil

(Wang, et al., 2015).

Apart from cell cycle modulatory roles, miR495-3p can also repress E-cadherin and REDD1 and
could be important in acquired resistance (Hwang-Verslues, et al., 2011). In the multi-drug-
resistant (MDR) triple-negative breast cancer line, miR495 expression has been found to be
downregulated, and its overexpression could re-sensitize cells via downregulation of FOXC1 and
TGFB2 (Kumar, et al., 2021). In another study in gastric cancer, miR-495-3p inhibits MDR
through modulation of mTOR pathway. miR-495-3p has been found to be overexpressed in

ER+/PR- tumors (Chen, et al., 2018).
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Several IncRNAs have also been reported to regulate miR495-3p expression via sponging.
GATAS3-AS1 can inhibit miR495-3p in breast cancer cell lines and modulate FOXM1/PLK1
signaling (Lin, et al., 2021). FAM83A-AS1 in lung and esophageal cancers, RNCR2 in
melanoma, LUNAR1 in colorectal cancer, NEAT1 in colorectal cancer and melanoma,

LINCO01133 in ovarian cancer, NORAD in prostate cancer, LGMN and HOTAIRML1 in
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glioblastoma, SNHG20 in gastric cancer, LUCATL in renal carcinoma, circ_0000215 in glioma,
and circKRT1 in oral squamous cell carcinoma can sponge miR-495-3p (Chen, et al., 2020; Cui,
et al., 2019; Duan, et al., 2021; He, et al., 2019; Huang, et al., 2020; Liang, et al., 2019; Liao, et
al., 2020; Liu and Xi, 2020; Mutalifu, et al., 2020; Qian, et al., 2020; Wang, et al., 2021; Yang,

etal., 2021).
1.6 Synergy analysis

1.6.1 Combinatorial therapy

Combinatorial therapy is a treatment approach in which more than one drug/therapy is combined
to treat a single disease. Combinatorial therapy has been employed in several malignancies,
including tuberculosis, HIV infection, and cancer (Al-Lazikani, et al., 2012; Bass, et al., 1994;
Maenza and Flexner, 1998; Zhu, et al., 2021). In combinatorial treatment, the most common
methodology is to identify compounds/therapies targeting two different molecular pathways in
order to increase the efficiency of the treatment while reducing cellular toxicity (Diaz, et al., 2020;

He, etal., 2021, Li, et al., 2020).

Cancer therapy has been challenging since it exhibits inter and intra-tumor heterogeneity by
modifications in various molecular pathways. One of the primary challenges of chemotherapy is
de novo or acquired resistance. Several mechanisms have been demonstrated for the acquired
resistance (Vasan, et al., 2019; Wang, et al., 2019). Therapies based on a single drug primarily
target a key modulatory factor, e.g., a protein or hormone. Alteration in gene expression levels of
the target can induce resistance. In those cases, restoring the target gene(s) expression re-
sensitizes cells in which miRNAs have been proposed as a valuable tool. Alternatively, a
compensatory pathway can be activated to bypass the targeted mechanism by the treatment

through alteration in drug intake and metabolism.

Targeting multiple pathways, independent or compensatory, can increase the efficiency of the
therapy. In ovarian cancer, PARP inhibitors, an established therapy repressing DNA damage

repair, have been reported to be more efficient along with an estrogen receptor inhibitor,
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bazedoxifen (Zhang, et al., 2021). CDK inhibitor Dinaciclib combined with PD1 antibodies

enhances the anti-proliferative effect in different cancer cells (Hossain, et al., 2018).

Apart from chemotherapy, increased sensitivity to radiotherapy can be achieved through drug
combinations. Edwards et al. (2002) have demonstrated targeting PI3K/AKT signaling pathway
can increase sensitivity to radiation (Edwards, et al., 2002). Later on, several other mTOR
inhibitors have been reported to overcome resistance (Bo, et al., 2021; Mardanshahi, et al., 2021;
Sun, et al., 2021; Yao, et al., 2021). In another study, ERBB, along with other tyrosine kinases,

have been found to induce sensitivity (Kulukian, et al., 2020; Yu, et al., 2020).

1.6.1.1 Combinatorial therapy using miRNAs and siRNAs

As a negative regulator of their target genes hence the pathways, miRNAs have been proposed as
therapeutic agents. Their interaction with mutations in other genes, drugs, and other miRNASs has
been studied in various types of cancer. There is a number of studies focusing on co-delivery
methods for miRNA, siRNA, and drugs (Babu, et al., 2017; Larsson, et al., 2017; Wang, et al.,

2021).

miRNA-miRNA synergy has been under focus for a long time. Several computational methods
have been proposed to calculate miRNA synergy score indicating the possibility of two miRNAs
exhibiting synergistic effect on a particular gene, i.e., their common target or a gene downstream
of their targets (Li, et al., 2014; Zhu, et al., 2013). Zhao et al.(2017) has scanned nine miRNAs
significantly altered in glioma in pairs (Zhao, et al., 2017). They have identified synergy between
upregulated miRNAs through miRNA mimics while the effect for downregulated miRNAs was
additive. In another study in prostate cancer, the synergistic effect between miR-331-3p and
Aurora Kinase Inhibitor has been reported (Epis, et al., 2017). miR-34a, a widely studied miRNA
in cancer, synergizes with EGFR inhibitors, afatinib, rociletinib, and osimertinib in EGFR mutant
cell lines, while no synergy is observed between miR-34a and afatinib in EGFR positive cell lines
indicating the existence of a tertiary factor (Zhao, et al., 2017). Combinatorial treatment of miR-

1 and miR21 inhibits hypoxia-induced apoptosis of cardiomyocytes (Xu, et al., 2015) .
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As in the case of miR34a and EGFR inhibitors, the synergistic interplay between siRNAs and
drugs has also been reported. Doxorubicin exhibits synergistic effects with siBCL2, or siMDR1
in various cancer types (Nourbakhsh, et al., 2015; Xu, et al., 2015). siMCL1 and MEK inhibitor
(PD0325901) reduces cell viability in mice xenografts (Kang, et al., 2011). siGRSF and miR-346
overexpression increases the invasion capacity of cervical cancer cells (Guo, et al., 2015). In
another study, siEphA2 and miR520d-3p synergistically exhibit tumor suppressor properties
(Nishimura, et al., 2013). Combinatorial treatment with BMP9 overexpression vectors and miR-

21 mimic increases osteogenic differentiation synergistically (Song, et al., 2015).

1.6.2 Synergy analysis

Many human diseases, particularly neurodegeneration and neurodevelopmental diseases, exhibit
complex interactions between genetic variations and environmental factors. In a comprehensive
study with 11260 patients and 24542 healthy controls, Pardinas et al. (2018) has identified 145
loci associated with schizophrenia (Pardinas, et al., 2018). Several other studies identified a
number of mutations in autism, congenital abnormalities, and developmental delay (Deciphering
Developmental Disorders, 2017; Kosmicki, et al., 2017; Samocha, et al., 2014). Apart from
single-gene mutations, the interaction between the mutations has also been studied. The co-
occurrence of the PRNP and ATP7B has been associated with severity with Wilson's disease, a
neuropsychiatric disorder (Forbes, et al., 2014). LRRK2 and a-Synuclein have also been reported
to exhibit a synergistic effect on Parkinson's disease (O'Hara, et al., 2020). In another interesting
study in mice, neonatal exposure to iron along with a-Synuclein increases the susceptibility for
age-related neurotoxicity (Peng, et al., 2010). Taken all together, the synergy analysis of the
environmental and genetic variations is needed to understand the nature of the disease and the
driving factors better and to develop new therapeutic strategies. As an example, Schrode et al.
(2019) have developed and applied the limma-based synergy analysis method to dissect the
synergy between common genetic variations in schizophrenia (Schrode, et al., 2019). They have

introduced four common mutations alone or in combination using CRISPR technology, and they

31



have identified synergistically regulated genes and pathways. The synergy analysis method can

facilitate our understanding of neurodevelopmental, neurodegeneration diseases.

The outcome of the combinatorial treatment is based on the synergistic interaction between
individual treatments when combined. The interaction is called synergistic, if the effect of the
combination is superior to the sum of individual therapies. The most common metric to measure
synergy is through cell viability assays. Several methodologies have been proposed to identify
synergistic and antagonistic therapies (Chou, 2010; Liu, et al., 2018). However, these approaches
fail to uncover the underlying mechanism. Although there is an increasing number of
transcriptomics data containing individual and combinatorial treatments, the methodologies to

analyze such high-throughput data have yet to be systematic.

A widely-used approach is to identify the treatments altered in combinatorial but not with the
individual therapies (Diaz, et al., 2020; Nassiri, et al., 2019; Ord, et al., 2021). This approach
ignores the genes affected antagonistically, i.e., changed in the individual but not in the
combinatorial, or changed in both treatments but not in the combinatorial. Another method is to
use Venn diagrams to identify common and uniquely altered genes. In this method, down and
upregulated genes are separated for each treatment (Han, et al., 2013; Kwon, et al., 2017
Mathison, et al., 2017; Raynal, et al., 2017; Stevens, et al., 2017; Vichas, et al., 2021). Although
this method is more comprehensive, the complexity increases with the increasing number of
treatments. Another approach is through comparison between enriched networks in individual
treatments and combinatorial treatment (Chen, et al., 2019; Mathison, et al., 2017; Nagaoka, et
al., 2020; Nassiri, et al., 2019; Ord, et al., 2021). None of these methods could provide a statistical
approach to measure the level or extent of synergistic and antagonistic behaviors. In a recent
study, a limma-based method has been proposed to measure the synergy coefficient for each gene
and is able cluster genes accordingly (Schrode, et al., 2021). Unfortunately, even using this
method, it is hard to infer the overall direction and magnitude of the interaction and individual

contribution of treatments to the combinatorial outcome.
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Aims and Rationale

CHRNAD5, a nicotinic cholinergic subunit, has been studied in various contexts, including cancer.
In our lab, we have been investigating the role of CHRNADS in breast cancer progression since
early 2010s. Previously, Ermira Jahja and Sahika Cingir-Koker have shown siCHRNADS treatment
leads to a decrease in cellular growth and an increase in DNA damage response and drug
sensitivity (Cingir Koker, et al., 2018; Shehwana, et al., 2021). Sila Ozdemir, Azer Acikgdz, and
Huma Shehwana have demonstrated the association between CHRNAGS and estrogen signaling
(Shehwana, et al., 2021). Furthermore, Mehtap Yilmaz, Basak Ozgursoy, Said Tiryaki and Sahika
Cmgir-Koker have shown the miRNA profile of iCHRNAS (Basak Ozgursoy, MS Thesis, 2017,
Sahika Cingir-Koker, Ph.D. Thesis, 2019, Rafed Said Tiryaki, MS Thesis, 2019). As a follow-up
study, | focused on deciphering several major regulatory factors in sSiCHRNADS function in MCF7

cells and breast cancer, as a whole. Therefore, | aimed to:

1. analyze CHRNAS levels in normal tissues and tumors, and its correlation with other
NACHRSs in breast cancer to test whether CHRNAGS is an oncogene.
2. investigate the role of CHRNADS in DNA damage response with respect to:
a. the correlation between CHRNAS and DNA damage response markers in breast
cancer datasets,
b. the hypothesis that siCHRNAS profile partially depends on the existence of
functional TP53 using siTP53,
c. statistically analyze the possible antagonism between siTP53 and siCHRNADS.
3. explore the role of CHRNAJS in estrogen signaling by
a. examining the expression levels of primary and secondary targets of estrogen in
breast cancer,
b. examining the time and dose-dependent impact of CHRNAS knockdown on
estrogen targets.
4. test the hypothesis that SICHRNAS differential expression profile is partially through the

change in miRNA expression levels, by
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a. investigating the behavior of 14932.31 miRNA cluster using TCGA and
METABRIC breast cancer datasets,
b. statistically analyzing the synergism between siCHRNAS and mimics of selected
miRNAsS,
c. examining the expression profile of miRNA mimics in the context of estrogen
signaling
5. develop a shiny-based web tool allowing user to perform synergy analysis based on a
published recent method, coupled with a novel regression-based TF enrichment
methodology.
6. demonstrate the applicability of the shiny app using a case study that investigates the
synergy between a novel MDM2 inhibitor and temozolomide, a DNA alkalyting agent,

in neuroblastoma cells.
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Chapter 2

2 Materials and Method

2.1 Invitro studies

2.1.1 Materials

2.1.1.1 General laboratory solutions, reagents, and kits

Solutions and reagents used for cell culture maintenance and in vitro experiments are listed.

Table 2-1. Cell culture and maintenance materials

Products Company Catalog No
DMEM w/1.0 g/L glucose w/o L-Glut Lonza BE12-707F
DMEM, low glucose, pyruvate, no glutamine, no phenol

red GIBCO 11880028
PBS-1X w/o Ca, Mg Lonza BE17-516F
FBS Biowest S5181G-500
NEAA 100X Lonza BE13-114E
Sodium Pyruvate Solution 100 mM Lonza BE13-115E
Pen/strep stock Lonza DE17-602E
L-glutamine 200 mM Lonza BE17-605E
Trypsin-Versene(EDTA) Mix(1X) Lonza BE17-161E
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Table 2-2. Transfection related reagents and oligos

Product Description Catalog
Number
(Qiagen,
Germany)
Hs_CHRNADS5_5 FlexiTube siRNA SiCHRNAS S103051111
Hs_TP53_7 FlexiTube siRNA SiTP53 S102623747
AllStars Negative Control siRNA SiICONTROL S103650318
Syn-hsa-miR-495-3p miScript miRNA Mimic miR495-3p mimic YMO00472039
Hs_miR-495 1 miScript Primer Assay miR495-3p primer YMO00472039
Syn-hsa-miR-409-3p miScript miRNA Mimic miR409-3p mimic YMO00472688
Hs_miR-409_1 miScript Primer Assay miR409-3p primer YMO00472688
Syn-hsa-miR-376a-3p miScript miRNA Mimic | miR376a-3p mimic YMO00472498
Hs_miR-376_1 miScript Primer Assay miR76a-3p primer YMO00472498
HiPerfect Transfection Reagent Transcfection reagent | 301704

Table 2-3. MRNA, miRNA, and protein expression measurement related reagents

Product name Company (Country) | Catalog
Number
Water, molecular biology grade, nuclease free HyClone, USA SH30538.01
LightCycler® 480 SYBR Green I Master Roche, Switzerland 4887352001
LightCycler 480 Multiwell Plate 96, White Roche, Switzerland 4729692001
RNase-Free DNase Set (50) Qiagen, Germany 79254
RevertAid First Strand cDNA Synthesis Kit Fermentas,Canada K1622
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miRscript RT Kit Qiagen, Germany 218160
RNeasy Mini Kit Qiagen, Germany 74104
miRneasy Mini Kit Qiagen, Germany 217004
miScript syber green kit Qiagen, Germany 218073
QIlAzol lysis reagent Qiagen, Germany 79306
HiPerfect Qiagen, Germany 301704
2-mercaptoethanol Sigma Aldrich, USA M3148
Glacial acetic acid Sigma Aldrich, USA | 27225
Glycine Sigma Aldrich, USA G8898
Ammonium persulfate Sigma Aldrich, USA | A3678
TEMED Applichem, Germany | A11480100
NP-40 Applichem,Germany | A16940250
cOmplete, EDTA-free Roche, Switzerland 11873580001
TGX Stain-Free™ FastCast™ Acrylamide Kit, | Bio-Rad 1610183
10%

PageRuler Prestained Protein Ladder ThermoScientific, USA | 26616
PVDF membrane Roche (Switzerland) 3010040
ECL Plus Western Blotting Detection System GE Healthcare (UK) RPN 2232
Amersham ECL Prime Western Blotting | Sigma Aldrich, USA RPN2232
Detection Reagent

Phosstop Easypack phosphatase inhibitor cocktail | Roche, Switzerland 4906845001
tablets

BCA Protein Assay kit ThermoScientific, USA | 23227
Ponceau S solution Sigma Aldrich, USA P-7170

4X Laemmli Sample Buffer Bio-Rad 161-0747
BSA Sigma Aldrich, USA AT7905
6-Aminocaproic acid Sigma Aldrich, USA | A2504
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Table 2-4. MTT and drug response-related reagents

Product name Company (Country) Catalog Number
SDS Sigma Aldrich, USA 71725
MTT Invitrogen M6494

S-(+)-Camptothecin (100mg)

Sigma Aldrich, USA

C9911-100MG

Doxorubicin

Cell Signaling, USA

5927S

Dimethyl sulfoxide (DMSO)

Applichem, Germany

A1584

2.1.1.2 qPCR primers

Primer pairs used in this thesis are listed in Table 2-5.

Table 2-5 List of primer pairs

Name Primer sequence (5'-3")
CHRNAS F: GGAAACTGAGAGTGGTAGTGGA

R: CTTCAACAACCTCACGGACA
CLDN1 F: CTGTCATTGGGGGTGCGATA

R: CTGGCATTGACTGGGGTCAT
WDHD1 F: AGCAGCCAAGGACGAGTAAA

R: CTTCGGCTTTGGAATCAGAG
ANLN F: TAAAGCAGGTGATTGTTCGG

R: GTTCTTCATCAACACAGCAG
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BIRCS

F: GTTGCGCTTTCCTTTCTGTC

R: TCTCCGCAGTTTCCTCAAAT

CDKN1A F: GTCACTGTCTTGTACCCTTGTG
R: CGGCGTTTGGAGTGGTAGAA
GPNMB F: TGCTGACTGTGAGACGAACC
R: ACACCAAGAGGGAGATCACAG
GJAl F: TCTGAGTGCCTGAACTTGCC
R:CCCTCCAGCAGTTGAGTAGG
GADD45A F: TCTCGGCTGGAGAGCAGAAGAC
R:AGCTTGGCCGCTTCGTACAC
BAX F:GGGTTGTCGCCCTTTTCTAC
R:CTGGAGACAGGGACATCAGT
BCL2 F-TGAACTGGGGGAGGATTGTG
R:CGTACAGTTCCACAAAGGCA
FAS F:AATAAACTGCACCCGGACCC
R:AGAAGACAAAGCCACCCCAA
CCND1 F:CTGCGAAGTGGAAACCATCC
R:GCACTTCTGTTCCTCGCAGA
CCNE2 F:GTAGCTGGTCTGGCGAGGTTT

R:GGGCTGCTGCTTAGCTTGTAA
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CHEK1

F:-TGGTCACAGGAGAGAAGGCA

R:CAGATAAACCACCCCTGCCA

TPT1

F:GATCGCGGACGGGTTGT

R:TTCAGCGGAGGCATTTCC

2.1.1.3 Antibody list

Antibodies used in this thesis are listed in Table 2-6.

Table 2-6. Antibodies used in western blot

Protein name Company catalog No:
CHRNAS5 SantaCruz SCc-376979
TP53 SantaCruz sc-126
GAPDH SantaCruz Sc-47724
BAX Cell signalling #5023
BCL2 Cell Signalling #2870
CHEK1 SantaCruz sc-8408
pCHEKZ1[Ser345] Cell Signalling #2348
Phospho-RB1[Ser807/811] Cell Signaling #9308
Anti-rabbit 1gG, HRP-linked Cell Signaling #7074
Anti-mouse 1gG, HRP-linked Cell Signaling #7076
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2.1.1.4 Equipment

The equipment used in this study is listed in Table 2-7.

Table 2-7 List of Equipment

Name of the instrument Company

LightCycler 480 Instrument Roche (Sweitzerland)

NanoDrop ND-1000 Thermo Scientific (USA)

DIC Microscope Leica (DMi8)

Amersham ™) Imager 600 GE Healthcare Life Sciences(USA)

2.1.1.5 Prepared solutions and recipes

Standard solutions used in in vitro experiments, i.e., western blot, are listed in Table 2-8.

Table 2-8 Common solutions and recipes

Solution Content

MTT 0,01g MTT,2ml PBS

SDS-HCL

solution 2 g SDS, 16ul HCIL, 20ml ddH.O

P1 (25X) 2 tablets in 840ul ddH>O

PhosStop(20

X) 2 tablets in 1ml ddH,O

4X SDS

Loading Dye | 100uL 2-mercaptoethanol , 900 ul BioRad Laemmli Buffer
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75 ul 2M NaCl, 50 pl IM Tris-HCI, 10 pl 10% SDS, 40 pl 25x proteinase

RIPA buffer | inhibitor, 40 pul 20X PhoStop,775 ul ddH20O (for 1ml)

10x Running

buffer 30.3 g Tris, 144.1 glycines, 100 ml 10% SDS, ddH,O up to 1000ml
Anode |

buffer 18.15g Tris, 100ml MetOH, ddH,0O up to 500ml

Anode Il

buffer 1.5¢g Tris, 100ml MetOH, ddH,O up to 500ml

Cathode

buffer 2.62 g aminocaproic acid, 100ml EtOH, ddH.0 up to 500ml
Blocking

solution (5%)

59 BSA, 100 ml TBS-T(2%)

10% APS 0,5 APS, 5ml ddH,O
24 g Tris, 88 g NaCl dissolve in 900 ml ddH.O. PH adjusted to 7.6, volume
10X TBS bring up to 1000ml.
IXTBS-T
(Tween
0.2%) 100ml from 10X TBS, 900 ml ddH-0, 2ml Tween-20.
10X Running
Buffer 10.08 g SDS, 30.3 g Tris, 144g Glycine in 1000ml ddH20.
Mild
Stripping 1.5g Glycine, 0.1g SDS, 1ml Tween-20 volume up to 50 ml; adjust pH 2.2,
Buffer complete up to 100ml
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Table 2-9 Complete DMEM recipe

Amount Ratio
DMEM, Low Glucose 500 ml
Fetal Bovine Serum (FBS) 50 ml 10%
Sodium pyruvate 10 ml 2%
L-Glutamine 10 ml 2%
NEAA 100X 5ml 1%
Penicillin/Streptomycin 5ml 1%

2.1.2 Methods

2.1.2.1 Cell culture maintenance and handling

2.1.2.1.1 Thawing cells

Cell stocks were kept at liquid nitrogen in cryovials. For thawing, cells were taken from liquid
nitrogen and half thawed in the water bath (37°C). The rest was dissolved through slowly mixing
with complete DMEM (Table 2-9). Cells were then transferred to 15 ml falcon and centrifuged
for 5min at 1500rpm to remove freezing media. The cell pellet was resuspended in an adequate
amount of complete DMEM and transferred to a T25 plate. After overnight incubation in the
incubator (37°C with 5% CO,), cells were inspected through microscopy, passaged to a T75 plate.

Cells were maintained in the incubator.

2.1.2.1.2 Passaging cells

After cells reached a 70-80% confluency, old media was removed, and cells were washed with
sterile pre-warmed PBS. Then cells were incubated with an adequate amount of 0.25%
Trypsin/EDTA for 3-5 min in the incubator to detach cells from the plate. A double amount of
complete DMEM was added to inactivate the trypsin, and cells were transferred to 15ml falcon.

Cells were centrifuged for 5 min at 1500rpm. The cell pellet was then dissolved in fresh media,
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and 1:6 of the resuspension was transferred to a new plate then completed with an adequate

amount of complete DMEM.

2.1.2.1.3 Freezing cells

For the maintenance of the cell stock, in the second or third passage, the cells were frozen.
Freezing media was prepared as 90% FBS and 10% DMSO. The cell pellet was obtained as
passaging cells, dissolved in freezing media (2ml per 1million cells), and then transferred to
cryovials (2 ml each). The cryovials were first kept at -20°C for 1-2h, then moved to -80°C for

overnight incubation, finally transferred to liquid nitrogen for long-term preservation.

2.1.2.2 siRNA and miRNA mimic transfections

After cells reached a 70-80% confluency, the cell pellet was obtained as in passaging. The cell
pellet was resuspended in 1 ml complete DMEM, and 20l of cell suspension was further diluted
in 180 ul DMEM (1:10). The diluted cell suspension was counted twice using a hematocytometer.
Then cells were seeded to 6, 12, 24, or 96 well plates with the amount shown in Table 2-10. The
cells were then incubated overnight in the incubator. The transfection mixture was prepared the
next day with the conditions shown in Table 2-10 (optimized by Ermira Jahja). For the double
transfections, an equal amount of siCONTROL was added to individual treatments, i.e.,
SiCONTROL (20nM), siCHRNA5(10nM siCHRNA5 + 10nM siCONTROL), siTP53 (10nM
siTP53+ 10nM siCONTROL) and combinatorial (10nM siCHRNAS + 10nM siTP53). In order to
reduce pipetting errors, a single transfection mixture was prepared for biological replicates.
Transfection reagent (HiPerfect) and oligo (siRNA and/or miRNA mimic) were mixed through
pipetting followed by gentle vortexing. After a quick spindown, the transfection mixture was
incubated for 10 min for the formation of the transfection complex under the hood. During
incubation, old media was removed from plates and replenished with the new media. After
incubation, the transfection mixture was distributed dropwise onto cells, swirled to the eight shape
several times, and then carefully placed in the incubator. After 72h of incubation, cells were taken
for the follow-up experiment, i.e., RNA isolation, protein isolation, or MTT. RNA and protein

experiments were performed in duplicates, and cells were treated in five replicates for MTT.
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Table 2-10. Transfection conditions for cell plates

Plate Number of cells seeded | Transfection Reagent | 10nm Oligo

(SIRNA/miRNA mimic)

6 well | 200.000 12ul 1l

12 well | 100.000 6ul 0.5l
24 well | 50.000 3ul 0.25pl
96 well | 2.000 1.2ul 0.1ul

2.1.2.3 RNA isolation and cDNA synthesis
For the RNA experiments, 6 or 12 well plates were used, and cells were transfected as described
before. After 72h of incubation with the transfection mixture, old media was removed, and cells

were washed with pre-warmed PBS.

2.1.2.3.1 mRNA isolation

For siTP53 and siCHRNAS5 experiments, RNAeasy kit (Qiagen, Germany) was used. After
washing with PBS, the cell pellet was obtained as in passaging, RNA was isolated according to
manufacturers' instructions. At the final step, RNA was eluted in 35ul nuclease-free water. RNA

amount and quality were measured using NanoDrop.

2.1.2.3.2 Total RNA isolation (for miRNA mimic studies)

For miRNA mimic studies, miRNeasy kit (Qiagen, Germany) was used. After washing with PBS,
700ul Qiazol (Trizol) was added, and cells were detached using a scrapper. Cell lysis was
transferred to an eppendorf and snhap-freezed in liquid nitrogen and kept at 80°C overnight. The
next day, RNA was isolated according to manufacturers' instructions. At the final step, total RNA

was eluted in 35ul nuclease-free water. RNA amount and quality were measured using NanoDrop.

2.1.2.3.3 cDNA synthesis from mRNA
For the cDNA synthesis for mMRNA from mRNA isolate or total mRNA isolate, the RevertAit RT

Reverse transcriptase kit was used. 800 ng of RNA was used for all experiments. cDNA was
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synthesized according to manufacturers' instructions. 800 ng of RNA was completed with
nuclease-free water to 11pul, and 1ul Oligo (dT) primers were added. To 12ul mixture, 4ul 5X
Reaction Buffer, 2ul ANTP mix and 1ul of RT and RiboLock RNase inhibitor were added. The
reaction mixture was incubated 60min at 42°C, and the reaction was terminated at 70°C for 5min.

For the gPCR experiments, 1:20 dilution was used, and cDNA stocks were kept at -80°C.

2.1.2.3.4 cDNA synthesis from miRNA

For the miRNA mimic studies, cDNA was also synthesized from miRNA using the miScript |1
RT kit (Qiagen, Germany). 800ng of RNA was mixed with 2ul 5X HiSpec Buffer, 1ul Nucleus
mix, 1ul RT enzyme and completed to 10ul with nuclease-free water. The reaction mixture was
incubated at 37°C for 60min and terminated at 95°C for 5 min. For the gPCR experiments, 1:20

dilution was used, and cDNA stocks were kept at -80°C.

2.1.3 Expression analysis with gPCR

Expression analysis of mMRNA and miRNA was performed using qPCR. gPCR analysis for both

MRNA and miRNA expression was performed with two biological and two technical replicates.

2.1.3.1 mRNA gPCRs

The master mix for the mRNA qPCR was prepared with the recipe per sample; Spl SYBR Green
(Roche, Switzerland), 1l forward primer, 1pl reverse primer, and 1pl nuclease-free water. 8ul of
the master mix was distributed to the qPCR plate. 2ul of 1:20 diluted cDNA was mixed. After
centrifuging for 2 min at 1500rpm, the reaction was conducted at LightCycler 480 qPCR
instrument with optimized annealing temperature of the primer pairs for 50cycle with the

conditions summarized in Table 2-11. TPT1 was used as a housekeeping gene for mMRNA gPCRs.

Table 2-11 Reaction conditions for mMRNA gPCR

Step Temperature (°C) | Time (mm:ss) Cycles
Pre-incubation 95 05:00 1
Amplification 95 00:10 50
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58-62 00:20
72 00:20
Melting Curve 95 00:05 1
55 01:00
95 Acquisition per 5 °C
Cooling 40 00:30 1

2.1.3.2 miRNA gPCRs

For the miRNA gPCRs, a commercially designed protocol, miScript primer assays (Qiagen,

Germany) and miScript SYBR Green PCR kit (Qiagen, Germany), was employed. The first

master mix was prepared with the recipe per sample; Sul SYBR Green, 1pl miRNA primer, 1pl

miScript Universal primer, and 1pl nuclease-free water. 2ul of 1:20 diluted miRNA cDNA was

added, and after centrifuging for 2 min at 1500rpm, the reaction was conducted at LightCycler

480 gPCR instrument with conditions Table 2-12. RNAUG was used as a housekeeping gene.

Table 2-12 Reaction conditions for miRNA qPCR

Step Temperature (°C) | Time (mm:ss) Cycles
Pre-incubation 95 15:00 1
Amplification 94 00:15 45

55 00:30

70 00:30
Melting Curve 95 00:05 1

55 01:00

95 Acquisition per 5 °C
Cooling 40 00:30 1
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2.1.3.3 gPCR analysis

AACT method was employed for the analysis of both types of qPCR (Livak and Schmittgen,
2001). Raw CT and TM values were obtained from the LightCycler 480 gPCR instrument through
"AbsQuant 2nd Derivative Max" and "TM calling" analysis methods provided in instrument

software. TM values and peaks were used to detect the contamination.

The mean of the technical replicates was calculated for each sample. Then all samples were
normalized with the average of the control samples (controlmean — Sample). Next, genes were
normalized with the housekeeping gene (TPT1 for mMRNA and RNAUG6 for miRNA) through

subtraction. Log transformed AACT values were used for the statistical analysis.

2.1.4 RNAseq studies

After confirming the siCHRNAGS and siTP53 treatments and their combination downregulated
their targets through gPCRs, samples were sent for the RNAseq (BmLabosis). Assessment of the
RNA quality was performed by the company through measuring Phred Quality Score. After
confirming the quality of the samples, they were taken for the RNAseq. The additional quality

controls and analysis of the results were described in Section 2.2.3.

2.1.5 Microarray studies

After confirming the sSiCHRNAS and miR409-3p treatments and their combination altered their
targets through gPCRs, samples were sent for the gene expression analysis using Affymetrix
hgu133aplus2 platform (AY-KA Ltd.). The analyses of the microarrays were described in Section

2.2.2.

2.1.6 Protein isolation and quantification

Cells were seeded to 6 well plates in duplicates for protein experiments. Fresh RIPA buffer was
prepared before protein extraction Table 2-8. After 72h of treatment, as described before, old
media was collected, and cells were washed with ice-cold PBS twice, and that PBS was added to
old media and centrifuged at 5000rpm for Smin to collect dead cells. Cells were scraped with 50l

RIPA buffer, and cell lysate was contained in a 1.5ml tube. The cell pellet from old media was
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resuspended with 15ul RIPA buffer and mixed to the cell lysate. The cell lysate was kept on ice
for 30min and vortexed at every 5min. Then, samples were centrifuged at 13000rpm for 20min,

and the supernatant was transferred to a fresh tube.

After protein isolation, protein concentration was measured through the BCA Protein Assay
Reagent kit (Thermo Scientific, USA). Standards and solutions were prepared according to
manufacturers' instructions. After incubation at 37°C for 30min, absorbance values were
measured using the BD Accuri C6 instrument. The total amount of protein was calculated with
the regression line formula between the concentration of standards and their corresponding

absorbance.

2.1.7 Western blot

15ug protein of each sample was transferred to a fresh tube. The concentration was equalized for
all samples through completing to the max volume by RIPA. Then protein solution was mixed
with 4X SDS Loading Dye and denatured at 95°C for 5 min. Undenatured proteins were stored at

-80°C.

10% BioRad Fast Casting gels were prepared according to manufacturers' instructions for Imm
gel. After gels were prepared and proteins were denatured, a 6pl protein ladder was added to the
first well and the samples to the rest of the wells. For the empty wells, 6ul of 4X SDS Loading
Dye was added. Proteins were run at 80V until the stacking border; then, it was increased to 120V.
Proteins were then transferred to a PVDF membrane using semi-dry transfer using the Anode I,
Anode I, and Catode solutions in Table 2-8. After 55 min of transfer (1.3A, 25V), membranes
were stained with the Ponceau S solution to visualize the transfer quality. Then, membranes were
washed with dH,O and cut according to the sizes of the proteins of interest. Membranes were
incubated in blocking solution with 5% BSA at room temperature for 60min. Membranes were
then incubated with primary antibodies at 4°C overnight on a shaker or rotator. The next day,

membranes were washed with TBST for 10min three times and moved to secondary antibody
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incubation at room temperature for 1-4h. Then, membranes were again washed with TBST for

10min three times. Proteins were visualized using ECL and Amersham (TM) Imager 600.

Mild stripping was used to re-use the membranes. The mild stripping buffer was prepared fresh,
and its pH was adjusted to 2.2. Membranes were washed with the buffer for 10 min twice, TBS
for 5 min twice, and finally 10min TBST once. Then membranes were moved to blocking and the

rest of the western protocol.

2.1.8 MTT cell viability assay

Cells were seeded to 96 well plates for the MTT cell viability assays. After 72h treatment, MTT
experiments were carried out following manufacturers' instructions. 0.01gr MTT was dissolved
in 2ml of PBS and filtered. Old media was removed and replenished with 100ul fresh phenol-free
media and 10ul of MTT mixture. After 4h of incubation in the incubator, 100 ul freshly prepared
SDS-HCI solution was added to each well and incubated for 16-18h. Then, the absorbance was

measured using a microplate reader at 570nm.

2.1.9 Drug sensitivity assays with MTT

Cells were seeded to 96 well plates a day before the treatment. On the treatment day, cells were
treated with an increasing amount of doxorubicin (0 uM (DMSO-control), 0.06 uM, 0.125uM,
0.25 uM) and siCHRNAGS and/or siTP53 as described in Section 2.1.2.2. After 72h of incubation,

cell viability was measured with the MTT assay.

2.1.10 Statistical analysis

All the statistical analyses were done using GraphPad Prism 6.0. For gPCR data with two groups,
Student's t-test and gPCR and MTT analysis with multiple groups Tukey HSD corrected ONE-

WAY ANOVA were employed.
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2.2 Insilico analysis

2.2.1 Datasets used

Datasets used in this thesis, their platform and their accession ID, if applicable, are provided in

Table 3-13 (Bisio, et al., 2014; Carroll, et al., 2006; Chen, et al., 2019; Cingir Koker, et al., 2018;

Guan, etal., 2019; Hah, et al., 2011; Janky, et al., 2014; Lin, et al., 2007; Nikulenkov, et al., 2012;

Shatz, et al., 2015; Wardell, et al., 2012; Welboren, et al., 2009; Zaccara, et al., 2014).

Table 2-13 List of datasets used in this study

GSEID Platform PMID Title

GSE24065 | Agilent-014850 25401416 | Crossroads of the p53, ER, NFkB stress
Whole  Human response networks
Genome
Microarray

GSE30183 | Affymetrix 22790872 | Expression profiling of MCF7 cells upon
Human Genome nutlin3a treatment
U219 Array

GSE47042 | RNAseq 25058159 | Discovery of the p53 targetome in MCF7 cells

from RNA-seq data

GSE50650 | Agilent-014850 24926617 | Transcriptome and translatome profiling of
Whole  Human MCF7 vector cells after p53 activation
Genome
Microarray

GSE72359 | Affymetrix 26220208 | p53 amplifies Toll-like receptor 5 response in
Human Genome MCF-7 cells
U133 Plus 2.0
Array
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GSE86880 | Affymetrix Expression data from MCF7 cells treated with
Human Genome RITA or Nutlin
U219 Array
GSE104917 | RNAseq 30536898 | RNASeq analysis of NB1691 neuroblastoma
cells treated with MDM2-p53 inhibitor
RG7388 alone and in combination with
temozolomide
GSE35428 | Affymetrix 22570330 | Transcriptional profiling of clinically relevant
Human Genome SERMs and SERM/estradiol complexes in a
U133 Plus 2.0 cellular model of breast cancer
Array
GSE117942 | RNAseq 31353221 | RNA-seq of breast cancer cell lines post
ligand treatment |
GSE11506 | Affymetrix 17510434 | Novel Estrogen Receptor-alpha Binding Sites
Human Genome and Estradiol Target Genes Identified by ChIP
U133 Plus 2.0 Cloning in Breast Cancer.
Array
GSE11324 | Affymetrix 17013392 | Genome-wide analysis of estrogen receptor
Human Genome binding sites
U133 Plus 2.0
Array
GSE89333 | Affymetrix 30543688 | Downregulation of Cholinergic Receptor
Human Genome Alpha 5 (CHRNADS) in MCF7 breast cancer
U133 Plus 2.0 cells
Array
GSE117941 | ChIP-seq 31353221 | ChIP-seq of ER in MCF-7 cells post ligand
treatment
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GSE14664 | ChIP-seq 19339991 | ChIP-Seq of ERalpha and RNA polymerase 1l
defines genes differentially responding to

ligands

GSE27463 | GRO-seq 21549415 | Global  Analysis of the Immediate
Transcriptional Effects of Estrogen Signaling
Reveals a Rapid, Extensive, and Transient

Response

2.2.2 Microarray data normalization and differentially expressed gene
analysis

Several microarray datasets, both publicly available and in-house, were used throughout this study
in different contexts Table 2-13. Raw CEL files for public datasets were obtained from

NCBI/GEO.

For the miRNA microarray dataset, raw CEL files were normalized using the rma function from
the oligo package. Since Affymetrix miRNA microarrays contain probes for non-human miRNAs
as well, human miRNAs were filtered after normalization. Differential expression analysis was
performed using limma (Ritchie, et al., 2015). Results were visualized using the

EnhancedVolcano package (Blighe K, 2021).

Affymetrix hgul33aplus2 platform was used for the miRNA mimic studies. In each study,
experiments were designed as; SiCONTROL, miRNA mimic, i.e., miR-495-3p (Sahika Cingir-
Koker Thesis, 2019), miR-376a-3p (Said Tiryaki Thesis, 2019) and miR-409-3p and miRNA
mimic with siCHRNADS. Quality control of CEL files was performed using the AffyQCReport
and the affyplm packages (Brettschneider, et al., 2008; Craig Parman). After confirmation of the
data quality, data were normalized using the rma function from the affy package (Gautier, et al.,
2004). Log fold change (logFC) values were calculated with subtraction of SICONTROL results.

For the different probes of the same gene, the best jetset probes were used.
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Raw CEL files for publicly available Affymetrix datasets were obtained from GEO then
normalized using the rma function from the affy package (Gautier, et al., 2004). Differential gene
expression analysis was done using the limma package. For the different probes of the same gene,

the best jetset probes were used.

For Agilent datasets, normalized expression data (series matrix) was obtained through GEO. After

log2 transformation, limma was employed for the differential gene expression analysis.

2.2.3 RNAseq analysis

To investigate the transcriptomic effects of siCHRNADS, siTP53, and their combination, MCF7
cells were treated with sSiCONTROL, siCHRNADS, siTP53, and their combination in duplicates.
RNA was isolated as described previously, then sent for the RNAseq analysis with Novaseq
technology with 150bp paired-end and 20M read depth parameters. The company prepared Poly-

A enriched cDNA library and performed the initial quality control analyses.

Raw fastq files were uploaded to Seven Bridges Cancer Genomics Cloud

(https://www.cancergenomicscloud.org/). CGC allows users to analyze their data using publicly

available tools and pipelines in a user-friendly interface. FastQC tool was employed for the quality
control of the RNAseq data. FastQC, the most commonly used quality control analysis tool,
examines read data in twelve metrics and produces a report (Figure 2.1). Basic statistics provide
a general summary, i.e., sequence length, %GC, Total sequence. Per base sequence quality is an
important measure that shows the quality scores according to their position in the reads. Per
sequence quality score plot is the histogram of the quality scores, the skewness to the right
represents higher quality. Per base sequence content gives error for all RNAseq experiments
because sequencing is initiated with random hexamers, altering the enrichment score for some
bases. However, through visual inspection of the plot, quality can be assessed. Per sequence GC
content is a histogram plot of the distribution of %GC and compared against theoretical
distribution. Sharp peaks imply contamination or over-representation of a specific gene, i.e.,

IncRNA. Sequence Duplication Levels metric is about the library preparation and mostly not
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relevant to RNAseq data results. The other important metric is overrepresented sequence, which
helps to detect contamination of adaptors etc. According to FastQC reports, the quality of the

RNAseq results was high enough for the downstream analysis.

Summary

D Basic statistics

& per base sequence quality
) Per tile sequence quality
@mmmuaﬁtym
€ Per base sequence content
€ Per sequence GC content
@P rb N content

&9 sequence Length Distribution
& sequence Duplication Levels
@) Overrepresented sequences
@A_dggter Content

r tent

Figure 2.1 The metrics used by FastQC for the quality assessment. The green ticks and red crosses

represent quality control tests that read data passed and failed while warnings were labeled yellow.

After quality control analysis, reads were aligned to human genome hg19 assembly using the Star
alignment tool with default parameters in CGC (Dobin, et al., 2013). Raw read counts were then
obtained using the HTSeq Count tool in CGC with Ensemble Gene IDs and genomic location

(Anders, et al., 2015).

For the publicly available datasets, raw count data (Table 2-13) were obtained from GEO.
Normalization and differential gene expression analysis was performed using the limma package

following developers' instructions. For the PCA and MDS plots, voom transformed count data

was used.
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2.2.4 TCGA data analyses

MRNA and miRNA expression data along with copy number alteration and clinical information
of samples were obtained from FireBrowser. Subtype information and methylation data for the
TCGA BRCA dataset were downloaded from the XENA and cBioPortal (Gao, et al., 2013;

Goldman, et al., 2020).

Log2 transformed expression data (RSEM +1) were used during PCA plots, distribution plots,

and correlation analysis. For the pairwise correlation analyses, Spearman's method was employed.

2.2.5 METABRIC data analyses

METABRIC dataset is the largest breast cancer expression cohort stored in European Genome-
Phenome Archive (EGA) with the accession ID EGAS0000000012 (Curtis, et al., 2012;
Lappalainen, et al., 2015). Unlike TCGA, Access to METABRIC is controlled, and permission is

required.

METABRIC data provide mMRNA and miRNA expression data from microarrays, copy number
alterations, mutations, and clinical information. The expression data provided was pre-processed

and log-transformed. Therefore, the data was used directly without any other processing.

2.2.6 STRING database and Cytoscape network analyses

The STRING is a well-established and widely used protein-protein interaction (PPI) database
(Szklarczyk, et al., 2019). PPl network for the altered genes with miR-495-3p treatment
(abs(logFC)>0.5) was obtained and uploaded to Cytoscape for the network analysis (Shannon, et
al., 2003). Markow Cluster Algorithm (MCL) with default parameters was used to identify
network clusters (Morris, et al., 2011). The iRegulon plugin was employed to understand the

regulatory components further (Janky, et al., 2014).

2.2.7 miIRNA-mRNA network

Experimentally validated targets of the miRNAs located 14932.31 miRNA cluster were obtained

from miRNET (Chang, et al., 2020). miRNA-mRNA network was constructed in Cytoscape, in
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which nodes were colored according to the logFC values obtained from siCHRNAS treatment

(GSEB89338). Primary and secondary targets of ESR1 were shown with larger nodes.

2.2.8 Enrichment analysis

Various enrichment and overrepresentation analyses were performed to understand the altered
biological processes and pathways. Gene Set Enrichment Analysis (GSEA) is a java-based
standalone tool to perform enrichment analysis for the user-given dataset (Subramanian, et al.,
2005). It allows users to select gene sets, i.e., Gene Ontology (GO) terms, KEGG pathways
(Kanehisa, et al., 2016; Mi, et al., 2019). GSEA for the KEGG pathway enrichment analysis was
employed for siCHRNAS microarray data with default parameters. Results were visualized using

the ggplot2 package.

The clusterprofiler package was used to perform overrepresentation analysis for GO terms, and
KEGG pathways in R (Wu, et al., 2021). Results were visualized using ggplot2 and enrichplot

packages.

2.2.9 Ingenuity pathway analyses

Ingenuity Pathway Analysis (IPA) tool allows users to perform enrichment analysis with
manually curated gene sets (QIAGEN Inc.,
https://www.giagenbioinformatics.com/products/ingenuity-pathway-analysis). For microarray
results of miR-495-3p mimic and its combination with SIiCHRNAS was uploaded to IPA, and the
analysis was performed for the genes (abs(logFC) >0.5 using "Core Analysis" and "Analysis

Comparison" functions. Other canonical pathways were also investigated.

2.2.10 SyneRgy app

syneRgy is a shiny-based web tool to perform synergy analysis using transcriptome data. syneRgy
was designed to accept raw count data from an RNAseq experiment or differential gene

expression results from any platform.
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2.2.10.1 Limma-based synergy analyses
Limma-based syneRgy analysis was adapted from a recently published method (Schrode, et al.,
2021). In this method, regular limma analysis was performed for the treatment groups as well as

additive and synergy coefficients with the contrast matrix shown in Figure 2.2.

ID Contrast
Treatment 1 Treatment1- Controll

Combination Combinatorial Treatment -Control3

Additive Treatment1- Controll +
Combinatorial Treatment -Control3 - (Treatment1- Controll +

Figure 2.2 Example contrast matrix used for synergy analysis

After limma analysis, the synergy cluster for each gene was calculated following the pseudocode

in

Figure 2.3. The meanSE is calculated as the average standard error for all treatment groups.
Visualization of the clusters and the distribution was done using ggplot2, Waterfalls,

ComplexHeatmap packages (Gu, et al., 2016).
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Input logFC matrix m;
for every gene in m do;
if Synergy.logFC > meanSE
if additive.logFC < -meanSE
if combinatorial.logFC > meanSE
gene -> More up
else gene ->Less down
else gene ->More up
else if Synergy.logFC < -meanSE
if additive.logFC > meanSE
if combinatorial.logFC < meanSE
gene -> More down
else gene->Less up
else gene ->More down

else gene -> Additive

Figure 2.3 Pseudocode for synergy analysis generated from (Schrode, et al., 2021).

2.2.10.2 Synreg: a regression-based synergy analysis
In the regression analysis module for the regression, Imfit function from the glmfit function was
employed. Statistical analysis of the difference between the regression line and the y=x line was

performed by adding an offset value 1. The ggplot2 package was used for the visualization.

2.2.10.3 DoRothEA analysis

DoRothEA is an R package containing TF-Target data with evidence score and the direction of
the interaction (Garcia-Alonso, et al., 2019). The developers have curated the TF-Target pairs
manually using various sources and calculated an evidence score ranging from A to E in which A
is the highest and E is the lowest. In syneRgy, TF-Target pairs with the evidence scores A and B
were used. Since DoRothEA also contains the direction information, enrichment analysis was
performed using the run_viper function, a wrapper function for the viper from the Viper package
(Alvarez, etal., 2016). Viper function was designed to perform enrichment analysis for the Aracne

regulons derived from transcription data. For the statistical analysis permutation-based FDR was

59



calculated. In this method, genes were randomly matched with the logFC values 100 times, and
the viper function was called for each. The ratio of the enrichment scores higher than the original
score was reported, i.e., if the enrichment score in five out of 100 trials were higher than the

original enrichment score, the FDR value is calculated as 0.05.

In addition to enrichment analysis, overrepresentation analysis using Fisher's exact test was
performed for treatment results as well as synergy clusters (Shen L, 2021). For the treatment
analysis, significantly altered genes (adj p-value <0.05) were stratified according to the direction
of the logFC values (up and downregulated), and overrepresentation analysis for the targets of
each TF was performed. For the synergy clusters that were obtained using limma-based synergy

analysis, the same method was used.

For both of the analysis types, regression analysis results between additive logFC and
combinatorial logFC for the targets of selected TF were reported. Hierarchical clustering and

heatmap representation through the ComplexHeatmap package was also included.

2.2.10.4 ChEAZ3 analysis

ChEAS3 is another well-known TF-Target database (Keenan, et al., 2019). As oppose to
DoRothEA, they report the actual scores from each data they have curated in addition to their two
scoring metrics, namely, meanRank and topRank. In collaboration with Farid Ahadli, on-fly
ChEAZ3 analysis for synergy clusters was included. The enrichment scores and the relevant

statistical analysis results were reported and visualized using ggplot2.
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CHAPTER 3

3 Results

3.1 Part 1. CHRNAS expression in tissues

3.1.1 CHRNAS is expressed in various tissues.

CHRNAJ5, as a cholinergic receptor, was not only expressed in the nervous system, but its
function was shown in various tissues in different contexts. Therefore | first explored the
expression level of CHRNADS in 31 normal tissues using the public GTEX dataset (Figure 3.1).
Testis, bone marrow, colon, muscle, and pancreas exhibited high levels of CHRNAS expression
while it was low expressed in the kidney, liver, thyroid, spleen, and pituitary. CHRNADS was found
to be expressed in the breast tissue in the mid-range along with the brain, esophagus, heart, vagina,

prostate, and uterus supporting its wide range of function.
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Figure 3.1 CHRNAS expression in the normal tissue samples in the GTEX dataset.

3.1.2 CHRNAGS is highly and variably expressed in tumor tissues in different

cancer types.
I next investigated the CHRNAS expression levels in different cancer types (Figure 3.2). All
cancer types in TCGA with normal tissue samples exhibited higher or, for some, equal levels of

CHRNAGS when compared to their normal tissues. As expected, CHRNAS expression was the
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highest in the lung adenocarcinoma (LUAD), and pheochromocytoma and paraganglioma
(PCPG). In bladder cancer (BLCA), in which smoking is one of the main risk factors, CHRNA5
expression was higher. Low-grade glioma (LGG) and glioblastoma multiforme exhibited mid to
low CHRNAGS expression. Interestingly, CHRNA5 expression was variable in breast cancer

(BRCA).
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Figure 3.2 CHRNADS expression in the tumor samples in the TCGA dataset.

3.1.3 CHRNAGS expression positively correlates with CHRNA3 and CHRNB4
expressions
nNACHRs form homo- or hetero-pentameric structures to be functional. CHRNAS have shown to
bind CHRNA4-CHRNB2 and CHRNA3-CHRNAB4 subunits. Pairwise correlation analysis with
NACHRs in TCGA BRCA dataset revealed that CHRNAS was positively and significantly
correlated with its chromosomal neighbors CHRNA3 and CHRNB4 (Figure 3.3). Interestingly,
CHRNB2, another binding partner of CHRNAGS along with CHRNA4, exhibited no correlation
with CHRNADB; and the low correlation with CHRNA4 might indicate CHRNA3-CHRNB4 could
be the dominant assembly for CHRNAS5. CHRNAY7, known to form a homomeric structure, also

exhibited a positive correlation with CHRNAS.
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Figure 3.3 Pairwise Spearman'’s correlation coefficients of NACHRs in the TCGA BRCA dataset.

Dots were colored according to the correlation coefficient, and insignificant results were labeled

with a cross (p-value < 0.05).

3.1.4 CHRNAGS is highly expressed in the basal subtype

In order to further evaluate the CHRNAS expression pattern in breast cancer, CHRNAS

expression in breast cancer subtypes was investigated. CHRNA5 was highly expressed in the

basal subtype, which contains ER-negative and mostly TP53 mutant tumors, and expressed at

lower levels in the LumA subtype. No difference was observed between Her2, LumB, and

Normal-like subtypes (Figure 3.4).
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Figure 3.4 CHRNAGS expression in breast cancer subtypes. Tukey HSD following One-way anova
was employed for statistical analysis. Significantly different groups were reported on top of each

group (Adj. p-value < 0.05).

3.2 Part 2. CHRNAS modulates the DNA damage repair pathway

3.2.1 siCHRNADS downregulates expression of DNA damage pathway genes.

In the previous studies from our lab, CHRNADS was successfully downregulated by three different
SiRNAs, and siCHRNAS transcriptome was profiled using Affymetrix hgul33a.plus2 microarray
(Ermira Jahja Ph.D. thesis, Bilkent University 2017; GSE89333). KEGG pathway enrichment
analysis of siCHRNADS profile using GSEA revealed that DNA replication and DNA damage
response and repair (DDR) related pathways were significantly enriched with downregulated
genes, whereas TP53 signaling, one of the primary regulators of DDR, was the most upregulated
pathway (Figure 3.5). Therefore, | focused on exploring the interplay between CHRNAS and

DNA damage pathway and TP53 signaling.
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Figure 3.5 KEGG pathway enrichment analysis of SiCHRNADS transcription profile. Negative

normalized enrichment scores (NES) were used for pathway enriched for downregulated genes.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Cingir Koker S, Jahja E, Shehwana H, Keskus AG, Konu O (2018) Cholinergic Receptor
Nicotinic Alpha 5 (CHRNAS5) RNAI is associated with cell cycle inhibition, apoptosis, DNA damage

response and drug sensitivity in  breast cancer. PL0oS ONE 13(12): e0208982.

https://doi.org/10.1371/journal.pone.0208982)



3.2.2 CHRNADS5 is co-expressed with DNA damage repair genes.

Manually curated 60 essential DDR genes were obtained from Lin et al. (2016). Hierarchical
clustering with those DDR genes and CHRNAS using METABRIC and TCGA BRCA datasets
revealed CHRNADS clustered together with a subgroup of DDR genes, including PCNA, BRCAL,
and CHEK1 (Figure 3.6 A-D). Genes clustered together with CHRNAS were also highly
expressed in TP53 mutant tumors consistent in both datasets (Figure 3.6 B, D). The pairwise
correlation coefficient was calculated between CHRNAS and DDR genes. | found that the
correlation coefficient was negative with respect to the change in expression of the gene in

response to SICHRNADS in both datasets (Figure 3.6 E-F).
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Figure 3.6 DNA damage response and CHRNAS expression in METABRIC (A) and TCGA

BRCA (C) datasets. Clusters with CHRNAS were labeled with red (A, C) and reclustered. TP53
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mutant tumors were annotated with red (B, D). The pairwise correlation coefficient between
CHRNADS and DDR genes and the change in their expression level in response to CHRNAS (E,

F). Pearson correlation coefficient and p-value were reported on plots.

(This image was reproducible without the need of copyright permission and required citation and it

was obtained from Cingir Koker S, Jahja E, Shehwana H, Keskus AG, Konu O (2018) Cholinergic Receptor
Nicotinic Alpha 5 (CHRNAS5) RNAI is associated with cell cycle inhibition, apoptosis, DNA damage
response and drug sensitivity in  breast cancer. PL0oS ONE 13(12): e0208982.

https://doi.org/10.1371/journal.pone.0208982)

The expression level of CHEK1 mRNA, one of the key DDR modulators, was downregulated in
response to sSiCHRNADS treatment, and pCHEKZ1 level decreased even further (Sahika Cingir-
Koker Ph.D. thesis, Bilkent University 2018). CHEK1, a member of the subgroup with CHRNA5
in both TCGA and METABRIC datasets (Figure 4.6), was found to be positively correlated in
CCLE, TCGA, and METABIC (Figure 3.7 A-C). In accord with these findings. The CHRNA5
expression level was positively correlated with altered genome fraction in cell line and TCGA
tumor data (Figure 3.7D-E). Altogether, these findings support the involvement of CHRNAGS in

DDR.
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Figure 3.7 Correlation between CHEK1 and CHRNAS expression in CCLE (A), TCGA (B), and
METABRIC (C). Correlation between altered genome fraction and CHRNAS expression in breast
cancer cell lines in CCLE (D) and TCGA breast cancer dataset (E). Pearson correlation coefficient

and p-value were reported on plots.

(This image was reproducible without the need of copyright permission and required citation and it
was obtained from Cingir Koker S, Jahja E, Shehwana H, Keskus AG, Konu O (2018) Cholinergic Receptor
Nicotinic Alpha 5 (CHRNAS5) RNAI is associated with cell cycle inhibition, apoptosis, DNA damage

response and drug sensitivity in  breast cancer. PL0oS ONE 13(12): e0208982.

https://doi.org/10.1371/journal.pone.0208982)

3.2.3 CHRNAGS siRNA alters TP53 signaling.

KEGG pathway enrichment analysis revealed TP53 signaling as a primary upregulated pathway

in response to CHRNADS depletion in the MCF7 cell line. TP53 is one of the critical regulators of
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the cell cycle and DDR. Our previous results showed that the sSiCHRNADS transcription profile is
not conserved between TP53 wild-type and mutant breast cancer cell lines for DDR and cell cycle
related genes. | also found that CHRNAS expression was higher in TP53 mutant tumors in
comparison to those wild-type in both TCGA and METABRIC datasets along with other DDR

genes (Figure 3.6, Figure 3.8).
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Figure 3.8 CHRNADS expression in TP53 wild-type and mutant tumors in METABRIC (A) and

TCGA (B).

(This image was reproducible without the need of copyright permission and required citation and it

was obtained from Cingir Koker S, Jahja E, Shehwana H, Keskus AG, Konu O (2018) Cholinergic Receptor
Nicotinic Alpha 5 (CHRNAS5) RNAI is associated with cell cycle inhibition, apoptosis, DNA damage
response and drug sensitivity in  breast cancer. PL0oS ONE 13(12): e0208982.
https://doi.org/10.1371/journal.pone.0208982)

3.24 CHRNAGS siRNA and TP53 siRNA transcriptome profiled with RNAseq.
In-silico analysis and previous findings from our lab suggest that siCHRNADS transcription profile
and downstream effects may depend on the presence of functional TP53. Therefore, TP53 wild-
type MCF7 cells were treated with different concentrations of siTP53 in order to find the optimal
concentration through a decrease in the expression levels of TP53 and its selected targets using
gPCR (Figure 3.9). For 72h treatment, the optimal duration for siCHRNAS treatment, 10nM of

siTP53 was identified as ideal due to a consistent decrease in TP53 and its selected targets.
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Figure 3.9 gPCR validation of the decrease in CHRNADS and TP53 levels along with known TP53
targets in response to SiCHRNAS5 and siTP53. Mean AACT (+SD) was reported. One-way-

ANOVA results were shown on plots.

Next, TP53 wild-type MCF7 cells were treated with siTP53 with or without sSiCHRNAS for 72h.
Their phenotype was investigated under DIC microscopy (Figure 3.10). In accord with the
previous studies, SICHRNAS phenotype was observed in siCHRNADS alone treatment. In siTP53
treated cells, the confluency was >95%, whereas it was ~85% in siCONTROL, indicating an
increased proliferation rate. The SiCHRNAS5 phenotype was partially inhibited in the
combinatorial treatment, as opposed to the once in siTP53 or siCHRNAS alone treatments

(Figure 3.10).
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Figure 3.10 Microscopy images of sSiCONTROL, siCHRNA5(10nM), siTP53(10nM), and their

combination after 72h of treatment.

After microscopic examination, the groups’ transcriptomes were profiled through RNAseq.
FastQC tool in Cancer Genomics Cloud (CGC) was used for quality control analysis. An example

of quality control reports was shown in Figure 3.11.
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Figure 3.11 Example quality control results. Per base sequence quality (A), Per sequence quality

score plot (B), Per sequence GC content (C), and Sequence Duplication Levels (D).

After confirming the quality of the data, reads were aligned with STAR alignment, and counts for
each gene were obtained through HTseq count. After voom transformation using limma package,
Principal Component Analysis (PCA) and Multiple Dimensional Scaling (MDS) were employed
to visualize the results (Figure 3.12). In both analyses, although siCHRNAS samples exhibited
more divergence, the treatment groups were clustered together. Combinatorial treatment groups
were clustered closer to siTP53 than siCHRNAS, implying a relatively dominant or rescue effect
of siTP53 on siCHRNAS. PC1 in PCA analysis was able to distinguish treatments with and

without TP53, whereas treatments with sSIiCHRNAS were separated along PC2.
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Figure 3.12 PCA (A) and MDS (B) results of RNAseq results. Percentages in the parentheses

indicate the percent variation explained by the given component.

In accord with the PCA and MDS analyses, the combinatorial treatment exhibited a higher
positive correlation with siTP53 when compared to siCHRNADS. Interestingly, SiCHRNAS and
siTP53 were also positively correlated with each other, although it is not as high as the one with
combinatorial treatment (Figure 3.13A). The regression analysis of siTP53 and siCHRNADS alone
treatments showed that although there was a positive relationship between the two siRNAs, the
coefficients were low yet significant (Figure 3.13B; a = 0.309, p<2e-16). Although both
correlation and regression analysis suggest the positive association between the two siRNAs, a

cluster of genes was altered only in siTP53.

The distribution of genes significant in any of the three treatments was investigated to evaluate
the combinatorial action of two SiRNAs further. Interestingly, most genes were not altered in
siTP53 or siCHRNAS, but the combinatorial treatment of them implied a synergistic effect
between these two siRNAs (Figure 3.13C). Regression analysis between individual siRNA
treatments and combinatorial treatment showed that siTP53 exhibits a coefficient higher than 1
while the coefficient in SiCHRNADS is 0.694, implied siTP53 alleviates the effect of SiCHRNAS

to a certain degree (Figure 3.13D-E).
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combination treatment and siCHRNAS5 (D) and siTP53(E). Regression line formulas and

corresponding R-squared results were reported on plots.

3.25 CHRNAZS siRNA profile is positively correlated with TP53 inducer profiles.

Several TP53 inducers have been reported in the literature, i.e., nutlin3a (nutlin), doxorubicin
(doxo), 5-Fluorouracil(FU5), and Rita (Table 2-13). Apart from direct inducers, several indirect
factors have been proposed, including estrogen (E2), NFKkB signaling, STAT3, and MDM2
inducers. Comparative transcriptome analysis | performed with TP53 inducers revealed that
SiCHRNAS exhibited a positive correlation while siTP53 and combinatorial treatment displayed
a negative or no correlation (Figure 3.14). E2 profile clustered together with siTP53 and
combinatorial treatments and showed a negative correlation with TP53 inducers. TNF, an NFkB

inducer, was positively correlated with E2 and showed no correlation with TP53 inducers.
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Figure 3.14 Pairwise Spearman's correlation analysis with TP53 inducers and others. Dots were

colored according to the correlation coefficient, and insignificant results were shown with a cross.

Fischer et al. (2017) identified TP53 targets through a comprehensive literature search. They
provided an evidence score for the TP53 targets ranging from one to 17 based on the number of
studies reporting the interaction, which was used for filtering out those supported with less than
five studies. As expected, TP53 inducers doxorubicin and nutlin3a increased the expression of
TP53 targets shown as the rows of the hierarchical cluster (Figure 3.15). E2 and TNF reversed
the doxorubicin mediated TP53 induction for a cluster of TP53 targets. 5-Fluorouracil and Rita

appeared to be less effective in incuding TP53 when compared to doxorubicin and nutlin3a.
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Figure 3.15 The change in the expression levels of TP53 targets in response to TP53 inducers,
doxorubicin (doxo), nutlin3a (nutlin), Rita, 5-Fluorouracil (FU5), indirect influencers, sShSTATS3,
estradiol (E2), TNF, siCHRNADS, siTP53, and their combination. Evidence scores higher than five

were used as a threshold for the TP53 targets.
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The change of expression in TP53 targets was validated using gPCR. CDKN1A (p21),
GADDA45A, and RRM2 expressions increased with SiCHRNAS and TP53 but not changed in the
combinatorial treatment suggesting TP53 was needed (Figure 3.16). Interestingly, TP53INP1,
CCNGL1, and ZMAT3 were downregulated by siTP53 alone and in combination with sSiCHRNAS.
In silico analysis indicated a negative correlation between E2 treatment and TP53 induction.
Therefore, the change in selected E2 targets, i.e., LAMC1, DTL, FOXC1, and SCNN1A, was
examined. The siCHRNADS effect in the LAMC1, a vital cell junction gene, was preserved in
combinatorial treatment. CLDNL1, another cell junction gene, was even further upregulated in
combinatorial treatment. DTL, an estrogen target and negative regulator of CDKN1A, was
downregulated with siCHRNAS5 and not changed in combinatorial treatment indicated the
induction dependent on TP53. Another gene involved in crosstalk between estrogen and TP53

signaling, FOXCL, followed a similar pattern with CDKNZ1A.
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Figure 3.16 gPCR validation of expression changes (in logarithmically transform fold changes,
log2FC) in TP53 targets (upper panel), E2 targets, AQP3, and CLDN1. Mean AACT (£SD) was

reported. One-way-ANOVA results were shown on plots.
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3.2.6 TP53 siRNA reverts the drug sensitivity to doxorubicin induced by
SiICHRNADS.
siCHRNAJS had been shown to induce sensitivity to DNA damage-inducing agents, doxorubicin
and camptothecin (Cingir Koker, et al., 2018). Therefore, | further treated MCF7 cells with
doxorubicin with siCHRNAS and/or siTP53 for 72h. The cell viability was measured with an
MTT assay. Although there was variation in the results in the DMSO treated group, as expected,
there was an increasing trend in siTP53, whereas decreasing one in SiCHRNAS5 and in the
combinatorial treatment rescue effect was observed. In doxorubicin-treated groups, the rescue

effect was observed in low dosages, i.e., 0.06 uM and 0.125uM.
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Figure 3.17 MTT cell viability assay results with increasing dosage (uM) of doxorubicin for 72h.
TR: Transfection reagent. Mean relative cell viability (+SD) was reported. One-way-ANOVA

results were shown on plots.

3.2.7 CHRNADS5 siRNA and TP53 siRNA exhibit synergic and antagonistic effects.

3.2.7.1  The regression-based synergy analysis: synreg
To address the synergistic and antagonistic behavior of siTP53 and siCHRNAJS, | first applied the

regression-based synergy method called synreg we developed in our lab to evaluate the overall
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interplay between two treatments. In this method, the additive logFC value was calculated as
described in Chapter 2.3, corresponding to the expected results if the effect between siRNAs were
additive. A regression line was fitted between the calculated additive logFC and the combinatorial
logFC for the genes significantly altered in at least one group (Figure 3.18A). Slope less than one
(0.72) shows the overall antagonistic effect between two siRNAs. Next, an x=y line was plotted
with a +/-0.3 interval corresponding to the additivity region on the additive logFC vs.
combinatorial logFC plot (Figure 3.18A-B). The interaction between two siRNAs was additive
for the genes in that region. The blue line (y = 0) separated up and downregulated genes in
combinatorial treatment, which helped distinguish synergistically (labeled with green) and
antagonistically (labeled with red) affected genes. The regression-based analysis method showed
that overall action between two siRNAs, i.e., siTP53 and siCHRNAS was inhibitory, yet with a

coefficient, additive logFC could predict combinatorial logFC, significantly.

; = ;(0'026 +0.72x

10
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Combinatorial LogFC
o
Combinatorial LogFC
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Figure 3.18 synreg, a regression-based synergy analysis results of siTP53 and siCHRNAS and

their combination. The regression line between additive and combinatorial logFC values for the

genes significantly altered in at least one group was plotted with red and a y=x line representing

additivity with purple. The formulas for the lines were reported on plots (A). A y=x line was

plotted with red, and the synergy groups were labeled with green for synergistic and red for

antagonistic genes (B).
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3.2.7.2 Limma-based synergy analysis

A recently published limma-based synergy analysis method was employed next. Additive logFC
calculated as in the abovementioned regression-based model. Then synergy groups were
identified with the threshold calculated using the mean standard error in treatment groups (Figure
3.19A). more.up and more.down groups corresponded to the synergistic groups, whereas
less.down and less.up groups were antagonistic. Genes altered at least in one of the three treatment
groups were investigated given the threshold; most of the genes were additive (n = 2607), and
1868 of them were antagonistic (Less up; n= 703, less down; n= 1165), while only 1076 (More

up; n= 446, more down; n=630) genes were synergistic (Figure 3.19B).
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Figure 3.19 Limma-based synergy analysis results. Scatter plot of calculated additive logFC and
combinatorial logFC for genes altered at least in one group (A). Waterfall plot of the genes in A

(B). Boxes are proportional to the gene number, indicated inside the boxes.

Hierarchical clustering with a heatmap representation was used to understand the gene expression
pattern better (Figure 3.20). Accordingly, in the more.up (synergistic) cluster, most genes were

downregulated by sSiCHRNADS and upregulated by siTP53.
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Figure 3.20 Hierarchical clustering and heatmap representation of the synergy clusters for genes
altered in at least one group. Gene clusters are marked with different colors in the cluster row
legend while logarithmically transformed expression fold changes (logFC) indicate an increase

with red and a decrease with blue colors.

3.2.8 Pathway enrichment analysis of synergy groups
KEGG enrichment analysis was performed for each synergy group using clusterprofiler in R; and

the results were detailed below.
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3.2.8.1 DNA damage repair gene expression was downregulated less in the combinatorial
treatment.

The genes in the less.down synergy group were downregulated with siCHRNA5 and the

combinatorial treatment mostly (Figure 3.20). However, there was a cluster of genes that were

upregulated with siTP53. Those genes were downregulated less than the expected outcome

suggesting an inhibitory interaction between the individual siRNAs when combined. DNA

replication and DNA repair-related pathways were found as enriched with the less.down genes

(Figure 3.21). This finding further supported the hypothesis that functional TP53 was required

for the siCHRNADS profile, at least partially.
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Figure 3.21 KEGG pathway enrichment analysis results for genes less downregulated in the

combinatorial treatment when compared to the expected (additive).

Next, transcription factors enriched for these genes were analyzed using ChEA3 and DoRothEA
(Figure 3.22). Integrated mean ranks for the top 10 enriched TFs were plotted. FOXM1, CENPA,

a target of FOXM1, E2Fs, and TFDP1, E2F coactivator, were among the highest-ranked TFs. In
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accord with that, E2F and MY C targets in DoRothEA were overrepresented among the less.down

genes.
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Figure 3.22 Transcription factor overrepresentation analysis of the less.down cluster using
ChEAS3 (A). The top 10 TFs ranked according to integrated mean rank were plotted. Transcription
factor overrepresentation analysis of all synergy clusters using DoRothEA (B). The sizes of the

balloons correlate with the number of targets found in given synergy cluster.
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3.2.8.2 G2/M cell cycle control genes were upregulated more in the combinatorial
treatment.

In the more.up synergy group, many genes were downregulated with sSiCHRNADS yet upregulated

in both siTP53 and combinatorial, suggesting an overwhelming effect of siTP53 over sSiCHRNAS

for those genes (Figure 3.20). Interestingly, chromosome segregation and cell division related-

pathways were enriched, suggesting a possible alteration in G2/M transition (Figure 3.23A). In

accord with that, TF overrepresentation analysis showed that similar TFs were enriched in the

more.up and the less.down clusters (Figure 3.23 B).
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Figure 3.23 KEGG pathway enrichment analysis results for genes more upregulated in the
combinatorial treatment when compared to expected (additive), where the circle size is correlated
with number of genes found in the terms (A). Transcription factor overrepresentation analysis

cluster using ChEA3, where the bars indicate the enrichment score (B).

Since FOXM1 and E2F1 appeared in both clusters, the expression levels of their targets were
further analyzed (Figure 3.24). The regression analysis revealed that the overall behavior of E2F

targets was antagonistic. E2F1 targets in the less.down cluster were downregulated with

87



SiCHRNAS and not altered with siTP53, while E2F1 targets in the more.up cluster were

upregulated with siTP53, potentially indicating the involvement of other coregulators’, i.e.,

TFDB1, which was also overrepresented only in the less.down group. As E2F1, FOXML targets

were mostly downregulated with siCHRNAS5, yet a subset of them was reversed in the

combinatorial treatment.
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Figure 3.24 Regression analysis between additive logFC and combinatorial logFC and the

heatmap representation of hierarchical clustering of the targets of E2F1 (A) and FOXML1 (B).



3.2.9 Transcription factor enrichment analysis

Transcription factor enrichment analysis using DoRothEA and the viper algorithm revealed that
the top five TFs enriched in the combinatorial treatment were altered in the same direction yet to
a lesser extent compared to additive. ESR1 and its important coregulator JUN were positively
enriched in all three groups (Figure 3.25A). As overrepresentation analysis for synergy groups
suggested, E2F targets were negatively enriched in siCHRNAS while positively in siTP53 and

combinatorial treatments (Figure 3.25B, C).
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Figure 3.25 Transcription factor enrichment analysis was performed using the DoRothEA data
and the viper algorithm. The top five transcription factors were plotted for treatments indicated
by different colors, i.e., combinatorial (green) (A), SICHRNAS (yellow) (B), and siTP53 (red)

(C). The significance threshold (0.05) was represented with a red vertical line on plots, where
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horizontal blue lines show the treatments p-value corresponding to the TF activity shown by a

bar.

3.2.10 siTP53 antagonizes with siCHRNADS in response to DNA damage-inducing
drugs.
Since targets of FOXM1 and E2Fs were altered differentially with sSiCHRNAS and siTP53, the
expression levels of their regulators, PLK1 and pRB, respectively, were investigated at the protein
level (Figure 3.26). pRB decreased with siCHRNAS and exhibited a decreasing pattern with
siTP53 as well as in the combinatorial treatment. Also, essential cell cycle proteins CDK2 and
CCND1 were downregulated in the combinatorial treatment. CDKN1A levels increased with
siCHRNAJS and decreased with siTP53 in the combinatorial treatment. CHEK1 level decreased
in sSiCHRNAD, and its expression was rescued to a certain degree in the combinatorial treatment.
BAX/BCL2 ratio, an indicator of apoptosis, decreased in the combinatorial treatment when

compared to the sSiCHRNAS alone treatment.
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Figure 3.26 Western Blot analysis of selected cell cycle-related proteins in sSiCHRNAS and/or

SiTP53 treatments.

3.3 Part 3. CHRNAGS and estrogen

3.3.1 Primary and secondary targets of estrogen in TCGA dataset.

3.3.1.1 Primary estrogen targets are strictly defined via analysis of three different
datasets.

Publicly available two ChlIP-seq (GSE117941 and GSE14664) datasets for ESR1 binding and a
GRO-seq (GSE27463) dataset for newly transcribed mRNAs upon E2 treatment for 40 min were

analyzed to obtain a consensus for the primary targets for ESR1. Genes significantly
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altered/enriched in all three datasets were considered primary targets for the rest of the study

(Figure 3.27; n =722).

GSE14664 GSE117941

GSE27463

Figure 3.27 The Venn diagram representation of two Chip-seq and one GRO-seq datasets were
analyzed to identify ESR1 primary targets. The numbers indicate the common and shared primary

targets followed by percentage of them in the parentheses.

Secondary targets were identified with the methods developed in our lab previously, as described
in Shehwana et al. (2021). The publicly available GSE8597 dataset consisted of microarray data
for MCF7 cells treated with E2 with or without cycloheximide (CHX) used in this method. E2
and E2 + CHX treated samples were normalized with their control groups, EtOH vehicle and
CHX treated samples, respectively. Since CHX inhibits protein translation, the difference
between E2 only and E2 + CHX groups, called Predicted Secondary (PS) score, can unveil the
secondary targets. Therefore limma analysis was performed between E2 and E2 + CHX treated

samples after normalization with their respective control groups. Genes upregulated significantly
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in E2 treatment only ( adj. p-value <0.05 and logFC > 0.5) and with a PS score above the threshold

(‘adj. p-value <0.05 and PS score > 0.5) were identified as secondary targets (n=446).

3.3.1.2 TCGA data analysis

PCA analysis of the expression levels of the primary and secondary targets of ESR1 in the TCGA
breast cancer dataset revealed that the secondary targets were more tightly clustered when
compared to the primary targets (Figure 3.28). A group of primary targets was clustered closer
to secondary targets while the rest were dispersed through the PC1 and PC2 axis, implying
differential expression of primary targets. Primary targets were more variable than the secondary

and could be distinguished across both PC1 and PC2 into groups.
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Figure 3.28 PCA analysis of expression levels of primary and secondary targets of E2 in TCGA

breast cancer dataset.

Moreover, pairwise Spearman's correlation coefficient between each primary and secondary
target was calculated. Hierarchical clustering and the heatmap representation of the coefficients

further supported that secondary targets formed a tight cluster while primary targets were more
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dispersed (Figure 3.29). Interestingly, secondary targets exhibited a negative correlation for the

majority of the primary targets.
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Figure 3.29 Hierarchical clustering analysis of the pairwise correlation between primary and
secondary targets of estrogen. Correlation matrix is represented by red and blue, for positive and

negative correlation values.

To further understand the expression dynamics of E2 targets in different breast cancer subtypes,
the scaled expression levels of them were visualized through a heatmap (Figure 3.30). In accord
with the PCA and coexpression analyses, the majority of the secondary targets were clustered
together. The second cluster was mainly primary targets, while the third cluster consisted of both
primary and secondary targets. ER-negative/basal patients formed a set where secondary target
expression was higher, where expression levels of the primary target were relatively low.
Interestingly, the ER-positive luminal B subtype exhibited a similar expression pattern with the
ER-negative/basal subtype and the HER2 subtype in the context of E2 target expression. Normal
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and Normal-like patients were clustered together with a cluster of Luminal A exhibiting lower
expression of cluster 1 and higher that of cluster 2. Subtypes and ESR1 status failed to explain
the other patient clustering, implying that other modulators may be involved in E2 target

expression.
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Figure 3.30 Heatmap of scaled expression values of ESR1 primary (orange) and secondary (blue)
targets across TGCA breast cancer dataset labeled with ESR1 status, tissue, and subtypes.

Correlation matrix is represented by red and blue, for positive and negative correlation values.

3.4 siCHRNAS modulates estrogen targets.

3.4.1 siCHRNAGS exhibits a negative correlation with E2 treatment.
I next analyzed the alteration in expression levels of primary and secondary targets of E2 in the
siCHRNAD profile (Figure 3.31). Primary targets with a negative PS score were upregulated in

the siCHRNAS treatment while the ones with positive PS scores were more likely to be
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downregulated. E2 signaling was modulated with feedback inhibition through secondary
signaling. Primary targets with negative PS scores were those subjected to negative inhibition,
while the ones with positive PS scores further activated through secondary signaling. sSiCHRNAS
treatment also downregulated the secondary targets. SiCHRNADS exhibited a similar expression

pattern with the starvation dataset and an opposite one with theE2 treatment (Figure 3.31).
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Figure 3.31 Change in the expression levels of primary and secondary targets in the SiCHRNAS,

E2 treatment, and the starvation profile.

(This image was reproduced with the licence I1D: 5161460968853 from Shehwana, H., Keskus, A.G.,
Ozdemir, S.E. et al. CHRNADS belongs to the secondary estrogen signaling network exhibiting prognostic
significance in breast cancer. Cell Oncol. 44, 453-472 (2021). https://doi.org/10.1007/s13402-020-00581-

X.)

The Spearman's correlation coefficient between CHRNAS and every other gene was calculated
for the TCGA breast cancer dataset. The comparison between the siCHRNAS profile and the
TCGA coexpression profile revealed that the secondary targets downregulated with siRNA
treatment were also positively correlated with CHRNAS (Figure 3.32). A negative correlation
was found between the correlation coefficient of CHRNADS and every other gene and sSiCHRNAS
profile (r = -0.44, p = 2.2e-16). In accord with that, regression analysis calculated the slope as -

0.91 (p-value = 0.37, compared to -1), implying a correlation coefficient that could predict the
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outcome of siCHRNAGS treatment yet with relatively low R squared (0.22). However, primary

targets exhibited a more dispersed pattern.

1.0

0.5
-
[ =
2
8
E ER target
g 0.0 primarytarget
S secondarytarget
5 * both
[
S
(3}
-0.5

-1.0

-2 0 2
siCHRNAS logFC

Figure 3.32 Scatter plot of pairwise correlation coefficient and siCHRNAS logFC values in

TCGA breast cancer dataset.

3.4.2 siCHRNAS5 modulates estrogen targets in a time and dosage-dependent
manner.
For the validation of the microarray results, ER-positive MCF7 cells were treated with 10nm,
20nm, and 50nm of siCHRNAJS for 72h and with 10nm for 120h (Figure 3.33). The expression
changes for the selected primary and secondary targets were profiled via qPCR. All selected
secondary targets except AREG, identified as a primary target in only two of the datasets (Figure
3.27), were downregulated in response to sSiCHRNADS independent from the dose and the time.
Primary targets with higher PS scores, i.e., MYBL1, TFF1, and DTL, were also downregulated.
All primary targets with negative PS scores were upregulated in 72h treatments in a dose-

dependent manner, yet not altered in 120h of treatment.

98



; “ l H ' I ChipSeq

¥ PS
-:': = Microarray ChipSeq
50nm ESR1 binding
no binding
50 PS
nm 2
20nm l1
0
20nm
| o 1
10nm ._2
Micrgarray

10nm

120h

— 120h
o w 8 a8 g 4 w J = 0O E X m
e x X § & § £ E @ w o I z
< E [a) (__)l s o E
E 2
IoiIReIative Exiression)
-4 -2 0 2 4

Figure 3.33 gPCR results for selected primary and secondary targets of ESR1 in response to
SiICHRNAS in time- and dose-dependent manners. MCF7 cells were treated with different
concentrations of SiCHRNADS for 72h (10nm, 20nm, and 50nm) and a single concentration for
120h (10nm), and indicated as row legends. ChipSeq, PSscore and microarray logFC values for

genes were shown with colors as column legends.

(This image was reproduced with the licence ID: 5161460968853 from Shehwana, H., Keskus, A.G.,
Ozdemir, S.E. et al. CHRNADS belongs to the secondary estrogen signaling network exhibiting prognostic

significance in breast cancer. Cell Oncol. 44, 453-472 (2021). https://doi.org/10.1007/s13402-020-00581-

X.)
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3.5 Part4. CHRNAS5 miRNA expression

3.5.1 siCHRNADS downregulates the 14931.32 miRNA family.

In previous studies performed in our lab, CHRNA5 was successfully downregulated in both
MRNA and protein levels through three different siRNAs (Cingir-Koker et al., 2018). The
transcriptomic effects of SiCHRNADS were profiled through microarrays, and the results suggested
alterations in key pathways, including TP53 and estrogen signaling. Later on, in order to further
discover the regulatory factors involved in the SiCHRNAS profile, miRNA transcriptome was
profiled through the microarray, and the selected miRNAs were investigated (Basak Ozgiirsoy,
Sahika Cingir-Koker, Rafet Said Tiryaki; TUBITAK 114S367). The hypothesis was that
siCHRNAS could affect mRNA profile via its effects on miRNAs since there were significant

number of miRNA targets was observed (Ermira Jahja, 2018).

Chromosomal enrichment analysis of our miRNA microarray results performed with sSiCHRNAS
revealed that downregulated miRNAs belonged to a miRNA cluster located on chromosome 14,
namely 14931.32 miRNAs (Figure 3.34). The downregulation for those selected miRNAs were

validated by Basar Ozgiirsoy, Sahika Cingir-Koker and Said Tiryaki.
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Figure 3.34 Volcano plot of miRNA microarray results. The x-axis refer to the logarithmically
transformed expression fold changes in response to sSiCHRNAS while the y-axis indicates the
significance levels. The dots plotted, each refer to a miRNA, colored according to their direction
of change while the closed circles indicate 14931.32 cluster members.
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3.5.1.1 14931.32 miRNA family targets were enriched with the term estrogen signaling.

Enrichment analysis for targets using the miEAA tool and mirpathDB revealed that the top two
enriched pathways for experimentally validated and/or predicted targets of 14g31.32 miRNA
cluster were relaxin and estrogen signaling pathways (Figure 3.35A). In the network
representation of the enriched pathways in which edge weights, node size, and node color
represented numbers of shared miRNAs, the number of miRNAs, and the enrichment score,

respectively, relaxin and estrogen signaling pathways shared a high number of miRNAs (Figure

3.35B)
A Relaxin signaling pathway - i 5
Estrogen signaling pathway - . 25
Thyroid hormone signaling pathway
TNF signaling pathway - * 2.0
TGF-beta signaling pathway 4
5 Maturity onset diabetes of the young . 1.5
E Insulin resistance
E Influenza A -
o Human immunodeficiency virus 1 infection 1 Observed
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E Cholinergic synapse * 10
Bladder cancer - ® 15
Apelin signaling pathway 4 ® 20
Aldosterone-regulated sodium reabsorption1 @
Inflammatory bowel disease 1BD 1 @ . 25
Chagas disease American trypanosomiasis 1! ! I I I ! . 30
14 15 16 A7 1.8 . 35
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Figure 3.35 Functional analysis of 14931.32 mirna cluster. KEGG pathway enrichment analysis

of 14931.32 miRNA cluster targets (A). Network of enriched KEGG pathways in which edge
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weight represents common miRNAs between nodes and node size represents the number of

miRNAs (B).

3.5.2 14931.32is a highly co-expressed miRNA cluster in TCGA and METABRIC

datasets.

3.5.2.1 14931.32 miRNA cluster members are coexpressed

The 14931.32 miRNA cluster has been shown to be coregulated/coexpressed in various contexts,
including breast cancer (Gonzalez-Vallinas, et al., 2018; Hoppe, et al., 2016; Uppal, et al., 2015).
I have investigated their expression levels using the two largest breast cancer patient cohorts, i.e.,
TCGA and METABRIC. The RSEM normalized miRNA expression values for the TCGA BRCA
dataset and miRNA microarray results of the METABRIC dataset were obtained from Firebrowse
and Expression Atlas. The pairwise correlation coefficient between each miRNA from the
14931.32 miRNA cluster was calculated for each dataset. Although their expression level was
variable, the 14931.32 miRNA expression was highly correlated with each other in both datasets
except miR-494 and miR134, which were negatively correlated in the METABRIC dataset
(Figure 3.36). The mature and pre-miRNA expression levels were concordant in the TCGA

BRCA dataset.
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Figure 3.36 The pairwise correlation coefficient between 14931.32 miRNA cluster miRNAs in
TCGA (A) and METABRIC (B) datasets. Nodes were colored according to the correlation

coefficient, if positive it was colored shades of blue and if negative those of red.
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3.5.2.2 The composite 14932.31 miRNA expression is lowest in Luminal B and Basal
subtypes.
Since miRNA expression was highly correlated with each other, the 14932.31 miRNA expression
score for each patient was calculated. According to my previous findings, the miRNA expression
level varied between the miRNAs in this cluster. Therefore, in order to prevent a bias toward the
highly expressed miRNAs, a z-score based scoring metric was employed. The 14932.31 miRNA
expression score was found to be significantly lower in tumor samples than in solid normal breast
tissues and also between tumor-normal pairs (Figure 3.37A-B). Enrichment analysis with
mMiRNA targets using the miEAA also implicated the estrogen signaling. Therefore | compared
the ESR1 protein expression level with 14932.31 miRNA expression score. Our findings revealed
a negative correlation in the luminal A subtype (Figure 3.37C). Next, the expression levels of the
14932.31 miRNA cluster were further examined in different breast cancer subtypes. The
14932.31 miRNA expression score was the lowest in luminal B and basal subtypes, whereas
Normal-like patients exhibited the highest expression which may indicate involvement in breast

cancer differentiation (Figure 3.37D).
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Figure 3.37 The 14932.31 miRNA expression score in all (A) and paired (B) normal and tumor
samples in the TCGA BRCA dataset. The 14932.31 miRNA expression score compared to ESR1
protein levels in TCGA dataset (RPPA: Reverse-phase protein array). Luminal A samples were
labeled, and Spearman's correlation coefficient with the p-value was reported on plot (C). The
14932.31 miRNA expression score in breast cancer subtypes. Significantly different subtypes

were represented above each group (p < 0.05). Samples were colored according to the subtype

(D).

3.5.2.3 Methylation and copy number alteration levels of MEG3 and DLK1 differ with
ER status in BRCA.
The 14931.32 region, also called DLK1-MEG3 region, is a maternally imprinted region and

coregulated with DLK1 and MEG3. In RNAseq results, both MEG3 and DLK1 were
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downregulated in response to sSiCHRNA5 (MEGS3; logFC = -5.16, FDR adj. p-value =0.019,
DLK1; logFC = -3.19, FDR adj. p-value = 0.006). The primary regulatory mechanism of this
region has been reported as the methylation of the DLK1-MEGS3 region located upstream of the
14931.32 miRNA family (Gardiner, et al., 2012; Sellers, et al., 2019; Zhu, et al., 2019). My
previous analysis suggested the differential regulation of 14932.31 miRNA family in between
ER-positive and ER-negative patients. Therefore, | next investigated the methylation and copy
number alterations (CNA) of DLK1 and MEG3 in ER-positive and ER-negative patients in the
TCGA dataset (Figure 3.38). The CNA and the methylation score of DLK1 and MEG3 were
obtained through cbioportal.org. In accord with previous reports, CNA for DLK1 and MEG3 was
the same, and 48.8% of the ER-negative patients had a DLK1-MEG3 deletion, whereas it was
only 22.4% for the ER-positive patients (Figure 3.38A, C). The percentage of amplification was
similar in ER-positive and ER-negative patients. | also found that methylation levels of MEG3
and DLK1 were significantly higher in ER-negative patients. Together with previous findings,
these results indicate a possible interaction between estrogen signaling and the 14g32.31 miRNA

family and its chromatin regulators.
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Figure 3.38 Analysis of DLK1 and MEG3 copy number alteration (CNA) and methylation status.
MEG3 (A, B) and DLK1 (C, D) in ER-positive and ER-negative patients. Student t-test results
were reported on B and D. In A and C, stacked bar plots show the percentage of patients with a
given chromosomal alteration shown in the legend while in B and D, boxplots with 95%

confidence interval are plotted for methylation values of different subtypes.

3.5.3 DLK1 expression does not change with E2 treatment in breast cancer cell
lines.

Since in silico results suggested a regulatory role for E2-ESR1 signaling on the expression of

14g32.31 miRNA cluster, | examined the change in the expression level in DLK1 in E2-treated

breast cancer cell lines (Figure 3.39; in cooperation with Sila Ozdemir and Damla Gunes). The

decrease in the DLK1 expression level was demonstrated in sSiCHRNADS treated MCF7 cells

validating the usage of DLK1 as the representative regulator of the 14932.31 miRNA cluster

(Figure 3.39A). DLK1 expression however, did not change in response to E2 treatment for 24h
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except for ZR75 indicating DLK1 expression may require co-regulatory factors in addition to E2

hence possibly requiring longer exposure times (Figure 3.39B).
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Figure 3.39 The change in the DLK1 expression level in response to SiCHRNAS in MCF7 cells

(A) and E2 in ER-positive MCF7, T47D, and ZR75 and ER-negative CAL51 cell lines (B)

3.5.4 miRNA-mRNA networks of selected 14g31.32 miRNA cluster members
suggest possible cooperation and inhibition between miRNAs.
Since 14932.31 miRNA targets were enriched in the estrogen signaling pathway, | next analyzed
the miRNA-target network with the 14g32.31 miRNA family and their experimentally validated
targets obtained from miRNET. Previously defined estrogen targets (see Chapter 3.3) were used.
Network analysis showed that 14g32.31 miRNAs shared targets and formed a single extensive
network (Figure 3.40, Table 3-1). miR-495-3p, miR-329-3p, and miR-432-5p exhibited the
highest closeness and betweenness score (Table 3-1). The network was overlayed with the logFC
values from the siCHRNAGS profile in the microarray data, and larger nodes represented ESR1
targets. The distribution of up and downregulated targets was similar for miRNAs; however,
miR495-3p emerged as a good candidate with its high network metrics as well as the number of

ESR1 targets among its targets.

108



Sl <
S o
.
¢ R
3 -
-
S - e
hspfiegga o nsa-MmiES -5 LN
- > - ™ ¢ e < .-a _
. Pt Z N5 MiE4 ¥ -50
- = L - | e
- hsa-me7 58-3p
e ‘.
- AT, 2 z
- Thse-mirSe1-3n w 3
. hsa-micd 27,30 {5 % ‘-'“ u 5 A = - Ao
= SRS Dsanir-1185-1-30” - o saneiiiskd 93-3p
Nsa-Mi440-3p . - A p B { nsa-mips37-5p 355
e .." s - - o WL - - = - ot E
® - ..‘_ - o e "3 oy e -~ 4 ." 7
" o [ n g ._.. » .- =5 JSa-MNsAEG-50
hsaZmig34-5p L - TeanwdETDIp, T - o -
T & Rl i s R Py nsEmne0o3p T
B L - W e S - ok v
--" hsamr-145-2-3p sim, -
- “omE_ s %t meamisSaan
- - Row.
-5 nea-misaBTa-3p. y
- » - - 5,
- - - * - Ko
= m e - i . . v -
hs i -S4 B e e e pe o= ® o
e e : bimitats i
3 --'V - V-." «LIN <
.. o Lo i hea-Migsanp Faute
" g hsa-fesadl-6p A R ”
nsw'm‘&-sp o e
AR Y £
v - n.
- L) hsa-mirs823a-3p
£ “»
T

w .
hsaemir 876a.3p
“ o=
- .

nwt;;_:mp ;
Figure 3.40 The miRNA — Target network for 14932.31 miRNA family miRNAs and their
experimentally validated targets. The network was overlayed with logFC values from siCHRNAS

microarray data (red, upregulation; blue, downregulation), and larger nodes represented primary

and secondary ER targets.

Table 3-1 Network metrics for miRNA-mRNA network

node_name Degree Closeness Betweenness
hsa-mir-495-3p 386 693.5 668548.0654
hsa-mir-329-3p 176 566.85 285356.7804
hsa-mir-382-5p 153 540.58333 189195.7576
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hsa-mir-432-5p 148 541.91667 197339.8168
hsa-mir-376¢-3p 132 536.16667 186206.6338
hsa-mir-433-3p 132 529.4 177099.2785
hsa-mir-410-3p 95 511.66667 125398.4278
hsa-mir-493-3p 90 505.5 124957.3151
hsa-mir-654-3p 80 490.65 106552.749

hsa-mir-543 80 502.58333 99136.90778
hsa-mir-411-5p 79 496.9 114738.9369
hsa-mir-493-5p 78 503.5 108628.3083
hsa-mir-376a-3p 76 495.51667 81262.92984
hsa-mir-381-3p 67 490.46667 79198.91638
hsa-mir-379-5p 64 484.76667 80284.64705
hsa-mir-758-3p 63 486.73333 75920.6833

hsa-mir-134-5p 61 484.9 76478.88489
hsa-mir-487a-3p 58 485.13333 45192.15167
hsa-mir-370-3p 57 482.61667 81936.41654
hsa-mir-409-3p 57 486.33333 78915.45324
hsa-mir-431-5p 55 486.08333 88255.2506

hsa-mir-1185-1-3p | 54 480.21667 31321.2146

hsa-mir-1185-2-3p | 54 480.21667 31321.2146

hsa-mir-323a-3p 53 482.33333 56037.43425
hsa-mir-154-3p 40 471.55 19227.6601

hsa-mir-127-3p 32 444 30647.1171

hsa-mir-487b-3p | 30 452.91667 25988.78621
hsa-mir-337-5p 12 380.63333 13974.26225
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3.5.5 The miR409-3p transcriptome in the presence or absence of SICHRNADS is
profiled.
Since there was an intense alteration in miRNA expression levels in response to siCHRNAS
treatment, we next treated MCF7 cells with miRNA mimics to understand the roles of miRNAs
in sSiCHRNADS transcriptome further. Previously Basak Ozgursoy and Mehtap Yilmaz optimized
the miRNA mimic application as 10nm in MCF7 cells. Sahika Cingir-Koker and Said Tiryaki
successfully had increased the miR-495-3p and miR376a-3p expression levels in MCF7 cells
using miRNA mimics (Sahika Cingir-Koker, Ph.D Thesis,2019, Rafet Said Tiryaki, Ph.D Thesis,
2019). They profiled miRNA mimic transcriptome along with their combinatorial treatment

SiCHRNADS using microarrays.

miR-409-3p has also emerged as a strong candidate since it is the second most downregulated
mMiRNA, while its mean expression level was one of the highest among 14932.31 miRNAs.
Therefore, | treated MCF7 cells with 10nm miR409-3p mimics with or without SICHRNADS in
duplicates. The downregulation of SiCHRNAS5 and upregulation of miR409-3p were validated
through qPCR (Figure 3.41). RNA quality of samples was measured with RIN and biological

replicate with the best RIN value sent for the microarray.
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Figure 3.41 gPCR validation of miR409-3p mimic treatment with or without SICHRNAS. Mean

AACT (+SD) was reported. One-way-ANOVA results were shown on plots.
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3.5.6 miR495-3p acts antagonistically with siCHRNAS in secondary estrogen
targets.
The microarray results of miRNA mimic treated MCF7 cells were analyzed for each miRNA
separately and normalized using the rma function from the oligo package. Their transcription
profiles were compared with the sSiCHRNAGS transcriptome through hierarchical clustering and
pairwise correlation analysis (Figure 3.42A, B). Accordingly, samples treated with sSiCHRNAS
along with miRNA mimic were clustered together with the SICHRNAS alone group and exhibited
a high correlation coefficient. All miRNA mimics had a positive correlation with their
combinatorial group yet to a lesser degree compared to siCHRNAS, implying a relatively
dominant effect of SIiCHRNAS. miR495-3p was the only miRNA mimic group showing a positive

correlation with SICHRNAS.

miR495-3p expression profile exhibited a positive correlation with its combinatorial treatment for
both primary and secondary targets of estrogen. | next employed the synergy analysis methods
described in Chapter 3.2 separately for primary and secondary targets of ESR1. Regression-based
synergy analysis for primary targets showed that the regression coefficient was lesser than 1,
indicating an inhibitory interplay between siCHRNAS and miR495-3p. Accordingly, 240 primary
targets were found to be altered in sSiCHRNADS treatment, while only 138 of them, 113 in the same
direction and 25 in the opposite direction, were changed in combinatorial treatment. The limma-
based synergy method was used to understand further the nature of the interaction between
SiCHRNAS and miR495-3p. The effect was additive for the majority of the primary targets
(43.5%, n=174), whereas 119 (29.8%) were upregulated less and 60 (15%) were downregulated
more than expected. Heatmap representation helped digest the behavior of each cluster further.
Primary targets downregulated more were the genes altered in the opposite direction in individual
treatments. Except for a small cluster in the more.down group, primary targets upregulated in

siCHRNAS were also upregulated in combinatorial treatment.

We have previously found that sSiCHRNAS5 downregulates secondary targets of estrogen (Chapter

3.2, Huma Shehwana, Ph.D. Thesis, 2018). Remarkably, the secondary targets of estrogen were
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also downregulated in miR495-3p and so in combinatorial treatment. The regression analysis
between miR495-3p and the combinatorial treatment showed that the slope was not statistically
different than 1 (slope =1.01, intercept = -0.242). The regression analysis results indicated the
downregulation of siCHRNAS5 enhanced the effect of miRNA mimic on the downregulation of
the secondary targets of estrogen signaling with 0.242 fold. However, the effect of SiCHRNAS
on secondary targets was more potent than the calculated intercept. Therefore, the interplay
between siCHRNAS and miR495-3p was predicted as antagonistic. In accord with that, the
limma-based synergy analysis revealed that most of the secondary targets were downregulated
less than expected (71.8% n= 304), while only 105 (24.8%) were additively affected. Synergy
analysis showed that combinatorial treatments were more efficient compared to individual
treatments yet to a lesser degree than expected, indicating partial inhibition between miR495-3p

and SiCHRNAJS.
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Figure 3.42 Microarray analysis of the mimic treatment for selected miRNAs with or without
siCHRNAJS. Heatmap representation of the hierarchical clustering of the expression of the genes

significantly altered in SiCHRNADS treatment (A). Pairwise correlation analysis between logFC
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values from miRNA mimics and their combinatorial treatments (B). The significant correlation
coefficients were reported (p < 0.05). Regression analysis for primary and secondary targets of
ESR1 between miR-495-3p and combination treatment with sSiCHRNAS (C). Synergy analysis
between siCHRNAS5 and miR-495-3p mimic treatment (D). Dot plot representation of the
distribution of primary and secondary targets in synergy groups (E). Heatmap representation of

primary targets (F) and secondary targets (G) altered in at least one group.

3.5.7 miR409-3p acts synergistically with sSiCHRNADS in primary estrogen targets.
On the other hand, miR409-3p exhibited a positive correlation with its combinatorial groups for
primary targets of estrogen signaling. Regression analysis between miR-409-3p and
combinatorial treatment revealed that the regression line was not significantly different from the
x=y line (Figure 3.43, slope = 0.985, intercept = 0.006), indicating either the SICHRNADS effect
on primary targets was too low or miR409-3p inhibited it. The limma-based synergy analysis
showed that 246 (62.1%) primary targets were affected additively in the combinatorial treatment.
Hierarchical clustering with heatmap representation was employed to understand the nature of the
additivity. Accordingly, only a small cluster (n=32) was altered in both treatments, and for the
rest of the genes, the effect of individual treatments was preserved in combinatorial treatment.
The results of the synergy analyses suggested the additivity between the two treatments was

through separate pathways.

Regression analysis for secondary targets showed the slope between miR409-3p and its
combinatorial treatment was not significantly different than 0 with the intercept -0.511,
suggesting a minimal effect of miR409-3p on secondary targets. 240 (59.2%) secondary targets
were additively affected, whereas 108 (26.6%) were downregulated more in combinatorial
treatment compared to expected. Interestingly the majority of the secondary targets were either
upregulated with miR409-3p treatment yet to a lesser degree. In the additive cluster, the potency

of SIiCHRNADS was partially inhibited with miR409-3p.

The effect of miR-376a-3p on estrogen receptor targets was less pronounced than miR-495-3p or
miR-409-3p.
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Figure 3.43 Regression analysis for primary and secondary targets of ESR1 between miR-409-
3p and combination treatment with sSiCHRNAS (A). Synergy analysis between siCHRNAS5 and
miR-409-3p mimic treatment (B). Dot plot representation of the distribution of primary and
secondary targets in synergy groups (C). Heatmap representation of primary targets (D) and

secondary targets (E) altered at least one group.

3.5.8 miR495-3p exhibits a negative correlation with the E2 profile.

Since primary and secondary targets of ESR1 were differentially modulated with miRNA mimics
and/or their combinatorial treatment, | next analyzed two public datasets (GSE35428 and
GSE117942) in which MCF7 cells were treated with either E2 or selective estrogen receptor
modulators (SERMs) for 24h. miRNA mimic, siCHRNADS, and their combinatorial treatment
transcriptome were compared with those (Figure 3.44). As synergy analysis suggested, miR495-

3p exhibited a negative correlation with E2 and a positive one with SERMs. Fulvestrant (ICl)
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reported to be 95% antagonist of E2 had the highest correlation with the miR495-3p profile. On
the other hand, miR-409 positively correlated with the E2 profile and negatively with SERMs.
Interestingly, secondary targets were downregulated with SERMs except for Tamoxifen and

upregulated with E2.
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Figure 3.44 Comparative analysis of selective estrogen receptor modulators (SERMs) and
siCHRNAS5 and miRNA mimic transcriptomes. Heatmap representation of clustering analysis
between logFC values of primary and secondary ESR1 targets in SERMs and miRNA mimic
treatments with or without SIiCHRNAGS (A, C) and pairwise correlation analysis between samples

in A and C respectively (B, D).
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3.5.9 miR-495-3p differentially regulates early and late response targets

In silico analysis revealed that the response of secondary targets was more consistent than that of
primary targets. Therefore, the expression profile of primary targets was further examined through
time-course transcriptome datasets for the E2 response in MCF7 cells. The increase in the
expression levels of primary targets started at 3hr (n =144), and the number of genes upregulated
increased over time; additional 56 genes at 6hr and 25 genes at 12h were induced (Figure 3.45).
Interestingly, transcriptional repression became more apparent at 12h (n=213), in which 40 of
them were upregulated by miR-495-3p, while only seven were downregulated. SICHRNAS and
miR495-3p treatment changed the expression of those primary targets in the same direction, yet
not additively including CXCL12 and CYP1B1. Among the early response primary targets

(n=144), 52 were upregulated, and 15 were downregulated by sSiCHRNAS.
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Figure 3.45 Time-course expression changes in primary and secondary targets in response to
estrogen treatment for 3hr, 6hr, and 12hr in miR-495-3p (A, C, E) in miR-495-3p + siCHRNAbS

(B, D, F), respectively.

In silico analysis showed that miR409-3p positively correlated with E2 and negatively with
SERMs. In accord with that miR-409-3p and E2 profile was positively correlated in 3h of E2
treatment (r = 0.27, p < 2.2e-16) and remained significant for 6 and 12h treatments (r = 0.21, p <
2.2e-16). miR-495-3p and miR-409-3p was negatively correlated for primary targets altered in

either of the mimic treatments (r = -0.2 p = 0.0002). For example, the early response genes, i.e.,

119



CXCL12 and PGR, were downregulated in miR-495-3p and upregulated in miR-409-3p

treatment.
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Figure 3.46 Time-course expression changes in primary and secondary targets in response to
estrogen treatment for 3hr, 6hr, and 12hr in miR-495-3p (A, C, E) in miR-495-3p + siCHRNAbS

(B, D, F), respectively.

3.5.10 gPCR validation of miR495-3p and siCHRNAGS synergy is performed

Synergy and comparative transcriptomic analysis suggested a possible interplay between

miR409-3p and miR495-3p along with siCHRNADS. Therefore, MCF7 cells were treated with
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individual mimics, their combination with sSiCHRNADS, their combination with each other, and
20nm siCHRNAS (In cooperation with Sahika Cingir-Koker). The microarray results for selected
primary and secondary targets of estrogen were validated through gPCR (Figure 3.47). Heatmap
representation of the hierarchical clustering and the PCA analysis of the gPCR results showed
that miR409-3p clustered together with the sSiCONTROL groups, suggesting limited effectivity
except for PGR. miR495-3p alone and miR495-3p with miR409-3p clustered together, offering a
relatively dominant effect of miR495-3p on selected targets. All other samples with SiCHRNAS

treatment were clustered together.

PGR, an essential primary target, upregulated in miR409-3p and exhibit a downregulation trend
in miR495-3p, and wasn't altered in combinatorial treatment. STON2, a primary target, did not
change in individual treatments yet displayed a decreasing trend in combinatorial treatment.
CXCL12, another primary target, downregulated only in miR-495-3p treated groups and not any
other groups. In accord with previous results, secondary targets were downregulated in miR495-

3p and/or siCHRNADS treated samples.

[T | | | ERTarget T
= E2_3hr 0.2 poft | o,
=] B E2_ehr & FOXRY P18
[ BN B E2_12hr & o ¢ Al | halit
~ miR409-3p_1 a \L 4
1 miR409-3p_2 0.0
SICONTROL_1 pes =
SICONTROL_2 g STON2
miR495-3p_1 £
| mir495-3p + miR409-3p_2  log2(AAC 3
miR495-3p_2 s -0.2
mir495-3p + miR409-3p_1
= SiCHRNA5 + miR409-3p_2 0 'Y
SICHRNA5 (20nm)_1
i SICHRNA5 (10nm)_2 [ 0.4- °,
SICHRNA5 + miR495-3p_2
. SICHRNAS + miR495-3p_1 0.4 0.2 0.0 0.2
SICHRNA5 (10nm)_1 Comp.1 (65.25%)
‘|_E SICHRNAS (20nm)_2
¥ -0 oo SICHRNAS + miR409-3p_1 o siCONTROL » SICHRNAS + miR495-3p
0 Qw5 2 ® SiCHRNAS5 (10nm) © siCHRNAS5 + miR409-3p
e 5z2g0R © miR495-3p © mir495-3p + miR409-3p
- o @ miR409-3p siCHRNAS (20nm)

Figure 3.47 RT-qPCR validation of mirna mimic and siCHRNAS interaction. Heatmap of gPCR
results (logFC) of selected ESR1 primary and secondary targets (A, n=2 per group). PCA analysis
for gPCR results in A shown with two dimensions; treatment groups are indicated by colors as
genes with the vectors on the plot where axes indicate the percentage of the variation explained

by each dimension in parenthesis. (B).
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3.5.11 miR495-3p alters E2F targets.

In order to understand the regulatory mechanism behind miR495-3p transcriptome, protein-
protein interaction (PPI) network for the genes altered with miR495-3p (abs(logFC)>0.5) were
obtained through the String database. The PPl network was reconstructed in Cytoscape and
clustered with Markov Clustering Algorithm (MCL). The largest network consisted of the
downregulated genes, and TF enrichment analysis with iRegulon add-in in Cytoscape showed
that those genes were enriched in E2F targets (Figure 3.48 A). Ingenuity Pathway Analysis (IPA)
with miR495-3p, siCHRNADS, and their combinatorial treatment showed that estrogen-mediated
S-phase entry was the most enriched pathway (Figure 3.48B). E2Fs and their binding partner
TFDP1 were downregulated in combinatorial treatment. The decrease in pRB level in all
treatment groups provides further evidence to inhibition of E2Fs. Cell cycle, DNA replication,

and DNA repair-related pathways were among the top enriched pathways (Figure 3.48C).
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Figure 3.48 The functional analysis of mir495-3p profile. The largest network generated after
MCL analysis of protein-protein interaction network of genes significantly altered in miR-495-
3p treatment (A). Nodes were colored according to miR-495-3p logFC (inside) and miR-495-3p
+ siCHRNADS logFC (border). Triangle represents more up; inverted triangle represents more-
down, and ellipse represents additive results. Canonical pathway results from Ingenuity pathway
analysis (IPA) where top seven pathways enriched in miR-495-3p treatment were shown (B).
Estrogen-mediated S phase entry pathway from IPA analysis colored according to miR-495-3p +

SiCHRNAS logFC values (C). KEGG pathway enrichment analysis of genes in A (D).

3.6 Part5. syneRgy app

3.6.1 Overview of syneRgy app

syneRgy app is a Shiny-based web tool to analyze transcriptomic data to identify the synergistic
and additive interplay between two or more treatments and possible underlying regulatory
mechanisms. Current studies on synergy analysis are based on cell viability and cell toxicity
assays. Although they provide a lead for therapy, the underlying mechanism of the synergistic or
antagonistic behavior remains unclear. Transcriptomic data obtained from individual treatments
and their combinatorial treatment can help uncover; however, there are limited methods to analyze
transcriptomic data in the context of synergy systematically. Therefore, the syneRgy app has been
designed to perform synergy analysis followed by TF enrichment analysis with transcriptomic

data (Figure 3.49).
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Figure 3.49 The flowchart for syneRgy App. Each box represent different modules starting from

the left to right.

3.6.2 Input data

syneRgy app accepts input data in txt and csv formats in which rows are the genes and columns
are either differential expression analysis results or raw count data from an RNAseq experiment
(Stepl in Figure 3.49). For both input types (represented in step 1 in Figure 3.49), data for two
or more treatments and their combinatorial group need to be provided. Input data also must
contain a column with either HGCN gene symbols or Ensembl Gene IDs. In the case of duplicate
gene IDs, the row with the highest total expression value for count data and the row with the

highest number of significant adj p-value for logFC data will be used in later steps.

For RNAseq experiments, only count data is accepted and user asked to provide phenotype
information. In the phenodata, the user is asked to fill a table by matching treatment ID with
column name (Figure 3.50A). Suppose multiple control groups exist, as in the study shown in
Figure 3.50B in which wildtype of TP53/RB1 knockout (vector control) LNCaP cells was treated
with Enzalutamide (DMSO control). In that case, the user also needs to provide the contrast matrix
by labeling treatment samples with "1" and corresponding control samples with "-1" (Figure

3.50B). After constructing the phenodata, syneRgy performs voom transformation followed by
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differential expression analysis with limma for the user-defined comparisons, and additive and
synergy coefficient calculations (For details, please see Methods). syneRgy also performs

diagnostic analysis, i.e., MDS and PCA.

The second option for input data is directly providing differential expression analysis results,
enabling users to analyze data from any platform with any normalization methods. In this option,
the user needs to match column names with logFC and adj. p-value (or any statistics) for each
treatment. syneRgy calculates additive and synergy coefficients with logFC values only;
therefore, adj. p-value for those cannot be calculated in this option (For details, please see

Methods).
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Figure 3.50 The syneRgy app pheno-data panel for studies with single control (A) and in multiple

control (B).
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3.6.3 Synergy analysis

After differential gene expression analysis and additive and synergy coefficient calculations,
syneRgy performs synergy analysis by two different methods as described in methods. | have
used as a case study GSE104917 dataset in which NB1691 neuroblastoma cells were treated with

MDMZ2 inhibitor RG7388, DNA alkylating reagent temozolomide or their combination for 24h.

3.6.3.1 Regression-based synergy analysis: synreg

Regression-based synergy analysis is based on the hypothesis that if the effect of individual
treatments is additive, the outcome of combinatorial treatment needs to be equal to the sum of
individual treatments (Additive). Therefore in combinatorial vs. additive plot, the y=x line
represents the null hypothesis and the regression line fitted is the alternative hypothesis. The
divergence between the two lines represents the overall interplay between individual treatments.

Lower the slope means more antagonistic, and higher means synergistic (Figure 3.51).

y=ax+b

y=cx+d
c<1

Combinatorial logFC
(=]

[ | [

Additive logFC

Figure 3.51 Schematic representation of regression-based synergy analysis. Blue, green and red

lines represent the Additive/Null hypothesis, synergistic and antagonistic responses, respectively.

In the GSE104917 dataset, the slope is 0.7 and statistically different than one, indicating an
antagonistic interplay between RG7388 and temozolomide. In addition to synergy analysis, the

regression-based synergy analysis tab allows the user to perform a regression analysis in any
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chosen two treatment groups. Comparison of individual treatments with their combinatorial
treatment showed that the slope of RG7388 is greater than temozolomide, implying a more

dominant effect of RG7388 over temozolomide (Figure 3.52).
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Figure 3.52 syneRgy app: Regression-based synergy analysis user interface (A). Example
regression analysis results between combinatorial treatment and RG7388(B) and Temozolomide

©.

3.6.3.2 Limma-based synergy analysis

The recently published method has been implemented as a second synergy analysis option in the
syneRgy app. This methodology is based on limma analysis and requires the construction of a

contrast matrix (For details, see Methods). When a count matrix is provided, syneRgy performs
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limma analysis with the contrast matrix generated; otherwise, it calculates only additive and

synergy logFC/coefficients (Figure 3.53).

Treatment 1 Treatment 1
Combinatorial Combinatorial
Additive Treatment 1

Figure 3.53 Schematic representation of limma-based synergy analysis contrasts. Treatmentl,

Treatment 2

Treatment2, and Combinatorial boxes represent the logFC value obtained compared to the control
group(s). The additive is calculated by adding Treatmentl and Treatment2, while Synergy

Coefficient is calculated as the difference between the Combinatorial and the Additive.

Synergy coefficient is defined as the difference between additive, the sum of treatments, and
combinatorial and is used to identify synergy clusters. The interaction is predicted as synergistic
for more.up and more.down genes are while it is antagonistic for less.up and less.down genes.

syneRgy generates summary plots for the synergy analysis (Figure 3.54).

Scatter plot representation shows the synergy groups' overall behavior and helps identify genes
isolated from the rest. In GSE104917, the more.down cluster is smaller, while there are more
genes separated from the bundle in more.up and less.up clusters. The second plot of the limma-
based synergy analysis is a dot plot of the distribution of the genes significantly altered in at least
one of the treatments. The majority of the genes were not changed in temozolomide, but RG7388
and combination. The direction of the change was compatible with each other indicating RG7388
exhibited a more dominant effect in combinatorial treatment. The waterfall plot shows the size of
the synergy clusters. The additive cluster was the largest, and antagonistic clusters were more

extensive than synergistic clusters. Synergy clusters alone cannot provide insights into how
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individual treatments behaved in each synergy cluster. Therefore hierarchical clustering of the

genes in each cluster with a heatmap is necessary. Interestingly, in the more.down cluster, both

RG7388 and temozolomide alter gene expression to a lesser extent compared to other clusters,

and they were more effective
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Figure 3.54 syneRgy app: limma-based synergy analysis results

3.6.4 Transcription factor analysis
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The last step in the syneRgy app is TF enrichment and overrepresentation analysis. For this

module, widely used ChEA3 and DoRothEA data were used.

3.6.4.1 ChEAS3 analysis

ChEAS3 exhibits an extensive collection of TF target data including, Chip-seq data from

ENCODE, ReMap, and literature and coexpression data from ARCHS4 and GTEX. ChEAS3 also
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provides mean rank and top rank as integrative metrics for the datasets used. syneRgy performs

ChEAZ3 analysis on-fly through connecting their web-server using json and reports the analysis

results. E2F4 and FOSL2 were found to be the most significant TFs in the less.down and the

more.up clusters in ENCODE database, respectively (Figure 3.55).
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Figure 3.55 syneRgy App: ChEA3 results for the less.down (A) and the more.up (B) clusters

using ENCODE database.

3.6.4.2 DoRothEA analysis

DoRothEA is another curated TF-target collection in which the confidence between TF and target

was assigned as a letter ranging between A to E. As the authors suggested, syneRgy uses the TF
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targets with confidence A and B. As oppose to ChEA3, DoRothEA also provides direction for TF
activity in which "-1 "represents inhibition, and "1" represents activation. Since regular
enrichment analysis tools cannot be used with the direction information, syneRgy uses the viper
algorithm developed for the Aracne networks. For the statistical analysis of the scoring, it
performs permutation-based FDR analysis (n=100). It reports the enrichment analysis results and
a bar plot of the top user-selected number of enriched TFs in the user-selected group, i.e., top 5

TFs in combinatorial treatment (Figure 3.56).
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Figure 3.56 syneRgy app: TF enrichment analysis using DoRothEA ordered according to

enrichment score of combinatorial group.

syneRgy also provides publication-ready plots, i.e., heatmap and regression analysis of the targets
of selected TF. Since both RG7388, MDM2 inhibitor, and temozolomide, DNA alkylating agent,

are known TP53 activators, TP53 exhibited the highest enrichment score in combinatorial and
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altered in the same direction in all treatments (Figure 3.57). The slope of the regression line is
close to one, although it is significant, indicating their effect is primarily additive. R7388 exhibits
more similarity with the combinatorial than temozolomide. On the other hand, E2F4, enriched in
the negative direction in RG7388 and combinatorial and positively in temozolomide, suggesting
that an inhibitory action of temozolomide in combinatorial treatment. As expected, according to
regression analysis, the interplay between treatments was antagonistic (Figure 3.57).
Interestingly, a group of E2F4 targets is in the more.up cluster, and they are upregulated only in

the combinatorial treatment, indicating possible pure synergy, and warrants further study.
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Figure 3.57 Regression plot and heatmap of TP53 (A) and E2F4 (B)

Overrepresentation analysis enables the analysis of the synergy groups as well as up and

downregulated genes separately. syneRgy performs overrepresentation analysis using Fisher's
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exact test for the statistical analysis. The more.up synergy cluster was enriched with TP53 targets,
overrepresented in RG7388 and combinatorial treatment (Figure 3.58). FOXM1, a TF part of the
DREAM complex, is overrepresented in RG7388 down and temozolomide up genes and not in

combinatorial treatment suggesting antagonism between these two treatments.
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Figure 3.58 TF overrepresentation analysis results for synergy clusters (A) and treatments (B).
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4 Conclusions and Discussion

4.1 Synergy analysis

Combinatorial treatment is a widely used technique both in clinics to increase the efficiency of
the treatment and in scientific research to decipher cross-talk between proteins and pathways. Due
to the complex nature of normal cellular function and diseases, the interaction between pathways
becomes more important to study than single treatments. The ease of CRISPR technology and
increased knowledge on ncRNAs enhance the modification capacity in in-vitro studies to provide
deeper insights into molecular functioning. Therefore, there is an increasing number of studies
combining genetic modifications, drugs, and knock-down/overexpression models, and
transcriptomic profiling using microarrays or RNA-seq that have been frequently employed to
understand the underlying mechanism (Diaz, et al., 2020; Kwon, et al., 2017; Nassiri, et al., 2019;
Ord, et al., 2021; Vichas, et al., 2021). However, the existing methods are yet to be systematic
except the recently published limma-based synergy analysis method (Schrode, et al., 2021). In
the present thesis, a new regression-based model has been developed to assess the synergistic and
additive behavior of the whole transcriptome and the selected gene sets, i.e., transcription factor

(TF) targets.

Moreover, this method has been applied in three different contexts to assess the synergy between
a) CHRNAGS and TP53 siRNAs in MCF7 cells; b) CHRNAS siRNA and miR-495-5p mimic in
MCF7 cells; ¢) RG7388 and temozolomide in the neuroblastoma cell line. The first two have
complemented the TF-based molecular mechanisms driving the CHRNAJS action in breast cancer,
and the third demonstrated the use of the synergy analysis with respect to an MDM2 inhibitor
(TP53 activator) and DNA alkylating agent in neuroblastoma. The versatility of syneRgy via our
novel methodology has shown that it is applicable to molecular and combinatorial drug treatments
to microarrays or RNAseq transcriptomics datasets. syneRgy is the first application that provides

TF target-based enrichment applicable to combinatorial treatment experiments and complements
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the only published research by Schrode et al (Schrode, et al., 2021) and uses a novel regression

based enrichment methodology.

4.1.1 Strength and limitations of each technique

Linear regression analysis is the oldest and one of the most widely used statistical methods to
measure the prediction capacity of a variable over the outcome. Due to its simplicity in
computation and biological interpretation, regression-based models have been proposed in
different contexts, i.e., gene expression prediction through TF binding or expression level (Ibarra,
etal., 2020; Kwong, et al., 2021; Lambert, et al., 2019; Liu, et al., 2019). Liu et al. (2019) applied
a linear regression-based machine learning algorithm to predict the relation between the binding
of a TF and the target gene expression using Oct4 binding during cell programming as a case
study (Liu, et al., 2019). They have reported relatively low accuracy, 76%, which could be due to
other factors, i.e., availability of other TFs, repressors, enhancers, and DNA shape. In another
study, a regression-based model with the features related to DNA shape and the functional co-
occurrence in ontologies to measure the cooperativity between TFs in their target expression was
proposed (Ibarra, et al., 2020). They have identified cooperativity between FOXO and Ets family
TFs. Linear regression models are not only used for TF binding but also to predict the gene

expression from copy number alterations and methylation (Mallik, et al., 2020).

The slope of the regression line has been used to measure the strength of the relation between the
variable and the outcome and, even in the multivariate sense, prioritize the variables. In the regular
regression analysis, the slope’s divergence from zero corresponds to the strength of the
interaction. Stepaniants et al. (2014) have developed a model in which they measure the
relationship between phenotype, emphysema, and gene expression level through the slope of the
regression line to identify the genes that were functional in the emphysema (Stepaniants, et al.,
2014). In atime-course study in mice, they fit a regression line between the gene expression levels
in the mutant, HD94, and the control mice, and the shift in the slope between time points was
used to measure the overall change in gene expression profile (Xu, et al., 2002). Although it is a

widely used method, to our knowledge, the regression-based synergy analysis, which we called
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synreg, is the first-time ever regression analysis method, applied in the context of transcriptome-
based combinatorial treatment and predicting the overall synergistic effect of the combinatorial

application.

In synreg, the regression analysis has been applied between the summation of the logFC values
obtained from the individual treatments (additive) and the combinatorial treatment logFC values;
hence the slope was used as a metric for the type and the degree of the synergy if different from
0. In synreg, the offset was defined as 1, and divergence from 1 was associated with the synergy
coefficient, i.e., if the slope is significantly lesser than 1, the interplay is more antagonistic. The
synreg analysis focuses on identifying the overall synergistic as well as the antagonistic interplay
between treatments for the selected gene sets, yet it cannot further dissect the synergy status of

the individual gene.

On the other hand, the recently published limma-based synergy method, which calculates the
synergy coefficient for each gene, and therefore was used in the present thesis both as a
complement and comparison to synreg. Limma is a widely-used, well-established differential
gene expression analysis (DEG) method for both RNAseq and microarray data (Ritchie, et al.,
2015). Schrode et al.(2021) has proposed using the limma method to calculate gene-wise synergy
coefficient and stratify genes into five clusters according to synergy coefficient and combinatorial
logFC values (Schrode, et al., 2021). However, to be able to expand the usage of the limma-based
method in this thesis, | introduced several modifications that included: 1) adaptation to use with
multiple control groups, such that the threshold for the synergy coefficient was only based on the
results of the treatment groups while the downstream analysis has been freed from the synergy
coefficient and additive logFC; and 2) extension of its use to microarrays from any platform, so
that the synergy coefficient and additive logFC values have been calculated without any statistical
test (FDR = 0.99), and the threshold for the synergy coefficient was pre-determined as 0.3.
However, the obtained results were altered significantly with the change in the threshold for the
synergy coefficient both in logFC data and count data. Although meanSE based threshold is

statistically sound, further options, e.g. mean standard deviation, and mean coefficient of
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variation, should be tested and included in the syneRgy app. Furthermore, the limitation that
remains is the use of count data since any differential gene expression analysis for RNAseq data
requires raw count data, and limma- and regression-based methods cannot accept RPKM, TPM,
or any other form of normalized data. As with other transcriptome-based methods, the power of
the analysis depends on the number of biological replicates and the depth of the RNAseq

(Baccarella, et al., 2018).

Accordingly, the syneRgy app is applicable to the combinatorial transcriptome datasets (either
count or DEG results provided by the user) using Schrode et al.’s modified and our newly
developed synreg methods upon user’s selection. syneRgy provides publication-ready tables and
figures. The user can download both the limma for the downstream analysis and TF enrichment
results. syneRgy also generates several types of figures, i.e., scatter plots, heatmaps, and dot plots,
to enhance the visualization. These provide significant advantages and are possible via the use of
Shiny (Chang). The limma-based method, on the other hand, provides more detailed information
on the synergistic or additive effect on individual genes, yet it fails to detect the overall or gene-
set-based linear impact of each treatment. This was partially overcome by including heatmaps to
enhance dissection of the synergy clusters further, i.e., identifying the dominant treatment in the

particular synergy cluster.

The syneRgy app is developed to perform transcriptome-based synergy analysis using both
microarray and RNAseq data. The syneRgy app accommodates both synergy analysis methods
and visualization options to overcome the abovementioned limitations of each method. To our

knowledge, it is the first-ever online tool to perform such analysis.

4.1.2 TF enrichment analysis in syneRgy

To provide deeper mechanistic insight into the synergistic and additive interactions between
individual treatments, it is fundamental to understand the changes in the transcription factor (TF)
activity. Several methods have been proposed to identify altered TFs from gene expression data

(Keenan, et al., 2019; Roopra, 2020; Rubin, et al., 2021). However, these tools were designed to
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analyze a single geneset at a time, hence do not allow users to compare and contrast the

enrichment results from different treatments with each other or their combination.

Therefore, the syneRgy app also contains a unique TF enrichment and overrepresentation analysis
using two widely used TF-Target data, i.e., ChEA3 and DoRothEA. In addition to classical TF
enrichment analysis methods, i.e., Viper, Fisher’s exact test, and hypergeometric test, the synreg
method also has been implemented for the TF-targets datasets to reveal the overall action of the
treatments on the selected TF targeted genes and to determine the general direction and magnitude
of TF activity modulation (Alvarez, et al., 2016; Keenan, et al., 2019; Shen L, 2021). Several
linear model-based gene set tests have been proposed to overcome limitations of classical TF
overrepresentation methods generally based on hypergeometric and Fisher’s exact tests, which
only consider the significantly regulated target number over the total number of TF targets in the
background (Abatangelo, et al., 2009; Falcon S., 2008). Gatti et al. (2010) is the first proposed
correlation-based gene set test method (Gatti, et al., 2010). Later Wu et al. (2012) proposed a
well-known intergene correlation-based approach, Camera, in which the expression data was
further normalized to remove the treatment effect (Wu and Smyth, 2012). In addition, Lasso and
Elastic-net-based regression-models have also been developed to test multiple geneset in a given
dataset (Frost and Amos, 2017; Zhang, et al., 2017). Although these methods overperform the
overrepresentation analysis, they fail to compare two datasets. The synreg for TF targets in
essence measures the shift of the TF activity between additive and the combinatorial treatment. It
generates consistent results with existing tools included, yet it provides more biologically
interpretable results. Its usage can be further expanded to the comparison between any two logFC

profiles.

The syneRgy app considers not only synergy clusters (e.g., more.up, more.down) for the TF
enrichment analysis but also treatment groups, i.e., up or downregulated genes in each treatment.
The TF enrichment module analyzes individual and combinatorial treatments along with
computed additive and synergy coefficients which allows users to visualize TF enrichment results

for all groups on the same plot/table. It accelerates identifying differentially modulated TFs, the
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direction of their activity, and the change in the expression levels of their targets using well-
established and widely used methods (see Methods, for details). Similar visualization approaches
have been applied for gene ontology terms (GO) and KEGG pathways and are proven to be valid
by several studies with multiple comparison groups (Doldi, et al., 2015; Huang, et al., 2015;
Khraiwesh, et al., 2015; Spinelli, et al., 2015; Wu, et al., 2021). Since syneRgy analysis is based
on the comparison of individual and combinatorial treatments, it could be crucial to gain deeper

insight into changes in transcriptional regulation.

4.2 TP53 signaling and DNA damage response in neuroblastoma cells

As an example of the application of synreg and syneRgy, | have used a public dataset GSE104917,
in which two drugs were used individually and in combination. Briefly, the novel MDM2
antagonists RG7388 and/or temozolomide-treated neuroblastoma cell lines were studied (Chen,
et al., 2019). Neuroblastoma is the most common cancer type in children younger than age five;
and arises from immature neural crest cells and is found dispersed in many areas of the body but
primarily the adrenal glands (Farina, et al., 2021; Park, et al., 2010). Low and intermediate-risk
neuroblastoma can be treated with surgery alone, yet the survival rate for high-risk neuroblastoma
with MYCN amplification remains less than 50% (Mahapatra and Challagundla, 2021).
Moreover, most of the survivors suffer from severe side effects of long-term usage of the
chemotherapeutic agents at a very early age (Friedman and Henderson, 2018). Therefore, there is
an effort to decrease the toxicity and the exposure time to chemotherapy via increasing the
efficiency of the therapy (Du, et al., 2012; Zage, et al., 2010). Although most neuroblastoma
tumors harbor wild-type TP53, MYCN mediated inhibition of the TP53 pathway has been shown
(Chen and Tweddle, 2012; Christiansen H, 2015). Therefore use of TP53 inducing agents, i.e.,
DNA damage inducers, MDMZ2 inhibitors, have been proposed as a therapeutic strategy for
MY CN amplified neuroblastoma (Diskin, et al., 2014; VVan Maerken, et al., 2009). Accordingly,
the synergy analysis of this dataset was an important one to identify what happens to TF activity

if these two drugs, RG7388 and temozolomide, were used in combination and whether any of the
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TF activity can explain the synergistic effect observed by the authors. In addition, this example

provided a use case for the syneRgy app and demonstrated its wide range of applications.

It is hypothesized that RG7388 as an MDMZ2 inhibitor would inhibit the MYCN mediated TP53
inactivation, and temozolomide would induce TP53 via DNA damage; hence together, they would
result in increased stability of TP53 and therefore tumor growth inhibition through cell cycle
arrest and/or apoptosis. Their synergy analysis using cell growth inhibition revealed a moderate
synergism at a higher dosage (2x Clsg) and nearly additive at Clso or lower dosages (Chen, et al.,
2019). In accord with their in-vitro tumor growth inhibition and mice xenograft results, the use of
synreg in syneRgy demonstrated that RG7388 exhibited a more dominant effect than
temozolomide, and the overall action between the two treatments is moderately antagonistic
(slope =0.7 and p-value 2e-16). The reasons for this would remain unclear; however, similar
results were observed in another study with HDAC inhibitors, known to induce DNA damage,
and MK-1775, a novel WEEL1 inhibitor inducing G2/M arrest (Hoffmann, et al., 2021). They have
also reported an antagonistic interplay between the two treatments and identified that both
HDACL inhibitors and MK-1775 target the CDK1-CCNB1 complex to lead to cell death as a
possible cause for antagonistic action. Therefore downstream analyses are required to understand

the underlying mechanism further.

In the original study, as with many other combinatorial drug transcriptomic comparisons, the
authors analyzed their RNAseq data through the VVenn diagram approach; and they then employed
GSEA for the functional analysis. GSEA analyses have identified TP53 and MYC targets.
However, since they didn’t analyze the individual treatments separately, it is hard to make any
conclusion on the impact of each treatment and their synergy level. The TF enrichment analysis
using DoRothEA data showed that TP53 was activated in both treatments and more in
combinatorial treatment; however, their overall activity was lower than the sum of the individual
treatments (slope =0.85, p-value = 2e-9). To dissect the effect of individual treatments further,
heatmap representation was investigated, and the TP53 induction in temozolomide was to a lesser

extent than RG7388, which is in accord with the gPCR results for TP53 targets in the original
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paper. Interestingly, in addition to TP53 and MYC, which were found in the original study,
syneRgy analysis identified that E2Fs (E2F1 and 4) and their co-regulators TFDP1 as activated
in temozolomide while inhibited in both RG7388 and the combinatorial treatment. Temozolomide
treatment even inhibited the RG7388 activity in the combinatorial treatment. The activation of
E2Fs by temozolomide which wasn't identified in the original study could be the underlying
mechanism of the antagonism between temozolomide and RG7388. Overall, syneRgy produces
consistent results with the in-vitro and in-vivo results in the original data while providing a novel
leads, e.g., E2Fs, as possible key players in the antagonistic interplay between two treatments,

which can be tested further.

4.3 CHRNAGS and DNA damage response

CHRNAG is a nicotinic cholinergic subunit expressed not only in the peripheral nervous system
but also in many other tissues. Previously in our lab, CHRNAS was successfully downregulated
via three different siRNAs (SiCHRNADS) in breast cancer cell lines, and the siCHRNAS
transcriptome in MCF?7 cell lines was profiled using microarrays (Cingir Koker, et al., 2018). My
analysis for the enriched KEGG pathways using the GSEA tool revealed that TP53 signaling was
induced while various DNA damage repair and response pathways (DDR) were downregulated
(Cingir Koker, et al., 2018). Previously, the polymorphisms in the CHRNA5-CHRNA3-CHRNB4
locus have been shown to be associated with DNA damage in lung tumors and patients with
Alzheimer's disease (Dorszewska, et al., 2005; Tekpli, et al., 2013). Although studies on NACHRs
and DNA damage are scarce, the correlation between cholinergic system activity and the
accumulation of DNA damage in the brain has been reported (Cristofaro, et al., 2018; Di Bari, et
al., 2015; Fayzullina and Martin, 2016; Ginzkey, et al., 2014; Verde Rodrigues, et al., 2014; Zhu,
et al., 2015). Interestingly, both inhibition and the induction, through nicotine and its agonist,
respectively, of the cholinergic system have been shown to increase the DNA damage. Therefore,
| further analyzed the two most extensive breast cancer datasets, TCGA and METABRIC, for the

expression levels of CHRNAS along with DDR genes (Curtis, et al., 2012).
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| found that CHRNADS clustered together with those DDR genes upregulated in TP53 mutant
tumors (Cingir Koker, et al., 2018; Knijnenburg, et al., 2018). Furthermore, to validate the
relationship between CHRNADS and DDR genes, | calculated the correlation between sSiCHRNAS
logFC values with the correlation coefficients between CHRNAS and DDR genes. This type of
coexpression method is widely used in the transcriptomics field (Liu, et al., 2020; Nath, et al.,
2015; Peyre, et al., 2010). High negative correlations obtained from both TCGA and METABRIC
datasets have further supported the possible causative relation or at least the association between
CHRNAS5 and DDR. In addition, the altered genome fraction percentage indicating the
accumulation of DNA damage has been found to be positively correlated with CHRNAS

expression in TCGA and CCLE cell line dataset, which was not shown before.

CHRNAGS knockdown has been shown to increase the cytoplasmic calcium levels in bronchial
cells (Krais, et al., 2011). Since calcium is the universal secondary messenger for several key
pathways, there are an increasing number of studies focusing on identifying role of calcium in
normal cell physiology (Humeau, et al., 2018; Kahl and Means, 2003; Takuwa, et al., 1995).
Increased cytoplasmic calcium level in the cell has been associated with cell cycle arrest through
calmodulins (Colomer, et al., 1994; Kahl and Means, 2004; Takuwa, et al., 1995). In addition,
cellular calcium level has been associated with DNA damage through the release of reactive
oxygen species (Delierneux, et al., 2020; Korzets, et al., 1999; Li and Cao, 2014; Palluzzi, et al.,
2017; Rosenblatt, et al., 2021). Several others have shown the regulatory role of calcium on the
DDR genes (Baek, et al., 2016; Bugreev and Mazin, 2004). Taken together, the increased cellular
calcium level with CHRNADS depletion could induce DNA damage yet decrease the DNA damage

response through inhibition of nuclear localization of DDR proteins or direct inhibition.

4.3.1 Functional analysis with siTP53

Sahika Cingir-Koker has validated in-silico findings via in-vitro experiments, i.e., drug sensitivity
assays using MTT, western blots, and gPCRs (Sahika Cingir-Koker, Ph.D. Thesis, 2019). The
decrease in the p-CHEK1 level and increase in the g-H2AX, indicating increased DNA damage

yet decreased DDR, in response to siCHRNADS, has been shown in the MCF7 cell line but not in
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TP53 mutant BT20 and MDA-MB-231 cell lines. In accord with that, SiCHRNAS has increased
the sensitivity to DNA damage-inducing agents, doxorubicin and camptothecin, in MCF7 cells

but not in BT20 and MDA-MB-231 cell lines.

In-silico analysis along with in-vitro experiments have implicated the strong association between
DDR and siCHRNADS in TP53 wildtype MCF7 cells but not TP53 mutant cells. The disparity in
response to SiCHRNADS in the context of DDR in TP53 mutant and wild-type cell lines has given
rise to the hypothesis that SICHRNAS may need a functional TP53 to suppress DDR, induce
apoptosis, and result in drug sensitivity. Therefore, | treated cells with sSiCHRNAS and siTP53
alone and in combination. | first optimized and validated the siTP53 treatment alone with
increasing concentration. Visual inspection through DIC microscopy revealed an increase in cell
number. In accord with previous results (Ermira Jahja, Ph.D. Thesis, 2017), the siCHRNAS
phenotype was still observable in combinatorial treatments indicating the partial EMT observed

in sSiCHRNADS treatment groups was TP53 independent.

| further profiled the siTP53 and siCHRNAGS transcriptome using RNAseq. The correlation and
the regression analysis revealed the dominant effect of siTP53 in combination treatment.
Furthermore, comparative transcriptomics analysis with TP53 inducers revealed that siCHRNAS
clustered together with TP53 inducers while combinatorial treatment clustered separately, further
supporting the TP53 induction with SiCHRNADS rescued with siTP53. KEGG pathway enrichment
analysis with synergy clusters revealed that DNA replication and DDR pathways were enriched
in the less.down cluster. Interestingly, in heatmap representation, this cluster could be stratified
into two: 1) downregulated in siTP53 and 2) upregulated or no change in siTP53. As expected,
most of the DDR genes were found to be in cluster 2. The syneRgy app heatmap and KEGG
analysis of the TP53-CHRNADS combinatorial depletion experiment have provided strong support
for this in-silico analysis. In addition, the pCHEKZ1 level, along with the total-CHEK1 levels,
exhibited a rescue trend in combinatorial treatment. | also observed a decrease in BAX/BLC2
ratio, which is an apoptosis marker. These in vitro studies at the protein level complemented the

abovementioned findings (Figure 4.1).
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TP53 is an unstable protein in physiological conditions, and it is stabilized by DDR activity, i.e.,
ATR, CHEK1, and CHEK2 (Bartek and Lukas, 2003). Yet, we have observed the induction of
TP53 with decreased pCHEKT1 levels, indicating a possible reciprocal relationship between TP53
and CHEKZ1. Previously, the negative indirect regulatory role of TP53 on CHEK1 and CHEK?2 in
HCT116 cells has been reported (Gottifredi, et al., 2001). They have also shown that increased
TP53 levels by ectopic expression could inhibit CHEK1 even without any DNA damage
induction. Interestingly, in sSiCHRNADS treated samples, not only TP53 target, CDKN1A but also
TP53 itself were upregulated, further supporting increased stability of TP53 in SiCHRNADS treated
MCF7 cells. Altogether our model indicates the TP53 can inhibit DDR, and the inhibition of DDR
by siCHRNADS requires functional TP53 supporting reciprocal interplay between DDR and TP53,

yet future studies are needed (Figure 4.1).

4.3.2 SyneRgy TF analysis with siTP53 and siCHRNAS and their

combination

SyneRgy TF enrichment analysis was most valuable to identify TFs and downstream targets that
might be driving the effects of CHRNAS or TP53 knock-down or their combination. Based on
Schode et al.’s methodology, TF analysis leading to the less.down cluster revealed an enrichment
of FOXM1, E2F1, and MYBL2, which have been shown to be overexpressed/activated in TP53
mutant breast tumors (Pfister, et al., 2018). Indeed, FOXM1 targets were mostly downregulated
in siCHRNAS and changed in the opposite direction in siTP53. FOXM1 has been shown to be
decreased upon DNA damage in TP53 dependent manner in MCF7 cells (Barsotti and Prives,
2009). I next investigated the change in the PLK1, which phosphorylates FOXML1 to activate its
transcription activity, including PLK1 itself (Fu, et al., 2008; Marceau, et al., 2019). In the
combinatorial treatment, a trend to recover the decrease in the PLK1 level in siCHRNAS was
observed. CDK2 is another regulatory factor for FOXML1 activity. Although there was no
difference in siCHRNAS5 and siTP53, a decreasing trend was observed in the combinatorial
treatment. CDK?2 is also a regulator for E2F along with CCNDL1, both of which also exhibited a

decreasing trend. A decrease in CDK2 and CCNDL1 levels in TP53 knockout models in response
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to DNA damage-inducing agents has been reported (Bacevic, et al., 2017). However, further
studies are needed to understand the observed decrease in pRB, CDK2, and CCND1 levels and

their relation to cell cycle distribution (Figure 4.1).

Since SICHRNAS increases sensitivity to topoisomerase inhibitors, doxorubicin and
camptothecin, only in TP53 wild-type MCF7 cells (Cingir Koker, et al., 2018), | further
investigated the drug sensitivity in the absence of TP53. MCF7 cells were treated with an
increasing dosage of doxorubicin ranging from 0.06uM to 0.250uM together with sSiCHRNAS
and/or siTP53 for 72h. The rescue trend was observed in the control group (DMSO-only) between
siCHRNAS5 and combinatorial treatment, whereas siTP53 exhibited an increasing trend. In
0.06uM and 0.125uM treatment groups, siTP53 treatment reverted the decrease the cell viability
in sSiCHRNADS treated groups. However, although there was a trend at the highest dosage, no
significant difference was observed between treatment groups as previously shown in
osteosarcoma cells (Sun, etal., 2016). Since TP53 is not stable in physiological conditions, siTP53
treatment without DNA damage induction was found to be ineffective in altering cell viability,
while rescue effect was observed upon DNA damage induction (Huun, et al., 2017; Liu and Di
Wang, 2019; Sun, et al., 2016). The rescue effect of siTP53 on siCHRNAJS further highlighted

the siCHRNAS profile on DDR partially depends on the functional TP53.

4.3.3 Cross-talk between estrogen signaling and TP53

Several studies have been reported focusing on the cross-talk between TP53 and estrogen (E2)
signaling (Bailey, et al., 2012; Fritah, et al., 2005; Konduri, et al., 2010; Liao, et al., 2014; Liu, et
al., 2006; Mandal and Davie, 2010). E2 treatment has been reported to revert the doxorubicin-
mediated cell death, while inhibition of E2 signaling through Fulvestrant can further decrease the
cell viability (Bailey, et al., 2012). In another study, ESR1 has been shown to bind to TP53
directly to prevent its transcriptional activity (Liu, et al., 2006). Furthermore, the TP53-ESR1
complex can recruit co-repressors, i.e., NCoR and HDAC, to promoters of the TP53 targets
(Konduri, et al., 2010). The TP53-ESR1 complex, on the contrary, has been reported to enhance

the expression of mitochondrial genes and functions (De Vitto, et al., 2020). Therefore, | also
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included in my thesis the analysis of a dataset with E2, doxorubicin, TNF treatments alone and in
combination to compare with the actions of siTP53 and siCHRNAS. Combinatorial treatment
with doxorubicin and E2 exhibited a positive correlation with doxorubicin and other TP53
inducers, while negative one with E2 alone. In accord with our previous findings, sSiCHRNAS
positively correlated with doxorubicin and E2 combinatorial treatment while siTP53 and
siCHRNAS double knock-down group positively correlated with E2 and TNF. As it is important
to support in silico findings with in vitro or in vivo experiments, | further investigated the
expression levels of several ESR1 targets using gPCR. Except for SCNN1A and LAMCL, the
SiCHRNADS effect has been reverted by siTP53 indicating a possible negative modulatory effect
of TP53 on some of the ESR1 targets. Since both SCNN1A and LAMCL are associated with
epithelial to mesenchymal transition (EMT), | also investigated the change in the expression
levels of AQP3 and CLDN1 (Chen, et al., 2014; Fujiwara, et al., 2007; Peixoto, et al., 2019).
siTP53 enhanced the siCHRNAS effect on both AQP3 and CLDN1. My results suggested, the
SiCHRNAS action on EMT markers might be independent of TP53; however, further studies are

required.

4.4 CHRNAGS in estrogen signaling

A novel interaction between CHRNAGS and E2 signaling has been studied in our lab since early
2010s (Sila Ozdemir, MS Thesis, 2014, Huma Shehwana, Ph.D. Thesis, 2018; and this thesis).
Eventually, CHRNAS has been identified as an E2 response gene and exhibited differential
expression in ER+ and ER- breast cancer tumors and cell lines (Shehwana, et al., 2021). My
contribution to this finding was through in silico data analysis of public datasets relevant to the
examination of this association. | have analyzed publicly available two ChIP-seq (GSE117941
and GSE14664) datasets for ESR1 and a GRO-seq (GSE27463) dataset for newly transcribed
MRNASs. These datasets were analyzed first time in the literature together allowing us to extract
primary targets that therefore increases the novelty of our study. Although the datasets were
selected from the same cell line, MCF7, same exposure time, 40min, and similar growth

conditions, the ESR1 targets were found to vary between datasets, i.e., only 9.4% (n=722) of the
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total number of genes found in three datasets were common in all. In collaboration with Huma
Shehwana, a limma-based secondary target score (PS score) was calculated using public
GSE8597 (Bourdeau, et al., 2004). PS score, which is based on re-analysis and scoring of the
results of the public dataset of E2 exposure in MCF7 with or without cycloheximide, also is a
novel addition to the E2-ESR1 signaling research since we have found that it has prognostic
significance (Shehwana, et al., 2021). Previous to this, there has not been a strong emphasis on
the identification of the decoupling or coupling of primary and secondary signaling of E2-ESR1.
Shehwana, Keskus et al. 2021 study has shed an intense light on how decoupled they are and also

identified potential reasons why this could be the case rather than coupling.

In my studies, | also performed analyses with TCGA samples for primary and secondary estrogen
targets showed a tighter clustering of secondary targets as opposed to the primary targets. This
might suggest that there might be coordinated regulation of secondary targets with one or a few

TFs or transcriptional regulators, i.e., FOXML1, E2Fs as TFs targeting more than 70%.

Starvation can induce cell cycle arrest and apoptosis, which can be reversed by E2 treatment
(Mirzamohammadi, et al., 2016). Therefore, | further compared the expression profile of
siCHRNAJS with E2 treatment and starvation datasets. The secondary targets were downregulated
with siCHRNADS and starvation while upregulated by E2 treatment. The primary targets with high
PS scores (also secondarily induced) were downregulated, while those with low PS scores (pure
primary targets) were either upregulated or not altered. The secondary targets downregulated by
SiCHRNAS were also negatively correlated with CHRNAS in TCGA dataset, while primary
targets exhibited a more dispersed pattern. This could be because most of the secondary targets
were regulated by E2Fs and/or FOXML1, a binding partner of ESR1, while the activity of ESR1

in primary targets depends on the availability of co-regulators (Shehwana, et al., 2021).

Again | used in vitro experiments to further decipher the link between siCHRNAS and E2
signaling, MCF7 cells were treated with increasing dosage of sSiCHRNADS for 72h and 10nm for
120h. The change in the expression levels of selected primary and secondary targets of ESR1 was

measured with gPCR. In accord with microarray results, primary targets, except DTL, MYBL1,
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TFF1, and FHL2, were upregulated in a time and dosage-dependent manner. DTL, MYBLL1, and
TFF1 also exhibited high PS scores indicating secondary activation and downregulated upon
siCHRNAS treatment. The increase in the primary target expression was reduced in 120h of
siCHRNAS treatment, supporting the presence of a negative feedback loop in E2 signaling
(Ellison-Zelski, et al., 2009; Wang, et al., 2017; Yu-Rice, et al., 2016). AREG identified as a
primary target in both ChlP-seq datasets but not in the Gro-Seq dataset and also in the literature
with specific experiments was upregulated with sSiCHRNADS treatment and clustered with the
primary targets (Peterson, et al., 2015). These findings suggest that CHRNAS5 depletion may
induce primary targets but not all of them. The distinction here could be due to primary targets of
estrogen can be modulated by other co-regulators and also through inhibition of secondary targets
forming a negative feedback loop (Ellison-Zelski, et al., 2009; Xiao, et al., 2018). On the other
hand, most of the secondary targets are downregulated, and this may be due to the downregulation
of a primary target or through induction of TP53, whose knock-down rescued the siCHRNAS
effect (Figure 4.1). Future studies should consider CHRNAS depletion in the absence of ESR1
and E2F family members and/or Rb1 to identify the synergism between these two crucial cross-

talking molecules.

The cross-talk between estrogen signaling and the cholinergic system has previously been studied.
A decrease in cognitive functions in the aging brain upon E2 depletion in menopause has been
reported in rodents and non-human primates. Indeed, the maze learning rate decreased in rats
undergone ovariectomy, a menopause model, and rescued with an E2 supplement (Gibbs, 2002;
Gibbs, et al., 2004; Gibbs and Johnson, 2008). The rescue effect of E2 on post-menopausal
women has been reported to be task-specific, i.e., the requirement of long and short-term memory
(Binder, et al., 2001; Janowsky, et al., 2000; Phillips and Sherwin, 1992; Sherwin, 1988). The
protective role of estrogen over cognitive functioning was proposed to be through the cholinergic
system (Gibbs and Johnson, 2007; Johnson, et al., 2002; Luine and McEwen, 1983; Uppman,
1978). Although the involvement of E2 in cognition, the studies focusing on the underlying

mechanism are limited, i.e., mitochondrial function and inflammation (Cipolla, et al., 2009;
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Mosconi, et al., 2017). Therefore, our studies provide a novel link between the cholinergic system
and E2 signaling in breast cancer, via the crosstalk with CHRNAS, which could be further studied

in neurodegenerative disease in an aging brain, i.e., Alzheimer's disease.

4.5 CHRNAGS and 14932.31 miRNA cluster

siCHRNADS can induce cell cycle arrest, drug sensitivity, and apoptosis through induction of TP53
and inhibition of E2 signaling (Cingir Koker, et al., 2018; Shehwana, et al., 2021). To decipher
further the regulatory components of the siCHRNADS profile, we examined the changes in miRNA
expression in response to sSiCHRNADS (Basak Ozgursoy, MS Thesis, 2017, Sahika Cingir-Koker,
Ph.D. Thesis, 2019, Rafed Said Tiryaki, MS Thesis, 2019; and this thesis). The main molecular
assessment in the present dissertation was two-fold: a) finding which miRNAs were
downregulated by CHRNADS siRNA and b) testing whether upregulation of these downregulated
miRNAs by using mimics rescues siCHRNAS profile. This combinatorial treatment concept
applied to a gene siRNA and miRNA mimic has been used in the literature and found to be helpful
in dissecting the noncoding regulatory elements of a gene’s action (Babu, et al., 2017; Larsson,

etal., 2017; Wang, et al., 2021).

In our analysis, we had a striking finding such that chromosomal enrichment analysis results
indicated SICHRNAGS decreased the expression level of the 14932.31 miRNA cluster associated
with tumorigenesis, metastasis, and drug resistance in several cancer types (Gattolliat, et al., 2011;
Hill, et al., 2017; Hoppe, et al., 2016; Krokker, et al., 2021; Sellers, et al., 2019). In accord with
the literature, expression analysis with TCGA and METABRIC revealed that 14g32.31 miRNAs
were highly correlated with each other in our analysis, yet the expression level varies between
miRNAS suggesting variation in the transcription efficiency and post-transcriptional regulations

through IncRNAs (Gonzalez-Vallinas, et al., 2018; Hoppe, et al., 2016; Uppal, et al., 2015).

In this thesis, the 14932.31 miRNA cluster was found to be less expressed in breast tumors than
in healthy tissue. Among tumors, normal-like tumors exhibit the highest expression. Normal-like

tumors have often been neglected in studies and considered contamination of normal breast tissue

152



due to their high molecular resemblance (Chen, et al., 2021; Parker, et al., 2009). However,
several others classified them as triple-negative (Garrido-Castro, et al., 2019; Li, et al., 2015; Liu,
et al., 2014; Zeng, et al., 2017). In my analysis, with estrogen targets, normal-like patients
exhibited a distinct expression pattern compared to normal breast tissue and formed a tight cluster
in which secondary targets were upregulated whereas primary targets were downregulated,
indicating expression levels of estrogen targets can separate normal-like breast cancer cells from
both basal-like and normal. The primary and secondary target geneset can be further analyzed and

included in breast cancer subtype stratification, which could increase the prediction capacity.

4.5.1 Regulation of DLK1-MEGS3 region

Several studies reported 14932.31 miRNA cluster is regulated through the methylation and copy
number alteration (CNA) of the DLK1-MEG3 region (for details, see Section 1.5.3.1).
Methylation and CNA analysis showed that both methylation and deletion were increased in ER-
negative patients (Shehwana, et al., 2021). | have also found that the 14g32.31 miRNA expression
score was negatively correlated with ESR1 protein level in the LumA subtype. In addition, E2
treatment has been shown to exhibit chromosomal remodelling function using ATAC-Seq and in
that data DLK1-MEG region has become available upon E2 treatment (Guan, et al., 2019).
Therefore | examined the change in the DLK1 expression level in response to E2 and siCHRNADS.
| found DLK1 decreased with siCHRNAS but not with E2 treatment except ZR75. Differential
binding of ESR1 to suboptimal binding regions in different breast cancer cell lines has been shown
(Jia, etal., 2016; Joseph, et al., 2010). Besides, my in-silico analysis with time course E2 treatment
datasets revealed that secondary target expression starts after 3h of E2 treatment. In the E2
treatment panel | used, cells were treated with E2 for 24h. Therefore DLK1 could be induced in

ZR-75 secondarily.

E2F3 has been reported to regulate DLK1 expression in mice. However, among five human ChlP-
seq datasets for E2F binding, | found a weak enrichment in DLK1 promoter in only one of the
ChlIP-seq datasets (McNair, et al., 2018). Since the DLK1-MEG3 region is controlled through

methylation, several other factors might have played a critical role in the DLK1 regulation.
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Multivariate analysis with TF expression and binding as well as DNA methylation status are

required to further understand the regulatory factors for the 14932.31 region.

4.5.2 miR495-3p as an anti-estrogen

Furthermore, transcriptomic profiling of miR495- 3p, miR376a-3p, and miR409-3p alone or in
combination with siCHRNAS5 with microarrays as well as synreg analysis revealed that
siCHRNAS exhibits a more dominant effect over the miRNAs. Ingenuity Pathway Analysis (IPA)
showed that the estrogen-mediated S-phase entry pathway was downregulated in all groups, i.e.,
siCHRNAJS, miR495-3p mimic, and their combination. In a xenograft study in mice, miR495-3p
has been reported to induce cell cycle arrest and decrease tumorigenesis (Wang, et al., 2015).
Previously, miR495-3p has been shown to cause G1/S arrest alone or with siCHRNAS in MCF7
cells (Sahika Cingir-Koker, Ph.D. Thesis, 2019). Therefore, | further analyzed the estrogen targets
in response to miR495-3p treatment. miR495-3p exhibited a negative correlation with E2 and a
positive one with SERM/SERDs except for tamoxifen, a partial agonist of E2. miR495-3p was
found to be highly correlated with Fulvestrant, a selective estrogen degrader. These findings
further highlight the anti-estrogenic action of miR495-3p. Although there are many studies on
miRNAs modulating estrogen signaling through direct targeting of ESR1 or estrogen
biosynthesis, to our knowledge, miR495-3p could be the first mMiRNA exhibiting anti-estrogenic
activity. However, future in-vitro studies with E2 and fulvestrant treatment along with miR495-

3p and siCHRNADS are required.

Secondary targets of estrogen were downregulated in miR495-3p treated MCF7 cells. Although
both siCHRNAS and miR495-3p downregulated secondary targets, their impact was antagonistic,
yet larger than either of them alone, in the combinatorial group. Protein-protein interaction
network analysis with the altered genes in response to miR495-3p revealed that the E2F targets,
also partially secondary estrogen targets, were downregulated. Targeting the same
protein/network has been shown to lead the antagonistic action, as in the case of RG7388 and

temozolomide in neuroblastoma cells (Cheng, et al., 2019; Diaz, et al., 2020; He, et al., 2021).
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Therefore, the underlying mechanism of the partial antagonism between siCHRNAS5 and miR495-

3p on secondary targets could be both targeting E2F (Figure 4.1).

miR495-3p has been shown to inhibit FOXC1 through direct binding in endometrial cancer
(Appendix 1) (Xu, et al., 2016). FOXCL1 is an oncogenic transcription factor and also the primary
target of ESR1 (Gilding and Somervaille, 2019). Several studies have also proposed that FOXC1
is also involved in the negative auto-feedback loop of estrogen signaling and tamoxifen resistance
(Wang, et al., 2017; Yu-Rice, et al., 2016). Taken together, FOXC1 could be the link between

miR495-3p and estrogen signaling (Figure 4.1).

4.6 Conclusions

This thesis focuses on deciphering the key modulatory components found in the siCHRNAS
expression profile using in-silico and in-vitro methods (Figure 4.1). In brief, | have demonstrated
that CHRNADS depletion can induce TP53 signaling, which inhibits DDR; hence the inhibition of
TP53 could revert cell cycle arrest and apoptosis, yet not in full. Furthermore, TP53 depletion
also rescues the expression of E2F targets, which are mainly the secondary estrogen targets.
siCHRNADS significantly modulates certain primary and most of the secondary targets of ESR1
in opposing directions which could be through the inhibition of the negative feedback loop
between ESR1 secondary targets and primary targets. Furthermore, | have identified miR495-3p
downregulated by siCHRNADS along with other 14932.31 miRNA cluster exhibits anti-estrogenic

effects.
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Figure 4.1 The summary of the findings and proposed mechanism. The known connections from
the literature were shown with gray while novel interactions were colored as; pink and green for
inhibition and induction, respectively. Direct relations through transcription or protein-protein

binding were indicated with solid lines, and dashed lines were used for indirect relations.

4.7 Future Perspectives

e Enrichment and overrepresentation analyses for the other crucial regulatory factor,
miRNAs, will be included in the syneRgy app.

e Some TFs require co-regulators to bind a group of their targets as ESR1. Therefore,
enrichment analysis would be expanded to TF pairs and the master regulators.

o Network representation of TFs can be included to analyze further the shared targets

between TFs and the co-regulatory TF modules driving synergy.
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Since regression analysis is applicable for linear relationships only, another widely used
method to test the relationship between two variables, mutual information, could be tested
and included in the syneRgy app.

The expression level analysis with the TCGA dataset showed that PCPG,
Pheochromocytoma, and Paraganglioma, which is a rare nerve tumor form in the adrenal
gland, exhibits high CHRNAS expression. Since its role in the nervous system is well
studied, the CHRNAGS depletion studies can be extended to PCPG and other nervous
system cancers, including low-grade glioma and glioblastoma.

The cross-talk between ESR1 and TP53 signaling can be further studied in the
siCHRNAS and siTP53 model through E2 and SERM/SERD treatments. Although our
findings suggest ESR1 signaling as downstream of TP53 through p21-E2F cascade future
studies should investigate: 1) SiCHRNAS and fulvestrant (SERD) to test the change in
the TP53 activity and 2) siCHRNADb, E2, and siTP53 to test expected rescue effect.

The change in the cell cycle dynamics can be further studied using CDK4/6 inhibitors.
E2Fs appeared to be the hub for the E2 and TP53 signaling as well as miR495-3p
function. Therefore CDK4/6 inhibitors along with SiCHRNADS is needed to test the rescue
effect.

The siCHRNA5-mediated TP53 independent actions are yet to be explored. syneRgy
analysis and gPCR data also revealed that not all SiCHRNAS profile has reverted by
SiTP53 treatment. syneRgy app can be employed for the identification of the TF
candidates altered in sSiCHRNAS and combinatorial but siTP53.

The miR495-3p profile can be investigated in ER-positive and ER-negative cell lines
through cell viability, cell cycle assays. All the in-vitro experiments so far were done in
ER+ MCEF7 cell line; therefore, the observed effects on estrogen signaling, cell cycle
arrest needs to be further validated using other cell lines.

The proposed anti-estrogenic effect of miR495-3p and siCHRNADS can be further tested

through treatment with E2 or SERMs/SERDs.
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The anti-estrogenic effect of miR495-3p can be further tested in the context of endocrine
treatment resistance and could serve as a therapeutic marker for hormone receptor-
positive breast tumors.

The possible involvement of FOXC1 in miR495-3p/Estrogen signaling can be further
tested through siFOXC1 and FOXC1 overexpression models.

Since estrogen level has been associated with cognition, the miR495-3p can be further

studied in the context of cognition and memory.
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Appendix A. The summary table for the change in the miR495 in cancer cell lines and/or tumors, its function and targets
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