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ABSTRACT

Karkoutly, Omar M., Screening for potential therapeutic targets of YB-1 protein using a

bioinformatics approach. Master of Science (MS), July, 2022, 81 pp., 10 tables, 25 figures,

references, 61 titles.

Treatment options for cancer are becoming much more limited due to the robust
characteristics of cancer that allows them to rapidly develop drug resistance. This may be a result
of cancer cells’ ability to switch between differentiated and undifferentiated states (plasticity).
Diagnostic measurement and detection of cancer and its progression is essential for developing
successful treatments. Specific cancer targets whose expressions are highly associated with
increased incidence, risk, and spread of cancer therefore become perfect targets for therapeutic
intervention. One such novel target that is still being studied is the Y-box binding protein 1 (YB-
1), which is a prominent transcription factor in many cancer types including breast, liver, and
colorectal. Therefore, attacking these cancer targets with specific drugs that act against them may
prove to be extremely helpful in fighting off its associated cancer. Taking advantage of the latest

bioinformatics tools may aid in streamlining this process.
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CHAPTER |

INTRODUCTION

1. Liver Cancer

1.1 Background & Statistics

Liver cancers occur when liver cells, or hepatocytes, undergo uncontrolled cell growth.
Cancers that start in the liver are known as primary liver cancers and depending on the cell type
can include intrahepatic cholangiocarcinoma (bile duct cancer), angiosarcoma,
hemangiosarcoma, hepatoblastoma, or hepatocellular carcinoma (HCC). HCC is the most
commonly diagnosed form of liver cancer and can be brought about by a variety of causes and
risk factors (ACS, 2022). Risk factors that increase the chances of HCC diagnosis are all related
to liver cirrhosis, including Hepatitis B or C infection, non-alcoholic fatty liver disease (NAFLD)
or non-alcoholic steatohepatitis (NASH), excessive alcohol consumption, obesity, and diabetes
(Gomaa et. al, 2008). HCC is also much more prevalent in men than in women, with almost
twice as many cases (28,600 in men vs 12,660 in women) and deaths (20,420 in men vs 10,100
in women) (ACS, 2022). Furthermore, ethnicity and race also affect the likelihood of diagnosis,
with American Indians and Alaskan Natives having the highest rates of liver cancer, followed by
Hispanics, and then Asian and Pacific Islanders (ACS, 2022). These disparities compounded
with the risk factors mentioned previously are particularly important in the Hispanic population.
It is also no coincidence that the top three states in the nation for the highest estimated new cases
and deaths (California, Texas, and Florida respectively) all happen to be border states with the
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highest Hispanic populations in the country (ACS, 2022). Because of its ethnic and racial
relevance, and since liver cancer is a poor prognostic marker in the Hispanic population, there
arises a need to better understand how to diagnose (identify biomarkers) and treat this disease
(improve therapies) to help improve their quality of life.
1.2 Pathology

HCC may arise following one of two primary different growth patterns. The first and less
common type of growth sees the tumor start as a singular growth within a localized area of the
liver, which slowly grows larger over time and may eventually spread to other areas of the liver.
In contrast, the second initially develops as several small cancer nodules growing throughout the
liver rather than forming a singular growth. This second type of growth is much more typical of
HCC caused by liver cirrhosis, or scarring of the liver tissue that causes chronic liver damage,
and is the more prevalent form of growth amongst patients in the United States (ACS, 2022).

Liver disease typically progresses from healthy liver tissue to liver steatosis (increased fat
deposits in the liver), then liver fibrosis (scarring of the liver tissue), followed by liver cirrhosis
(scarred tissue replacing healthy liver tissue), and finally to liver cancer (formation of malignant
tumors). Ultimately, once liver cancer arises it can be classified into four primary stages, ranging
from I-1V, with a higher stage indicating an increased spread of cancer. Many staging systems
exist throughout the world, but the one most often used in the United States is the American Joint
Committee on Cancer (AJCC) TNM system, which takes into consideration the extent of the
primary tumor size (T), whether it has spread to any nearby nymph nodes (N), and whether it has
metastasized to any distal sites (M) before determining which stage to classify it under (ACS,
2022). Stage | (early stage) typically involves solitary tumors < 2cm in size with or without

vascular invasion, Stage Il (intermediate stage) involves solitary tumors >2cm in size with



vascular invasion or multifocal tumors <5cm in size, Stage 111 (late stage) involves multifocal
tumors >5cm in size, and stage IV (terminal/end stage) involves a singular tumor or multifocal
tumors that have branched into the vasculature to invade adjacent organs (Kamarajah et. al.,
2018).

Jaundice of the eyes or skin is typically a tell-tale sign of liver failure and something to
look out for but may not necessarily be due to HCC. In early stages of the disease, HCC typically
showcases no symptoms, making diagnosis very difficult. Since the liver is located deep
underneath the lower ribs, its location makes it difficult to detect tumors until they have grown to
a substantial size, replacing the healthy liver tissue, and disrupting normal hepatic function
(Attwa & EI-Etreby, 2015). Thus, common diagnostic measures include imaging studies such as
ultrasounds, CT scans, MRI scans, and hepatic angiography (Attwa & El-Etreby, 2015).

Furthermore, because HCC typically arises in those whose livers have been previously
damaged from hepatitis or cirrhosis, serum markers like Alpha 1-fetoprotein (AFP), Lens
culinaris agglutinin-reactive AFP (AFP-3), Des-gamma carboxyprothrombin (DCP), a-L-
Fucosidase, Glypican-3, Squamous cell carcinoma antigen (SCCA), Golgi protein 73 (GP73),
Hepatocyte growth factor (HGF), Transforming growth factor f-1 (TGF-B1), and vascular
endothelial growth factor (VEGF) may be used to potentially detect HCC in the blood (Gomaa
et. al., 2009). AFP is a fetal-specific glycoprotein primarily synthesized by the embryonic liver
and whose expression is completely repressed in adults with healthy livers. AFP exists in three
different variants (AFP-L1, AFP-L2, and AFP-L3), with its first variant being more indicative of

non-malignant chronic liver disease and its third variant being more indicative of HCC.



1.3 Drugs & Therapy

Although a surgical approach is the only proven curative process for liver cancers, around
70% of patients do not qualify for this type of treatment for various reasons (Recio-Boiles &
Babiker, 2021). Blood tests may be done to check for hepatitis B or C and a liver function test
may be used to determine if an area of the liver unaffected by cancer is not working well,
especially for those with cirrhosis. This would typically rule out any early-stage interventions
such as surgical ablation, resection, or transplantation. Intermediate stages of the disease should
use locoregional treatments such as transarterial chemoembolization (TACE), transarterial
embolization (TAE), or transarterial radioembolization (TARE) if resources are available,
otherwise first-line chemotherapeutic treatments like sorafenib should be used (Yang, et. a.,
2019). Advanced stages should also focus on targeted therapy treatments (NCI, 2022) like
sorafenib, lenvantinib, regorafenib, bevacizumab, ramucirumab, and cabozantinib (NCI, 2021) or
immunotherapeutic techniques (NCI, 2022), including treatment with atezolizumab,
pembrolizumab, or nivolumab. Alternatively, other treatments are available like ramucirumab,
infigratinib, and pemigatinib or a mixture of treatments can be given, such as combining
nivolumab with ipilimumab to serve as a second-line treatment option, or bevacizumab with

atezolizumab to serve as a first-line treatment option (Table 1) (Luo et. al., 2021).



Table 1: FDA Approved Drugs for Liver Cancer. First and second line drugs for liver cancer

treatment (NCI, 2021; NClI, 2022).

First-Line Treatment Second-Line Treatment Other Treatments

Avastin (Bevacizumab) w/ Cabometyx (Cabozantinib-S- Pemazyre (Pemigatinib)
Tecentriq (Atezolizumab) Malate)
Nexavar (Sorafenib Tosylate) Opdivo (Nivolumab) w/ Keytruda (Pembrolizumab)
Yervoy (Ipilimumab)
Lenvima (Lenvatinib Mesylate) Stivarga (Regorafenib) Ramucirumab
Pembrolizumab Truseltiq (Infigratinib Phosphate)

Cyramza (Ramucirumab)

2. Statement of Problem

Hepatocellular carcinomas (HCCs) are the most commonly diagnosed of all liver cancer
types and are actually the second leading cause of cancer-related deaths world-wide (Mittal, et.
al., 2013). Most anti-HCC chemotherapeutic drugs require a certain intracellular concentration to
be reached before becoming effective (Marin et. al., 2020). Thus, if anything were to interfere
with intracellular drug accumulation, it may result in unsuccessful treatment. Multiple drug
resistance for typical chemotherapeutic treatments is one of the main reasons these kinds of
cancer therapies result in failure (Haider et. al., 2020). Typically, this is the result of impaired
expression or function of plasma membrane proteins relating to drug transport, such as MDR1
(ABCB1).

Of the many chemotherapeutic anticancer agents used against liver cancers, sorafenib, is the
most effective and widely used. One major problem of this treatment, however, is that up to 70%
of HCC patients are not sensitive to sorafenib (Wang T. et al., 2021) or develop sorafenib

resistance through chronic exposure (Tang et.al., 2020), resulting in treatment no longer being



effective. Furthermore, the specific mechanism with which HCC gains resistance to sorafenib
remains poorly understood, and it could vary due to ethnicity as well. Therefore, there is a need
for understanding which particular proteins, pathways, signaling molecules, and/or IncRNAs
come into play. Thus, developing methods of bypassing such resistance in order to resume
proper treatment by potentially resensitizing people to sorafenib is important.
3. Statement of Purpose

Taking into consideration these major effects, we conducted an extensive literature search
in an attempt to find potential drivers of drug resistance. In other words, we tried identifying a
cancer target that is both highly associated with drug resistance (or related genes) and highly
expressed in a variety of different cancers. Eventually, we found that the Y-box binding protein 1
(YB-1), which is responsible for different RNA associated pathways was overexpressed in liver
cancer patients. Since YB-1 is associated with multiple cancers as a prominent drug resistant
causative protein, it was important to verify its role in sorafenib-resistance in HCC. Ultimately,
the aim is to identify YB-1 inhibitors so as to resensitize the HCC to sorafenib, which would
result in better outcome of the HCC patients. Enhanced YB-1 expression has been shown to
predict poor outcome in patients for various human malignancies (breast cancer, ovarian cancer,
colorectal cancer, etc.) and be in close association with the aberrant expression of various
biomarkers and genes (CD44, ABCB1, EGFR, HERZ2, etc.) (Kuwano et. al., 2019). Despite the
numerous studies in different cancer types, YB-1 has not been to be very well-studied in liver
cancers. Regardless, one study showed that when YB-1 was knocked down in HCC cells, a
resultant increased sensitivity to sorafenib compared to the control was seen (Chao et. al., 2016).
This data strongly suggests that although sorafenib does not necessarily affect YB-1, conversely,

YB-1 certainly plays a key role in drug resistance. In this study, we are going to obtain a protein



model of the YB-1 protein and run a High-Throughput Virtual Screening (HTVS) of approved
and experimental drugs from the DrugBank drug library. In this way, we shall attempt to find a
potential inhibitor of the YB-1 protein. These drugs can then be tested in vitro on wild-type HCC
cell-lines such as SKHEP1, HepG2, Hep3B, and C3A, and cotreated with sorafenib to see if

there is any effect on re-sensitizing the cells to the drug.



CHAPTER II

REVIEW OF LITERATURE

1. Liver Cancer

1.1 Statistics

In the United States alone, it is estimated that in 2022 there will be 41,260 new cases
diagnosed (28,600 in men and 12,660 in women) and 30,520 deaths, with Hispanics, and Texas-
Hispanics in particular, being the second most widely affected groups suffering from liver
cancers in general (American Cancer Society, 2021). This is largely due to the massive Hispanic
population that can be found across Western and Southern Texas, including the Rio Grande
Valley (RGV), who are at increased risk of liver cancer diagnosis. Residents of the RGV are
93% Hispanic and over 80% are obese are overweight. These risk factors for liver cancer are
further compounded by the health disparities in the area since socioeconomic status is low
overall, including 29.3% of the population living in poverty and 34.6% being uninsured
(dataUSA, 2020). Because of this, Hispanic patients diagnosed with HCC sometimes cannot
afford treatment or are not eligible for some treatment options. Thus, they suffer from poor
quality of life overall and a need to address this arises in order to help them improve their lives

and prognosis.



1.2 Drug Resistance & Treatment

Despite rapid progress being made in targeted cancer therapies, no treatment thus far has
been entirely effective in eliminating cancers, likely due to their innate resistance (to a broad
range of anticancer drugs) or their acquired resistance (as existing therapies become less
effective against them) (Gottesman, 2002). One reason for this may be cancer cell plasticity,
which is how cancer cells switch between their differentiated (limited tumorigenic potential) and
undifferentiated (cancer stem cells) states (da Silva-Diz et. al., 2018). Plasticity also contributes
to tumor heterogeneity, which accounts for differences between subpopulations of the same
tumor across different patients and is a major reason why differential responses to therapies arise
from patient to patient (Dagogo-Jack & Shaw, 2018). Additionally, cancer cells can be quite
intricate in how they function, survive, and spread, and their robustness (Kitano, 2004; Kitano
2003) allows them to survive, adapt, and maintain their proliferative potential and functionality
when faced with any internal or external stressors (such as against a wide variety of anticancer
therapies) (Tian et. al, 2011). One major solution to this is to develop novel drugs that are either
better than their predecessors or that can result in deeper responses from being used sequentially
or in combination with existing drugs (Vasan et. al., 2019; Karkoutly et. al., 2021).

The impaired expression or function of plasma membrane proteins relating to drug
transport, including lower drug uptake or enhanced drug efflux, are primarily responsible for
this. The ATP-binding cassette (ABC) protein family plays a particularly crucial role in multi-
drug resistance, as they are responsible for the transport of a variety of anticancer agents,
including prominent tyrosine-kinase inhibitors (TKIs) such as sorafenib and regorafenib (Marin
et. al., 2020). Amongst the 51 different ABC family proteins, overexpression of the organic

cation pump P-glycoprotein 1 (ABCB1 or MDR1) is of specific clinical significance since it is



highly associated with an increased drug resistance phenotype in multiple cancer types and
various human malignancies (Leonard, 2013). Since this transporter is overexpressed in cancers,
tumor cells gain an acquired resistance to anticancer drugs, like sorafenib, through chronic
exposure and excess efflux of the drug from the cell (Kuwano et. al., 2019).

Upon early detection of HCCs, surgical intervention, including resection, ablation, or
transplantation, is the most likely treatment option. However, as the disease progresses, or
surgical intervention is no longer a viable option (maybe due to health risks involved or the
extent of the cancer’s spread), chemotherapy becomes the best option (Yang, et. a., 2019).
Because of its role in mediating expression of multidrug-resistance, cell proliferation, cell cycle,
metastasis, and OS-related genes in various cancers and the fact that it is still not very well
studied in liver cancer shows that YB-1 is an extremely promising novel therapeutic target for
sensitizing liver cancer cells to sorafenib.

2. YB-1 Protein

2.1 Structure, Function, & Localization

The YB-1 protein, encoded for by the YBX1 gene, is a member of the cold shock domain
superfamily of proteins, which is the most highly conserved nucleic acid binding domain from
prokaryotes to eukaryotes in existence. Three subfamilies of the YB-1 protein exist, including
YB-1, YB-2, and YB-3, however, YB-1 is the most frequently occurring and studied. The
protein is 324 amino acid residues long and can be subdivided into three main domains,
including an Alanine/Proline rich domain near the N-terminus, the Cold Shock Domain (CSD)
near the center of the protein (which acts as a nucleic acid binding domain), and a hydrophilic
domain containing basic/acidic residue repeat sequences near the C-terminus (Figure 1)

(Budkina et. al., 2020). All three subfamilies follow this same structural pattern, although their

10



specific residues, lengths, and functions may differ slightly. YB-1 also shows irregular
electrophoretic movement, exhibiting a 50 kDa molecular mass and a 36 kDa molecular mass
calculated from its amino acid sequence. It has one other isoform, YB-1 X1 that is 294 amino

acid residues long.

|
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Figure 1. Schematic of YB-1 protein. This shows the Alanine/Proline (A/P) rich domain

(residues 1-50), the evolutionarily conserved Cold Shock Domain (CSD) (residues 51-129),
and the C-terminal domain (CTD) (residues 130-324), which contains four positively charged
Arginine-rich clusters alternating with four negatively charged clusters of amino acid residues.
The RNA-binding RNP-1 and RNP-2-like motifs stretch from residues 70-77 and 84-87,
respectively. Phosphorylation of S102 induces nuclear translocation of the protein. Nuclear
localization signal (NLS) stretches from residues 186-205). Cytoplasmic retention site (CRS)

stretches from residues 247-267. Figure modified from Budkina et. al., 2020.

Typically, the Y-box binding protein-1 (YBX-1 or YB-1) is localized to the cytoplasm
where it is involved in the post-transcriptional control of mMRNA splicing for several epithelial-
to-mesenchymal transition (EMT) related genes. However, in response to different
environmental stimuli, one of which includes exposure to anticancer chemotherapeutic drugs, it
localizes to the nucleus and acts as a transcription factor that binds to the Y-box consensus
sequence (5’-CTGATTGG-3") of the promoter regions of DNA for multi-drug resistance-related

genes, including ABCBL1 (as well as MVP/LRP, TOP2A, CD44, CD49f, BCL2, and MYC), and
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dysregulates their function (Figure 2) (Kuwano et. al., 2019). These stimuli trigger
phosphorylation of residue Ser102 on YB-1, which induces a conformational change in the
protein and allows it to enter the nucleus (Kuwano et. al., 2019) (Fig. 2). In addition to this,
enhanced nuclear expression of YB-1 in cancer cells is highly associated with both poor overall
survival (OS) in cancers of the breast, ovary, prostate, liver, gastric, colorectal, and lung, and
with various cancer biomarkers such as ABCB1, MVP/LRP, EGFR, HER2, AR, and CDC6

(Kuwano et. al., 2019).
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Figure 2. YB-1 mechanism of action. A variety of factors, including presence of Xenaobiotics,
induces activation of receptor kinases that lead to eventual phosphorylation of serine residue
102 (S102) within the CSD of YB-1. This causes nuclear localization of the protein, where it
binds to DNA and affects transcription of various downstream genes relating to drug resistance,
cell proliferation, and malignant cancer progression. Figure modified from Alkrekshi et. al.,

2021.




Furthermore, YB-1 is one of the most abundant RNA-binding proteins (RBPS) in
embryonic and somatic cells and goes through nonspecific binding with most cellular mRNAs.
For example, YB-1 was detected to complex with up to 15,000 mRNAs in glioblastoma cells,
which practically makes up the entire human transcriptome, including both pre- and mature
MRNAs (Wau et. al., 2015). Additionally, specific subsets of transcripts from selectively enriched
complexes with YB-1 in K-RAS-transformed NIH3T3 mouse fibroblasts encoded for
functionally related proteins from a variety of regulatory networks including, ATP-binding
cassette transporters (as previously mentioned), insulin signaling, mitogen-activated kinase
cascades, and translational controls (Evdokimova, 2022). The largest amongst these identified
mMRNAs encoded for growth factors, receptors, and regulatory proteins, like TGFa & B, VEGF-
B, PDGF4, and FGFR5. YB-1 also activates cap-independent translation of some mRNAs, like
MY C and their related epithelial-to-mesenchymal (EMT) transition transcription factors such as
HIFla, FOXO3a, SNAILI, LEF1, TWIST1, and ZEB2, in H-RAS-transformed MCF10A
mammary epithelial cells (Evdokimova et. al., 2009). YB-1 also promoted some of these genes
in the context of the mTOR kinase signaling pathway in prostate cancer cells. Ultimately, YB-1
knockout in cancer cell lines and mouse models showed decreased cell proliferation, survival,
migration, and tumor-forming capacities.

2.2 YB-1 & Drug Resistance in Different Cancers

Intrinsic and acquired resistance to chemotherapeutic techniques have been the cause of
treatment failures for a variety of different cancer patients with different cancer types. The YB-1
protein has been associated with expression of the P-glycoprotein (PGP) gene MDR1, which aids
in developing a multidrug-resistant cancer cell phenotype. In human breast cancer,

overexpression and nuclear localization of YB-1 is associated with an upregulation of the P-
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glycoprotein, and in clinical studies, post-operative chemotherapy on patients with high YB-1
expression had a 5-year relapse rate of 68%, compared to those with low YB-1 expression,
which only had a 5-year relapse rate of 39%, indicating that YB-1 is associated with resistance in
some way (Janz et. al., 2002). Furthermore, YB-1 has been shown to facilitate resistance of the
glioma tumors to first-line temozolomide treatment via activation of MDMZ2 and degradation of
p53 (Tong et. al., 2019). Additionally, Renal cell carcinomas (RCC) showed upregulated
expression of both YB-1 and ABCBL1 in acquired sunitinib-resistant in vitro, ex vivo, in vivo, and
patient samples compared to the sensitive samples (D’Costa et. al., 2020). Overexpression or
enhanced nuclear expression of YB-1 may play a key role in modulating drug resistance to PGP-
targeting drugs, as well as non-PGP-targeting drugs anticancer compounds or other cytotoxic
agents (like DNA-damaging agents) (Kuwano et. al., 2004). In HCC cells, the absence of YB-1
was shown to suppress sorafenib resistance by deactivation of the PI3K/Akt signaling pathway
caused by sorafenib (Liu et. al., 2021). Cumulatively, this gives a clear indication that YB-1 is
definitely related to drug-resistance in multiple cancer types, and although it has been shown to
be connect to the Akt pathway in HCC, there still remains much to be studied. Regardless, these
previous studies indicate YB-1 as a great potential target of inhibition in an effort to combat drug
resistance in cancers, including sorafenib resistance in HCC.
3. Biomarkers

3.1 Background

The cancer proteome and metabolome are typically defined as the entire set of proteins or
small molecule metabolites, respectively, that are produced by a cancer (Karkoutly et. al., 2021).
Together, these both can contain very important information relating to the discovery of novel

biomarkers. A variety of different physical assays including electrophoresis, mass-spectroscopy
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techniques, and protein microarrays are used in novel biomarker discovery. Target-specific
immunoassay and immunosensor techniques, including electrochemical, mass-sensitive, and
optical have been used for tumor-related biomarker detection as well (Wu et. al., 2007). Most
chemotherapies target the cells’ DNA directly, but this risks damaging healthy cells as well, so
more recent approaches to anticancer drugs tend to shift the focus to molecular targeted therapy
(i.e. monoclonal antibodies and small molecule inhibitors) instead. This is done with the goal of
trying to reverse abnormalities in the expression of kinases, tubulin proteins, extracellular matrix
components, vascular targets, cancer stem cell pathways, or the tumor microenvironment (like
acidity) as possible drug targets so that cancer cells can be selectively killed with a decreased
toxicity towards normal cells (Kumar et. al., 2018).
3.2 YB-1 as a potential biomarker

In a variety of different cancers, including breast cancer, lung cancer, liver cancer,
ovarian cancer, colorectal cancer, prostate cancer, Synovial sarcoma, multiple myeloma,
osteosarcoma, melanoma, glioblastoma, the level of YB-1 localization in the nucleus is
correlated with poor clinical outcomes (Maurya et. al., 2017). This is likely due to the fact that
YB-1 within the nucleus promotes transcription of proliferation-related genes including the E2F
transcription factor 1 (E2F1), Cyclin A and B1, proliferating cell nuclear antigen (PCNA),
thymidine kinase 1 (TK1), and epidermal growth factor receptor (EGFR) (Yin et. al., 2022).
Hence, the nuclear and cytoplasmic concentrations of YB-1 in different cancers may serve as a
potential biomarker for cancer progression that can generally predict cancer prognosis. In fact,
the plasma concentration of a small secreted portion of YB-1, YB-1/p18, in was used to identify

patients with various malignancies, independent of acute inflammation, renal impairment or liver
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dysfunction showed potential as a possible tumor marker for screening high-risk patients (even
though it proved not to be a very good marker for HCC) (Tacke et. al., 2011).
4. Protein-Drug Interactions
4.1 Physical Drug-Protein Interaction Analyses
Studying drug-protein binding interactions with physical assays typically falls into either the

nonspectroscopic (like calorimetry, dialysis, filtration, electrophoresis and centrifugation) or
spectroscopic (like UV and visible light absorption, NMR, X-rays, and fluorescence) categories
(Chignell, 1971). However, these are recently being replaced with more advanced and efficient
methods including various mass-spectroscopy (MS) techniques, which can take a direct
approach, a structural approach, an enzymatic approach, an affinity-based approach, or a global
proteomics approach (Zinn et. al., 2012). These various MS approaches make it possible to
characterize drug target structures, screen large numbers of potential drug candidates (in
metabolism and in pharmacokinetic studies), detect drug-target complexes, examine how protein
structure is affected by the drug, and monitor the enzymatic activity of the target protein in
relation to the drug (Campbell & Le Blanc, 2011). Despite the serious improvements in
analyzing protein-drug interactions over the years, these methods are still complex, time-
consuming, and costly (Karkoutly et. al., 2021).
4.2 in silico Drug-Protein Interaction Analyses

Because of this, more convenient tools relating to computational methods and structural
modeling should be used for estimating protein-drug binding affinities instead (Wanat et. al.,
2018). By taking advantage of these highly underutilized in silico tools and the most up-to-date
bioinformatics techniques, like homology modeling, to analyze protein-drug interactions, it is

possible to discover small molecule inhibitors for cancer protein targets by measuring their
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protein-ligand binding affinities (Karkoutly et. al., 2021). This will save a lot of time and money
in the long-run when compared to the more labor and resource-intensive alternatives that exist.
Furthermore, these tools can be used to conduct extensive screenings for potentially repurposing
existing drugs. Previously, this would have had to be done with wet-lab experiments and would
only have allowed for analysis of a single protein-ligand interaction at a time. Now, this can be
done virtually, by conducting protein-ligand analyses that take advantage of either individualized
rigid or flexible docking interactions, and although this is still more efficient than the wet-lab
experiments, there is still an even better alternative. Performing high-throughput virtual
screenings (HTVS), in which a series of parameters are sequentially specified in order to identify
therapeutic compounds with the highest binding affinities to the cancer protein target of interest.
Using these methods, a potential YB-1 inhibitor can be identified through the help of such
protein-ligand based analyses, making the chances of resensitizing liver cancer cells to sorafenib
increasingly high. All finalized datasets can then be verified as effective or not through in vitro
testing. In doing so, the drug resistance developed by liver cancer cells against sorafenib can be

bypassed and treatment with this drug can become effective once again.

17



CHAPTER IlI

MATERIALS & METHODS

1. in silico Approach

1.1 Obtaining the protein model

The Research Collaboratory for Structural Bioinformatics Protein Data Bank (RCSB
PDB), an open access resource in biology and medicine for finding three-dimensional structural
data on large biological molecules such as proteins, was used to find the PDB ID for the crystal
structure of the protein of interest (Burley et. al., 2017). Typically, the whole protein model is
preferable if it can be retrieved so that results are more realistic, but if it is unavailable, like in
this case, then it is best to try and find only the binding site region/domain of the protein on

RCSB PDB and use that instead.

1.2 Alternative approach to obtaining the protein model: homology modeling

Should the structure of the entire protein of interest or its binding region be unavailable
online, an alternative approach may be taken to create the model via homology modeling. In
such cases, the Universal Protein Resource (UniProt), a freely accessible resource of protein
sequences and functional information, can be used to find the FASTA sequence (the single letter
abbreviation primary amino acid sequence) of the protein of interest in humans. This sequence
can then be put through a protein-protein BLAST analysis to search the PDB for any
homologous proteins in humans. The query coverage indicates the input sequence match and
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should be at least 50% to indicate creation of a potentially good model via homology modeling.
The percent identity is the similarity in the amino acid sequence found based on the FASTA
sequence, and should be as close to 100% as possible for well known proteins (though may be
considerably lower for less common ones). After the protein has been BLASTed, the FASTA
sequence should be sent to an open access protein homology modeling server, like I-TASSER or
SPARKS-X (Muhammed & Aki-Yalcin, 2019; Roy et. al., 2010 ). The top 5-10 models and
conformations that were created will be sent to you anywhere from 1-3 days, depending on the
server load.

1.3 Verifying the protein model

After protein models have been obtained, Discovery Studio Visualizer can be used to
help visualize the model, get rid of any unnecessary molecules (like water and hetatom
molecules), and confirm there are no structural abnormalities. like excessive loops of coils. If
such abnormalities are seen within the model they can be ignored as they are unlikely to appear
in such a conformation within nature. Ramachandran plots can then be utilized to verify proper
protein models.

Once protein models were received from the modeling servers, an open access website
called PROCHECK was used to create Ramachandran plots. Ramachandran plots for each
protein conformation will be constructed by uploading the resulting pdb file to the ProCheck
server (Sheik et. al., 2002). Ramachandran plots measure the torsional angles of a given protein
file’s structural conformation to determine whether it is feasibly found in nature. The best protein
conformation will be the one closest to having 100% of residues in the most favored regions of
the plot, with anything below 90% being invalid as a potential protein structure. This would

indicate the best protein conformation, containing the least torsional stress on its residues and
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most likely to appear in nature. If a model is close to 90%, refinement of the model may be done
using the ModRefiner server to try and get it to 90%. Likewise, even if a model is already at 90%
in the favored region, it may also be refined to reach as close to 100% as possible.

Models obtained from the RCSB PDB are experimentally verified, either by NMR or by X-
ray crystallography, and can thus be considered an accurate depiction of the protein or its domain
in nature. Regardless, it would still be advantageous to run it through ProCheck servers to
receive Ramachandran plots just for confirmation. Confirmed models can then serve as controls
(wild-types) as they contain known mutations.

1.4 Searching for homologous binding regions and drug controls

Validation of the conserved binding domain from YB-1 can be done to further justify the
hypothesis. After a verified protein model has been obtained, a literature search can be done for
other proteins that may have a similar structure and/or binding domain to the protein of interest
(the BLAST data may help with this as well). The CLUSTAL Omega Multiple Sequence
Alignment tool can then be used to identify similar consensus sequence sites between these
homologous proteins and the protein of interest. This will show that the YB-1 protein is
conserved, even functionally, in a homologous transcription factor, such as Lin28. Then, another
literature source was done to identify known inhibitors of the protein with the homologous
binding domain or structure (Lin28) and of the protein of interest (YB-1). The inhibitors for the
homologous protein may thus potentially act as inhibitors for YB-1. Running an initial protein-
ligand docking analysis to measure binding affinities can then serve as a baseline for comparison

when the entire drug library screening is conducted.
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1.5 Obtaining a potential drug library
The DrugBank is a comprehensive open access online database that contains information on a
variety of drugs and drug targets, including details about drug data (such as chemical,
pharmacological, and pharmaceutical properties) and drug target information (such as sequence,
structure, and pathways/mechanisms of action). This database includes a list of over 14,000
experimental and approved drugs, as well as small molecule inhibitors and nutraceuticals that
can be utilized to perform a comprehensive drug screening against our protein of interest, YB-1.
The database files can be downloaded and all ligand (drug) structures available can be obtained
for interacting with YB-1. Version 5.1.8 (released 03-1-2021) was utilized at the time this
screening was performed.
1.6 Performing an individualized rigid docking analysis via AutoDock Tools

AutoDock Tools 4.0, a genetic-based algorithm-based tool, was used to perform the
protein-drug rigid docking analysis and obtain the binding energies and affinities of these
interactions. Rigid docking simulation was followed by identification of the best of 10
conformations between each protein and drug. As previously mentioned, all water molecules
were removed, and polar only hydrogens were added to the protein models. Kollman charges,
Gasteiger charges, and AD4 type atoms were then added to the compounds. The ligand (drug
being tested) was then selected, the root was chosen and detected, and the root marker was set to
“show/hide”. Number of torsions were then chosen and set to the default of 7 (number may differ
depending on protein used). Now a PDBQT file of the protein and ligand were ready for
docking. A grid box was then set to 60x60x60 in the X, Y, and Z axis grid coordinates with a
default grid point spacing of 0.375A and saved as a .gpf file. After specifying the grid

parameters, the PDBQT for the macromolecule (protein of interest) was then selected for
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docking. This was followed by choosing the PDBQT for the ligand being tested and setting its
search parameters to genetic algorithm, accepting the docking parameters, outputting
Lamarckian GA (LGA) for simulation calculations, and saving as a .dpf file. The grid was then
run and took about 20-30 seconds, followed by the docking which took anywhere from 30
minutes to an hour per protein-ligand analysis. This was repeated for each available
compound. All compounds then had binding energies (kcal/mol) and affinities, Ki (uM), listed.
1.7 Performing an individualized flexible docking analysis via Discovery Studio Client

Discovery Studio Tools was then utilized for a flexible docking analysis using essentially
the same binding parameters mentioned for the rigid docking analysis. The primary difference is
that the residues in the binding region of the protein were set to be flexible, allowing for a more
realistic analysis of docking since proteins in nature are not usually rigid. This was also repeated
for each individually available compound. The obtained docked poses for this were then listed
according to their CDocker energy score (kcal/mol), which is calculated at the final stage of the
flexible docking protocol and typically used as indication for the binding strength of the ligands
as opposed to direct binding energy like with the rigid docking (Abdel-Hamid & McCluskey,
2014).
1.8 Performing a high throughput virtual screening (HTVS)

The docking analyses and drug screening of the entire DrugBank library consist of a
series of different steps and stages that are performed sequentially in order to gradually narrow
down the list of potential drugs. To do so, a multi-layered screening process for performing the

HTVS was utilized (Dhasmana et. al., 2020).
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1.8.1 Rigid Docking Analysis

A preliminary screening was first done by applying Lipinski’s rule of 5, which is a specific
criterion for selecting small druggable molecules. DS LibDock, a quick rigid docking extension
of the BIOVIA Discovery Studio Client 2020 software was then used to perform fast and
efficient docking by identifying hotspots around the protein’s binding domain. These sites were
then assigned for use in directing the drugs for rigid alignment of the ligand conformations in
order to generate favorable interactions. A final energy-minimization step was performed to
allow the ligand poses to be flexible, before the top scoring ligand poses were saved. Based on
previous studies conducting similar research, this should narrow down the list from an initial
14,000 ligands to around 1,000. The problem with rigid docking is it simply determines which
ligands form the best fit at the binding site of YB-1 and thus more advanced parameters must be
specified in order to narrow down a more accurate list even further.
1.8.2 Flexible Docking Analysis

A second layer screening took advantage of a more time-consuming and computational-
intensive extension of BIOVIA’s Discovery Studio Client 2020 known as CDOCKER.
CDOCKER is a special docking parameter that is an execution of a DS CHARMmM and grid-
based docking method. After the initial rigid docking screening, the top 10% of ligands from that
list are taken and run through this flexible docking analysis. Ligand conformations get generated
via high-temperature molecular dynamics followed by refinement, where the protein’s binding
residues are made flexible through the simulated annealing of MD. CDOCKER ultimately allows
for a quick, physics-based scoring function to be performed through the use of DS CHARMmM
energy of the docked complex, serving as a flexible docking tool for both small molecules and

macromolecules alike. The DS CHARMM force field is perfect for the high throughput analysis

23



of extensive lists of ligands and produces docked conformations with extreme precision.
Essentially, it takes the specific binding region of the protein and makes those residues flexible
so that they are capable of moving around in a manner more similar to how they would act in
nature, whereas rigid simply tests for how effectively the drugs initially bind to the binding
pocket of the protein. This is yet another reason the initial screening is done via rigid docking,
since it would take way too long and require a lot more computational power to run if we just ran
a flexible docking right off the bat. Based on previous studies conducting similar research, this
should further narrow down the list from around 1,000 ligands to about 100.
1.8.3 ADMET Analysis

Finally, BIOVIA Discovery Studio Client 2020 was also utilized in order to perform an
Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) analysis and measure
to obtain the exact pharmacokinetic properties of the protein-drug interactions. The ADMET
descriptors protocol was used, which used the QSAR model’s estimated range of training sets to
estimate the ADMET properties for the test sets or small molecules. Blood brain barrier (BBB)
penetration, cytochrome P450 (CYP450) 2D6 inhibition, hepatotoxicity, human intestinal
absorption (HIA), plasma protein binding, parameters were all computed in this analysis,
followed by an AMES test to determine potential mutagenicity or genotoxicity. Based on
previous studies conducting similar research, this should further narrow down the list from
around 100 ligands to about 10-20. The docking structural analyses simply test for binding
affinities and as such we cannot really determine whether it will be an inhibitor or not. Albeit,
the library of ligands we are testing are all drugs, so it is highly likely that they are in fact
inhibitors, but nevertheless the analysis cannot tell us this information with certainty. Thus, after

the final screening is completed, a literature search must be conducted in order to determine

24



whether the drugs that were identified have already been tested in cancer or not. This should
ultimately narrow down the search to about 5 or 6 potentially testable drugs. However, even after
this list is narrowed down, there is no guarantee that any results will be seen until it is finally
verified with in vitro testing.
2. Cell Culturing & Reagents

2.1 Cell culturing

Prominent human liver cancer cell lines such as HepG2, Hep3B, C3A, and SKHEP1 were
utilized for our experiments and obtained from ATCC. Cells were cultured in Eagle’s Minimum
Essential Media (EMEM, ATCC) supplemented with 10% fetal bovine serum (FBS ) and 1%
antibiotic-antimycotic. Cells were then stored in an incubator under standard conditions at 37°C
with a humidified atmosphere containing 5% CO,.
2.2 Chemicals, Reagents, & Antibodies

All chemicals and reagents were purchased from Sigma Aldrich Corporation, MidSci, or
ThermoFisher, including TRIzol (Invitrogen), Sorafenib, and glycine. Cell culture plastics were
purchased from Corning Life Sciences, MidSci, or ThermoFisher. cDNA Kkits were purchased
from ThermoFisher. Primers were purchased from IDT DNA, anitbodies from abcam, and RT-
PCR mastermix kits from BioRad.

3. Screening for YB-1 Expression

3.1 RNA Isolation

Total cell RNA was harvested from P100 plates at around 70% confluency (while in log
phase) using ImL TRIzol (Invitrogen, USA) and then allowed to sit at room temperature for 5-10
minutes before scraping the plate and transferring the homogenates to an empty RNase free 2mL

Eppendorf tube. 200uL of chloroform was then added per 1mL TRIzol, vortexed, and spun at
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12000rcf for 15min at 4°C. The aqueous phase (clear top layer) was then removed and
transferred into an RNase free 1.5mL Eppendorf tube (around 500uL), being careful not to
pipette any of the floating cell debris, before adding equal volume (around 500uL.) isopropanol,
vortexing, and allowing to sit at room temperature for 10min. Afterwards, it was spun once more
at 12000rcf for 10min at 4°C. The supernatant was then removed and an equal volume (1mL) of
80% ethanol was added to wash the pellet before vortexing, and spinning one last time at
12000rcf for 10min at 4°C. Finally, the ethanol was removed and the pellet was allowed to dry
for 5-10min before resuspending it in molecular grade water. The NanoDrop machine was then
used to determine RNA concentration in the sample. Disposable gloves and sterile techniques
and methods were used to prevent microbial contamination while handling samples.
3.2 cDNA Preparation

cDNA was made from RNA following kit protocol and utilizing the ThermoCycler
machine. Total volume of 20uL of 2ug/uL samples were further diluted to a final volume of
80uL using molecular grade water.
3.3gRT-PCR

The qRT-PCR to test for YB-1 expression was done according to EvaGreen master mix
PCR kit protocol. The primers for B-actin, YB-1, c-MYC, VEGF, and p53 were obtained from
IDT DNA.
3.4 Western Blot

B-actin and YB-1 protein levels in total cell extract were analyzed by Western blot
analysis. YB-1 monoclonal antibody (Abcam, USA) and -actin antibody (Sigma) were used for
this purpose. Cells were collected and solubilized in RIPA buffer with protease inhibitor and

phosSTOP. After protein samples were quantitated following Bradford Assay protocol, samples
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were loaded onto the gel along with the loading dye and ran for 1hr at 200V. The blot was then
transferred, blocked, finally, incubated with YB-1 primary antibody and then HRP-labeled
secondary antibody, finally, the blots were imaged after ECL treatment using CHEMIDOC.
4. Transfection

HCC cells (SKHEP1 and HepG2) were serum starved overnight in OPTI-MEM media
(Thermo Fisher Scientific) and then transfected with the empty vector and YB-1 overexpression
plasmid containing the YB-1 gene using Lipofectamine LTX (Thermo Fisher Scientific). After 8-
12hr of transfection, the media was replaced with 10% serum containing media and allowed to
grow. At the 24hr mark, cells were checked for GFP expression to confirm uptake of plasmid
and then seeded to calculate for 1C50.

5. MTT Assays

5.1 Obtaining 1C50 Values

Cell viability was measured using an MTT proliferation assay. Initially, around 10,000
cells from each HCC cell line (HepG2, Hep3B, C3A, and SkHep-1) were seeded in three 96-well
plates (one for 24hr, 48, and 72hr IC50 respectively) and allowed to attach overnight (for 8-
12hrs). The following day, each cell line was treated with a range of different Sorafenib
concentrations from OuM- 50uM, with DMSO serving as a vehicle control. IC50 was then
determined at 24hrs, 48hrs, and 72hrs after drug treatment based on the 50% cell viability.
Twenty microliters of MTT reagent (5mg/mL in PBS; SigmaAldrich) was added at each
indicated time point to the cells and allowed to incubate for an additional hour at 37°C to allow
formation of formazan crystals. After confirming formation of crystals under microscope (color
of cells should have turned purple/blue), the media/MTT reagent mixture was aspirated and the

crystals were dissolved by adding 100uL of DMSO. The plate was then put on a shaker for
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10mins before being measured for optical density (OD) at a wavelength of 570nm in the
VARIOSKAN plate reader, with each data point representing an average of four independent
experiments for drug treatment.
6. Immunofluorescence

HCC cancer cells were seeded in a 12-well plate containing round coverslips (Thermo
Scientific) with 100,000 cells in each well. The cells were serum starved overnight and then
treated with 5uM sorafenib and 10mM glycine alone and in combination for 24hrs. Negative and
no treatment controls were also included. Media was removed after 24hrs and fixed in 4%
paraformaldehyde for Co-IF. After subsequent PBS washes, the slides non-specific regions were
blocked using 10% goat serum (Sigma-G9023) for 1hr at room temperature. The slides were then
incubated with primary anti-rabbit YBX1 (1:200) (abcam-ab76149) and secondary antibody
Alexaflour 488 goat anti-rabbit (1:200) (Invitrogen) and mounted with DAPI before being
processed for confocal microscopy.

7. Statistics

Statistical analyses were performed using GraphPad Prism 9.0 software (GraphPad). For
assays with 2 groups with equal or unequal variance, unpaired 2-tailed Student’s t tests or t test
with Welch’s correction was performed, respectively. In instances with 3 or more groups, 1-way
ANOVA statistical tests were performed with Tukey’s correction for pairwise analysis. Data are
represented by mean £ SEM. * indicates significance of P < 0.05, ** indicates significance of P

<0.01, *** indicates significance of P < 0.001, and **** indicates a significance of P < 0.0001.
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CHAPTER IV

RESULTS

1. Characterization of YB-1 in HCC Cell Lines & Modulation of Sorafenib Resistance

1.1 TCGA Analysis
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Figure 3. TCGA database analysis of HCC patients. YB-1 expression was high in primary

tumors (n=371) as compared to normal (n=50).

Because the YB-1 protein remains relatively understudied in liver cancers, we became

curious about the status of YB-1 in liver cancer patient tissues and how it is expressed. The best

way to do this was to look at data from The Cancer Genome Atlas (TCGA). TCGA data analysis

showed that YB-1 expression is high in tumors of HCC patients compared to normal patients
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(Figure 3). Identifying the status of YB-1 expression in HCC patient tissues helped further justify
the need to continue studying this protein in liver cancer. Thus, our next step was to characterize
its expression in available HCC cell lines obtained from ATCC.

1.2 mRNA & Protein Expression

B \
S\(\Y\?y \,\69?’B \,\eQG‘z vl
50 kDa —
—— ———_ YB-1
A —
YB-1 50 kDa —|
297 — — e w—
2.0 e e ok ok C
@ * %k %k g 2.0+
51_5_ * ke — @
S g 1.5- e
E 1-0_ m Khkkk
o c
. s 1.04 —=
0.5 5
a
0.0 T T T T 2 0.5+
Hep3B SKHEP1 C3A HepG2 :'3
& 0.0 T T T T
A A G\ g
Q N Q (@)
() N )
\S o >

Figure 4. mMRNA & protein expression of YB-1 in HCC Cells. A) RT-PCR of HCC cell lines
showing YB-1 mRNA expression. B) Western blot analysis of HCC cell lines showing YB-1
protein expression. C) Quantification of relative protein expression of YB-1 from western blot.
B-Actin was used as the housekeeping gene for both the RT-PCR and western. Data are
represented by mean + SEM. Significance was determined by GraphPad Prism 9.0 via an

ordinary One-way ANOVA multiple comparisons test: ***P < 0.001 and ****P < 0.0001

indicate significance differences.

Various HCC cell lines that were readily available, including Hep3B, SKHEP1, HepG2,
and C3A, were screened for YB-1 mRNA and protein expression before selecting which model

would be best for use in further testing. An RT-PCR of each HCC cell line was ran and it was
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discovered that Hep3B had the lowest YB-1 mRNA expression, with SKHEP1, C3A, and HepG2
being increasingly and signficantly higher in expression (Figure 4A). Western blot data showed
that YB-1 protein expression in SKHEP1 was similar to Hep3B, while C3A and HepG2 were
significantly higher (Figures 4B & 4C). We then became curious as to how the expression of
some of the downstream genes of YB-1 was affected by YB-1 expression, so we conducted
another RT-PCR for each HCC cell line.

1.3 YB-1 Downstream Gene Expression in HCC Cell Lines
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Figure 5. YB-1 and downstream genes in HepG2. RT-PCR showing mRNA expression of
YB-1 and downstream genes, including C-Myc, VEGF, and p53, in HepG2 relative to Hep3B.
B-Actin was used as the housekeeping gene for the RT-PCRs. Data are represented by mean +
SEM. Significance was determined by GraphPad Prism 9.0 via an unpaired parametric t-test
with Welsch’s correction, not assuming equal SDs: **P < 0.01, ***P < 0.001, and ****P <

0.0001 indicate significant differences.

In order to verify the downstream genes for YB-1 in the HCC cell lines we performed an
RT-PCR for C-Myc, VEGF, and p53 in the HCC cell lines. HepG2 showed a higher expression

of C-Myc and p53 as with YB-1 expression, but the VEGF mRNA was downregulated (Figure

5).
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Figure 6. YB-1 and downstream genes in C3A. RT-PCR showing mRNA expression of YB-
1 and downstream genes including C-Myc, VEGF, and p53, in C3A relative to Hep3B. B-Actin
was used as the housekeeping gene for the RT-PCRs. Data are represented by mean + SEM.
Significance was determined by GraphPad Prism 9.0 via an unpaired parametric t-test with

Welsch’s correction, not assuming equal SDs: **P < 0.01, ***P < 0.001, and ****P < (0.0001

indicate significant differences.

When checked in C3A, results were similar to that of HepG2 in that mRNA expression of

C-Myc and p53 were upregulated with YB-1 expression, while VEGF was downregulated

(Figure 6).
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Figure 7. YB-1 and downstream genes in SKHEP1. RT-PCR showing mRNA expression of
YB-1 and downstream genes including C-Myc, VEGF, and p53, in SKHEP1 relative to Hep3B.
B-Actin was used as the housekeeping gene for the RT-PCRs. Data are represented by mean +
SEM. Significance was determined by GraphPad Prism 9.0 via an unpaired parametric t-test
with Welsch’s correction, not assuming equal SDs: **P < 0.01, ***P < (0.001, and ****P <

0.0001 indicate significant differences.
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Finally, in SKHEP1, VEGF also corresponded with YB-1 expression, along with C-Myc
and p53 (Figure 7). Some downstream genes of YB-1 were checked for mMRNA expression via
RT-PCR in HepG2, C3A, and SKHEP1 cells in order to check for correlating YB-1 expression.
For HepG2 (Figure 5) and C3A (Figure 6), C-Myc and p53 were both correlated with YB1-
expression, while VEGF was not. However, for SKHEP1, C-Myc, p53, and VEGF were all
correlated with YB-1 expression. Because we are working with drug resistance, our next step
was to determine some baseline 1C50 values of the HCC cell lines in order to eventually start

development of stable sorafenib-resistant HCC cells. For this, an MTT assay was conducted.

1.4 1C50 Values of HCC Cell Lines Treated with Sorafenib
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Figure 8. 1C50 values of HCC cells treated with sorafenib. Graphical representation of the
24, 48, and 72hr 1C50 values of the HCC cell lines A) Hep3B B) SKHEP1 C) C3A and D)

HepG2 treated with sorafenib. Data are represented by mean + SEM.
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Table 2: 1C50 Values for Sorafenib in HCC Cell Lines. The table shows 24, 48, and 72hr
IC50 values as calculated by MTT assay for different HCC cell lines. The values are represented
in uM.
24hr 48hr 72hr
Hep3B 10.45 5.048 6.012
C3A 7.950 11.36 4.995
HepG2 14.27 5.767 9.105
SKHEP1 27.38 9.733 6.103

In order to determine IC50 values of HCC cell lines treated with sorafenib an MTT assay
was conducted for 24, 48, and 72hrs at varying treatment concentrations (Figure 8). Based on the
calculated 1C50 values, the patterns shown indicate that the 1C50 for all HCC cell lines were
highest at 24hr except for C3A, which was highest at 48hr, and then decreased once again
between 48hr and 72hr (Table 2). SKHEP1 decreases in 1C50 value from 24hr to 48hr and again
from 48hr to 72hr. Hep3B and HepG2 saw a decreased 1C50 from 24hr to 48hr, but then an
increase between 48hr and 72hr. Generation of stable-resistant cell lines takes much time, thus,

the next best thing was to conduct a YBX1 gain of function study via transfection.
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1.5 YB-1 Overexpression-Plasmid Characterization
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Figure 9. YB-1 overexpression plasmid characterization. A) 48hr GFP images for transient
transfection of YB-1 overexpression and CMV Vector into SKEHP1 via LTX Lipofectamine
kit taken at 10X magnification. B) Vector map of plasmid (obtained from abmGood) to be used
for YB-1 overexpression study, via CMV-GFP Lentiviral transfection. C) Overexpression of
YB-1 mRNA for this transfection was verified via RT-PCR, with an average fold change of
49.29. B-Actin was used as the housekeeping gene for the RT-PCR. Data are represented by
mean £ SEM. Significance was determined by GraphPad Prism 9.0 via an unpaired parametric

t-test with Welsch’s correction, not assuming equal SDs: ***P < 0.001 indicates a significant

difference.

For conducting a gain of function study, a YB-1 overexpression plasmid was designed
and obtained (Figure 9B). The YB-1 overexpression plasmid was transiently transfected via LTX

Lipofectamine with SKHEP1 cells (Figure 9A) and was verified as successful via mRNA
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expression through an RT-PCR, with an average fold change of 49.29 (Figure 9C). From there,

we wanted to see what effect overexpression of YB-1 might have on sorafenib, so we conducted

another MTT assay to calculate IC50 values of some YB-1 overexpressed HCC cells.

1.6 1C50 Values of YB-1 Overexpression HCC Cells Treated with Sorafenib
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Figure 10. IC50 values of HepG2 + YBX1 treated with
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sorafenib. A) Graphical

representation of the 24, 48, and 72hr IC50 values of HepG2 overexpressed with YB-1 when
treated with sorafenib, vector only was used as control. B) Average fold change between vector
and overexpression IC50 values. Data are represented by mean + SEM. Significance was

determined by GraphPad Prism 9.0 via an unpaired parametric t-test with Welsch’s correction,
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Table 3: 1C50 Values for Sorafenib with YBX1 Overexpression in HepG2 Cell Line. The
table shows 24, 48, and 72hr IC50 values as calculated by MTT assay for different HepG2 +

YBX1. The values are represented in uM.

24hr A8hr 72hr
HepG2 + Vec 11.56 8.792 6.002
HepG2 + YBX1 9.892 9.138 7.254

In order to determine how YB-1 overexpression affected the 1C50 values of HCC cell
lines treated with sorafenib an MTT assay was conducted for 24, 48, and 72hrs at varying
treatment concentrations in HepG2 (Figure 10A). Based on the calculated 1C50 values, the
patterns shown indicate that the 1C50 for HepG2 + Vec were highest at 24hr and continued to
decrease between 24hr and 48hr and between 48hr and 72hr (Table 3). In comparison to its
vector control, the 24, 48, and 72hr sorafenib IC50 values for HepG2 + YBX1 showed no
significant difference, with average fold changes of 0.857, 1.038, and 1.208 respectively (Figure

10B). This was then repeated in SKHEP1 cells as well.
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Figure 11. IC50 values of SKHEP1 + YBX1 treated with sorafenib. A) Graphical
representation of the 24, 48, and 72hr IC50 values of SKHEP1 overexpressed with YB-1 when
treated with sorafenib, vector only used as control. B) Average fold change between vector and
overexpression IC50 values. Data are represented by mean = SEM. Significance was
determined by GraphPad Prism 9.0 via an unpaired parametric t-test with Welsch’s correction,

not assuming equal SDs: *P < 0.05 indicates a significant difference.

Table 4: 1C50 Values for Sorafenib with YBX1 Overexpression in SKHEP1 Cell Line. The

table shows 24, 48, and 72hr 1C50 values as calculated by MTT assay for different SKHEP1 +

YBXZ1. The values are represented in uM.

24hr
SKHEP1 + Vec 15.22 8.473 4,117
SKHEP1 + YBX1 16.83 13.19 10.64
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In order to determine how YB-1 overexpression affected the 1C50 values of HCC cell
lines treated with sorafenib an MTT assay was conducted for 24, 48, and 72hrs at varying
treatment concentrations in SKHEP1 (Figure 11A). Based on the calculated IC50 values, the
patterns shown indicate that the 1C50 for SKHEP1 + Vec was highest at 24hr and continue to
decrease between 24hr and 48hr and between 48hr and 72hr (Table 4). In comparison to its
vector control, the 24hr sorafenib 1C50 values for SKHEP1 + YBX1 also showed no significant
difference, with only an average fold change of 1.108, however both the 48 and 72hr IC50 values
were significantly different, with average fold changes of 1.555 and 2.574, respectively (Figure
11B). After having characterized YB-1 expression in HCC cells and identifying how it affects
modulation of sorafenib, we were ready to conduct our virtual modeling and screening studies.

2. Retrieving & Preparing the 3D Crystal Structure Model for the YB-1 Protein

2.1 Homology Modeling of p53

Table 5: Ramachandran Plot values of the I-TASSER p53 protein models. From left to

right in decreasing order represent most to least favorable regions within the plot for the five

models that were obtained. Model 3 had the highest favorable value.

Residues in most| Residues in Residues in Residues in
favoured regions| additional generously disallowed
[A,B,L] allowed allowed regions
regions regions
[a,b,l,p] [~a,~b,~1,~p]
1 Model 1 59.4% 27.6% 8.7% 4.3%
2 Model 2 60.7% 29.7% 5.9% 3.7%
3 Model 3 61.3% 26.9% 9.3% 2.5%
4 Model 4 57.6% 30.0% 8.4% 4.0%
5 Model 5 57.9% 34.1% 5.6% 2.5%

39



I-TASSER Model 3 Ramachandran Plots
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Figure 12. I-TASSER model 3 Ramachandran plots. The above figure shows the
Ramachandran Plot of the most representative I-TASSER p53 protein parent model (Model 3;

Table 3) on the left and its respective Ramachandran Plot after 3x refinement via ModRefiner

the right.

To construct a 3D crystal structure of p53, first, a homology modeling server known as I-
TASSER was utilized. After obtaining five potential p53 protein models from their servers and
checking their torsional angle viability via Ramachandran plots (Table 5). The best of these
models (that with the highest percentage in the most favourable regions of the plot), in this case
Model 3, had 61.3% in the most favourable regions of the plot and was selected for further
refinement. After a 3X refinement via the ModRefiner servers, this model reached 79.6% in the
most favourable regions of the plot (Figure 12). Thus, another homology modeling server needed

to be utilized.

40



Table 6: Ramachandran Plot values of the SPARKS-X p53 protein models. From left to
right in decreasing order represent most to least favorable regions within the plot for the five

models that were obtained. Model 1 had the highest favorable value.

Residues in most favoured Residues in additional | Residues in generously Residues in disallowed
regions [A,B,L] allowed regions [a,b,l,p’ allowed regions regions
[~a,*b,"1,~p]
6 Model 1 86.1% 11.1% 2.5% 0.3%
7 Model 2 75.9% 18.3% 4.6% 1.2%
8 Model 3 79.9% 15.8% 3.7% 0.6%
9 Model 4 76.8% 18.6% 3.7% 0.9%
10 Model 5 78.0% 18.9% 2.5% 0.6%
11 Model 6 78.0% 17.6% 1.9% 2.5%
12 Model 7 79.3% 18.6% 1.2% 0.9%
13 Model 8 78.9% 18.0% 2.2% 0.9%
14 Model 9 78.3% 18.95% 1.5% 1.2%
15 Model 10 74.6% 17.0% 5.6% 2.8%
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SPARKS-X Model 1 Ramachandran Plots
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Figure 13. SPARKS-X model 1 Ramachandran plots. The above figure shows the
Ramachandran Plot of the most representative SPARKS-X p53 protein parent model (Model 1;
Table 6) on the left and its respective Ramachandran Plot after 1x refinement via ModRefiner

the right.

Figure 14. Finalized p53 protein model. The finalized p53 protein model (SPARKS-X Model
1; Table 6 after 1X refinement) is shown in (A) orange above on the left, with its DNA binding
domain (residues 102-292), (B) highlighted in green and Zinc metal binding domains (residues

176, 179, 238, and 242) highlighted in red on the right.
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Since the model from I-TASSER didn’t meet the minimum 90% threshold in the most
favoured regions that is required for utilization of a proper 3D crystal structure (even after
refinement), a different homology modeling server, SPARKS-X, was utilized instead. After
obtaining 10 potential p53 protein models from their servers and checking their torsional angle
viability via Ramchandran plots (Table 6), the best model, Model 1, which had 86.1% in the
most favourable regions of the plot, was selected for further refinement. After only a 1X
refinement via the ModeRefiner servers, this model was able to achieve 91.6% in the most
favourable regions of the plot, surpassing the minimum 90% threshold. The finalized 3D crystal
structure for the p53 protein model from SPARKS-X (Model 1) after 1X refinement was then
visualized via Discovery Studio Client (Figure 14A), with its DNA-binding domain highlighted
in green (Figure 14B). From there, we were able to move on to the actual modeling of YB-1.

2.2 Obtaining and Verifying the YB-1 Protein Model & its Conserved Domain
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Figure 15. YB-1 binding domain model & verification. A) Image generated by Discovery

Studio showing the YB-1 binding domain (PDB ID: 6LMR) interaction with single-stranded

DNA (ssDNA). B) Ramachandran Plot for checking torsional angle viability of YBX1 (PDB:

6LMR) using Ramachandran Plot Server.
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CLUSTAL 0(1.2.4) multiple sequence alignment
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Figure 16. CLUSTAL OMEGA Multiple Sequence Alignment of Lin28A & YB-1. Multiple

sequence alignment between Lin28A and YB-1 shows three conserved homologous domains

shared between the two proteins as indicated by the red boxes.

The 3D crystal structure for the cold shock domain (CSD) of the YB-1 protein, which is
its DNA-binding domain, was obtained from the RCSB protein databank. The PDB ID of the
model used was 6LMR (Figure 15A). This model was verified via Ramachandran plot as having
97.333% in the most favourable regions, surpassing the minimum 90% threshold, and was thus a
valid protein model to use for further testing (Figure 15B). Furthermore, a CLUSTAL OMEGA
multiple sequence alignment showed that the YB-1 protein’s CSD shared three homologous

domains within its CSD to Lin28A, which also contains a CSD (Figure 16).
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3. Performing a High-Throughput Virtual Screening (HTVS) & Validating the Identified

Therapeutic Targets of YB-1

3.1 Literature Search for Potential YB-1 and Lin28 Inhibitors

Table 7: Potential YB-1 inhibitors Based on Literature Search.

YB-1 Inhibitors Lin28 Inhibitors
****DPI (2,4-dihydroxy-5- *Compound 1632 ((N-methyl-
pyrimidinylimidothiocarbomate) | N-[3-(3-methyl[1,2,4] triazolo
[4,3-b] pyridazin-6-yl) phenyl]
acetamide)
*¥*RUS0207-A006 **DAQ-B1
***RUS0202-G005 **BVT-948
**%)K0395-B007 **TPEN
*Roos et. al., 2016 **L|70
**Wang et. al.,, 2018
***Trevarton et. al., 2019
*¥**¥*Gunasekaran et. al., 2018
**1120
**Gossypol

Because Lin28 contains a homologous DNA-binding domain to that of YB-1, we looked
through various literature searches for compounds that had already been published as potential
Lin28 or YB-1 inhibitors. We intended to use these identified compounds (Table 7) as a positive
control for the model we have chosen of YB-1 on the basis of structural docking analyses.
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3.2 Rigid Docking Analysis of the Literature Search Inhibitors

Table 8: Rigid Docking Analysis (AutoDock Tools) for the Inhibitors Identified in Table

7. Binding energy (kcal/mol) and binding affinity (Ki) is shown for each compound with their

respective receptor.

1 Lin28 -5.44 102.18pM
2 YB-1 BVT-048 -5.05 198.69uM
3 Lin28 -5.91 46.90uM
4 YB-1 Compound 1632 -5.37 115 23pM
5 Lin28 -7.23 5.02uM
6 YB-1 DAQ-B1 -5.6 78.20uM
7 Lin28 -3.81 1610pM
8 YB-1 DPI -3.29 3860pM
9 Lin28 -3.99 1190pM
10 YB-1 Gossypol -4.12 947 .25uM
11 Lin28 -5.37 115.59pM
12 YB-1 JK0395-B007 -4.45 546.80pM
13 Lin28 -5.1 181.93pM
14 ¥B-1 LI120 -5.31 127.25pM
15 Lin28 -5.8 55.75uM
16 YB-1 LIT1 -6.60 12.58uM
17 Lin28 -5.08 34.82uM
18 YB-1 RUS0202-G005 -5.76 59_86uM
19 Lin28 -5.28 24.83uM
20 YB-1 RUS0207-A006 -4.83 288.73uM
21 Lin28 -3.56 2460uM
22 YB-1 TPEN =2.35 1897pM
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Lin28 & YB-1 Rigid Docking Results via AutoDock
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Figure 17. Lin28 & YB-1 rigid docking analysis results (AutoDock Tools). Graphical
representation of rigid docking analysis done via AutoDock Tools (Table 8) showing the

binding energy (kcal/mol) and Ki (uM) of potential inhibitors.

A thorough literature search was conducted to find potentially overlapping inhibitors for
Lin28 and YB-1 (Table 7), and this list was then put through a rigid docking analysis study via
AutoDock Tools. Afterwards, it was found that L171, RUS0202-G005, and DAQ-B1 were the
three compounds that had the best binding energy and strongest binding affinities, respectively
(Table 8; Figure 17). Rigid docking studies, however, are limited in scope, and thus a flexible

docking study was also conducted.
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3.3 Flexible Docking Analysis of the Literature Search Inhibitors

Table 9: Flexible Docking Analysis (Discovery Studio Client) for the Inhibitors Identified

in Table 7. CDocker Score (kcal/mol) is shown for each compound with their respective

receptor.

1 Lin28 11.40070
2 YB-1 BVT-948 -8.2191
3 Lin28 -25.63110
4 YB-1 Compound 1632 -20.20190
5 Lin28 -28.5791
6 YB-1 DAQ-B1 -31.5464
7 Lin28 15.2152
8 YB-1 DPI 10.8279
9 Lin28 -17.2058
10 YB-1 Gossypol -32.8683
11 Lin28 -23.6739
12 YB-1 JK0395-B007 -23.9679
13 Lin28 25.1427
14 YB-1 LI20 1.5767
15 Lin28 -28.4177
16 YB-1 LI71 -25.4284
17 Lin28 -12.5987
18 YB-1 RUS0202-G005 -14.4893
19 Lin28 -59.5215
20 YB-1 RUS0207-A006 -62.7071
21 Lin28 -0.02933
22 YB-1 TPEN -1.50553
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Lin28 & YB-1 Flexible Docking Results

TPEN- m Lin28
RUS0207-A006 -

RUS0202-G005- YB-1
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Figure 18. Lin28 & YB-1 flexible docking analysis results (Discovery Studio Client).
Graphical representation of flexible docking analysis done via Discovery Studio Client (Table

9) showing the CDocker Score (kcal/mol) of potential inhibitors.
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Figure 19. Binding pattern analysis of the inhibitors (Table 8 & 9 top candidates) from
rigid and flexible docking with YB-1. Binding pattern analysis images (generated by
Discovery Studio Client) between the top 5 ligands from the rigid and flexible docking analyses
and the YB-1 CSD (PDB ID: 6LMR) including A) RUS0202-G005 B) RUS0207-A006 C)
DAQ-B1 D) Gossypol and E) LI71 indicating which specific amino acid residues from YB-1

interact with each ligand are shown.

The list form Table 7 was then put through a flexible docking analysis study via
Discovery Studio Client and it was found that RUS0207-A006, DAQ-B1, and Gossypol were the
three compounds that had the best CDocker scores, respectively (Table 9; Figure 18). The
binding pattern analysis images were then generated by Discovery Studio Client for the top three
compounds from both the rigid and flexible docking analyses to show which specific amino acid
residues of the YB-1 protein’s CSD each respective compound interacted with (Figure 19). After

this, we were ready to conduct a compound screening for the entire DrugBank library.
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3.4 Performing the High-Throughput Virtual Screening (HTVYS)

DrugBank Database Comprehensive Drug Library (N= 14,522)

RCSB PDB
PDB Ligand Set A; n= 14,522
hnpgzllwmrl‘.rcsb.orgl
o Screening of DrugBank library using deduplication & filtration
=~ l using Lipinski's rule of 5
o
a

Ligand Set B; n= 5,191

Scoring using LigScore1 and 2, PLP1

Virtual screening using LibDock Rigid
and 2, JAIN, PMF scoring functions

Body Docking

| Select ligas with
consensus score 24
Ligand Set D; n= 230

Select ligands with
Binding Energy <0

Virtual screening using COOCKER
CHARMmM based MD scheme Dockin

.)RUGBANV Online

hitps://go.drugbank.com/ Screening on the bases of Select ligands with
AMES genotoxic properties Non-mutagenic properties

Ligand Set F; n= 22

Figure 20. High-Throughput Virtual Screening (HTVS). Schematic showing the systematic
multi-layered High-Throughput Virtual Screening (HTVS) of the DrugBank compounds

against the cold shock domain (CSD) of YB-1 (PDB ID: 6LMR).
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Table 10: HTVS Finalized Compound List. List of compounds finalized from the DrugBank

library screening of 14,522 compounds. Compounds are arranged on the basis of increasing

binding energy (kcal/mol).

5o, Drug Bank ID  PubChem ID  Binding Energy  CDocker Energy  LibDock Score  Protein Confirmation  Status of Drug Mol Wt Mol Formula Generic Name |
1.00 DE14511 175 -148,296 -5,7735 25,3583 T4 experimental 590133 C2HIO02 Acotate
2 DEOI0ST 10964 74,3004 11,5668 711194 54 experimental | 72.0211 | C3HADZ Malonaldetyde
El DEOXEZE 360389 58,3031 -19.678 15,1432 5 experimental TH.5945 CHADZP Methylphosphinate
4 DE0I72E 162636 -55.8001 516509 24,8335 65 experimental | 149.058 | CTHTNGO Z-Aming-1H-benzimidazs
& DBE13343 72139 -55.2934 -0.864032 PR 54 experimental 167,988 |  CTHIOIS Tigmalone
[ DB0I345 1567 259513 15.4157 19,9063 % experimental | 78.0139 | C2HGOS Mercaptoethanc!
7 DE02297 118458 34,5632 118912 45,221 &3 experimental | 129.000 | CAHACING 2-Arning-E-Chlerepyrazing
3 DROLEST 7933 39,6083 416052 41.1874 a7 experimental | 128,003 | CGHSCI0 3.Chiorophanol
9 DEDI261 57418150 -33.9564 10.4189 10.9339 a7 experimental | 610163 | CHINOZ Carbamic Atid
10 DEOIE06 Lkl <33.2482 -25.0536 38,3834 a3 exparimental Ta063 CAHEO? 2-Methowyathanol
1 DE03LTS 1031 -33.1615 -23.6707 25,6637 3 spproved £0.0575 | Cans0 Prapyl alcahol
12 DEOMESE Fo2 -31.842% -6.7718 258371 B3 approved A5.0419 C2HED Ethanol
approved;
1 DBOD1AS 750 31,7796 -13.9803 31,4454 86 nutraceutical; | 75.032 | CIMSNO2 Glycine
vet_approved
approved: .
14 DEL41ES 330 A1.7246 13,7926 29137 £ . 60.0687 C2HEN2 Ethylenediamine
experimental
15 DE13154 2684 .30.3798 2.2681 28,6625 % appraved 128.003 | CGHSOD Parachiarophenal
16 DEOG32E 4113 -20.2021 630856 23,2366 % investigational | 47.0371 |  CHENO Methawyanine
17 DE0I954 700 <28.2542 ~12.1253 3314183 12 exparimental B1.0628 C2HTND Ethanolamine
18 DEO2G4E 79124 -19.7283 -8.99346 27.4351 B3 experimental | 59.0371 | C2HSNO Witresoethane
19 DB12529 216 -19.2628 663333 7.4109 53 approved; | 4 ga00 no2 Nitrite
Investigational
0 DE04051 183145 16,6614 050035 7.242 9 esperimental | 62.9636 02p Hypaphasphite
21 DEOI0ES 606251 -14.7563 25,8587 34,3881 a _ appraved; TEOLG | CZHAO3 Glyeolic acid
imwastigational
2 DEOLIGE 17754199 -18.1409 -12.9928 10.6568 3 enperimental | 75.0183 | C2HSNS 2 Thizethenamine
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Figure 21. HTVS compounds binding pattern analysis with YB-1. Binding pattern analysis
images (generated by Discovery Studio Client) between the top 6 ligands from the HTVS and
the YB-1 CSD (PDB ID: 6LMR) including A) Malonaldehyde B) Mercaptoethanol C) Glycine
D) Parachlorophenol E) Methoxyamine and F) Ethanolamine indicating which specific amino

acid residues from YB-1 interact with each ligand are shown.

A multi-layered High-Throughput Virtual Screening (HTVS) was performed via
Discovery Studio Client on 14, 522 compounds taken from the DrugBank compound library
(version 5.1.8) with the YB-1 protein’s CSD and was systematically narrowed down to a final 22
compounds (Figure 20). The final list of 22 compounds included important information such as
their names, molecular formulas, molecular weights, DrugBank 1Ds, PubChem IDs, and their
respective binding energies, LibDock Score (rigid docking score), and CDocker score (flexible
docking score) (Table 10). The binding pattern analysis images were then generated by

Discovery Studio Client for the best six compounds from both the HTVS to show which specific
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amino acid residues of the YB-1 protein’s CSD each respective compound interacted with

(Figure 21). From there, we noticed glycine, a simple dietary amino acid, as one of the

compounds listed, and we became curious if it would affect expression of YB-1 or any of its

downstream genes.

3.5 Glycine Titration Treatment

significance differences.
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Figure 22. Glycine titration treatment. SKHEP1 cells were treated with various
concentrations of glycine for 24 or 48hrs. mRNA expression of some downstream genes of YB-
1 were then tested via RT-PCR, including A) VEGF B) cMYC and C) p53. p-Actin was used
as the housekeeping gene for the RT-PCRs. Data are represented by mean + SEM. Significance
was determined by GraphPad Prism 9.0 via an ordinary One-way ANOVA multiple

comparisons test: *P < 0.05, ** P < 0.01, *** P < 0.001, and ****P < 0.0001 indicate
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A glycine titration experiment was conducted on SKHEP1 cells in which cells were
treated for either 24 or 48hrs at varying concentrations of glycine and then an RT-PCR was ran
to determine whether mRNA expression of any downstream genes of YB-1 were affected by
treatment. At 24hr, VEGF showed no significant difference at any treatment points except for an
slight increases at 1ImM and 5mM glycine and none for 48hr except for a big increase at 50mM
glycine (Figure 22A). At 24hr for C-Myc, all treatment values were significantly decreased
compared to treatment control (OmM glycine) except for at 1mM and significantly decreased for
48hr as well, except for 50mM (Figure 22B). Finally, at 24hr for p53, mRNA expression was
significantly increased at all treatment points, however at 48hr expression was significantly

decreased at all treatment points (Figure 22C).
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3.6 YB-1 Localization in HCC Cell Lines

DAPI YBX1 DAPI + YBX1

SKHEP

Hep3B

HepG2

C3A

Figure 23. Immunofluorescence (IF) of YB-1 in HCC cells. Shown is YB-1 localization and
intensity in HCC cell lines taken from a Z-stack image. The bar represents 100uM (400X

magnification).

An immunofluorescence (IF) assay was conducted on all four available HCC cell lines,
including SKHEP1, Hep3B, HepG2, and C3A to determine YB-1 localization and intensity
under normal conditions. DAPI stains the nucleus blue, while YB-1 is stained green, and any
overlap would be cyan/light blue in color. It seems that the YB-1 protein is highly localized to

the cytoplasm under standard conditions for all four HCC cell lines (Figure 23).
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3.7 YB-1 Localization in Treatment

DAPI DAPI + YBX1

SKHEP1 Control

5uM Sorafenib

10mM Glycine

5uM Sorafenib +
10mM Glycine

Figure 24. Immunofluorescence (IF) of YB-1 in treated SKHEP1. Shows YB-1 localization
and intensity in SKHEPL1 cells treated with 5uM sorafenib, 10mM glycine, or both taken from

a Z-stack image. The bar represents 100uM (400X magnification).

An immunofluorescence (IF) assay was conducted on SKHEP1 under different treatment
conditions to see how each treatment affects YB-1 localization and intensity. DAPI stains the
nucleus blue, while YB-1 is stained green, and any overlap would be cyan/light blue in color. It
seems that for SKHEP1, the YB-1 protein is highly localized to the cytoplasm under control

conditions and that treatment with 5uM sorafenib, 210mM glycine, and 5uM sorafenib + 10mM
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glycine, all seem to cause very slight translocation of YB-1 into the nucleus (as indicated by the

cyan color seem in the overlapped image) (Figure 24).
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Figure 25. YB-1 and downstream genes in glycine-treated SKHEP1. RT-PCR of SKHEP1
showing mRNA expression of A) MDR1 B) YB-1 and C) VEGF after treatment at 10mM
glycine for 24hr. B-Actin was used as the housekeeping gene for the RT-PCRs. Data are
represented by mean £ SEM. Significance was determined by GraphPad Prism 9.0 via an

unpaired parametric t-test with Welsch’s correction, not assuming equal SDs: *P < 0.05 and

**P < (0.01 indicate sianificant differences.

SKHEP1 cells were then treated at 10mM glycine for 24hr to determine whether or not
RNA expression of YB-1 or any of its downstream genes was affected by the treatment. It was
found that YB-1 showed a significant decrease at 10mM glycine treatment for 24hrs (Figure

25A) and MDR1 significantly correlated with YB-1 expression (Figure 25B), however VEGF

remained unaffected (Figure 25C).
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CHAPTER V

DISCUSSION

1. Characterization of YB-1 in HCC Cell Lines & Modulation of Sorafenib Resistance

1.1 TCGA Analysis

The best way to find out how a particular protein like is expressed amongst cancer patient
tissues is to look at data from The Cancer Genome Atlas (TCGA). In our case, TCGA data
analysis showed that YB-1 expression was high in tumors of HCC patients compared to normal
patients (Figure 3), which added support to the need to continue studying this protein in liver
cancer, and since the protein is not very well studied in HCC, our next step was to characterize
its expression in HCC cell lines we had from ATCC.
1.2 mRNA & Protein Expression

The YB-1 protein is not very well studied in HCC and thus there was a need to
characterize its expression in various HCC cell lines before selecting which model would be best
for use in further testing. An RT-PCR of each HCC cell line was ran and revealed that Hep3B
had the lowest YB-1 RNA expression, with SKHEP1, C3A, and HepG2 being significantly
higher (Figure 4A). Western blot data showed that protein expression of YB-1 in SKHEP1 was
similar to Hep3B, but that C3A and HepG2 were significantly higher (Figures 4B & 4C). These
points all support using Hep3B as model for studying low YB-1 expression in HCC and any of

the other three cell lines as a model for studying high YB-1 expression.
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1.3 YB-1 Downstream Gene Expression in HCC Cell Lines

Even if a possible inhibitor of the YB-1 binding domain is found, it may not necessarily
affect YB-1 expression directly since YB-1 does not produce itself. Instead, to truly prove that
these inhibitors have an inhibitory effect on YB-1, some of its downstream target genes can be
tested instead. Thus, RT-PCR data on HepG2 (Figure 5), C3A (Figure 6), and SKHEP1 (Figure
7) cells was collected and showed that the relative RNA expressions of cMYC, p53, and VEGF
were all greatly and significantly upregulated in relation to Hep3B in all three cell lines, except
for VEGF in HepG2 and C3A, which did not correlate with YB-1 expression. This set of results
is promising towards helping explain the role that YB-1 plays in oncogenicity, signaling, and
angiogenesis since cMYC is a known oncogene, p53 is a highly studied apoptotic marker and
cancer target, and VEGF is a major growth factor, and all three seem to be correlated with YB-1
expression in some way. VEGF expression may have differed since it is a growth factor that may
be affected by a variety of other factors, like time and cell confluency.

1.4 1C50 Values of HCC Cell Lines Treated with Sorafenib

Since one of our goals is resensitize HCC cells to sorafenib treatment, knowing how the
drug effects each cell line first is important. Thus, an MTT assay was performed on each of the
four HCC cell lines (Hep3B, SKHEP1, C3A, and HepG2) to calculate their respective IC50
values, the concentration at which half the cells die off, when treated with sorafenib. A 24, 48,
and 72hr IC50 was calculated for each HCC cell line (Table 2; Figure 8) and the data suggests
that the YB-1 mechanism relating to multiple drug resistance may take anywhere from 48-72hrs
to take effect. This is implied by the fact that some 1C50 values could be seen going back up in

concentration at the 72hr mark after having decreased from the 24 to 48hr mark. These values
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are especially important for us to obtain in order to begin creation of our sorafenib-resistant
stable HCC cell lines.
1.5 YB-1 Overexpression-Plasmid Characterization

Ideally, once a potential YB-1 inhibitors is identified, it should be tested on sorafenib-
resistant HCC cells in order to truly determine whether or not it has a chance of resensitizing
them to sorafenib treatment. However, generation of resistant cell lines requires a lot of time,
patience, and energy as it may take months or even over a year to make stable. Thus, the next
best alternative while these stable resistant cell lines are being created, would be to perform a
gain of function study for YB-1. For this, a YB-1 overexpression plasmid was designed and
procured from abmGood (Figure 9B). This particular plasmid was designed to have a splice
factor with a puromycin-resistant gene and GFP, meaning that when GFP is seen the cells are
puromycin stable. This also helps indicate whether the plasmid has been integrated into the cell
or not (Figure 9A) and can be functionally verified by RNA expression via an RT-PCR, which in

this case was successfully overexpressed by a fold change of 49.29 (Figure 9C).

1.6 1C50 Values of YB-1 Overexpression HCC Cells Treated with Sorafenib

Because YB-1 is thought to affect multiple drug resistance the YB-1 protein was
transiently overexpressed in both HepG2 (Table 3; Figure 10A) and SKHEP1 (Table 4; Figure
11A) via LTX Lipofectamine and an MTT assay was conducted to calculate their respective
IC50 values. In the SKHEP1+ YB-1 cells, there was a significant difference between the vector
and overexpression for the 48 and 72hr IC50 (Figure 11B), and although this was not significant
for HepG2 + YB-1 (Figure 10B), it is still true that the overexpressed cells had higher 1C50

values in general in comparison to the wild-type HCC cells. This data seems to indicate that YB-
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1 is somehow affecting the IC50 of sorafenib-treated HCC cells and needs to be studied further,

preferably with stable, resistant cell lines.

2. Retrieving & Preparing the 3D Crystal Structure Model for the YB-1 Protein

2.1 Homology Modeling of p53

Prior to conducting protein-ligand interaction studies with our primary protein of interest,
YB-1, a much more well-known and better studied protein, p53, was modeled via homology
modeling in order to serve as a proof of concept behind the methodologies that would be used to
model YB-1. Initially, the I-TASSER open access homology modeling server was used in an
attempt to construct a 3D crystal model of p53, but when confirming the five conformations
received for torsional angle viability via a Ramachandran plot (Table 5), none were able to reach
90% in the most favored regions, even after the best model (Model 3) went through 3X
refinement by the ModRefiner servers (Figure 12). Therefore, an alternative open access
homology modeling server, SPARKS-X, was utilized and of the 10 conformations received
(Table 6), the best model (Model 1) was already at 86.1% in the most favored regions of the plot.
After this particular model underwent 1X refinement through the ModRefiner servers, 91.6%
residues in the most favored regions was achieved (Figure 13). This classified it as a valid model
(Figure 14) to use for further testing, since a minimum of 90% residues in the most favored
regions was reached.

2.2 Obtaining and Verifying the YB-1 Protein Model & its Conserved Domain

The RCSB PDB ID selected for the YB-1 protein’s binding domain was 6LMR (Figure
15A). This particular protein model was selected for various reasons. Firstly, at the time, it was

the most recently uploaded crystal structure on the databank’s website and was thus likely the
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most representative model we could use for our studies. Also, it has zero mutations and can
therefore act as a wild-type for our protein-drug analyses. Finally, it contains the highly
conserved cold shock domain (CSD) that is the protein’s known DNA binding domain, which we
are trying to find an inhibitor for in order to prevent it from binding to DNA and enforcing drug-
resistant and metastatic related cancer genes.
3D crystal protein models obtained from the RCSB PDB are typically already physically

verified via NMR or X-ray crystallography. However, a Ramachandran plot was constructed in
order to double check it’s validity and was found to have 97.33% residues in the most favored
regions (Figure 15B). Furthermore, since the binding domain of YB-1 just so happens to be the
most highly evolutionarily conserved domain from prokaryotes to eukaryotes, it is not unlikely
that there are other proteins containing the same domain that are likely better studied, like Lin28
(Budkina et. al., 2020). Therefore, a multiple sequence alignment was conducted between
Lin28A and YB-1 in order to validate the conserved binding domain from YB-1 (Figure 16). The
three specific conserved sequences boxed in red, the majority of which overlap with YB-1’s
CSD, prove that YB-1 is conserved in a functionally homologous protein, Lin28, which also
happens to be a transcription factor.

3. Performing a High-Throughput Virtual Screening (HTVS) & Validating the Identified

Therapeutic Targets of YB-1

3.1 Literature Search for Potential YB-1 and Lin28 Inhibitors

Since Lin28 also contains a cold shock domain (CSD) that shared conserved regions with
the CSD of YB-1, it was reasonable to assume that known Lin28 inhibitors may also have the
potential to inhibit YB-1, especially if they specifically inhibit binding to DNA. After an

extensive literature search was conducted, it was found that some Lin28 inhibitors include
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compounds such as Gossypol, DAQ-B1, BVT-948, TPEN, LI71, LI20 (Wang et. al., 2018), and
Compound 1632 (N-methyl-N- [3-(3-methyl [1,2,4] triazolo [4,3-b] pyridazin-6-yl) phenyl]
acetamide) (Roos et. al., 2016). Furthermore, it was found that some potential YB-1 inhibitors
that exist may include compounds such as DPI (2,4-dihydroxy-5-pyrimidinyl
imidothiocarbomate) (Gunasekaran et. al., 2018), RUS0207-A006, RUS0202-G005, and
JK0395-B007 (Trevarton et. al., 2019). Collectively, one of these compounds (Table 7) may

serve to disrupt the CSD of YB-1 from binding to DNA.

3.2 Rigid Docking Analysis of the Literature Search Inhibitors

After finding potential inhibitors for YB-1 based on a functionally homologous protein,
Lin28, a rigid docking study was conducted via AutoDock Tools in order to see if any of the
identified compounds had a strong binding affinity towards YB-1’s CSD. The top three
compounds showing the best binding energy (kcal/mol) and binding affinity (Ki) towards YB-1’s

CSD were LI171, RUS0202-G005, and RUS0207-A006 respectively (Table 8; Figure 17).

3.3 Flexible Docking Analysis of the Literature Search Inhibitors

Although the rigid docking analyses performed by AutoDock Tools may give us an initial
insight into how these compounds (Table 7) interact with YB-1, it is not entirely accurate. In
order to obtain a clearer picture of how they truly interact with each other, we must conduct a
docking study that imitates the flexible nature of protein residues found in real life. Thus,
Discovery Studio Client was used to conduct a flexible docking analysis of the compounds. The
top three compounds with the best CDocker scores (kcal/mol) were RUS0207-A006, Gossypol,
and DAQ-B1, respectively (Table 9; Figure 18). The final binding pattern analyses and 3D

crystal structures of the top three compounds from both the rigid docking and flexible docking
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categories showed which specific amino acid residues from YB-1’s CSD they interacted with,
respectively (Figure 19).
3.4 Performing the High-Throughput Virtual Screening (HTVYS)

Despite the ability for the individualized rigid and flexible docking approaches to provide
protein-ligand interaction analyses, it remains limited in the amount of compounds that can be
analyzed. Thus, a more large-scale multi-layered High-Throughput Virtual Screening (HTVS)
was performed in an attempt to identify possible existing compounds that may be repurposed for
the sake of inhibiting YB-1. A list of 14,522 existing, experimental and approved drug
compounds, neutraceuticals, and small molecule inhibitors from the DrugBank compound library
(version 5.1.8) was screened in three primary steps and sequentially narrowed down (Figure 20)
to a final list of 22 possible YB-1 inhibitors (Table 10). The final binding pattern analyses and
3D crystal structures of the most promising six of these compounds from both the rigid docking
and flexible docking categories showed which specific amino acid residues from YB-1’s CSD
they interacted with, respectively (Figure 19). Multiple things were considered for these six
compounds, including things such as their binding energies, toxicity, and literature search history

for being previously tested in cancers or not.

3.5 Glycine Titration Treatment

As part of the final list of 22 potential inhibitors that were identified for YB-1 from the
High-Throughput Virtual Screening (HTVS), the most promising one seemed to be glycine since
it was the least toxic and had a decent binding energy. Thus, in order to figure out if glycine
would have any effect on the downstream targets of YB-1, SKHEP1 was treated at six varying
concentrations of glycine ranging from 0-50mM for 24 and 48hrs before testing how RNA

expression of cMYC, p53, and VEGF was affected via an RT-PCR. Results seem to indicate that
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glycine definitely affects exprssion of these genes in SKHEP1 somehow. Back when the
expression of the downstream genes of YB-1 in SKHEP1 were measured (Figure 7), data
indicated that C-Myc, p53, and VEGF were all significantly upregulated along with YB-1
expression. Under glycine treatments of 5mM- 50mM for 24hr and 1mM- 20mM for 48hr,
expression of C-Myc was significantly downregulated (Figure 22B). For 24hr treatment,
expression of p53 remained significantly upregulated at all concentrations other than control,
similar to the what was shown previously, however at 48hrs, it showed a drastic significant
decrease at all concentrations other than the control (Figure 22C). This may imply that time
could be another factor to consider when it comes to how long glycine takes to take effect certain
downstream genes of YB-1, since it took a 48hrs to affect expression of p53, while a difference
was seen in only 24hrs for C-Myc expression. As mentioned previously, other factors affect
VEGF exprsession, which may explain why it’s expression remained mostly the same as when

tested previously.

3.6 YB-1 Localization in HCC Cell Lines

Immunofluorescence data with a YB-1 antibody stained green and DAPI staining the
nucleus blue showed YB-1 localization and intensity in the four HCC cell lines (Figure 23).
From the images taken from a Z-stack, it seems that the YB-1 protein is highly localized to the
cytoplasm for all four of the cell lines, which supports previous literature stating that YB-1
typically remains highly localized to the cytoplasm under standard conditions. The results of
their respective RT-PCRs (Figure 4A) also seem to support this in terms of mMRNA expression.
Looking at protein expression however, may differ slightly. Previous literature studies have also

shown that 73 of 82 HCC patients were positive for YB-1 expression and some of them (8 of 73)
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also showed nuclear expression (Yasen et. al., 2005). Thus, the specific protein expression and

localization of YB-1 in HCC must still be studied further.

3.7 YB-1 Localization in Treatment

Immunofluorescence data with a YB-1 antibody stained green and DAPI staining the
nucleus blue showed YB-1 localization and intensity SKHEP1 under different treatment
conditions for sorafenib and glycine (Figure 24). From the images taken from a Z-stack, it seems
that the YB-1 protein remains highly localized to the cytoplasm in SKHEP1 under standard
conditions but sees slight translocation into the nucleus when in presence of either 5uM
sorafenib, 10mM glycine, or both. These images makes it seem as though glycine has no effect
on preventing YB-1 translocation into the nucleus. To determine if it affected expression of YB-
1 or any of its downstream genes however, an RT-PCR was conducted after treating SKHEP1 at
10mM glycine for 24hrs (Figure 25). This showed that VEGF expression remained unaffected,
for reasons previously mentioned, but that expression of YB-1 and MDR1 decreased
significantly with glycine treatment, implying that although glycine didn’t affect translocation, it

still had a functional effect on YB-1.
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CHAPTER VI

CONCLUSION

1. Characterization of YB-1 in HCC Cell Lines & Modulation of Sorafenib Resistance

TCGA data seemed to indicate that YB-1 expression was high in the primary tumor samples
of HCC patient tissues compared to normal and justified its continued study in HCC. Because
YB-1 is not very well studied in liver cancers, there was a need to characterize its expression in
the HCC cell lines we had available, including Hep3B, SKHEP1, C3A, and HepG2, before we
could continue testing the identified compounds in vitro. Since Hep3B had considerably lower
expression of YB-1 in comparison to the other three HCC cell lines, it was concluded that this
would be the best possible model to utilize for low YB-1 expression studies, while any of the
other three would work as models to utilize for high YB-1 expression studies. Protein expression
of YB-1 was shown to vary slightly from its RNA expression only for SKHEP1, so this needs to
be looked into further when future studies are conducted. It may be some factors that affect only
SKHEP1 cells that are as-of-yet unknown. Otherwise, protein expression seemed to match up

with RNA expression, thus justifying our use of a low and high YB-1 expression HCC models.

Since YB-1 expression may not be directly afffected by the potential inhibitors identified,
such as glycine, initial characterization of some of its well-known downstream gene targets prior
to treatment would be good to examine as well. Therefore, an RT-PCR of HepG2, C3A,

SKHEP1 was performed using Hep3B as the control, and showed that cMYC and p53 were
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significantly upregulated under normal conditions (Figures 5, 6, & 7, respectively) for all three
cell lines. For SKHEP1, however, VEGF was also significantly upregulated (Figure 7). Knowing
how these downstream genes of YB-1 are functionally expressed under standard conditions is
essential for determing whether or not potential YB-1 inhibitors will have an indirect effect on
YB-1 function by affecting any of a variety of its downstream genes and altering their

expression.

In order to truly be able to test whether or not glycine and the other identified compounds
are able to resensitize HCC cells to sorafenib, development of sorafenib-resistant cell lines would
be the preferred method of testing. Developing cell lines with an acquired resistance, however,
requires months of trial and error, observation, and attention to detail, since there are so many
factors that can cause the cells to die off besides the drug. Regardless, the first step towards this
goal is to calculate the IC50 values of the four HCC cell lines available to us when treated with
sorafenib (Table 2; Figure 8). From there, development of sorafenib-resistant cell lines may
begin by starting at a quarter of the 72hr IC50 and gradually working up past IC50 until they are
stable. This is currently being done since it is a very time-consuming process. In the meantime,
YB-1 overexpression of HepG2 (Table 3; Figure 10) and SKHEPL1 (Table 4; Figure 11) were
transfected and their respective 1C50 values for sorafenib treatment were calculated to see
whether YB-1 expression had any impact on them. Its effects on SKHEP1 were significant for
the 48 and 72hr IC50 values (Figure 11B) and were not significant in HepG2 (Figure 10B).
Despite this, however, there was still an increase seen between the IC50 values of the
overexpressed cell lines when compared to their parental cell lines from ATCC even though it
was not significant. Only a gain-of-function YB-1 study was possible because only the

overexpression plasmid had been procured at the time. Since then, however, we have designed,
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received, and functionally verified an siYBX1 knockdown plasmid so that we may start

conducting loss-of-function studies as well.

2. Retrieving & Preparing the 3D Crystal Structure Model for the YB-1 Protein

Because some proteins may be complex in structure, it may be difficult to obtain their
complete crystalline 3D structure via NMR or X-ray crystallography. In these instances, it is
possible to obtain a “hypothetical”, yet usable (and albeit, fairly accurate) structure via homology
modeling. Here, we were able to successfully model the p53 protein via homology modeling to
91.6% residues in the most favored regions of a Ramachandran plot, to prove that homology
modeling would be a valid approach to obtaining the 3D crystal structure of a protein. This may
be especially useful for obtaining models of an entire protein, since even with well-studied
proteins, most models that exist are separated by their domains. Nevertheless, the readily
available crystal structures from the RCSB PDB remain the more accurate and trusted source and
should be used instead of homology modeling if available. Regardless of the methodology used,
once a protein model is obtained, protein-ligand interaction analysis studies can then be
conducted. A multiple sequence alignment can also be run in order to determine whether your
protein of interest has any homologous or conserved domains in other better-studied proteins,
which may aid in identification of potential inhibitors (much like Lin28 and YB-1).

3. Performing a High-Throughput Virtual Screening (HTVS) & Validating the Identified

Therapeutic Targets of YB-1

The type of docking study conducted may differ, but both essentially give you
information about how well a particular compound will bind to a specific protein. Rigid docking

simply interacts the ligand with the protein “as is” to see if it fits within the binding pocket of the
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protein in certain conformations. Flexible docking mimics the movement of the residues within
the binding pocket of the protein as it appears more closely in nature and thus gives us a better
picture of how the ligand might interact with the protein. In comparing the initial two
individualized rigid and flexible docking studies we performed, one can see that DAQ-B1 was
one of the top compounds tested in both categories, which warrants further consideration for
future testing.

However, while the initial approach taken for analyzing ligand-protein interactions of
individually testing binding affinity via AutoDock Tools (for rigid docking) and Discovery
Studio Client (for flexible docking) is valid, it is quite laborious to manually input every ligand’s
testing parameters each time and considerably less comprehensive and less accurate than
performing an automated multi-layered High-Throughput Virtual Screening (HTVS). Thus,
regardless of the outcome from the literature search compounds, a HTVS was performed.
Furthermore, this had the advantage of analyzing the interactions of over 14,000 different
compounds within the span of 1-2 weeks instead of only the 11 compounds that were identified
through the literature search. This resulted in a final list of 22 potential YB-1 inhibitors,
including glycine.

Afterwards, one of the seemingly most promising compounds from the HTVS, glycine,
was used to treat SKHEP1 at varying concentrations and time points in order to disover whether
or not it had an effect on inhibiting YB-1 activity. This particular compound was chosen because
of the fact that is a simple dietary amino acid that is innately lacking in toxicity and had because
it had decent binding affinity from the screening. Glycine was found to have an impact on the
gene expression of downstream targets of YB-1 (Figure 22). The most promising of these results

was the fact that at both the 24 and 48hr timepoints for cMYC, all treatment concetrations
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(except one for the 24hr timepoint) were significantly downregulated. IF data also seemed to
support that in the absence of any stressors YB-1 typically remains highly localized within the
cytoplasm (Figure 23). Although glycine did not seem to have any affect on stopping
translocation of YB-1 into the nucleus in SKHEP1 (Figure 24), it was still shown to affect YB-1
function, as indicated by the change in exprssion of some of the downstream genes of YB-1 (like
MDR1, Figure 25). Furthermore, not only is YB-1 related to drug resistance, but it is also related
to metastatic progression, so seeing a significant decrease in cMYC expression, a major
oncogene, is a very encouraging finding, especially when you consider that cMY C was highly
upregulated in correspondence with YB-1 expression under standard conditions in SKHEP1
(Figure 7).

Ultimately, |1 would say that the highly underutilized bioinformatics tools and techniques
that are available to us are in fact viable methods for rapid drug discovery, therapeutic targeting,
and repurposing of drugs. By taking an in silico approach to tackling the problem of sorafenib
resistance in liver cancer, we were able to identify 22 possible inhibitors of the YB-1 protein and
test the most promising of these to see how it affected YB-1 expression. Glycine was selected as
the most promising of the 22 listed comopunds because it is the simplest existing amino acid,
making it inherently non-toxic. This is of particular importance since our body already produces
it and we can consume it without causing any adverse side-effects. If taking a simple dietary
supplement of glycine could help bypass sorafenib-resistance in liver cancers, the significance of

this would be huge!

The data collected here shows glycine may have a potential effect in inhibiting YB-1,
however, there is still much to be studied about the specific role it plays in HCC cells before we

understood the entire mechanism behind how it actually works (especially before we have
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generated stable sorafenib-resistant cell lines and begin mouse model studies). Results seem
promising however, and literature studies, seem to support glycine as having a hepatoprotective
role, as it has been shown to significantly decrease mice’s ability for early cancer foci formations
progress into tumors (Rose et. al., 1999). Although the role of glycine would be immense in
overcoming the drug resistance issue, the other compounds identified still need to be tested as
well to truly solidify the validity of these in silico studies. If more people utilize a bioinformatics
approach, the drug discovery process may be streamlined and a lot of time and money can be
saved in the long-run. Regardless, the progress we’ve made has helped us get one step closer to
overcoming the problem of drug resistance in liver cancer and giving those who suffer from it a

better chance at recovery.
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