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Abstract

Lung cancer is the leading cause of cancer-related death in North America with a 5-year survival
rate less than 20%. The ability to understand which lung cancer patients will progress and predict
treatment responses will improve its management. Previously, our lab has shown a 10-gene
YMR signature (GRM1, RECQL4, NRAS, and IGFBPS5 are over-expressed and HOXA5, TNNC1,
SOSTDC1, CRIP2, CD83, and GATAZ2 are under-expressed in tumor cells) correlates with
prognosis and treatment prediction for non-small cell lung cancer (NSCLC). To further develop
our signature for clinical use, other factors that regulate gene expression, such as changes in
genomic sequences (mutations or copy number) or epigenomic factors (methylation of DNA),
need to be investigated. Multiple linear regression models demonstrated that the combination of
DNA methylation and copy number variation (CNV) correlate with gene expression for
RECQL4, NRAS, IGFBP5, HOXAS5, TNNC1, SOSTDC1, and CRIP2. Next, we evaluated six gene
expression assay systems (qQRT-PCR, DNA microarray, NanoString nCounter, RNA-seq, FISH,
and tissue microarray) in a literature review to obtain our signature; gRT-PCR was determined to
be the most feasible in a clinical setting. To validate our signature using gRT-PCR, we used an
A549 cell line and lung tumor FFPE test samples obtained from the Manitoba Tumor Bank.
IGFBP5 had the lowest mMRNA expression level compared to TNNC1, CRIP2, and GATA2 and
CRIP2 had the highest mRNA expression level in the A549 cell line, contrary to our expected
signature. However, the expression levels of these genes correlated with the signature in lung
tumor FFPE samples. To further confirm these results, I assessed 37 and 29 NSCLC cell lines
from the Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer
(GDSC) databases, respectively, for the YMR signature. Only four cell lines (NCIH2066,
NCIH810, NCIH292, and IA-LM) were similar to the expected signature expression pattern.

These gene expression results indicate that cell lines may not be ideal for assessing the YMR



signature. In the future, we will need to determine the 10-gene signature in NSCLC tumor
samples in a prospective study of lung cancer patients using gRT-PCR to predict prognosis and

treatment response.
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Chapter 1: Introduction

1.1 Lung Cancer Background

Lung cancer is the most common cancer-related cause of death worldwide, having a 5-year
survival rate of 15% and being the leading cause for men and second highest for women.[1-3]
These rates vary depending on patient sex, age, race or ethnicity, socioeconomic status, and
geography. Smoking is attributable to 80-90% of all lung cancers and has been shown to increase
the risk of development by five- to ten-fold, while non-smokers have a 20% increased risk when
exposed to environmental tobacco smoke. Therefore, there is a variation in global lung cancer
rates according to the history of smoking and tobacco uptake and reduction patterns. The highest
rates of lung cancer occur where smoking uptake began the earliest, such as North America and
Europe, and are increasing in countries where smoking uptake occurred at a later period. Other
factors that may cause lung cancer include genetic predispositions (e.g. family history of lung
cancer), infections, history of chronic obstructive pulmonary disease (COPD), second-hand
smoke and exposure to asbestos, radon, ionizing radiation, diesel, and environmental toxins (e.g.

pesticides, exhaust).[4—6]

1.1.1 Lung Cancer Stratification

The World Health Organization (WHO) has classified 50 different heterogeneous lung cancer
variants based on certain genetic and biologic characteristics to ensure patients receive the proper
treatment for the best disease outcome.[7] By recognizing specific tumor morphology properties
under a light microscope, four main histological lung cancer subtypes emerged. Squamous cell
carcinomas (SQCs) and small cell tumors arise from epithelial cells lining larger airways and

account for 30% and 18%, respectively, of lung cancers. Adenocarcinomas (ADCs) arise from



epithelial cells lining small peripheral airways and account for 30% of lung cancers.[8] They are
the most common lung cancer subtype found in non-smokers.[9] Large cell carcinomas
contribute to about 10% of lung cancers, are poorly differentiated, and generally located in the
periphery of the lung. Adenocarcinomas, squamous cell carcinomas, and large cell carcinomas
together comprise the non-small cell lung cancer (NCSLC) subtype that encompasses about 85%
of all lung cancers. NSCLCs and small cell lung cancers (SCLCs) present with unique
morphology, treatment, and patient clinical course and outcome from each other. SCLCs
demonstrate a predictable clinical course of an initial favourable chemotherapy response
associated with several months of remission, while its short-term regression is followed by
cancer recurrence, development of resistance to chemotherapy, and metastasis. NSCLCs are
more complex in their diagnosis and prediction of patient outcome. Although their initial tumor
diagnosis is based on small bronchoscopic biopsy specimens, the diagnosis may change
following their removal and most patients are diagnosed after the disease has metastasized from
the originating site.[8, 10] NSCLC patients have a relapse rate of 40% within five years of
treatment and 50% die from the metastatic disease after surgical removal of the tumor.[11, 12]
Surgical resection proves to be the most effective treatment for patients in their early stages of
the disease, while adjuvant chemotherapy (ACT) increases the survival rate by 4-15%.[13]
However, 30-60% of patients presenting with stages IB to I11A may relapse and die within 5

years after diagnosis.[10, 14]

It is generally accepted that driver gene mutations initialize cancer development. Proto-
oncogenes, such as Ras, are transcribed into products for cellular proliferation such as receptors,

growth factors, transcription factors, and signaling enzymes.[15] Gain-of-function mutations in



proto-oncogenes result in dominant oncogenes that differ from their proto-oncogenes or are over-
expressed and occur due to point mutations, localized reduplication, or chromosomal
translocation. An oncogene therefore disrupts a cell’s normal activity and can lead to
uncontrolled cell division, and ultimately cancerous cells. Genes for the inhibition of cell growth
and survival are termed tumor-suppressor genes and include APC and TP53; the loss or under-

expression of these genes also results in an uncontrolled cell division and survival.[15-17]

Therefore, by analyzing gene expression levels and the biological pathways associated with the
genes involved in a cancer, one can study the difference between normal cell and cancerous cell
pathways to determine the genetic origin of the faulty pathway, thereby identifying potential
targets for treating cancer. The potential subtypes of that cancer can be identified through class
discovery, the identification of novel cancer subtypes, and class prediction, the assignment of
tumor samples to pre-defined classes in order to aid in predicting the outcome.[18] Gene
expression analysis also allows for biomarker and gene signature discovery. The use of gene
expression profiling and development of gene biomarkers/signatures for cancer allows for the
diagnosis, progression and aggressiveness analyses, prognosis, prediction of therapeutic
treatment, and/or identification of patients who would benefit from therapeutic treatment and to

better understand the disease and its biology.[17, 19]

1.1.2 Lung Cancer Staging

The American Joint Committee on Cancer (AJCC) developed the commonly used TNM staging
system for the most effective treatment selection and prognosis prediction of cancers which

includes the size of the tumor, tumor location, lymph node involvement, and whether and where



to the cancer has metastasized. T describes the size of the primary tumor and is given a ranking
of 0 to 4 (TO-T4), with TO meaning no indication of primary tumor and a higher number
indicating the cancer has grown deeper into an organ or spread to nearby tissues. Other stages
include TX (primary tumor cannot be assessed) and Tis (early in situ carcinoma that has not
spread to nearby tissue). N represents whether the cancer has spread to the regional lymph nodes
of the organ and is given a ranking of 0 to 3 (NO-N3). NO indicates there is no involvement of
lymph nodes, a value of 1-3 represents the number and/or extent of the lymph node involvement,
and NX means the lymph node involvement cannot be assessed. Lastly, M specifies the degree
of cancer metastasis via blood or the lymphatic system, with MO being no distant metastasis and
M1 spreading to other areas of the body. After the determination of the T, N, and M rankings, the
values are combined and an overall cancer staging of O, I, Il, I1l, and 1V is output.

For NSCLC, Stage 0 signifies a localized, in situ carcinoma; Stage | a tumor that is between 3
and 4 cm or less in size; Stage Il a tumor that is no more than 5 cm in size and may have spread
to regional lymph nodes or bronchi; Stage 111 a tumor that may be larger than 5 cm in size,
spread to some degree, and/or more than 1 tumor present; and lastly Stage IV a cancer that has
metastasized and possibly grown into two or more tumors outside the chest. In some cases, the
stages are subdivided using letters to specify the tumor size or degree of metastasis. For example,
Stage 1A NSCLC represents a cancer that has spread to lymph nodes on the same side of the
chest as the primary tumors and Stage 11IB NSCLC a cancer that has metastasized to lymph
nodes on the opposite side or above the clavicle. Stage | cancers are simpler in terms of minimal
size, lymph node involvement, and metastasis, allowing patients to have better prognoses.
Cancers of higher stages are more complex but still have the ability to be treated

successfully.[20-23]



1.1.3 Lung Cancer Diagnosis and Treatment

The diagnosis and staging of NSCLCs are based on a variety of tests that include physical
examinations, imaging (X-rays, computed tomography (CT), positron emission tomography
(PET), and/or magnetic resonance imaging (MRI) scans), laboratory tests (blood, urine, and/or
tissue analyses), pathology reports, and/or surgical reports or removed samples. CT scans of the
thorax and upper abdomen are commonly performed for clinical staging; however, they are
limited in their detection of microscopic metastasis. PET scans using fluorine 18-labelled
fluorodeoxyglucose are very sensitive in detecting metabolically active and malignant cancers

and their results are usually confirmed by mediastinoscopy.[24-26]

The main forms of treatment for NSCLC patients include surgery, chemotherapy, radiation
therapy, and targeted therapy. NSCLC patients of Stages | and Il tend to benefit from surgical
resection, while patients presenting with a more advanced form of the disease are favourable
candidates for non-surgical treatments.[13, 27] Surgery includes pneumonectomy, the removal of
an entire lung, lobectomy, a section or lobe of the lung is removed, segmentectomy, part of a
lung lobe is removed, and laser surgery, the use of a high-energy beam to destroy cancer cells.
Chemotherapy is beneficial in advanced and metastatic disease states and may be used before or
after surgical resection or to prevent relapse.[28-30] NSCLCs are commonly treated using a
combination of two drugs, which can be platinum-based or non-platinum-based. Platinum-based
chemotherapies are considered the standard of care and include cisplatin and carboplatin, which
can crosslink with DNA purine bases, obstructing DNA repair mechanisms and causing DNA
damage, ultimately inducing apoptosis. Non-platinum-based therapies are used to avoid the

undesirable toxicities obtained from platinum-based chemotherapies.[29, 31-34] Radiation



therapy encompasses external beam radiation therapy, which uses high energy beams to kill
cancer cells, and brachytherapy, the placement of a radioactive material in or near a tumor that
gradually Kills the cancer cells. It is commonly combined with chemotherapy in chemoradiation.
Studies have shown that cisplatin-based chemotherapy combined with radiation therapy
increases patient survival rates compared to those who solely receive radiation therapy.[29, 35]
Lastly, targeted therapies use drugs specific to the genetic mutations found in the cancerous cells
or tissues. For example, an epidermal growth factor receptor (EGFR) over-expression confers of
poor prognosis to 40-80% of NSCLC patients. This mutation can be targeted by EGFR inhibitors
such as Erlotinib.[29, 36, 37] The activation of vascular endothelial growth factor receptor 2
(VEGFR2) by vascular endothelial growth factor (VEGF) affects mitogenesis, angiogenesis, and
vascular permeability. Therefore, the exploitation of this interaction may have cancerous effects.
The combination of chemotherapy and bevacizumab targeting VEGF has demonstrated in

increased survival time in patients with advanced NSCLCs.[29, 38]

1.2 Biomarkers and Biology in Lung Cancer

The heterogeneous nature of NSCLC makes it difficult to classify patients. The evaluation of
prognostic biomarkers, mutations statuses of genes, and identification of gene signatures are key
to overcome the heterogeneity in lung cancer. To further develop the field and provide the best
outcomes for patients, lung cancer biomarkers are needed to enable early diagnosis of potentially
curable tumors, for the selection of early and late stage patients for effective therapies, and for
the stratification of patients with an unfavourable prognostic outcome to identify additional or
more efficient therapies.[18, 19] A number of studies have assessed various genetic biomarkers

in lung cancers. EGFR, a tyrosine kinase, plays a role in regulating cell proliferation, apoptosis,



and motility. Upon the binding of one of six ligands to EGFR, its C-terminal tail becomes
phosphorylated, resulting in interactions between the receptor and its downstream effectors
related to the PI3K and MAPK signalling pathways.[39] Over-expression and/or improper
activation of EGFR has the potential to prompt mechanisms related to carcinogenesis, such as
increased cell proliferation, survival, and metastasis. Adenocarcinomas harbour 95% of EGFR
mutations, with it being associated with overall survival in these patients.[7] FDA-approved
EGFR inhibitors for NSCLC patients include Erlotinib, Afatinib, and Gefitinib.[36, 37, 40, 41]
Therapies are also available or in development for patients presenting with abnormal expression
of Anaplastic Lymphoma Kinase (ALK) and Kirsten Rat Sarcoma Virus proto-oncogene (KRAS),
which can predict shorter prognoses in patients. Unfortunately, these targeted therapies are only

partially effective or patients often relapse.[42, 43]

1.3 Biology of Biomarker Expression

1.3.1 Cancer Cell Traits

A number of cancerous traits have been described that allow the cancer cells to avoid standard
processes involving proliferation, differentiation, and apoptosis, among others. Normal cells bind
mitogenic growth signals via their cell transmembrane receptors, allowing them to proliferate.
Antiproliferative signals, such as immobile and soluble growth factors, also bind to normal cells
to inhibit cellular proliferation. Cells are either forced from the mitotic cycle into the Go, or
quiescent, state with the ability to re-enter the mitotic cycle in the future or induced into post-
mitotic states. These normal cells can develop into cancerous cells that continually divide,
proliferate, and may invade other areas of the body through a variety of mechanisms.[44, 45]

Gene mutations may produce in abnormal cells; mutations that result in cancer development are



called driver mutations while passenger mutations are those that do not result in the cancer
phenotype.[46, 47] Genome instability and high rates of gene mutations and chromosome
alterations also alter the gene products that regulate the diversity of cellular functions. For
example, tumor cells are able to evade apoptosis, or programmed cell death, have been shown to
be self-sufficient in the generation of their own growth signals, reducing their dependence on
growth factors from the environment, and have the ability to avoid antiproliferative signals,
making them capable of continued mitotic divisions. Cancer cells also display a sustained
angiogenesis, or development of vasculature, to provide nutrients to a growing cancer. In more
advanced stages of cancers, the cells have the potential to invade other tissues and metastasize to
other areas of the body. Several key proteins are altered to provide cancer cells with this ability.
For example, cell-to-cell adhesion molecules (CAMs) and integrins regulate cell-to-cell

interactions and bind cells to the extracellular matrix, respectively.[44, 45, 47]

1.3.2 Gene Expression Modulators

1321

Various DNA mutations may occur that can change the presence or dosage of a gene, ultimately
affecting the expression of a gene with the potential to lead to disease. Silent mutations are those
that result in the coding of the same amino acid, making the change redundant. Nonsense
mutations result in a stop codon, likely leading to a non-functional protein. Missense mutations
change the nucleotide sequence and its corresponding codon and amino acid, while frameshift
mutations change the reading frame of a nucleotide sequence, also resulting in unintended amino
acids. They may be the result of point mutations which encompass base pair substitution

(missense mutation that replaces a nucleotide, altering the resulting code for an amino acid),



insertion (the insertion of a nucleotide that usually results in a frameshift and misreading of a
codon), and deletion (the removal of a nucleotide leading to a frameshift). Chromosomal
mutations affect a portion of a chromosome and include inversions (a region of a chromosome is
flipped), deletions (a region of a chromosome is lost, resulting in an absence of genes),
duplication (a region of a chromosome is multiplied, resulting in a gene dose increase), and
translocation (a region of a chromosome is moved to another chromosome). Lastly, copy number

variations result in an increase or decrease in the dosage of a gene.[48, 49]

1.3.2.2 Copy Number Variation

Single-nucleotide polymorphisms (SNPs), copy number variations (CNVs), inversions, deletions,
insertions, duplications, and translocations are alterations in a human genome that modify gene
expression levels. This, in turn, can affect cellular proliferation, differentiation, fitness, and
clonal selection to potentially result in diseased phenotypes such as cancer, diabetes, HIV-1, and
heart disease.[50, 51] CNVs are DNA segments equal to or greater than 1 kilobase (>1 kb) in
size that vary between individuals in comparison to the human reference genome. Insertions,
deletions, and amplifications can be referred to as CNVs and whole genes may be affected. Gene
expression can increase or decrease by deletions and amplifications, changing the dosage of a
gene, and a CNV overlapping or disrupting a gene.[52-54] Several studies have assessed the
affects of CNVs of certain genes in different cancers. Shlien et al. mapped CNVs with loci that
are related to those of cancer-related genes, calling them cancer CNVs, and demonstrated that 49
cancer genes were affected by CNVs.[55] Forbes et al. assessed the Database of Genomic
Variants (DVG) and found that 40% of cancer-related genes are affected by CNVs, many being

oncogenes and tumor suppressor genes with functions in apoptosis, cell cycle regulation, and



DNA repair.[56] Studies have also shown that lung adenocarcinoma and squamous cell
carcinoma subtypes have different patterns of CNVs, indicating that different expression levels

of some genes are implicated between the lung cancer subtypes.[57]

1.3.2.3 DNA Methylation

Epigenetics refers to heritable, yet reversible, stable alterations in gene expression through DNA
methylation and histone modification.[58, 59] DNA methylation involves a covalent interaction
between a methyl group and carbon 5 of the cytosine ring in a cytosine-guanine (CpG)
dinucleotide pair via DNA methyltransferase (DNMT) enzymes; the resultant structure is called
5-methylcytosine (m°C). The methylation is not uniform throughout the human genome but
occurs in 0.5-5 kb regions called CpG islands.[58, 60] The presence of m°C affects gene
expression in several ways. It may inhibit proteins from binding to DNA; for example,
transcription factors that bind to CpG pairs will be prevented from binding to their designated
sites by the presence of a methyl moiety. It also results in transcriptionally active euchromatin
changing into inactive heterochromatin as the chromatin condenses, making genes inaccessible
for transcription and expression. Other consequences include genomic imprinting and tissue-
specific silencing of gene expression.[58-62] Histone deacetylases (HDACS), histone
acetyltransferases (HATS), and histone methyltransferases (HMTs) also affect the epigenetic
regulation of genes. For example, the methylation of the K4 amino acid residue of the H3 histone
via an HMT results in euchromatin formation, or the de-condensation of chromatin to allow for
gene transcription.[58, 63] Discrepancies have been found between the DNA methylation
patterns of normal and malignant cells.[60] Through altering the accessibility of genes from

transcription factors, encoded proteins that function in genome stability, cell metastasis, and
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healthy cell functioning may be affected, resulting in cancer disease states. Hypermethylation of
the promoter regions of tumor suppressor genes results in gene silencing and the promotion of
oncogenesis. Alternatively, hypomethylation, generally of repeated DNA sequences, allows for
cancer-related genes to be expressed, sometimes at greater than normal levels.[58, 60] RARE,
RASSF1A, CDNK2A, CHD13, APC are some commonly methylated genes implicated in lung
cancer.[64] Similarly, ER, PR, and BRCA1, are well-known genes commonly presenting in
abnormal levels in breast cancers that have shown hypermethylation.[65] In relation to a larger
number of reports of hypermethylation than hypomethylation in cancers, it has been shown that
DNMTs are greatly increased in breast, colon, and prostate cancers, to name a few. DNMT1 and
DNMT3B have elevated levels in malignant cells of varying cancer types. Therefore, through the
reversal of hypermethylation, therapeutic treatments can be produced targeting the implicated
regions. For example, 5-Aza-2’-deoxycytidine (5-Aza-CdR) and antisense oligonucleotides are
inhibitors for DNMT1 and DNMT3B. 5-Aza-CdR incorporates into DNA to inactivate DNMTs
while antisense oligonucleotides induce degradation of DNMT1 mRNA, reducing its active

levels in cells.[58, 66, 67]

1.4 Yin Yang Mean Ratio (YMR) Model

1.4.1 Gene Signatures in Lung Cancer

Many studies have previously established prognostic gene signatures based on gene expression
levels in NSCLC patients. Chen et al. assessed DUSP6, MMD, STAT1, ERBB3, and LCK genes
in surgically resected frozen samples from 125 adenocarcinoma and squamous cell carcinoma
patients, which were randomly assigned into the training or testing datasets, using microarray

analysis and/or real-time RT-PCR. By means of risk scores and decision-tree analyses, they were
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able to demonstrate a correlation between the expression levels of their signature genes and
relapse-free and overall patient survival. Although validation with an independent cohort of 60
patients proved significant, further analyses are needed to assess the benefit of Cisplatin-based
adjuvant chemotherapy in those patients stratified with this 5-gene signature.[12] Shahid et al.
developed an 8-gene signature through the use of a Cox proportional hazard regression model to
determine its prognostic significance. The STAT1, CLU, GTSE1, NUSAP1, ABCA8, TNNT1,
ENTPD3, and CPA3 genes were found in both the training and testing datasets. Patients
designated into low- and high-risk scores demonstrated differing heatmaps expression patterns
and overall survival based on the 8-gene signature.[10] Similarly, Yu et al. separated 112
patients into training and testing datasets then used a Cox regression to identify expressed
microRNAs (miRNAS) imperative in determining the prognosis of NSCLC patients. Patient
tumor samples presenting with a high-risk score of the 5-miRNA signature (hsa-let-7a, hsa-miR-
221, hsa-miR-137, hsa-miR-372, and hsa-miR-182) demonstrated increased cancer relapse and
decreased survival.[68] The common approach is to determine the correlation coefficients
between gene expression and patient survival time using training datasets and then using testing
datasets to validate or normalize to the trained data. This method, however, tends to result in
problems of low reproducibility, disallowing the signature(s) to be used in a clinical setting. Our
previously established Yin Yang Mean Ratio (YMR) gene signature avoids using data training
and instead hypothesizes that the opposing effects of two groups of genes, the Yin genes (over-
expressed in lung tumor cells: GRM1, RECQL4, NRAS, IGFBP5) and Yang genes (over-
expressed in lung normal cells: HOXAS, TNNC1, SOSTDC1, CRIP2, CD83, GATA?2), determine

a patient’s prognosis and can guide treatment selection.[69, 70]
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1.4.2 Construction and Validation

The Yin and Yang genes were first selected using unsupervised clustering and pathway analyses
to compare gene expression data from normal and tumor lung tissue samples; 31 Yin and 32
Yang genes resulted. The YMR was calculated as patient risk scores, with normal tissues
demonstrating values less than 1.0 and lung cancer tissue values greater than 1.0. Patients were
significantly stratified into high- and low-risk groups when four independent datasets were used
to assess the YMR’s applicability in predicting lung cancer prognosis. The YMR also predicted
chemotherapy outcomes for cancer stages Il and 111 and was a better predictor of clinical
outcomes than the commonly used clinical factors, excluding tumor stage.[69] The multiple
permutation process (MPP) was used to reduce the initial 63 Yin and Yang genes to an optimal
number that would generate the most beneficial results. The MPP first produced 10 000
combinations of Yin and Yang genes, with gene lists ranging from 2 to 32 genes having at most
a difference of two genes between the Yin and Yang lists. All Yin and Yang gene list
combinations were tested using 1000 randomly permutated gene expression datasets with a
sampling of 200 patient cases; combinations that gave a Cox regression p-value of less than 0.05
were kept. Permutations of 1 million Yin and Yang lists of the fixed gene size (that which could
produce the highest number of p-values less than 0.05) were then tested against 1 million random
samplings of gene expression datasets. Again, combinations that gave a Cox regression p-value
of less than 0.05 were kept. The genes were ranked based on how often they appeared in the lists
and those genes with the best rankings were used to test 1 million randomly permutated gene
expression datasets. The chosen YMR had the lowest p-value and hazard ratio greater than 1.0.
Since the gene expression levels can be measured in individual patients, the YMR signature

demonstrates extensive application in clinical settings.[70]
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1.4.3 YMR Genes

Glutamate metabotropic receptor 1 (GRM1) activates phospholipase C (PLC) through its binding
to L-glutamate, an excitatory neurotransmitter in the central nervous system.[71, 72] PLC, as
well as its phospholipase family members (PLA and PLD), are key mediators of intracellular and
intercellular signalling. Activated PLC hydrolyzes phosphatidyl inositol 1,4-bisphosphate into
inositol triphosphate and diacylglycerol, which in turn regulate calcium concentration in the
cytosol and protein kinase C (PKC) activity, respectively. It may ultimately affect cellular
proliferation and differentiation.[73, 74] Irregularities in the expression of GRM1 have been
implicated in various diseases, such as schizophrenia, bipolar disorder, and breast cancer.[72]
RECQL4 is a member of the family of RECQ helicases, which aid in maintaining the structure
and integrity of DNA and may modulate chromosome segregation.[75] The helicases bind
double-stranded DNA (dsDNA) then unwind the strands during DNA replication in cell division
and repair of DNA damage.[76, 77] RECQLA4 specifically functions in the initiation of DNA
replication, is mainly expressed in the enterocytes lining the intestines, thymus, and testis, and
may play a role in cell development in bones and skin.[75, 78] The Ras family contains the
NRAS, HRAS, and KRAS proteins that function in cell division, differentiation, and apoptosis.
NRAS is a GTPase that is activated by bound GTP, converts the GTP to GDP, then is turned off
by the bound GDP. It transmits signals via signal transduction from outside the cell to the cell’s
nucleus to ultimately affect cell proliferation and differentiation.[79-83] The family of insulin-
like growth factor binding proteins (IGFBPs) bind to and regulate the stability of insulin-like
growth factors I and 1l (IGF-I, IGF-11). Once bound to cell surface receptors, such as the IGF-1
receptor, IGF-II receptor, and insulin receptor, IGFs regulate cellular growth, differentiation, and

apoptosis and general development, and metabolism. IGFBP5 has been shown to function in cell
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growth and adhesion, determination of cell fate, apoptosis, and metastasis during cancer

development.[84-86]

The homeobox genes are found in four clusters (A, B, C, D) on different chromosomes and their
products comprise a family of DNA-binding transcription factors. The homeobox A5 (HOXAD5)
transcription factor from cluster A on chromosome 7 regulates gene expression and cell
morphogenesis and differentiation. It has also been shown to upregulate the tumor suppressor
p53, implying that a downregulation of HOXA5 may cause an increase in cancer formation and
tumorigenesis.[87, 88] Troponin (Tn) regulates striated muscle contraction and is found on the
actin filament with tropomyosin. It is made of three subunits: troponin I (Tn-1) which inhibits
actomyosin ATPase, troponin T (Tn-T) which holds the tropomyosin binding site, and troponin
C (Tn-C). Tn-C binds to calcium to stop the inhibitory action of Tn so that myosin can interact
with the actin filaments and ATP can be hydrolyzed, resulting in tension generation of the
muscle. In non-muscle cells, troponin C type 1 (TNNC1) functions in cell motility, cytoplasmic
streaming, and cytokinesis. [89, 90] Sclerostin domain containing 1 (SOSTDC1), a member of
the sclerostin family, is translated into a N-glycosylated protein. It then acts as a bone
morphogenic protein (BMP) antagonist by binding to and inhibiting BMP from interacting with
its receptors, affecting its signalling in cell proliferation, differentiation, and apoptosis.[91, 92]
Cysteine rich protein 2 (CRIP2) is a transcription factor containing two LIM zinc-binding
domains that has the potential to regulate the differentiation of smooth muscle tissues. It also
regulates actin-rich structures, with a possible role in actin dynamics and/or cell migration.[93,
94] CD83 is a part of the immunoglobulin family of receptors, found on the cell membrane. It

has the potential to solubilize and bind to dendritic cells to inhibit their maturation and plays a
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role in regulating immune system development via antigen presentation.[95-97] The GATA
family of zinc-finger transcription factors contains GATA binding protein 2 (GATA2) which
functions in the development and proliferation of hematopoietic and endocrine cells. Abnormal
functioning of GATAZ has been found in myelodysplastic syndrome, acute myeloid leukemia

(AML), and KRAS-driven NSCLC.[98, 99]

1.5 Biomarker Expression Techniques for Clinical Use

Through the analysis of gene expression levels and the biological pathways associated with the
genes involved in a cancer, one can study the difference between normal cell and cancerous cell
pathways to determine the genetic origin of the faulty pathway, thereby identifying potential
targets for treating cancer. The possible subtypes of that cancer can be identified through class
discovery, the identification of novel cancer subtypes, and class prediction, the assignment of
tumor samples to pre-defined classes in order to aid in predicting the outcome. Gene expression
analysis also allows for biomarker and gene signature discovery. The use of gene expression
profiling and development of gene biomarkers/signatures for cancer allows for the diagnosis,
progression and aggressiveness analyses, prognosis, prediction of therapeutic treatment, and/or
identification of patients who would benefit from therapeutic treatment to better understand the

disease and its biology.[17]

Various assay technologies have been developed for gene expression analysis. For example,
gRT-PCR amplifies the RNA expression of a gene of interest and uses fluorescent probes or dyes
to depict the gene expression; NanoString nCounter uses probe pairs to anneal to a region of

RNA and detect gene expression; DNA microarrays allow cDNA targets to hybridize to probes

16



on a solid slide and can use fluorescence to detect genes; lllumina MiSeq RNA-Seq bridge
amplifies nucleic acid samples to create clusters, which are then interpreted by the MiSeq
system; and lastly, tissue microarrays (TMAS) study circular punches from tissue sample blocks
with labelled probes or antibodies to determine the gene expression.[100-109] Each of these
assays has been used in diagnosis, prognosis, and treatment prediction for a variety of cancers.
Some assays have been commercialized for cancer clinical use. For example, Afirma® is a
microarray test for thyroid cancer diagnosis and the Oncotype DX gRT-PCR test is for guiding
breast cancer treatment. Many assays are under investigation in clinical trials or studies.[17, 110,

111]

However, numerous challenges involved with tumor sample collection, experimental design and
determining the proper assay to use, analytical and diagnostic factors (such as the interpretation
of samples and biomarker performance analysis), assay detection limits and specificity, drug
development for rare cancers, and clinical distribution of a significant biomarker must be
overcome to develop a novel clinical assay for cancer patients. Biomarker development is also
naturally affected by a patient’s natural biology and history, intratumor heterogeneity, cancer
progression, and germ-line mutations. This results in a prolonged period from the biomarker

discovery to patenting and clinical translation stages.[17, 19, 112-114]

1.6 Thesis Rationale, Hypothesis, and Aims

1.6.1 Rationale

Since the 10-gene signature showed clinical relevance in prognosis and prediction, discovering

other genomic and epigenomic factors, such as DNA mutation, CNV, and DNA methylation, that
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can regulate these 10 genes may provide targets or modulators for this YMR signature. To
further develop our 10-gene signature, we first aimed to choose a gene expression detection
assay most feasible for clinical oncology use. A comprehensive assessment on the qRT-PCR,
DNA microarray, nCounter, RNA-Seq, FISH, and tissue microarray (TMA) assays will aid in the
selection of the most suitable method for each clinical application. The gRT-PCR assay involves
parameters including primer design, RNA quality, and PCR conditions. Assay optimization will
ensure the assay will work for FFPE samples, as well as assay reproducibility. To further
demonstrate the reproducibility of our YMR model, the assay will be tested on some test FFPE
samples from the Manitoba Tumor Bank and to determine if the low- and high-risk early stage
NSCLC patients can be significantly stratified. Gene expression data of NSCLC cell lines
downloaded from the Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity
in Cancer (GDSC) databases will be assessed for the YMR gene signature expression pattern and

compared to the qRT-PCR results to further validate the signature.

1.6.2 Hypothesis

We hypothesize the 10-gene signature in-silico correlates with genomic and epigenomic factors,
such as DNA mutation, copy number variation (CNV), and DNA methylation using
computational methods and the 10-gene signature can be reproduced using gRT-PCR in lung
cancer cell lines and tumor samples.
1.6.3 Aims
This research aims to:

1) Explore the genomic and epigenomic covariates that are correlated to and modulate the

expression levels of the 10 YMR signature genes.
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2) Identify a biomarker expression technique that is feasible for clinical use.
3) Validate the YMR gene signature with the chosen biomarker expression technigue on the

A549 cell line and lung tumor FFPE samples.
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Chapter 2: Methods and Materials

2.1 Simple and Multiple Linear Regressions to Determine the Covariables Associated with
Gene Expression Levels

2.1.1 Data Collection and Preprocessing

Multi-dimensional data (level 3) including gene expression, mutation, and DNA methylation for
the lung adenocarcinoma (LUAD) cohort were downloaded from The Cancer Genome Atlas

(TCGA) (https://portal.gdc.cancer.gov/) and copy number variation (CNV) from the University

of California Santa Cruz (UCSC) Xena browser (https://xenabrowser.net/) for each of the ten

YMR genes (GRM1, RECQL4, NRAS, IGFBP5, HOXA5, TNNC1, SOSTDC1, CRIP2, CD83, and
GATAZ2) (Table 1). mRNA expression data was downloaded in the form of aligned sequencing
reads from the lllumina HiSeq 2000 RNA Sequencing (RNA-Seq) platform, preprocessed by
HTSeq for Fragments Per Kilobase of transcript per Million mapped reads (FPKM) values. The
gene-level estimates were presented as log2(RSEM+1)-transformed RNA-Seq by Expectation
Maximization (RSEM) counts. Gene mutation data was downloaded in the form of nonsense,
missense, frame shift deletion, splice site, and silent mutations. Silent mutations were designated
as “no” and given a value of 0 since they are neutral mutations that do not result in a change in
phenotype; the remaining mutations were designated as “yes” for causing a change in phenotype
and given a value of 1. Sequencing data calls were produced on an IlluminaGA system at the
Broad Institute Genome Sequencing Center using the MuTect method. Methylation beta values
from the Illumina Infinium HumanMethylation27 platform were downloaded for use as DNA
methylation data. The beta values were recorded for each array probe per sample using the
BeadStudio software. The values range from 0 to 1 and represent the ratio of intensity of the

methylated bead to the intensity of the combined locus, with lower levels signifying
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hypomethylation and higher values hypermethylation. For CNV data production, the copy

number profile (CNP) was first measured at a TCGA genome characterization center using the

whole genome microarray (Affymetrix Genome-Wide Human SNP Array 6.0 platform).

Segmented CNV data output by the application of the GISTIC2 method to the CNP

measurements was then mapped to genes to provide gene-level estimates.

Table 1: Information pertaining to downloaded TCGA LUAC patient data.

Data Type Platform Sample Size
MRNA expression Illumina HiSeq 2000 512
Gene mutation IlluminaGA 34
DNA methylation Illumina Infinium 455
HumanMethylation27
CNV Affymetrix Genome-Wide 518
Human SNP Array 6.0

2.1.2 Data Cleaning

Data cleaning was done using the UNIX server via PUTTY Secure Shell (SSH).

2.1.2.1 Gene Expression

MRNA expression data was downloaded in a matrix with TCGA patient IDs set as column
headings and gene ID numbers and names as row names. A file with gene ID numbers and their
corresponding gene names were downloaded. The gene ID numbers were removed from the row
names so that only the gene names remained. The GRM1, RECQL4, NRAS, IGFBP5, HOXAS5,
TNNC1, SOSTDC1, CRIP2, CD83, and GATA2 genes were selected from the Gene Expression
file using the “grep” command. From the resulting file, patients with “01A” in the “sample”

portion of their IDs, corresponding to primary solid tumor from sample vial A, were selected
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using the “grep” command. After the patient IDs were filtered, only the first three portions of the
ID were kept (project, tissue source site (TSS), and participant) to match the patient IDs in the
mutation, methylation, and CNV datasets. The final matrix was constructed with the 512 patient

IDs as row names and gene symbols as column headings.

2.1.2.2 Mutation

The GRM1, RECQL4, NRAS, IGFBP5, HOXAS5, TNNC1, SOSTDC1, CRIP2, CD83, and GATA2
mutation files were selected from the downloaded TCGA mutation files using the command
“grep “[gene symbol]” *.maf.txt”. The separate files were then placed into one large file and any
genes not apart of the 10-gene signature were removed using the command “grep -v [gene
symbol]”. Using the “sed” command, genes with nonsense mutations, missense mutations, frame
shift deletions, and splice sites were set as positive (“Yes”) for mutations and genes with silent
mutations were set as negative (“No”’) for mutations. The “Yes” and “No” were ultimately set to
values of 1 and 0, respectively. The final matrix was constructed with the 34 patient IDs as row

names and gene symbols as column headings.

2.1.2.3 Methylation

The GRM1, RECQL4, NRAS, IGFBP5, HOXAS5, TNNC1, SOSTDC1, CRIP2, CD83, and GATA2
genes were selected from the Methylation file using the “grep” command. From the resulting
file, patients with “01A” in the “sample” portion of their IDs were selected using the “grep”
command. After the patient IDs were filtered, only the first three portions of the ID were kept to
match the patient IDs in the gene expression, mutation, and CNV datasets. Methylation Beta

values of NA were changed to 0 before the mean Beta value was calculated per gene. The final
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matrix was constructed with the 455 patient IDs as row names and gene symbols as column

headings.

2.1.2.4 CNV

The CNV data pertaining to the 10 Yin Yang genes were downloaded in the proper matrix
format, with the patient IDs as row names and gene symbols in their correct order as column
headings. The patient ID column was separated and only the first three portions of the ID were
kept to match the patient IDs in the gene expression, mutation, and methylation datasets. The
resulting file of the edited 518 patient IDs were then combined with the CNV data file into the

final matrix.

2.1.3 Simple Linear Regression Model

Simple linear regression (SLR) models were constructed for each of the 10 YMR signature genes
to test the correlation of an independent genomic or epigenomic factor with gene expression. For
each gene, three SLR models were built to assess the correlation of the following explanatory
factors with gene expression for all patients with available data: (1) gene mutation, (2) DNA
methylation, and (3) CNV. The mutation, methylation, and CNV data matrices were filtered to
keep the patient IDs common with the gene expression data matrix. The regression model can be
formulated as equation (1), where Y represents the expression in the tumor i for a given gene and
Xi the gene’s mutation/DNA methylation/CNV value in tumor i. For SLRs based on DNA
methylation and CNV, a random sampling of 2/3 of the dataset was first used to train the SLR
model in R using the Im function and the remaining 1/3 of the dataset was used to test the model.

SLRs based on mutation were only conducted on the entire dataset due to small sample size.
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SLRs based on DNA methylation and CNV were also trained on patients from different disease
stages (stage I, stage 1A, stage 1B, stage I, stage I1A, stage 11B, stage IlI, stage IlIA, stage 1V,

stage I to 11, and stage | to 11I).

Equation 1: Y =bo + b1 X
Yi = response variable for the predicted gene expression value

bo = regression coefficient; intercept of the regression line on the Y-axis; mean of the probability
distribution when X =0

b1 = regression coefficient; slope of the regression line; change in the mean of the probability
distribution of Y per unit increase in X

Xi = value of the predictor variable

2.1.4 Multiple Linear Regression Model

Using the Im R function, multiple linear regression (MLR) models were constructed for each of
the 10 YMR signature genes to test the correlation of a combination of predictor variables with
the gene expression data. For each given gene, the following predictor variable combinations
were used to construct two MLR models with gene expression as the response variable: (1)
mutation and methylation and (2) CNV and methylation. This can be formulated as equation (2),
where Yi is the expression in the tumor | for the given gene, X1i and X2 are DNA methylation and
mutation or CNV for the given gene in tumor i. The mutation, methylation, and CNV data
matrices were filtered to keep the patient IDs common with the gene expression data matrix. A
random sampling of 2/3 of the dataset was first used to train the SLR model. The model was then
tested using the remaining 1/3 of the dataset. MLRs of the first model form was only conducted
on the entire dataset due to small sample size. Each MLR of the second model form was first

conducted on the entire dataset, and then varying combinations of disease stages (stage I, stage
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IA, stage IB, stage Il, stage 1A, stage IIB, stage Ill, stage IlIA, stage IV, stage I to 11, and stage |

to I).

Equation 2: Yi = bo + b1 Xii + b2Xai
Yi = response variable for the predicted gene expression value

bo = regression coefficient; intercept of the regression line on the Y-axis; mean of the probability
distribution when X =0

b1 = regression coefficient; slope of the regression line; change in the mean of the probability
distribution of Y per unit increase in X

Xi = value of the predictor variable

2.1.5 Model Performance

A model’s statistical significance was assessed based on its p-value, mean absolute percentage
error (MAPE) of the training dataset, and MAPE of the testing dataset. The p-value was first
assessed to determine if probability of the results is due to chance is less than 5% (p < 0.05). The
MAPE assess the difference between the measured and predicted data, with ideal values being
minimal and similar between the training and testing datasets. This can be formulated as
equation (3). Summaries of the regression models’ results were called using the summary R
function. Included were the distribution of residuals (minimum, first quantile, median, third
quantile, maximum), residual standard error of the model, multiple R?, adjusted R?, F-statistic
and p-value of the model, and estimated values, standard errors, and t-values with their

associated probabilities of the regression coefficients.
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Equation 3:

100% =

At

t=1

N = number of fitted points

At = actual expression values

Ft = fitted/predicted expression values (Y;)

2.2 Determination of Gene Expression Detection Assay Feasible for Clinical Use

Six gene expression assay systems (QRT-PCR, DNA microarray, nCounter, RNA-Seq, FISH, and
tissue microarray) that are currently being used in clinical cancer studies were investigated in a
literature review to provide a guideline for choosing an assay method with respect to its
oncological applications in a clinical setting. Some of these methods are also commonly used in
a modified way; for example, detection of DNA content or protein expression. Their principles,
sample preparation, design, quantification and sensitivity, data analysis, time for sample
preparation and processing, and cost are discussed. The methods were also compared according
to their sample selection, particularly for the feasibility of using FFPE samples, which are

routinely archived for clinical cancer studies.

2.3 gRT-PCR Validation of the YMR 10-Gene Signature

2.3.1 Reagents

All reagents were of analytical or research grade. Reagents were obtained from one of the

following sources: Bio-Rad Laboratories Inc., Biotium, Integrated DNA Technologies (IDT)
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Inc., Millipore Sigma (Roche), New England BioLabs Ltd., Qiagen, and Thermo Fisher

Scientific (Applied Biosystems, Fisher Scientific, and Invitrogen).

2.3.2 RNA Extraction from A549 Cell Line

2.3.2.1 A549 Cell Culture

The A549 cell line was cultured to 80% confluence in Dulbecco’s Modified Eagle Medium
(DMEM) with high glucose concentration (4500 mg/L) and (400 mML L-glutamine, sodium
pyruvate). DMEM was supplemented with 10% Fetal Bovine Serum (FBS) and 5 mL of
penicillin/streptomycin from a 100 mL bottle penicillin/streptomycin that contained 10 000
units/mL penicillin and 10 000 pg/mL streptomycin. Cell culture pellets were stored at -80°C

prior to RNA extraction.

2.3.2.2 RNA Extraction Protocol

Reagents, materials, and protocol were retrieved from the Qiagen RNeasy Plus Mini Kit for
RNA Extraction. For cell lysis, 600 pL Buffer RLT was added to the A549 cell pellet; the
sample was vortexed to dissolve the pellet. The lysate was pipetted into a QIAshredder spin
column placed in a 2 mL collection tube, which was then centrifuged for 2 minutes at 10 000
rpm. An aliquot of 600 pL 70% ethanol was added to the lysate and the resulting solution was
mixed by pipetting up and down, followed by transferring 700 pL of the sample to a RNeasy
spin column in a 2 mL collection tube. The solution was centrifuged for 20 seconds at 8000 x g
and the flow through was discarded; this step was repeated with the remainder of the sample. To
bind the RNA to the column and wash the sample of non-bound particles, such as proteins and
carbohydrates, 700 puL Buffer RW1 was added and the column was centrifuged at 10 000 rpm for

20 seconds; the flow through was discarded. To remove excess salts from the sample and wash
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the spin column membrane, 500 puL Buffer RPE was added and the column was centrifuged at
8000 x g for 20 seconds; the flow through was discarded and this step was repeated with another
aliquot of Buffer RPE. The spin column was placed in a new 2 mL collection tube and
centrifuged for 1 minute at 16 000 x g. The spin column was again placed in a new 2 mL
collection tube; 50 pL of RNase-free water was added and the column was centrifuged for 1
minute at 10 000 rpm for RNA elution. For the last RNA extraction from the A549 cell line
performed, the lysate from the last step was pipetted back onto the spin column and centrifuged

again for 1 minute at 10 000 rpm to provide a more concentrated RNA sample.

2.3.3 RNA Extraction from FFPE Samples

2.3.3.1 Paraffin Removal Protocol

Three lung cancer formalin-fixed, paraffin-embedded (FFPE) test tissue samples were collected
from the Manitoba Tumor Bank in 1.5 mL Eppendorf tubes on four different occasions (total of
12 samples) (Table 2). For paraffin removal, 800 pL xylene was added to each tube then
vortexed. Aliquots of 400 pL, followed by 1000 pL, of absolute ethanol were added to the tubes
and centrifuged at 16 000 x g for 2 minutes to wash the sample. The supernatant was discarded
using a pipette following each centrifugation step, leaving a pellet. The tubes were opened,

blotted on a paper towel, and left to dry in a heating block set to 55°C for 10 to 20 minutes.

Table 2: Clinical information of lung cancer test FFPE samples.

Sample Sex Patient Age | Surgery/Fixation | Cancer Subtype
Date
13137 Female NA 1995/1996 NA
L0304 Female 67 years 2014 Squamous cell
carcinoma
L0379 Male 79 years 2017 Adenocarcinoma
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2.3.3.2 RNA Extraction Protocol

Reagents and protocol were retrieved from the Roche High Pure FFPET RNA lIsolation Kit.
RNA extraction began with adding a mixture of 100 uL RNA tissue lysis buffer to break the cell
membranes, 16 UL 10% SDS, and 40 pL 44.44 mg/mL Proteinase K. The tubes were briefly
spun in a centrifuge, placed in a shaking heating block set to 85°C at 600 rpm for 30 minutes,
and again briefly spun in a centrifuge. The tubes were cooled to 55°C before adding an aliquot of
80 pL Proteinase K. The tubes were briefly spun in a centrifuge, placed in the shaking heating
block set to 55°C at 600 rpm for 30 minutes, and again briefly spun in the centrifuge. At this
point, the lysate was generally clear. If portions of the pellet remained, as was the case with some

extractions, the incubation at 55°C at 600 rpm was extended for 10 minutes.

To bind RNA to the column and wash the sample, 325 pL RNA binding buffer and 325 pL
absolute ethanol were added, respectively, to each tissue lysate. The mixture was vortexed in
three second intervals then centrifuged briefly. This lysate was pipetted onto the upper reservoir
of a High Pure Filter Tube placed in a High Pure Collection Tube. The tubes were centrifuged
for 30 seconds at 6000 x g. The lysate was re-pipetted onto the Filter Tube and the Collection
Tube was spun again for 30 seconds at 6000 x g. To effectively dry the Filter Tube fleece, the

Filter Tube was placed in a new Collection Tube and centrifuged for 2 minutes at 16 000 x g.

The Filter Tube was placed onto a new Collection Tube. For the degradation of contaminating
DNA, 103 pL of DNase I (Invitrogen Amplification Grade) was prepared and pipetted onto the
Filter Tube fleece. The sample was left to incubate for 15 minutes at room temperature (15°C to
25°C). To wash the sample, 500 uL. Wash Buffer | was pipetted onto the Filter Tube and the

sample was centrifuged at 6000 x g for 30 seconds. The lysate was re-pipetted onto the Filter
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Tube and the centrifugation was repeated, followed by discarding the flow through. An aliquot of
500 puL Wash Buffer 1l was pipetted onto the Filter Tube and the sample was centrifuged at 6000
x g for 30 seconds. The lysate was re-pipetted onto the Filter Tube and the centrifugation was
repeated, followed by discarding the flow through. The sample was then centrifuged for 2
minutes at 16 000 x g to dry the Filter Tube Fleece. The Filter Tube was then placed in a fresh
1.5 mL reaction tube. For the recovery of the RNA sample, 40 pL (out of a designed 25 to 50
ML) RNA Elution Buffer was pipetted onto the Filter Tube; the sample was incubated for 1
minute at room temperature (15°C to 25°C) then centrifuged for 1 minute at 6000 x g. The lysate
was re-pipetted onto the Filter Tube, left to incubate for 1 minute, then the centrifugation step

was repeated.

2.3.4 Measurement of RNA Quality

The NanoDrop ND-1000 Spectrophotometer was used to measure the RNA quality extracted
from the A549 cell culture and FFPE tissue samples. The quality was assessed by the output
A260/A280 and A260/A230 values from a 2 puL sample placed on the instrument pedestal. The

final sample concentration was also noted.

2.3.5 cDNA Synthesis

2.3.5.1 iScript™ Reverse Transcriptase Supermix for RT-PCR Kit

For cDNA synthesis, 150 ng of RNA extracted from the A549 cell line and FFPE lung tumor test
samples (L0379B, L0304F, 13137A) was reverse transcribed with 4.0 pL of 5x Reverse
Transcriptase (RT) and enough nuclease-free, RNase-free double-distilled water (ddH20) to

make a 20.0 pL total solution. A no RT control was produced by replacing the 4.0 uL RT with
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an equivalent volume of no RT solution. The thermal cycler was set to 25°C for 5 minutes, 42°C
for 30 minutes, 85°C for 5 minutes, and then held at 4°C. Remaining cDNA was stored at -20°C

for future use.

2.3.5.2 Applied Biosystems™ High Capacity cDNA Reverse Transcription Kit

For cDNA synthesis, 150 ng of RNA extracted from the A549 cell line and FFPE lung tumor test
samples (L0379B, L0304F, 13137A) was reverse transcribed with a master mix of 2.0 pL 10x
reverse transcriptase buffer, 0.8 pL 25x dNTP mix (100 mM), 2.0 pL 10x reverse transcription
random primers, 1.0 uL MultiScribe™ Reverse Transcriptase, 1.0 uL RNase inhibitor, and
enough nuclease-free, RNase-free ddH>O to make a 20.0 pL total solution. A no RT control was
produced by replacing the 1.0 uL RT with an equivalent volume of nuclease-free, RNase-free
ddH20. The thermal cycler was set to 25°C for 10 minutes, 37°C for 120 minutes, 85°C for 5

minutes, and then held at 4°C. Remaining cDNA was stored at -20°C for future use.

2.3.6 gRT-PCR Protocol

2.3.6.1 Primer Design

Linear mRNA accession numbers associated with the 10 testing and 3 housekeeping genes were
acquired from the National Center for Biotechnology Information (NCBI) through an advanced
nucleotide search specifying for gene name and homo sapiens species. The accession numbers
were then used as input for the NCBI Primer-BLAST primer designing tool. The product
(amplicon) size was initially set to 80-100 base pairs (bps), however, when ideal primers were
not found, the amplicon size was set to 80-120 bps. The primer melting temperature (Tm) was
set to 60°C-64°C, with an optimum value of 62°C and maximum Tr difference of 2°C. When

ideal primers were not output, the Tm was set to 58°C-64°C, with an optimum value of 61°C. An
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exon-exon junction span was chosen. The chosen exon at 5’ side and exon at 3’ side (“number of
bases that must anneal to exons at the 5° or 3’ side of the junction”) values varied according to
which output the most favourable primer(s). Primer size was set to 20-25 bps, with an optimum
value of 23 bps. GC content was set to 40%-60% and expanded to 35%-65% when no ideal
primers were output. The maximum self complementarity and maximum pair complementarity
were varied to obtain primers with low or no hairpin, self-dimer, or hetero-dimer formation

capabilities.

The chosen primer pairs were checked for primer positioning, amplicon size, and presence of one
polymerase chain reaction (PCR) product using the UCSC Genome Browser In silico PCR. The
human reference genome hg19 was used. The possibility of hairpin, self-dimer, and hetero-dimer

formation was checked using the Integrated DNA Technologies (IDT) OligoAnalyzer.

Ideal primers demonstrated a single product on intended target and low self complementarity
values (<2.0). Greater self-complementarity values were accepted when the primer pair showed a
low chance of hairpin, self-dimer, and hetero-dimer formation. Final primer designs chosen for

gRT-PCR tests are displayed in Tables 3-5.
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Table 3: Sequence and parameters of IDT custom-designed qRT-PCR primers for Yin

genes.
Gene, Amplicon | Tm | Primer GC Self- Self-3’-
primer Size (bp) | Range | Size | Content | complementarity | complementarity

orientation O (bp) (%)
GRM1, 99 60.69 20 55.00 5.00 3.00
forward
GRML1, 61.96 20 66.00 5.00 2.00
reverse

Forward primer sequence: GGGCAGGGAATGCCAATTCT

Reverse primer sequence: CAGAGAGGCGGTGCCACATA
RECQLA4, 80 60.62 20 60.00 2.00 0.00
forward
RECQLA4, 61.28 20 60.00 5.00 2.00
reverse

Forward primer sequence: AGGAAGAGGAAGGGCAGGAG

Reverse primer sequence: CCAATCCTGGAGTCTGGCCT
NRAS, 84 62.21 22 54.55 2.00 0.00
forward
NRAS, 61.95 21 52.38 4.00 0.00
reverse

Forward primer sequence: GCTTGAGGTTCTTGCTGGTGTG

Reverse primer sequence: TGTCAGTGCGCTTTTCCCAAC
IGFBPS5, 95 63.72 20 60.00 2.00 2.00
forward
IGFBPS5, 63.96 23 52.17 5.00 2.00
reverse

Forward primer sequence: CTCAAAGCCAGCCCACGCAT

Reverse primer sequence: CGGGAAGGTTTGCACTGCTTTCT
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Table 4: Sequence and parameters of IDT custom-designed qRT-PCR primers for Yang

genes.
Gene, Amplicon | Tm | Primer GC Self- Self-3’-
primer Size (bp) | Range | Size | Content | complementarity | complementarity

orientation O (bp) (%)
HOXADS, 80 61.12 25 44.00 8.00 3.00
forward
HOXADS, 62.61 20 65.00 4.00 0.00
reverse

Forward primer sequence: CAAGCTGCACATAAGTCATGACAAC

Reverse primer Sequence: GGGTCTGGTAGCGCGTGTAG
TNNC1, 93 61.81 20 55.00 4.00 0.00
forward
TNNC1, 61.61 25 40.00 4.00 0.00
reverse

Forward primer sequence: TCGGTGCATGAAGGACGACA

Reverse primer Sequence: TCGATGTAGCCATCAGCATTTTTGT
SOSTDC1, 81 61.38 20 50.00 4.00 3.00
forward
SOSTDC1, 61.19 20 55.00 4.00 1.00
reverse

Forward primer sequence: AGCAGCAACAGCACGTTGAA

Reverse primer Sequence: AACCCGAGTGTTCCGATCCA
CRIP2, 92 63.72 |22 59.09 4.00 2.00
forward
CRIP2, 63.96 |22 59.09 2.00 0.00
reverse

Forward primer sequence: GACCACCATGAAAGCCAGGAGC

Reverse primer Sequence: CTCACCTTCTCGGCTGTTCCCT
CD8s3, 91 60.35 22 40.91 4.00 0.00
forward
CD8s3, 60.70 22 50.00 4.00 0.00
reverse

Forward primer sequence: TTTTCACTTGTTTTGCACGGCT

Reverse primer sequence: TTTGGGGAGGTAACTGGGAGAA
GATAZ2, 97 63.27 21 57.14 5.00 2.00
forward
GATA2, 61.37 22 54.55 4.00 0.00

reverse

Forward primer sequ

ence: GCCACTACCTGTGCAATGCCT

Reverse primer sequence: GTGGTGGTTGTCGTCAGTCTTC
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Table 5: Sequence and parameters of IDT custom-designed qRT-PCR primers for
Housekeeping genes.

Gene, Amplicon | Tm | Primer GC Self- Self-3’-
primer Size (bp) | Range | Size | Content | complementarity | complementarity
orientation O (bp) (%)
TBP, 86 61.20 22 50.00 5.00 1.00
forward
TBP, 61.69 22 54.55 3.00 1.00
reverse
Forward primer sequence: ATCTTTGCAGTGACCCAGCATC
Reverse primer sequence: CCAGCACACTCTTCTCAGCAAC
ACTB, 61 62.91 19 63.16 5.00 1.00
forward
ACTB, 62.41 19 63.16 6.00 1.00
reverse
Forward primer sequence: ACAGAGCCTCGCCTTTGCC
Reverse primer sequence: ATCCATGGTGAGCTGGCGG
GAPDH, 95 61.24 20 50.00 4.00 0.00
forward
GAPDH, 61.02 21 52.38 3.00 1.00
reverse

Forward primer sequence: AGCCGCATCTTCTTTTGCGT
Reverse primer sequence: GCCCAATACGACCAAATCCGT

2.3.6.2 Commercial Primers

Commercial primer master mix for gRT-PCR included 7 puL nuclease-free, RNase-free ddH-0O,

0.4 puL 20x PrimePCR assay, and 10 pL 2x SsoAdvanced SYBR green per one reaction. Master

mixes were typically made per 10 reactions.

2.3.6.3 Custom Primers

Custom primer master mix for gRT-PCR included 7 pL nuclease-free, RNase-free ddH-0, 0.2

ML forward primer, 0.2 pL reverse primer, and 10 pL 2x SsoAdvanced SYBR green per one

reaction. Master mixes were typically made per 10 reactions. Forward and reverse primers were

ordered from IDT and diluted to 100 puM.
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18 pL of master mix and 2 pL of sample product (testing sample, no RT, ddH2QO) were pipetted
into the 96-well PCR plate. The plate set-up per each sample being tested included 3 wells
designated for the sample (testing cDNA), 3 wells for the testing sample lacking RT (no RT

control), and 3 wells for the negative control of ddH2O instead of testing or noRT sample.

2.3.6.4 DNA Gel

The 4% agarose gel was made by combining 100 mL of 0.5X TBE buffer with 4.0 g agarose in
an Erlenmeyer flask, and warming the solution in a microwave for 1.5 minutes. An aliquot of 5.0
ML gel red nucleic acid gel stain was pipetted into the flask and then swirled, before pouring the
solution into the DNA gel casting tray with comb placed inside (for well formation). The gel was
allowed to cool for 20 minutes, followed by placing the tray with gel into the tank, and
submerging it in 0.5X TBE buffer. On a piece of paraffin film, 3 pL of gel loading dye purple
and 10 pL of gRT-PCR sample product was mixed by pipetting up and down. The dye-sample
solution was pipetted into the agarose gel well. After placement of all samples in the gel wells, 5
uL Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was pipetted into the first well. The
apparatus was set to run at a constant 200 volts for 15 minutes. The gels were imaged with a UV

transilluminator.

2.3.7 Cell Line Database Comparison

Assessment of gene expression levels obtained from cell line databases was done to compare the
gRT-CPCR results to. Thirty-seven and twenty-nine NSCLC cell lines from the Cancer Cell Line
Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC) databases,

respectively, were downloaded. Using UNIX, the 10 signature genes were ranked from 1-10
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according to their expression levels (the gene with the highest expression level was given a rank
of 1, the gene with the lowest expression level was given a rank of 10). The rankings of each
gene were tallied to gain an understanding of which genes were generally the most and least
expressed in NSCLC cell lines. The cell lines were also studied to determine if any mirrored the
YMR signature (over-expression of GRM1, RECQL4, NRAS, IGFBP5; under-expression of

HOXA5, TNNC1, SOSTDC1, CRIP2, CD83, GATA2).
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Chapter 3: Results

3.1 AIM 1 To explore the genomic and epigenomic properties of signature genes.

3.1.1 Rationale for AIM 1

Since the 10 genes are differentially expressed between normal and tumor lung tissue samples
and the YMR signature derived from the 10 genes showed clinical relevance in prognosis and
prediction of adjuvant chemotherapy benefit in stage | NSCLC patients, discovering genomic
and epigenomic factors that correlate with the properties and expression of the 10 genes will help
elucidate their importance in lung cancer. Gene expression, DNA mutation, CNV, and DNA
methylation data from the TCGA LUAD dataset were used. The UNIX command prompt and R
were used to construct regression models assessing the correlation between YMR genes’

expressions with the genomic and epigenomic covariates.

3.1.2 Assessment of TCGA Data

To determine whether any single or combination of NSCLC disease stages had better
correlations between the YMR genes expression levels and the genomic and/or epigenomic
factors, SLR and MLR tests were performed using the entire dataset and the dataset divided into
Stages I, 1A, IB, II, 1A, 1IB, I, A, 1B, IV, I and |1, and | to 11l. Stage groupings with
samples sizes under 50 patients were considered non-significant (Table 6). Boxplots were also
constructed to provide a visual of the gene expression levels of the TCGA data to see whether it

mirrors our expected YMR signature (Figure 1).
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Table 6: Patient sample sizes of the TCGA LUAD gene expression data separated into their
respective disease stages.

Disease Stage Patient Sample Size

All data 512

Stage | 279

Stage 1A 133

Stage IB 139

Stage 11 123

Stage I1A 49

Stage 11B 72

Stage IlI 84

Stage IHIA 73

Stage 111B 10

Stage IV 25

Stage 1 to 1l 403

Stage 1 to Il 488

Observed Gene Expresssion Data
H
|
3 =
N .
% S % 1 3 —b 1 % —_—

T T T T T T
GRM1 RECQL4 NRAS IGFBP5 HOXA3 TNNC1 SOSTDC1 CRIP2 CD83 GATA2

Gene

Figure 1: TCGA LUAD YMR gene expression pattern.

Boxplot representation of the 10 YMR gene signature expression data from 512 patients
representing lung adenocarcinoma stages 1, 11, 111, and IV. Gene expression data is measured in
FPKM and downloaded from TCGA.
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Only the boxplot of the entire dataset is shown since the pattern of expression was similar
between the entire dataset and the dataset split into stages I, 1A, 1B, I, lIA, 1IB, 111, 1A, HIB,
IV, I'to 11, and I to I1l. IGFBP5 has the highest expression level, followed by CRIP2 and NRAS.
The remaining genes had minimal expression levels. As the dataset was further separated into the
disease stages (1A, 1A, and I11B), RECQL4 and CD83 demonstrated a more elevated expression
level than GRM1, HOXAS, TNNC1, SOSTDC1, and GATA2. However, the sample sizes for stage
1A and 111B were small, ranging from 10 to 49 patients. This pattern does not follow the
expected gene expression data of GRM1, RECQL4, NRAS, and IGFBP5 having a higher
expression level than HOXAS5, TNNC1, SOSTDCL1, CRIP2, CD83, and GATA2. Since the YMR
signature was constructed using TCGA data in combination with additional datasets and has
been shown to be effective in separating stage IA and IB patients into high- and low-risk groups,
larger datasets of lung adenocarcinoma patients split into their respective disease stages may be
required to observe the expected gene expression data.[69, 70] Filtering the data of clinical
factors, such as smoking and treatment statuses, may also provide the expected gene signature

expression pattern.

3.1.3 Regression Models

Three simple linear regression (SLR) models were constructed to assess the correlation of the
following genomic and/or epigenomic variables with the 10 YMR genes expression levels: (1)
DNA mutation, (2) CNV, and (3) DNA methylation. Since there was a sample size of 34 for the
gene mutation data, the results obtained for its SLR were non-significant and limited, and
therefore is not included (Table 1). Results from the tests using the entire TCGA LUAD dataset

are shown since there was no significant difference when the dataset was divided into disease
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stages. Significance of linear regression models were first assessed by their p-values, followed

by their training and testing dataset mean absolute percentage errors (MAPES). P-values less than

0.05 are ideal and indicate that the probability the results obtained is due to chance is less than

5% (Tables 7 and 8). The MAPE measures the size of error between the observed and predicted

values. It takes the sum of absolute errors (the difference between the observed and predicted

gene expression value per patient) to the observed gene expression data and displays the output

as a percentage. Therefore, minimal MAPE values are desired.

Table 7: Simple linear regression model and MAPE training and testing dataset values for
assessing the correlation between gene CNV and expression of the 10 YMR signature genes.

Gene p-value MAPE training MAPE testing
GRM1 0.0324 Infinite Infinite
RECQL4 NA 1.445931 1.706748
NRAS 0.06849 0.3892762 0.3765924
IGFBP5 0.127 1.761533 1.626643
HOXA5 0.02804 1.113848 1.170493
TNNC1 0.03253 Infinite Infinite
SOSTDC1 0.3868 Infinite Infinite
CRIP2 0.03507 1.009158 1.741447
CD83 0.04498 0.9451412 0.7797078
GATA2 0.6781 1.136364 1.30343

Table 8: Simple linear regression model and MAPE training and testing dataset values for
assessing the correlation between DNA methylation and expression of the 10 YMR

signature genes.

Gene p-value MAPE training MAPE testing
GRM1 0.02726 Infinite Infinite
RECQL4 0.007491 1.338019 1.871707
NRAS 0.0299 0.3777232 0.3772146
IGFBP5 0.001299 1.58919 1.907339
HOXA5 0.02213 1.194029 0.9366368
TNNC1 1.35e-06 Infinite 4.942312
SOSTDC1 1.403e-08 Infinite Infinite
CRIP2 0.0004174 1.320225 1.198741
CD83 0.1007 0.9171166 0.9074103
GATA2 0.03786 1.212465 1.114379
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The SLRs for GRM1 of CNV correlated with gene expression (Figure 2A) and DNA methylation
correlated with gene expression (Figure 2B) both output significant p-values of less than 0.05. As
expected, an increase in CNV is seen to be correlated with an increase in gene expression while
an increase in methylation Beta value correlated with a decrease in gene expression. The
MAPEs, however, had infinite values, indicating the presence of many zero values (Tables 7 and
8). The removal of the outlier in the CNV data in attempt to improve the MAPE value increased

the p-value of the model.

The TCGA CNV dataset downloaded via UCSC Xena did not have any values for RECQLA4,
resulting in a NA (not available) p-value for the correlation of CNV with gene expression
(Figure 3A). The DNA methylation correlated with gene expression (Figure 3B) regression had a
significant p-value of 0.007491. As expected, an increase in methylation Beta value was related
to a decrease in gene expression. The MAPEs had minimal values below 2.0, indicating there is

little difference between the measured and predicted values (Tables 7 and 8).

The SLRs for NRAS and IGFBP5 of CNV correlated with gene expression (Figures 4A and 5A,
respectively) output non-significant p-values of 0.06849 and 0.127, respectively. Although the
scatterplot for NRAS demonstrated the expected trend of an increase in CNV being related to an
increase in gene expression, the points were seen to be centered and not spread equally about the
regression line. The DNA methylation correlated with gene expression SLRs (Figures 4B and
5B, respectively) had p-values of 0.0299 and 0.001299. As expected, plots depicted an increase
in methylation Beta value correlating with a decrease in gene expression. The MAPEs for NRAS

between the two SLR tests were similar in value and below 0.5, and they were below 2.0 for

42



IGFBP5 (Tables 7 and 8). Therefore, the SLR models using CNV data is non-significant, as

proven by the p-values, while the SLR model using DNA methylation is shown to be significant.

The SLRs for HOXA5 and CRIP2 of CNV correlated with gene expression and DNA
methylation correlated with gene expression output significant p-values of less than 0.04. As
expected, an increase in CNV is seen to be correlated with an increase in gene expression
(Figures 6A and 9A, respectively) while an increase in methylation Beta value correlated with a
decrease in gene expression (Figures 6B and 9B, respectively). The MAPEs had minimal values
less than 2.00 (Tables 7 and 8). These results suggest there is little error in the SLR models,

making CNV and DNA methylation a strong factor associated with gene expression.

Although SOSTDC1 had a non-significant p-value of 0.3868 for its SLR model assessing the
relationship between CNV and gene expression, the remainder SLR models for TNNC1 and
SOSTDC1 had significant p-values below 0.05. The scatterplots of the regression models
demonstrated the expected patterns: as CNV increases, gene expression decreases (Figures 7A
and 8A), and as methylation Beta value increases, gene expression decreases (Figures 7B and
8B). The MAPEs for the training and testing datasets of both sets of SLRs had infinite or larger
values than was seen for the other genes, indicating that the model may need to be modified or a

different dataset should be used to gain a better fit of the data to the model (Tables 7 and 8).

While the SLR of CNV and gene expression for CD83 had a significant p-value of 0.04498, the
regression of DNA methylation and gene expression was non-significant with a p-value of

0.1007. The MAPEs were minimal with values below 1.00, indicating little variance between the
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data values (Tables 7 and 8). Conversely, the SLR of CNV and gene expression for GATA2 was
non-significant with a p-value of 0.6781 while the SLR of DNA methylation and gene
expression had a p-value of 0.03786. The MAPEs were minimal (Tables 7 and 8). The
scatterplots of the SLRs assessing CNV demonstrated the expected pattern of increasing CNV
being related to an increase in gene expression (Figures 10A and 11A). The SLR assessing DNA
methylation scatterplots suggest that an increase in methylation Beta value is correlated to an
increase in gene expression (Figures 10B and 11B). This is contrary to the expected pattern and

suggests the dataset may need to be further filtered or a different dataset may need to be used.
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Figure 2: Scatterplots of SLR models based on CNV and DNA methylation for GRML.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yin GRM1
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 3: Scatterplots of SLR models based on CNV and DNA methylation for RECQLA4.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yin RECQL4
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 4: Scatterplots of SLR models based on CNV and DNA methylation for NRAS.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yin NRAS gene.
Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 5: Scatterplots of SLR models based on CNV and DNA methylation for IGFBP5.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yin IGFBP5
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 6: Scatterplots of SLR models based on CNV and DNA methylation for HOXAGS.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang HOXAS
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 7: Scatterplots of SLR models based on CNV and DNA methylation for SOSTDCL.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang SOSTDC1
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 8: Scatterplots of SLR models based on CNV and DNA methylation for TNNCL.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang TNNC1
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 9: Scatterplots of SLR models based on CNV and DNA methylation for CRIP2.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang CRIP2
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.

| p=0.0450

Gene Expression
1500 2000 2500
o
o
o
o
Gene Expression

1000
o
@

500
|
o
o
o
o
of OQ°°o o
o
o2, °g:
o
2|8 o
% oo
o 980 | &
Pol o0
o 0% 2 &
Qz°°m°o°
o0 o
o
o
o
o
o

0
1

-0.4 -0.2 0.0 02 04 06 0.20 0.25 0.30 0.35

A) CNV B) Methylation Beta Value

Figure 10: Scatterplots of SLR models based on CNV and DNA methylation for CD83.
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang CD83
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.
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Figure 11: Scatterplots of SLR models based on CNV and DNA methylation for GATAZ2,
Scatterplots with regression line and p-value output for the SLRs of CNV correlated with gene
expression (A) and DNA methylation correlated with gene expression (B) of the Yang GATA2
gene. Gene expression data is measured in FPKM, CNV values are estimated using the GISTIC2
method, and DNA methylation data is presented as Beta values. TCGA LUAD data was
downloaded and used; the UNIX commend prompt was used to filter the data; R was used to
construct and run the linear model.

Two multiple linear regression (MLR) models were constructed to assess the correlation of the
following genomic and/or epigenomic variables with the 10 YMR genes expression levels: (1)
DNA mutation and DNA methylation and (2) gene CNV and DNA methylation. Since there was
a sample size of 34 for the gene mutation data, the results obtained for its MLR were non-
significant and limited, and therefore is not included (Table 1). Results from the tests using the
entire TCGA LUAD dataset are shown since there was no significant difference when the dataset

was divided into disease stages. Model significance was assessed by the output p-value and

MAPE (as per equation 3) (Table 9).
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To visually assess the fit and significance of the regression models, a variety of plots were
constructed that displayed the predicted and observed expression values and residual errors in
different forms. However, none of the YMR signature genes displayed the ideal output from the
Predicted versus Observed Gene Expression and four regression model diagnostic plots. The
predicted gene expression value was plotted against the observed gene expression value; since
the expected and observed gene expression values are expected to be similar, a plot of the points
falling along a 45° angle line would be ideal. Multiple linear regression summaries output the
residuals vs. fitted, normal Q-Q, scale-location, and residuals vs. leverage plots. The MLR model
results were assessed on all plots, however, the residuals vs. fitted plots, which detects a
regression’s non-linearity, unequal error variances, and outliers, provide the clearest
interpretations. Ideal residuals vs. fitted plots demonstrate a random scattering of points around
the y = 0 axis, indicating a linear relationship, and a horizontal band of residual points around the
y = 0 axis, indicating the error variances are equal and the dataset has a normal distribution.
Points that stray from the common grouping of residual points are identified as outliers and may
be influential or non-important to the dataset and therefore their removal should be evaluated.
The plot for GRM1 had a band of points around the y = 0 axis, indicating the error variances may
be equal. However, the plot indicated that the model needs to be improved since the points were
not randomly scattered, suggesting a possible non-linear relationship, and the removal of the
outlier increased the p-value of the regression (Figure 12). RECQL4 and NRAS were determined
to be non-significant as their plots did not meet the three criteria of significance through
assessment of their residuals (Figure 13 and 14). The HOXAGS data initially had an outlier whose
removal increased the p-value of the regression model. The significance of its residuals vs. fitted

plot requires slight improvement (Figure 15). SOSTDC1, TNNC1, CRIP2, and CD83 have
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unideal plots, indicating their data do not meet the linearity and equal variance criteria.
Therefore, these models require improvement (Figures 16, 17, 18, and 19). Similar to HOXAS5,
the GATAZ2 plot demonstrates a slight random scattering of points forming the indicative
horizontal band around the y = 0 axis, signifying the model requires minor improvement (Figure

20).

Although a number of the regression models had significant p-values, further analyses must be
done to determine whether the models and their data are significant. After assessment of the
MAPEs and output scatter (for SLR) and residuals vs. fitted (MLR) plots, it is evident that the
SLR and MLR models may be modified and improved upon. Corrective measures for improving
linear regression models include deleting observations, transforming variables, adding or
deleting variables, and using another regression approach or type. Transforming variables have
the potential to improve regression models when they do not meet the normality, linearity,
homoscedasticity, or heteroscedasticity (non-constant error variance) assumptions.
Transformations typically include the replacement of Y with Y, where Y2 may represent 1/Y?,
1Y, 1/YY2 1og(Y), Y?, et cetera. Increasing or decreasing the number of variables has the
potential to improve the regression model and its fit by including more predictor factors.
Therefore, in addition to CNV and DNA methylation, transcription factors and miRNA have
been shown to have an impact on gene expression and should be included in the regression
models in hopes of improving their significances.[115, 116] In both the simple and multiple
linear regression models, the disease staging could have been added to the model as another
variable instead of dividing the dataset into the stages since the former uses the entire dataset

while the latter decreases the sample size per each stage dataset. Similarly, clinical factors such
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as patient sex and treatment and smoking statuses can be included in the regression models as
additional variables.

Table 9: Multiple linear regression model MAPE and p-values.

P-value and MAPE training and testing dataset values for assessing how strongly the
combination of gene CNV and DNA methylation correlates with expression statistical values for
the 10 YMR signature genes.

Fitted values

Gene p-value MAPE training MAPE testing
GRM1 0.1105 Infinite Infinite
RECQL4 0.001279 1.380921 1.902762
NRAS 0.003221 0.3941123 0.3166736
IGFBP5 0.0004657 1.490869 2.197751
HOXA5 0.02024 1.18767 1.553433
TNNC1 6.875e-06 Infinite Infinite
SOSTDC1 6.773e-07 Infinite Infinite
CRIP2 0.01188 1.378425 0.9925978
CD83 0.4864 0.9019874 0.8165663
GATA2 0.5251 1.089769 1.120874
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Figure 12: Residual vs. Fitted diagnostic plot for the GRM1 multiple linear regression

model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with GRM1 expression, after the removal of an outlier value. The
Residuals versus Fitted plot assesses whether there is a linear relationship between the dependent
and independent variables. TCGA LUAD data was downloaded and used; the UNIX commend
prompt was used to filter the data; R was used to construct and run the linear model.
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Figure 13: Residual vs. Fitted diagnostic plot for the RECQL4 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with RECQL4 expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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Figure 14: Residual vs. Fitted diagnostic plot for the NRAS multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with NRAS expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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Figure 15: Residual vs. Fitted diagnostic plot for the HOXAS multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with HOXAS expression, after the removal of an outlier value. The
Residuals versus Fitted plot assesses whether there is a linear relationship between the dependent
and independent variables. TCGA LUAD data was downloaded and used; the UNIX commend
prompt was used to filter the data; R was used to construct and run the linear model.
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Figure 16: Residual vs. Fitted diagnostic plot for the SOSTDC1 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with SOSTDC1 expression. The Residuals versus Fitted plot
assesses whether there is a linear relationship between the dependent and independent variables.
TCGA LUAD data was downloaded and used; the UNIX commend prompt was used to filter the
data; R was used to construct and run the linear model.
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Figure 17: Residual vs. Fitted diagnostic plot for the TNNC1 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with TNNC1 expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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Figure 18: Residual vs. Fitted diagnostic plot for the CRIP2 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with CRIP2 expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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Figure 19: Residual vs. Fitted diagnostic plot for the CD83 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with CD83 expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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Figure 20: Residual vs. Fitted diagnostic plot for the GATA2 multiple linear regression
model.

Residual vs. fitted diagnostic plot assessing how strongly the combination of gene CNV and
DNA methylation correlates with GATA2 expression. The Residuals versus Fitted plot assesses
whether there is a linear relationship between the dependent and independent variables. TCGA
LUAD data was downloaded and used; the UNIX commend prompt was used to filter the data; R
was used to construct and run the linear model.
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3.2 AIM 2 Determination of gene expression detection assay feasible for clinical use.

3.2.1 Rationale for AIM 2

To further develop our 10-gene signature, we aimed to choose a gene expression detection assay
most feasible for clinical oncology use. A comprehensive literature review assessment on the
gRT-PCR, DNA microarray, nCounter, RNA-Seq, FISH, and tissue microarray (TMA) assays
would help to choose the most suitable method for each clinical application. The systems are
evaluated based on parameters including, but not limited to, sensitivity, specificity, cost of

reagents and machine, and time required from sample preparation to data analysis.

3.2.2 Comparison of Gene Detection Assay Systems

Sensitivity refers to the minimum amount of substance, such as RNA, detected per sample in an
experimental assay. qRT-PCR and real-time PCR have a reported sensitivity of 10 copies mRNA
per cell, with as many as 200 copies per cell having been detected for PCR.[117, 118] As little as
3 copies per cell have been detected in PCR, implying that this number could be similar for gRT-
PCR.[119] Similarly, DNA microarrays can detect from 1-10 copies of mRNA per cell.[120]
Both nCounter and MiSeq have the ability to sense a minimum of 1 copy of mRNA per cell;
nCounter utilizes region-specific colour-coded probes to bind to a single transcript, whereas
MiSeq can generate a cluster of 1000 copies from a single transcript.[105, 121] Lastly,
sensitivity for TMAs can be analyzed in a number of ways as it may depend on the size of the
tissue spot in the array or the sensitivity of the tests (e.g. FISH, ISH) being used. For example,
TMASs can array up to 1000 different sample spots on a single array, allowing 0.6 mm as the
smallest sample size that can be taken with efficient detection results; in situ hybridization is

shown to have a sensitivity of 10-20 mRNA copies per cell. (Table 10).[17, 109, 122, 123]
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The specificity for each of the gRT-PCR, DNA microarray, NanoString nCounter, MiSeq RNA-
Seq, and TMA depends on the primers/probes and/or reagents being used. As previously
discussed, a strict design is required to ensure the gRT-PCR primers tightly anneal to the mRNA
transcript and amplify only the section of interest. Therefore, the specificity of qRT-PCR
depends on the forward and reverse primer design, as well as the oligonucleotide probe used in
detection.[124-126] The specificity of DNA microarrays depends on a number of factors, such
as the density of probes annealed to the slide, the single probe (hybridization of a probe to a
single target), single spot (a spot of multiple probes may contain probes that are perfectly or
partially hybridized to a target), and spot-set (multiple spots represent different sections of the
same sequence).[127] Similar to PCR, the specificity may also depend on the probe design; for
example, cDNA microarrays can employ probes up to a few thousand base pairs in length while
oligonucleotide arrays perform best with shorter probes that can be 25-30mer or 60-70mer in
length.[120] The specificity of NanoString nCounter is due to its target-specific Capture and
Reporter probes, as these are designed to anneal to a nucleic acid region of interest. These
combine with the internal controls used to form the CodeSet, which confers the overall
specificity.[128] TMA quality is dependent on the type of analysis being done. For example,
FISH, RNA FISH, and immunohistochemistry each confer different specificities to the TMA
assay.[129, 130] RNA probes about 250-1500 nucleotides in length, with a common
recommendation of 800 nucleotides, tend to demonstrate high specificity.[131] Chemically-
synthesized oligonucleotides labelled with fluorophores and calibrated to a certain region tend to

generate RNA FISH probes with high specificity. (Table 10).[17, 129]
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Table 10: Comparison of gRT-PCR, DNA Microarray, NanoString nCounter, lllumina

MiSeq RNA-Seq, and Tissue Microarray assay properties.[17]

Assay gRT-PCR DNA NanoString Illumina Tissue
Microarray nCounter MiSeq RNA- | microarray
Seq & FISH
Primer/probe | Gene-specific | DNA probes Capture probe | Primers on Gene-
design primer with complementar | with 3’ affinity | flow cell and specific
attached y to cDNA tag and adaptors to RNA probes;
guencher and | samples Reporter probe | ligate to ends | gene-specific
reporter with colour- of sample fluorochrome
fluorophores; coded tag -labelled
SYBR green probes;
monoclonal
antibodies
Sample RNA RNA RNA RNA Map donor
preparation extraction; extraction; extraction extraction; block; place
reverse reverse reverse into recipient
transcribe transcribe transcribe block; make
sample sample sample; TMA
fragmentation
Instrument Thermal Microarray Prep Station MiSeq Tissue
cycler scanner and Digital benchtop arrayer;
Analyzer sequencer microscope
or array
scanner
Reproducible | Yes Yes Yes Yes Yes
Specificity Forward and Density of Design of Rely on data Rely on
reverse primer | probes Capture and analysis probes to be
design, annealed to the | Reporter used
oligonucleotid | slide, probe probes
e probe design
Sensitivity 10-200 1-10 <1 copy/cell <1 copy/cell 1-10
copies/cell copies/cell copies/cell
Clinic study Yes Yes Yes Yes Yes
Commercialize | Oncotype DX | MammaPrint Prosigna No No
d
Number of 1-100 50 000 800 700 —several |3
genes or thousand
transcripts
detected
Number of 1-96 1-12/array 12 96 1000
samples
Processing Prep reaction Label cDNAs, | Label probes, cDNA lib Make TMA,
steps mixture, hybridization | hybridization | prep, Slide TMA
PCR cycles, to array, to array, sequencing, Staining,
Result analysis | Data analysis | Data analysis | data analysis Analysis
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Raw Data by machine in | by machine in | by machine in | by machine in | by machine
analysis 30 minutes 1 hour 40 2.7 hours 3 hours or

minutes microscopy

in 6 minutes

Normalization | 3-5 Housekeeping | Housekeeping | RPKM Tissue array

housekeeping | genes; RMA; | genes; positive co-
genes LOWESS controls occurrence
method matric
analysis
Data analysis | Absolute and | Visualization; | Colour-coded | Dataoutputas | PCR; H and
relative statistical tests | images are sequenced E staining;
guantification; taken and reads with FISH, ISH;
standard output as code | quality scores | fluorescent
dissociation counts or read microscopy
curve; alignments

statistical tests

A gRT-PCR reaction per sample can be considered cheap in cost. Various kits can be obtained
according to one’s experimental design to reverse transcribe the mRNA to cDNA and carry out
the remainder qRT-PCR steps for about $300-$550. According to BioSearch Technologies, after
all reagent costs have been accounted for, a single qRT-PCR reaction totals under $1.00. When
probes are being used as the detection method, the total cost is about $0.82 per reaction; when
SYBR is being used, the total cost is about $0.56 per reaction. These increase to about $0.89 and
$1.13 if probes and SYBR are being used, respectively, when additional targets are present.[132]
A sample processing of $0.50 has been reported. A qRT-PCR reaction per sample has been
reported to cost as little as $0.50 per reaction.[133] A whole microarray slide can cost between
$150-$400, with a full genome array being $500, and a processing cost of about $325 per array.
Some studies have reported a cost of $0.025 per data point (or gene being analyzed).[133, 134]
The NanoString nCounter provides a Master Kit and CodeSet to be purchased separately, with
all necessary consumables and reagents. The Master Kit costs about $280-350 per 1 cartridge for
12 samples.[105] Custom or pre-designed CodeSets are available for specific gene detection.

Pre-designed CodeSets can be purchased for $3600-$4800 per 12 assays for analyzing samples
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of human stem cells, human cancer reference, or leukemia, to name a few. A custom CodeSet for
48 assays assessing 25 genes can cost about $6000, resulting in a cost of $125 per assay and $5
per data point. Doubling the target to 50 genes nearly doubles the cost to $10 000 for 48 assays,
$208.33 per assay, and $4.17 per data point.[135] Several institutes provide services to carry out
an nCounter experiment for up to $530 (University of Kentucky and the Whitehead Institute,
respectively) per cartridge of 12. A sample processing for targeted gene sequencing costs $90 on
the MiSeq Benchtop sequencer, with a 50-500 base pair sequencing kit valued at $1400-
$2000.[136, 137] Some institutes provide data analysis for $160-$175.[137, 138] Prepared tissue
microarrays may cost as much as $6000 (stage | breast cancer tissue array).[139] Studies have
reported the cost to build and analyze a TMA to be $255 (18 cases) and $12 240 (48 cases),
resulting to $12.50 per case.[140] In addition, the instruments are valued at $25 000-$95 000
(thermal cycler for PCR), $50 000-$110 000 (microarray scanner), $149 000-$285 000
(NanoString Prep Station and Digital Analyzer), $128 000 (MiSeq Benchtop sequencer), and $55

000-$98 000 (tissue arrayers), respectively. (Table 11).[17, 141-147]

gRT-PCR, DNA microarrays, NanoString nCounter, and Illumina MiSeq all require the isolation
and purification of RNA. Following RNA extraction, qRT-PCR requires the mixing of various
reagents before allowing the sample to reverse transcribe. A well-plate must be carefully
prepared prior to subjecting the sample for the PCR and dissociation curve analysis steps in the
thermal cycler machine and by the computer, respectively; this can take about 5 hours when
including an RNA extraction step.[148] Similarly, DNA microarrays require a reverse
transcription step after the RNA extraction. Time is then required to allow the sample to

hybridize to the array; the arrays can be pre-ordered and do not have to be constructed in the
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laboratory. The microarray scanner analyzes and slides and computer software can be purchased
for data analysis, resulting in a total time of 20 hours.[149] NanoString nCounter only requires
the user to prepare the initial sample and then transfer the sample to and from the Prep Station
and Digital Analyzer machines. The machines carry out any processing and data analysis that
needs to be done, resulting in a total of about 5.5 hours.[150] Similar to the nCounter, lllumina
MiSeq only requires the user to prepare the library and load it onto the reagent cartridge; the rest
of the sample processing and data analysis is carried out by the MiSeq benchtop sequencer, with
the MiSeq Reporter analysis software launching following completion of the trial. A total of
about 40 hours is required.[136] TMA construction is a tedious procedure and therefore requires
the most work, demanding an average of up to two days, depending on the exact procedure
followed. If donor tissue blocks are not available, one must collect samples prior to preparing the
block. Then, the tissue block is sectioned and slides of the tissue sample must be stained so that
one can use the tissue arrayer to accurately remove cores from the donor block and place them
on the slide. Following sectioning of the TMA, the resulting slide is interrogated using reagents
for FISH, ISH, or immunohistochemistry tests must be prepared and applied to the slide. The

slides can then be analyzed by eye or with a (digital) slide scanner (Table 11).[17, 151]
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Table 11: Cost and time of qRT-PCR, DNA Microarray, NanoString nCounter, lllumina
MiSeq RNA-Seq, and Tissue Microarray assays. The prices may vary between

facilities.[17]

Assay gRT-PCR DNA NanoString Illumina Tissue
Microarray nCounter MiSeq microarray &
RNA-Seq FISH
Cost on $0.56 (SYBR) | ~$50/array $20 ~$200-300 $75-2000/array,
Sample $0.82 depending on
preparation | (probe)/Single cancer type
plex reaction
Coston Kit | $1416 (SYBR) | ~$350/plate $280-350/1 $1200- $515 for FISH
$1834 cartridge for 2320/~12
(probe)/100 12 samples reactions
preps (Master Kit);
$3600-4800/12
assays
(Custom
CodeSet)
Cost on $0.50/sample | $0.025/data $4.17/data $90/sample | $12.50/sample
Processing point; point; $35-
~$100/array 41.67/sample
Cost on Data | $55 ~$100 $65-250 $160-175 $95/slide using
analysis 3 antibodies
Cost on $25 000- $50 000- $149 000-$285 | $128 000 $55 000-
Instrument | $95 000 $110 000 000 $98 000
Or ~$25/run
Time on 1 hour 20 minutes 5 minutes 8 hours 30 minutes
Sample
preparation
Time on 2-4 hours 60 minutes to | 5 minutes + 24 hours 24 hours
Sample 17-18 hours or | 2.5 hours
processing overnight
Time on 30 minutes 1 hour 40 5 minutes + 3 hours 6 minutes
Data minutes 2.7 hours
Analysis

3.3 AIM 3 gRT-PCR assay optimization and YMR signature validation in formalin-fixed,

paraffin-embedded (FFPE) samples.

3.3.1 Rationale for AIM 3

gRT-PCR involves parameters including primer design, reagent kit used, RNA extraction, RNA

quality, reverse transcription, and PCR conditions. Assay optimization ensures assay consistency
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and that the assay will work for FFPE samples. To further demonstrate the reproducibility of our
YMR model, we will test the assay in a cohort of FFPE samples from the Manitoba Tumor Bank
to assess the expression levels of the YMR signature genes in NSCLC tissue samples. The
expression level of EGFR will be used as a positive control since it is highly expressed in lung
cancers to compare the expression levels of the YMR genes to and TBP will be used to

normalize the all gene expression levels using the AC: method.

3.3.2 Measurement of RNA Quality

As observed from the A549 cell line and three FFPE lung tissue RNA extractions, the LO304F
sample provided RNA with the best quality, having an A260/A280 value of 1.93 and A260/A230
of 2.03. This was comparable to RNA extracted from the A549 cell, which had a larger
A260/A280 value of 1.99, yet smaller A260/A230 value of 1.98. The 13137A sample had the
next best quality, with A260/A280 and A260/A230 values of 1.84 and 1.56, respectively. The
L0379B sample was comparable to the 13137A sample, with an A260/A280 of 1.84 and
A260/A230 of 1.44. However, studies have shown that the cell line is expected to provide RNA
with the greatest quality, followed by FFPE samples that have been recently prepared (fixed and
embedded). Therefore, when assessing the dates of the samples, L0379B should provide the
greatest quality RNA, next to the A549 cell line, since it was prepared in 2017. LO304F RNA
should have the second-greatest quality, followed by 13137A, since their preparation dates are
2014 and 1996, respectively. A number of factors may have affected the tissue sample and its
nucleic acid quality, such as the exact process of fixation and embedding, depth of penetration of
formalin fixative into the tissue, volume and concentration of fixative used, amount of tissue

used, and temperature of incubation atmosphere and tissue sample during fixation and
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embedding. The time between sample removal from patient and fixation is very critical and must
be kept to a minimum as tissue autolysis and degradation of nucleic acid by enzymes can occur.
The tissue fixation process should be kept to below 24 hours as over-fixation can produce more
irreversible cross-links between nucleic acid and proteins and result in a faster fragmentation of
nucleic acids.[152—-154] Knowledge of specific information regarding these factors may provide
insight into why the L0379B sample provided RNA with the poorest quality, instead of the
greatest. The L0O379B and L0304F samples, however, did provide consistent qRT-PCR results
when assessing the expression levels of the YMR signature genes. The 13137A sample provided
gRT-PCR results that were inconsistent with the other two samples, likely due to its old age and

more degraded nucleic acid (Figure 21).
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Figure 21: Comparison of RNA quality between the A549 cell line and FFPE samples.
RNA quality was measured by the A260/A280 and A260/A230 values output from the
NanoDrop BioAnalyzer and compared between the A549 cell line and three lung test FFPE
samples. The values from three extractions were averaged. Standard error is depicted.
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3.3.3 DNA Gel of Yin and Yang Gene gRT-PCR Products

Although PCR amplicons using material from FFPE samples have been shown to exceed 1000
base pairs (bp), primers designed for amplicons of smaller sizes of about 60-100 bp tend to
produce smaller Cq values, the more favourable result.[154—-156] Primers for the qRT-PCR tests
to measure the expression levels of the 10 YMR signature and three housekeeping genes were
first designed for amplicon sizes of 80 — 100 bp. Only CRIP2 from the first set of designed
primers produced a single gRT-PCR product and/or did not produce product(s) in the no Reverse
Transcriptase (no RT) and double-distilled water (ddH20) negative controls. Product presence in
the no RT and ddH20 imply the presence of contaminating DNA and/or primer dimers.
Therefore, the second set of primers were designed with an expanded amplicon range of 80 —
120 bp to allow for more primer pair options. The primer self-complementarity at the 3’ and 5’
ends were kept below 3.00; however, when primer pairs were not returned from the NCBI
Primer-BLAST primer designing tool, the self-complementarity limit was increased to 5.00. IDT
OligoAnalyzer Tool confirmed whether the primer pairs would form hairpin structures, self-
dimers, and/or heterodimers. From the second design, primers for IGFBP5, TNNC1, GATAZ2, and
TBP produced a single gqRT-PCR product and/or did not produce product(s) in the no RT and

ddH20 negative controls.

The DNA agarose gels indicated the TNNC1, CRIP2, CD83, GAPDH, ACTB, and TBP primers
were of the expected size (measured in base pairs) and worked well to produce a single qRT-

PCR product (Figure 22). Further gRT-PCR tests using the CD83, GAPDH, and ACTB primers
had products present in the no RT and ddH20 negative controls, indicating these primers need to

be redesigned. Additional DNA agarose gels assessing the qRT-PCR products from the sample
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testing, no RT, and ddH.O trials confirmed the IGFBP5, TNNC1, CRIP2, GATAZ2, and TBP
primers to be feasible for further use in the FFPE samples (Figure 23). The TBP and EGFR
commercial primers were also determined to be feasible for further use (Figure 24). To improve
the primer designs, other parameters may be adjusted, such as melting size and a more stringent
melting temperature. It is also preferred that the primer pairs and test and reference amplicons be
of equal lengths.[155] Therefore, to ensure the gRT-PCR results are reproducible, and to
improve the qRT-PCR results from the 13137A sample, a more limited amplicon length and

equal primer lengths within pairs per gene can be set during primer designing.

GRM RECLS  NRAS HOXAS  INNC SOS I CRIPZ Coss GAPDH  ACTE 1By

Figure 22: DNA agarose gel of gRT-PCR GRM1, RECQL4, NRAS, IGFBP5, HOXAS5,
TNNC1, SOSTDC1, CRIP2, CD83, GATA2, GAPDH, ACTB, and TBP products.

The products are the result of the melting temperatures (Tms) (from left to right) 56.3°C and
52.0°C (GRM1), 60.0°C and 56.3°C (RECQL4), 50.7°C (NRAS), 56.3°C (IGFBP5), 52.0°C
(HOXADS), 58.3°C and 56.3°C (TNNC1), 52.0°C (SOSTDC1), 53.9°C and 52.0°C (CRIP2), 53.9°C
(CD83), 52.0°C (GATA2), 58.3°C and 52.0°C (GAPDH), 52.0°C (ACTB), and 52.0°C and 50.7°C
(TBP) on custom-designed primers. Gradient gRT-PCRs were first performed on each primer to
determine their optimum Tm. The products from the Tms with the lowest gRT-PCR Cq value were
run on the DNA gel. qRT-PCR was performed on approximately 15 ng RNA extracted from the
A549 cell line. Invitrogen™ TracklT™ Ultra Low Range DNA Ladder was used to measure the
product sizes. The primers are designed for amplicon sizes 99 bp (GRM1), 80 bp (RECQLA4), 84
bp (NRAS), 95 bp (IGFBP5), 80 bp (HOXA5), 93 bp (TNNC1), 81 bp (SOSTDCL1), 92 bp
(CRIP2), 91 bp (CD83), 97 bp (GATAZ2), 95 bp (GAPDH), 61 bp (ACTB), and 86 bp (TBP).
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Figure 23: DNA agarose gel of gRT-PCR IGFBP5, TNNC1, CRIP2, and GATAZ2 products
from the A549 cell line.

Gradient gqRT-PCRs were first performed on each primer to determine their optimum melting
temperatures (Tm), which was taken as 56.3°C for each custom design primer. The products from
the Tms with the lowest qRT-PCR quantitation cycle (Cq) values were run on the DNA gel. The
first lane per gene tested contains gRT-PCR product produced from cDNA reverse transcribed
with Reverse Transcriptase (RT), the second lane gRT-PCR product produced from RNA that
underwent the cDNA synthesis protocol lacking RT (ho RT control), and third lane qRT-PCR
product of double-distilled H20 instead of cDNA sample (negative control). gRT-PCR was
performed on approximately 15 ng RNA extracted from the A549 cell line. Invitrogen™
TrackIT™ Ultra Low Range DNA Ladder was used to measure the product sizes. The primers
are designed for amplicon sizes 95 bp (IGFBP5), 93 bp (TNNC1), 92 bp (CRIP2), and 97 bp
(GATA2).
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Figure 24: DNA agarose gel of gRT-PCR TBP and EGFR products from the A549 cell line.
A gradient gRT-PCR was first performed on the custom primer to determine its optimum melting
temperature (Tm). The products are the result of 56.3°C and 60°C Tms on custom design and
commercial primers, respectively. The products from the Tms with the lowest qRT-PCR
quantitation cycle (Cq) values were run on the DNA gel. The first lane per gene tested contains
gRT-PCR product produced from cDNA reverse transcribed with Reverse Transcriptase (RT),
the second lane gRT-PCR product produced from RNA that underwent the cDNA synthesis
protocol lacking RT (no RT control), and third lane gqRT-PCR product of double-distilled H20
instead of cDNA sample (negative control). gRT-PCR was performed on approximately 15 ng
RNA extracted from the A549 cell line and FFPE test samples. Invitrogen™ TracklT™ Ultra
Low Range DNA Ladder was used to measure the product sizes. The TBP custom primer is
designed for amplicon size 86 bp.

The remainder of the DNA agarose gels confirmed the custom-designed primers were working in
the FFPE samples (Figures 25, 26, 27, 28, 29, and 30). The gel for TNNCL1 did not have any
product from the 13137A FFPE sample (Figure 26), which correlates to its low-expression level
from the gRT-PCR results (Figure 32). The gel for GATA2 had some lowly-expressed products

in the negative controls, which were considered non-significant (Figure 28).
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Figure 25: DNA agarose gel of gqRT-PCR IGFBP5 products from the A549 cell line and
FFPE test samples.

Gradient qRT-PCRs were first performed on the custom primer to determine its optimum
melting temperature (Tm), which was taken as 56.3°C. The products from the Tms with the lowest
gRT-PCR quantitation cycle (Cq) values were run on the DNA gel. The first lane per gene tested
contains gRT-PCR product produced from cDNA reverse transcribed with Reverse Transcriptase
(RT), the second lane gRT-PCR product produced from RNA that underwent the cDNA
synthesis protocol lacking RT (no RT control), and third lane gRT-PCR product of double-
distilled H20 instead of cDNA sample (negative control). gRT-PCR was performed on
approximately 15 ng RNA extracted from the A549 cell line and FFPE test samples.
Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was used to measure the product sizes.
The IGFBP5 custom primer is designed for amplicon size 95 bp.
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Figure 26: DNA agarose gel of gqRT-PCR TNNC1 products from the A549 cell line and
FFPE test samples.

Gradient gqRT-PCRs were first performed on the custom primer to determine its optimum
melting temperature (Tm), which was taken as 56.3°C. The products from the Tms with the lowest
gRT-PCR quantitation cycle (Cq) values were run on the DNA gel. The first lane per gene tested
contains gRT-PCR product produced from cDNA reverse transcribed with Reverse Transcriptase
(RT), the second lane gRT-PCR product produced from RNA that underwent the cDNA
synthesis protocol lacking RT (no RT control), and third lane gRT-PCR product of double-
distilled H20 instead of cDNA sample (negative control). gRT-PCR was performed on
approximately 15 ng RNA extracted from the A549 cell line and FFPE test samples.
Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was used to measure the product sizes.
The TNNC1 custom primer is designed for amplicon size 93 bp.
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Figure 27: DNA agarose gel of gRT-PCR CRIP2 products from the A549 cell line and
FFPE test samples.

Gradient qRT-PCRs were first performed on the custom primer to determine its optimum
melting temperature (Tm), which was taken as 56.3°C. The products from the Tms with the lowest
gRT-PCR quantitation cycle (Cq) values were run on the DNA gel. The first lane per gene tested
contains gRT-PCR product produced from cDNA reverse transcribed with Reverse Transcriptase
(RT), the second lane gRT-PCR product produced from RNA that underwent the cDNA
synthesis protocol lacking RT (no RT control), and third lane gRT-PCR product of double-
distilled H20 instead of cDNA sample (negative control). gRT-PCR was performed on
approximately 15 ng RNA extracted from the A549 cell line and FFPE test samples.
Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was used to measure the product sizes.
The CRIP2 custom primer is designed for amplicon size 92 bp.
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Figure 28: DNA agarose gel of gqRT-PCR GATA2 products from the FFPE test samples.
Gradient gqRT-PCRs were first performed on the custom primer to determine its optimum
melting temperature (Tm), which was taken as 56.3°C. The products from the Tms with the lowest
gRT-PCR quantitation cycle (Cq) values were run on the DNA gel. The first lane per gene tested
contains gRT-PCR product produced from cDNA reverse transcribed with Reverse Transcriptase
(RT), the second lane gRT-PCR product produced from RNA that underwent the cDNA
synthesis protocol lacking RT (no RT control), and third lane gRT-PCR product of double-
distilled H20 instead of cDNA sample (negative control). gRT-PCR was performed on
approximately 15 ng RNA extracted from the FFPE test samples. Invitrogen™ TracklT™ Ultra
Low Range DNA Ladder was used to measure the product sizes. The GATAZ2 custom primer is
designed for amplicon size 97 bp.
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Figure 29: DNA agarose gel of gRT-PCR TBP products from the A549 cell line and FFPE
test samples.

An optimum melting temperature (Tm) of 60.0°C for the commercial primer was used. The
products from the Tms with the lowest qRT-PCR quantitation cycle (Cq) values were run on the
DNA gel. The first lane per gene tested contains qRT-PCR product produced from cDNA
reverse transcribed with Reverse Transcriptase (RT), the second lane gRT-PCR product
produced from RNA that underwent the cDNA synthesis protocol lacking RT (no RT control),
and third lane qRT-PCR product of double-distilled H,0 instead of cDNA sample (negative
control). gqRT-PCR was performed on approximately 15 ng RNA extracted from the A549 cell
line and FFPE test samples. Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was used to
measure the product sizes.
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Figure 30: DNA agarose gel of gqRT-PCR TBP products from the A549 cell line and FFPE
test samples.

An optimum melting temperature (Tm) of 60.0°C for the commercial primer was used. The
products from the Tms with the lowest qRT-PCR quantitation cycle (Cq) values were run on the
DNA gel. The first lane per gene tested contains qRT-PCR product produced from cDNA
reverse transcribed with Reverse Transcriptase (RT), the second lane gRT-PCR product
produced from RNA that underwent the cDNA synthesis protocol lacking RT (no RT control),
and third lane gRT-PCR product of double-distilled H,0 instead of cDNA sample (negative
control). gqRT-PCR was performed on approximately 15 ng RNA extracted from the A549 cell
line and FFPE test samples. Invitrogen™ TrackIT™ Ultra Low Range DNA Ladder was used to
measure the product sizes.

3.3.4 gRT-PCR of Yin and Yanqg Genes

According to the 10-gene YMR signature, IGFBPS5 should be over-expressed in tumor cells
while CRIP2, TNNC1, and GATAZ2 should be under-expressed when compared to normal cells.
Therefore, IGFBP5 may have a relatively higher expression level than the other three genes. The
gene expression from conducting qRT-PCRs using the A549 cell line, however, resulted in
CRIP2 displaying high expression level while IGFBP5 had the lowest (Figure 31). However,
when the L0379B and L0304F FFPE samples were used, the expression of IGFBP5 was much

greater than TNNC1, CRIP2, and GATAZ2, as expected (Figure 32).
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Figure 31: Comparison of IGFBP5, TNNC1, CRIP2, and GATA2 YMR and EGFR positive
control gene expression in the A549 cell line.

Custom-designed primers were used for the YMR genes and a commercial primer was used for
the positive control gene. IGFBP5 is expected to be over-expressed in NSCLC, while TNNC1,
CRIP2, and GATA2Z are expected to be under-expressed. An average of three tests are shown;
each test well used 15 ng of sample cDNA and each test included three replicates of testing
sample, no reverse transcriptase control, and negative double-distilled water control. Standard
error is shown. Data was normalized using the 2"2¢4 normalization method with the TBP control
gene.
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Figure 32: Comparison of IGFBP5, TNNC1, CRIP2, and GATA2 YMR and EGFR positive
control gene expression in lung FFPE test samples L0379B and L0304F.

Custom-designed primers were used for the YMR genes and a commercial primer was used for
the positive control gene. IGFBP5 is expected to be over-expressed in NSCLC, while TNNC1,
CRIP2, and GATA2 are expected to be under-expressed. An average of three tests are shown;
each test well used 15 ng of sample cDNA and each test included three replicates of testing
sample, no reverse transcriptase control, and negative double-distilled water control. Data was
normalized using the 24€9 normalization method with the TBP control gene.

3.3.5 Cell Line Database Comparison

Since the expression levels of the YMR genes from the gRT-PCR results using the A549 did not
mirror the expected YMR gene signature, NSCLC gene expression data from cell lines on
publicly available databases were downloaded to compare to the qRT-PCR results and assess for
the expected YMR signature expression pattern. YMR gene expression data from 37 cell lines
were downloaded from the Cancer Cell Line Encyclopedia (CCLE) database. The expression
levels were compared between the genes per cell line, followed by ranking of the genes on a
scale of 1 to 10, with 1 representing the highest expression level in a cell line and 10 the lowest
expression level. Contrary to our expectations of GRM1 having the highest expression level, it

was ranked in the 9" and 10" positions in 36 of the cell lines. RECQL4 and NRAS had rankings
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in the 1% and 2" places for a majority of the cell lines, similar to the YMR signature pattern.
SOSTDC1 had a low expression ranking in 27 cell lines, as expected, whereas GATA2 was
highly expressed in many cell lines, opposing our expected pattern. The remainder of the genes
varied in their expression rankings across the cell lines (Table 12). Similar expression patterns
were seen in the 28 cell lines downloaded from the Genomics of Drug Sensitivity in Cancer
(GDSC) database, specifically, GRM1 had the lowest and second lowest expression levels out of
the YMR genes in 28 of the cell lines and RECQL4 and NRAS had high expression levels (Table
13). With the exception of GRM1, three CCLE cell lines and one GDSC cell line mirrored the
expression pattern of the YMR signature, with IGFBP5, NRAS, and RECQL4 having the highest
expression levels out of the 10 genes (Table 14).

Table 12: Yin and Yang gene rankings across the 37 NSCLC cell lines from the Broad
Institute Cancer Cell Line Encyclopedia online database.

Each gene was ranked in each cell line, with 1 representing the highest expression level and 10

representing the lowest expression level. The total counts per each gene ranking were summed.
RNA-Seq gene expression data was downloaded.

Ranking 1 2 3 4 5 6 7 8 9 10
GRM1 0 0 0 0 0 0 1 0 14 22
RECQL4 5 21 5 4 2 0 0 0 0 0
NRAS 18 8 9 2 0 0 0 0 0 0
IGFBPS 4 0 3 2 0 4 8 13 3 0
HOXAS5 0 0 2 3 7 9 8 4 2 2
TNNC1 4 1 3 5 3 6 8 5 0 2
SOSTDC1 1 0 0 0 0 2 0 7 17 10
CRIP2 5 5 7 4 2 7 5 2 0 0
CD83 0 0 4 3 16 6 4 4 0 0
GATAZ? 0 2 6 14 7 3 3 2 0 0
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Table 13: Yin and Yang gene rankings across the 29 NSCLC cell lines from the Genomics
of Drug Sensitivity in Cancer online database.

Each gene was ranked in each cell line, with 1 representing the highest expression level and 10
representing the lowest expression level. The total counts per each gene ranking were summed.
RNA-Seq gene expression data was downloaded. HOXA4 data was not available.

Ranking 1 2 3 4 5 6 7 8 9
GRM1 0 0 0 0 0 0 1 6 22
RECQL4 2 10 9 7 1 0 0 0 0
NRAS 21 6 2 0 0 0 0 0 0
IGFBP5 4 1 0 0 1 2 4 13 4
TNNC1 0 2 5 1 4 7 9 1 0
SOSTDC1 1 1 0 1 4 8 6 6 2
CRIP2 1 7 7 10 3 1 0 0 0
CD83 0 1 3 9 4 5 4 2 1
GATA2 0 1 3 1 12 6 5 1 0

Table 14: YMR signature gene expression levels in the NCI-H2066, NCI-H810, NCI-H292
(CCLE), and IA-LM (GDSC) NSCLC cell lines.

RNA-Seq gene expression data was downloaded from the Broad Institute Cancer Cell Line

Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer (GDSC) online databases.

Cell Line | NCI-H2066 NCI-H810 NCI-H292 IA-LM

GRM1 -1.73398 -6.55673 -8.80399 3.003504
RECQL4 5.384078 4.907503 3.286756 6.55568
NRAS 5.093513 5.195477 4.608559 8.298138
IGFBP5 8.843143 4.671668 1.979979 6.564764
HOXA5 2.744343 2.43317 0.494151 NA
TNNC1 -2.86832 -2.9962 1.400408 3.29924
SOSTDC1 -1.49269 -6.06018 -13 3.259721
CRIP2 1.449656 1.776649 0.11251 4.258763
CD83 2.594576 0.023134 1.38373 3.76698
GATA2 2.537922 3.748687 1.515416 4.304125
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Chapter 4: Discussion and Conclusion

4.1 Discussion

Earlier studies aiming to establish gene signatures for predicting the outcome of NSCLC patients
have been shown to be unsuccessful in their reproducibility and progression into clinical use. We
have previously established a 10-gene signature that assesses the opposing effects of two groups
of genes: Yin (over-expressed in tumor cells) and Yang (over-expressed in normal cells). This is
different from the common approach of deriving correlation coefficients between gene
expression data and patient survival time in training datasets, followed by validation in testing
datasets.[69, 70] The Yin and Yang genes have been implicated in a variety of cancers and play
roles in DNA replication, cytoskeleton maintenance and regulation, antigen presentation, and cell
migration, proliferation, differentiation, and apoptosis. Assessment of CNV as a covariate
correlated to the expression of the YMR signature genes revealed it to be significant for GRM1,
HOXA5, TNNC1, CRIP2, and CD83, while DNA methylation was pertinent for all genes except
CD83. MLR analyses demonstrated the combination of CNV and DNA methylation to be
significant in the modulation of RECQL4, NRAS, IGFBP5, HOXA5, TNNC1, SOSTDC1, and
CRIP2 expression. Although the expected expression pattern for the IGFBP5, TNNC1, CRIP2,
and GATA2 was not seen in the A549 cell line using the chosen biomarker expression technique,
gRT-PCR, assessments using FFPE lung tumor samples revealed the expected pattern. The
assessment of covariates associated with the YMR signature genes’ expression levels and

validation of the YMR signature using gRT-PCR formed the basis of my research.

Copy number variations (CNVs) are DNA segments equal to or greater than 1 kb in size that

present in varying copy numbers when compared to a reference genome. Therefore, there may be
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more or less copy numbers of the DNA segments than the reference genome, resulting in
alterations of gene dosage and expression and interrupting coding sequences, and ultimately
affecting an individual’s phenotype.[54, 157, 158] The increased copy number implies an
increased gene expression. For example, studies have shown PI3KCA and EGFR to have an
increased copy number and expression in squamous cell carcinomas, conferring a growth
advantage to cancer cells and poor prognosis to patients, respectively.[159-161] All simple
linear regression models for the correlation of CNV with gene expression of the YMR signature
genes demonstrated the anticipated trend of an increase in CNV being correlated with an increase
in gene expression (Figures 2, 4-11). We expect an increased copy number and expression of Yin

genes and decreased copy number and expression of Yang genes in the NSCLC patients.

Various studies have demonstrated the anticipated individual YMR gene expression levels in a
range of cancer samples. Overexpression and irregular mutations of GRM1 have been implicated
in various types of cancer such as breast, renal cell carcinoma, and melanomas, resulting in
tumor progression, development, and growth. Wangari-Talbot et al. further assessed findings that
a decrease in GRML activity is associated with reduction of in vitro cell growth and in vivo
tumor progression by suppressing GRM1 expression in a few human melanoma cell lines. As
expected, a decrease in viable cell number and tumor progression were observed.[71] RECQL4
is a tumor promoter that is over-expressed in cancers such as hepatocellular carcinoma, gastric,
prostate, breast, and colorectal.[162—-167] For example, Arora et al. linked increased copy
number, mMRNA levels, and protein levels of RECQL4 with an aggressive phenotype in breast
cancers that includes lymph node metastasis, large tumor size, and poor survival, whereas its

depletion resulted in increased sensitivity to chemotherapy in cultured cells. [166] Although the
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expression levels of NRAS have not been extensively studied in cancers, the RAS family of
GTPases have been shown to be commonly mutated in a variety of cancers, such as colorectal
and thyroid cancers and advanced melanoma.[168-170] IGFBP5 is up-regulated in more
advanced estrogen receptor negative breast cancers with lymph node metastases, conferring poor
prognoses to these patients.[171] Estrogen receptor positive patients presenting with lower levels
of IGFBP5 had better prognoses over patients with higher levels.[172] In a study comparing
IGFBP5 expression levels, samples of intrahepatic cholangiocarcinoma, cancer that arises in the
bile ducts, were seen to have the highest expression over samples of normal liver, chronic liver
disease, and other cancers (breast, colon, stomach, ovary, and lung).[173] Similarly, IGFBP5 is
has been shown to be over-expressed in pancreatic adenocarcinomas.[174] These studies confirm
that the Yin genes are up-regulated in certain cancers and have the potential to be up-regulated in

NSCLCs.

As expected, HOXAGS has been shown to be down-regulated and/or act as a tumor suppressor in
several cancer types. Ordéfiez-Moran et al. confirmed the decreased expression of HOXAS in
colon cancer and demonstrated that its re-expression halts tumor progression and
metastasis.[175] In lung adenocarcinoma, its in vitro ectopic expression in invasive cancer cells
reduced cell invasion, migration, filopodia formation, in vivo expression repressed metastasis,
and its knockdown promoted lung cancer cell invasiveness.[176] For example, NSCLC samples
tend to have decreased expression levels of HOXAS over their adjacent normal tissues and those
with low levels of HOXAS or lacking expression of both p53 and HOXAS demonstrated the
poorest prognosis.[177] In non-muscle cells, TNNCL is involved in cellular migration and

locomotion, cytoplasmic streaming, cytokinesis, and the cell-matrix adherens junction.[178]
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Although the role of TNNC1 has not been extensively studied in lung cancers, several studies
have assessed its gene expression levels in NSCLC and found it to be one of the top down-
regulated genes.[179-181] SOSTDCL ultimately affects cell proliferation, differentiation, and
apoptosis. Liu et al. demonstrated that the expression levels of SOSTDC1 in NSCLCs may aid in
the prediction of patient outcome since higher levels of the expressed gene confer a better
prognosis. In a series of experiments, they were able to show that SOSTDCL1 is downregulated in
NSCLCs and its ectopic expression in the A549 and NCO-H520 cell lines halted cell
proliferation and resulted in smaller tumors with slow growth rates.[182] Chen et al. also
revealed low expression levels of SOSTDCL1 confers a poor prognosis to patients while its over-
expression reduces NSCLC cell proliferation, invasion, and migration.[183] CRIP2 functions in
cytoskeletal modulation and localization of actin-rich structures, with a possible role in
regulation of actin dynamics and/or cell migration. Lo et al. and Cheung et al. demonstrated that
CRIP2 acts as a tumor suppressor and has reduced expression in esophageal squamous cell
carcinoma (ESCC) and nasopharyngeal carcinoma cell line and tumor samples, respectively.
Expression of CRIP2 in ESCC can cause reduction of cell colony formation, growth, and
invasion, whereas its over-expression results in apoptosis.[184, 185] Although CRIP2 has not
been extensively studied in lung cancers, it has been shown to be differentially expressed
between lung adenocarcinomas and squamous cell carcinomas and have reduced expression in
the NCI-H460-LNM35 lung cancer cell line.[186, 187] CD83 functions in antigen presentation
and enhancing T-cell activation and immunity. Several studies have shown that CD83 is
implicated in cervical, breast, gastric, and lung cancers.[188-191] Kaplan-Meier analyses in
human breast carcinomas associated increased levels CD83+ being expressed in tumor-

infiltrating dendritic cells (TIDCs) with longer relapse-free patient survival, whereas it is
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negatively correlated to lymph node metastasis. Those patients with lymph node metastasis and
higher numbers of CD83+ TIDCs in breast and gastric cancers demonstrated a better outcome
than those with fewer numbers.[189, 190] Although CD83 is expected to be under-expressed in
NSCLC tissue samples according to the YMR gene signature, Baleerio et al. assessed CD83
expression in a number of lung cancer cell lines, showing it to be highly expressed.[191]
Abnormal functioning of GATAZ2 has been found in renal, prostate, breast, and lung
cancers.[192-197] As expected from the YMR gene signature, GATAZ2 is down-regulated in
hepatocellular carcinoma cell lines and tissues compared to normal hepatocellular cells, resulting
in tumor sizes greater than 5 cm, advanced TNM staging, increased rate of recurrence, and
decreased overall survival in patients.[192] Similarly, GATAZ2 has been shown to be decreased
in clear renal cell carcinomas, conferring advanced tumor staging, distant metastasis, and lymph
node metastasis to patients.[193] Tessema et al. proved GATAZ2 is down-regulated in mutant
NSCLC cell lines and primary tumors compared to the respective normal lung tissue.[197] These
studies confirm that the Yang genes have repressed expression in certain cancers and have the

potential to be down-regulated in NSCLCs.

Methylation of a gene’s promoter region results in chromatin condensation and the
transcriptional silencing of that gene. Many tumor suppressor genes within cancers have been
shown to be hypermethylated, and therefore transcriptionally silenced with little or no gene
product. This implies that an increase in DNA methylation results in a decrease in gene
expression. Within the YMR gene signature, this expected trend was seen in the SLR models
depicting the correlation between DNA methylation and gene expression for all genes, with the

exception of CD83 and GATA2 (Figures 2-9). DNA methylation has been studied with respect to
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a few of the YMR signature genes. For example, Raman et al. have linked the lack of HOXAS5 to
cause the loss of p53 expression in breast cancer, possibly due to HOXAS promoter
hypermethylation.[88] Methylation impacting SOSTDC1 expression was observed by Rawat et
al., who assessed the epigenetic regulation of SOSTDCL1 in breast cancers and found its down-
regulation to be associated with the hypermethylation of its promotor region.[198] Similarly,
Gopal et al. found reduced mRNA expression of SOSTDC1 to be related to its promoter
methylation in gastric cancer cell line and tissue samples when compared to normal gastric
tissues.[199] Tessema et al. associated the down-regulation of GATA2 in mutant NSCLC cell
lines and primary tumors compared to the respective normal lung tissue with methylation of its
promoter region as the normal lung tissue was unmethylated.[197] These studies demonstrate the
role of DNA methylation in the transcriptional silencing of the HOXA5, SOSTDC1, and GATA2
Yang genes and suggest that the regression model results demonstrating a correlation between

increasing DNA methylation and decreasing gene expression observed may be valid.

To further evaluate the YMR signature genes, a feasible gene expression detection assay must be
chosen. Assessment of the biomarker expression detection assays for sensitivity, specificity, cost,
and time, among other parameters, revealed qRT-PCR to be a feasible assay for the assessment
of the YMR gene signature in a clinical setting (Tables 10 and 11). With a sample processing fee
of as little as $0.50 for a single gene, an experimental time of about 5.5 hours that includes RNA
isolation and purification, as well as PCR and data analysis, qRT-PCR offers the cheapest and
quickest assay for processing an individual clinical sample for 1-50 genes.[133] Small
laboratories such as a hospital lab or a clinic lab suited to a clinical processing environment can

purchase a thermal cycler for as little as $25 000 to process and analyze their sample.[141] Other
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techniques employ machines that can cost up to $285 000, which are better suited for larger
research institutes and feasible if clinical samples are sent to these institutes or a national lab to
be processed.[144, 145] With the cost constraint, the nCounter is suited for detection of 50-500
genes and microarray is good for more than 500 genes or genome-wide gene expression
profiling.[150, 200] RNA-Seq can detect a large number of genes with the additional benefit of
gene discovery, which is suited for cancer research institutions.[201, 202] TMAs are appropriate
for protein level detection in thousands of samples at one time, which is ideal for tumor archive

centers at provincial or national facilities.[17, 109, 122]

In addition to the above proposed guidelines, developing an assay into clinical use must pass
stringent Clinical Laboratory Improvement Amendments (CLIA) standards and a College of
American Pathology certification. Diagnostic tests can result in large costs due to demonstrating
improved patient mortality outcomes through replicated and randomized clinical trials.[112] The
cost of an assay, then, is an important parameter in experimental design and should be minimized
for the desire to translate results into clinical use. Medical costs are increasing in the current
healthcare system as cures are being sought for all illnesses and the general population ages and
increases in life expectancy, resulting in more money being put towards the elderly population’s
care and medical costs. Cost-effectiveness studies may be performed on an assay to determine its
economic utility for a consumer’s and society’s well-being.[113, 203] In addition to the necessity
of developing an assay with low cost, the FDA guidelines for approval must be met. Once FDA-

approved, it is then up to clinicians to accept and employ the assay.[17, 113]

86



While using gRT-PCR to further assess the YMR gene signature, comparison of the YMR genes’
expression levels is inconsistent between the A549 cell lines and FFPE samples. According to
the 10-gene YMR signature, IGFBP5 should be over-expressed in tumor cells while CRIP2,
TNNC1, and GATA2 should be under-expressed when compared to normal cells. The gene
expression from conducting gRT-PCRs using the A549 cell line, however, resulted in CRIP2
displaying a relatively high expression level while IGFBP5 had the lowest. However, when the
L0379B and LO304F FFPE samples were used, the expression of IGFBP5 was relatively higher
than TNNC1, CRIP2, and GATAZ2, as expected. This indicates that the A549 cell line may not be
a feasible model when assessing the YMR gene expression levels from lung tumor FFPE
samples. Several studies have compared the differences between cell lines and their
corresponding tumor tissue types and shown that cell lines are not entirely representative of their
respective in vivo cancers. van Staveren et al. demonstrated that thyroid cell lines present with a
p53 inactivation and do not express the functional genes for thyroglobulin, thyroperoxidase, and
thyroid stimulating hormone receptor.[204] Studies by Ertel et al. showed that breast, colon,
kidney, nervous system, ovary, and prostate cell lines had a larger number of differentially
expressed genes in comparison to their respective normal tissues. Breast cancer cell lines have
also displayed more activating mutations of kinases than their cancers.[205] Wistuba et al.
conducted a comprehensive study assessing the morphological features, aneuploidy, mutation of
TP53, and expression of estrogen receptor, progesterone receptor, epidermal growth factor
receptor, and p53 proteins between breast cancer cell lines cultured for up to 60 months and their
corresponding archived tissue samples. Great similarity was seen between the sample types as
they demonstrated correlations of 100%, 87%, 75%, 87%, 73%, 93%, and 100%, implying that

cell lines are useful in studying breast cancer.[206] In another study, Witsuba et al. analyzed the
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differences between lung cancer cell lines and tissues samples on a number of factors. Similarly,
great correlations were seen, such as 100% for morphology, p53 expression, and K-ras
mutations. However, some discrepancies noted include a greater number of aneuploid
subpopulations and incidences of TP53 mutations in the cell lines.[207] In addition to genetic
drift being present in cell lines, tumor samples are more representative of the tumor environment
and have a heterogeneous representation of other cells, whereas cell lines are cultured in an

artificial environment and have a more homogeneous composition of tumor cells.

Although limited in supply, human tissue samples are advantageous in research as they represent
the complex state of a tumor in vivo at a certain time point or staging of a disease and can be
used to study disease pathology, gene expression, and metabolism.[204] Alternatively, immortal
cancer cell lines, which have been established from a cancer sample in the past, are cost-
effective, more likely to offer reproducible results, and simple to use in terms of providing
unlimited material and not requiring the same ethical principles and guidelines for use as animal
and human tissues samples. They are expected to mimic and retain the features from primary
cells to provide an appropriate model of human pathophysiology.[207, 208] For example,
hallmark gene mutations, deletions, insertions, amplification, and silencing have been seen in
both cell lines and tumors. As a cell culture passage number increases, the cell line may acquire
additional genetic or epigenetic changes, stem-cell like features, and activation of telomerase,
which can potentially confer immortality to the cell line. Genetic drift where the frequency of a
gene variant is altered over time through gene mutations is also likely to occur, resulting in
heterogeneity of the cell culture. There is skepticism around the validity of cell line use in

research due to contamination, genomic instability, absence of tumor environment components
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(such as stromal and immune cells, vasculature, and inflammatory factors), and the belief that
some phenotypic features have been lost and molecular changes occurred through passages of
cell lines since establishment from the tumor source.[208, 209] Tumor samples are also
advantageous over cell lines in retaining the inter-tumor variability and diverse environment as
seen in the body and include both malignant and non-malignant cells. Therefore, cell signalling
between these cells cannot be studied using cell lines. Patient clinical information such as
ethnicity, geographical locations, and sex can also be assessed more in-depth using tumor
samples.[207] Since studies have shown that there may not be a correlation in results observed
from cell line and tissue samples, and that these discrepancies may be attributable to genetic drift
and differing environments between the samples, the inconsistencies observed in the YMR gene
gqRT-PCR tests imply that cell lines may not be optimal when assessing the YMR genes’
expression. Therefore, the use of tissue samples, such as FFPE samples, are warranted for further

assessing the YMR signature genes.

4.2 Conclusion

In conclusion, this study has shown that the gene expression levels of the GRM1, HOXAS5,
TNNC1, CRIP2, and CD83 YMR genes are correlated to their CNVs, while the expression levels
of all the YMR genes, with the exception of CD83, are correlated to their DNA methylation.
These two covariates in combination were demonstrated to be closely correlated with RECQLA4,
NRAS, IGFBP5, HOXA5, TNNC1, SOSTDC1, and CRIP2 expression. Furthermore, the chosen
biomarker expression technique for clinical use, gRT-PCR, confirmed that IGFBP5 has a high
expression level in NSCLC FFPE samples, whereas TNNC1, CRIP2, and GATA2 had lower

expression levels. However, there was minimal expression of IGFBP5 in the A549 cell line and a
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higher expression level of CRIP2 in the FFPE samples, implying that use of cell lines have
significant limitations when assessing the expression levels of the YMR signature genes. Further
research is required to validate these claims. Although none of the NSCLC cell line data
downloaded from the CCLE and GDSC demonstrated the expected YMR signature gene
expression pattern, the YMR genes have independently demonstrated their expected expression

levels in other various cancers.
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Chapter 5: Future Directions

This research sought to validate the previously established YMR 10-gene signature using FFPE
samples and further establish it for clinical use. The results of our current studies have confirmed
the expected expression level pattern for IGFBP5, TNNC1, CRIP2, and GATA2 using FFPE
samples and shown that they are correlated to the gene’s DNA methylation, and with the
exception of GATA2, CNV and DNA methylation. Further studies will aim to assess additional
covariates that are associated with the YMR gene expression levels, such as miRNA and
transcription binding factors. Incorporation of clinical information (patient sex, smoking status,
and treatment status, to name a few) will evaluate whether the tailoring of the YRM gene
signature to specific traits will be beneficial for certain groups of patients. The addition of more
covariates will modify the regression models and may improve them so that they are significant
for all genes in assessing which factors correlate with their expression levels. Moreover,
completion of the qRT-PCR primer designs for GRM1, RECQL4, NRAS, HOXA5, SOSTD1, and
CD83 and expression level measurements of all the YMR genes using a larger cohort of FFPE
samples will further validate the signature. Since the identified cell lines NCI-H292, NCI-H810,
NCI-H2066, and 1A-LM demonstrated similarities to our expected YMR signature gene
expression levels, gRT-PCR experiments using the custom-designed YMR gene primers with
these cell lines will confirm the validity of the primers and provide an affordable medium to

further assess the biochemical pathways and implications of these genes in NSCLCs.
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