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Abstract

Lung cancer and its most common subtype, lung adenocarcinoma (LUAD), is the leading
cause of global cancer mortality. Mortality is partially attributed to late stage diagnosis, where
curative options are limited and less effective for patient survival. Current screening guidelines
are prone to false positive results, and there are no lung cancer-specific biomarkers to aid
detection. This is especially relevant for never smokers, a lung cancer patient demographic often
characterized by the EGFR oncogenic mutation. Never smokers lack concrete screening
guidelines; this makes biomarker discovery and validation crucial for earlier detection.

The collective set of secreted proteins derived from a cell, known as the secretome, has
been explored as a potential source of cancer biomarkers. However, LUAD secretome studies
have been limited to late stage or metastatic tumors; investigation of secretome changes during
malignant transformation may thus be more suitable for biomarker discovery.

This thesis investigated changes in the secretome in an EGFR-driven model of LUAD
malignant transformation. In this study, | generated a stepwise model of EGFR-driven malignant
transformation by generating stable lung epithelial cell lines and selecting EGFR mutant NSCLC
cell lines. 1 also developed and optimized a mass spectrometry protocol to profile the secretome
of my model. With this pipeline, I identified differentially expressed proteins in advanced
LUAD. I then validated these findings by performing differential gene expression (DGE)
analysis on an EGFR mutant LUAD patient cohort. Finally, validated secreted proteins were
assessed for effects on overall patient survival resulting in 4 EGFR-specific and 1 non-specific

biomarker candidates. This work provides insight into potential secretome changes during



LUAD malignant transformation, biomarker candidates for further validation, and illustrates the

potential of the secretome in EGFR mutant LUAD detection.



Lay Summary

Lung adenocarcinoma (LUAD) is a subtype of lung cancer that is often detected during
late stages of progression, where patient survival is more limited. By studying changes during
LUAD progression, especially when a cell transforms into a cancer cell, this may identify
molecular markers to screen for early LUAD. Cells release proteins into their environment as
part of routine biological processes. Analyzing changes in proteins outside of a cell as it becomes
a cancer cell may then provide candidates for LUAD screening. In this thesis, | investigated the
changes in released proteins between normal lung cell lines and LUAD cell lines using a
technique called “mass spectrometry”. My findings identified 4 proteins that are differentially
expressed in cell lines and in clinical patient data, specific to LUAD with an EGFR gene
mutation, and 1non-specific protein. These findings may help complement existing or future

screening methods for LUAD.
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Chapter 1: Introduction

The purpose of this thesis is to develop an experimental pipeline to identify biomarker
candidates for the detection of lung adenocarcinoma, a subtype of lung cancer. This pipeline was
developed using an in vitro cell line model of lung adenocarcinoma transformation and a mass
spectrometry protocol optimized to detect secreted proteins. To provide context to this thesis, |
will provide an overview of the following topics: lung cancer; detection methods of lung cancer;
lung cancer classification; malignant transformation, specifically in lung adenocarcinoma; and
the secretome.

1.1 Overview of lung cancer

Lung cancer is the leading cause of global cancer mortality in men and women, resulting
in an estimated 1.8 million deaths in 2020 (Sung et al., 2021). In Canada, it is the most
commonly diagnosed cancer and cause of cancer mortality; an estimated 25% of cancer deaths
are attributed to this disease (Canadian Cancer Statistics Advisory Committee et al., 2021). Lung
cancer is often detected in the advanced or metastatic stages when potentially curative surgery is
no longer an option, leading to a reliance on common therapeutic options such as chemotherapy
and radiotherapy which are less effective for long-term patient survival (Herbst et al., 2018;
Lemjabbar-Alaoui et al., 2015). Due to the direct relationship between clinical staging and
prognosis, there is a strong incentive for earlier lung cancer detection to improve long-term
patient survival (Lemjabbar-Alaoui et al., 2015). Tobacco smoking accounts for the majority of
lung cancer cases, however there are other known risk factors. These include biomass
combustion, air pollution, occupational exposure to carcinogens such as arsenic, and
environmental sources of radon (Bade & Dela Cruz, 2020). Genetic predisposition via one’s

family history of cancer and chronic pulmonary diseases such as chronic obstructive pulmonary
1



disease (COPD) are also risk factors in an individual’s susceptibility to lung cancer (Bade &
Dela Cruz, 2020).
1.2 Lung cancer detection methods for lung cancer

Detection of lung cancer can be divided into conventional and emerging techniques.
Conventional techniques consist of radiographic imaging, sputum cytology, bronchoscopy, and
tissue biopsy; emerging techniques include biosensors, biomarkers, radiogenomics, artificial
intelligence-based methods, and liquid biopsies (Nooreldeen & Bach, 2021; Prabhakar et al.,
2018). As lung cancer normally presents in advanced stages, detection is typically based upon
cytology and biopsy samples (Nicholson et al., 2022). Earlier detection of lung cancer has been
explored by screening high risk individuals prior to symptom development; techniques that have
been applied include sputum cytology, chest radiography, and computed tomography (Manser et
al., 2003).

Of the conventional techniques described, the standard screening method for lung cancer
is low-dose computed tomography (LDCT). LDCT is a radiographic technique used to image
abnormal growths in the lung, characterized by its reduced scanning time, decreased radiation
exposure, and increased diagnostic accuracy relative to conventional radiography (Nooreldeen &
Bach, 2021). The effectiveness of LDCT screening was highlighted in the National Lung
Screening Trial (NLST) conducted in 2002-2009. In this study, annual LDCT screening was
found to decrease lung cancer mortality by 20% compared to conventional chest radiography in
high risk individuals, defined as 55-74 year old individuals who had either smoked a minimum
of 30 pack years or previous smokers who had ceased smoking within 15 years (Gierada et al.,
2020; Tammemagi & Lam, 2014). However, LDCT demonstrates a lack of specificity, with 96%

of positive NSLT LDCT scans ultimately being false positives (The National Lung Screening



Trial Research Team, 2011). Additionally, this study did not include never smokers, defined as
individuals who have been exposed to less than 100 cigarettes in their lifetime; currently, the
effectiveness of LDCT screening for never smokers is unclear (Lam, 2019; Sun et al., 2007).
Over diagnosis of benign pulmonary nodules and the potential harm of repeated radiation
exposure over time are additional limitations (Tammemagi & Lam, 2014). Currently, LDCT is
paired with other diagnostic techniques such as sputum cytology or needle biopsy to detect and
diagnose lung cancer (Prabhakar et al., 2018). Biomarker inclusion within LDCT scanning
framework has been proposed as a way to address these issues. In particular, biomarkers present
in blood are particularly desirable, as blood collection is inexpensive and less invasive than
assessing lung tissue of bronchoalveolar lavage (BAL) (Sozzi & Boeri, 2014). Current blood
serum biomarker candidates are neuron-specific enolase (NSE), progastrin-releasing peptide
(proGRP), carcinoembryonic antigen (CEA), squamous cell carcinoma antigen (SCCA), and
CYRFA 21-1. However, none are specific to lung cancer and do not distinguish between lung
cancer histologies or molecular subtypes, which are important considerations for disease
management strategies (Duffy & O’Byrne, 2018).
1.3 Lung cancer classification

Lung cancer is divided into two major subtypes, small cell lung cancer (SCLC) and non-
small cell lung cancer (NSCLC). These subtypes comprise 15% and 85% of lung cancer cases,
respectively (Herbst et al., 2008). Each subtype can be further classified into pathologic subtypes
based on tumor histological and molecular characteristics in order to tailor therapeutic strategies

(Travis et al., 2015; Zheng, 2016).



1.3.1  Small cell lung cancer

SCLC is a high-grade neuroendocrine tumor that occurs almost exclusively among
current or previous smokers (Rudin et al., 2021). SCLC presents as a tumor consisting of small
cells that have a round to spindle shape, limited cytoplasm and nucleoli, and granulated nuclear
chromatin (Travis, 2012). To identify SCLC, hematoxylin and eosin staining is commonly
performed, with supplemental histological markers CD56, chromogranin, and synaptophysin for
unclear cases (Rudin et al., 2021). The most common genetic alterations observed in SCLC are
the frequent loss of function of tumor suppressor genes TP53 and RB1 (Semenova et al., 2015).
Therapeutic options vary by tumor stage, yet as patients often present with advanced disease, the
combination of chemotherapies cisplatin and etoposide is often the treatment standard (Rudin et
al., 2021; Semenova et al., 2015).
1.3.2  Non-small cell lung cancer

NSCLC is a highly diverse subtype of lung cancer, reflected in the developing molecular
classifications as research on genetic drivers and targeted therapies increases (Nicholson et al.,
2022). The most common histological subtypes of NSCLC are lung adenocarcinoma (LUAD)
and squamous cell carcinoma (SSC), comprising 60% and 15% of NSCLC cases. Other
histological subtypes, such as large cell carcinoma and mixed histology tumors, are less common
(Arbour & Riely, 2019). NSCLC can arise in either smokers or never smokers; however, there is
a stronger association between smoking and SCC (Dela Cruz et al., 2011). In comparison,
LUAD is more frequently observed in never smokers; this may be attributed to factors such as
second-hand smoke, pollution, and genetic predisposition (Dela Cruz et al., 2011; Herbst et al.,

2018).



The diversity of NSCLC is most reflected in LUAD, which comprises nearly half of all
lung cancer cases (Travis et al., 2011). Key features of LUAD tumors are the presence of
glandular differentiation or mucin production (Zheng, 2016). LUAD histology varies and
commonly presents as five histological subtypes: lepidic, acinar, papillary, micropapillary, and
solid (Travis et al., 2011, 2015). LUAD can also be identified via histological staining for
thyroid transcription factor-1(TTF-1) and Napsin A (Zheng, 2016). KRAS and EGFR oncogenic
mutations are frequently observed in LUAD as are mutations in tumor suppressor genes TP53,
KEAP1, STK11, and NF1 (Herbst et al., 2018). Treatment options for NSCLC, and by extension
LUAD, often depend on variables such as tumor stage, histology, patient clinical status, and
tumor molecular profile (Alexander et al., 2020). Surgical resection is often recommended for
early stage tumors (stages I-11) and select advanced stage (stage 111A) tumors. However,
approximately 30% of patients present with locally advanced disease (stage 111A-C) where most
tumors are unresectable. In these cases, concurrent chemoradiotherapy and subsequent
immunotherapy are recommended (Alexander et al., 2020; Herbst et al., 2018). Patients with
advanced stage disease are also suitable candidates for molecular targeted therapy, often the first-
line treatment when specific tumor genetic alterations have been identified (Gridelli et al., 2015).
1.3.2.1  Oncogenic mutations in lung adenocarcinoma

Sequencing studies of LUAD patient subsets, specifically those where there are tumor
dependencies on distinct genes, have identified key mutations in LUAD that form the basis of
targeted therapies (Hirsch et al., 2016; Lamberti et al., 2020). The most common oncogenic
driver mutations are KRAS and EGFR in early and metastatic stage LUAD (Skoulidis &
Heymach, 2019)(Figure 1.1). These genes are involved in driving mitogen-activated protein

kinase (MAPK) and other signaling pathways that promote cancer development and progression
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(Roberts & Der, 2007). Up to 30% of NSCLC cases, and by extension LUAD, have a KRAS
mutation. EGFR mutation incidence varies by patient demographic, with 50% frequency in
Asian patients and 15% in Western patients (Chevallier et al., 2021). Other oncogenic drivers in
LUAD include mutations in BRAF, MET, and ALK (Chevallier et al., 2021; Lamberti et al.,
2020). There is additional diversity within defined oncogene subgroups, seen in co-occurring
genetic alterations. An example of this includes recurrent mutations in genes including TP53,
RB1, and PIK3CA in tandem with EGFR oncogenic mutations in advanced LUAD (Skoulidis &

Heymach, 2019).
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Figure 1.1 Distribution of driver oncogenes observed in early stage and metastatic lung adenocarcinoma.
Reprinted by permission from Springer Nature: Springer Nature, Nature Reviews Cancer, Co-occurring genomic
alterations in non-small-cell lung cancer biology and therapy (Skoulidis & Heymach, 2019). Data used to generate
this reprinted figure are acknowledged here. Reprinted from Cell, Volume 150, Issue 6, Imielinski et al., Mapping
the Hallmarks of Lung Adenocarcinoma with Massively Parallel Sequencing, 1107-1220, 2012, with permission
from Elsevier (Imielinski et al., 2012). Reprinted from Annals of Oncology, Volume 28, Issue 8, Kadara et al.,
Whole-exome sequencing and immune profiling of early-stage lung adenocarcinoma with fully annotated clinical
follow-up, 75-82.,2017, with permission from Elsevier (Kadara et al., 2017). Reprinted from Cancer Discovery,
2015, Volume 5, Issue 8, 850-859, Frampton et al., Activation of MET via Diverse Exon 14 Splicing Alterations
Occurs in Multiple Tumor Types and Confers Clinical Sensitivity to MET Inhibitors, with permission from
AACR(Frampton et al., 2015). Reprinted from Cancer Discovery, 2017, VVolume 7, Issue 6, 596-609, Jordan et al.,
Prospective Comprehensive Molecular Characterization of Lung Adenocarcinomas for Efficient Patient Matching to
Approved and Emerging Therapies, with permission from AACR (Jordan et al., 2017).Work not directly cited in
this caption are acknowledged through the Creative Commons license.



1.4 Malignant transformation in lung adenocarcinoma

The process under which cells progress from histologically non-malignant into a
malignant tumor is known as malignant transformation. LUAD is understood to be a process of
multiple genetic and epigenetic changes that promote the progression of lung epithelial cells into
tumor cells (Larsen & Minna, 2011). This is observed in a clinicopathological fashion, where
cells progress through a series of stages from atypical adenomatous hyperplasia (AAH), to
adenocarcinoma in situ (AIS), minimally invasive adenocarcinoma (MIA), and finally invasive
adenocarcinoma (Inamura, 2018; Travis et al., 2015)(Figure 1.2). During AAH, the precursor to
LUAD, multiple molecular changes are observed; mutations in genes such as EGFR and KRAS
and epigenetic repression and low expression of CDKN2A are detected. As the histology
progresses towards invasive adenocarcinoma, alterations are associated with tumor invasion such
as increased TP53 mutation frequency (Inamura, 2018). Transforming cells will acquire traits
that promote tumor formation, known as the hallmarks of cancer (Hanahan & Weinberg, 2011).
Of the 10 commonly understood traits, these include the ability to sustain proliferative signaling

and evade growth suppression (Hanahan, 2022).
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Histologically Atypical Adenocarcinoma Minimally Invasive
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Figure 1.2 Stepwise model of lung adenocarcinoma transformation.

Adapted from Cancer Prevention Research, 2008, Volume 1, Issue 3, 156-160, Gazdar and Minna, Deregulated
EGFR signaling during lung cancer progression: mutations, amplicons, and autocrine loops, with permission from
AACR (Gazdar & Minna, 2008). Stages are derived from 2015 WHO guidelines (Travis et al., 2015).

1.4.1 EGFR pathway signaling and malignant transformation

MAPK signaling cascades are key regulators of cellular processes such as cell
proliferation, survival, and differentiation (Roberts & Der, 2007). The RAS-RAF-MEK-ERK
pathway is one MAPK cascade, mainly activated by growth factor-stimulating receptor tyrosine
kinase (RTK) proteins that include EGFR. Through RTK activation, proteins are sequentially
phosphorylated until the terminal MAPK ERK1/2 is phosphorylated, which then leads to
transcription factor activation and downstream cellular processes (Katz et al., 2007).

EGFR is an initiator of the RAS-RAF-MEK-ERK signaling cascade and an early
oncogenic mutation of lung adenocarcinoma (Skoulidis & Heymach, 2019). General EGFR
activation occurs via the binding of specific ligands to its extracellular region, normally EGF
(Lemmon et al., 2014). The ligands induce receptor dimerization, and conformational changes
that enable phosphorylation of dimerized tyrosine kinase domains (TKD). The phosphorylated
TKD results in an active EGFR, which triggers the subsequent phosphorylation of the RAS-

RAF-MEK-ERK pathway (Du & Lovly, 2018).



EGFR mutations have been frequently observed in LUAD. Mutations often occur in
exons 18-21, where the TKD is located (exons 18-24) (Du & Lovly, 2018; Siegelin & Borczuk,
2014)(Figure 1.3). The most common mutations are an in-frame deletion in exon 19 or a point
mutation in exon 21, L858R, that result in constitutive EGFR activation regardless of ligand
binding (Siegelin & Borczuk, 2014). This can promote excessive cell growth, proliferation, and
dependence on dysregulated signalling for cell survival, known as “oncogene addiction” (Larsen
& Minna, 2011). As excessive proliferative signalling is a known cancer hallmark, deregulated
EGFR signalling would be expected to promote malignant transformation (Hanahan &
Weinberg, 2011). In fact, EGFR mutations were observed in non-invasive and invasive tumor

lesions that included AAH, highlighting its role in tumor initiation (Soh et al., 2008).
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Figure 1.3 Structure of EGFR and mutations observed in lung cancer.

Reprinted from Clinics in Chest Medicine, Volume 32, Issue 4, Larsen and Minna, Molecular biology of lung
cancer: clinical implications, 703-740, 2011, with permission from Elsevier (Larsen & Minna, 2011).

1.4.2 Models of malignant transformation
Multiple studies have attempted to model stepwise changes that are thought to occur
during cellular transformation to lung adenocarcinoma. While there are no primary or

immortalized cultures derived from lesions such as AAH, well-characterized methods to study
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cellular transformation include genetically engineered mouse models (GEMMs) and
immortalized cell lines in vitro (Hynds et al., 2021). The widespread use of cell lines has led to
the generation of immortalized “normal” lung epithelial cell lines initially with either simian
virus 40 (SV40) or large T antigen (LT), then non-viral oncoprotein methods (Sato et al., 2020).
These cell lines have been used as a background to introduce mutations in oncogenes or tumor
suppressor genes to identify the number and types of genetic alterations necessary for cellular
transformation (Hynds et al., 2021; Sato et al., 2020).

The most commonly used cell lines to study cellular transformation are BEAS-2B,
immortalized with SV40, and human bronchial epithelial cells (HBEC), immortalized with non-
viral proteins hTERT and CDK4; both cell lines are derived from bronchial epithelial cells
(Ramirez et al., 2004; Reddel et al., 1988). Due to SV40 immortalization, BEAS-2B has been
observed to undergo spontaneous transformation in vivo after approximately 30 passages (Reddel
et al., 1993). This is attributed to LT in SV40 targeting proteins which include tumor suppressors
p53 and Rb family members, but makes BEAS-2B less suitable for experimentally controlled
models of transformation (Ahuja et al., 2005). Recently, a study analyzing BEAS-2B epithelial
origin identified mesenchymal stem cell marker expression of CD73, CD90, CD105, and CD44,
further suggesting that BEAS-2B may not be a suitable LUAD transformation model (Han et al.,
2020). In contrast, HBEC cells do not show a transformation phenotype either in vitro with
anchorage-independent growth or in vivo with mouse tumor formation. HBEC cells also retain
wild-type p53 and epithelial properties, such as expression of epithelial markers cytokeratins 7,

14,17, and 19 (Ramirez et al., 2004).
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1.4.3 Current understanding of genetic alterations in malignant transformation in vitro

Immortalized lung epithelial cell lines have been important in understanding the genetic
alterations necessary to promote transformation. Sato et al. demonstrated that the combination of
TP53 knockdown, KRAS G12V overexpression, and c-MYC overexpression were sufficient to
fully transform HBECs and form tumors in vivo. They showed that a total of five genetic
alterations in hTERT, CDK4, TP53, KRAS, and MYC were adequate for stepwise bronchial
epithelial transformation (Sato et al., 2013). Sasai et al. also demonstrated a similar combination
of genetic alterations in a human small airway epithelial cell (HSAEC) line model; they noted
that hTERT overexpression, CDK4 overexpression, dominant negative expression of TP53,
KRAS G12V expression, and expression of either an active form of PIK3CA, active CCND1, or
dominant negative LKB1 were sufficient to form tumors in nude mice (Sasai et al., 2011).
Collectively, these studies illustrate that five genetic alterations are needed to transform
bronchial epithelial cells: hnTERT overexpression, TP53 and p16/CDK4/Rb pathway inactivation,
and two further alterations (Sato et al., 2020)(Figure 1.4).

Studies analyzing stepwise alterations in LUAD transformation have mainly focused on
KRAS-driven transformation, with less attention on EGFR. Studies on EGFR-driven LUAD
have modeled clinical observations that TP53 mutations frequently occur in EGFR-driven
LUAD (Skoulidis & Heymach, 2019). In an initial study of HBEC transformation, HBEC cells
expressing either EGFR L858R or EGFR E746_A750 (exon 19 deletion) formed anchorage-
independent colonies, and colonies increased in combination with TP53 knockdown for cells
expressing EGFR L858R. However, the combination of EGFR L858R expression and TP53
knockdown was insufficient to form tumors in vivo; this suggests additional alterations are

needed for transformation (Sato et al., 2006). More recently, a study on a EGFR L858R, TP53-
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mutated LUAD GEMM identified that APC, RB1, and RBM10 loss promoted tumor growth

(Foggetti et al., 2021). These results suggest further genetic alterations to be studied in

generating an EGFR-driven model of transformation.
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Figure 1.4 Current understanding of genetic alterations necessary for tumorigenic transformation in lung

epithelial cells.

Reprinted from Respiratory Investigation, Volume 58, Issue 5, Sato et al., Immortalized normal human lung
epithelial cell models for studying lung cancer biology, 344-354, 2020, with permission from Elsevier (Sato et al.,

2020).
1.5 Overview of the secretome

The collective set of proteins that are transported from within a cell to the extracellular

space is known as the “secretome”, estimated to comprise 15% of all human protein-encoding

genes (Uhlén et al., 2019). The secretome plays an important role in local cell and systemic

signalling; these proteins include growth factors, hormones, extracellular matrix-degrading
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proteinases, immunomodulatory cytokines, and cell motility factors (Uhlén et al., 2019; Xue et
al., 2008). Given the role of the secretome in many biological processes, dysregulated protein
secretion can affect disease progression. This is observed in cancer, where tumor cells can
secrete growth factors, angiogenic factors, and proteases during tumor progression (Brown et al.,
2013).
1.5.1 Secreted proteins and secretory pathways

Secreted proteins are defined proteins that are actively transported through secretory
pathways beyond the cell cytoplasm (Uhlén et al., 2019). There are currently two categories of
protein secretion understood in the literature. The first is known as classical secretion, where
secretion occurs via the cleavage of a signal peptide (SP) domain during translation and through
the Golgi apparatus to the extracellular space (Cohen et al., 2020). The SP domain is located at
the protein N-terminus and generally has approximately 25-30 amino acid residues, although
longer SPs of up to 140 residues have been observed (Owji et al., 2018). The SP typically
consists of three components: a positively charged amino terminal (n-region); a hydrophobic
core (h-region); and a carboxyl cleavage site (c-region) (Owji et al., 2018; von Heijne, 1990).
During protein translation, the SP domain is recognized by the signal recognition particle and the
ribosome-mRNA complex is guided to the endoplasmic reticulum; the SP domain is removed
during this coupled process of translation and translocation (Cohen et al., 2020; Steringer et al.,
2015). Protein folding then occurs in the ER lumen, and then the mature protein moves through
the Golgi apparatus, and ultimately enters the extracellular space via vesicular transport (Cohen
et al., 2020). However, not all secreted proteins will possess a signal peptide; examples of this

are interleukin 1beta (IL-1p) and fibroblast growth factor 2 (FGF2) (Steringer et al., 2015).
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The second category of protein secretion is known as unconventional secretion and
consists of four types of secretion. These consist of Type I, Type 11, and Type IV secretion;
Type Il occurs when there is acylated peptide or yeast mating peptide secretion and is relatively
under characterized (Rabouille, 2017). These pathways can be further categorized into two
subcategories, where proteins either lack an SP or transmembrane domain or contain an SP
and/or transmembrane domain. The first subcategory, proteins lacking an SP or transmembrane
domain, consists of direct protein translocation across the plasma membrane and is considered
“leaderless”. Type I, 11, and Il secretion constitute “leaderless” secretion. The second
subcategory, proteins that contain an SP and/or a transmembrane domain, consists of proteins
entering the ER without proceeding through the Golgi apparatus as in classical secretion; Type
IV pathway secretion comprises this subcategory (Dimou & Nickel, 2018; Rabouille,
2017)(Figure 1.5).

The more well-characterized pathways are Types I, 111, and IV secretion. While each
pathway has distinct characteristics, they are often induced upon cellular stress. This is thought
to be a response to impaired classical secretion under cellular stress (Rabouille, 2017). Type |
secretion occurs through the formation of plasma membrane pores, experimentally observed in
FGF2 secretion. During FGF2 secretion, FGF2 in its folded conformation is recruited to the
plasma membrane, interacts with phosphoinositides at the plasma membrane inner leaflet,
triggering FGF2 oligomerization, and ultimately the formation of a lipidic pore for translocation
to the extracellular space (Dimou & Nickel, 2018; Steringer et al., 2015).

Type 11 secretion occurs via membrane-bound organelles that are thought to include
autophagosomes, lysosomes, endosomes, and exosomes. Of these organelles, autophagy-related

vesicular structures are thought be important in Type 111 secretion; this has been shown with IL-
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1B (J. Kim et al., 2018). Recent studies have found that IL-1[ secretion appears to occur through
a vesicle intermediate, mediated by autophagy structures and the inflammosome (Dupont et al.,
2011; Zhang et al., 2015). However, this may be context-dependent as IL-1p has been observed
to be secreted with the Type | pathway when inflammation is the stimulus (Rabouille, 2017).

Type IV secretion occurs as a modified version of classical secretion, where the Golgi
apparatus is avoided. While secreted proteins in Type 1V secretion will have a signal peptide,
translocation routes will vary (J. Kim et al., 2018). A form of Type IV secretion occurs when a
transmembrane protein, typically directed for the plasma membrane, is mutated. The presence of
a point mutation can hinder full protein folding, resulting in excess unfolded protein and ER
stress activation. ER stress activation then promotes exit of proteins from the ER to the plasma
membrane (Rabouille, 2017). This is observed in a mutated form of pendrin, H723R-pendrin, a
monovalent anion transporter (Jung et al., 2016).

Pl
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Figure 1.5 Schematic image of conventional and unconventional secretion pathways (excluding Type I1).
Reprinted from Trends in Cell Biology, Volume 27, Issue 3, Rabouille, Pathways of unconventional protein
secretion, 230-240, 2017, with permission from Elsevier (Rabouille, 2017).
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Another facet of unconventional protein secretion occurs through the production and
release of extracellular vesicles (EVs). EVs are membrane bound vesicles generated via differing
cell trafficking processes, where the most commonly known types are exosomes and ectosomes
(Meldolesi, 2022; van Niel et al., 2018). EV characteristics vary per type, but all consist of a
lipid bilayer exterior and range between 50 nm to 2000 nm in diameter (Cheng & Hill, 2022).
Exosomes are produced through the endocytic pathway; an intraluminal vesicle (ILV) is
generated and released into the extracellular space via fusion of a larger multivesicular body
containing multiple ILVs with the plasma membrane (Meldolesi, 2022; van Niel et al., 2018). In
contrast, ectosomes are produced from the outward budding of the plasma membrane into the
extracellular space (van Niel et al., 2018). While EV cargo varies per type, cargo can include
unconventionally secreted proteins, cytosolic proteins, various RNA types including microRNAs
and long non-coding RNAs, DNA sequences, lipids, and metabolic molecules (Meldolesi, 2022).
1.5.2 Applications of the secretome in cancer

The secretome is thought to be a valuable supply of biomarkers for cancer, as tumor
secreted proteins can be detected in bodily fluids such as blood or urine (Xue et al., 2008).
Various studies have aimed to characterize secreted proteins to identify potential candidates.
Such methods include using serial analysis of gene expression, DNA microarray, RNA
sequencing, antibody and bead arrays, mass spectrometry, secretion traps, and bioinformatic
prediction (Mukherjee & Mani, 2013). In practice, mass spectrometry is the predominant
technique as it is unbiased, direct, and sensitive enough to detect dilute protein concentrations in
the nanomolar range (Basisty et al., 2020; Brandi et al., 2018). A recent study by Robinson et al.
used RNA-sequencing of 32 cancer types and 30 healthy tissues from biological databases,

repositories for biological data generated from high throughput technologies (Zou et al., 2015).
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This was done to profile changes in the transcriptional level of genes encoding proteins that are
predicted to be secreted. In 20 cancer types, they identified that matrix metalloproteinase (MMP)
and collagen (COL) genes had elevated expression in tumor compared to non-tumor samples
(Robinson et al., 2019). These observations reflect the increased levels of MMP family members
in various cancers, including lung cancer, and previous biomarker validation of certain collagens
in cancer such as type 1V collagen in pancreatic cancer (Izbicka et al., 2012; Ohlund et al.,
2009). Robinson et al. also found that the vast changes in common tumor type secretome
expression changes were in proteins involved in functions such as adhesion and immune
response, as well as tumor suppressors involved in negative regulation of proliferation and
migration (Robinson et al., 2019). Identification of such proteins can not only generate
diagnostic biomarkers but also prognostic biomarkers, as suggested with angiopoietin-like
protein 1 (ANGPTLL1) in hepatocellular carcinoma (Yan et al., 2017).
1.5.3 Approaches to study the secretome in non-small cell lung cancer

Studies performed to characterize the cancer secretome often apply mass spectrometry
(MS), where the model system may vary (Xue et al., 2008). Often the cancer model consists of
immortalized cell lines, due to their wide availability and ease of growth and manipulation;
NSCLC studies often consist of cell lines derived from patient tumors (Brandi et al., 2018;
Hynds et al., 2021). Cancer secretome studies, and by extension NSCLC secretome studies, then
largely consist of studying the conditioned media (CM) of cells (Mukherjee & Mani, 2013).
While cell lines cannot fully model the tumor microenvironment, such as stroma and paracrine
signaling, they are easy to genetically alter and their CM can provide insight into processes in
vivo (Brandi et al., 2018; Méndez & Villanueva, 2015). Although blood appears to be a suitable

alternative to cell line secretome research, it is a complex bodily fluid; it consists of various
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proteins with a vast dynamic range of at minimum, 9-10 orders of magnitude (Xue et al., 2008).
Further, the blood proteome may be overrepresented by abundant proteins such as albumin,
masking less abundant proteins that may be informative as potential biomarkers (Omenn et al.,
2005; Xue et al., 2008). In contrast, cell line CM is relatively less complex; this may enable
identification of less abundant secreted proteins (Brandi et al., 2018). Therefore, cell lines serve
as a suitable model to study the secretome for discovery of potential biomarkers. In NSCLC
secretome studies, cell lines established from primary and metastatic tumors such as H2073,
H1993, PC-9, and H1975 are often used. These studies have identified secreted proteins involved
in metastasis, resistance to the EGFR tyrosine kinase inhibitor erlotinib, and cisplatin response
prediction (Bosse et al., 2016; Bottger et al., 2019; Hu et al., 2016).

A key challenge in cancer secretome research is the use of serum (Brandi et al., 2018).
Many cell lines require serum-containing media for regular culture conditions, usually fetal
bovine serum (FBS), which interferes with secretome assessment. FBS proteins can mask low
abundance proteins (in the range of ng/mL) such that thorough proteomic investigation of the
secretome is challenging (Shin et al., 2019). To avoid this issue, cell line culture media is often
changed to serum-free media to decrease secretome complexity, improve overall analysis, and
minimize non-human contamination (Hu et al., 2016; Shin et al., 2019). However, serum
starvation can increase cell cytolysis and subsequent contamination of CM by intracellular
proteins (Brandi et al., 2018). Protocols that collect serum-free CM for secretome analysis
attempt to minimize cytolysis by optimizing serum-free incubation at 60-70% cell confluency for
24 hours, generally (Mbeunkui et al., 2006; Severino et al., 2013). While this strategy can
minimize cell cytolysis, cytolysis could be further minimized by using cell lines that do not

require the use of serum. This is observed in the application of HBEC3KT, a cell line routinely
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cultured under serum-free conditions, as a control to study secretome changes during NSCLC
metastatic progression (Hu et al., 2016).

1.6 Thesis rationale

NSCLC secretome research has been limited to the study of established cancer cell lines,

limiting further understanding of the changes in secreted proteins that may occur during cellular

transformation. Studying the changes in secreted proteins that occur during stepwise EGFR-
driven transformation of lung epithelial cells may yield potential biomarker candidates for
diagnostic or prognostic use. This is important in the larger context of LUAD detection, as
EGFR-driven transformation is under characterized and screening guidelines have not been
established for never smokers where EGFR-driven LUAD is frequently observed (Lam, 2019;

Rudin et al., 2009).
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1.7 Thesis hypothesis and objective
| hypothesize that secreted proteins will differ between wild-type, non-transformed lung
epithelial cells, compared to those expressing clinically relevant mutations observed in EGFR-

driven models of transformation or EGFR mutant cancer cell lines.

The objective of this thesis is to establish an experimental pipeline to quantitatively
assess the secretome of EGFR mutant “malignant” (defined as EGFR mutant NSCLC cell lines)
and “pre-malignant” (defined as non-transformed lung epithelial cell lines expressing clinically
relevant mutations in EGFR-driven LUAD) stages of transformation. This consists of generating
a model and a mass spectrometry method to analyze and quantify secreted proteins. To achieve

this objective, there are three aims:

Aim 1: Develop an in vitro oncogenic model of EGFR cellular transformation, consisting
of normal, pre-malignant, and malignant stages.

Aim 2: Develop a mass spectrometry-based protocol to enrich for and quantify secreted
proteins from conditioned media of the model developed in Aim 1.

Aim 3: Apply the mass spectrometry-based protocol developed in Aim 2 to identify and

quantify changes in secreted proteins for potential biomarker candidate validation.

After this introductory chapter, Chapter 2 will describe the development of the in vitro
model and mass spectrometry protocol. Chapter 3 will detail the application of the protocol and
identified biomarker candidates. Chapter 4 will discuss the research performed and suggest

future avenues for further investigation.
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Chapter 2: Establishment of cell line experimental model system and

optimization of secretome collection conditions

2.1 Introduction

Current cancer secretome protocols enable the identification and quantification of
secreted proteins, often incubating cancer cell lines under serum-free conditions (Brandi et al.,
2018; Makridakis & Vlahou, 2010). The limitation of this approach is that this may alter the
cellular secretome due to cellular stress. Under serum starvation conditions, cells may undergo
decreased proliferation, increased apoptosis, or activate signaling pathways not representative of
normal culture conditions to maintain survival (Makridakis & Vlahou, 2010). Current NSCLC
secretome studies have focused on advanced NSCLC, due to the nature of cell lines being
derived from primary or metastatic tumors, investigating the role of secreted proteins in areas
such as metastasis and TKI resistance (Bosse et al., 2016; Hu et al., 2016). However, solely
profiling the secretome of cancer cell lines may not show gradual changes in secreted proteins
occurring during tumor development, which could serve as potential biomarker candidates (J. E.
Kim et al., 2008). Yet changes in the secretome during tumor progression may vary, due to the
dynamic nature of the secretome in local and systemic signalling, and thus affect biomarker
development and implementation (Uhlén et al., 2019). A study on untransformed mammary
epithelial, non-metastatic and metastatic breast cancer cell lines implied secretome changes may
indeed vary during tumor progression (Ziegler et al., 2016). Malignant cell lines secreted more
glycolytic enzymes compared to untransformed control, yet a non-metastatic cell line secreted

more proteases relative to a metastatic cell line; these observations indicate stage-dependent
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secretome profiles (Ziegler et al., 2016). These findings suggest a temporal approach to
biomarker development, where biomarker candidates may be most effective for a specific tumor
stage or early or late stage tumor progression.

| sought to complement existing studies by analyzing the secretome of an in vitro
oncogenic model of EGFR LUAD malignant transformation, consisting of normal, pre-
malignant, and malignant stages. To achieve this, | have generated a model of LUAD
transformation to study the secretome and have developed a serum-free mass spectrometry
protocol to profile the secretome. The model consists of HBEC stable cell lines and selected
EGFR mutant NSCLC cell lines, while the protocol can identify and enrich for secreted proteins
with minimal effect on cell viability under nutrient deprivation. The novelty of this approach is
the modeling of stepwise changes with HBEC stable cell lines, as noted clinically, and the
application of serum-free HBEC culture conditions to profile the secretome (Inamura, 2018).
2.2 Materials and Methods
2.2.1  Cell lines and standard culture conditions
All cell lines used in this work were either obtained from the American Type Culture Collection
(ATCC), or were gifted from Dr. Adi Gazdar. PC-9, H1975 (NCI-H1975), HCC4006, HCC4011,
H3255 (NCI-H3255) were cultured in RPMI-1640 (Thermo Fisher Scientific), supplemented
with 10% fetal bovine serum (FBS; Thermo Fisher Scientific) and 1% Penicillin-Streptomycin
(Thermo Fisher Scientific). HBEC (HBEC3-KT) cells were cultured in Keratinocyte serum-free
medium (KSFM; Thermo Fisher Scientific), supplemented with accompanying bovine pituitary
extract (BPE; Thermo Fisher Scientific), human recombinant epidermal growth factor (EGF;
Thermo Fisher Scientific), and 1% Pencillin-Streptomycin. All cell lines were grown in a

humidified incubator at 37°C, 95% air and 5% CO.,.
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2.2.2  Plasmids and generation of stable cell lines

HBEC stable cell lines expressing EGFR L858R, GFP vector control, in combination with TP53
c-terminal fragment (p53 CT) or TP53 CT vector control were generated using the pLenti CMV
(EGFR L858R, GFP) and pCX4 vectors (TP53 CT, vector control). Vectors used to generate the
EGFR L858R (Plasmids #82906, #17451) and GFP (Plasmid #17445) constructs were sourced
from Addgene (Addgene, Cambridge, MA). The TP53 vector and vector control construct
(pCX4 hisD empty) were kindly provided by R. Somwar, Memorial Sloan Kettering Cancer
Centre. Lentivirus used to generate cell lines were produced using HEK 239TD cells (ATCC),
psPAX2 (Addgene Plasmid #12260) and pMD2.G (Plasmid #12259) or Phoenix-AMPHO cells
(ATCC). Cell lines were selected with 5pg/mL blasticidin (Thermo Fisher Scientific), and
2mg/mL L-histidinol (Thermo Fisher Scientific). Unless specified otherwise, only the cell line
expressing EGFR L858R and TP53 CT (HBEC EGFR “*°®% p53 “T) was also selected in 10pM
Nutlin-3a for 6 days (SelleckChem).

2.2.3  Western blot analysis

Protein lysates were collected by washing cells with cold Dulbecco’s phosphate-buffered saline
(DPBS) (Thermo Fisher Scientific), then lysed with RIPA buffer (VWR) containing Halt
protease and phosphatase inhibitor cocktail (Thermo Fisher Scientific) on ice and vortexed
briefly. Samples were frozen at -80°C, sonicated, and supernatants separated via centrifugation at
15 000xg, at 4°C for 10 minutes. Protein concentrations were determined with a Pierce BCA
protein assay Kit (Thermo Fisher Scientific). Samples were processed by boiling in 1x diluted
NUuPAGE LDS sample buffer (Thermo Fisher Scientific) containing 1:10 diluted 2-
Mercaptoethanol (MilliporeSigma) at 75°C, for 10 minutes. 20-25ug of samples were loaded

onto NuPAGE 4-12% Bis-Tris protein gels (Thermo Fisher Scientific) and run in NuPAGE
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MOPS SDS running buffer (Thermo Fisher Scientific) at 200V, for 50 minutes. Samples were
transferred to Immobilon-P PVDF (MilliporeSigma) either at 70V, 4°C, for 2 hours or 30V, 4°C
overnight, then blocked in TBS-T (0.1% Tween-20) (TBS, Bio-Rad; Tween-20, Thermo Fisher
Scientific) containing 5% BSA (MilliporeSigma). Primary antibodies were prepared according to
manufacturer’s recommendations in TBS-T containing 5% BSA or 5% milk (MKP3).
Membranes were incubated in primary antibodies at 4°C, overnight then incubated with HRP-
conjugated secondary antibodies as per manufacturer’s recommendations (Cell Signalling
Technology). Membranes were then incubated with ECL, SuperSignal West Pico Plus
Chemiluminescent Substrate (Thermo Fisher Scientific) or SuperSignal West Femto Maximum
Sensitivity Substrate (Thermo Fisher Scientific) and proteins detected with the ChemiDoc MP
imager (Bio-Rad). The following antibodies were prepared to manufacturer’s recommendations
unless otherwise specified: p-ERK1/2(Thr202/Tyr204) (p-p44/42 (Thr202/Tyr204); Cell
Signaling Technology, 9101); ERK1/2(p44/p42; Cell Signaling Technology, 4695); p-
MEKZ1/2(Ser217/221) (Cell Signaling Technology, 9121); MEK1/2 (Cell Signaling Technology,
9122); p-EGFR(Tyr1068) (Cell Signaling Technology, 2234); EGFR L858R (Cell Signaling
Technology, 3197); EGFR (Cell Signaling Technology, 2232); MKP3 (DUSP6) (Santa Cruz
Biotechnology, sc-377070, 1:200); p53(Cell Signaling Technology, 2527); p53 (used to probe
for p53 CT) (MilliporeSigma, SAB4503011); GFP (Cell Signaling Technology, 2956); B-Actin
(Cell Signaling Technology, 12620, 1:2000).

2.2.4  Short term Nutlin-3a treatment

Prior to this experiment, HBEC cell lines expressing p53 CT (GFP; p53°", EGFR"®8R:p53°T)
had been selected in 10uM Nutlin-3a for 6 days. 300 000 HBEC and 200 000 H1975 cells were

seeded in standard culture media conditions in a 6 well plate and left to adhere overnight. Cells
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were washed twice with PBS and media was changed. For HBECs, media was changed to
KSFM, supplemented with BPE, EGF, 1% Penicillin-Streptomycin, and 10uM Nutlin-3a or
0.1% DMSO (Thermo Fisher Scientific) for 24 hours. H1975 cells were treated under the same
conditions, using a base culture media of RPMI-1640 supplemented with 10% FBS, 1%
Penicillin-Streptomycin.

2.2.5 Short term EGF treatment

250 000 HBEC cells were seeded in standard culture media in a 6 well plate and left to adhere
overnight (with the exception of HBEC EGFR"®®R:p53°T, cell lines were not previously selected
with 10uM Nutlin-3a). Cells were then washed twice with PBS to remove supplements and
media was replaced with supplement-free KSFM, 1% Penicillin-Streptomycin for 24 hours.
After the elapsed time, cells were washed twice with PBS and media was changed to KSFM
containing EGF (5ng/mL), 1% Pencillin-Streptomycin or supplement-free KSFM, 1% Penicillin-
Streptomycin for 30 minutes.

2.2.6  Mutation analysis of EGFR mutant NSCLC cell lines

EGFR mutant NSCLC cell line mutation data (PC-9, H1975, HCC4006, H3255) was retrieved
from The Cancer Cell Line Encyclopedia (CCLE) via The Cancer Dependency Map project
(DepMap, release: DepMap Public 21Q4). Where mutation information was unavailable,
appropriate literature references were used.

2.2.7 Trypan Blue viability assay

Cell lines were seeded at the following densities and incubated overnight in standard media
conditions in a 6-well plate: 350 000 (HBEC); 340 000 (PC-9); 340 000 (H1975); 1 200 000
(HCC4006); 2 400 000 (HCC4011); 850 000 (H3255). Cells were washed twice with PBS to

remove supplements, then switched to supplement-free or serum-free conditions for 24 hours.

25



HBECs were incubated with both supplement-free KSFM and 1% Penicillin-Streptomycin, or
KSFM, containing BPE (50pg/mL), EGF (5ng/mL), and 1% Penicillin-Streptomycin. EGFR
mutant NSCLC cell lines were incubated with serum-free RPMI-1640, and 1% Penicillin-
Streptomycin or RPMI-1640 containing 10% FBS and 1% Penicillin-Streptomycin. After the
elapsed time, cells were trypsinized with either 0.05% Trypsin-EDTA (Thermo Fisher Scientific;
HBEC) or 0.25% Trypsin-EDTA (Thermo Fisher Scientific; EGFR mutant NSCLC), neutralized
with trypsin neutralizer (Thermo Fisher Scientific; HBEC) or RPMI-1640 containing 10% FBS
(EGFR mutant NSCLC), suspended in a 1:1 ratio with 0.4% Trypan Blue solution (Thermo
Fisher Scientific) and live cell population was counted on a TC20 automated cell counter (Bio-
Rad). Average percent live cell population was calculated from the average of 3 wells (2 counts
per well).

2.2.8 Propidium iodide staining viability assay

Cell lines were seeded and treated under the same conditions as in Section 2.2.7. Post-incubation,
cells were stained with 1pug/mL Hoescht 33342 (Thermo Fisher Scientific) and 1pg/mL
propidium iodide (Thermo Fisher Scientific). Cells were incubated for each dye for 30 minutes
and 10 minutes, respectively. Stained cells were visualized with an EVOS FL fluorescence
microscope (Thermo Fisher Scientific). Average staining quantification of images was calculated

from the average of 2 images with ImageJ software. The formula

number of PI stained cells

100% — ( X 100) was used to calculate live cell population per

number of Hoescht 33342 stained cells

sample and condition.
2.2.9 Secretome optimization experiment collection
Secretome collection was performed under differing conditions, described in the following sub-

sections.
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2.2.9.1 Initial secretome optimization experiment

For the first secretome optimization experiment, 900 000 HBEC GFP p53 c-
terminal(GFP;p53°") cells were seeded in a 6 cm plate under standard culture conditions
overnight with another 6¢cm plate containing only culture media; this was done in singlet. Cells
were incubated for 24 hours, then conditioned media was collected by centrifuging media at
1000 RPM for 5 minutes, at 20°C, and filtered with a 0.2um syringe filter (Sarstedt) to remove
cell debris. A 1mL fraction (of 6mL collected) of the filtered media was concentrated using an
Amicon Ultra-0.5 3kDa centrifugal filter unit (MilliporeSigma), to approximately 1/5"-2/5" of
the original volume by centrifuging media at 3220xg, 4°C. Concentrated media was buffer
exchanged to 50mM HEPES buffer, pH 7.0, by centrifuging twice with ImL HEPES in the
Amicon Ultra-0.5 3kDa centrifugal filter unit under the same centrifuge conditions to a final
volume of approximately the same volume, 200puL. Samples were stored at -80°C until
processing for mass spectrometry.

2.2.9.2  Follow-up secretome optimization experiment

For the second secretome optimization experiment, 900 000 HBEC GFP cells were seeded in
6cm plates, under standard culture conditions and incubated overnight along with 6cm plates
containing only culture media; this was done in triplicate. Media was changed at 48 hours in a 96
hour period, then plates were washed thrice with 1mL PBS, then switched to KSFM containing
EGF (5ng/mL), and 1% Penicillin-Streptomycin and incubated for 72 hours. Conditioned media
was centrifuged at 1000 RPM for 5 minutes, at 20°C, and filtered with a 0.2um syringe filter
(Sarstedt) to remove cell debris. The complete volume of filtered media, 5mL, was concentrated
with a Vivaspin Turbo 4 3kDa ultrafiltration unit (Sartorius) to approximately 1/25™ of the

original volume by centrifuging media at 3220xg, at 4°C. Concentrated media was buffer
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exchanged to 50mM HEPES buffer, pH 7.0, by centrifuging twice with 1mL HEPES in the
Vivaspin Turbo 4 3kDa ultrafiltration unit under the same centrifuge conditions to a final volume
of approximately 200-400uL. Samples were stored at -80°C until processing for mass
spectrometry.

2.2.10 Secretome MS/MS analysis

Secretome protein samples were processed for mass spectrometry using a standard protocol
consisting of reduction, alkylation, and digestion. Briefly, samples were reduced by adding 16uL
of 200 mM dithiothreitol (DTT, Bio-Rad) and incubated for 30 minutes at 55 °C, then alkylated
by adding 32 uL of 400 mM iodoacetamide (IAA, Bio-Rad) and incubating for 30 minutes at
room temperature. The reaction was quenched by adding another 16 uL of 200 mM DTT.
Proteins were digested in Typsin/Lys-C mix, which was prepared by adding 200 puL of 200 mM
HEPES pH 8.0 into 20 ug Trypsin/Lys-C (Promega). Into each sample, 16 pL Typsin/Lys-C mix
was added and samples were incubated on a ThermoMixer overnight at 1000 rpm, 37°C.

One tenth of each sample was pooled and prepared for quality check. The peptides were acidified
by adding 10% (v/v) trifluoroacetic acid (TFA, Thermo Fisher Scientific) and diluting to a
concentration of 1% TFA. Peptides were desalted using Stop And Go Extraction (STAGE) tip
protocol (Rappsilber et al., 2003). After elution, solvent was evaporated by centrifuging samples
in a SpeedVac Vaccum Concentrator, until samples were dried. Peptides were then reconstituted
in an aqueous solution containing 0.1% formic acid, 1% DMSO. Reconstituted peptides were run
on a LTQ Orbitrap Velos™ and assessed for quality.

Following a successful quality check, the remaining digested peptides were labeled with a
tandem mass tag (TMT) 6-plex isobaric mass tagging kit (Thermo Fisher Scientific) according to

manufacturer instructions. After TMT-labeling, samples were pooled, speed vacuumed to
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evaporate excess solvent, and acidified by adding TFA as described above. Peptides were then
desalted by STAGE tip protocol, and speed vacuumed to evaporate remaining solvent. Peptides
were reconstituted in an aqueous solution containing 0.1% formic acid, 1% DMSO and run on an
Orbitrap Fusion™ mass spectrometer set to MS2 mode. In the first secretome experiment,
singlet samples were run in 2 6-plex TMT channels, while in the second experiment technical
triplicate samples were run in 6 6-plex TMT channels (1 sample per channel). MS spectra were
searched in the Proteome Discoverer suite (v.2.4.0.305, Thermo Fisher Scientific). Peptide-
spectrum matches (PSMs) were validated with Percolator, where only PSMs with false discovery
rate (FDR) < 0.05 were retained in the analysis.

2.2.11 Secretome enrichment and bioinformatic analysis

Proteins were assessed for enrichment relative to media control by calculating the average fold
change by dividing the raw, untransformed signal intensity of cell line conditioned media by
media control (cell line/media). Enriched proteins were defined as those with a relative fold
change of 2 or greater. Enriched proteins were analyzed for functional and cellular component
annotation with Gene Ontology (GO) databases (GO release: 2021-11-16, DOI:
10.5281/zenodo0.5725227; 2022-01-13, DOI: 10.5281/zenodo.5874355) and UniProt (UniProt
release: 2021_3; 2021_4). GO functional analysis was performed with the Fisher’s exact test,
and false discovery rate (FDR) calculated.

2.2.12 Statistical analysis

Statistical analysis, unpaired two-tailed t-test, was performed with Prism6 (GraphPad) software
for Figure 2.4 and Figure 2.5. Unless indicated, data was calculated as the average of three
biological replicate experiments and presented as mean +- SEM. *P < 0.05, ** P < 0.01, n.s. not

significant.

29



2.3 Results
2.3.1 Validation of gene expression in HBEC stable cell lines

In developing a model of mutant EGFR LUAD transformation, | generated stable HBEC
cell lines expressing EGFR"®®R or GFP vector control, with or without p53 CT (GFP; p53™",
GFP; p53°T, EGFR"®*®":p53" EGFR"®**":p53T) as to represent the commonly mutated genes
in EGFR-driven LUAD (Inamura, 2018; Skoulidis & Heymach, 2019). Expression of these
genes was confirmed by treating cells for 24 hours with 10uM Nutlin-3a, an inhibitor for the
upstream p53 inhibitor MDM2 and comparing relative protein expression via Western blot as
seen in Figure 2.1 (Kojima et al., 2006; Zhao et al., 2015). Figure 2.1 shows that most cell lines
expressing p53 CT have little relative change in p53 protein expression when treated with
Nutlin-3a, as expected of a mutant p53 phenotype when comparing to a mutant p53 cell line,
H1975 (Inoue et al., 2020). The exception was HBEC EGFR"***?: p53°T, where p53 expression
increased. This may be due to basal wild-type p53 expression, despite the introduction of p53 CT
(Ramirez et al., 2004). In contrast, cell lines expressing the vector control for p53 CT show an
increase in relative p53 protein levels; this is expected of wild-type p53 cell lines. EGFR"***R and
total EGFR expression are also confirmed in Figure 2.1. Interestingly, total EGFR expression
was lower in HBEC cell lines expressing EGFR L858R relative to GFP control cell lines. This
could be due to a combination of insufficient EGFR L858R antibody stripping and cross-

reactivity with wild-type EGFR from epitope similarity (Cell Signaling Technology, 2022).
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Figure 2.1 Western blot of HBEC stable cell lines following 24 hour incubation with 10pM Nutlin-3a.
HBEC stable cell lines expressing GFP or EGFR L858R, in combination with p53 CT were treated with 10uM
Nutlin-3a for 24 hours to confirm expression of mutant p53. Basal expression of EGFR L858R was also detected.
H1975 was used as a positive control for mutant p53 expression. All samples were probed on the same membrane
(extraneous samples were removed). Blot is representative of one biological replicate; HBEC cell lines expressing
p53 CT were previously selected with 10uM Nutlin for 6 days.

2.3.2 Validation of ERK signaling pathway expression in HBEC stable cell lines

To further validate that my HBEC cell lines had signaling pathway expression consistent
with constitutive EGFR activation, | analyzed relative phosphorylation status of downstream
ERK signaling pathway proteins after treating cells with EGF for 30 minutes. As seen in Figure
2.2, P-EGFR (Y1068) and P-ERK (T202/Y204) were increased in cell lines treated with EGF;
this was expected of EGF stimulation. However, in HBEC EGFR"®**%; p53*, P-ERK was not
noticeably different between untreated and treated cells. As it was unclear whether ERK

signaling via P-ERK was greater in HBEC EGFR"®%"

cell lines relative to GFP vector control, |
also assessed relative protein levels of P-MEK (S217/221), upstream of ERK. Figure 2.2 shows

increased levels of P-MEK in HBEC EGFR"“®®R cell lines relative to GFP vector control,
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suggesting that ERK pathway signalling is increased in mutant EGFR-expressing cell lines,
despite an unclear P-ERK output.

While relative protein expression of P-ERK was greater in EGF-treated cell lines, it was
unclear if there were differences between HBECs expressing GFP or EGFR “®°®%: constitutive
activation of EGFR would likely have higher expression of P-ERK. To investigate whether there
was inhibition of ERK phosphorylation, | assessed DUSP6 (MKP3) expression between EGF-
treated and untreated cell lines. In Figure 2.2, there is no appreciable difference between treated
and untreated conditions, but interestingly, HBEC EGFR"®**%;p53" showed greater levels of
DUSPG relative to other cell lines regardless of treatment. Another interesting observation was
that total EGFR protein expression in EGF-treated cell lines was decreased relative to untreated
cell lines. This may be due to decreased availability of the overall EGFR intracellular domain
upon phosphorylation of the intracellular tyrosine kinase domain, due to receptor endocytosis

(Sorkin & Goh, 2009).
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Figure 2.2 Western blot of HBEC stable cell lines after 30 min incubation with EGF.
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HBEC stable cell lines expressing GFP or EGFR L858R, in combination with p53 CT were starved in supplement-

free KSFM for 24 hours then treated with EGF for 30 minutes to assess ERK signaling pathway activity between
EGFR L858R-expressing HBEC cell lines and GFP control. Blot is representative of two biological replicates.
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2.3.3

Confirmation of EGFR NSCLC cell line EGFR and TP53 mutations

In addition to generating HBEC stable cell lines, | also selected NSCLC cell lines

expressing mutant EGFR and of varying TP53 status to act as the transformed, malignant state of

the experimental model. | utilized The Cancer Cell Line Encyclopedia (CCLE) to confirm

genetic alterations in these genes, with the exception of HCC4011. Mutation information for

HCC4011 was confirmed with previous publications (Kubo et al., 2009; Pikor et al., 2013).

Table 2.1 summarizes mutant EGFR and p53 status for the selected cell lines.

Table 2.1 EGFR mutant NSCLC cell lines and their EGFR and TP53 status.

Cell line Primary EGFR Secondary EGFR TP53 status Cancer Cell Line
mutation mutation Encyclopedia
DepMap ID
PC-9 Ex19Del NA WT ACH-000779
HCC4006 Ex19Del NA MUT (Y205H) ACH-000066
H1975 L858R T970M MUT (R273H) ACH-000587
HCC4011 L858R (Kubo et NA MUT (Deletion; NA
al., 2009) (Pikor et al.,
2013))
H3255 L858R NA WT ACH-000109
2.3.4 Initial secretome collection optimization experiment

To determine whether | could detect secreted proteins, | performed a secretome collection

optimization experiment under standard media conditions to reflect ideal viability conditions.

Recent studies have been performed under serum-free or limited supplement conditions, which
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may interfere with viability and contaminate results with intracellular proteins (Shin et al., 2019).
Therefore, | applied the serum-free culture conditions of the HBEC cell line to perform my
secretome collection experiment.

In my initial secretome collection optimization experiment, | collected the conditioned
media of the HBEC GFP; p53°“T cell line. Figure 2.3 illustrates the methodology and results of
this experiment. 591 proteins were detected from a 1mL fraction collected after a 24 hour

3°T relative to media

incubation period. To assess if proteins were enriched in HBEC GFP; p5
control, I calculated relative fold enrichment from the raw signal intensity values; 45 proteins
were greater than or equal to an enrichment of 2-fold. As shown in Figure 2.3B, the maximum
fold enrichment observed was 8-fold. This suggests that while proteins can be detected from a
partial sample volume and short-term incubation period, the dynamic range was limited and less
abundant proteins may be difficult to detect.

To determine if detected proteins were secreted, | performed a cellular component
analysis of the 45 proteins enriched at 2-fold or greater using the UniProt database to identify
protein subcellular localization. | analyzed keywords associated with protein subcellular location
of the 45 proteins, and 19 were annotated as “secreted” (UniProt KW-0964). Figure 2.3C
illustrates all cellular component annotations associated with the 45 protein input. Interestingly,
an equal amount of proteins were annotated as “cytoplasmic”. This may be due to a basal level of
intracellular protein contamination during sample preparation, or basal membrane protein
ectodomain shedding due to growth factors in the incubation media (Dowling & Clynes, 2011;
Hayashida et al., 2010). Alternatively, the UniProt database may not have the full scope of

secreted proteins to adequately annotate them, as subcellular annotations can be inferred from

multiple evidence sources. Sources include experimental evidence - which may be derived from
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different cellular models - curator inference, and sequence similarity; accordingly, there may be
insufficient information to annotate a protein as “secreted” (UniProt Consortium, 2022). Other
cellular components included “nucleus” and “membrane”, further suggesting intracellular protein
contamination and membrane shedding.

While 19 of the 45 identified enriched proteins were annotated as “secreted”, 6 proteins,
Annexin A2 (ANXA?2), 14-3-3- protein sigma (SFN), Annexin A1 (ANXA1), Macrophage
migration inhibitory factor (MIF), Galectin-1 (LGALS1), and Peptidyl-prolyl cis-trans isomerise
A (PPIA) do not possess the signal peptide sequence commonly associated with conventional
protein secretion (Owiji et al., 2018). This indicates the presence of alternative secretion
pathways, yet these proteins were observed without culture conditions that would promote stress
(Rabouille, 2017). 1 also observed that 9 of the 19 proteins identified had multiple subcellular
annotations beyond the scope of secretion, which were defined as the annotations “secreted”,
“extracellular space”, “extracellular matrix”, and “basement membrane”. These included
annotations such as “cytoplasm” and “nucleus”. This reflects the broad scope of the UniProt
annotation system, where protein subcellular location can be inferred from multiple sources; this

includes different cell lines that have varying secretion pathways based on experimental

conditions.
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Figure 2.3 Summary of first secretome collection optimization experiment.

(A) Schematic overview of secretome collection conditions. HBEC GFP;p53°T cells were incubated under standard
media conditions, in parallel with a media control, for 24 hours. A 1mL fraction was collected and subjected to
sample processing and MS/MS analysis. (B) Bar graph indicating proteins (referred to by gene symbol) that were a
minimum of 2-fold enriched in HBEC GFP;p53°" sample (relative to media control). (C) Complete UniProt
database cellular component identification of enriched proteins.
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2.3.5 Functional annotation analysis of enriched proteins from initial secretome
collection optimization experiment with GO

Although there were no additional cell lines to compare the secretome composition of
HBEC GFP; p53°", I performed a GO Slim Biological Process analysis of the secreted proteins
identified to gain a broad overview of their biological functions. Table 2.2 displays the GO Slim
term output sorted by FDR (FDR < 0.05). Interestingly, proteolysis terms consist of half of the
overrepresented terms. This is reflected in the terms that include either general or negative
regulation of peptidase and endopeptidase activities. These annotations are consistent with the
broad scope of protease functions, which include involvement in biological processes such as

cell proliferation, autophagy, and the immune response (Lopez-Otin & Bond, 2008).

Table 2.2 PANTHER GO-Slim Biological Process analysis of secreted proteins identified in first secretome
optimization experiment (FDR < 0.05).

GO ID GO term Fold FDR
enrichment
GO0:0051346 | negative regulation of hydrolase activity 48.01 3.51E-03
GO0:0043086 | negative regulation of catalytic activity 26.19 1.79E-02
GO0:0045861 | negative regulation of proteolysis 41.3 2.09E-02
GO0:0010466 | negative regulation of peptidase activity 43.88 2.11E-02
GO0:0044092 | negative regulation of molecular function 21.9 2.37E-02
GO0:0010951 | negative regulation of endopeptidase activity 45.3 2.41E-02
GO0:0052547 | regulation of peptidase activity 32.66 3.08E-02
GO0:0052548 | regulation of endopeptidase activity 33.43 3.29E-02

2.3.6  Cell viability assessment under secretome conditions

I next sought to assess whether secretome collection conditions affected cell viability for
HBEC and EGFR mutant NSCLC cell lines. To minimize HBEC EGF ligand-mediated signaling
from EGF-containing media, the HBEC secretome incubation media was changed to
supplement-free KSFM. This was done to create an equivalent to serum-free media, which is
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used in secretome experiments (Méndez & Villanueva, 2015). To determine if the selected
collection conditions affected cell viability, | performed Trypan Blue staining, and propidium
iodide (PI) staining as a corollary method to assess changes in cell viability. HBEC and EGFR
mutant NSCLC cell lines were incubated under supplement-free or serum-free conditions for 24
hours prior to staining cells with the above reagents. The incubation conditions were consistent
with the initial secretome collection optimization experiment and previous secretome experiment
literature, where 24 hours was chosen to minimize cell death from serum starvation (Mbeunkui
et al., 2006; Shin et al., 2019). Figure 2.4 and Figure 2.5 show the changes in cell viability in

both assays, where live cell population was calculated with the

number of PI stained cells
number of Hoescht 33342 stained cells

formula 100% — ( X 100). In either assay, the majority of cell

lines show no significant changes in cell viability, observed as percentage of live cell population.
However, HCC4011 was difficult to assess for viability, as cells were prone to detachment
during Pl staining (Figure 2.5C). Pl staining of H3255 yielded a significant (P < 0.01) change in
the proportion of live cells stained; however, the change in proportion was minimal and did not

signify a biologically significant change in cell viability (Figure 2.5B).
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Figure 2.4 HBEC cell viability analysis under secretome collection conditions.

(A) Live cell population of HBEC cell lines incubated in supplement-free KSFM (secretome) or standard media
conditions for 24 hours, as stained with Trypan Blue. (B) Live cell population of HBEC cell lines treated under the
same conditions as in (A), as stained by PI. (C) Representative images used to quantify P1 staining (DAPI and Pl
channels). Graphs are representative of three biological replicates.
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Figure 2.5 EGFR mutant NSCLC cell viability analysis under secretome conditions.

(A) Live cell population of EGFR mutant NSCLC cell lines incubated in serum-free RPMI-1640 (secretome) or
standard media conditions for 24 hours, as stained with Trypan Blue. (B) Live cell population of EGFR mutant
NSCLC cell lines treated under the same conditions as in (A), as stained by PI. (C) Representative images used to
quantify Pl staining (DAPI and PI channels). Graphs are representative of three biological replicates.
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2.3.7  Follow-up secretome collection optimization experiment

I next sought to enhance the fold enrichment range of identified secreted proteins by
performing a second secretome collection optimization experiment. To increase the fold
enrichment range, the following variables were altered: incubation media, incubation time, cell
confluency, and sample volume collected. The previous experiment had standard culture media
containing BPE; the exact composition of BPE is unknown but includes growth factors such as
EGF-like proteins, fibroblast growth factor (FGF), and platelet-derived growth factor (PDGF)
that may mask less abundant proteins similar to FBS (Dowling & Clynes, 2011; Kent & Bomser,
2003). To minimize BPE protein masking, | changed the incubation media for collection to
culture media without BPE. In addition, I changed the incubation time from 24 to 72 hours and
pre-incubated the selected cell line HBEC GFP for 96 hours. These changes were made to
increase the detection of low abundance proteins upon collection by increasing their
concentration over a longer period. To further enable detection, I also collected the complete
5mL volume of conditioned media rather than 1mL fraction, for MS/MS analysis. Figure 2.6
summarizes the methodology and results of this experiment.

In the follow-up secretome collection optimization experiment, 438 proteins were
identified. As the cell line used in this experiment differs from the previous HBEC GFP;p53°",
direct comparisons cannot be made. Further, peptide signal intensities will vary between MS
experiments due to the stochastic sampling during MS analysis. Variable sampling can be
accounted for with a pooled standard or reference channel per experiment, yet neither were
performed due to limited sample channels (Brenes et al., 2019; Plubell et al., 2017). Despite
these constraints, 393 proteins were observed at a minimum 2-fold enrichment relative to the
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media control. Figure 2.6B shows the top 50 enriched proteins from the second experiment, with

a max 74-fold enrichment. The majority of proteins observed in this experiment were enriched
minimum 2-fold. This observation suggests that altering the incubation media, duration of
incubation, and pre-incubation of cell line used may be conducive to detecting proteins
commonly secreted in low abundance. | then determined the proportion of secreted proteins in
the enriched protein subset, performing a cellular component analysis as done in the initial
secretome optimization experiment. Selected cellular component annotations are shown in
Figure 2.6C. Interestingly, the “membrane” annotation comprised the top cellular component
annotation, consisting of 169 proteins, while “secreted” proteins comprised the second most
abundant annotation, consisting of 146 proteins. Of the secreted protein subset, 16 proteins did
not possess a signal peptide, and 80 proteins had multiple subcellular annotations beyond
secretion-associated terms “extracellular space”, “extracellular matrix”, and “basement

membrane”; “membrane” was the most common non-secretion subcellular annotation. The

presence of both annotations suggests that membrane protein ectodomain shedding may be

at

occurring (Hayashida et al., 2010). Alternatively, multiple annotations of proteins further suggest

that the UniProt annotation system is broad, due to multiple cellular models, multiple protein

isoforms listed under a single entry, and other factors used to annotate protein subcellular

location. The 72 hour incubation under supplement-limited culture conditions may have also led

to cell death, and membrane and cytoplasmic protein release due to loss of plasma membrane

integrity (Figure 2.6C) (Fulda et al., 2010).
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Figure 2.6 Summary of second secretome collection optimization experiment.

MS/MS analysis

(A) Schematic overview of secretome collection conditions. HBEC GFP cells were incubated under standard media
conditions, in parallel with a media control, for 96 hours then incubated under supplement-limited conditions for 72
hours. The complete 5mL conditioned media volume was collected and subjected to sample processing and MS/MS

analysis. (B) Bar graph illustrating top 50 enriched proteins (referred to by gene symbol) by fold enrichment
(relative to media control). Dotted line denotes 2-fold enrichment cut-off. (C) Selected UniProt database cellular

component identification of enriched proteins.
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2.3.8 Functional annotation analysis of enriched proteins from follow-up secretome
collection optimization experiment with Gene Ontology

After identifying the secreted protein subset, | performed GO analysis as previously done
to examine protein biological function. As there was no cell line processed in parallel, |
performed a GO Slim Biological Process analysis to obtain a broad overview of biological
functions represented. A selected subset of top GO terms is represented in Table 2.3. There was
no distinct biological process overrepresented; however, terms associated with proteolysis and
general biological development were commonly observed. These terms may reflect common cell
signaling pathways in cell growth, division, and development, and the broad range of protease
biological functions such as involvement in processes including the cell cycle and protein and
organelle cycling, as noted from the terms in Table 2.2 (Turk et al., 2012). The
overrepresentation of these terms may be due to incubation under supplement-limited conditions,
promoting signaling pathways involved in general biological processes that may be classified as

developmental processes.
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Table 2.3 Selected PANTHER GO Slim Biological Process analysis of secreted proteins identified in follow-up
secretome optimization experiment (FDR < 0.05).

GO ID GO term Fold FDR
enrichment
G0:0009888 | tissue development 12.61 7.72E-09
GO0:0007167 | enzyme linked receptor protein signaling pathway 7.08 6.86E-07
GO0:0051346 | negative regulation of hydrolase activity 16.93 8.57E-07
GO0:0010951 | negative regulation of endopeptidase activity 19.16 1.66E-06
G0:0010466 | negative regulation of peptidase activity 18.57 1.71E-06
G0:0009887 | animal organ morphogenesis 12 1.75E-06
G0:0007275 | multicellular organism development 3.79 1.92E-06
G0:0045861 | negative regulation of proteolysis 17.47 1.98E-06
G0:0048856 | anatomical structure development 34 2.17E-06
G0:0048513 | animal organ development 5.83 2.22E-06
G0:0052548 | regulation of endopeptidase activity 14.14 6.77E-06
GO0:0052547 | regulation of peptidase activity 13.82 7.49E-06
G0:0040011 | locomotion 55 9.54E-06
G0:0009653 | anatomical structure morphogenesis 4.83 9.83E-06
G0:0032502 | developmental process 3.01 1.70E-05
G0:0048583 | regulation of response to stimulus 3.29 2.79E-05
G0:0048731 | system development 3.61 3.11E-05
G0:0043086 | negative regulation of catalytic activity 9.23 3.17E-05
G0:0030198 | extracellular matrix organization 10.24 5.08E-05
G0:0043062 | extracellular structure organization 10.16 5.17E-05

2.4 Discussion

Established secretome studies have utilized serum-free media methods to identify and
quantify secreted proteins in cancer cell lines (Brandi et al., 2018). The benefit of a serum-free
approach is to minimize masking of low abundance proteins by highly abundant serum proteins.
However, cell lines that are grown under serum-free conditions risk cellular stress and cell death
due to nutrient deprivation (Shin et al., 2019). Additionally, the use of cancer cell lines may not
provide insight into changes occurring during malignant transformation, which may be a

reservoir for biomarker candidates. Currently the HBEC cell line, routinely cultured under
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serum-free conditions, is used as a non-tumorigenic control for secretome studies with
established cancer cell lines (Hu et al., 2016; X.-D. Wang et al., 2019). Applying the non-
transformed and serum-free culture conditions of HBECs is a suitable way to study secretome
changes occurring during stepwise malignant transformation. To complement existing literature
on secretome changes during NSCLC, which have been limited to advanced and metastatic
stages of NSCLC, I developed a model of stepwise LUAD malignant transformation and a mass
spectrometry protocol to profile the secretome (Bottger et al., 2019; Hu et al., 2016).

Firstly, 1 generated a set of stable HBEC cell lines expressing genetic alterations
characteristic in NSCLC patients, EGFR and TP53. These cell lines express EGFR L858R, a
common oncogenic mutation leading to constitutive EGFR signaling activation, and p53 CT; p53
CT was selected to emulate the frequent co-mutation of TP53 in EGFR-driven LUAD and an
early genetic alteration during tumorigenesis (Skoulidis & Heymach, 2019). The expression of
EGFR L858R and p53 CT and EGFR-mediated ERK signaling were confirmed by Western blot
(Figure 2.1, Figure 2.2).

Secondly, | developed a method to optimally collect for secreted proteins in a serum-free
context with HBEC and EGFR mutant NSCLC cell lines with two optimization experiments. In
the first experiment, | confirmed the presence of secreted proteins with the HBEC GFP;p53°"
cell line (Figure 2.3). Functional annotation of identified secreted proteins, which were the
second most abundant subcellular location, revealed an overrepresentation of proteolysis terms,
likely representative of the broad functions of proteases that include DNA replication and
transcription, cell proliferation, and stress responses such as autophagy, senescence, and
apoptosis (Lopez-Otin & Bond, 2008) (Table 2.2). However, the max protein fold-enrichment

was 8-fold. This suggests that while secreted proteins can be detected, abundant proteins in BPE
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such as growth hormone, basic fibroblast growth factor, and epidermal growth factor-like
proteins may mask less abundant proteins similar to albumin in serum, leading to the limited fold
enrichment observed (Dowling & Clynes, 2011; Kent & Bomser, 2003). As | was interested in
profiling the secretome in HBEC and EGFR mutant NSCLC cell lines, | sought to emulate
serum-free conditions as done in previous secretome studies and assess cell viability under
limited nutrient conditions (Brandi et al., 2018). I chose to incubate HBEC cell lines in
supplement-free media as an equivalent to serum-free conditions, and minimize signalling from
BPE and EGF that may affect secretome composition (Kent & Bomser, 2003; Kerpedjieva et al.,
2012). As a 24 hour serum-free incubation period was observed to be optimal for secretome
collection, I maintained a 24 hour incubation period as done with my initial experiment
(Mbeunkui et al., 2006). HBEC and EGFR mutant NSCLC cell lines were incubated under
supplement-free or serum-free conditions for 24 hours, and | assessed cell viability by
determining the live cell population with Trypan Blue and PI staining. There were no
biologically significant changes to cell viability; this confirmed that the initial secretome
collection conditions were suitable for secretome analysis with minimal risk of intracellular
protein contamination due to cell death (Figure 2.4, Figure 2.5).

Because of the limited dynamic range of the first secretome experiment, | performed a
follow-up experiment to optimize the depth of secretome profiled. | altered the incubation media,
incubation period, and volume of conditioned media used for analysis. This consisted of pre-
incubating the selected HBEC GFP cell line prior to collection and increasing incubation time,
removing BPE from the incubation media to minimize signaling from growth factors and protein
masking, and concentrating the complete volume of conditioned media to maximize detection of

less abundant proteins (Dowling & Clynes, 2011; Kent & Bomser, 2003). The majority of
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proteins identified were enriched at 2-fold or greater, suggesting that a low background
incubation media, incubation period, and collection of the complete conditioned media may
influence the breadth of the secretome that can be profiled (Figure 2.6). Secreted proteins also
comprised the second most abundant subcellular location and functional annotation consisted of
general cellular processes associated with development and proteolysis, which may be
representative of general cellular pathways involved in proliferation and survival under
supplement-limited incubation conditions (Figure 2.6, Table 2.3) (Ahmadiankia, 2020).
However, cell viability was not assessed under supplement-limited or supplement-free conditions
for a 72 hour incubation period for either HBEC or EGFR mutant NSCLC cell lines. Further
analysis of cell viability under this incubation period will be useful in determining if prolonged
nutrient deprivation will decrease cell viability and result in intracellular protein contamination
(Brandi et al., 2018). A study noted an increase in cytosolic protein contamination after
incubating cells under serum-free conditions for 30 hours, indicating that cell viability would not
be sufficiently optimal to profile the secretome after 24 hours (Mbeunkui et al., 2006).
Therefore, | finalized my incubation media and time to serum-free or supplement-free media for

24 hours, in addition to concentrating the complete volume of collected media.
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2.5 Conclusion

In summary, | developed a model of EGFR-driven LUAD transformation and a serum-
free mass spectrometry protocol to identify and quantify secreted proteins in vitro. The
combination of stable HBEC cell lines generated and selected EGFR mutant NSCLC cell lines
depict a model of EGFR-driven LUAD transformation, with clinically relevant genetic
alterations. The serum-free protocol that was developed is optimized to profile cell lines
normally cultured in serum-free and serum-containing conditions, enhance detection of low
abundance secreted proteins, and minimize cell death under nutrient deprivation. With protein
enrichment observed at a max fold-enrichment of 74-fold during optimization, and frequent
subcellular annotation of secreted proteins, this protocol is a robust method to profile the
secretome. Together, the model and protocol are a viable approach to study changes in the

secretome during LUAD transformation.

50



Chapter 3: Application and analysis of secretome pipeline

3.1 Introduction

The cancer secretome is a valuable resource to identify diagnostic and prognostic
biomarkers (Robinson et al., 2019; Xue et al., 2008). This is especially valuable in NSCLC,
where there are no biomarkers available and proposed candidates are non-specific for NSCLC
(Duffy & O’Byrne, 2018). Recent studies that have investigated the NSCLC secretome have
primarily focused on advanced or metastatic LUAD, such as identifying erlotinib resistance,
response prediction to cisplatin, or factors involved in metastatic self-sufficiency (Bosse et al.,
2016; Bottger et al., 2019; Brady et al., 2016). There is limited research on changes in the
secretome that occur during LUAD malignant transformation, which may yield valuable
biomarker candidates for early detection. The HBEC cell line has been used to model stepwise
malignant transformation, employing key genetic alterations such as in EGFR and TP53 (Sato et
al., 2006). In the previous Chapter, | generated a model of LUAD malignant transformation in
vitro, consisting of HBEC stable cell lines and selected EGFR mutant NSCLC cell lines, and a
serum-free mass spectrometry protocol optimized to identify secreted proteins. This Chapter
applies the model and method developed in Chapter 2, collectively a pipeline, to identify and
validate differentially expressed proteins during malignant transformation for further

investigation as biomarkers.
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3.2 Materials and Methods

3.2.1  Cell lines and standard culture conditions

Cell lines and culture conditions used in this Chapter are described in Section 2.2.1.

3.2.2  Secretome sample collection

Cell lines were seeded under standard culture conditions in a 6¢cm plate in triplicate and left to
adhere overnight: 900 000 (HBEC); 1 000 000 (PC-9); 1 000 000 (H1975); 3 500 000
(HCC4006); 7 000 000 (HCC4011); 2 500 000 (H3255). Cells were then washed twice with
DPBS and media was replaced with either supplement-free KSFM, containing 1% Penicillin-
Streptomycin (HBEC) or serum-free RPMI-1640, containing 1% Pencillin-Streptomycin (EGFR
mutant NSCLC). Cells were incubated under these conditions for 24 hours, in parallel with
media-only plates that were prepared at this time. Conditioned media samples were centrifuged
1000 RPM for 5 minutes, at 4°C then filtered with a 0.45uM filter to remove cell debris. The
complete volume of filtered conditioned media, 4mL, was concentrated to approximately 1/20"-
1/25"™ of the original volume (150-200uL) with a Vivaspin Turbo 4 3kDa ultrafiltration unit by
centrifuging at 3220xg, at 8°C. Concentrated media was buffer exchanged to 50mM HEPES
buffer, pH 7.0, by centrifuging twice with 4mL HEPES, then once with ImL HEPES to
approximately 150-300uL under the same centrifuge conditions. Samples were stored at -80°C
until processing for mass spectrometry.

3.2.3 Secretome MS/MS analysis

MS/MS sample preparation and analysis are outlined in Section 2.2.10 with the exceptions of an
TMT 11-plex kit (Thermo Fisher Scientific) used for labeling, samples were run on an Orbitrap

Eclipse™ mass spectrometer, and only PSMs with FDR < 0.01 were retained in the analysis.
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Technical replicates were pooled and run in the same TMT channel (1 cell line per channel).
Further search settings can be found in Section A.2 (Figure S.5).

3.2.4 Data processing and statistical analysis

Raw signal intensity data was filtered, summarized to the peptide level, and aggregated to the
protein level. Protein level data was then log,-transformed and median normalized by taking the
median total signal and calculating a normalization factor for samples and media respectively,
and imputed for missing values. Samples were contrasted against the appropriate media control
on the log; scale, and the intersection was analyzed to identify for enriched proteins. Proteins
that were not observed in 2 or more technical replicates were removed from analysis. Prior to
statistical testing, average fold changes were generated by subtracting the average log, HBEC
GFP;p53" signal intensity from all samples. The moderated t-test statistical analysis was
performed and adjusted P-values were calculated and adjusted with the Benjamini-Hochberg
procedure, with the R package limma (Ritchie et al., 2015) (version 3.50.0) , and results
visualized with ggplot2 (Wickham, 2016) (version 3.3.5) in the R programming environment
(version 4.0.5).

3.2.5 Bioinformatic analysis

Proteins of interest were queried in UniProt and GO databases as described in Section 2.2.11.
3.2.6  Gene expression data analysis

Z-score normalized Affymetrix gene expression data was sourced from Memorial Sloan
Kettering Cancer Center (Chitale et al., 2009) and analyzed with the Wilcoxon rank-sum test
(Mann-Whitney U test) and adjusted P-values were calculated with the Benjamini-Hochberg
procedure with base R functions in the R programming environment (version 4.0.5). Probes were

annotated with the corresponding gene symbol with the R package hgul33a.db (Carlson, 2017a)
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(version 3.2.3) and significant genes were filtered for optimal 1:1 probe:gene mapping with the R
package jetset (Q. Li et al., 2011) (version 3.4.0).
3.2.7 Survival analysis
Survival analysis of significant genes identified during Section 3.2.6 was performed on the NCBI
GEO gene expression dataset GSE 31210, where probes were annotated with the R package
hgul133plus2.db (Carlson, 2017b) (version 3.2.3). The Logrank test was performed, computing
for median overall survival after applying a median split for gene expression.
3.3 Results
3.3.1 Confirmation of secreted proteins

After optimizing secretome collection conditions, | performed the secretome experiment
consisting of HBEC and selected EGFR mutant NSCLC cell lines to investigate changes in
secreted proteins between the normal, pre-malignant, and malignant states of the LUAD
transformation model previously described. An overview of the secretome experiment is
provided in Figure 3.1. Prior to performing differential protein expression analysis, | sought to
verify the quality of my data and reduce any sources of variation during sample processing. This
was performed with principal component analysis (PCA), a technique used to reduce dimensions
of large datasets, but preserves the overall structure and variability inherent to a dataset (Jolliffe
& Cadima, 2016) (Figure 3.2). Figure 3.2 shows that as expected of differing tumor or tissue
origins, the cell lines and their technical replicates generally cluster together; cell lines also
cluster away from media controls (Figure S.1). The exception to this was one PC-9 technical
replicate, but the replicate was not sufficiently adjacent to the neighbouring HCC4006 and
HBEC clusters to be considered an outlier. Interestingly, there were no distinct clusters within

the HBEC group reflective of the EGFR or TP53 alterations introduced in the previous Chapter.
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This is likely due to PCA reflecting the entire scope of identified secreted proteins, which may
not differ significantly in HBEC cell lines where one or two genetic changes have been
introduced.

| then sought to confirm that secreted proteins were enriched in conditioned media
collected. 1020 proteins were initially identified from the experiment output. Proteins enriched in
the conditioned cell line media were confirmed by extracting the intersection of proteins between
cell lines and media control. Of the 852 enriched proteins identified, previously identified
proteins HSPG2, LAMAS5, and AGRN were present (Hu et al., 2016) (Figure 3.3). This validated
the presence of secreted proteins in the conditioned media samples. EGFR was also enriched in
conditioned media samples, reflective of EGF ligand secretion and associated signalling
observed in NSCLC cells (Gazdar & Minna, 2008). | also validated the presence of secreted
proteins within the enriched protein subset by performing cellular component analysis as done
previously. As shown in Figure 3.3, secreted proteins comprise the second most abundant
subcellular localization category. Cytoplasmic and membrane annotations comprised the most
abundant and third most abundant subcellular localizations respectively. As mentioned
previously, this could be attributed to reasons such as basal cell lysis and intracellular protein
contamination, alternative pathways of secretion without a signal peptide, membrane protein
ectodomain shedding, and the broad nature of UniProt annotations (Dowling & Clynes, 2011;
Hayashida et al., 2010; Rabouille, 2017; UniProt Consortium, 2022). An alternative reason for
cytoplasmic proteins comprising the most abundant subcellular localization category may be due
to the presence of EVs. While EV cargo can vary per type, cargo proteins include cytosolic and
cytoskeleton proteins such as actin and annexin, and heat shock proteins (Meldolesi, 2018). EV

cargo proteins may have been present in the conditioned media collected, contributing to the
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abundance of cytoplasmic proteins. | then investigated whether EVs were potentially present and
observed that common EV marker proteins CD9, CD81, but not CD63 were enriched (Bost et
al., 2022). This further suggested that EV's may contribute to the enrichment of cytoplasmic

proteins found in the cellular component analysis.
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enriched proteins identified (Hu et al., 2016).

3.3.2 Differential protein expression analysis of pre-malignant and malignant states

To identify differences in secreted proteins between pre-malignant and malignant states
of my LUAD transformation model for further analysis and validation, I performed differential
protein expression (DPE) analysis of EGFR mutant NSCLC cell lines relative to HBEC stable
cell lines, assessing group-wise differences in log, fold change. This analysis was done to

compare the normal and pre-malignant stages of LUAD transformation to the malignant stage.

58



Figure 3.4 shows the comparison performed (Figure 3.4A) and the results of the DPE analysis
(Figure 3.4B). 91 proteins were identified as differentially expressed, with more proteins
underexpressed than overexpressed. As | was interested in the biological functions of these
proteins, | performed GO functional analysis (Figure 3.5). The majority of biological processes
identified consisted of immune functions and coagulation; of the immune functions represented,
they consisted of MHC class I protein complex assembly, T cell mediated immunity, and the
acute phase response. This suggests that there may be immunological changes during malignant
transformation, as observed in the development of an immunosuppressive tumor
microenvironment in EGFR mutant LUAD in vivo (Akbay et al., 2013). To confirm that these
findings were not solely statistically relevant, | reviewed the literature of the top 5 overexpressed
and underexpressed proteins for potential biological relevance (Figure 3.4C). Two of the top
overexpressed proteins, midkine (MDK) and NPC intracellular cholesterol transporter 2 (NPC2)
were overexpressed in NSCLC patient serum and mouse LUAD plasma, respectively (Stern et
al., 2021; Taguchi et al., 2011). This supports the idea that there may be biological relevance to
the proteins identified from the DPE analysis.

I next sought to confirm whether proteins identified in the DPE analysis were also
differentially expressed in the stable HBEC cell lines, defined as the normal and pre-malignant
states. | performed DPE analysis, where HBEC GFP; p53°T, HBEC EGFR “#*%R: p53* and
HBEC EGFR “*°®: p53°T were individually compared to HBEC GFP; p53™. A total of 4
differentially expressed proteins were identified: ATP-dependent 6-phosphofructokinase (platelet
type) (PFKP), fibronectin (FN1), alpha-1-antichymotrypsin (SERPINA3), and serpin B7
(SERPINBY) (Figure S.2). SERPINA3 and SERPINB?7 were observed in the initial DPE group-

wise comparison, suggesting that these proteins may be differentially expressed during the stages
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of malignant transformation. Interestingly, both proteins were underexpressed in the group-wise
comparison. This suggests that there may be additional genetic changes during malignant
transformation that alter the expression of SERPINA3 and SERPINB7 observed in the group-
wise comparison. With the exception of PFKP, differentially expressed proteins were not
exclusive to a specific HBEC stable cell line; most proteins were common to HBEC EGFR"®>%%;
p53°T (Figure S.3). This suggests that one or two genetic alterations may not significantly alter
the HBEC secretome. It is also possible that the secretome of the pre-malignant state of my
model is not discernibly different from the untransformed, normal state. If so, it would be more
appropriate to identify changes in secreted proteins between the pre-malignant and malignant
stages where a hypothetical patient would have invasive cancer; secretome profiles may be more

discernible and result in more specific biomarkers.
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Figure 3.4 Differential protein expression analysis of EGFR mutant NSCLC cell lines and HBEC stable cell
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(A) Schematic overview of the cell lines compared. (B) Volcano plot of differentially expressed proteins (adj p val <

0.05, minimum absolute log, fold change > 0.6). The top 20 proteins sorted by p value are labeled. (C) Top 5

underexpressed and overexpressed proteins, sorted by log, fold change.
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Figure 3.5 Functional analysis of differentially expressed proteins between EGFR mutant NSCLC cell lines

and HBEC stable cell lines (GO Biological Process, complete).
Terms are sorted by hierarchy (FDR < 0.05).
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3.3.3 Differential protein expression analysis of normal and malignant states

As group comparisons may not capture the full scope of differentially expressed proteins,
| performed DPE analysis by comparing each EGFR mutant NSCLC cell line individually to
HBEC GFP;p53"as a representative of the “normal” baseline state. Figure 3.6 illustrates
differentially expressed proteins identified from each cell line. In contrast to the group-wise
comparison performed in Figure 3.4, the number of differentially expressed proteins ranged from
119 to 316, compared to 91 previously. The difference in differentially expressed proteins
suggests that comparing EGFR mutant NSCLC cell lines individually to the most basal state of
transformation, HBEC GFP;p53", may be more conducive to identifying more protein
candidates for further analysis and validation. This may be due to additional genetic alterations
unique to each NSCLC cell line that influence the secretome profile and may be heterogenous

when comparing collectively as a group.
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Figure 3.6 Volcano plots of differentially expressed proteins of each comparison made between EGFR mutant

NSCLC cell line and HBEC GFP;

p53™,

Adj p val < 0.05, minimum absolute log, fold change > 0.6. The top 20 proteins sorted by p value are labeled. (A)
PC-9. (B) HCC4006. (C) H1975. (D) HCC4011. (E) H3255.
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3.3.4 Validation of differentially expressed proteins with EGFR mutant tumor patient
cohort data

To validate my findings and identify protein candidates for further analysis, | performed
filtering and differential gene expression (DGE) analysis of a subset of proteins from the DPE
analysis with EGFR mutant NSCLC cell lines and HBEC GFP;p53". Figure 3.7 illustrates the
filtering and analysis process performed. In this analysis, | used transcriptomic data for
validation as there was no applicable EGFR mutant NSCLC proteomic data available. I first
identified differentially expressed proteins common to 3 or more EGFR mutant NSCLC cell
lines, and then removed proteins with different log, fold change directions to ensure consistency.
| then performed DGE analysis on 130 proteins with Z-score normalized EGFR mutant LUAD
tumor Affymetrix patient microarray data, generated from 199 primary LUAD tumors collected
at Memorial Sloan Kettering Cancer Center; analysis was done comparing 39 EGFR mutant and
154 wild-type tumors (Chitale et al., 2009). 22 genes were found to be differentially expressed
between EGFR mutant and wild-type tumors, and further filtered for optimal probe mapping
with the Jetset scoring method (Q. Li et al., 2011). A total of 16 differentially expressed genes
were found, confirming previous DPE analysis findings (Table 3.1). However, the change in
relative abundance of the 16 protein candidates was not reflected in the HBEC stable cell lines
expressing EGFR L858R, p53 CT, or both, suggesting that their secretomes are not distinct from

HBEC GFP;p53" (Figure S.4).
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Proteins identified in individual EGFR mutant
NSCLC — HBEC GFP;p53“t comparisons

l

Proteins shared in > 3 cell lines (n=165)

}

Proteins shared in > 3 cell lines and in same
log-fold direction (n=130)

}

Map proteins to genes (canonical and alt
symbols), genes to probes (HGU-133A)

|

Mann-Whitney test

|

Filter significant genes to map 1:1,probe: gene
(n=16)

Figure 3.7 Protein candidate filtering pipeline.

Schematic describing the filtering process performed to identify protein candidates for further analysis and
validation. Mann-Whitney test was performed on genes probe-wise, where each probe was treated as an individual
gene and significant genes were determined with an adjusted p value < 0.05 (Benjamini-Hochberg adjustment).
Differentially expressed genes were further filtered for optimal probe-to-gene mapping with the Jetset scoring
method (Q. Li et al., 2011).
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Table 3.1 Protein candidates identified from filtering pipeline with patient microarray data.
Proteins are sorted by adjusted p value (Benjamini Hochberg-adjusted).

Accession Gene Peptides [Unique peptides |Quantified peptides adj.P.val
Q08380 LGALS3BP 23 23 20 9.5519E-05
P61916 NPC2 10 10 10 9.5519E-05
043291 SPINT2 2 2 1 0.001714715
P06733 ENO1 30 28 27 0.003759408
P21741 MDK 12 12 11 0.003759408
P63000 RAC1 3 2 1 0.005590461
Q01813 PFKP 2 2 1 0.007683377
P31431 SDC4 7 7 5 0.012165019
Q99988 GDF15 6 6 4 0.020488018
P02749 APOH 2 2 2 0.02368962
P36952 SERPINB5 14 14 8 0.027201045
P10586 PTPRF 19 19 15 0.031704624
P07339 CTSD 20 20 20 0.034872449
094907 DKK1 7 7 7 0.034872449
P03956 MMP1 2 2 2 0.035149978
Q9BY76 ANGPTL4 6 6 4 0.03699355
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3.3.5 Survival analysis of validated secreted proteins in EGFR mutant tumor patient
cohort data

| then examined if there was a survival difference with differential expression of the 16
protein candidates (Table 3.1) on a subset of EGFR mutant and wild-type patient tumor
microarray data (NCBI GEO GSE 31210). | performed Kaplan-Meier analysis on 125 EGFR
mutant and 68 EGFR wild-type tumors, comparing overall survival duration between patients
with high and low expression of the genes that encode for the 16 proteins. Patients with EGFR
mutant LUAD and high expression of ENO1, PFKP, RAC1, and SPINT2 were found to have
lower overall survival compared to those with low expression (Figure 3.8). Interestingly, these
observations were not seen in EGFR wild-type tumors, indicating that the survival difference
was specific to EGFR mutant LUAD progression. Another observation was that relative PFKP
expression identified in Section 3.3.4 was in the negative log-fold direction, yet lower overall
survival was associated with high PKFP expression. This may be due to translational changes or
degradation that contributed to the discrepancy between gene expression and protein expression
(Cox & Mann, 2007). Patients with high expression levels of MDK were also found to have
overall lower survival, but this was not exclusive to EGFR mutant tumors (Figure 3.8). This is
consistent with previous findings where elevated serum MDK was observed in NSCLC patients,

regardless of histological and molecular subtype (Stern et al., 2021).
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3.4 Discussion

The investigation of the secretome during LUAD progression is relatively unknown
(Robinson et al., 2019). | previously developed a method to profile secreted proteins during
LUAD malignant transformation and applied it in this Chapter (Figure 3.1). Initial observations
of the proteins identified indicated that this method could enrich for secreted proteins, including
ones identified in previous studies, and that the quality of collected data accurately represented
the distinct tissue origins of the cell lines used (Figure 3.2, Figure 3.3). To identify potential
biomarker candidates, I initially performed DPE analysis of the pre-malignant and malignant
states of my transformation model. 91 differentially expressed proteins were identified, where 2
of the top overexpressed proteins midkine (MDK) and intracellular cholesterol transporter 2
(NPC2) have been observed in patient samples, suggesting that these findings are biologically
relevant (Figure 3.4) (Stern et al., 2021; Taguchi et al., 2011). However, log, fold changes in the
secretome may be more subtle than a value of 0.6, and more liberal fold change parameters may
yield additional differentially expressed proteins. Interestingly, GO functional analysis revealed
that most of the biological processes represented consisted of immune functions such as MHC
class | protein complex assembly and T cell mediated immunity, and coagulation (Figure 3.5).
This suggests that during LUAD transformation or progression, a tumor may secrete molecules
such as cytokines to alter the microenvironment or its immunological phenotype. The
overrepresentation of immune functions is correlated with previous findings where EGFR
mutations were associated with poor responses to PD-1/PD-L1 immune checkpoint inhibitors in
NSCLC patients and immunosuppression in vivo (Akbay et al., 2013; Gainor et al., 2016).

As | was interested in secreted protein changes during transformation, | also performed

DPE analysis within the HBEC stable cell line group, comparing cell lines expressing EGFR
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L858R, TP53 CT, or both, to HBEC GFP; p53*, the normal state of my transformation model.
Unfortunately, a total of 4 proteins were differentially expressed regardless of log, fold change
parameters set; most proteins were common among comparisons made (Figure S.3). This
suggests that more genetic alterations may be needed to influence changes in secreted proteins.
Moreover, further validation of the pre-malignant state is needed, such as performing anchorage-
independent growth assays in vitro or observing tumor growth in vivo (Ahuja et al., 2005; Sato et
al., 2013). Alternatively, the pre-malignant secretome may not be discernable from the normal
state. An example of this is in urinary bladder cancer, where changes in the biomarker candidate
pro-u-PA were not statistically different until late tumor stage (Lin et al., 2006). Thus, profiling
secretome from the malignant stage, the equivalent of late stage or invasive tumors, may be more
suitable for biomarker identification.

As group comparisons may not resolve differentially expressed proteins unique to a
specific tumor molecular profile, I performed DPE analysis on individual EGFR mutant NSCLC
cell lines compared to HBEC GFP;p53" (Figure 3.6). Given each comparison yielded 100 to 300
differentially expressed proteins, | sought to identify potential biomarker candidates by first
filtering for proteins common to three or more EGFR mutant NSCLC cell line comparison made,
confirming that log, fold change direction was consistent, and validating differential expression
with patient EGFR mutant tumor microarray data that included optimal probe to gene mapping
for additional stringency (Figure 3.7) (Q. Li et al., 2011). To maximize the number of protein
candidates, proteins were not filtered for a “secreted”” annotation; this resulted in a list of 16
potential biomarker candidates for further analysis (Table 3.1). To investigate their potential as
prognostic or diagnostic biomarkers, I compared whether there was a difference in overall patient

survival between high and low expression of the genes that encode for these proteins (Figure
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3.8). 5 proteins were found to have significantly different overall patient survival, where patients
with EGFR mutant tumors and high expression of ENO1, PFKP, RAC1, and SPINT2 had lower
overall survival compared to those with wild-type tumors. This exclusivity suggests that these
proteins could be further validated for prognostic biomarker use, specifically in EGFR mutant
LUAD. In contrast, high expression of MDK was associated with lower overall patient survival
regardless of EGFR mutation status (Figure 3.8). This implies that it may be useful as a general
NSCLC prognostic biomarker, and it has been explored independently and as part of an 8 serum
biomarker panel (Birse et al., 2015; Stern et al., 2021).

Further literature analysis of the 5 proteins identified from the filtering pipeline and
survival analysis was hampered by the limited information in their role in LUAD initiation,
progression, and biomarker association. ENO1 is involved in pyruvate synthesis, and has been
observed to promote tumor migration and metastasis in vivo through the hepatocyte growth
factor signaling pathway (Hsiao et al., 2013; H.-J. Li et al., 2021). PFKP is involved in
glycolysis, and its downregulation was demonstrated to decrease relative glucose metabolism,
proliferation, and colony formation in vitro. Its expression was also correlated with tumor size
and survival, suggesting potential as a prognostic biomarker (Shen et al., 2020). RACL1 is a Rho
family GTPase that has been shown to mediate EGFR-activated migration and growth in vitro
and gefitinib-resistant tumor growth in vivo, and in a KRAS model of LUAD, was shown to be
required for tumor formation in vivo (Kaneto et al., 2014; Kissil et al., 2007). SPINT2 is a serine
protease inhibitor where reduced expression is involved in STYK1 driven proliferation, invasion,
and migration in vitro and in vivo (Ma et al., 2019). MDK is a heparin-binding growth factor
observed to promote cell growth and survival in vitro, and tumor growth in vivo in an oncogenic

KRAS LUAD and SCC cell lines (Hao et al., 2013).
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3.5 Conclusion

This Chapter summarizes the application of the serum-free mass spectrometry protocol
on a model of LUAD malignant transformation to identify biomarker candidates in early
NSCLC. This protocol was shown to enrich for secreted proteins and identify differentially
expressed proteins in normal, pre-malignant, and malignant stages of transformation in vitro.

When coupled with a filtering and clinical validation pipeline, I identified 4 EGFR mutant-

specific and 1 EGFR mutant non-specific biomarker candidates that may be further validated for

prognostic or diagnostic use. Overall, this pipeline consisting of mass spectrometry protocol and

LUAD transformation model enables investigation of changes in the secretome during LUAD

malignant transformation that may be applied for clinical use.
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Chapter 4: Conclusion

4.1 Research summary

As lung cancer is detected in advanced and metastatic stages, earlier detection is vital to
long-term patient survival; biomarkers have been explored as a complement to existing detection
methods with none available for NSCLC (Duffy & O’Byrne, 2018; Herbst et al., 2018). EGFR
mutant LUAD is in specific need of biomarkers as this mutation is frequently observed in never
smoker LUAD, where LDCT screening guidelines have yet to be established (Lam, 2019; Rudin
et al., 2009). A recent retrospective LDCT study on a 12,176 never smoker cohort subset
diagnosed lung cancer at a detection rate of 0.45%, with most cases at stages 0 or 1 and greater
overall survival compared to the ever smoker subset (Kang et al., 2019). The rate of diagnosis
was comparably less than the NSLT detection rate of 1.0% derived from ever smokers, however
comparable with a previous never smoker study detection rate of 0.48% (Kang et al., 2019; Sone
et al., 2007; The National Lung Screening Trial Research Team, 2011). These findings suggest
potential detection benefits for never smoker LUAD, yet screening will benefit from the addition
of biomarker-based detection. The cancer secretome is considered a valuable biomarker source,
and the study of secreted protein changes during malignant transformation may yield candidates
for prognostic and diagnostic use (Robinson et al., 2019). To identify potential biomarkers, |
established a stepwise LUAD model of EGFR malignant transformation and serum-free mass
spectrometry protocol to profile the secretome. The protocol was confirmed to enrich for
secreted proteins, while minimizing viability loss under nutrient deprivation. Through a filtering
and validation pipeline, I identified 4 EGFR mutant-specific and 1 EGFR mutant non-specific

biomarker candidates for future validation whose gene expression was associated with
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differences in overall patient survival. This implies that ENO1, PFKP, RAC1, and SPINT2 may
be possible biomarkers for EGFR mutant LUAD, while MDK may be a potential general LUAD
biomarker. As secretome changes may not be discernible until late stage tumor progression,
these candidates may be most applicable to patients with late stage or invasive tumors, as seen in
urinary bladder cancer (Lin et al., 2006). Given the differential expression of each protein with
cell lines derived from late stage or metastatic LUAD, | hypothesize that the relative expression
pattern of these proteins is consistent during malignant transformation. | further hypothesize that
ENO1, PFKP, RAC1, and SPINT2 may be important in the progression of EGFR mutant LUAD.
As differential protein expression may impact LUAD progression, it is important to investigate
the potential functions of these proteins during malignant transformation in tandem with their
potential biomarker utility. In this work, | hope to further understanding of these proteins as
clinical LUAD biomarkers and their role in LUAD development.
4.2 Research limitations

Although this research identified potential biomarker candidates for future validation,
there are notable limitations to the research performed. Firstly, the HBEC stages of my model
were not validated in vitro or in vivo for changes in transformation capacity, such as anchorage-
independent growth or colony formation in vivo (Ahuja et al., 2005). This limited the accuracy of
modeling stepwise transformation observed in clinical LUAD, and thus the accuracy of the
secretome during the pre-malignant stage (Inamura, 2018). Secondly, while alterations in EGFR
and TP53 are observed in EGFR mutant LUAD progression there may be other genetic
alterations necessary to fully promote malignant transformation; this has been observed
previously with anchorage-independent growth (Sato et al., 2006). Thirdly, in the effort to

minimize the effect of serum-free proteins, the limited incubation period under serum-free
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conditions may not fully quantify less abundant proteins (Brandi et al., 2018). Finally, there are
inherent limitations to mass spectrometry technology. Two limitations are mass spectrometer
sensitivity and run reproducibility (Nilsson et al., 2010). While commercial mass spectrometers
can detect proteins at the femtomole or attomole range, they may not accurately capture all
proteins present in a sample due to differing peptide ionization efficiencies that influence protein
abundance (Ankney et al., 2018; Nilsson et al., 2010). This is further exacerbated with low
abundance proteins, which this research sought to identify in further detail (Nilsson et al., 2010).
Mass spectrometers are also prone to run variability, where repeated analyses of a protein
mixture may not identify the exact same proteins (Nilsson et al., 2010). This is due to the nature
of mass spectrometer MS/MS scans, which are performed with computer algorithms and are
prone to undersampling, where a different subset of proteins in a sample may be used for
identification thus resulting in run variation (Nilsson et al., 2010; H. Wang et al., 2010). Due to
these two limitations, the full scope of the secretome may not have been fully or accurately
quantified.
4.3 Future directions

This thesis initially identified potential secreted biomarker candidates during LUAD
malignant transformation; however, further work is needed to validate these findings and
investigate their potential role in LUAD progression. The first set of experiments to be
performed will be to evaluate the extent of transformation in my HBEC stable cell lines. The
laboratory will assess this by performing anchorage-independent growth assays in vitro and
mouse xenograft growth assays in vivo, as done previously (Sato et al., 2006). This will enable
determination of additional genetic alterations needed to represent the pre-malignant stage of my

model.
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The laboratory will then validate protein expression and secretion in vitro. To do this,
they will perform ELISA for the selected protein candidates on conditioned media and cell
lysates previously collected in parallel. In theory, secreted proteins should be more abundant in
conditioned media compared to the cell lysate. By performing an ELISA, this will confirm that
these proteins are not due to cytoplasmic contamination during secretome sample collection or
stress under nutrient conditions (Brandi et al., 2018). If ELISA antibodies are unavailable, the
laboratory will perform Western blot analysis on the selected protein candidates and confirm
their secretion with a secretion inhibitor such as Brefeldin A or monensin, which inhibit transport
between the ER and Golgi apparatus or within the Golgi respectively(Chardin & McCormick,
1999; Nylander & Kalies, 1999). However, subtle differences in expression may not be
resolvable by Western blot and loading controls are limited to non-secreted housekeeping genes
(Collins et al., 2015; X.-D. Wang et al., 2019).

The laboratory will also validate the protein expression changes of ENO1, PFKP, RAC1,
and SPINT2 in clinical patient samples to further assess relative changes during LUAD
progression, and their potential as clinical biomarkers. This will be done by performing ELISA
on collected BC Cancer Research Institute patient BAL samples. BAL composition includes
immune cells such as macrophages and neutrophils, and proteins from epithelial, immune, and
malignant tumor cells, and is highly specific for lung cancer diagnosis; these features make it a
suitable medium to assess potential patterns of protein expression during LUAD progression
(Carvalho et al., 2017; Hmmier et al., 2017; Stanzel, 2013). If these proteins show a consistent
pattern of abundance change, such as a decrease from the stages of AAH to invasive carcinoma,
this may suggest further investigation for biomarker use. However, patient samples per

clinicopathological stage may be limited, thus restricting the scope of analysis. Further, BAL is
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noted to have a low sensitivity range, where studies have identified LUAD at 11.6% and 29%
(Bezel et al., 2016; Labbé et al., 2015). If BAL samples are limited, blood serum would be used
as an alternative as it is easier to collect; however, highly abundant proteins such as albumin may
make validation difficult due to the resulting high dynamic range (Hmmier et al., 2017).

Finally, as differential protein expression of these candidates may affect LUAD
progression, the laboratory will perform functional validation to study their potential role. As we
are interested in EGFR mutant LUAD biomarker applications, ENO1, PFKP, RAC1, and
SPINT2 will be further investigated for their function in LUAD progression. This will be done
by generating stable overexpression or CRISPR knock-out HBEC cell lines, in tandem with
EGFR and TP53 alterations, and confirmed with Western blot. Potential roles for these proteins
will be investigated with assays such as proliferation and migration assays, as some have been
implicated in tumor growth and invasion in cancer cell lines (Kaneto et al., 2014; H.-J. Li et al.,
2021; Ma et al., 2019; Shen et al., 2020). Transformation capacity is also an aspect of LUAD
progression; the laboratory will also perform anchorage-independent growth assays of the stable
HBEC cell lines to assess the influence of these proteins in transformation.

A potential avenue for exploration would be further optimization of the secretome
collection method. Recent studies have reported the use of proximity biotinylation, where
secreted proteins are biotinylated in the ER lumen, cytosol, or lumen-oriented membrane to
capture conventional and unconventional secreted proteins (Liu et al., 2021; Wei et al., 2021).
This method would circumvent the limitation of serum starvation conditions for MS/MS
analysis; however, cytoplasmic protein contamination is still possible during sample collection

(Xue et al., 2008).
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As the goal of this research was to identify biomarker candidates for lung
adenocarcinoma detection, successfully validated biomarker candidates will require further
investigation to identify a suitable screening population. Current screening standards for LDCT
lung cancer screening are recommended for adults aged 50 to 80 years who currently smoke and
have a 20 pack year history or previous smokers that have quit within 15 years (US Preventive
Services Task Force et al., 2021). As suitable screening standards for non-smokers are unclear,
further investigation would best be suited to individuals that are recommended to undergo LDCT
screening (Lam, 2019). There are two areas where the identified biomarker candidates can be
implemented. The first area is as a complementary approach in tandem with LDCT. LDCT is
still prone to false positives with criteria that are based on nodule size and volume, and a
complementary approach with biomarkers can validate findings (Seijo et al., 2019). The second
applicable area would be as a post-LDCT risk assessment to determine the need for further
diagnostic tests such as biopsy (Oudkerk et al., 2021; Seijo et al., 2019). LDCT screening can
identify indeterminate pulmonary nodules, which are often benign yet would benefit from
biomarker panel validation to confirm whether benign or malignant (Massion & Walker, 2014).
This would be especially useful for nodules found during annual screening, which tend to be too
small to biopsy (Seijo et al., 2019).

Overall, this thesis provides support in the characterization of secreted proteins during
EGFR-driven malignant transformation in LUAD and future avenues for validation and

investigation of the biomarker candidates identified.
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Appendix

This section consists of supplemental figures and methods described in the main text.

A.1 Supplemental figures
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Figure S.1 PCA of identified proteins (including media background controls).
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Figure S.2 Volcano plots of differentially expressed proteins of each intragroup comparison made between

HBEC cell lines and HBEC GFP;p53".
Adj p val < 0.05, variable log, fold change (LFC). The top 20 proteins sorted by p value are labeled. (A) HBEC

GFP;p53°T (i) LFC > 0.6. (ii) LFC > 0.3. (B) HBEC EGFR"®**?:p53" (i) LFC > 0.6. (ii) LFC > 0.3. (B) HBEC
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Figure S.3 Venn diagram of shared differentially expressed proteins between HBEC intragroup comparisons.
Results are consistent regardless of LFC parameters. “EGFR” denotes EGFR"®R “wt” denotes p53™, and “c-term”
denotes p53°".
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A.2 Supplemental methods
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Figure S.5 Proteome Discoverer MS/MS search settings.

(A) MSF Files parameters. (B) PSM Grouper parameters. (C) Reporter lons Quantifier parameters. (D) Peptide
Validator parameters. (E) Peptide and Protein Filter parameters. (F) Protein Marker parameters. (G) Protein
Annotation Marker parameters. (H) Protein Grouping parameters. (1) Protein FDR Validator parameters. (J) Peptide
in Protein Annotation parameters. (K) Reporter lons Quantifier tolerance parameters. (L) Spectrum Selector
parameters. (M) Sequest HT parameters. (N) Sequest HT parameters, continued. (O) Percolator parameters.
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