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Abstract 

(Macro)autophagy captures, degrades and recycles cytoplasmic components and 

organelles, via fusion of double-membraned autophagosomes with lysosomes.  Basal 

autophagy is homeostatic, while increased rates of autophagy are stress adaptive.  

Autophagy is a potent tumor cell survival mechanism during stress, while in pre-

malignant cells, it can provide a barrier against transformation.  Mechanisms of 

autophagic cytoprotection and tumor promotion are established in preclinical models; 

however, whether the autophagy pathway is a target for recurrent molecular alteration in 

patient tumors remains unknown.  I present a survey of 211 human autophagy-

associated genes for tumor-related alterations to DNA sequence and RNA expression 

levels and an examination of their association with patient survival outcomes, in multiple 

cancer types with publicly available sequence data from The Cancer Genome Atlas 

(TCGA) consortium.  In general, the core autophagy machinery was not a target of 

recurrent mutation in patients; therefore, the pathway remains functional and exploitable 

for tumor cell survival.  However, autophagy regulators were targets of recurrent 

mutation and dynamic expression ─ between specific patient groups, in select cancers.  

Hence, context-dependent autophagy regulation contributes to tumor heterogeneity in 

patients.  I further established that knockout of LRRK2, a previously described 

autophagy modulator that appears transcriptionally repressed in TCGA lung 

adenocarcinoma (LUAD), increased tumor initiation in a murine model of carcinogen-

driven lung cancer.  LRRK2 is an overactive kinase in Parkinson’s disease (PD) and 

LRRK2 inhibition in primates produces immature lamellar bodies in a main LUAD cell-of-

origin.  Lamellar bodies are lysosome-related secretory organelles that exocytose 

pulmonary surfactant, a mixture of phospholipids and lipoproteins key to innate lung 

defence.  In TCGA LUAD patients, reduced LRRK2 was associated with current 

smoking, worse overall survival, genomic instability and gene signatures of poor 

differentiation, reduced surfactant metabolism and immunosuppression.  LRRK2 was 

recently identified as an alveolarization gene in mouse lung development.  I identified 

shared transcriptional signals of increased proliferation concomitant with decreased 

surfactant metabolism, in LRRK2-low LUAD and postnatal alveolar septation in mice, 

suggesting aberrant activation of a cell-of-origin developmental program in these tumors.  

I conclude that LRRK2 has tumor suppressive properties in LUAD, warranting further 

consideration for LRRK2 inhibition strategies in PD. 
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Chapter 1. Introduction 

1.1. Autophagy 

(Macro)autophagy 

(Macro)autophagy is a catabolic intracellular pathway that captures, degrades, 

eliminates and recycles cytoplasmic components and organelles, via fusion of double-

membraned autophagosomes with lysosomes.  In 1963 De Duve coined the term 

autophagy to distinguish degradation of components that belonged to a cell, from 

degradation of extracellular material engulfed by a cell (Klionsky, 2007).  The first 

autophagy specific gene was cloned from yeast in 1997 by the Ohsumi group and within 

the next decade, other milestones followed: autophagy specific genes were cloned in 

human, the first autophagy deficient animal models were developed and roles for 

autophagy were established in cancer, neurodegeneration, longevity and the immune 

system (Klionsky, 2007; Levy, Towers, & Thorburn, 2017).  Yoshinori Ohsumi was 

awarded a Nobel prize in physiology or medicine in 2016, for discovering and elucidating 

mechanisms that underlie autophagy.  Autophagy exerts a profound influence on the 

function of diverse cell types and tissues.  At basal rates, autophagy fulfills a 

homeostatic role by ensuring protein and organelle quality control, while increased rates 

of autophagy are stress adaptive.  Autophagy is a highly regulated process that both 

non-selectively digests bulk cytoplasm and targets specific molecules, organelles and 

pathogens for lysosomal disposal.  At the molecular level, autophagy can alter signaling 

(Cadwell & Debnath, 2018), affect metabolism (Kimmelman & White, 2017), remodel the 

proteome (Dong & Cui, 2018), regulate trafficking (Søreng, Neufeld, & Simonsen, 2018), 

enable host defence and/or influence cellular interactions (Deretic, Saitoh, & Akira, 

2013).  Further, studies indicate that a cell’s autophagic response may have paracrine 

effects in neighbouring and/or distant cells, both within and between cell types (Rybstein, 

Pedro, Kroemer, & Galluzzi, 2018).  Given autophagy’s broad molecular influence during 

both homeostasis and stress, autophagy is now recognized as a key pathway in human 

development, health and disease, and is the focus of therapeutic interventions in cancer, 

neurodegeneration, infection and inflammatory bowel diseases (Choi, Ryter, & Levine, 

2013; Levine & Kroemer, 2019). 
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Figure 1-1 Nucleation, elongation, and maturation of the autophagosome. 
Regulation by the mTOR subnetwork and the Beclin-1 interactome, along with induction, 
nucleation, and elongation coordinated by the core autophagic machinery (encoded by the 
autophagy-related or ATG genes), directs autophagosome formation. For simplicity, not all 
membrane-associated proteins are shown in the schematics of the forming and complete 
autophagosome/autolysosome. Solid arrow, direct interaction; dashed arrow, indirect interaction; 
yellow fill, positive regulators of autophagy; teal fill, negative regulators of autophagy. Adapted 
from Lebovitz et al., 2012. Used with permission. 

1.1.1. The autophagy regulatory network 

The autophagy regulatory network includes proteins that regulate the biogenesis 

of autophagosomes, as well as those that mediate the recognition, transport and 

degradation of autophagy cargo.  The core autophagy machinery in mammals, which 

builds and recycles autophagosomes, includes the autophagy-related (ATG) proteins, 

which are classically organized into four functional groups (Fig. 1-1): (1) the induction 

complex ─ ULK1 and regulators (e.g., ATG13 and RB1CC1/FIP200); (2) mediators of 

autophagosome nucleation ─ the Beclin-1−PI3K type 3 core complex, with 

PIK3R4/p150; (3) mediators of autophagosome elongation ─ ubiquitin-like ATG12, 

ATG8 subfamily members GABARAP (GABA type A receptor-associated protein) and 
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MAP1LC3 (microtubule-associated protein 1 light chain 3), along with the E1-, E2-, and 

E3-like conjugation machinery (e.g., ATG3, ATG5, ATG7, ATG10, and ATG16); and (4) 

the ATG9-ATG2-ATG18 cycling complex, which is thought to deliver lipids from source 

to growing autophagosome. Although autophagy-independent ATG functions have been 

described, these highly conserved proteins are the most specific to the autophagy 

process (Lebovitz, Bortnik, & Gorski, 2012). 

 
Figure 1-2 Overview of the first defined human autophagy interaction network. 
Showing 32 core autophagy-related genes that were primary baits (solid squares) and their 33 
high-confidence candidate interaction proteins, identified in HEK293T cells under basal conditions 
and organized into 10 protein-protein interaction subnetworks. Adapted from Behrends et al., 
2010. Used with permission. 
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The multiplicity of roles performed by autophagy is achieved by the retooling of 

its machinery to respond to specific triggers and capture precise targets, through an 

expanding list of context-dependent autophagy regulators and interactors (Lebovitz et 

al., 2015).  Autophagy flux ─ the rate at which substrates flow through the entire 

pathway, from autophagosome formation through release of degradative products into 

the cytosol ─ can be modulated from its basal rate by members of the autophagy 

regulatory network.  The first human ‘autophagy interaction network’ was defined using 

32 core mammalian ATG proteins as baits in a protein-protein interaction (PPI) study in 

HEK293T cells, under basal conditions (Behrends, Sowa, Gygi, & Harper, 2010).  The 

study revealed 751 interactions among 409 high-confidence candidate interaction 

proteins that were organized into 10 subnetworks (Fig. 1-2), many of which were 

confirmed to modulate autophagy with RNA interference in vitro, under both basal and 

autophagy-inducing conditions.  Since then, the human autophagy regulatory network 

has grown to include more than 1,400 proteins, with over 4,000 interactions (Türei et al., 

2015). 

Functional subnetworks of the autophagy regulatory network (Behrends, Sowa, 

Gygi, & Harper, 2010; Kramer et al., 2017) that have been described include: signaling 

cascades that sense cell stress (e.g., nutrient stress, endoplasmic reticulum stress, 

oxidative stress, infection) (Devereaux et al., 2013; Sridharan, Jain, & Basu, 2011); 

mediators of autophagosome assembly (e.g., nucleation regulators, lipid trafficking, 

chaperone machinery) (Søreng, Neufeld, & Simonsen, 2018); biological context-

dependent cargo adapter proteins that contain LC3-interaction regions (LIRs), which 

bind LIR docking sites of particular ATG8 subfamily members preferentially (e.g., 

sequestosome-1-like or mitophagy adapters) (Gatica, Lahiri, & Klionsky, 2018); 

regulators of autophagosome-lysosome fusion (e.g., small GTPases, SNARE 

complexes, membrane tethers) and mediators of autophagosome transit (e.g., 

microtubule motors) (Amaya, Fader, & Colombo, 2015).  The scope for pathological 

modulation of the autophagy regulatory network is wide, and both increased and 

decreased autophagy flux is reported to contribute to cancer, neurodegeneration and 

inflammatory disorders (Thorburn, 2014).  However, prior to 2015, no systematic 

interrogation of the molecular alteration status of autophagy regulatory network genes in 

human cancer was available.  This is the focus of the published study presented in 

Chapter 2. 
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1.1.2. Protective autophagy and malignant transformation 

Whole-body or tissue-specific autophagy knockout in multiple genetically 

engineered mouse models ─ e.g., Becn1 null (Liang et al., 1999; Qu et al., 2003; Yue, 

Jin, Yang, Levine, & Heintz, 2003), Ambra1+/- (Cianfanelli et al., 2015), Atg5 or Atg7 null 

(Takamura et al., 2011) ─ facilitates tumorigenesis in various organs, with and without 

additional genetic activation of known oncogenes, pointing to a protective role for 

autophagy in pre-malignant cells.  Increased autophagy halts cell transformation 

facilitated by redox stress by degrading defective mitochondria (Karantza-Wadsworth et 

al., 2007; Mathew et al., 2009), protein aggregates (Rybstein et al., 2018) and microbes 

(Nakagawa et al., 2004), all of which can be sources of genotoxic reactive oxygen 

species (ROS).  In addition, protective autophagy disposes of metabolically rewired 

mitochondria (Green, Galluzzi, & Kroemer, 2014), limits the expansion of neoplastic 

stem cells in hematological malignancies (Mortensen et al., 2011; Salemi, Yousefi, 

Constantinescu, Fey, & Simon, 2012), increases immune responses to dying malignant 

cells (Ma, Galluzzi, Zitvogel, & Kroemer, 2013; Michaud et al., 2011), and degrades 

oncogenic proteins, such as mutant TP53 (Choudhury, Kolukula, Preet, Albanese, & 

Avantaggiati, 2013; Rodriguez et al., 2012) and PML-RARA (Isakson, Bjøras, Bøe, & 

Simonsen, 2010; Wang et al., 2011).  In line with this, pathological alteration of a 

growing list of tumor suppressors and oncogenes are known to inhibit autophagy during 

transformation (Galluzzi et al., 2015).  For example, cytoplasmic accumulation of 

inactivated TP53 results in decreased transcriptional activation of numerous autophagy-

associated genes and reduces autophagosome nucleation via indirect ULK1 inhibition 

(Morselli et al., 2011; Rybstein, Pedro, Kroemer, & Galluzzi, 2018).  Hyperactivation of 

the best characterized repressor of autophagy, the mTOR growth control pathway, is 

relevant in a high percentage of human cancers (Saxton & Sabatini, 2017), and those 

driven by activating alterations to receptor tyrosine kinases, PI3K-AKT signaling or 

classical MAPK likely trigger MTORC1-mediated autophagy inhibition (Galluzzi et al., 

2015).  Oncogene-mediated autophagy repression may further subvert additional tumor 

suppressive mechanisms, such as senescence ─ a permanent proliferative arrest that 

often involves increased autophagy.  Autophagic degradation of nuclear lamina 

components precipitates oncogene-induced senescence in normal primary human 

fibroblast cells (Dou et al., 2015), while genetic and pharmacological autophagy 

modulation in various in vitro models of oncogene-driven cancer confirm that autophagy 
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can support protective senescence in diseased cells (Horikawa et al., 2014; Liu et al., 

2013; Young et al., 2009). 

In addition to cell autonomous protective autophagy, emerging data suggests 

that autophagy shapes cellular immunity.  Selective autophagy neutralizes tumor-

promoting chronic inflammation, by degrading components of type I interferon-mediated 

antiviral immunity (e.g., cyclic GMP-AMP synthase, TMEM173/STING) (Chen et al., 

2016; Saitoh et al., 2009).  In the context of dying cells in development, autophagy 

functions in secretion or expression of chemotactic and phagocytic cues (e.g., adenosine 

triphosphate, lysophosphatidylcholine, phosphatidylserine), which facilitate phagocytic 

apoptotic cell clearance and limit inflammatory responses (Ma, Galluzzi, Zitvogel, & 

Kroemer, 2013; Qu et al., 2007).  Therefore, it is thought that defective autophagy in 

cells dying from oncogenic stress or chemotherapy may inhibit the recruitment of 

professional antigen presenting cells (e.g., macrophages (Sanjuan et al., 2007) and 

dendritic cells (Kondylis et al., 2013)) and handicap immune surveillance (Michaud et al., 

2011).  Further, autophagy is a source of intracellular antigens for helper CD4+ T cells, 

while ATG proteins influence the processing of extracellular antigens (presented by 

Class I and Class II major histocompatibility complexes (MHC)) and regulate MHC Class 

I surface expression (Münz, 2016).  Therefore, inhibition of autophagy in newly 

transformed cells and/or professional antigen presenting cells could promote tumor 

immune escape (Ma et al., 2013). 

1.1.3. Pathological autophagy and established tumors 

While systemic or tissue-specific knockout of key ATG proteins in mouse models 

of KRAS- (Guo, Karsli-Uzunbas, et al., 2013; Rao et al., 2014; Rosenfeldt et al., 2013; 

Yang et al., 2014), BRAF- (Strohecker et al., 2013), and BRCA2-driven (Huo et al., 

2013) oncogenesis develop more frequent neoplasms than wildtype mice, lesions tend 

to remain benign, suggesting autophagy is protective during tumorigenesis but required 

for tumor maintenance and progression.  Metabolic stress is a classic example of an 

autophagy trigger, illustrative of the so-called double-edged sword of autophagy in 

cancer, where increased autophagy is protective in normal cells but pathological in 

cancer cells: autophagy induction allows normal cells to weather periods of starvation, 

while increased autophagy in cancer cells ensures tumor survival, in spite of limited 

resources.  For example, autophagy-deficient KRASG12D-driven or BRAFV600E-driven 



7 

murine lung cancers display less mitochondrial respiration and more starvation-induced 

cell death (Guo, Xia, & White, 2013).  While the specific mechanisms linking autophagy 

to respiration in these models have yet to be fully described, metabolic changes in the 

tumor microenvironment known to inhibit mTORC1 autophagy repression ─ and thus 

increase tricarboxylic acid cycle intermediates available for tumor growth under stress ─ 

include: sensing of amino acid depletion (RAG GTPases) (Kim, Goraksha-Hicks, Li, 

Neufeld, & Guan, 2008), hypoxia (hypoxia-inducible factors) (Zhang et al., 2008), energy 

depletion (AMPK) (Shackelford & Shaw, 2009), glucagon changes (STK11/LKB1) 

(Moruno, Pérez-Jiménez, & Knecht, 2012), as well as insulin, growth factor and hormone 

level changes sensed by RAS-MAPK and PI3K-AKT signaling (Rabinowitz & White, 

2010).  The enhanced protein synthesis that accompanies cancer cell hyperproliferation 

can itself increase autophagy, through the disruption of endoplasmic reticulum (ER) 

homeostasis.  Persistent ER stress leads to defective ER protein folding, triggering the 

unfolded protein response (UPR) to improve ER protein folding capacity and increased 

autophagy to eliminate protein aggregates and damaged ER (Cubillos-Ruiz, Bettigole, & 

Glimcher, 2017).  Cancer cells adapted to sustained ER stress avoid apoptosis and 

show enhanced angiogenesis, metastasis and drug resistance (Cubillos-Ruiz, Bettigole, 

& Glimcher, 2017).  Relentless tumor cell proliferation, altered metabolism, and 

pathogenic angiogenesis lead to hypoxia, a main feature of solid tumors. The hypoxia-

inducible factors family of transcription factors (Bellot et al., 2009), the UPR (Rouschop 

et al., 2010) and the mTOR pathway (Wouters & Koritzinsky, 2008) are oxygen-sensitive 

signaling pathways that coordinately regulate autophagy during hypoxia, to maintain 

high levels of autophagic flux that counter metabolic stress and to remodel the pool of 

oxygen-related organelles, via selective mitophagy (of mitochondria) and pexophagy (of 

peroxisomes) (Schönenberger & Kovacs, 2015). Given that autophagy supports tumor 

cell survival in such key ways, it is not surprising that recent research has identified links 

between autophagy and many phases of the metastatic cascade (Mowers, Sharifi, & 

Macleod, 2017), including: increased cell motility (Belaid et al., 2013; Kadandale, 

Stender, Glass, & Kiger, 2010), maintenance of a stem cell phenotype (Cufí et al., 2011; 

Espina et al., 2010), secretion of pro-migratory factors and release of matrix 

metalloproteinases (Lock, Kenific, Leidal, Salas, & Debnath, 2014), drug resistance (Li et 

al., 2017), and escape from immune surveillance (Ladoire et al., 2016; Michaud et al., 

2011; Zhong, Sanchez-Lopez, & Karin, 2016). 



8 

In addition to disease stage-dependent effects of autophagy dysregulation, many 

other context-dependent factors exist (e.g., cancer type, genetic background, treatment 

regimen) that influence autophagy’s sum total contribution to pathogenesis.  An 

extensive literature has shown that autophagy upregulation in response to treatment 

promotes development of tumors resistant to chemotherapy, targeted therapy and 

radiation treatment (Towers & Thorburn, 2016); therefore, recent efforts have focused on 

cataloguing the myriad context-dependent ways in which autophagy contributes to tumor 

progression (Levine & Kroemer, 2019), with the ultimate aim of identifying treatment 

strategies and patient groups that will benefit from autophagy inhibition (Lebovitz et al., 

2015).  The availability of a non-specific inhibitor of autophagy that had been safely in 

use for the treatment of malaria for decades prompted the first clinical trials that 

combined various anticancer treatments with autophagy inhibition, using chloroquine or 

hydroxychloroquine.  These inhibitors deacidify the lysosome and block 

autophagosome-lysosome fusion.  The dozen Phase I and Phase I/II trials completed 

since 2006 showed good tolerability of combination treatment with hydroxychloroquine, 

modest autophagy inhibition and prolonged stable disease in patients with melanoma 

(Rangwala, Chang, et al., 2014; Rangwala, Leone, et al., 2014), colorectal carcinoma 

(Patel et al., 2016), myeloma (Scott et al., 2017), and renal cell carcinoma (Onorati, 

Dyczynski, Ojha, & Amaravadi, 2018).  Currently, over 50 clinical trials testing autophagy 

inhibition with either targeted therapies or more effective chemotherapies are reported to 

be ongoing or completed on ClinicalTrials.gov.  Efforts at the pre-clinical level are 

focused on developing specific and potent autophagy inhibitors (Dolgin, 2019) and 

identification of therapeutic windows and dosing schedules, which will eradicate tumors 

while limiting toxic autophagy inhibition in normal cells (Mulcahy Levy et al., 2017).  

While both up- and downregulated autophagy can further or restrict tumor progression, 

in the context of neurons, clinically enhanced autophagy is a sought-after treatment for 

neurodegenerative disease. 

1.1.4. Protective autophagy and neurodegeneration 

A common pathological phenotype of late-onset neurodegenerative disease ─ 

overabundance of misfolded protein aggregates that leads to neuronal dysfunction and 

death ─ is thought to (in part) be the result of defective autophagy, including selective 

aggrephagy and mitophagy (Menzies et al., 2017).  Postmitotic neurons are exquisitely 
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sensitive to defective autophagy, as misfolded proteins and damaged organelles cannot 

be diluted through cell division.  Further, neurons are specialized for intercellular 

communication and rely heavily on the quality control of proteins and mitochondria 

provided by autophagy to function optimally.  In line with this, systemic and nervous 

system-specific knockout of autophagy in mice results in reduced survival and 

progressive neurodegeneration that affects multiple parts of the brain (Menzies et al., 

2017), while autophagy knockout in specific neuronal subsets has identified roles for 

autophagy in axonal homeostasis (Komatsu et al., 2007; Zhao et al., 2015), Schwann 

cell myelination (Gomez-Sanchez et al., 2015; Jang et al., 2016) and maintenance of a 

postnatal pool of neural stem cells (Menzies et al., 2017).  Familial forms of 

neurodegeneration allowed for the identification of neurodegenerative disease-genes 

predicted to disrupt autophagy at multiple points along the pathway ─ including the 

autophagy core gene ATG5 (Kim et al., 2016) ─ and aggregate-prone proteins, such as 

mutant huntingtin (Huntington’s disease), α-synuclein (Parkinson’s disease), and tau 

(tauopothies like Alzheimer’s disease), which are autophagy substrates (Nah, Yuan, & 

Jung, 2015).  Although the combination of mechanisms that lead to autophagy 

deficiency in neurodegeneration are disease-specific, unlike in cancer, autophagy 

appears to have a uniquely protective role in neurons.  Therefore, pharmacological 

enhancers of autophagy flux that aim to increase lysosomal degradation of protein 

aggregates are under pre-clinical and clinical development, across neurodegenerative 

disease contexts (Towers & Thorburn, 2016). 

1.1.5. Cancer and neurodegeneration: friends or foe? 

With respect to treatment modalities that systemically inhibit autophagy in cancer 

patients or increase autophagy in patients with neurodegeneration, one outstanding 

question is whether continuous treatment in either case can provoke a comorbidity 

involving the other disease (Towers & Thorburn, 2016).  The answer to this question is 

inherently complex and many additional factors (e.g., completeness of inhibition or 

enhancement, length of treatment, patient medical history and genetics) would doubtless 

influence any risk-benefit analysis of autophagy modulation, on a per-patient basis.  

Epidemiological investigations of a comorbidity relationship between these two types of 

age-related disease have documented an inverse relationship between cancer 

(particularly smoking-related cancers) and Parkinson’s disease (PD) (Gallo et al., 2018), 
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which would seem intuitive given the opposing cell fates of tumor cells and diseased 

neurons; however, PD patients have long been known to be at higher risk for melanoma 

(R. Liu, Gao, Lu, & Chen, 2011), while diseased neurons and cancer cells share disease 

genes and pathogenic changes to mitochondrial dysfunction, aberrant protein 

aggregation, and cell cycle dysregulation (Feng, Cai, & Chen, 2015).  For example, 

multiple Parkinson disease associated (or PARK family) genes, particularly those that 

function as mitochondrial quality control proteins in neurons, are inactivated in familial 

PD and implicated in cancer ─ e.g., PARK2/Parkin, PARK6/PINK1, and PARK7/DJ-1 

(Feng et al., 2015).  While PARK2/Parkin has thus far been characterized as a tumor 

suppressor (Gong et al., 2014), PARK6/PINK1 has both pro- and anti-tumorigenic roles 

(O’Flanagan & O’Neill, 2014).  Mechanistically, both proteins function in mitochondrial 

regulation (e.g., mitochondrial dynamics or mitophagy) and cell cycle control in cancer 

models (Gong et al., 2014; O’Flanagan, Morais, Wurst, De Strooper, & O’Neill, 2015; 

O’Flanagan & O’Neill, 2014; Xu, Lin, Yin, & Koeffler, 2014), cellular processes gaining 

attention for pathogenic crosstalk that modulates not only the cell cycle (Mitra, Wunder, 

Roysam, Lin, & Lippincott-Schwartz, 2009; Nagaraj et al., 2012), but also gene 

expression, metabolism, cell viability, growth, as well as the stress response of cancer 

cells (Boland, Chourasia, & Macleod, 2013).  PARK7/DJ-1 is another mitochondrial 

regulator that is defective in PD but overexpressed in many human cancers, where it 

protects tumor cells by stabilizing mitochondrial permeability during oxidative insult, 

negatively regulating tumor suppressor proteins (e.g., PTEN), and indirectly regulating 

autophagy and apoptosis in favour of tumor cell survival (Ariga, 2017).  PARK8/LRRK2 

is an intensely studied PD susceptibility gene that may regulate mitochondrial dynamics 

and trafficking in neurons (Singh, Zhi, & Zhang, 2019) but is most associated with 

pathological defects of the autophagy-endolysosomal axis in PD (Manzoni, 2017); 

however, a role for LRRK2 in cancer is virtually unexplored.  A first investigation of 

LRRK2 in lung cancer will be the focus of Chapter 3 of this thesis. 

1.2. Leucine-rich repeat kinase 2 (LRRK2) 

1.2.1. LRRK2 in Parkinson’s disease 

Approximately 90% of PD cases are considered sporadic ─ defined as resulting 

from no single identifiable cause ─ while the remaining 10% of PD cases are hereditary, 
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with ~30% of these associated with monogenic autosomal dominant or recessive 

mutations (Price, Manzoni, Cookson, & Lewis, 2018).  Autosomal dominant mutations 

and genome-wide association study (GWAS)-identified risk variants that tend to increase 

the serine/threonine kinase function of LRRK2 have been identified as one of the most 

common genetic alterations to co-segregate with disease in families or to be found in 

patients with sporadic disease (Kluss, Mamais, & Cookson, 2019; Price et al., 2018), 

and a Phase I clinical trial of a small-molecule LRRK2 inhibitor is in progress 

(ClinicalTrials.gov Identifier: NCT03710707).  LRRK2 is a large (2527-amino acid; ~286-

kDa) multi-domain phosphoprotein that includes a mitogen-activated protein kinase 

kinase kinase (MAPKKK) domain, a GTPase domain and several protein-protein 

interaction domains (Fig. 1-3A).  At the subcellular level, LRRK2 is a homo- and 

heterodimeric cytosolic protein that localizes to various membranous structures and 

organellar membranes, including lysosomal (Roosen & Cookson, 2016) and 

mitochondrial membranes (Singh et al., 2019).  The highest human expression of 

LRRK2 mRNA is in lung and white blood cells (monocytes, neutrophils, B lymphocytes) 

(Fuji et al., 2015), but it is also expressed in brain, kidney, bone marrow and lymphoid 

tissue (Carithers et al., 2015).  Rodent knockout of LRRK2 or kinase inhibition in 

primates (Fig. 1-3B) alters surfactant homeostasis in the lung, as electron micrographs 

of alveolar type II (AT2) epithelial cells in these models revealed immature lamellar 

bodies swollen with phospholipid (Fuji et al., 2015); lung lamellar bodies are lysosome-

related organelles that synthesize, package, store and secrete pulmonary surfactant into 

alveolar lumina.  In addition, LRRK2 knockout and kinase-dead mice accumulate 

phagolysosomes (a secondary lysosome) in the kidney proximal tubular epithelium. 
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Figure 1-3 LRRK2 structure, function and inhibition phenotype in primate lung. 
(A) Schematic of LRRK2 domain structure and well characterized signaling events. LRR: 
Leucine-rich repeat; ROC: Ras-like G-domain; COR: C-terminal of Roc domain; P: 
phosphorylation. Adapted from Price et al., 2018 (License CC BY 4.0). (B) Schematic of signaling 
pathways with functional evidence of LRRK2 regulation. Adapted from Wallings et al., 2015 
(License CC BY 4.0). (C) Cellular functions LRRK2 is either directly or indirectly implicated in. 
Adapted from Wallings et al., 2015 (License CC BY 4.0). (D) Preclinical evaluation of LRRK2-
inhibition in primates reveals lung toxicity. (Top row) Vehicle control (Bottom row) LRRK2 
inhibitor. (Inset) Enlarged lamellar bodies. Adapted from Fuji et al., 2015. Used with permission. 

While LRRK2 has been extensively investigated since the first study to establish 

its genetic linkage to PD in 2002 (Price et al., 2018), tissue-specific characterization of 

the physiological and pathological functions of this dual enzyme remain limited.  A main 

focus has been the identification of substrates for LRRK2 kinase activity, with a recent 

report being the first to identify in vivo substrates (a subset of Rab GTPases), in cells 

isolated from genetically engineered mouse models (Steger et al., 2016).  While the 

identification of proteins under direct control of LRRK2 (i.e., through protein/protein 

interactions or enzymatic activities) has been difficult, LRRK2 is implicated in the 

function of numerous cellular pathways in preclinical models of PD, including: 

autophagy, endocytosis, lysosomal homeostasis, membrane trafficking, mitochondrial 

dynamics and trafficking, oxidative stress response, cytoskeletal dynamics, protein 

synthesis, gene expression, innate immune function and various signaling hubs and 

pathways (e.g., MAPK, WNT, c-MET, NAADP/CaMKKβ/AMPK, 4E-BP, AKT, 14-3-3 

complexes, NFAT and NF-κB) (Price et al., 2018; Wallings, Manzoni, & Bandopadhyay, 

2015) (Fig. 1-3 C-D).  In the case of autophagy, numerous in vitro and in vivo reports 

over the last decade have shown that LRRK2 modulation ─ inhibition of its kinase 

activity (Manzoni et al., 2013, 2016; Saez-Atienzar et al., 2014), knockdown or knockout 

of its gene product (Tong et al., 2012), overexpression (Gómez-Suaga et al., 2012) or 

increased kinase function via various PD-related mutations (Henry et al., 2015; Ramonet 

et al., 2011) ─ alters autophagy flux in various neuronal and immune cell types 

(Schapansky, Nardozzi, Felizia, & LaVoie, 2014); however, a consensus of the direction 

of autophagy regulation has not been reached and the literature is rife with conflicting 

results within model systems.  One theory is that LRRK2’s participation in autophagy 

modulating protein complexes may vary with context (Manzoni, 2017).       
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1.2.2. LRRK2 and immune dysfunction 

The incomplete and age-dependent penetrance of LRRK2 mutation in PD 

patients (e.g., ~24%-100% penetrance in LRRK2 G2019S mutation carriers (Marder et 

al., 2015)) suggests that LRRK2-associated neurodegeneration relies on additional 

genetic or environmental factors that cooperate to trigger disease.  The examination of 

LRRK2 dynamics following various pro-inflammatory signals, in multiple peripheral and 

central nervous system cell types, has become a focus.  Interferon-gamma stimulation of 

human peripheral blood monocytes (PBMs), isolated from healthy donors, increased 

LRRK2 protein expression in CD14+CD16+ monocytes, CD14+ macrophages, CD206+ 

macrophages (M2 polarization), CD103+ dendritic cells, CD3+ T cells and CD19+ B cells 

(Gardet et al., 2010; Thévenet, Pescini Gobert, Hooft van Huijsduijnen, Wiessner, & 

Sagot, 2011), while pharmacological LRRK2 inhibition reduced CD16, CD14 and MHC-II 

expression (Thévenet et al., 2011) ─ suggesting a role for LRRK2 in interferon-

gamma−mediated monocyte activation.  In a murine monocyte/macrophage cell line, 

preliminary functional characterization found that LRRK2 contributed to the phagocytic 

ROS production needed to kill bacteria, and that both LRRK2 levels and ROS were 

greatly increased upon interferon-gamma stimulation (Gardet et al., 2010).  Increased 

LRRK2 in activated innate and adaptive immune cells has been further confirmed in PD 

contexts, in patients and in animal models.  Regardless of LRRK2 genotype, increased 

LRRK2 protein was confirmed in CD16+ monocytes, B cells, and all T cell subsets from 

PD patients, compared to healthy control subjects (Cook et al., 2017); further, LRRK2 

levels positively correlated with cytokine levels (interferon-gamma, tumor necrosis factor, 

interleukin 2) in both CD4+ and CD8+ cells in PD patients but only with interferon-

gamma in CD4+ cells in healthy controls.  In mice with whole body overexpression of 

pathogenic LRRK2, endotoxin exposure upregulated the interferon-gamma response of 

and mutant LRRK2 levels in circulating CD19+ B cells (Kozina et al., 2018).  Of note in 

this study, biological consequences crossed the blood-brain barrier, where concomitant 

neuroinflammation upregulated mutant LRRK2 in midbrain neurons that died subsequent 

to the systemic immunogenic insult (Kozina et al., 2018).  While still at an early stage, 

these investigations of LRRK2-mediated immune cell activation have established that 

inflammation is a potent regulator of LRRK2 levels, in innate and adaptive immune cells 

in addition to neurons.  Exploration of the interferon-gamma─LRRK2─MHC-II axis in 
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LRRK2-associated diseases with a pathogenic immune component may link LRRK2 with 

aberrant systemic inflammation.   

1.3. Lung homeostasis and disease 

1.3.1. Epidemiological links between Parkinson’s disease, LRRK2 
mutation and cancer 

Cancer and neurodegeneration reside at opposing ends of a spectrum of cell 

survival: cancer arises from aberrant cell proliferation, while PD results in aberrant 

neuronal cell death in post-mitotic cells.  Pooling all cancer types, sporadic PD patients 

have a reduced risk of developing cancer compared to the general population 

(standardized incidence rate of 0.86), which is driven by a marked reduction in incidence 

of smoking-related cancers, such as lung cancer (standardized incidence rate 0.4); 

however, sporadic PD patients are more likely to develop skin cancers and female 

breast cancer (Rugbjerg, Friis, Lassen, Ritz, & Olsen, 2012) compared to the general 

population.  An investigation of non-skin cancer incidence in LRRK2 mutation carriers 

(with and without PD), compared to sporadic PD patients, confirmed that LRRK2 

mutants were more likely to develop breast cancer, while no incidents of lung, kidney, 

bladder and thyroid cancer were identified in this patient group (Warø & Aasly, 2017).  

Mechanisms of PD that protect against smoking-related cancers or make patients more 

vulnerable to skin and breast cancers have yet to be described, but a recent prospective 

population-based cohort study (n=220,494 individuals with n=715 sporadic PD cases, 

from eight European countries) ruled out that either a delaying effect of smoking or 

reverse causality underpinned the dose−response relationships confirmed between 

smoking history and PD development (Gallo et al., 2018).  A study that investigated the 

relationship between cigarette smoking and the G2385R LRRK2 risk variant (enriched in 

Asian populations) identified an additive interaction between smoking and the risk of PD 

development, in a Japanese cohort (Miyake et al., 2010).  Compared to current smokers 

who lacked the risk variant, never smokers who lacked the variant had a 2.4-fold risk of 

developing PD, while never smokers with the risk variant had a 5.8-fold risk of 

developing PD. Interestingly, current smokers with the risk variant had a reduced risk of 

developing PD (1.5-fold risk), compared to the non-stratified risk of developing PD with 

the variant (2.1-fold risk), suggesting smoking may have reduced LRRK2-mediated 

pathogenicity (Miyake et al., 2010).  Taking together LRRK2’s endogenous role in 
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alveolar surfactant homeostasis with the interplay between smoking and development of 

sporadic and LRRK2 mutant PD, highlights an emerging connection between lung health 

and brain health to which LRRK2 may contribute. 

1.3.2. Non-small cell lung cancer 

ROS are the by-product of both normal respiration and immune defense of lung 

tissue; however, when the generation of ROS overwhelms the normal detoxification 

machinery due to environmental stresses or disease, oxidative stress can trigger a 

carcinogenic positive feedback loop of chronic inflammation, infiltrating inflammatory 

cells, further ROS, recurring DNA damage, and growth factor secretion that together 

initiate and promote tumorigenic alterations of the genome.  Lung cancer accounts for 

26-27% of all deaths from cancer in Canada, and the five-year relative survival ratio for 

lung cancer in Canada is only 17% (Akhtar-Danesh & Finley, 2015).  Non-small cell lung 

cancer (NSCLC) is the most common type of lung cancer, and it can be further divided 

into three main types: lung adenocarcinoma (LUAD), lung squamous cell carcinoma 

(LUSC) and the rarer lung large-cell carcinoma, which historically has been a diagnosis 

of exclusion (Sholl, 2014).  LUAD originates in distal bronchiolar and alveolar epithelium 

and is found in both smokers and non-smokers, while LUSC originates in proximal 

bronchial epithelium and is almost always found in patients with a history of smoking.  

Typical first-line treatment for the majority of NSCLC patients, regardless of subtype, 

consists of a combination of lung resection, cytotoxic combination chemotherapy and 

radiation, with response rates estimated to be 15-30% for first-line platinum-based 

chemotherapy and less than 25% for second-line taxane-based chemotherapy 

(Malhotra, Jabbour, & Aisner, 2017).  Prior to the last decade, there was no therapeutic 

benefit to the differentiation of NSCLC subtypes, and diagnosis relied mainly on light 

microscopy of hematoxylin and eosin (H&E) slides and occasional staining for mucin.  

Since the 2015 World Health Organization update of its classification of lung tumors 

(Travis et al., 2015), recommended diagnostics incorporate immunohistochemical (IHC) 

analysis to confirm NSCLC subtype and molecular testing of biomarkers that stratify 

patients for treatment ─ such as for targeted inhibition of various mitogenic receptor 

tyrosine kinases.  Currently, targeted agents for EGFR mutations (~10% of European 

and ~46% of southern Asian LUAD patients), ALK gene rearrangements (~3-7% of all 

NSCLCs), ROS1 rearrangements (~1-2% of all NSCLCs) and BRAF V600E mutations 
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(~1-2% of LUAD patients) are in clinical use (Graham et al., 2018; Mascaux, Tsao, & 

Hirsch, 2018; Zappa & Mousa, 2016).  Oncogenic drivers with agents under 

development, available to patients with access to clinical trials, include: RET fusions, 

HER2 mutations and amplification, high-level MET amplification, and MET exon 14 

splice junction mutations (Mascaux et al., 2018).  Unfortunately, acquired drug 

resistance to tyrosine kinase inhibitors, through mutation or activation of alternative 

signaling pathways (e.g., downstream RAS-RAF-MEK-ERK and PI3K-AKT-mTOR), 

undermines NSCLC targeted therapies (Schrank et al., 2018), and some of the most 

frequently mutated genes remain untargetable (TP53, KRAS) (Mascaux et al., 2018).  

Further, targeted agents specific for the treatment of LUSC have yet to be developed.  

However, high-throughput omics studies continue to interrogate the vast inter- and 

intratumoral heterogeneity that underpins the natural history of NSCLC and have 

reported integral differences in the pathobiology of LUSC and LUAD.  For example, 

significantly mutated genes in LUSC are more similar to head and neck squamous cell 

carcinoma and bladder cancer, while significantly mutated genes in LUAD are more 

similar to glioblastoma and colorectal cancer (Campbell et al., 2016). 

1.3.3. Anatomy of the lung 

To accomplish oxidative metabolism, the conducting portion of the respiratory 

tract moves air from the nose, through the trachea and into progressively smaller 

airways (from primary bronchi to the terminal bronchioles), until air reaches the 

respiratory bronchioles with alveolar ducts, where gas exchange takes place in alveolar 

sacs (Fig. 1-4 A).  Bronchi contain cartilage and seromucous glands in their walls and 

are lined by ciliated columnar and mucin-producing goblet epithelial cells.  Bronchioles 

do not contain cartilage and are lined by ciliated columnar epithelium and dome-shaped 

exocrine cells with microvilli, called club cells (Fig. 1-4 B).  The terminal respiratory unit 

of the lung (Fig. 1-4 C) integrates gas exchange at the alveolar-capillary interface with a 

multilayered physical and chemical innate host-defense system.   

A mean of 480 million alveoli exist within adult lungs, providing an immense 

surface area (~100 m2) (Pérez-Gil, 2008) for gas exchange that must be well defended 

from physical, chemical, and biological insult.  The conducting airways keep the lower 

respiratory tract almost sterile by moving trapped foreign material up the mucociliary 

elevator and by secreting various antimicrobial molecules, which are regulated by 
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exposure to environmental threats and cytokines (Whitsett & Alenghat, 2014).  Alveoli 

are lined by squamous alveolar type I (respiratory) and cuboidal alveolar type II 

(secretory) epithelial cells.  The structural integrity of the respiratory epithelium relies on 

tight and adherens junctions formed between alveolar epithelial cells, which promote 

effective fluid clearance, protect against alveolar-capillary permeability, and act as a 

physical barrier to injury and infection.  Alveolar type I (AT1) cells interact with 

endothelial cells, while alveolar type II (AT2) cells function in pulmonary surfactant 

homeostasis.  Surfactant is composed of ~80% phospholipids, neutral lipids like 

cholesterol, and surfactant proteins that provide structural stability to surfactant (SFTPB, 

SFTPC) and participate in innate immune surveillance of the air spaces (collectin family 

members SFTPA and SFTPD) (Pérez-Gil, 2008).  AT2 cells synthesize, package and 

store surfactant in secondary lysosomes called lamellar bodies, which exocytose 

surfactant to cover the entire alveolar air–liquid interface.  Surfactant lowers surface 

tension and prevents collapse of alveoli during respiration, provides a barrier against 

particulates, toxicants and microbes, and acts as a scaffold for surfactant-associated 

innate defense molecules that bind, aggregate and/or directly kill microbial pathogens.  

The terminal respiratory unit includes resident alveolar macrophages that are in direct 

physical contact with AT1 and AT2 cells through gap junctions, which catabolize 

surfactant, sense antigens and activate innate and adaptive immune responses. 
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Figure 1-4 Anatomy and physiology of the normal lung. 
(A) Schematic of the conducting airways. Adapted from Rehfeld et al., 2017 (License CC BY-NC 
2.5). (B) Portions of the conducting airways are lined with discrete combinations of secretory 
epithelial cells, many of which can transdifferentiate to replenish lost cell types. Adapted from 
Kotton & Morrisey, 2014. Used with permission. (C) Schematic of the normal terminal respiratory 
unit. a: Gas exchange takes place between AT1 cells and endothelial cells of capillaries. AT1 and 
AT2 cells are connected to each other (via tight junctions, adherens junctions, gap junctions and 
desmosomes) and long-lived resident alveolar macrophages (via gap junction GJA1/Cnx43). c-f: 
AT2 cells secrete surfactant to lower surface tension and prevent alveolar collapse. Upon 
secretion, surfactant forms a three-dimensional host-defense scaffold called tubular myelin, which 
requires surfactant proteins A and B. DPPC: dipalmitoylphosphatidylcholine. Adapted from 
Whitsett & Alenghat, 2014. Used with permission. 
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1.3.4. Lung adenocarcinoma 

LUAD has a high rate of somatic mutation, including driver mutations that 

segregate with smoking history, for example: KRAS (~33% of European patients) and 

EGFR (~10% of European patients) mutations tend to occur in smokers and non-

smokers, respectively, and often mutations in KRAS and EGFR are mutually exclusive 

(Campbell et al., 2016; Network, 2014).  While many recurrent DNA alterations activate 

the RTK/RAS/RAF pathway (e.g., KRAS, EGFR, BRAF, ROS1, ALK, RET, MAP2K1, 

HRAS, NRAS, MET, ERBB2, RIT1) in LUAD, a sizeable group of patients (~24%) have 

been dubbed ‘oncogene-negative’, meaning they lack a somatic event known to target 

the RAS signaling pathway (Campbell et al., 2016; Network, 2014) ─ instead, they are 

enriched for altered tumor suppressor genes (e.g., TP53, KEAP1, STK11) (Campbell et 

al., 2016; Network, 2014) that are not clinically actionable.  Integration of transcriptomic, 

proteomic, phosphoproteomic, micro RNA and methylation sequencing analyses by The 

Cancer Genome Atlas (TCGA) research consortium, for a large cohort of LUAD patients, 

identified additional pathway level alterations that affected mTOR signalling, oxidative 

stress response, proliferation and cell cycle progression, nucleosome remodelling, 

histone methylation, and RNA splicing/processing (TCGA Research Network, 2014).  In 

addition, a substantial number of tumors were identified where reduced tumor cellularity 

was the only distinguishing molecular feature, suggesting increased infiltration of stromal 

and/or immune cells (TCGA Research Network, 2014).   NSCLC often evades the 

immune system and immune checkpoint inhibition designed to bolster the antitumor 

response (i.e. CTLA-4 or PD-1/PD-L1 blockade of T cell suppression) was approved as 

a second-line therapy in 2015 (Malhotra et al., 2017).  However, the response rate to 

immune checkpoint inhibition in NSCLC is ~20% (Kargl et al., 2017) and the complex 

evolution of tumor and immune system cross-talk ─ throughout NSCLC development 

and progression ─ is just beginning to be understood.  As first line therapy, immune 

checkpoint inhibitors were shown to increase overall survival in NSCLC patients with 

tumors that expressed PD-L1 (an immune inhibitory receptor ligand expressed by both 

tumor cells and various immune cells) in at least 50% of tumor cells, compared to 

standard of care chemotherapy (Herbst et al., 2016), with more predictable responses 

achieved when tumor-infiltrating immune cells also expressed high levels of PD-L1 

(Herbst et al., 2014; Horn et al., 2018).  To comprehensively predict a patient’s response 

to immunotherapy, efforts are underway to score NSCLC tumors on a per case basis for 
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the collective state of the cancer-immune cycle ─ i.e. including measures for tumor 

foreignness, antigen presentation machinery, immune cell infiltration, 

immunosuppressive regulators, and checkpoint molecules (Anichini, Tassi, Grazia, & 

Mortarini, 2018).  Recent studies applying this approach, using either flow cytometric 

immunoprofiling (Lizotte et al., 2016) or DNA and RNA sequencing (Karasaki et al., 

2017) measures, have found that many LUAD tumors can be defined as either 

immunologically “hot” or “cold”.  Hot LUAD tumors show strong signals for CD8+ T cell 

infiltration and interferon-gamma responsiveness but also for immunosuppressive cells 

and molecules, making them ideal candidates for immune checkpoint inhibition 

strategies (Karasaki et al., 2017; Lizotte et al., 2016). Cold LUAD tumors include lack of 

anti-tumor T cell-mediated immunity, defective dendritic cell activation, impaired antigen 

presentation and strong immunosuppressive mechanisms (Karasaki et al., 2017; Lizotte 

et al., 2016), likely excluding patients with these tumors from the beneficial use of 

immunomodulatory treatments.  LUAD heterogeneity continues to thwart the clinical 

efficacy of standard chemotherapies and emerging targeted and immunomodulatory 

lung cancer treatments, while late diagnosis enhances the deadliness of the disease.  A 

more complete understanding of the molecular heterogeneity of LUAD remains a priority 

that will ultimately benefit patients. 

1.4. Overview and Aims 

The overarching goal of this thesis was to leverage a large, publicly available 

repository for cancer patient omics data to identify novel molecular changes, associated 

with poor patient outcome, in key autophagy genes, which could be prioritized for 

functional characterization.  Chapter 2 was published in the journal Autophagy and 

presents findings from a survey of 211 manually curated autophagy-associated genes, 

across 11 cancer types, with data made available by TCGA.  Following an analysis of 

patterns of Darwinian selective pressure for recurrent somatic mutations identified in the 

gene set, analyses focus on associations between autophagy-associated gene 

expression changes and clinically relevant molecular and patient phenotypes.  Using 

extensive literature reviews, potential impacts on autophagy function are discussed, per 

tumor type.  Specific disease contexts relevant to patients are identified, which warrant 

further evaluation of autophagy status and its contribution to tumor progression in 

laboratory models.  A main finding from Chapter 2 was that a common pattern of cancer-
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associated molecular alteration of the autophagy pathway was not discernible in 

patients, either within or between tumor types, at least from what could be inferred from 

DNA and RNA alterations.  Therefore, the task became to choose a single hit, within a 

single disease context, for functional characterization. I chose to investigate the 

apparent transcriptional repression of LRRK2 in LUAD, which would be a first 

exploration of a role for this gene in lung cancer. 

Chapter 3 presents a manuscript ready for submission that includes a detailed 

bioinformatic analysis of the association of reduced LRRK2 with established clinical, 

genomic and transcriptomic phenotypes in TCGA LUAD cohort, and the results of an in 

vivo study establishing LRRK2 as a novel tumor suppressor in carcinogen-driven lung 

cancer.  Both chapters are highly reliant on processed Level 3 data from TCGA, that is 

aggregated, normalized, and/or segmented (e.g., for copy number alterations) data, 

downloadable from the Broad institute’s Firehose platform 

(https://gdac.broadinstitute.org/).  TCGA is one of the largest repositories for digital multi-

assay data of primary untreated tumors and matched normal tissue from cancer 

patients.  Both raw and processed high-throughput sequence and microarray-based 

assays of nuclei acids and proteins are available, including: whole exome and genome-

wide DNA sequencing, RNA sequencing, microRNA sequencing, array-based DNA 

methylation profiling and reverse-phase protein lysate microarray that assays the protein 

levels and phosphorylation status of hundreds of known cancer genes.  Since its 

inception in 2005, TCGA has published comprehensive, integrative multi-omics analyses 

of 30 tumor types, as well as a number of pan-cancer analyses exploring particular 

tumor features (Tomczak, Czerwińska, & Wiznerowicz, 2015).  TCGA’s published 

analyses provide a concise dissection of the pathological molecular processes at work 

within a particular tumor type, which is invaluable for understanding the molecular 

context against which the potential effect of any single molecular change of interest must 

be evaluated.  In Chapter 3, I use correlations of repressed LRRK2 expression with 

cigarette smoking history, key mutations and copy number alterations, expression 

subtypes, cell type marker expression and predicted immune cell infiltration to build a 

model that speculates what may contribute to LRRK2’s downregulation and what may be 

the pathological consequences of low LRRK2 expression in LUAD tumors.  In Chapter 4, 

I summarize these models and suggest future mechanistic studies to begin to explore 

their validity. 
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1.5. Author contributions 

I wrote Chapters 1, 3 and 4 in their entirety.  In Chapter 2, Rodrigo Goya wrote 

the methods section entitled “Somatic mutations and selective pressure analysis”; I 

authored all other Chapter 2 material.  Ryan Morin and Rodrigo Goya designed, 

implemented and interpreted the selective pressure analysis described in Chapter 2. 

Gordon Robertson provided expertise on unsupervised clustering of RNA sequencing 

data, using the non-negative matrix factorization technique; I implemented and 

interpreted all such analyses, as well as all other bioinformatic analyses included in 

Chapter 2. 

In Chapter 3, I implemented, summarized and interpreted all bioinformatic 

analyses presented.  I designed all experimental protocols used for the in vivo challenge 

of mice with urethane and summarized and interpreted all results.  Mousework was 

performed at the BC Cancer Research Centre Animal Research Facility.  Nancy Dos 

Santos and Marcel Bally managed the study.  Nicole Wretham and Maryam Osooly 

optimized and performed all mouse-related treatments and tissue collection.  Paalini 

Sathiyaseelan aided me with macroscopic lung lesion evaluation.  Basile Tessier-

Cloutier was the study pathologist and classified the morphology of all mouse lesions, 

with the aid of Svetlana Bortnik.  I designed the flow cytometry analysis of urethane 

treated mouse lung and participated in lung preparation.  Liz Halvorsen and Rachel 

Cederberg prepared, optimized and ran all samples for flow cytometry, interpreted the 

results and provided summarizing graphs (Appendix B).  Katie Milne lead the design of 

IHC protocols to assess mouse lung tissue treated with urethane, including quantification 

strategies; IHC assays and quantification were carried out by Tia Dash and Shelby 

Thornton at the BC Cancer Deeley Research Centre.  I identified the protein targets, 

participated in the design of IHC protocols, performed statistical tests and interpreted 

and summarized all IHC results.
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Chapter 2. Cross-cancer profiling of molecular 
alterations within the human autophagy interaction 
network 

* Data presented in this chapter were previously published (license CC BY-NC 3.0). 

Lebovitz, C. B., Robertson, A. G., Goya, R., Jones, S. J., Morin, R. D., Marra, M. A., & 

Gorski, S. M. (2015). Cross-cancer profiling of molecular alterations within the human 

autophagy interaction network. Autophagy, 11(9), 1668–1687. 

2.1. Abstract 

Aberrant activation or disruption of autophagy promotes tumorigenesis in various 

preclinical models of cancer, but whether the autophagy pathway is selected for 

recurrent molecular alteration in human cancer patient samples is unknown.  To address 

this outstanding question, we surveyed 211 human autophagy-associated genes for 

tumor-related alterations to DNA sequence and RNA expression levels and examined 

their association with patient survival outcomes in multiple cancer types with sequence 

data from The Cancer Genome Atlas consortium. We found 3 (RB1CC1/FIP200, ULK4, 

WDR45/WIPI4) and one (ATG7) core autophagy genes to be under positive selection for 

somatic mutations in endometrial carcinoma and clear cell renal carcinoma, respectively; 

while 29 autophagy regulators and pathway interactors, including previously identified 

KEAP1, NFE2L2 and MTOR, were significantly mutated in 6 of the 11 cancer types 

examined. Gene expression analyses revealed that GABARAPL1 and 

MAP1LC3C/LC3C transcripts were less abundant in breast cancer and non-small cell 

lung cancers than in matched normal tissue controls; ATG4D transcripts were increased 

in lung squamous cell carcinoma, as were ATG16L2 transcripts in kidney cancer.  

Unsupervised clustering of autophagy-associated mRNA levels in tumors stratified 

patient overall survival in 3 of 9 cancer types (acute myeloid leukemia, clear cell renal 

carcinoma, and head and neck cancer). These analyses provide the first comprehensive 

resource of recurrently altered autophagy-associated genes in human tumors and 

highlight cancer types and subtypes where perturbed autophagy may be relevant to 

patient overall survival. 
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2.2. Introduction 

To harvest energy and nutrients from cellular components, (macro)autophagy 

shuttles long-lived proteins and damaged organelles to lysosomes for degradation and 

subsequent nutrient release into the cytoplasm, thus recycling building blocks for new 

macromolecules.  Autophagy remains active at basal rates under normal conditions but 

is induced in response to stress as a cell survival mechanism to increase nonselective 

bulk degradation or to selectively target cytoplasmic constituents via cargo-specific 

autophagy receptors.  Cancer cells experience many stresses known to induce 

autophagy, including nutrient deprivation, hypoxia and damage from anticancer 

treatments, and some cancers may exploit increased autophagy as a drug resistance 

mechanism or to promote tumorigenesis (Leone & Amaravadi, 2013).  However, 

defective autophagy can also promote tumorigenesis through the accumulation of 

genotoxic cellular waste, which facilitates the acquisition of driver mutations and 

chromosomal lesions that can transform precancerous cells or benefit established tumor 

cells.  This dual role for autophagy in cancer pathogenesis is well documented in 

preclinical cancer models (Yang, Chee, Huang, & Sinicrope, 2011); however, whether 

these findings translate to patients remains unknown (Lebovitz, Bortnik, & Gorski, 2012).  

A fundamental and unexplored question is whether, and in what disease contexts, 

autophagy-associated (AA) genes are selected for recurrent molecular alteration in 

human cancer.  As detailed below, we use the term AA to refer to not only the core ATG 

genes, but also for genes encoding known interactors of ATG proteins and regulators of 

the autophagy process (see also Methods and Table A-1).  

Recent efforts to catalog molecular alterations in cancer patients at the genomic 

level have produced large accessible repositories of human tumor data (Mwenifumbo & 

Marra, 2013; Rung & Brazma, 2013; Vogelstein et al., 2013).  Our study presents a 

cross-cancer survey of tumor-associated molecular alteration of human autophagy 

genes, key autophagy regulators and important pathway interactors from analyzed (level 

3) patient sequence data (DNA and RNA) provided by The Cancer Genome Atlas 

(TCGA) consortium. We analyzed patterns of Darwinian selective pressure for somatic 

mutations identified in AA genes, examined AA gene expression changes between 

tumor and adjacent normal tissue samples, and identified differentially abundant 

autophagy pathway genes between patient groups (obtained from unsupervised 
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clustering on AA transcript abundance) that display significant differential overall survival 

(OS).  Our catalog of DNA and RNA changes to AA genes present in cancer patient 

samples will both inform current investigations and stimulate further research into the 

consequences of altered autophagy-associated genes in human cancers. 

2.3. Results 

2.3.1. The core autophagy machinery is not selected for high-
frequency somatic single nucleotide mutation across cancers 

Human orthologs and paralogs of 31 autophagy-related (ATG) genes first 

identified in yeast form the core of our query gene set of 211 human AA genes.  To 

sample cancer-associated alteration from the wider autophagy interaction network 

(Behrends, Sowa, Gygi, & Harper, 2010), our gene set further included AA genes culled 

from the literature that participate in key upstream signaling networks (e.g., the MTOR 

subnetwork, AMP activated protein kinase complex, BECN1/Beclin-1 interactome), 

function as selective autophagy receptors (e.g., SQSTM1/p62, various MAP1LC3/LC3-

interacting proteins), participate in known autophagy-associated cross-talk with other 

pathways (e.g., endocytic trafficking, cell death, immunity), or have been implicated in 

pathogenic autophagy modulation in disease contexts, such as cancer and 

neurodegeneration (see Methods; Table A-1).  Figure 2-1 diagrams the query gene set 

in the context of its known human protein-protein interactions (PPIs), obtained from the 

manually curated Reactome Database (Matthews et al., 2009) of pathways and 

reactions.  We clustered AA PPIs into modules of high connectivity using the 

Reactome’s spectral partition based network clustering algorithm (Newman, 2006) and 

further labeled modules with enriched GO biological process terms (FDR<0.01) that 

highlight some of the shared alternate functions of autophagy pathway interactors (e.g., 

roles in apoptosis, metabolism, vesicle-mediated transport and signal transduction), 

which provide opportunities for autophagy crosstalk with other cellular pathways.  
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Figure 2-1 Network representation of core autophagy proteins, autophagy 

regulators and pathway interactors, clustered into functional 
modules of human protein-protein interactions by the Reactome 
Functional Interaction Network. 

Schematic showing the functional interconnectedness of 162 of 211 autophagy-associated 
proteins curated from literature. Edges represent human protein-protein interactions (PPI) 
reported in the Reactome database. Cellular functional compartments that are important in 
autophagy modulation are indicated by color-coded modules annotated by module-enriched GO 
Biological Process terms (FDR<0.01). Node size ranks proteins by PPI count.  

To assess whether AA genes were selected for somatic mutation in cancer, we 

first mined TCGA level 3 mutation data for coding, somatic, single nucleotide variants 

(SNV) identified in our gene set, across 11 cancer types [breast invasive carcinoma 

(BRCA), colon adenocarcinoma (COAD), glioblastoma multiforme (GBM), head and 

neck squamous cell carcinoma (HNSC), renal clear cell carcinoma (KIRC), acute 

myeloid leukemia (LAML), lung adenocarcinoma (LUAD), lung squamous cell carcinoma 

(LUSC), ovarian serous cystadenocarcinoma (OV), rectum adenocarcinoma (READ),  

and uterine corpus endometrial carcinoma (UCEC)]. To distinguish between potential 

driver mutations and passenger mutations, we applied a method that searches for 

patterns of selective pressure adapted from the method described by Greenman and 

colleagues (Greenman et al., 2007) and identified significantly mutated AA genes in 6 

out of 11 cancer types (Benjamini-Hochberg (BH) adjusted P < 0.05; Fig. 2-2; mutation 
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frequency (F) and annotation in Table A-2): GBM, HNSC, KIRC, LUAD, LUSC, and 

UCEC.  Core autophagy genes (i.e., genes that build autophagosomes) were not found 

to be significantly mutated across most cancer types; however, UCEC and KIRC had 

significantly mutated core genes at patient frequencies of 0.06 or less:  RB1CC1/FIP200 

(0.060), ULK4 (0.048), WDR45/WIPI4 (0.044) and ATG4C (0.040) in UCEC, and ATG7 

(0.032) in KIRC.  In addition, a single truncating hotspot mutation was identified in 

RB1CC1 in UCEC (R1321* [F=0.012], where the asterisk denotes a premature stop 

codon and infers a truncated protein; Table A-2).  Across cancers, as previously 

reported by TCGA, we confirmed 4 AA genes to be significantly mutated at frequencies 

of between 0.048 and 0.176 in two or more cancer types (Fig. 2-2): CDKN2A (TCGA 

Research Network, 2012), KEAP1 (TCGA Research Network, 2012), NFE2L2/NRF2 

(TCGA Research Network, 2012; TCGA Research Network, 2013b) and MTOR (TCGA 

Research Network, 2013a, 2013b).  Within cancer types, UCEC had the highest number 

of significantly mutated AA genes, including: PPP2R1A and BIRC6 (F>0.1); LRRK2, 

TAB3, CDK5RAP2, RABGAP1, and RB1CC1 (F=0.05-0.1); TBC1D15, ULK4, MTMR7, 

WDR45, DNM1L, MAPK8, PRKACG, TRAPPC8, ATG4C, RAB24, CDKN2AIP, HACE1, 

KBTBD7, PRKAA2, VTI1B, ARF6, CDK5R1, DIRAS3, and PRKAR2B (F< 0.05).  The 

remaining cancer types showed fewer significantly mutated AA genes:  PIK3C2G in 

GBM (F=0.031); CDKN2A (F=0.176) and NFE2L2 (F=0.056) in HNSC; MTOR 

(F=0.082), ATG7 (F=0.014) and HIF1A (F=0.01) in KIRC; KEAP1 (F=0.157), 

STK11/LKB1 (F=0.074), and CDKN2A (F=0.048) in LUAD; and CDKN2A (F=0.124), 

NFE2L2 (F=0.146), and KEAP1 (F=0.112) in LUSC.  Previously reported hotspot 

mutations with frequencies of at least 0.01 were confirmed in 5 autophagy regulators 

and/or pathway interactors (Table A-2).  The highest frequency hotspots included R80* 

in CDKN2A (Spaans et al., 2014) (F=0.046, HNSC), P179R in PPP2R1A (Spaans et al., 

2014) (F=0.032, UCEC), D29H/G/N/Y and R34Q/G/P in NFE2L2 (Y.-B. Gao et al., 2014; 

Shibata et al., 2011; TCGA Research Network, 2012) (F=0.028, LUSC), S2215Y in 

MTOR (Grabiner et al., 2014; Sato, Nakashima, Guo, Coffman, & Tamanoi, 2010) 

(F=0.012, UCEC), and R470C in KEAP1 (Hast et al., 2014) (F=0.011, LUSC).  Known 

hotspot substitutions in or near the DLG and ETGE KEAP1-binding motifs in NFE2L2 

(Lo, Li, Henzl, Beamer, & Hannink, 2006) were observed in multiple cancers (HNSC, 

LUSC, UCEC); similarly, convergent hotspot mutations were present in CDKN2A 

(Spaans et al., 2014) (W110* and E120*) in both HNSC and LUSC, which are squamous 
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cell carcinomas of distinct tissue type that share mutational landscapes (TCGA 

Research Network, 2012).    

The low frequency of mutation of core autophagy genes suggests that the 

autophagy machinery is functional in patients of the 11 cancer types investigated, and 

therefore remains exploitable by these tumor types.  

 
Figure 2-2 Circos plot overview of mutation frequency for significantly mutated 

autophagy-associated genes found in patients in 6 different cancers. 
Ribbons connect cancer type to mutated gene, ribbon color denotes levels of mutation frequency 
(range 0.012-0.176). Mutated genes were found to be under positive selection for somatic single 
nucleotide mutation, as assessed by an analysis of patterns of Darwinian selective pressure 
(adjusted P<0.05). UCEC, uterine corpus endometrial carcinoma; LUSC, lung squamous cell 
carcinoma; LUAD, lung adenocarcinoma; HNSC, head and neck squamous cell carcinoma; 
KIRC, kidney renal clear cell carcinoma; GBM, glioblastoma multiforme. 
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2.3.2. Autophagy regulators and pathway interactors show tumor-
associated transcriptional modulation 

To identify AA genes that showed a significant change in transcript abundance in 

tumor tissue, we performed a differential abundance analysis between tumor and 

adjacent normal tissue for BRCA (Fig. 2-3), KIRC (Fig. 2-3), LUAD (Fig. 2-4), and LUSC 

(Fig. 4).  To determine whether observed differential expression could result from 

underlying copy-number alterations, we further stratified abundance of differentially 

expressed AA genes by copy-number status and examined whether a significant 

increase or decrease of mRNA abundance (Wilcoxon rank sum test P<0.05) existed 

between patients with no somatic CNV versus patients with amplifications (in the case of 

increased differential expression) or homozygous deletions (in the case of decreased 

differential expression) (Table A-3). 

Differentially expressed (Wilcoxon rank sum test P<0.05 and FC>2.0 [RPKM]) 

core autophagy genes in tumor tissue included GABARAPL1 (BRCA, KIRC, LUAD), 

MAP1LC3C (BRCA, LUAD, LUSC), ATG4D (LUSC), and ATG16L2 (KIRC) (Figs. 2-3 

and 4).  In addition to GABARAPL1 and MAP1LC3C, 14 AA genes were differentially 

expressed in two or more cancer types (Table 1). With one exception (LAPTM4B), all 

differentially expressed genes identified in multiple cancers changed expression in the 

same direction, regardless of cancer type.  Genes showing increased abundance in 

multiple cancers included: CDK5R1, CDKN2A, BNIP3, LAPTM4B, PPP2R2C, DNM1, 

and TRAF2; genes with decreased abundance in multiple cancers included: DIRAS3, 

GABARAPL1, LRRK2, MAP1LC3C, PRKAR2B, DRAM1, PIK3C2G, PPP2R2B, SNX30, 

and STBD1. 

Within cancer types, KIRC and LUSC cancers showed the largest number of 

differentially expressed AA genes.  Genes uniquely differentially expressed in KIRC 

included ATG16L2, CEBPB, RAB24, and SNAP25 (increased mRNA), and HIF1A, 

MTOR, PRKAR2A, RALBP1, and SCOC (decreased mRNA).  In LUSC, ATG4D and 

PRR5 transcripts were increased, while FNBP1, FYCO1, PIK3C2B, SEC22C, and 

TECPR1 transcripts were decreased.  There were 4 differentially expressed genes 

unique in BRCA: CDK5 (increased mRNA) and ARHGAP26, FOXO1, and PPP2R1B 

(decreased mRNA).  ULK2 was differentially expressed in LUAD only, showing 

decreased mRNA in tumors.   
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Only 3 differentially expressed AA genes showed a significant difference of 

mRNA levels (Wilcoxon rank sum test P<0.05) in patients with focal amplifications or 

homozygous deletions compared to patients normal for copy-number alterations: 

CDK5R1 (FC=2.45) and CDKN2A (FC=7.48) showed recurrent (patient count > 5) 

amplification in BRCA, while RAB24 (FC=1.31) showed recurrent amplification in KIRC 

(Table A-3). 

Table 2-1 Summary of autophagy-associated genes found to be differentially 
expressed between tumor and matched normal tissue, in 2 or more 
cancer types. 

Gene Putative autophagy association BRCA KIRC LUAD LUSC 

CDK5R1 Positive modulator ↑ ↑ ↑ ↑ 
CDKN2A Positive modulator ↑ ↑ ↑ ↑  
BNIP3 Positive modulator, mitophagy — ↑ ↑ ↑ 
DIRAS3 Positive modulator — ↓ ↓ ↓ 
GABARAPL1 Core gene ↓ ↓ ↓ — 
LAPTM4B Positive modulator — ↓ ↑ ↑ 
LRRK2 Negative modulator ↓ — ↓ ↓ 
MAP1LC3C Core gene ↓ — ↓ ↓ 
PPP2R2C Modulator, direction undefined* ↑ — ↑ ↑ 
PRKAR2B Positive modulator ↓ ↓ — ↓ 
DNM1 Positive modulator, mitophagy — ↑ — ↑ 
DRAM1 Positive modulator   — — ↓ ↓ 
PIK3C2G Modulator, direction undefined ↓ ↓ — — 
PPP2R2B Modulator, direction undefined ↓ ↓ — — 
SNX30 Human homolog of yeast SNX4/ATG24 — — ↓ ↓ 
STBD1 GABARAPL1 interactor ↓ — — ↓ 
TRAF2 Positive modulator ↑ ↑ — — 

*Modulator is defined in this study as an autophagy pathway interactor reported in literature to be associated with 
autophagy modulation that lacks a defined direction of regulation. BRCA, invasive breast carcinoma; KIRC, kidney 
clear cell renal cell carcinoma; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; ↑, mRNA 
significantly upregulated compared to matched normal tissue; ↓, mRNA significantly downregulated compared to 
matched normal tissue; —, not differentially expressed. 
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Figure 2-3 Differential gene expression analysis of pooled tumor versus pooled 
matched normal tissue gene abundance for 97 invasive breast 
carcinomas (BRCA) and 65 clear cell renal carcinomas (KIRC). 

(Right) Boxplots of normalized RNA-seq derived gene abundance (RPKM) displayed for 
autophagy-associated genes differentially expressed in tumor tissue compared to adjacent 
matched normal tissue in BRCA and KIRC patients. Differentially expressed genes showed 
significant (adjusted P<0.05) differences in mRNA levels with a median fold-change > 2. (Left) 
Unsupervised clustering on only differentially expressed autophagy-associated genes (log2 
transformed RPKM) grouped matched tumor and normal samples together. 
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Figure 2-4 Differential expression analysis of pooled tumor versus pooled 

matched normal gene abundance for 17 lung squamous cell 
carcinomas (LUSC) and 25 lung adenocarcinomas (LUAD). 

(Right) Boxplots of normalized RNA-seq derived gene abundance (RPKM) displayed for 
autophagy-associated genes differentially expressed in tumor tissue compared to adjacent 
matched normal tissue in LUAD and LUSC patients. Differentially expressed genes showed 
significant (adjusted P<0.05) differences in mRNA levels with a median fold-change > 2. (Left) 
Unsupervised clustering on only differentially expressed autophagy-associated (log2 transformed 
RPKM) genes grouped matched tumor and normal samples together. 
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To further investigate changes to AA gene expression in patients bearing 

alterations of various clinically relevant tumor suppressors, oncogenes, chromosomal 

aberrations, or clinical phenotype (e.g., PAM50 subtype in BRCA, HPV infection status 

in HNSC, TP53 mutation in LAML), we stratified BRCA, HNSC, KIRC, LAML, LUAD, 

LUSC and UCEC tumor transcript abundance for all 211 AA genes by the alteration 

status of patients (Table 2; Table A-5).  Table 2 summarizes AA genes that showed 

significant increases or decreases of mRNA in tumors that harbored alterations in known 

disease genes or had reported clinical phenotypes, versus patients with no such 

alterations or reported phenotypes (list of all tested alterations and phenotypes in 

Methods; Wilcoxon rank sum test P<0.05 and FC>1.5 (RPKM)).  Except for increased 

ATG3 expression in LAML patients with the French–American–British (FAB) M5 subtype 

and various changes in expression for members of the GABARAP family, core 

autophagy genes did not appear to be transcriptionally modulated in response to 

additional changes present in oncogenes and tumor suppressors, or to the phenotypes 

tested here.  However, LAPTM4B, SQSTM1 and TNFSF10/TRAIL showed dynamic 

increases and decreases in mRNA level across multiple cancer types, depending on 

additional alterations or clinical conditions present in patients (Table 2). 

Differential expression analysis of tumor versus matched normal adjacent patient 

tissue revealed significantly increased and decreased AA transcript abundance that did 

not appear to be driven by underlying copy-number alterations, including 16 AA genes 

that were modified in the same direction in multiple cancer types.  Although it remains to 

be assessed whether these recurrent changes to AA transcript abundance across 

tumors results in predictable changes to the autophagy status of tumors, transcriptional 

regulation of these known autophagy modifiers may represent a more general cancer-

associated mechanism of tumor-associated autophagy modulation. 
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Table 2-2 Summary of autophagy-associated genes found to have significantly 
increased or decreased mRNA in patients with disease-specific 
molecular alterations or clinical phenotypes (previously reported to 
be key in literature or identified in this study), compared to patients 
not harboring those alterations or phenotypes, in 7 cancer types. 

Gene BRCA HNSC KIRC LAML LUAD LUSC UCEC 
ANKFY1 
 

— — — FAB M3 ↑ 
PML-RARA 

↑ 
t(15;17)  ↑ 

— — — 

ATG3 
 

— — — FAB M5 ↑ — — — 

BNIP3 
 

— HPV 
positive ↓ 

 

— — — KEAP1 mut 
↑ 

MTOR mut 
↑ 

SMARCA4 
mut ↑ 

— 

C12orf44 
 

— — — — — — ATG4C mut 
↑ 

CALCOCO2 
 

— — — Del 5q ↓ 
inv(16) ↑ 

TP53 mut ↓ 

— — — 

CDKN2A 
 

Basal-like↑ 
 

HPV 
positive ↑ 
Tongue 
base ↑ 
Tonsil ↑ 

TP53 mut ↓ 

— — — RB1 mut ↑ Endometrioi
d ↓ 

Serous ↑ 
Stage I ↓ 
Stage III ↑ 

Tumor G2 ↓ 
Tumor G3 ↑ 

 
CEBPB 
 

Basal-like↑ 
BRCA1 mut 

↑ 
 

— — FAB M5 ↑ — — Endometrioi
d ↓ 

Serous ↑ 

CLN3 
 

FGFR2 
amp ↑ 

— — — — — — 

COPZ1 
 

Basal-like↑ — — — — — — 

DNM1L 
 

KRAS amp 
↑ 

— — — — — — 

GABARAP 
 

— — — Del 5q ↓ 
FAB M0 ↓ 
FAB M4 ↑ 

TP53 mut ↓ 
 
 

— — Endometrioi
d ↑ 

Serous ↓ 
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Gene BRCA HNSC KIRC LAML LUAD LUSC UCEC 
GABARAPL1 
 

— — PTEN mut 
↓ 

— — — — 

GABARAPL2 
 

— — — — — AKT2 amp 
↑ 

— 

GBAS 
 

— EGFR amp 
↑ 

EGFR muts 
↑ 

— — — EGFR amp 
↑ 

— 

HADHA 
 

FGFR2 
amp ↑ 

— — — — — — 

HIF1A 
 

KRAS amp 
↑ 

HPV 
positive ↓ 
Tonsil ↓ 

 

— — — — — 

KEAP1 
 

— — — — — NFE2L2 
mut ↑ 

— 

LAMP1 
 

— HPV 
positive ↓ 

 

— — — — — 

LAPTM4B 
 

AKT1 mut ↓ 
Basal-like↑ 
BRCA1 mut 

↑ 
BRCA2 mut 

↑ 
CDH1 mut 

↓ 
IGF1R amp 

↑ 
KMT2C mut 

↓ 
Luminal A ↓ 

MAP2K4 
mut ↓ 

MAP3K1 
mut ↓ 

MYC amp ↑ 
NBN amp ↑ 
TP53 mut ↑ 

HRAS mut 
↓ 
 

— Del 5q ↑ 
Del 7q ↑ 

Poor 
molecular 

risk ↑ 
TP53 mut ↑ 

 

CDKN2A 
homdel↓ 

Lymphnode 
spread n0 ↑ 

— — 

NFE2L2 
 

— NFE2L2 
amp ↑ 

NFE2L2 
mut ↑ 

SOX2 amp 
↑ 

— — — EGFR amp 
↑ 

SOX2 amp 
↑ 

TP53 mut ↑ 
 
 
 

— 



52 

Gene BRCA HNSC KIRC LAML LUAD LUSC UCEC 
PTPRS 
 

— — — — — — ATG4C mut 
↑ 
 

RAB5B 
 

Basal-like ↓ — — FAB M3 ↑ 
Good 

molecular 
risk ↑ 

PML-RARA 
↑ 

t(15;17)  ↑ 
 

— — — 

RAB5C 
 

Basal-like ↓ — — — — — — 

SQSTM1 
 

KRAS amp 
↓ 
 

NFE2L2 
mut ↑  

Tongue 
base ↑ 

— — KEAP1 mut 
↑ 

NFE2L2 
mut ↑ 

NFE2L2 
mut ↑ 

TAB2 
 

— — — FAB M0 ↑ 
 

— — — 

TNFSF10 
 

PIK3CA 
amp ↑ 

HPV 
positive ↑ 
Larynx ↓ 

PTEN mut 
↓ 

— KEAP1 mut 
↓ 

STK11 mut 
↓ 

FGFR1 
amp 

ATG4C mut 
↓ 

BIRC6 mut 
↓ 

CDK5RAP2 
mut ↓ 

Endometrioi
d ↓ 

Serous ↑ 
LRRK2 mut 

↓ 
MAPK8 mut 

↓ 
MTMR7 
mut ↓ 

PRKACG 
mut ↓ 

TAB3 mut ↓ 
VCP 
 

— — — — — — ATG4C mut 
↑ 

WDR45L 
 

— — — — SMARCA4 
mut ↑ 

— — 

YKT6 
 

— HPV 
positive ↓ 

— — — — — 

↑, significantly increased AA mRNA; ↓, significantly decreased mRNA; amp, amplification; homdel, homozygous 
deletion; mut, mutant; BRCA, invasive breast carcinoma; HNSC, head and neck squamous cell carcinoma; KIRC, 
kidney clear cell renal cell carcinoma; LAML, acute myeloid leukemia; LUAD, lung adenocarcinoma; LUSC, lung 
squamous cell carcinoma; UCEC, uterine corpus endometrial carcinoma; Tumor G2, tumor grade 2; Tumor G3, tumor 
grade 3. 
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2.3.3. Unsupervised consensus clustering of autophagy-associated 
transcript abundance in tumors stratifies patient overall 
survival and links differential expression of autophagy 
regulators and interactors to enriched clinical features within 
patient groups 

To discover whether distinct AA transcript abundance across the autophagy 

pathway could be associated with particular patient outcomes, we applied the non-

negative matrix factorization (NMF) algorithm (Brunet, Tamayo, Golub, & Mesirov, 2004) 

to perform unsupervised consensus clustering of patient tumor samples on the mRNA 

levels of all 211 AA genes, and then applied differential survival analysis on patient 

groups identified by the NMF clustering.  Of nine cancers tested, three cancer types 

(LAML, KIRC and HNSC) showed significant differences in overall survival (OS) 

between patients grouped by differential AA gene expression: LAML (Log-rank test P = 

0.0021), KIRC (P = 0.00010), and HNSC (P = 0.0140) (Fig. 2-5).  Not all cancer types 

had equivalent lengths of follow-up time; therefore, it is possible that with further follow-

up, other cancers would show significant differences in OS between cluster groups.  To 

explore whether the differences in AA transcript abundance that grouped patients 

together reflected shared disease states, we assessed whether disease-specific clinical 

characteristics (such as tumor stage or diagnostic molecular feature) were significantly 

enriched across patient groups (Fisher exact test, adjusted P < 0.05) (Fig. 2-5).  We then 

determined which AA genes were most influential in grouping patients with enriched 

clinical characteristics together by identifying AA genes that were differentially expressed 

within a single NMF-clustered patient group versus all others (Wilcoxon rank sum test 

P<0.05 and median ratio of RPKM >1.5) (Fig. 2-5; Table A-4). Similar to results of the 

tumor versus normal analysis of differentially expressed AA genes, we found core 

transcript abundance to be largely unchanged between differentially surviving patient 

groups across cancer types. However, ULK1, ATG3, ATG7 and GABARAP had 

increased mRNA compared to all other groups in LAML patients with intermediate OS 

(LAML-G1 and -G2), ATG16L2 and GABARAPL1 showed increased abundance in KIRC 

patient groups with poor OS (KIRC-G2 and –G3), and ATG4D showed increased 

abundance in the best OS group in HNSC (HNSC-G4). The remainder of differentially 

expressed genes between patient groups included autophagy regulators and pathway 

interactors that did not show a common pattern of differential expression with respect to 

patient overall survival across cancer types, indicating heterogeneous expression of 
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autophagy-associated genes between the tumor types investigated. Further, AA genes 

showed intratumoral heterogeneity of expression between patient groups enriched for 

distinct, disease-related molecular alterations and clinical phenotypes. 

The best surviving (LAML-G3) and poorest surviving (LAML-G4) NMF-clustered 

LAML patient groups displayed OS curve separation compared to all others (P = 

0.00091 and P = 0.00051, respectively; 0.0040 and 0.0024 after a Bonferroni 

correction). LAML-G3 showed the highest enrichment of patients with FAB 

classifications M0, M1, M2, and M3, the designation of ‘favorable cytogenetic risk’, and 

the following molecular features: WT1 mutation, CEBPA mutation, PML-RARA fusion, 

chromosome translocation t(15;17), CBFB-MYH11 fusion, and loss of chromosome 7 or 

deletion of 7q.  Although no AA genes were differentially expressed in LAML-G3 

compared to all other groups, DNM1 transcripts (a mitophagy-related gene previously 

identified as part of the M3 specific dysregulome (Payton et al., 2009)) were increased in 

both patient groups enriched for the M3 subtype (LAML-G3 and –G1).  Poor surviving 

LAML-G4 patients showed the highest enrichment for TP53 mutation, loss of 

chromosome 5 or deletion of 5q, and the designation of ‘complex cytogenetics’, as well 

as increased transcript abundance for the AA modulators LAPTM4B, OPTN, and PRR5. 

LAML-G1 and -G2 showed intermediate survival compared to other groups; LAML-G2 

had the highest enrichment of FAB classifications M4 and M5, designations of 

‘intermediate cytogenetic risk’ and ‘normal karyotype’, as well as enrichment for MLL-X 

fusion, NPM1 mutation, and CBFB-MYH11 fusions.  In addition to the striking increases 

to core gene abundance mentioned above, LAML-G2 patients showed increased 

TNFSF10/TRAIL, TFEB, RAB24, and DRAM1 transcripts, among others (Fig. 2-5).   

A similar analysis in KIRC defined three patient groups, with KIRC-G1 (most 

favorable OS) and KIRC-G3 (poor OS) displaying significantly different survival curves 

(P = 0.000018 and P = 0.00073, respectively; 0.00005 and 0.0022 after Bonferroni 

correction) (Fig. 2-5). Clinical covariates were divided between two of the three patient 

groups, KIRC-G1 and -G3. KIRC-G1 showed the highest enrichment of patients with 

lower tumor grade (G1, G2; P= 0.008), lower tumor stage (T1a, T1b; P=0.053), lower 

stage (stage I; P=0.012) and ‘tumor free’ designation (P=0.00005) and increases in 

various autophagy pathway interactors (Fig. 2-5).  Conversely, KIRC-G3, which showed 

increased ATG16L2 transcripts, was enriched with patients with higher tumor grade 

(G4), higher tumor stage (T2a, T2b), and higher stage (stage III, stage IV), and included 
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almost all instances of BAP1 mutation (previously associated with poor OS by TCGA 

(TCGA Research Network, 2013a)). KIRC-G2 (with similar poor OS as KIRC-G3) 

contained the remainder of patients with advanced tumor stage (T4) not clustered in 

KIRC-G3, as well as increased ARL8B, GABARAPL1, GBAS, HIF1A, and LAPTM4B 

transcripts and decreased BNIP3, BNIP3L, DRAM1, and OPTN transcripts. 

Clustering of HNSC patients resulted in a four-group solution (Fig. 2-5).  HNSC-

G4 (with the most favorable OS) displayed a significantly different curve from all others 

(P = 0.0012; 0.0048 after the Bonferroni correction).  HNSC-G4 showed enrichment for 

human papillomavirus (HPV) infection positive (+) patients, various known disease-

related amplifications (TP63, PIK3CA, and SOX2), and increased abundance of a 

number of AA genes, including ATG4D, KEAP1, MAP1LC3A, and NFE2L2. HPV-

negative (−) patients clustered in HNSC-G2 (intermediate OS), which was enriched for 

CDKN2A deletions and a large proportion of TP53 mutations and showed decreased 

GABARAPL1 and SQSTM1 transcripts.  The poorest OS group (HNSC-G1) contained 

most NFE2L2/NRF2 mutations and showed striking increases of TNFSF10/TRAIL and 

OPTN abundance. 

 In summary, unsupervised clustering of abundance profiles for AA genes 

stratified patient OS, revealing associations between differentially expressed autophagy 

regulators and interactors and patient groups enriched for molecular alterations and 

disease phenotypes relevant for diagnosis, prognosis and treatment of patients in LAML, 

KIRC, and HNSC. 



56 



57 



58 

Figure 2-5 Unsupervised consensus clustering of autophagy-associated tumor 
gene abundance stratified patient overall survival for acute myeloid 
leukemia (LAML), kidney clear cell renal carcinoma (KIRC) and head 
and neck squamous cell carcinoma (HNSC), linking differential 
expression of autophagy regulators and interactors to enriched 
clinical features within patient groups. 

Unsupervised consensus clustering by non-negative matrix factorization (NMF) on mRNA levels 

of 211 autophagy-associated genes stratified patients into groups of significantly different overall 

survival (Log rank P<0.05). Kaplan-Meier curves of overall survival are shown for HNSC, KIRC, 

and LAML.  Disease-specific clinical covariates (diagnostic, prognostic and molecular 

phenotypes) found to be enriched within overall survival (OS) groups following clustering (Fisher 

exact test P<0.05) are drawn below respective cancer types. Patient status for each covariate 

was obtained from clinical metadata collected by TCGA. Patient counts (n) for each covariate are 

noted. Enrichment is depicted as color-coded distributions of the relative frequency of each 

feature across OS groups per cancer type.  Differentially expressed autophagy-associated genes, 

identified within individual OS groups compared to all other OS groups combined (Wilcoxon rank 

sum test P<0.05; median fold-change>1.5), are reported per cancer type. Boxplots of normalized 

RNA-seq derived gene abundance (RPKM) of differentially expressed genes are drawn for each 

OS group. 

2.4. Discussion 

Autophagy can support either tumor suppression or tumor promotion depending 

on the additive influences of tissue type, disease subtype and stage, tumor genetic 

background and therapeutic regimen (Liu & Ryan, 2012).  Given this, we did not expect 

to draw general conclusions about the activity of the autophagy pathway across 

heterogeneous collections of tumor samples, particularly given the fact of tumor 

heterogeneity reported to exist between cancer types and subtypes, between patients, 

and within individual tumors (Vogelstein et al., 2013).  In line with these ideas, our 

analyses revealed a diverse array of autophagy regulators and pathway interactors that 

were selected for point mutation or showed differential expression in tumors, in specific 

disease contexts (Fig. 2-6).  At the same time, our survey of single-nucleotide mutations 

targeting the autophagy pathway in 11 cancer types, coupled with our differential gene 

expression analysis of the pathway in matched tumor and normal samples in 4 of those 

cancer types, showed that the core autophagy machinery remains largely intact at the 

DNA level and is expressed at similar transcript levels as matched normal tissue, at least 

for the cancer types for which data was available from TCGA at the time of this study. 

Few ATG genes were found to be recurrently point-mutated (five of thirty-seven 

mammalian ATGs and paralogs), while those that were tended to be mutated at low 

frequency.  Similarly, only 6 ATGs were differentially expressed (median FC>2) in 

tumors versus matched normal tissues.  The presence of a functional autophagy 
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machinery in tumors suggests that the pathway is available for pathological modulation 

in tumors, and our data indicates this would most likely occur via the altered expression 

or function of autophagy regulators and/or pathway interactors.  Transcriptional 

regulation of mammalian ATG genes has only recently begun to be investigated in depth 

(Chandra, Bhagyaraj, Parkesh, & Gupta, 2015); however, the largely invariable gene 

expression of ATG genes found in this study suggests a pattern of transcriptional 

robustness similar to that of genes in biological contexts where little tolerance for 

deviation exists, such as during development (Macneil & Walhout, 2011).  The core 

autophagy machinery may be protected from alteration in some human cancers, an idea 

supported by recent studies in murine models of lung cancer that find autophagy to be 

essential for tumor progression (Guo et al., 2013; Rao et al., 2014).   

Importantly, we found that clustering abundance profiles of AA genes stratified 

patient OS in 3 of 9 cancer types and grouped patients with similar pathophysiology 

together, linking the differential expression of autophagy regulators and interactors to 

clinical features known to influence patient outcome. This suggests that clinically 

relevant differential pathway activities exist between subsets of patients in LAML, KIRC, 

and HNSC.  The associations we have identified between changes in AA gene 

expression, clinical phenotype and patient outcome remain, at this time, predictions of a 

shared biology that may underpin disease in these novel groupings of patients.  

Identification of causal molecules and cell processes will require functional studies at the 

post-transcriptional level that examine the magnitude of influence these changes have 

on autophagy modulation, disease phenotype and in vitro and in vivo survival, including 

whether altered autophagy is upstream or downstream of the specific disease processes 

enriched in patient groups.  Nevertheless, our analyses have revealed that distinct 

combinations of dynamically expressed autophagy modulators exist within the larger 

transcriptional communities that cumulatively drive distinct pathologies.  Further 

investigation of the autophagy status and tumorigenic capacity of cells that recapitulate 

the disease type, genetic background and autophagy-associated gene expression 

profiles identified in our study may reveal novel autophagy-associated mechanisms of 

cancer progression. 

Tumor heterogeneity and the context dependence of autophagy status is 

consistent with our having identified few commonalities of AA gene alteration across 

cancers; however, we noted that several genes were differentially abundant in similar 
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directions in tumors compared to matched normal tissues in at least 2 cancer types 

(Table 1).  GABARAPL1 had decreased mRNA in BRCA, KIRC and LUAD.  GABARAP 

family members are involved in autophagosome maturation, but the expression pattern 

and regulation of GABARAPL1 differs. Unlike other GABARAP or MAP1LC3/LC3 family 

members, GABARAPL1 possesses an estrogen responsive element and can be 

activated by Estradiol-17β, via ESR1/estrogen receptor α (Vernier-Magnin et al., 2005).  

Reduced GABARAPL1 expression has been reported in various cancer cell lines 

compared to normal tissues (Nemos et al., 2003), and is correlated with higher 

histological grade in breast adenocarcinoma patients (Berthier et al., 2010).  A 

mechanism has yet to be proposed for the association of reduced GABARAPL1 with 

increased pathogenesis in breast cancer; however, reduced autophagy function seems 

unlikely given the redundancy of GABARAPL1 in autophagosome biogenesis. Further 

study of a tumor suppressor role for GABARAPL1 may reveal novel autophagy-

independent functions.  

Lysosomes and mitochondria are organelles where pathology and autophagy 

dysregulation often overlap (Kroemer & Jäättelä, 2005; Lee, Giordano, & Zhang, 2012; 

Mathew & White, 2011).  Two autophagy inducers, LAPTM4B, a lysosomal 

transmembrane glycoprotein required for lysosome function and autophagosome 

maturation, and BNIP3, a BH3 domain-containing protein that can induce both apoptosis 

and hypoxia-mediated mitophagy, showed increased mRNA in multiple tumor types.  

Upregulated LAPTM4B mRNA and protein levels have been documented in multiple 

cancers and cell lines, where they correlate with pathological grade and prognosis in 

vivo and promote proliferation, migration, invasion, and drug resistance in vitro (L. Li et 

al., 2010).  In this study, LAPTM4B overexpression was identified in LUAD and LUSC 

tumor samples compared to normal tissues (Fig. 2-4), as well as in patients with poor 

OS in KIRC and LAML (Fig. 2-5), and in patients with basal-like BRCA (Table A-5). 

Increased autophagy has been shown to contribute to malignant phenotypes in breast 

cancer cells with overexpressed LAPTM4B (Y. Li et al., 2011); therefore, it seems 

plausible that increased LAPTM4B-mediated autophagy could promote tumor 

progression in other disease types with LAPTM4B overexpression.  Deregulation of 

BNIP3, a hypoxia responsive gene which can induce cell death and mitophagy, is 

associated with aggressive disease in cancer (Ji Zhang & Ney, 2009).  We found BNIP3 

overexpression in KIRC and in both histological subtypes of lung cancer, compared to 
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normal tissues.  Previous studies show that BNIP3 overexpression enhances tumor 

growth in lung cancer xenografts and correlates with poor survival in lung cancer 

patients (Karpathiou et al., 2013; Vijayalingam et al., 2010).  BNIP3’s contribution to 

tumorigenesis has yet to be linked to its role in mitophagy; however, the fact that 

increased levels of BNIP3 are associated with more aggressive disease suggests that a 

function in tumor cell survival via autophagy or mitophagy is a more likely mechanistic 

scenario than a role in cell death, in contexts of BNIP3 overexpression. Autophagy has 

documented roles in KRAS-driven lung (Guo et al., 2013; Rao et al., 2014) and 

pancreatic (Blum & Kloog, 2014; Rosenfeldt et al., 2013) cancer progression, and 

overactive RAS has been shown to upregulate BNIP3 (An et al., 2006).  Further 

investigation of autophagy status in RAS-driven tumors with BNIP3 overexpression may 

reveal a mechanistic link between BNIP3 and tumor cell survival. 
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Figure 2-6 Summary by gene of molecular alterations found to target 
autophagy-associated genes across multiple cancer types. 

This overview includes all significant somatic point mutation and differential gene expression 

identified in autophagy-associated genes in this study.  Significant results were obtained from a 

differential expression analysis of tumor versus matched adjacent normal tissue for 4 cancer 

types examined (BRCA, KIRC, LUAD and LUSC; detailed in Figs. 2-3 and 2-4), as well as from a 

differential expression analysis between patient groups showing significantly different overall 

survival for 3 of 9 cancer types (HNSC, KIRC and LAML; detailed in Fig. 2-5).  Rows represent 

autophagy-associated genes found to have at least one significant alteration (either mutation or 

differential expression) in at least one context investigated.  Groups of columns describe a single, 

major analysis in this study.  The first column reports genes found to be significantly mutated in 

any of 6 of 11 cancer types investigated (detailed in Fig.2-2), with annotation of cancer type and 

mutation frequency found to the left.  Cancer type, relative overall survival (OS) of patient groups, 

and value for differential expression of mRNA are color-coded, as described in the legend. 

2.4.1. Uterine corpus endometrial carcinomas 

Of 6 cancers showing significantly mutated AA genes (Fig. 2-2), UCEC had the 

highest number of significantly mutated genes (SMGs), including nearly all significantly 

mutated core autophagy genes (ATG4C, ULK4, RB1CC1/FIP200), as well as a high 

frequency of MTOR mutation (0.105) that included previously identified hotspot 

mutations recently characterized as MTOR pathway activity boosters (C1483F and 

S2215Y) (Grabiner et al., 2014; Sato et al., 2010).  Histological UCEC subtypes include 

Type I endometrioid tumors that typically have better prognosis and are associated with 

high frequency PTEN mutation (among other lesions), while Type II serous tumors have 

worse prognosis and are classified by high frequency TP53 mutation (TCGA Research 

Network, 2013b).  Almost all AA SMGs identified in this study were found in patients with 

endometrioid UCEC, including 20 patients that were double-mutant for MTOR and 

PTEN.  MTOR is thought to be overactive in endometrial cancers with inactive PTEN 

(Cheng et al., 2013), and as MTOR is a major posttranslational inhibitor of autophagy, it 

is tempting to speculate that autophagy may be less active in type I endometrioid 

tumors. It is noteworthy that we observed a recurrent truncating mutation (R1321*) in 

autophagy induction complex member RB1CC1 in 3 UCEC patients, along with a 

predicted damaging substitution (S93L) in 2 additional patients, suggesting autophagy 

induction may be compromised in these endometrioid UCEC patients. In contrast, more 

aggressive type II serous tumors showed a dramatic mRNA increase of an autophagy 

inducer, CDKN2A (Table 2; Table A-5), previously reported to distinguish serous from 

endometrioid carcinomas by high protein expression (Bartosch, Manuel Lopes, & Oliva, 

2011; TCGA Research Network, 2013b) and to be associated with migration and 

invasion (Jung et al., 2001).  Both protein products of CDKN2A (ARF and INK4a) induce 
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autophagy (Budina-Kolomets, Hontz, Pimkina, & Murphy, 2013; H. Jiang et al., 2010) 

and a recent IHC analysis of 360 UCEC patient samples shows higher counts of 

MAP1LC3A/LC3A ‘stone-like structures’ that are associated with poor prognosis 

subtypes (Sivridis, Giatromanolaki, Liberis, & Koukourakis, 2011), including: serous 

papillary, clear cell and high-grade endometrioid.  Further study of the autophagy status 

of less aggressive type I endometrioid tumors compared to more aggressive type II 

serous tumors may reveal a role for autophagy in the pathogenesis of endometrial 

carcinomas.   

2.4.2. Head and neck squamous cell carcinoma 

HNSCs are associated with smoking, alcohol use, and human papillomavirus 

(HPV) infection.  HPV positive (
+
) HNSC is associated with better prognosis (Kimple et 

al., 2013), while TP53 mutation and CDKN2A deletion are associated with HPV-negative 

(
−
) HNSC.(Lechner et al., 2013)  Unsupervised clustering on 211 AA gene expression 

levels grouped HPV
+
 patients with patients showing the most favorable survival and 

HPV
-
 patients with TP53 and CDKN2A mutant patients (Fig. 2-5); therefore, it seems 

that distinct HNSC phenotypes are detectable as perturbed AA transcript abundance. 

HNSC-G1 patients showed very poor survival and included 8/14 patients with mutated 

NFE2L2/NRF2 (Table A-2), an important transcription factor in the oxidative stress 

response pathway.  Activating NFE2L2 mutations have been identified in various 

cancers and are thought to lead to the constitutive activation of oxidative stress pathway 

genes that benefit tumor cell survival (Shibata et al., 2011; Taguchi et al., 2012), 

including the autophagy cargo receptor SQSTM1/p62. Overexpression of SQSTM1/p62 

sets up a positive feedback loop that further activates NFE2L2 through competitive 

binding of the NFE2L2 inhibitor KEAP1.  Three of four HNSC-G2 patients mutant for 

NFE2L2 harbored previously characterized E79 or E82 activating changes (Lo et al., 

2006) and we found median SQSTM1/P62 mRNA levels to be higher in HNSC NFE2L2 

mutants versus nonmutants (Table 2), suggesting that increased SQSTM1/p62-

mediated autophagic degradation of KEAP1 could occur in NFE2L2 mutant HNSC 

patients with poor OS.   

A smaller group of 24 patients (HNSC-G3) also showed poor OS, enrichment for 

metastasis in single lymph nodes (n2a), and a striking increase in TNFSF10/TRAIL gene 

expression.  TNFSF10 can trigger cell survival and proliferation through NFKB/nuclear 
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factor kappa B and/or MAPK8-mediated cytoprotective autophagy (He et al., 2012).  

Further investigation of the TNFSF10/TRAIL-MAPK8–autophagy axis in alveolar ridge 

tumors may reveal a cell-type dependent role for autophagy in the pathogenesis of these 

rare but aggressive tumors. 

2.4.3. Acute Myeloid Leukemia 

Diagnosis and prognosis of acute myeloid leukemia (LAML) is defined by specific 

combinations of cytogenetic and molecular risk factors, including transcription-factor 

fusions and recurrent mutations that tend towards mutual exclusivity (TCGA Research 

Network, 2013).  OS stratification by unsupervised clustering of LAML patients on AA 

transcript abundance revealed 3 relative levels of OS among 4 patient groups (Fig. 2-5), 

each enriched for distinct, canonical cytogenetic or molecular pathologies.  LAML-G3 

patients with the most favorable OS showed enrichment for PML-RARA fusions and 

CEBPA mutations, alterations associated with better prognosis in LAML (Marchesi, 

Annibali, Cerchiara, Tirindelli, & Avvisati, 2011), whereas LAML-G4 patients with the 

poorest OS were enriched for TP53 mutations and monosomal (MK) and complex 

karyotypes (CK).  TP53 alteration in LAML patients with CK is associated with dismal 

outcome (Rücker et al., 2012); therefore, our cluster result suggests that AA genes show 

perturbed expression reflective of distinct combinations of diagnostic and prognostic 

alterations in LAML. 

 Leukemic cells often have increased lysosomal mass and biogenesis 

(Sukhai et al., 2013).  LAML-G2 patients overexpressed TFEB, a transcription factor that 

induces both lysosome biogenesis and autophagosome biogenesis.  TFEB drives 

expression of AA genes (Settembre et al., 2011) and ATG3, ATG7 and GABARAP all 

showed increased mRNA levels in LAML-G2 patients with median RPKM FC>1.5. 

Further, LAML-G2 was enriched for patients with MLL fusions and M4 and M5 FAB 

subtypes that had increased transcript levels of additional AA genes, including: ATG14, 

MAP1LC3A, CEBPB, PRKAR1A, PRKAR2B, PRKACA, RAB24, and TNFSF10 (Table A-

5).  M4 and M5 subtypes are defined by monocyte precursor overproliferation and are 

often associated with MLL fusions that may interfere with cellular differentiation 

(Marchesi et al., 2011).  Autophagy has been shown to maintain survival of monocytes 

during normal macrophage differentiation (Y. Zhang, Morgan, Chen, Choksi, & Liu, 

2012).  Perhaps patients with both MLL fusions and higher TFEB expression have levels 



66 

of autophagy that can support the prolonged survival of blast cells with defective 

differentiation programs.    

PML-RARA fusions are highly oncogenic and diagnostic of acute promyelocytic 

leukemia (APL) and the M3 subtype; however, APL patients show better OS than other 

LAML subtypes due to a favorable response to all-trans retinoic acid (ATRA) treatment 

(Marchesi et al., 2011).  Both LAML-G1 and LAML-G3 were enriched for PML-RARA 

fusions and the M3 subtype and showed increased DNM1 mRNA compared to other 

groups (Fig. 2-5).  High DNM1 expression is part of a gene expression signature specific 

to M3 patients and leukemic promyelocytes (Payton et al., 2009), and is also required for 

mitophagy in yeast, where it recruits the fission complex to  degrading mitochondria 

(Mao, Wang, Liu, & Klionsky, 2013).  ATG13 transcript levels were particularly high in 

M3 patients (Table A-5), while LAML-G1 patients showed increased ULK1 and ATG4D 

gene expression (Fig. 2-5; Table A-5); all three core genes have recently been 

implicated in mammalian mitophagy (Betin, MacVicar, Parsons, Anstee, & Lane, 2012; 

Joo et al., 2011).  Contradictory roles for autophagy in APL with PML-RARA fusions are 

described in the literature.  Some studies implicate autophagy in basal and ATRA-

induced degradation of PML-RARA fusions that may be beneficial for APL patients 

(Isakson, Bjøras, Bøe, & Simonsen, 2010), while others report constitutive autophagy 

activation in PML-RARA transplanted leukemic mice that supports leukemic cell growth 

and apoptotic resistance in vitro, following etoposide challenge (Huang et al., 2011).  It 

would be interesting to investigate whether high DNM1 expression increases mitophagy 

in M3 patients compared to other subtypes, and whether ATG4D, ULK1 and/or ATG13 

are required for mitophagy in this context. 

2.4.4. Clear cell renal carcinoma 

The role of autophagy may change during kidney cancer progression depending 

on disease stage, as both inhibited and induced autophagy is hypothesized to contribute 

to tumorigenesis in TSC2-related hereditary kidney cancer syndromes (Linehan, 

Srinivasan, & Schmidt, 2010; Parkhitko et al., 2011; Jiangwei Zhang et al., 2013).  

Suppressed autophagy is implicated in the progression of polycystic kidney disease 

(PKD), where it promotes the growth of kidney cysts (Ravichandran & Edelstein, 2014), 

and patients with acquired cystic kidney disease are at a higher risk for KIRC (Chen & 

Tickoo, 2012).  Hypoxia also plays an important role in cyst expansion in PKD through 
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the upregulation of  HIF1A in cyst epithelium (Belibi et al., 2011); however, HIF1A has 

been shown to increase autophagic flux in a rat proximal tubular cell line (M. Jiang, Liu, 

Luo, & Dong, 2010).  Therefore, it may be that in the context of stabilized HIF1A, 

induced autophagy contributes to KIRC disease progression.  KIRC-G2 patients showed 

poor OS, increased HIF1A mRNA levels compared to all other groups (Fig. 2-5), and a 

near complete lack of alterations in the 8 most mutated genes in KIRC, including VHL.  

Loss-of-function VHL mutations in KIRC lead to HIFA stabilization and the transcriptional 

activation of tumor-promoting hypoxia responsive genes; however, TCGA recently found 

that in the absence of VHL alteration (which occurred in 20% of the TCGA KIRC cohort) 

other molecular alterations exist that may act to stabilize HIFA (TCGA Research 

Network, 2013a).  Further investigation of the interplay between hypoxia, VHL status, 

autophagy status and tumorigenesis in KIRC models may help define the complex role 

of autophagy dysregulation in kidney cancer. 

2.4.5. Lung cancer: adenocarcinoma and squamous cell carcinoma 

Adenocarcinoma (LUAD) and squamous cell carcinoma (LUSC) are the two 

major subtypes of non-small cell lung carcinoma and are classified by morphology 

(Rekhtman, Ang, Sima, Travis, & Moreira, 2011).  However, LUAD and LUSC also differ 

at the molecular level.  For example, activating mutations in tyrosine kinase signaling 

pathway genes (e.g., EGFR, ALK, RET, ERBB2) are common in LUAD, while NFE2L2 

mutations are a distinguishing feature of LUSC (Kim et al., 2010).  Autophagy has been 

shown to support tumorigenesis in lung cancer, particularly in KRAS-driven lung cancer 

cell lines and animal models that may be addicted to high levels of autophagy (Guo et 

al., 2011; Sakuma et al., 2013) and autophagy inactivation in KRas-driven mouse 

models of lung cancer impairs cell growth, proliferation, and tumor progression (Guo et 

al., 2013; Rao et al., 2014).  We stratified gene expression of all 211 AA genes in both 

LUAD and LUSC by known recurrent somatic disease-specific alterations, including 

EGFR and KRAS alterations, and did not find differences in core gene expression 

between altered and wild-type patients; however, LUSC patients with EGFR 

amplification had increased mRNA levels of NFE2L2 (median FC > 2; Table A-5).  Both 

overactive and impaired autophagy are hypothesized to support oncogenic NFE2L2 

activity in cancer (Taguchi, Motohashi, & Yamamoto, 2011), through increased 

degradation of the NFE2L2 sequestering protein KEAP1 (Taguchi et al., 2012) or 
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through reduced degradation of KEAP1 binding protein SQSTM1/p62 (Inami et al., 

2011), respectively.  We confirmed that both KEAP1 and NFE2L2 are significantly 

mutated in TCGA lung cancer patients (TCGA Research Network, 2012) (Fig. 2-2).  

KEAP1 mutations predicted to be LOF (Table A-2) were found in both subtypes, while 

NFE2L2 mutations were found only in LUSC, as well as in HNSC and UCEC.  Several 

LUSC and HNSC patients had previously characterized E79 NFE2L2 activating 

mutations (Lo et al., 2006) while activating E82 mutations were identified only in UCEC 

patients (Table A-2).  SQSTM1 is a target gene for transcriptional upregulation by 

NFE2L2 (Jain et al., 2010) and KEAP1 mutants in both LUAD and LUSC had 

significantly higher SQSTM1 mRNA levels compared to wild-type patients (Table 2; 

Table A-5); therefore, as previously suggested, a positive-feedback loop may exist in 

patients with overactive NFE2L2/NRF2 (through NFE2L2 and/or KEAP1 mutation), 

whereby transcriptionally upregulated levels of SQSTM1 further stabilize NFE2L2 protein 

levels, through increased SQSTM1-mediated autophagic degradation of KEAP1 (Jain et 

al., 2010). 

A recent paper suggests that autophagy suppresses lung tumor development in 

a KRas-driven mouse model in early oncogenesis, while later supporting progression of 

established tumors within the same animals (Rao et al., 2014).  Patient samples of gene 

expression may harbor both tumor-suppressive and tumor-promoting AA gene 

expression signatures left from various time points during the natural history of each 

tumor.  In this study, two known tumor-suppressors that can also induce autophagy were 

mutated or had decreased mRNA in lung tumor samples compared to normal tissues, 

STK11/LKB1(Ji et al., 2007) and DRAM1 (Liu & Ryan, 2012), respectively, while a novel 

negative-regulator of both autophagy and chaperone-mediated autophagy, LRRK2 

(Manzoni et al., 2013; Orenstein et al., 2013), also had decreased mRNA levels in both 

LUAD and LUSC.  Decreased STK11 or DRAM1 suggests a possible decrease in 

autophagy in these tumors, while the striking loss of a negative-regulator of autophagy 

suggests a possible increase in autophagy.  Therefore, more elaborate studies of the 

cumulative effect on autophagy status of the function of multiple autophagy regulators 

are necessary to more accurately reflect the molecular environment in human tumors.  
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2.4.6. Breast invasive carcinoma 

CDK5R1/p35, a positive regulator of the neuronal kinase CDK5, was 

overexpressed in all four cancer types for which we performed a tumor versus normal 

tissue comparison (BRCA, KIRC, LUAD, LUSC); however, CDK5 itself was 

overexpressed only in BRCA.  CDK5 has previously been shown to be overexpressed in 

patients with breast cancer, pancreatic cancer, medullary thyroid carcinoma, prostate 

cancer, lung cancer and glioblastoma (Liang et al., 2013; Pozo et al., 2013), and is an 

autophagy inducer in neurons in in vitro models of Parkinson’s disease (Wong et al., 

2011).  We found that stratification of expression of our gene set by the alteration status 

of molecular changes previously implicated in breast cancer (Table A-5) revealed 

increased mRNA levels of ATG5 and FOXO3 in KRAS-amplified BRCA patients.  

Further, both ATG3 and the autophagy inducer LAPTM4B had increased mRNA levels in 

BRCA patients with EGFR amplification and in patients with PAM50-defined ‘basal-like’ 

BRCA, while LAPTM4B was also increased in ‘HER2-enriched’ and ‘Luminal-B’ 

subtypes.  These results support the idea that oncogene-induced autophagy is relevant 

in human breast cancer (Jain, Paranandi, Sridharan, & Basu, 2013). 

2.5. Conclusion 

This is the first study to investigate the alteration status of an extensive set of 

autophagy-associated genes in cancer patient sequence data.  Consistent with our 

current understanding of tumor heterogeneity, our analyses suggest that autophagy 

status, as far as it is inferable from DNA sequence and gene expression changes, is 

highly disease specific.  Further research is required to determine whether the sequence 

alterations and gene expression changes identified here lead to concomitant changes in 

protein expression and/or function, and to examine whether alterations that lead to true 

functional changes benefit tumor cells through modulated autophagy or through other, 

autophagy-independent processes.  Nevertheless, our study provides the first 

comprehensive resource of recurrently altered autophagy-associated genes found in 

patient samples and highlights specific cancer-related phenotypes and genetic 

backgrounds where perturbed autophagy may be particularly relevant to patient overall 

survival.  As sequence data for additional cancer types and subtypes becomes available, 
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future studies will provide further insight into the disease-associated selection of 

autophagy pathway genes for alteration in human cancer. 

2.6. Methods 

2.6.1. Gene set curation 

We curated 211 AA genes from the literature (for a complete list with references 

see Table A-1) with which to query cancer patient sequence data provided by TCGA. 

The gene set included all human orthologs and paralogs of 31 ATG genes first identified 

in yeast, which we term core autophagy genes.  To capture cancer-associated alteration 

of AA genes from the wider autophagy interaction network (Behrends et al., 2010) (AIN), 

we further included non-overlapping genes from 65 bait genes used by Behrends and 

colleagues in their mass spectrometry-based immuno-precipitation proteomic screen 

that originally defined the AIN, as well as prominent autophagy regulators, adaptors and 

cargo receptors described in the literature (Table A-1).  A schematic of the gene set (Fig. 

2-1) was generated using the Reactome Functional Interaction database Plugin 2 for 

Cytoscape 2.8.0 (Croft et al., 2011; Shannon et al., 2003) to illustrate high-confidence 

known and predicted human PPIs, between 162 members of the gene set that had 

manually-curated PPIs available.  Using the Reactome Cluster FI network algorithm 

(Croft et al., 2011; Newman, 2006), we further grouped PPIs identified within the gene 

set into modules with higher than expected intra-cluster connectivity versus inter-cluster 

connectivity.  To highlight important cellular pathways reported to affect autophagy 

status, we annotated modules with significantly enriched (FDR<0.01) GO biological 

process terms of member AA proteins. 

2.6.2. Somatic mutations and selective pressure analysis 

We collected all level 3 somatic mutations identified by TCGA in our tumor types 

and tested all genes for mutational patterns indicative of selective pressure in our gene 

set. We can infer selective pressure in a gene when its mutational profile deviates from 

the tumor's background mutation rate. The methods described by Greenman et al. (Chris 

Greenman, Wooster, Futreal, Stratton, & Easton, 2006) aim to identify genes with 

statistically significant deviations from the background profile. To accomplish this, we 

first classify the somatic mutations by type as either synonymous, non-synonymous, 
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truncating, non-stop or canonical splice site mutations using all transcripts in the 

Ensembl database. To simplify the model, truncating and non-stop mutations were 

considered equivalent. The type of mutation was obtained by determining the effect of 

each position in the isoform with the longest reading frame for a given gene. We further 

split each group by its nucleotide change (A>C, A>G, A>T, C>G, C>T, G>T); stratifying 

mutations in this manner allows the model to consider the effect of a tumor's mutational 

mechanism on the background profile. Under the assumption that synonymous 

mutations do not directly affect the encoded protein and thus do not confer an advantage 

to the gene, we use them to calculate a tumor's background mutation profile; that is, 

mutations appearing by chance through a tumor's mutational mechanism. Given this 

profile and nucleotide composition of a transcript, we can determine the expected type of 

mutations under no selection. By comparing the observed mutations to expected 

mutations in a gene, we can calculate a score statistic describing the level of selective 

pressure on the gene. The statistical significance of this score is obtained by comparing 

against an empirical distribution built through a 100,000-run Monte Carlo simulation 

under the null-hypothesis of no selective pressure. Finally, we obtain the type and 

strength of the selective pressure with the methods by Greenman and colleagues (Chris 

Greenman et al., 2006) a value less than, equal to or higher than 1 representing 

negative, null or positive selective pressure respectively. 

We ran this analysis for a total of 211 genes across 11 cancer types (BRCA, 

COAD, GBM, HNSC, KIRC, LAML, LUAD, LUSC, OV, READ, UCEC).  Due to the low 

number of mutations in our genes of interest, the background mutation rate was 

obtained by pooling mutations found in other genes not in this set. Doing so allowed us 

to build a more comprehensive mutational background. After correcting P-values for 

multiple-testing using Benjamini-Hochberg, SMGs were defined as having an FDR < 5 

(Fig. 2-2; Table A-2). 

2.6.3. Differential expression analysis 

To compare gene expression levels of tumor versus adjacent normal tissue, we 

downloaded RNA-seq read counts provided by TCGA for all genes across the genome 

for 4 cancers.  Differentially expressed genes were identified using the LIMMA voom 

algorithm for RNA-seq (Law, Chen, Shi, & Smyth, 2014) on TMM normalized read 

counts converted to log2 counts-per-million. We defined differentially expressed as a 
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significant median fold change > 2 of log2 transformed tumoral gene expression 

(Benjamini Hoechberg adjusted P < 0.01) compared to matched normal.  In addition, we 

required that a gene also possess a significant Wilcoxon rank sum test of tumor versus 

normal transcript abundance (reads-per-kilobase-per-million-mapped reads or RPKM; P 

< 0.01).  To determine whether tumor and normal samples could be distinguished based 

on gene expression differences of differentially expressed genes identified by LIMMA, 

we performed unsupervised hierarchical clustering (using Cluster 3.0) on log2 

transformed, median-centered RPKM transcript abundance (differentially expressed AA 

genes only) of combined tumor and normal samples, using complete linkage clustering 

and the Spearman rank correlation coefficient as similarity metric.  To determine whether 

copy-number alterations (CNA) could contribute to differentially expressed AA genes, we 

first obtained amplification and homozygous deletion status of patients from cBioPortal 

(J. Gao et al., 2013) for all differentially expressed AA genes identified in our tumor 

versus normal analysis. For any focal CNAs with patient count > 5, we stratified 

differentially expressed AA transcript abundance by alteration status and applied a 

Wilcoxon rank sum test (P<0.05) on altered versus wild-type expression per gene, and 

looked for significant increases or decreases of expression for amplified versus wild-type 

patients (potentially underlying increased differentially expressed AA gene expression) 

or homozygously deleted versus wild-type patients (potentially underlying decreased 

differentially expressed AA gene expression). We performed a similar analysis to 

determine whether AA transcript abundance is affected by patient genetic background or 

clinical phenotype, by obtaining (from cBioPortal) the alteration status of patients for 

molecular alterations and disease phenotypes reported in literature to have diagnostic or 

prognostic value, and for significant mutation identified in this study.  For alterations or 

clinical manifestations with patient count > 5, we stratified transcript abundance for all 

211 AA genes by alteration status and applied a Wilcoxon rank sum test (P<0.05) on 

altered versus wild-type expression per gene and looked for significant increases or 

decreases of AA mRNA in altered patients.  We report AA genes with significant 

changes in gene expression in altered patients with a median FC (RPKM) > 1.5 (Table 2; 

Table A-5).  We tested AA gene expression changes in the context of known and 

previously reported mutation and/or CNA of the following genes: (in BRCA) AFF2, AKT1, 

ATM, BRCA1, BRCA2, BRIP1, CDH1, ERBB2, EGFR, FGFR1, FGFR2, FOXA1, 

GATA3, IGF1R, KMT2C, MAP2K4, MAP3K1, MYC, NBN, NF1, PIK3CA, PIK3R1, PTEN, 

PTPRD,  RAD51C, RB1, RUNX1, SF3B1, TBX3, TP53; (in HNSC) CCND1, CDKN2A, 
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EGFR, HRAS, NFE2L2, NOTCH1, PIK3CA, SOX2, TP53, TP63; (in KIRC) ARID1A, 

BAP1, KDM5C,  MTOR, PBRM1, PTEN, SETD2, SMARCA4,  TP53, VHL; (in LAML) 

CEBPA, DNMT3A, FLT3, IDH1 or IDH2, KRAS or NRAS, MLL, NPM1, PML-RARA, 

PTPN11, RUNX1, t(15;17), TET2, TP53, WT1, X11q23; (in LUAD) ALK, CDKN2A, 

KEAP1, KRAS, SMARCA4, STK11, TP53; (in LUSC) AKT2, APC, BAI3, BCL2L1, 

CCND1, CDKN2A, CREBBP, CUL3, EGFR, EYS, FBXW7, FGFR1, GRM8, KEAP1, KIT, 

MTOR, MUC16, MYC, NF1, NFE2L2, NOTCH1, NOTCH2, PIK3CA, PTEN, RB1, 

RUNX1T1, SMARCA4, SOX2, TP53, TP63; (in UCEC) ATG4C, BIRC6, CDK5RAP2, 

DNM1L, LRRK2, MAPK8 , MTMR7, MTOR, NFE2L2, PPP2R1A, PRKACG, RABGAP1, 

RB1CC1, TAB3, TRAPPC8, ULK4, WDR45.   

2.6.4. Unsupervised consensus clustering, clinical covariate analysis 
and changes in gene expression between patient groups 

To identify patient groups with shared patterns of AA gene expression in tumors, 

we employed a non-negative matrix factorization algorithm (Brunet et al., 2004) to 

perform unsupervised consensus clustering of patient samples, per cancer type, on the 

RPKM values of all 211 AA genes in our gene set.  We defined a robust clustering 

solution as having a cluster number that: generated a cophenetic correlation coefficient 

> 0.95 (in a comparison of K=2 through K=15 clusters per cancer type) over 200 

iterations of clustering, maximized the silhouette average (Rousseeuw, 1987) of all 

groups (> 0.7), and predicted groups with sample sizes of 10 or more patients.  To 

identify changes in AA gene expression associated with differences in patient outcome, 

we focused on cluster solutions that defined patient groups with significantly different 

Kaplan-Meier overall survival curves (Log-rank test P<0.05).  We defined significant 

increases or decreases of transcript abundance (RPKM) between groups as a median 

fold change in expression > 1.5 (Wilcoxon rank sum test P<0.05) for a single patient 

group compared to all other patient groups combined. In addition, we identified 

significantly enriched clinical phenotypes within each patient group (Fisher exact test 

P<0.05) from disease-specific clinical metadata available from TCGA.
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Chapter 3. Discovery of tumor suppressive 
properties for Parkinson’s susceptibility gene LRRK2 
in lung adenocarcinoma 

*Data presented in this chapter constitute a manuscript near submission. Chandra 

Lebovitz, Nicole Wretham, Maryam Osooly, Katy Milne, Tia Dash, Shelby Thornton, 

Basile Tessier-Cloutier, Paalini Sathiyaseelan, Svetlana Bortnik, Elizabeth Halvorsen, 

Rachel Cederberg, Norman Chow, Nancy Dos Santos, Kevin L. Bennewith, Brad H. 

Nelson, Marcel B. Bally, Wan L. Lam, Sharon Gorski. Parkinson’s susceptibility gene 

LRRK2 is a novel tumor suppressor in lung adenocarcinoma. 

3.1. Abstract  

Lung adenocarcinoma (LUAD) is a molecularly heterogenous disease that 

originates in the distal lung of smokers and non-smokers. In LUAD patient data from The 

Cancer Genome Atlas (TCGA), Parkinson’s susceptibility gene LRRK2 is strikingly 

reduced in tumors versus normal lung, while pharmacological inhibition of LRRK2 in 

primates produces a maturation defect of surfactant storage organelles in a main LUAD 

cell-of-origin.  Here we asked whether reduced LRRK2 facilitates LUAD pathogenesis.  

In TCGA LUAD patients, LRRK2 reduction was associated with current smoking, worse 

overall survival, genomic instability and gene signatures of poor differentiation, reduced 

surfactant metabolism and immunosuppression.  We identified shared transcriptional 

signals of increased proliferation and decreased surfactant metabolism in both LRRK2-

low LUAD and murine postnatal alveolarization, suggesting aberrant activation of a cell-

of-origin developmental program in these tumors.  Significantly, LRRK2 knockout 

increased tumor initiation in urethane-driven murine lung cancer.  We conclude that 

LRRK2 has tumor suppressive properties in LUAD, warranting further consideration for 

LRRK2 inhibition strategies in Parkinson’s disease. 

3.2. Introduction 

Lung cancer is the deadliest cancer worldwide ─ at 1.76 million deaths estimated 

globally in 2018, it claims two-fold more lives than the next most common cause of 

cancer death (World Health Organization, 2018).  Lung adenocarcinoma (LUAD), the 
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most common type of lung cancer, is a histologically and molecularly heterogeneous 

disease originating in the distal lung that affects smokers and non-smokers.  Along with 

staging, clinical characterization remains morphologically driven, with prognosis of 

invasive LUAD influenced by the presence of histological patterns that represent the loss 

of normal distal lung architecture (Travis et al., 2015).  Genetic testing of tumors for 

driver alterations with available targeted therapies (e.g., EGFR, ALK, ROS1, MET, and 

BRAF) is common; however, effective treatments have yet to be developed that target 

KRAS (Román et al., 2018), the most frequently mutated oncogene in LUAD.  Recent 

analyses of tumor evolution suggest that common LUAD driver alterations occur early in 

tumor initiation, and LUAD progression and patient outcome are likely influenced by 

subclonal heterogeneity (Alderton, 2014).  Therefore, functional characterization of the 

plethora of alterations catalogued by large-scale, public, multi-omics efforts like TCGA 

remain a priority in lung cancer.  In this study, we present evidence that transcriptional 

repression of Parkinson’s susceptibility gene Leucine Rich Repeat Kinase 2 (LRRK2), 

identified in TCGA LUAD patients, acts as a tumor suppressor in distal lung cancer.   

LUAD transcriptional heterogeneity is a consequence of diverse environmental 

triggers, cell-of-origin effects, genetic vulnerabilities and evolving oncogenic signaling 

(TCGA Research Network, 2014; Wilkerson et al., 2012).  Gene expression phenotyping 

of multiple LUAD cohorts over the last decade (Bryant et al., 2010; Chen et al., 2017; 

Hayes et al., 2006a; Wilkerson et al., 2012) have confirmed a prognostic, expression-

based division of tumors: into a well-differentiated, low-risk group of terminal respiratory 

unit (TRU)-like tumors and a poorly differentiated, high-risk group of non-TRU type 

tumors (Ringnér, Jönsson, & Staaf, 2016; Sumiyoshi et al., 2014).  TRU-like tumors are 

associated with non-smoking, EGFR mutation, expression of alveolar development 

genes (e.g., NKX-1/TTF-1 transcription factor and surfactant proteins) and retain cell-of-

origin morphology; non-TRU type tumors, associated with smoking, KRAS mutation and 

higher proliferation, are further broken down into two expression-based subtypes: 1) 

proximal-inflammatory (PI) tumors enriched for TP53 and NF1 co-mutation, high grade 

solid-type morphology, and higher expression of immunotherapy targets and adaptive 

immune cell genes, and 2) proximal-proliferative (PP) tumors enriched for KRAS and 

STK11/LKB1 co-alteration and comparatively low immune-related gene expression 

(Faruki et al., 2017; Network, 2014; Wilkerson et al., 2012).   
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Along with genetic lesions, the immune contexture of LUAD ─ the density, 

location, organization and functional orientation of immune cells ─ can support tumor 

development and progression via defective immune surveillance and/or heightened 

tumor immune escape (Remark et al., 2015).  Cigarette smoke is a potent environmental 

stress in lung cancer.  Composed of more than 45,000 chemicals that damage lung 

tissue and/or compromise the immune system, cigarette smoke has been shown to exert 

both inflammatory and immunosuppressive effects in the lung (Lee, Taneja, & Vassallo, 

2012; Mehta, Nazzal, & Sadikot, 2008).  Nicotine, carbon monoxide and reactive oxygen 

species are key immunomodulatory toxins that disrupt gas exchange and lung tissue 

defense orchestrated by four main cell type compartments of the alveolar terminal 

respiratory unit:  epithelial, endothelial, stromal and immune.  Alveolar type II (AT2) cells 

are a main LUAD cell-of-origin, integral to alveolar function (Rowbotham & Kim, 2014a).  

AT2 cells synthesize and secrete pulmonary surfactant, a membrane−based 

lipid−protein complex that covers the respiratory surface to provide structural support to 

alveoli, while simultaneously acting as an innate immune barrier.  Surfactant proteins 

have long been implicated in multiple lung diseases, including cancer (Whitsett, Wert, & 

Weaver, 2015).  Surfactant is stored in AT2 cell lamellar bodies and secreted by 

exocytosis.  Ultimately, surfactant is phagocytosed by professional antigen presenting 

cells or reused by AT2 cells, a mechanism of immune surveillance.  In addition to roles 

in surfactant homeostasis and innate defense, AT2 cells maintain alveolar ion transport 

and fluid balance, and proliferate and transdifferentiate to replace damaged alveolar type 

I (AT1) cells.  Taken together, prior clinical and molecular characterizations of LUAD 

emphasize the influence of distal lung cell integrity on LUAD pathology, reminiscent of 

the dominant role reported for cell-of-origin effects in a recent pan-cancer effort to 

identify overarching patterns of molecular carcinogenesis (Hoadley et al., 2018). 

Pathogenic links between cancer and Parkinson’s disease (PD) are emerging ─ 

while many cancer cells are immortal, diseased neurons die prematurely, placing cancer 

and neurodegenerative disease at opposite ends of a spectrum of aberrant cell survival 

(Feng, Cai, & Chen, 2015).  Recent epidemiological studies found that PD patients were 

less likely to develop non-skin cancers, with a dramatically reduced incidence rate (0.40) 

of lung cancer compared to the general population (Gallo et al., 2018; Rugbjerg, Friis, 

Lassen, Ritz, & Olsen, 2012).  LRRK2 is one of the most common genetic causes of PD 

and small molecule inhibitors targeting its kinase domain are at the preclinical stage.  
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LRRK2 inhibition in non-human primates revealed lamellar body dysfunction that was 

morphologically identical to LRRK2 knockout (KO) phenotypes in rodent lung: electron 

micrographs showed accumulations of immature AT2 cell lamellar bodies, swollen with 

phospholipid (Fuji et al., 2015).  Previously, we identified a striking reduction of LRRK2 

expression in LUAD tumors versus matched normal lung in patient data from TCGA 

(Lebovitz et al., 2015), which, taken together with the observation that LRRK2 loss 

perturbs surfactant homeostasis in AT2 cells, prompted us to hypothesize that LRRK2 

acts as a tumor suppressor in distal lung cancer.  In addition to a role in surfactant 

homeostasis, a role for LRRK2 in the inflammatory response within alveoli is possible,  

as characterizations in PD and inflammatory bowel disease have found LRRK2 to be 

highly expressed in immune cells and tissues, to be up-regulated by interferon-gamma, 

and to function as a negative regulator of the NFAT immune response transcription 

factor family (Cook et al., 2017; Liu et al., 2011).  While LRRK2 is an important disease 

gene in PD, the pathological role of altered LRRK2 in cancer remains virtually 

unexplored.  An investigation of potential LRRK2-mediated AT2 cell lung pathology in 

LUAD will not only expand our understanding of cell-of-origin effects in distal lung 

cancer, but may also provide evidence vital for the safe treatment of LRRK2 mutant PD. 

This study explores the association of LRRK2 reduction with established clinical, 

genomic and transcriptomic phenotypes in LUAD patient data provided by TCGA, 

proposes that a significant overlap exists between transcriptional changes seen in 

LRRK2-low LUAD and those documented in normal postnatal alveolar development in 

mice and presents, for the first time, in vivo evidence that LRRK2 acts as a tumor 

suppressor in lung cancer. 

3.3. Results 

3.3.1. LRRK2-low lung adenocarcinoma (LUAD) is associated with 
worse patient overall survival 

In our previous screen of autophagy-associated genes across 11 cancer types 

molecularly characterized by TCGA, we identified a striking reduction of LRRK2 

expression in LUAD tumors (n=517) versus matched normal lung tissue (n=59) (Fig. 3-1 

A) (Lebovitz et al., 2015).  To further explore associations of LRRK2 expression with 

established clinical and molecular phenotypes across LUAD tumors, we dichotomized 
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LUAD tumors into LRRK2-low versus -high expression groups, using the X-tile cohort 

separation algorithm (see Methods; Monte Carlo cross-validation P < 0.05; Fig. 3-1 B).  

LRRK2 status stratified LUAD overall survival (OS) and disease specific survival (DSS), 

with LRRK2-low patients (n=199 with available OS data; n=184 with available DSS data) 

surviving more poorly (median OS 40.4 months; median DSS 60 .1 months) than 

LRRK2-high patients (n=307 patients with OS data and median OS 56.7 months; n=287 

patients with DSS data and median DSS 88.1 months) (Log rank test OS P=0.0024 at 

60 months and P=0.0061 at 120 months; Log rank test DSS P=0.025 at 60 months and 

P=0.041 at 120 months; Fig. 3-1 B).  LRRK2-low status carried an OS hazard ratio of 

1.42 (Cox proportional hazards regression adjusted for pathological stage; CI 1.06-1.91; 

Wald test P=0.019; Log likelihood test P<0.0001).  Further, the lowest expressing 

LRRK2 patients (n=50; LRRK2 decile 1 tumor expression or LRRK2-D1) had an 

increased OS hazard ratio of 2.42 (CI 1.19-4.90; Wald test P=0.014; Log likelihood test 

P<0.0001) and an increased DSS hazard ratio of 3.03 (CI 1.20-7.68; Wald test P=0.019; 

Log likelihood test P<0.0001), compared to the highest LRRK2 expressing patients 

(n=49; LRRK2 decile 10 or LRRK2-D10). 
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Figure 3-1 LRRK2-low LUAD is associated with worse patient overall survival 
and poorly differentiated non-terminal respiratory unit (non-TRU) 
expression-based molecular subtypes. 

(A) Plot of LRRK2 mRNA levels in LUAD tumors and adjacent normal lung tissue (RSEM values).  
LRRK2 tumoral expression was dichotomized into LRRK2-low and -high groups, by optimizing a 
binary cohort correlation with overall survival (OS) using the X-tile cohort separation algorithm 
(Monte Carlo cross-validation P < 0.05). (B) Kaplan-Meier plot of LUAD patient OS or disease 
specific survival (DSS) stratified by LRRK2 expression status. (C) Pairwise Fisher’s exact test for 
enrichment of expression subtype frequency: TRU-like versus non-TRU type or TRU-like versus 
individual non-TRU subtypes PI and PP. (D) A plot of the relative proportion of tumors belonging 
to expression subtypes (TRU-like, PI, or PP) per increasing decile of LRRK2 expression. (E) 
LRRK2 tumoral expression, annotated for lower risk TRU-like or higher risk non-TRU type tumors 
(Left: standardized RSEM values, LRRK2 X-tile cut point of -0.45) or grouped by combined status 
for LRRK2 expression and expression subtype (Right: median-centred boxplot of RSEM values). 
(F) Kaplan-Meier plots of non-TRU type LUAD OS or DSS, stratified by LRRK2 expression status 
for patients with PI expression subtype tumors. (G) Correlation of LRRK2 expression with a 
previously published gene expression-based score representing LUAD tumor differentiation 
status (Spearman’s correlation coefficient -0.59 with Holm’s adjP < 0.0001; positive scores 
represent increasingly poor differentiation, see Methods). (H) Stratification of the tumoral gene 
expression of established markers for alveolar and bronchiolar epithelial cell types, by the 
combined LRRK2 and expression subtype status of tumors (median-centred boxplot of 
standardized RSEM values; Dunn’s test BH adjP < 0.05). (I) Correlation of LRRK2 gene 
expression with alveolar transcription factors NKX2-1 and HOPX (standardized RSEM values; 
Spearman’s correlation coefficient with Holm’s adjP < 0.0001).  n.d., not done due to sample 
imbalance; Non-TRU, non-terminal respiratory unit; PP, proximal-proliferative; PI, proximal-
inflammatory; Col, column; TRU-like, terminal respiratory unit-like; n.s., not significant P > 0.05; 
BH adjP, Benjamini Hochberg adjusted P value. 

3.3.2. LRRK2 reduction occurs in high-risk non-terminal respiratory 
(non-TRU) type LUAD 

To situate potential LRRK2 transcriptional repression with respect to established 

gene expression-based molecular subtyping of LUAD (Collisson et al., 2014; Hayes et al., 

2006; Wilkerson et al., 2012), we determined whether LRRK2-low tumors were enriched 

for higher-risk non-TRU (PI or PP) type tumors or lower-risk TRU-like tumors.  Following 

assignment of expression subtype using Wilkerson et al.’s centroid classifier (Collisson 

et al., 2014; Wilkerson et al., 2012) (see Methods), stratification of tumors by both LRRK2 

status and expression subtype revealed that most LRRK2-low tumors were of the non-

TRU type (Frequency (F) = 0.90; n=517 patients; pairwise Fisher’s exact test, Benjamini 

Hochberg adjusted P (BH adjP) < 0.0001; Fig. 3-1 C).  Plotting the proportion of each 

patient subtype by increasing deciles of LRRK2 expression (Fig. 3-1 D) revealed a 

striking dose dependent-like increase in the proportion of TRU-like patients, as LRRK2 

gene abundance increased (Fisher’s exact P < 0.0001).  Interestingly, TRU-like tumors 

retained the highest LRRK2 expression, while LRRK2-high non-TRU type tumors 

expressed LRRK2 at a significantly reduced level, though much higher than LRRK2-low 
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tumors (Fig. 3-1 E).  Of note, LRRK2-low expression in PI but not PP tumors was 

associated with worse OS and DSS (Log rank test OS P=0.016 at 60 months and 

P=0.034 at 120 months; Log rank test DSS P=0.036 at 60 months and P=0.052 at 120 

months; Fig. 3-1 F). 

TRU-like tumors are reported to remain well differentiated compared to non-TRU 

type tumors (Hayes et al., 2006b), while LRRK2 knockout in mice perturbs lamellar body 

biogenesis, the hallmark phospholipid storage organelle of AT2 cells.  To test whether 

LRRK2 reduction was associated with worse differentiation status in LUAD tumors,  we 

took advantage of a LUAD gene expression-based tumor differentiation score calculated 

for the LUAD cohort in a recent comprehensive molecular characterization of TCGA 

LUAD cohort (Chen et al., 2017) (see Methods).  Stratification of the differentiation score 

by the combined LRRK2 and expression subtype status of tumors confirmed that non-

TRU type tumors were poorly differentiated compared to TRU-like tumors (Dunn’s test, 

Benjamini Hochberg adjusted P (BH adjP) < 0.0001; Fig. 3-1 G) (Hayes et al., 2006b; 

Wilkerson et al., 2012).  Further, LRRK2 expression was strongly correlated with the 

differentiation score (absolute Spearman’s correlation coefficient 0.59; P < 0.0001; Fig. 

3-1 G).  Stratification of the gene expression of 90 established markers of various 

epithelial (AT2, AT1, club, basal, goblet, neuroendocrine), fibroblast, and endothelial 

lung cell types (curated by the Lung Gene Expression Analysis Web Portal; Table B-1) 

(Du, Guo, Whitsett, & Xu, 2015; Du et al., 2017), by the combined LRRK2 and 

expression subtype status of tumors, revealed that markers for AT2 cells, alveolar type I 

(AT1) cells and club cell marker SCGB3A2 were significantly reduced in LRRK2-low 

non-TRU type tumors (Fig. 3-1 H; Table B-2).  Club cell marker SCGB1A1 was 

moderately reduced in only LRRK2-low PI tumors.  Lineage transcription factor NKX2-1 

is a master lung transcription factor with broad expression in lung epithelial cells, while 

HOPX, an NKX2-1 target gene, is thought to regulate AT1 cell differentiation state; both 

proteins have been implicated in transcriptional changes in LUAD (Cheung et al., 2013; 

Li et al., 2015; Ota et al., 2018; Snyder et al., 2013). While these transcription factors 

were highly coexpressed with each other in the LUAD cohort (0.59) and mildly to 

moderately correlated with several AT1, AT2 and club cell markers, HOPX showed a 

stronger correlation with LRRK2 expression (0.45) than NKX2-1 (0.32) (Spearman’s 

correlation coefficient P < 0.0001; Fig. 3-1 I). 
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Reduction of LRRK2 and other markers of alveolar cell differentiation status, as 

measured by bulk RNA-seq, could reflect either transcriptional repression within specific 

cell types or a decrease in frequency of specific cell types.  While there is much debate 

about which types of alveolar epithelial cell give rise to LUAD, given that LRRK2 has a 

documented role in AT2 cells and that AT2 cells have been well-established as a LUAD 

cell-of-origin, we investigated whether tumor samples with the lowest expression of AT2 

specific marker SFTPC expressed significantly increased markers for lung cell types 

other than AT2 cells.  Non-AT2 epithelial cell markers were not increased in tumors that 

expressed SFTPC at very low levels, suggesting non-AT2 cell types were not expanded 

in these samples (Fig. B-1).  LRRK2 is highly coexpressed with SFTPC in the LUAD 

cohort (Spearman’s correlation coefficient 0.68; P < 0.0001; see Fig. 3-3) and, as 

expected, showed indistinguishable results in a similar analysis.  Neuroendocrine cell 

markers ASCL1 and NEUROD1 were the only epithelial-related genes to be increased 

between groups, in PP tumors compared to all other expression subtypes, regardless of 

LRRK2 expression status (Tables B-1 and B2; Fig. B-2).  PI tumors had significantly 

increased expression for fibroblast- and mesenchyme-related genes, also independent 

of LRRK2 expression status. In addition, both PI and PP tumors had significantly 

reduced expression of myofibroblast genes, including some that were significantly 

decreased only in LRRK2-low non-TRU tumors: EDNRB and MEF2C (Tables B-1 and 

B2; Fig. B-3).  In summary, LRRK2-low tumors are associated with high-risk non-TRU 

type expression subtype, moderate co-expression with lineage transcription factor 

HOPX, and decreased expression of genes that define the differentiation state of 

alveolar and bronchiolar epithelial cells.  

3.3.3. LRRK2-low non-TRU type tumors are associated with current 
smoking and increased copy-number alteration 

Expression subtype-specific enrichment for key clinical and morphological LUAD 

features are known (Wilkerson et al., 2012).  LUAD patients with LRRK2-low tumors 

were more likely to be below median age (< 67 years), to be current smokers, to have 

above median percent necrosis (detected by histopathology) and to have a higher 

probability of progressive disease following primary treatment (pairwise Fisher’s exact 

test BH adjP < 0.05) (all covariates tested in Tables B-3 and B-4).  To identify clinical 

covariates associated with a change in LRRK2 status potentially independent of 

expression subtype, we repeated the enrichment analysis in LRRK2-low (n=183) versus 
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-high (n=146) non-TRU type tumors only.  Within non-TRU type tumors, reduced LRRK2 

was associated with smoking history only (pairwise Fisher’s exact test, BH adjP = 

0.043), with LRRK2-low non-TRU patients representing 55.5% of all current smokers 

(Fig. 3-2 A; Table B-4). 

 At the molecular level, LRRK2-low PP tumors carried higher genome-wide 

somatic copy number load than LRRK2-high PP tumors (pairwise Dunn’s test BH adjP = 

0.042) (Fig. 3-2 B).  To identify differential gene-level focal somatic copy number 

alterations (SCNAs) associated with a change in LRRK2 status independent of 

expression subtype, we tested whether deeply deleted and/or highly amplified SCNAs, 

present in at least 5% of the LUAD cohort (n=2458 genes; Tables B-5, B-6 and B-7), 

were significantly altered in LRRK2-low versus -high tumors within a non-TRU 

expression subtype, after subtracting gene-level SCNAs altered in LRRK2-high tumors 

between subtypes.  Specific genes were not enriched for SCNAs in a LRRK2-associated 

manner in PP tumors; however, LRRK2-low PI tumors were more likely to have highly 

amplified genes (n=77) from chromosome bands 5p12, 5p13 or 5p15 (pairwise Fisher’s 

exact test BH adjusted P < 0.05; Tables B-5, B-6 and B-7). Somatic mutation prevalence 

remained equivalent between tumor groups (Fig. 3-2 C).  Alterations in previously 

identified significantly mutated LUAD genes (n=52; see Methods; Table B-5) were not 

stratified by LRRK2 and expression subtype status, in a similar group comparison 

strategy as that for gene-level SCNAs (Table B-8).  In summary, reduced LRRK2 is 

associated with ongoing smoking and non-TRU expression subtype specific genomic 

instability.  
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Figure 3-2 LRRK2-low non-terminal respiratory unit (non-TRU) type tumors are 

associated with current smoking and increased copy-number 
alteration. 

(A) Pairwise Fisher’s exact test of smoking history stratified by combined TRU-like versus non-
TRU expression subtype and LRRK2 status (Benjamini-Hochberg adjust p-value (BH adjP) = 
0.043; n = 501 total patients, including 121 current smokers). (B) Plot of somatic copy number 
load, defined as the count of nucleotides affected by copy number alteration (GISTIC; segmented 
value > 0.3) normalized to the total number of nucleotides contained in all segments identified per 
patient, stratified by expression subtype status (Left) or both LRRK2 and expression subtype 
status (Right) (n = 472 total tumor samples; median-centred boxplots). (C) Plot of somatic 
mutation prevalence per megabase (Mb), defined as the count of all somatic mutations per 
patient normalized to an approximate protein-coding exome size of 30 Mb, stratified by 
expression subtype status (Left) or combined LRRK2 and expression subtype status (Right) (n = 
475 total tumor samples; median-centred boxplots).  SCNA: somatic copy number alteration; non-
TRU, non-terminal respiratory unit; PP, proximal-proliferative; PI, proximal-inflammatory; TRU-
like, terminal respiratory unit-like; n.d., not done due to sample imbalance; n.s., not significant P > 
0.05; BH adjP, Benjamini Hochberg adjusted p-value. 
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3.3.4. Altered surfactant metabolism, MHC-II antigen presentation and 
macrophage infiltration in LRRK2-low non-TRU type LUAD 

To profile the transcriptional landscape associated with a change in LRRK2 

expression, we compared the results of differential expression (DE) analyses for two 

biological contexts in LUAD with a dramatic decrease of LRRK2 expression: in tumor 

(n=518) versus normal lung (n=59) and in tumors expressing the highest decile (LRRK2-

D10; n=49) versus the lowest decile (LRRK2-D1; n=50) of LRRK2 gene abundance 

(absolute Log 2 fold change (Log2FC) > 0.6; BH adjP < 0.05).  A comparison of DE 

genes identified in each context revealed a greater overlap of misexpressed genes than 

expected by chance: 548 of 1025 genes with increased mRNA levels in tumor versus 

normal lung were also differentially increased in LRRK2-D1 versus -D10 tumors 

(representing 97.5% of 562 upregulated genes in LRRK2-D1 tumors), while 1170 of 

1699 genes with decreased mRNA levels in tumor versus normal lung also had 

decreased differential expression in LRRK2-D1 versus -D10 tumors (representing 86.9% 

of 1346 downregulated genes in LRRK2-D1 tumors) (Monte Carlo permutation test with 

100,000 repetitions and conservative gene universe estimate of 11,000 expressed 

genes; empirical P < 0.0001) (Ramsköld, Wang, Burge, & Sandberg, 2009; Phipson & 

Smyth, 2010) (Table B-9).  Although LRRK2 was expressed heterogeneously across 

tumors, 80% of genes found to be DE in the more inclusive stratification of LRRK2-low 

versus -high tumors were confirmed to be DE in LRRK2-D1 versus -D10 tumors (1055 of 

1318 DE genes; Table B-12).  Genes identified as DE in LRRK2-low versus -high tumors 

but not in LRRK2-D1 versus -D10 tumors were enriched for genes that function in anion 

transport (e.g., GO:0006820), a cellular process that was also predicted to be altered at 

the pathway level in LRRK2-D1 versus -D10 tumors for carbon-containing molecules 

(e.g., GO:0015711 organic anion transport) (Metascape; hypergeometric cumulative q < 

0.0001) (The Gene Ontology Consortium, 2017; Tripathi et al., 2015).  

Figure 3-3 depicts the hierarchical agglomerative clustering of a selection of 

genes DE in both tumor versus normal lung and in LRRK2-D1 versus -D10 tumors 

(n=385 DE genes with absolute Log2FC > 2), plotted for the complete TCGA LUAD 

cohort and ordered by tissue (59 adjacent normal lung versus 518 tumors), LRRK2 

expression status and expression subtype (Table B-10).  To identify perturbed gene 

pathways associated with LRRK2 reduction, gene set enrichment analysis (Metascape; 

hypergeometric cumulative q < 0.0001) (Tripathi et al., 2015) was performed for each of 
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three overarching clusters of genes from the cluster result (Tables B-11 and B-13).  

Cluster 1 was enriched for genes that function in mitotic nuclear division (GO:0140014) 

and regulation of mitotic cell cycle (GO:0007346) (The Gene Ontology Consortium, 

2017), with increased expression in tumors versus normal lung and in LRRK2-low 

versus -high tumors (Fig. 3-3 exemplar genes, blue boxplots, top right).  Cluster 2 was 

enriched for genes that function in immune response ─ e.g., antigen processing and 

presentation (KEGG pathway hsa04612) (Kanehisa, Furumichi, Tanabe, Sato, & 

Morishima, 2017), cytokine-mediated signaling (GO:0019221), and adaptive immune 

system (Reactome R-HSA-1280218) (Fabregat et al., 2018) ─ while Cluster 3 was 

enriched for genes that function in surfactant metabolism (Reactome R-HSA-5683826) 

and transport of small molecules (Reactome R-HSA-382551), with decreased 

expression in tumors versus normal lung and in LRRK2-low versus -high tumors in both 

Clusters 2 and 3 (Fig. 3-3 exemplar genes, blue boxplots, middle and bottom). 
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Figure 3-3 The transcriptional landscape of LRRK2 reduction in lung 
adenocarcinoma (LUAD). 

Hierarchical agglomerative clustering of genes robustly differentially expressed (DE) in two LUAD 
biological contexts with a striking reduction of LRRK2 expression, revealed downregulation of 
surfactant metabolism associated with LRRK2 reduction that was non-TRU expression subtype-
independent.  (Top Left) The heatmap displays clustering of genes DE in both tumor versus 
normal lung and in LRRK2-D1 (LRRK2 decile 1 expression) versus -D10 tumors (LRRK2 decile 
10 expression): n=385 DE genes with absolute Log2 fold change > 2, plotted for the complete 
TCGA LUAD cohort and ordered by tissue, LRRK2 status and expression subtype. (Bottom) 
Example Cluster 3 surfactant metabolism genes that were DE with LRRK2 reduction (in tumor 
versus normal: blue boxplots; within non-TRU expression subtypes: multicolour boxplots) and 
predicted to be strongly co-expressed with LRRK2 (Spearman’s correlation coefficient (rho) ≥ 0.6; 
Bonferroni corrected P < 0.0001; standardized RSEM Transcripts Per Million).  (Top Right) 
Example Cluster 1 cell cycle genes. (Middle Right) Example Cluster 2 immune-related genes. Of 
note, major histocompatibility complex II gene HLA-DPA1 (along with other genes not shown) had 
a significant negative correlation between expression and the predicted proportion of cancer cells 
per sample (Spearman’s correlation coefficient < - 0.3 with tumor purity (see methods); 
Bonferroni corrected P < 0.0001; detailed in Fig. 3-4). Non-TRU, non-terminal respiratory unit; 
PP, proximal-proliferative; PI, proximal-inflammatory; TRU-like, terminal respiratory unit-like; n.s., 
not significant P > 0.05; BH adjP, Benjamini Hochberg adjusted P value. 

Most LRRK2-low tumors were non-TRU type tumors; therefore, a differential 

expression analysis comparing LRRK2-high to -low tumors was synonymous with 

comparing TRU-like to non-TRU type tumors.  To tease out DE genes that were 

associated with a change in LRRK2 status in an expression subtype independent 

manner, we performed further DE analyses between LRRK2-high versus -low tumors 

belonging to non-TRU subtypes only ─ i.e. LRRK2-high versus -low PI tumors or 

LRRK2-high versus -low PP tumors.  LRRK2 status failed to be associated with DE of 

most Cluster 1 genes within non-TRU type tumors (Fig. 3-3 exemplar genes, multicolour 

boxplots, top right) and approximately half of Cluster 2 genes (Fig. 3-3 exemplar genes, 

multicolour boxplots, middle right), but was associated with further decreased differential 

expression of a number of Cluster 2 immune-related genes, with expression levels that 

had significant negative associations with sample purity (Spearman’s correlation 

coefficient < - 0.3; Bonferroni corrected P < 0.0001; Tables B-15 and B-16).  Purity, 

defined as the proportion of cancer cells in a sample, was estimated bioinformatically by 

Aran et al. (Aran, Sirota, & Butte, 2015) for TCGA LUAD cohort (see Methods).  Clusters 

1 and 3 had few genes with expression associated with purity (3 and 10 genes, 

respectively), while the expression of 64 of 98 Cluster 2 genes was negatively 

associated with purity.  LRRK2 status further stratified the expression of many Cluster 3 

genes within non-TRU type tumors, many of which tended to be strongly co-expressed 

with LRRK2 (absolute Spearman’s correlation coefficient > 0.6; Bonferroni corrected P < 

0.0001; Fig. 3-3 scatterplots; Table B-14), in particular surfactant pathway genes (e.g., 
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SFTPA1, SFTPA2, SFTPB, SFTPC, SFTPD) and lamellar body-related genes, such as 

ABCA3 (AT2 cell surfactant specific phospholipid transporter) and LAMP3 (AT2 cell- and 

lymphoid non-germinal center cell-specific glycoprotein that coats the inside membrane 

of secondary lysosomes).  Therefore, increased expression of genes related to 

proliferation were associated with non-TRU expression subtype regardless of LRRK2 

expression status, while LRRK2 reduction was strongly associated with decreased 

surfactant pathway expression independent of non-TRU expression subtype. 

Multiple immune-related genes differentially decreased in LRRK2-low versus -

high non-TRU type tumors displayed expression patterns that were inversely related to 

purity, suggesting a potential reduction of tumor infiltrating leukocytes in LRRK2-low 

tumors.  Further, while tumoral expression of LRRK2 was not correlated with purity 

(Spearman’s correlation coefficient = -0.14, Bonferroni corrected P < 0.0001), there was 

a small but significant increase in purity in LRRK2-low (median sample purity = 0.74) 

versus -high PP tumors (median sample purity = 0.69) (Dunn’s pairwise test BH adjP = 

0.038, Fig. 3-4 top left).  To quantify differences of tumor infiltrating leukocytes between 

LUAD tumors grouped by LRRK2 status and expression subtype, we leveraged a recent 

comprehensive characterization of the immune landscape of 10,000 TCGA tumors that 

reported predicted sample fractions of various immune cells, deconvolved from RNA-seq 

data using the widely published CIBERSORT (Gentles et al., 2015; Newman et al., 

2015) algorithm and calculated as a percentage of the total leukocyte fraction of each 

sample, which was estimated from leukocyte-specific methylation of 2000 loci (Thorsson 

et al., 2018) (Table B-16).  LRRK2-low PP tumors had significantly decreased total 

macrophages ─ the sum of monocytes, M0, M1 and M2 macrophages ─ compared to 

LRRK2-high PP tumors (Dunn’s pairwise test BH adjP = 0.0078, Fig. 3-4 top right), while 

LRRK2 expression status did not stratify fractions of infiltrating leukocytes in PI tumors 

(Tables B-17 and B-18).  In addition to quantification of immune cells, Thorsson et al. 

estimated the activity of important immune pathways using previously published gene 

signatures (Thorsson et al., 2018) (Table B-16).  LRRK2-low PP tumors had strikingly 

decreased scores for predicted CSF1 macrophage regulation (Beck et al., 2009) 

compared to LRRK2-high PP tumors (Dunn’s pairwise test BH adjP = 0.00063, Fig. 3-4 

middle left), which was not the case for PI tumors.  While some immune-related genes 

showed modest decreases of abundance in LRRK2-low PI tumors, genes related to 

macrophage regulation or infiltration were consistently downregulated in LRRK2-low PP 
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tumors compared to all other tumors (Fig. 3-4 left).  Macrophage-related genes found to 

be DE with LRRK2 status within PP tumors had strong inverse relationships to sample 

purity (n=90 genes with median Spearman correlation coefficient = - 0.63, Bonferroni 

corrected P < 0.0001).  In addition to potential decreased macrophage infiltration, 

LRRK2-low PP tumors displayed the lowest expression of major histocompatibility 

complex II (MHC-II) genes (Bindea et al., 2013) (Fig. 3-4 bottom right), which showed 

varying inverse associations to sample purity (median Spearman correlation coefficient = 

- 0.51, Bonferroni corrected P < 0.0001, n=13 genes).  In summary, the transcriptional 

landscape of reduced LRRK2 predicts decreased surfactant metabolism and MHC-II 

antigen presentation in all non-TRU type tumors and reduced macrophage infiltration in 

LRRK2-low PP tumors. 
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Figure 3-4 Reduced predicted MHC-II antigen presentation and macrophage 
infiltration in LRRK2-low proximal-proliferative (PP) tumors. 

(Top Left) Scatterplots of sample purity (bioinformatically derived consensus measurement of 
tumor purity estimate or CPE; see methods) versus LRRK2 mRNA levels (Spearman’s correlation 
coefficient - 0.14; Bonferroni corrected P < 0.0001) or stratified by combined non-TRU subtype 
(PI or PP) and LRRK2 status (Dunn’s test BH adjP = 0.038). (Top Right) Stratification of a 
previously published, gene expression-based score for CSF1/M-CSF (Colony Stimulating Factor 
1) macrophage regulation or total macrophage infiltration (deconvolved from RNA-seq using the 
CIBERSORT algorithm) by combined expression subtype and LRRK2 status (Dunn’s test BH 
adjP = 0.00063 and 0.0078, respectively). (Bottom Left) mRNA levels of example genes included 
in the expression-based scores for either CSF1/M-CSF macrophage regulation or total 
macrophage infiltration, with significant associations to sample purity (Spearman’s correlation 
coefficient - 0.41 to - 0.75; Bonferroni corrected P < 0.0001), stratified by combined non-TRU 
subtype (PI or PP) and LRRK2 status (Dunn’s test BH adjP < 0.05). (Bottom Right) mRNA levels 
of MHC-II (major histocompatibility complex II) genes, including master regulator CIITA (Class II 
Major Histocompatibility Complex Transactivator), with significant associations to sample purity 
(Spearman’s correlation coefficient - 0.37 to - 0.58; Bonferroni corrected P < 0.0001) stratified by 
combined non-TRU subtype (PI or PP) and LRRK2 status (Dunn’s test BH adjP < 0.05). DEG, 
differentially expressed genes; ECDF, empirical cumulative distribution; non-TRU, non-terminal 
respiratory unit; PP, proximal-proliferative; PI, proximal-inflammatory; TRU-like, terminal 
respiratory unit-like; CPE, consensus measurement of tumor purity estimate; r, Spearman’s rho; 
n.s., not significant P > 0.05; BH adjP, Benjamini Hochberg adjusted P value  
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3.3.5. LRRK2 knockout increases tumor initiation in a murine model 
of urethane-induced early lung cancer 

Given the association of reduced LRRK2 with current smoking and decreased 

patient OS, increased genome instability, and less differentiated non-TRU tumor types, 

we hypothesized that LRRK2 acts as a tumor suppressor in LUAD.  To assess whether 

LRRK2 knockout increases adenoma multiplicity and/or size, 6- to 8-week-old C57BL/6-

Lrrk2tm1Mjfa  null mice homozygous for a deletion in Exon 41 of the kinase domain 

(referred to as LRRK2 KO; Stock No: 012444 The Jackson Laboratory) and wildtype 

(WT) strain mates received 10 weekly intraperitoneal injections of urethane (1 g/kg 

diluted in PBS), and were sacrificed at 26 weeks post-first injection (Miller et al., 2003).  

Surface lung lesions were counted and measured under dissecting microscope by two 

researchers, while transverse hematoxylin and eosin (H&E) stained sections were 

examined for micro lesions by a pathologist and a second experienced researcher; all 

researchers were blind to the study design and quantitative results were averaged (Fig. 

3-5).  Miller and colleagues developed the above described urethane protocol to 

facilitate use of tumor-resistant C57Bl/6 mouse strains with genetically engineered 

variants of interest for cancer research.  Their widely applied model predicts 3 ± 0.36 

(mean ± SEM) surface lesions per wildtype C57Bl/6 animal (Miller et al., 2003), 

measuring 0.52 ± 0.06 mm when harvested 24 weeks after beginning treatment;  WT 

mice in our experiment produced an average of 2.53 ± 0.91 visible adenomas (n=16 

mice; 95% CI 0.702-4.36 including outlier animal), while LRRK2 KO mice produced an 

average of 6.53 ± 0.75 adenomas per animal (n=20 mice; 95% CI 5.02-8.03) (Student’s 

T test P = 0.0020) (Fig. 3-5).  LRRK2 KO adenomas were larger than WT adenomas on 

average per animal: 0.53 ± 0.06 mm in WT (95% CI 0.41-0.65) and 0.78 ± 0.02 mm in 

LRRK2 KO (95% CI 0.74-0.82) (n=40 WT and 130 KO surface lesions; Student’s T test 

P = 0.0016) (Fig. 3-5).  Micro lesion count (from H&E section) positively correlated with 

surface lesion count per animal (Spearman’s correlation coefficient = 0.67; Bonferroni 

corrected P < 0.0001) (Fig. B-4 ).  Average surface lesion size was strongly correlated 

with surface lesion count per animal (Spearman’s correlation coefficient = 0.76; P < 

0.0001) (Fig. B-4); however, IHC staining for an established marker of proliferation 

showed a similar percent of Ki-67 positive lesion cells between genotypes: median of 

5.35% in WT animals (nonparametric bias-corrected and accelerated (BCa) 95% CI 

3.14-8.58; 12 lesions from 7 animals) and 7.86% in LRRK2 KO animals (BCa 95% CI 
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6.65-9.32; 25 lesions from 14 animals) (Mann-Whitney test P = 0.07).  Given the 

association of reduced LRRK2 with changes to innate immunity and antigen 

presentation predicted for the TCGA LUAD cohort (see Fig. 3-4), using flow cytometry, 

we profiled the abundance of 10 myeloid cell types in single-cell suspensions from 

LRRK2 KO and WT lungs, collected from the urethane experiment (see supplementary 

methods for gating scheme adapted from Yu et al. 2016; Fig. B-5).  Total inflammatory 

monocytes, total inflammatory macrophages and CD11b+ dendritic cells were increased 

in LRRK2 KO lungs (Fig. B-6 A), while mean fluorescence intensity of MHC-II was 

decreased in a Ly6C+ population of inflammatory macrophages in LRRK2 KO lungs 

(Fig. B-6 B) (n=6 animals per group; Student’s T-test P < 0.05).  The Ly6C+ population 

of inflammatory macrophages was present in both genotypes.  Ly6C/Gr1 is an 

inflammatory monocyte cell surface marker in mice that can be expressed on the cell 

surface at various levels (e.g., high, middle or low), found to correlate with monocyte 

chemokine receptor expression and functional phenotype (Yang, Zhang, Yu, Yang, & 

Wang, 2014). 
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Figure 3-5 LRRK2 knockout increases tumor initiation in a murine model of 
urethane-induced early stage lung cancer. 

(Left) Examples of surface lung lesions that developed in both LRRK2 knockout (KO) and 
wildtype (WT) mice after urethane exposure in tumor-resistant C57Bl6 mice. (Middle) Double 
blind analysis of lung lesion surface counts and size (Student’s T test P = 0.0020). LRRK2 KO 
adenomas were larger than WT adenomas on average per animal (n=40 WT and 130 KO surface 
adenomas; Student’s T test P = 0.0016). (Right) Examples of transverse hematoxylin and eosin 
stained sections containing adenomas (20X magnification). (Far Right) Detailed view; note that 
LRRK2 KO lung parenchyma contained enlarged, vacuolated cells (arrow) that were absent in 
WT lung parenchyma. 

LRRK2 KO animals have established morphological phenotypes in AT2 cell 

lamellar bodies (Fuji et al., 2015; Herzig et al., 2011), organelles that store and secrete 

pulmonary surfactant.  To confirm LRRK2 expression in AT2 cells in our model, a tissue 

microarray was constructed with samples of adenomas and surrounding lung 

parenchyma from WT and LRRK2 KO animals and multiplexed IHC staining for AT2 cell 

marker SFTPC (Ferangi blue chromogen) and LRRK2 (3,3'-Diaminobenzidine (DAB) 

chromogen) was used to determine colocalization.  Each core was segmented into 

lesion and adjacent lung parenchymal compartments and single positive, double positive 

(i.e. LRRK2 positive AT2 cells) and negative cell counts were quantified as a percentage 

of total cells per tissue segment.  Total positivity per marker (per tissue) was obtained by 

summing double positivity with single positivity.  LRRK2 colocalized almost exclusively 

with SFTPC in both lesions and lung parenchyma in WT animals: the median 

percentage of cells with single LRRK2 positivity in lesions was 0.0645% (BCa 95% CI 
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0.0448-0.149) and 0.299% (BCa 95% CI 0.124-0.614) in lung parenchyma.  We noted a 

wide range of tumoral AT2 cell LRRK2 positivity in WT lesions, calculated by dividing 

lesion counts of double positive cells by lesion counts of all SFTPC positive cells: a 

median of 58.2% of SFTPC positive lesion cells were positive for LRRK2, with an 

interquartile range of 16.2-79.0 (n=14 lesions from 7 animals).  Figure 3-6 presents 

representative images of multiplexed IHC for SFTPC and LRRK2 in lesions from WT 

mice: 10 of 14 WT lesions contained LRRK2 positive AT2 cells at numbers close to or 

above median frequency (e.g., Fig. 3-6 row 1), while four lesions showed a low 

percentage of LRRK2 positive AT2 cells (3.6% to 16.2%), although adjacent non-tumoral 

AT2 cells remained LRRK2 positive (e.g., Fig. 3-6 row 2).  In brief, carcinogen challenge 

of LRRK2 KO mice increased lung tumor initiation and infiltration of inflammatory 

myeloid cells but decreased the MHC-II expression of Ly6C+ inflammatory macrophages 

in these animals. 
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Figure 3-6 Adenomas from wildtype control mice exhibit a wide range of 

percent LRRK2 positive alveolar type II cells. 
To confirm LRRK2 expression in AT2 cells in our model, a tissue microarray was constructed with 
samples of adenomas and surrounding lung parenchyma from wildtype (WT) and LRRK2 
knockout (KO) animals. (Top) Representative images of multiplexed immunohistochemical (IHC) 
staining for alveolar type II (AT2) cell marker SFTPC (Ferangi blue chromogen) and LRRK2 (3,3'-
Diaminobenzidine (DAB) chromogen) used to determine colocalization. (Middle) Representative 
images (20X magnification) of multiplexed IHC for SFTPC and LRRK2 in adenomas from WT 
mice. (Bottom) Representative image of multiplexed IHC for SFTPC and LRRK2 in an adenoma 
from a LRRK2 KO mouse. (Far Right) Quantitation of negative, single positive, and double 
positive cells in adenomas shown, including percent of lesion AT2 cells positive for LRRK2. 
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3.3.6. LRRK2-low LUAD shares patterns of differential gene 
expression with early postnatal developing lung during 
alveolarization 

A literature search of genes that displayed altered expression associated with 

tumoral LRRK2 status revealed that, just as in LUAD, cell cycle genes are inversely 

expressed while surfactant metabolism genes are co-expressed with LRRK2 during 

alveolarization in mice ─ the process by which alveoli differentiate from prenatal 

saccules during normal postnatal lung development (Beauchemin et al., 2016).  To 

assess whether DE genes in LRRK2-low tumors overlapped significantly with genes 

found to be DE in a recent comprehensive study of mouse lung development 

(Beauchemin et al., 2016), we converted human DE genes identified in this study to their 

mouse gene orthologs (using the HGNC Comparison of Orthology Predictions resource) 

(Eyre, Wright, Lush, & Bruford, 2007; Wright, Eyre, Lush, Povey, & Bruford, 2005) and 

employed a Monte Carlo permutation simulation (Phipson & Smyth, 2010) (n=100,000 

repetitions; Bonferroni corrected empirical P < 0.003) to generate an empirical 

distribution of the overlap that would occur by chance between two lists of DE genes 

with variable lengths, given a common pool of possibilities (or gene universe) (Tables B-

19 and B-20).  To increase stringency, only observed gene list intersections that were 

greater than the maximum simulated gene list intersection were deemed to have 

significant overlap of DE genes (see Methods for further details).  Beauchemin and 

colleagues identified DE mouse lung development genes in fetal and neonatal mouse 

lungs at 26 time points that encompassed 9 sequential developmental stages: four 

prenatal stages (embryonic (EMB), pseudoglandular (PSG), canalicular (CAN) and 

saccular (SAC)), four postnatal stages of alveolarization (ALV1, ALV2, ALV3, ALV4) and 

a final homeostatic stage (termed maturity or MAT) (Beauchemin et al., 2016).  Genes 

that were differentially increased in LRRK2-low versus -high LUAD tumors were 

compared with genes differentially increased between neighbouring developmental 

stages during lung development, while genes that were differentially decreased in 

LRRK2-low versus -high LUAD tumors were compared with genes differentially 

decreased between neighbouring developmental stages, for a total of 16 comparisons.  

Table 1 summarizes the significance of overlap found between DE genes in LRRK2-low 

LUAD tumors and genes DE between neighbouring developmental stages during mouse 

lung development, and includes: the count of DE genes in each comparator gene list, 

the observed count of intersecting genes for each comparison, the range of simulated 
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counts of intersecting genes for 100,000 repetitions, whether the observed intersection 

was greater than the simulated intersection, and the empirical P-value calculated from 

the Monte Carlo permutation test (Bonferroni corrected empirical P < 0.003).  The 

observed intersection of genes DE in LRRK2-low tumors with genes DE during early 

postnatal alveolarization (postnatal days 0-3 and 4-7, respectively termed ALV1 and 

ALV2), extensively characterized as having a burst in lung cell proliferation triggered by 

birth and respiration (Amy, Bowes, Burri, Haines, & Thurlbeck, 1977; Kauffman, 1969; 

Crocker, Teeter, & Nielsen, 1970; Pozarska et al., 2017), was substantially greater than 

expected by chance:  4.5 times the expected number of differentially increased genes 

(n=208 genes) and 2.8 times the expected number of differentially decreased genes 

(n=252 genes) overlapped between the ALV2 time point in mice and LRRK2-low tumors 

from LUAD patients.  GSEA of overlapping DE genes revealed that commonly increased 

genes were involved in cell cycle pathways ─ e.g., cell cycle (R-HSA-1640170) (Croft et 

al., 2011; Fabregat et al., 2018), nuclear division (GO:0000280) (The Gene Ontology 

Consortium, 2017), DNA conformation change (GO:0071103), DNA replication 

(GO:0006260), G2/M phase transition (GO:0044839) ─ while commonly decreased 

genes were involved in: surfactant metabolism (R-HSA-5683826), regulated exocytosis 

(GO:0045055), lipid biosynthetic processes (GO:0008610),  and transport of small 

molecules (R-HSA-382551) (Table B-21).  Overlap of differential expression between 

LRRK2-low LUAD tumors and alveolarization in postnatal mouse lung predicts shared, 

synchronous transcriptional mechanisms of increased cell cycle activity and decreased 

surfactant metabolism. 



110 

Table 3-1 Significance of overlap identified between genes differentially expressed in the lowest versus highest LRRK2 
expressing lung adenocarcinomas and genes differentially expressed between neighbouring developmental 
stages during mouse lung development. 

Developmental time points Lung 
development 

gene list 

Gene 
count a 

LUAD gene 
list 

Gene 
count a 

Observed 
gene 

intersection b 

Simulated gene 
intersection 
(min-max) 

Empirical    
P-value c 

Observed > 
Simulated 

intersection d 
E11.5-12.5 vs E13.5-E15.5 EMB vs PSG ↑ 1335 LRRK2-D1 vs 

LRRK2-D10 ↑ 
1302 88 32-102 0.0221 -- 

E11.5-12.5 vs E13.5-E15.5 EMB vs PSG ↓ 190 LRRK2-D1 vs 
LRRK2-D10 ↓ 

2199 27 2-35 0.0286 -- 

E13.5-E15.5 vs E16.5-E17.5 PSG vs CAN ↑ 1021 ↑ e 1302 40 23-87 n.s. -- 
E13.5-E15.5 vs E16.5-E17.5 PSG vs CAN ↓ 757 ↓ 2199 45 32-96 n.s. -- 
E16.5-E17.5 vs E18.5_E19.5 CAN vs SAC ↑ 853 ↑ 1302 31 18-70 n.s. -- 
E16.5-E17.5 vs E18.5_E19.5 CAN vs SAC ↓ 806 ↓ 2199 26 36-102 n.s. -- 
E18.5_E19.5 vs P0-P3 SAC vs ALV1 ↑ 855 ↑ 1302 45 17-70 n.s. -- 
E18.5_E19.5 vs P0-P3 SAC vs ALV1 ↓ 594 ↓ 2199 59 23-77 n.s. -- 
P0-P3 vs P4-P7 ALV1 vs ALV2 ↑ 473 ↑ 1302 208 6-46 0.00016 Y 
P0-P3 vs P4-P7 ALV1 vs ALV2 ↓ 692 ↓ 2199 252 27-89 0.00016 Y 
P4-P7 vs P9-P12 ALV2 vs ALV3 ↑ 273 ↑ 1302 15 0-30 n.s. -- 
P4-P7 vs P9-P12 ALV2 vs ALV3 ↓ 371 ↓ 2199 25 11-57 n.s. -- 
P9-P12 vs P13-P18 ALV3 vs ALV4 ↑ 592 ↑ 1302 18 10-56 n.s. -- 
P9-P12 vs P13-P18 ALV3 vs ALV4 ↓ 623 ↓ 2199 85 24-84 0.00016 Y 
P13-P18 vs P21-P56 ALV4 vs MAT ↑ 836 ↑ 1302 63 16-70 0.0048 -- 
P13-P18 vs P21-P56 ALV4 vs MAT ↓ 643 ↓ 2199 139 27-83 0.00016 Y 

a: Gene count is defined as the count of differentially increased or decreased genes identified in lung development stage comparisons by Beauchemin et al.(Beauchemin et al., 
2016) or in this study in LRRK2-D1 versus LRRK2-D10 LUAD tumors, as indicated. b: Observed gene intersection was calculated as the count of genes either differentially 
increased or decreased in both the indicated lung development stage comparison and in this study in LRRK2-low versus -high LUAD tumors.  c: Empirical P-value was calculated 
for each observed gene intersection as p = (b+1)/(m+1), where b was the number of times a simulated gene list intersection was ≥ the observed gene intersection and m was the 
number of permutations (m=100,000), Bonferroni corrected P < 0.05.  d: ’Y’ designates that the observed gene intersection was greater than the maximum simulated gene 
intersection. e: For brevity, repetitive LUAD gene list names abbreviated to differentially increased (↑) or decreased (↓) in this column.  ↑, differentially increased; differentially 
decreased, ↓; EMB, embryonic; PSG, pseudoglandular; CAN, canalicular; SAC, saccular; ALV1-4, alveolarization; MAT, mature lung; LRRK2-D1, LRRK2 decile 1 tumor 
expression; LRRK2-D10, LRRK2 decile 10 tumor expression  
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3.4. Discussion 

LUAD mutation burden is one of the highest of all cancer types (Colli et al., 

2016).  Non-small cell lung cancer (NSCLC) clonal analyses indicate that driver 

mutations (e.g., EGFR and KRAS) and smoking associated transversions tend to be 

truncal events that occur early in tumor initiation (de Bruin et al., 2014), while subclonal 

diversification plays an important role in LUAD’s varied natural history and patient 

outcome.  NSCLC therapies targeting major genetic drivers are challenged by LUAD 

heterogeneity, emphasizing an ongoing need to characterize the ‘long tail’ of molecular 

alteration found in lung cancer (Fumagalli et al., 2018).  In this study, we identified 

LRRK2 as a novel tumor suppressor in LUAD, where reduced expression was 

associated with tumors compared to normal lung, current smoking, poor OS, and 

expression subtype-dependent molecular alteration and immunosuppression in patients 

from TCGA.  We further demonstrated that LRRK2 knockout increased lung adenoma 

initiation in mice exposed to urethane, a carcinogen present in cigarette smoke, 

providing orthologous evidence that LRRK2 reduction is not merely a passenger 

aberration but a link between environmental insult and potential AT2 cell transformation.    

In the tumor-resistant C57Bl6 murine background, urethane treatment produces 

mainly Kras-driven hyperplasias and adenomas that do not progress to 

adenocarcinomas (Miller et al., 2003; Nikitin et al., 2004); therefore, our in vivo model 

assessed the tumor initiation potential of LRRK2 loss but not its contribution to tumor 

progression.  In this context, LRRK2 KO more than doubled the surface number of 

adenomas and increased their size by a factor of 1.5 compared to WT animals, while the 

morphology and proliferation status of micro lesions remained similar between groups, 

suggesting that LRRK2 KO may have facilitated adenoma formation at an earlier time 

point.  However, given the long latency of lesion development in this model, we cannot 

rule out that differences in proliferation rate existed closer to treatment.  Staining 

adenomas for the AT2 cell marker SFTPC and LRRK2 found that over half of lesion cells 

were SFTPC positive, regardless of genotype, and that LRRK2 colocalized exclusively 

with SFTPC positive cells in WT lesions, locating LRRK2’s main functional relevance in 

this model to AT2 cells ─ a cell type confirmed to give rise to adenomas in this study, 

and a predominant cell type of origin in LUAD (Rowbotham & Kim, 2014b).  Although we 

found no difference in the number of SFTPC positive lesion cells in LRRK2 KO mice 



112 

compared to WT mice, we did note a difference in appearance of SFTPC+LRRK2− AT2 

cells compared to SFTPC+LRRK2+ AT2 cells, which appeared less punctate with 

SFTPC IHC (Fig. 3-6 top) and enlarged and vacuolated when stained by H&E (Fig. 3-5 

right).  LRRK2 KO mouse lung and non-human primate lung treated with LRRK2 

pharmacological inhibition contained enlarged vacuolated AT2 cells, within which 

immature lamellar bodies were swollen with phospholipid, potentially altering surfactant 

composition and/or function (Fuji et al., 2015; Herzig et al., 2011).  Future studies 

comparing surfactant composition and function in LRRK2 KO versus WT AT2 cells 

treated with urethane may reveal surfactant defects relevant to increased adenoma 

initiation in this model.  Based on these data, we conclude that LRRK2 loss increases 

AT2 cell adenoma formation in response to urethane exposure. 

RNA-seq revealed a wide range of LRRK2 gene expression in TCGA LUAD 

tumors, including: tumors that expressed LRRK2 as high as normal adjacent lung tissue, 

tumors that lost LRRK2 expression, as well as many tumors that expressed variable, 

intermediate amounts of LRRK2.  This result was echoed in our mouse experiment, 

where some WT mice treated with urethane developed adenomas with reduced counts 

of cells double positive for SFTPC and LRRK2.  Regardless of adenoma expression of 

LRRK2, adjacent non-tumoral AT2 cells retained LRRK2 positivity, suggesting that 

LRRK2 reduction was associated with lesion-related changes in AT2 cells.  Therefore, 

not only did LRRK2 KO in mice increase the number of proliferative lesions, but LRRK2 

expression may have been lost in AT2 cells within the proliferative lesions of some WT 

mice.  These results, in addition to the fact that TCGA LUAD tumors had markedly 

reduced median LRRK2 gene expression compared to matched normal lung tissue, 

suggest that LRRK2 reduction occurs during LUAD tumor initiation. 

Smoking is an environmental factor known to precipitate tumor initiation in LUAD, 

and non-TRU type LUAD is associated with having a smoking history compared to the 

TRU-like type (Wilkerson et al., 2012).  Most LRRK2-low tumors in TCGA LUAD cohort 

were non-TRU type, while most TRU-like tumors were LRRK2-high; further, LRRK2-low 

non-TRU type tumors were significantly enriched for over half of all TCGA LUAD current 

smokers, suggesting that LRRK2 reduction is associated with ongoing smoking.  TRU-

like tumors have established associations with never smoking, EGFR mutation, and well-

differentiated LUAD, while non-TRU type tumors are associated with smoking, KRAS, 

TP53 and STK11/LKB1 mutations, and poorly differentiated LUAD (Wilkerson et al., 
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2012), leading researchers to hypothesize that expression subtypes develop under 

distinct environmental and genetic conditions (Collisson et al., 2014; Wilkerson et al., 

2012).  Although LRRK2 status was not associated with LUAD driver mutations in an 

expression subtype-independent manner, it was strongly correlated with a gene 

signature derived from a histopathological classification of tumor differentiation (Beer et 

al., 2002; Chen et al., 2017); therefore, higher LRRK2 expression was associated with 

potential preservation of distal lung architecture, while lower LRRK2 expression was 

associated with potential lung architecture destruction ─ a morphological indication of 

invasive LUAD used for prognosis (Travis et al., 2015).  Given that LRRK2 KO 

phenotypes in mice disrupt the structure and potential function of a defining pathway in 

AT2 cells, surfactant secretion via lamellar bodies, it seems plausible that reduced 

LRRK2 expression could increase distal lung tissue impairment, which could increase 

AT2 cell vulnerability to the acquisition of progressive disease traits.  In summary, 

LRRK2-low tumors were associated with ongoing smoking and worse predicted tumor 

differentiation independent of expression-subtype, while LRRK2 reduction itself was 

strongly associated with non-TRU type tumors, but not with the alteration of major 

genetic drivers known to distinguish non-TRU expression subtypes.  Together, these 

results lead us to propose that drastically reduced LRRK2 is a consequence of ongoing 

smoking that occurs independent from the alteration of common LUAD drivers and 

expression-subtype development.  Of note, there is a robust inverse association 

between smoking and risk of sporadic PD (which includes patients with LRRK2-

mediated disease) that is strongest for current smokers (~55% reduced risk), compared 

to former smokers and never smokers (Gallo et al., 2018).  Further, the LRRK2 

Gly2385Arg polymorphism, associated with a 2-fold increased risk of PD in Asian 

populations, was found to have a significant additive interaction with smoking: non-

smokers with the polymorphism had a 5.8-fold higher risk of developing PD, compared 

to current smokers without the polymorphism ─ and researchers speculated that 

smoking inhibited LRRK2-mediated PD development in the LRRK2 Gly2385Arg cohort 

(Miyake et al., 2010).  The association between current smoking and reduced LRRK2 

mRNA levels in lung tissue identified in this study provides further evidence that smoking 

may inhibit LRRK2 function, which taken together with epidemiological studies in PD 

predicts biological consequences that far outreach the lung. 
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LRRK2 mRNA levels were strongly correlated with the expression of genes that 

function in surfactant metabolism and lamellar body biogenesis, suggesting co-

downregulation that could lead to compromised surfactant function.  AT2 cell marker 

SFTPC was the most DE gene in LRRK2-low versus -high TCGA LUAD tumors, while 

SFTPA1 and SFTPA2 and lamellar body phospholipid transporter ABCA3 showed the 

highest correlated LRRK2 co-expression (Spearman’s correlation coefficient=0.76, 0.74 

and 0.74, respectively).  While it was only possible to assess mRNA levels of the 

surfactant proteins in TCGA LUAD cohort, surfactant deficiency is associated with 

smoking and lung disease at the protein level in patients.  For example, decreased 

SFTPD in bronchoalveolar lavage fluid (BAL) fluid was positively associated with 

smoking pack-years and the progression of bronchial dysplasia (Sin, Man, McWilliams, 

& Lam, 2008).  In COPD, both SFTPD and phospholipids were highest in the BAL fluid 

of never smokers, intermediate in former smokers, and lowest in current smokers (Moré 

et al., 2010); similarly, SFTPA was decreased in the BAL fluid of smokers compared to 

never smokers (Honda, Takahashi, Kuroki, Akino, & Abe, 1996).  SFTPC expression, 

assessed by mRNA RT-qPCR in resected primary tumors from patients with NSCLC, 

was decreased compared to normal lung and SFTPC underexpression in tumors was 

associated with a 7-fold greater risk of recurrence and a 5-fold greater risk of death 

(Macía et al., 2017).  While surfactant proteins measured in BAL fluid are often 

decreased (Lopez-Rodriguez & Pérez-Gil, 2014), surfactant protein levels in plasma or 

serum of patients with lung disease are often increased (Doyle, Bersten, & Nicholas, 

1997; Sin et al., 2008).  One explanation could be that damage to alveolar tight junctions 

and integrity breakdown of the alveolar-capillary barrier, shown to accompany various 

lung pathologies involving edema (Doyle et al., 1997), facilitated leakage of surfactant 

into the systemic circulation (Bhattacharya & Matthay, 2013; Herrero, Sanchez, & 

Lorente, 2018).  Tight junction gene CLDN18 and genes that function in the 

transepithelial movement of water from air spaces (e.g., AQP4, AQP1) were differentially 

decreased in LRRK2-low tumors and highly co-expressed with LRRK2 (Fig. 3-3 bottom), 

suggesting the alveolar-capillary barrier may be compromised in addition to surfactant 

defects in these tumors.  While the mechanisms that link surfactant dysfunction to lung 

carcinogenesis remain to be discovered, robust associations exist between smoking 

history, surfactant defects and lung cancer.  Our differential expression analyses 

suggest the tight transcriptional regulation of LRRK2 and surfactant homeostasis genes 

in LUAD (perhaps in part by a combination of NKX2-1 and HOPX regulation), which 
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highlights lamellar body pathology and surfactant defects tied to smoking history that 

may support carcinogenesis in LRRK2-low tumors.  In future, it will be important to verify 

that LRRK2, and genes predicted to be strongly co-expressed, are reduced at the 

protein level in LUAD tumors from patients with a history of smoking. 

Hyperproliferation is a hallmark of non-TRU type tumors (Ringnér et al., 2016; 

Takeuchi et al., 2006).  We found most LRRK2-low tumors were non-TRU type with 

marked downregulation of surfactant metabolism genes.  Decreased surfactant 

metabolism occurs in conjunction with increased proliferation during alveolarization in 

normal, neonatal lung development (Beauchemin et al., 2016).  The gas exchange 

surface area of the lungs exponentially increases in response to birth and breathing, 

while surfactant production that was ramped up in the embryonic lung decreases to adult 

levels (Hillman, Kallapur, & Jobe, 2012).  Our comparison of DE genes in the lowest 

LRRK2 expressing tumors, with a recent comprehensive characterization of the 

transcriptional landscape of mouse lung development (Beauchemin et al., 2016), found 

significant overlap of DE genes (including LRRK2) related to increased cell cycle and 

decreased surfactant metabolism, at a specific timepoint between two stages of gene 

expression-defined alveolarization: the first stage encompassed postnatal days P0-P3 

(called ALV1), while the second stage encompassed postnatal days P4-P7 (called 

ALV2).  Morphological characterizations of postnatal lung development in rodents have 

documented an exponential increase in alveoli number that occurs between postnatal 

days P3 and P14 (Amy et al., 1977; Crocker, Teeter, & Nielsen, 1970; Pozarska et al., 

2017), where new growth of septal membrane ─ the primary gas-exchange surface that 

includes Type I and Type II epithelium, interstitial cells, capillaries, and connective tissue 

─ outpaces overall lung parenchymal growth on days P4 to P7 (Mund, Stampanoni, & 

Schittny, 2008).  Similarly, alveoli have been shown to increase in human lung 

dramatically during the first two years of life, followed by a slow but continuous increase 

into adolescence (Herring, Putney, Wyatt, Finkbeiner, & Hyde, 2014).  Given this study’s 

endpoint was 15 years of age, it is possible that postnatal alveolar development 

mechanisms remain available in adult lung and, given the right circumstances, could be 

co-opted by lung cancer cells.  For example, the oxidative stress generated by ongoing 

smoking could produce a stimulus similar to the surge of oxidative stress that neonatal 

lung cells experience, during the transition from a hypoxic in utero environment to the 

21% oxygen of ambient air (Vogel et al., 2015).  Our study has revealed that 
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transcriptional signals of synchronized increased proliferation and decreased surfactant 

metabolism are found both in normal alveolarization and in non-TRU LRRK2-low tumors 

in LUAD; it is tempting to speculate that aberrant activation of developmental programs 

that evolved to accommodate increased gas exchange may contribute to the 

hyperproliferation and surfactant defects predicted in this subset of lung tumors. 

While patients with non-TRU type tumors designated as PI or PP expression 

subtype share a similar overall survival prognosis, transcriptional profiling predicts 

distinct pathobiological contexts of disease (Ringnér et al., 2016).  Evidence from our 

study has found that LRRK2-low tumors were associated with genomic instability and 

potential immunosuppression in PP but not PI tumors.  A recent comprehensive 

characterization of the immune landscape of 10,000 TCGA tumors found an inverse 

relationship between focal SCNAs and sample leukocyte fraction (Thorsson et al., 2018).  

LRRK2-low PP tumors harboured increased genome-wide somatic copy number load 

and reduced predicted macrophage infiltration and CSF1 macrophage regulation, which 

was not identified in PI tumors stratified by LRRK2 status.  RNA-seq from TCGA LUAD 

cohort was from bulk tumor samples, and expression of macrophage-related genes and 

regulators that were reduced in LRRK2-low tumors ─ including genes previously used to 

identify tumor-associated macrophages in clinical studies (e.g., CD68, CSF1R/CD115, 

FCGR3A/CD16, CD163, CLEC10A/CD301 (Conway et al., 2016); Fig. 3-4 bottom left) ─ 

had strong negative correlations with sample purity, suggesting their expression levels 

depended on contributions from outside of the epithelial compartment (Aran et al., 2015).  

In addition to a potential lack of tumor-associated macrophages, LRRK2-low PP tumors 

─ and to some extent, LRRK2-low PI tumors ─ may suffer from a reduced capacity for 

antigen presentation.  The mRNA levels of master MHC-II regulator Class II Major 

Histocompatibility Complex Transactivator (CIITA), co-stimulatory CD86, MHC-II 

chaperone CD74, and multiple MHC-II isotypes were significantly reduced in LRRK2-low 

PP tumors (Fig.3- 4 bottom right) ─ these genes had only moderate correlations with 

sample purity, suggesting that cell types other than professional antigen-presenting cells 

may have expressed lower levels of antigen-presenting molecules.  Defective antigen-

presenting cell function, in both myeloid (Conway et al., 2016) and epithelial cells 

(Wosen, Mukhopadhyay, Macaubas, & Mellins, 2018), is associated with reduced tumor 

cell elimination and increased tumor cell escape in lung cancer.  In support of these 

observations in patient data, preliminary immunophenotyping of innate immune cells, 
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collected from the lungs of LRRK2 KO mice treated with urethane, identified an 

increased lung infilitration of inflammatory Ly6C+ macrophages but with reduced MHC-II 

levels, compared to wildtype mice undergoing the same treatment.  While an 

accumulation of myeloid cells in LRRK2 KO animals would seem to conflict with the 

predicted reduction of these cell types in TCGA LUAD data, it is important to note that 

this occurred in a specific LUAD expression subtype (PP), which was not genetically 

recapitulated in our mouse model (e.g., STK11 mutation/deletion).  As potential antigen 

presentation defects were associated with a change in LRRK2 expression regardless of 

non-TRU subtype, further investigation of LRRK2 modulation of MHC-II levels, in both 

tumor-associated macrophages and lung cancer cells, is warranted ─ particularly given 

that LRRK2 is reported to be expressed in various immune cells (Cook et al., 2017) and 

that our in vivo model relied on systemic knockout of LRRK2.  In particular, LRRK2 may 

intervene in interferon gamma (IFNG) induction of MHC-II expression.  Binding of IFNG 

at the cell surface triggers a kinase cascade that results in transcriptional activation of 

CIITA and CIITA-mediated MHC-II gene induction in multiple cell types (Axelrod, Cook, 

Johnson, & Balko, 2018).  LRRK2 mRNA and protein expression was positively 

associated with IFNG stimulation in distal blood monocytes from patients with PD(Cook 

et al., 2017), while pharmacological inhibition of LRRK2’s kinase function decreased 

MHC-II expression in distal blood monocytes from healthy donors (Thévenet, Pescini 

Gobert, Hooft van Huijsduijnen, Wiessner, & Sagot, 2011).  Although IFNG and its main 

receptors were not DE at the gene level in LRRK2-low tumors in this study, it is possible 

that reduced LRRK2 kinase function plays a role in the downregulation of MHC-II genes 

in tumor-associated myeloid cells and/or AT2 cells in PP tumors, which could exacerbate 

the pathological immunosuppression already predicted for this LUAD non-TRU subtype 

(Faruki et al., 2017).  While bulk tumor sequencing provided the basis for our ability to 

assess tumor infiltrating leukocytes in patient data, we acknowledge the speculative 

nature of RNA-seq deconvolution methods.  Future single cell sequencing studies of 

microdissected LUAD tumors are needed to confirm the identities and frequencies of 

tumor infiltrating leukocytes, as well as the levels of antigen presenting molecules 

expressed by various cell types, predicted by our findings.   

In this study, marked LRRK2 reduction was associated with tumors predicted to 

have altered distal lung architecture, dysfunctional surfactant metabolism, 

hyperproliferation, antigen presenting defects and innate immunosuppression ─ in 
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patients who continued to smoke and ultimately suffered worse overall survival.  While a 

retrospective study of associations identified in patients cannot determine causation, we 

were able to show that systemic LRRK2 KO increased tumor initiation in carcinogen-

driven, early lung cancer in mice.  This is the first study to demonstrate a tumor 

suppressor role for LRRK2 in distal lung cancer. Further studies that identify the 

mechanisms by which LRRK2 reduction promotes LUAD tumorigenesis have the 

potential to benefit cancer patients, and to inform the design of LRRK2 inhibition 

strategies in Parkinson’s disease that mitigate pulmonary-related adverse effects.  

3.5. Methods 

3.5.1. TCGA data and molecular covariates 

The following data were downloaded from the Broad Institute TCGA Genome 

Data Analysis Center: Level 3 TCGA LUAD clinical data (doi:10.7908/C19P30S6), Level 

3 TCGA LUAD mutation calls (doi:10.7908/C11G0KM9) and Level 4 somatic DNA 

alterations (SNP6 GISTIC2 copy number analysis (doi:10.7908/C1348JSB) and MutSig 

2CV version 3.1 mutation analysis (doi:10.7908/C17P8XT3)), Level 3 TCGA LUAD 

RNA-seq data (doi:10.7908/C11G0KM9) and Level 3 TCGA LUAD reverse phase 

protein array data (doi:10.7908/C11G0KM9).  Additional molecular tumor features 

predicted from RNA-seq data were obtained from the supplementary material of two 

recent bioinformatic characterizations of the TCGA LUAD dataset, including scores for: 

immune cell infiltration and regulation (Thorsson et al., 2018), for various pathway 

activities (Chen et al., 2017) and for tumor differentiation status (Chen et al., 2017) 

(described in further detail below; TableS3).  

Cut point derivation to define LRRK2 expression status of TCGA LUAD 

patientsTo test for associations between  LRRK2 expression status and various clinical 

phenotypes and molecular tumor features, LRRK2 gene abundance was dichotomized 

using the X-tile cohort separation algorithm (Camp et al., 2004).  X-tile determines a 

clinically relevant cut point by optimizing cohort correlation with clinical outcome, which 

was achieved by minimizing the P-value defined by Kaplan–Meier overall survival (OS) 

analysis and Log-rank test (Monte Carlo cross-validation P < 0.05).  X-tile input data 

included quantile normalized RSEM read counts of LRRK2 gene abundance and OS for 

410 patients with 60 months of post diagnosis clinical follow-up.  
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3.5.2. Somatic mutation and copy number alteration stratified by 
LRRK2 cutpoint and expression subtype 

Scores for genome-wide mutation and copy number load were calculated as 

previously published (Isella et al., 2017) (Table B-5).  The mutational load was 

calculated based on exome sequencing data by normalizing the count of all somatic 

mutations per tumor to an approximate protein-coding exome size of 30 megabases. 

The copy number load was calculated per tumor as the number of nucleotides affected 

by copy number alteration (at an absolute segmented value greater than 0.3) normalized 

to the total number of nucleotides contained in all segments identified for that tumor.  

Non-synonymous somatic mutations ─ missense, splice site, frameshift or other 

non-synonymous ─ reported for significantly mutated genes (SMGs; n=52 genes) 

identified by the TCGA MutSig 2CV v3.1 pipeline (q < 0.025) (Collisson et al., 2014) 

were tested for association with LRRK2 cutpoint and expression subtype status 

(pairwise Fisher’s exact test BH adjP < 0.05; Table B-5). Tumor stratification served as 

row variable and mutation status was designated as “altered” or “unaltered”.  Gene-level 

TCGA LUAD copy number data was filtered for either unaltered or high-level copy 

number alterations.  High-level thresholds were calculated by TCGA on a per sample 

basis as the maximum (for amplifications) or minimum (for deletions) median arm-level 

copy number alteration (Collisson et al., 2014).  Genes altered in at least 5% of tumors 

with high-level copy number alterations were tested for association with tumors grouped 

by combined status for LRRK2 cutpoint and expression subtype (n=2458 genes; 

pairwise Fisher’s exact test with BH adjP < 0.05; Table B-5).  After identifying gene-level 

SCNA associations per tumor group, genes found to be differentially copy number 

altered in LRRK2-high versus -low tumors within a non-TRU subtype were interpreted as 

being associated with a change in LRRK2 status (i.e. CNAs differentially altered in 

LRRK2-high PP vs LRRK2-low PP or LRRK2-high PI vs LRRK2-low PI) (Table B-6 and 

B-7).  Genes found to be differentially copy number altered between various subtypes 

within LRRK2-high tumors were interpreted as being associated with a change in 

expression subtype, independent of LRRK2 expression status (i.e. LRRK2-high TRU vs 

LRRK2-high PI, LRRK2-high TRU vs LRRK2-high PP, LRRK2-high PI vs LRRK2-high 

PP).  Genes found to be differentially copy number altered in LRRK2-high versus -low 

tumors within a non-TRU subtype but not between expression subtypes within LRRK2-
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high tumors were defined as the most likely to be LRRK2-associated, independent of 

subtype.    

3.5.3. Assignment of molecular expression subtypes   

To assign LUAD gene expression subtypes (Collisson et al., 2014; Hayes et al., 

2006b; Wilkerson et al., 2012) to TCGA LUAD tumor samples (n=515 tumors) as 

previously published, quantile normalized RSEM gene expression data were Log2 

transformed, median centered by gene and compared by Pearson correlation to the 

published nearest centroid classifier (Wilkerson et al., 2012).  Input genes were limited to 

the 489 of 506 classifier genes present in the TCGA data set and subtype was assigned 

using the maximum correlation coefficient.  Subtype calls were benchmarked against 

published subtype assignments by TCGA Research Network (Collisson et al., 2014) on 

a subset of the TCGA LUAD cohort (n=230 tumors), which found 93.9% of calls to be 

identical ─ a result in line with a recent assessment of the classification stability for this 

classifier, which found that typically <10% of samples switched gene expression subtype 

when perturbations to the input data (e.g., missing genes, missing samples, differences 

in gene centering or similarity metric) were introduced (Ringnér et al., 2016).  

3.5.4. Differential expression and gene set enrichment 

Quantile normalized RSEM read counts were further normalized for library size 

using the trimmed mean of M-values (TMM) method implemented in edgeR 

(calcNormFactors function; version 3.22.3); normalized log-counts per million were 

weighted using the variance modelling at the observation-level method prior to the 

Limma analysis pipeline (version 3.34.5).  Differentially expressed (DE) genes identified 

by Limma were filtered for a false discovery rate < 0.05 (BH adjusted), an average log 

expression greater than 1, and an absolute log fold change greater than 0.6.  Differential 

expression analysis was performed between the following sample stratifications: tumor 

versus adjacent normal lung, tumors expressing the lowest decile of LRRK2 gene 

abundance (LRRK2-D1) versus those expressing the highest decile of LRRK2 gene 

abundance (LRRK2-D10), LRRK2-high versus -low PI tumors, LRRK2-high versus -low 

PP tumors, as well as LRRK2-high versus -low non-TRU type tumors (PI and PP 

subtypes combined).  Genes DE between LRRK2-D1 and LRRK2-D10 tumors were 

compared to genes DE in tumors versus normal lung ─  e.g. a list of genes differentially 
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increased in LRRK2-D1 versus -D10 tumors was compared to the list of genes 

differentially increased in all tumors versus normal lung  ─ producing the following input 

gene lists for gene set expression analysis (GSEA) by the Metascape algorithm (Tripathi 

et al., 2015; http://metascape.org; q < 0.05): 1) common increased DE (in all tumors and 

LRRK2-D1 tumors), 2) common decreased DE (in all tumors and LRRK2-D1 tumors), 3) 

and 4) opposing increased or decreased DE in LRRK2-D1 tumors (compared to all 

tumors), 5) and 6) uniquely increased or decreased DE in LRRK2-D1 tumors (compared 

to all tumors), or 7) and 8) uniquely increased or decreased DE in all tumors (compared 

to LRRK2-D1 tumors).  Genes DE between LRRK2-D1 and -D10 tumors found to be 

further DE with a change in LRRK2 expression level within tumors of the same 

expression subtype ─ i.e. LRRK2-high versus -low PP tumors, LRRK2-high versus -low 

PI tumors or LRRK2-high versus low non-TRU type tumors ─ were interpreted as having 

differential expression associated with LRRK2 status.  To identify genes potentially co-

expressed with LRRK2, a Spearman’s correlation coefficient was calculated for the 

expression of each gene in the genome and LRRK2, for all TCGA LUAD tumor samples 

(absolute Spearman’s correlation coefficient > 0.3; BH adjP < 0.05).  Average linkage 

hierarchical agglomerative clustering was performed for a filtered set of genes DE in 

both tumors versus normal lung and LRRK2-D1 versus -D10 tumors (absolute median 

RSEM fold change between tumor stratifications greater than 2), using standardized 

Log2 transformed RSEM Transcripts Per Million and complete linkage with Euclidean 

distance. 

3.5.5. Predicted gene expression-based leukocyte infiltration, 
macrophage regulation score and tumor differentiation status 

The consensus measurement of tumor purity estimate (CPE) was obtained from 

supplementary material published by Aran et al., who estimated purity for more than 

10,000 samples across 21 cancer types from TCGA by amalgamating the results of four 

methods that relied on separate data types: ESTIMATE (expression profiles of immune 

and stromal genes), ABSOLUTE (somatic copy-number data), LUMP (methylation of 

immune-specific CpG sites) and image analysis of haematoxylin and eosin slides (Aran 

et al., 2015).  To identify gene expression impacted by tumor purity, a Spearman’s 

correlation coefficient was calculated for the expression of each gene in the genome and 

the CPE, for all TCGA LUAD tumor samples (absolute Spearman’s correlation 

coefficient > 0.3; BH adjP < 0.05).  Stromal fraction, defined as the total non-tumor 
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cellular component, was calculated by subtracting the CPE from one.  Gene expression 

based sample leukocyte fraction, immune cell infiltration estimates and a macrophage 

regulation score for TCGA LUAD cohort were obtained from supplementary material 

published by Thorsson et al. (Thorsson et al., 2018).  Leukocyte fraction was derived per 

sample from the DNA methylation patterns of 2000 loci shown to be the most 

differentially methylated between leukocyte and normal tissues, and the relative immune 

cell fraction of 22 immune cell types was inferred from TCGA LUAD RNA-seq data 

based on immune cell signatures applied by CIBERSORT (547 genes; Gentles et al., 

2015; Newman et al., 2015) or derived according to Bindea et al. (501 genes specifically 

overexpressed in one of 24 immune cell types; Bindea et al., 2013).  Thorsson et al. 

multiplied each immune cell fraction by the leukocyte fraction to calculate the overall 

fraction of each immune cell type in the sample tissue.  Aggregation of infiltration values 

for multiple cell types defined overarching leukocyte classes of interest, for example:  

‘Macrophages’ from summation of Monocytes, Macrophages (M0), Macrophages (M1), 

and Macrophages (M2) or ‘Lymphocytes’ from summation of B cells (naïve), B cells 

(memory), T cells (CD4 naïve), T cells (CD4 memory resting), T cells (CD4 memory 

activated), T cells (follicular helper), regulatory T cells (Tregs), T cells (gamma delta), T 

cells (CD8), NK cells (resting), NK cells (activated), and Plasma cells.  Thorsson et al. 

further calculated a ‘Macrophage regulation’ score (Thorsson et al., 2018) from the 

averaged standardized tumoral gene expression of a 114 gene signature (termed 

‘CSF1_response’) identified in a previous study (Beck et al., 2009) (Table B-16).  

A gene expression-based tumor differentiation score was obtained from the 

supplementary material of Chen et al. (Chen et al., 2015).  Chen and colleagues 

calculated the tumor differentiation score from TCGA LUAD RNA-seq data, using a gene 

signature developed from an alternate cohort of lung adenocarcinoma patients (Beer et 

al., 2002), where genes with differential expression associated with either poorly 

differentiated or well differentiated tumors (as determined by pathologist) were identified.  

The differentiation score was calculated as a standardized T-score that compared the 

mean expression of genes associated with poor differentiation to the mean expression of 

genes associated with more normal differentiation, per TCGA LUAD tumor sample.  The 

larger the absolute value of the score, the larger the difference in expression between 

gene sets.  A positive score reflected increased expression of ‘poor differentiation’ genes 

relative to ‘normal differentiation’ genes, while a negative score indicated the reverse. 
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Statistical calculations were performed using R (version 3.4.3; www.R-

project.org) and the Hmisc package (version 4.1-1).  Clinical or molecular phenotypes 

with continuous distributions were tested for association with LRRK2 mRNA level by 

Spearman’s correlation coefficient (absolute rho > 0.3; Bonferroni corrected P-value < 

0.0001), as well as by pairwise Dunn’s test (BH adjP < 0.05), after stratification of 

continuous distributions by the X-tile (Camp et al., 2004) derived LRRK2 cut point and 

expression subtype.  Categorical phenotypes were tested by pairwise Fisher’s exact test 

(BH adjP < 0.05), with LRRK2 status as the row variable; relative frequencies for each 

level of the response variable (i.e. clinical phenotype or molecular tumor feature) were 

calculated by row percent. 

3.5.6. Human and mouse gene homology 

Gene homology between human and mouse was used to compare transcriptional 

profile results from this study to a previous study of DE mouse lung development genes 

identified in fetal and neonatal mouse lungs at 26 time points, termed the murine 

Developing Lung Characteristic Subtranscriptome (mDLCS) (Beauchemin et al., 2016).  

LRRK2 was identified as a member of the mDLCS.  Mouse Gene Identifiers (MGI) for 

mDLCS genes and their direction of DE between 9 sequential developmental stages ─ 

four prenatal stages (embryonic, pseudoglandular, canalicular and saccular), four post 

natal stages of alveolarization (ALV1, ALV2, ALV3, ALV4) and a final homeostatic stage 

(maturity) ─ were obtained from the supplementary material of Beauchemin and 

colleagues (Beauchemin et al., 2016).  A comprehensive gene homology resource for 

human-mouse orthologs was downloaded using the HGNC Comparison of Orthology 

Predictions (HCOP) tool (Eyre et al., 2007; Wright et al., 2005), which amalgamates 

orthology predictions between human and mouse from 12 curated databases (eggnog, 

Ensembl, HGNC, HomoloGene, Inparanoid, OMA, OrthoDB, NCBI Gene Orthology, 

OrthoMCL, Panther, PhylomeDB, TreeFam).  The resource was filtered for human-

mouse orthology predictions that had support from at least two databases and where 

each human-mouse orthology pair was annotated with unique HUGO Gene 

Nomenclature Committee (HGNC) and Mouse Genome Informatics (MGI) identifiers.  If 

one gene mapped to many orthologs, each ortholog was included.  The final human-

mouse orthology reference used in this study included: 18,650 human genes and 19,613 

mouse genes, with 26,855 unique HGNC-MGI identifier pairs ─ 2,398 human genes 
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mapped to multiple mouse orthologs (a total of 4,285 mouse genes), while 2,668 mouse 

genes mapped to multiple human orthologs (a total of 3,231 human genes) (Table B-19).  

DE genes identified in lung cancer in this study and DE mouse development genes 

identified in the Beauchemin study were included for comparison if they had an ortholog 

predicted by HCOP in our curated human-mouse orthology reference:  96.4% of human 

genes identified as DE in this study had at least one mouse ortholog (3,501 of 3,633 

genes), while 92.4% of mouse genes identified as DE by Beauchemin et al. had at least 

one human ortholog (5,107 of 5,527 genes) (Tables B-19 and B-20). 

3.5.7. Significance of gene list overlap by Monte Carlo permutation 
test 

After converting human genes identified as DE in this study to their predicted 

mouse orthologs using the above described human-mouse orthology reference, the 

overlap between genes found to be differentially increased in LRRK2-low versus -high 

LUAD tumors were compared with genes differentially increased between neighbouring 

developmental stages during lung development in the Beauchemin study (i.e. embryonic 

versus pseudoglandular, pseudoglandular versus canalicular, etc.); a similar strategy 

was used for genes that were differentially decreased in LRRK2-low versus -high LUAD 

tumors and during mouse development, for a total of 16 comparisons (Table 1).  To test 

the significance of gene list overlap, a Monte Carlo permutation simulation without 

replacement (Phipson & Smyth, 2010) (n=100,000 repetitions) was applied to generate 

an empirical distribution of the overlap that would occur by chance between two lists of 

genes with variable lengths, given a common pool of 26,855 possibilities ─ the number 

of unique HGNC-MGI identifier pairs found in the human-mouse orthology reference, 

from which the DE human lung cancer genes and DE mouse development genes were 

constrained to be drawn.  An empirical P-value was calculated for each overlap as p = 

(b+1)/(m+1), where b was the number of times a simulated gene list overlap was greater 

than or equal to the observed number of genes found to overlap and m was the number 

of permutations (Phipson & Smyth, 2010).  P-values were further corrected for multiple 

comparisons (Bonferroni corrected P < 0.003). 
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3.5.8. In vivo study 

The care, housing and use of animals was performed in accordance with the 

Canadian Council on Animal Care Guidelines.  All animal work procedures were 

performed according to institutional guidelines approved by the Animal Care Committee 

of the University of British Columbia (A14-0290).  C57BL/6-Lrrk2tm1Mjfa mice, which have 

Exon 41 of the kinase domain deleted, were a generous gift by Dr. Matthew J Farrer 

(Dächsel et al., 2006) and were previously deposited at Jackson laboratories (mouse 

strain data sheet 012444).  C57BL/6-Lrrk2tm1Mjfa mice homozygous for the Exon 41 

deletion (referred to as LRRK2 KO) and wildtype (WT) strain mates (n=20 mice per 

group) received 10 weekly intraperitoneal (i.p.) injections of urethane (1 g/kg diluted in 

PBS) beginning at 6-8 weeks old (Miller et al., 2003).  The health status of the animals 

was monitored following an established standard operating procedure.  In particular, 

signs of ill health were based on body weight loss, change in appetite, and behavioral 

changes such as altered gait, lethargy, and gross manifestations of stress. When signs 

of severe ill health were present, animals were terminated (sodium pentobarbital 

overdose followed by CO2 asphyxiation) for humane reasons.  Surviving mice were 

euthanized 26 weeks post-first treatment by an overdose (240 mg/kg i.p.) of freshly 

prepared sodium pentobarbital, followed by exsanguination and tracheal instillation of 

10% neutral buffered formalin into lungs, which were then collected and fixed by 

overnight immersion.  Full necropsies were completed on all mice to assess whether 

there were gross changes in tissue/organ appearance.  Lung lobes were separated, and 

each lobe examined under dissection microscope by two researchers blind to the study 

design.  Surface lesions greater than 0.2 mm were counted and measured using digital 

micro calipers.  Lungs were then paraffin embedded, with each of the five lung lobes per 

animal arranged in a standard configuration.  A single transverse, 5 um thick tissue 

section per animal was stained by hematoxylin and eosin and examined by the study 

pathologist and a second experienced researcher, both blind to study design, and micro 

lesions (classified as adenomas as outlined by the Mouse Models of Human Cancers 

Consortium (Nikitin et al., 2004)) were counted per animal.  All counts and 

measurements were averaged and differences between groups were tested by Student’s 

T test.  
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3.5.9. Multiplex immunohistochemistry 

To construct a tissue microarray, 0.6mm tissue cores containing adenomas and 

adjacent lung lung parenchyma from each animal in the study were prepared with a 

tissue arrayer instrument (Beecher Instruments, Sun Prairie, WI) across two blocks.  All 

reagents used for immunohistochemistry were from Biocare Medical (Pacheco, CA) 

unless otherwise stated.  Slides of formalin-fixed, paraffin embedded tissue were 

incubated overnight at 37°C, then deparaffinized and rehydrated through xylene and 

graded alcohols. Antigen retrieval was performed using Rodent Decloaker in a Biocare 

decloaking chamber at 110°C for 30 minutes.  Slides were then rinsed with water and 

loaded into the Biocare Intellipath FLX autostainer.  Slides were blocked with Hydrogen 

Peroxide Blocking Reagent (ab64218, Abcam) and Rodent Block for 10 minutes and 30 

minutes respectively, before adding a cocktail of SFTPC (1/3000, clone EPR19839, 

ab211326, Abcam) and LRRK2 (1/600, clone N241A/34, 75-253, Antibodies 

Incorporated) in Da Vinci Green diluent for 30 minutes at room temperature.  Following a 

wash step, Mouse on Mouse HRP Polymer (ab127055, Abcam) was added for 15 

minutes at room temperature, then Mach2 Rabbit AP-Polymer for 30 minutes, prior to 

antigen detection with IP Ferangi Blue chromogen for 8 minutes and after, IP DAB 

chromogen for five minutes.  Finally, CAT hematoxylin at a 1/5 dilution was added for 

five minutes and slides were washed, air-dried and coverslipped with Ecomount 

coverslipping medium. 

Multispectral images (20X magnification) of entire cores were collected using the 

PerkinElmer Vectra system. Quantification was performed using inform Advanced Image 

Analysis Software (PerkinElmer).  Four separate visual algorithms were used to train 

inform to segregate cores into adenoma and adjacent lung parenchyma tissue segments 

(see examples of tissue segmentation in Figure 3-6).  Each algorithm was run on images 

from all cores and cells within each tissue segment were binned into single positive, 

double positive and negative stain categories.  Algorithm performance was validated 

manually (per algorithm) by visually comparing algorithm cell classification results to the 

captured images of each core.  To calculate frequency, cell counts per stain category, 

per tissue segment, were averaged across all algorithms and divided by the total counts 

of cell nuclei per tissue segment; frequency was presented as a percentage of the tissue 

segment.  Median frequency and confidence intervals were calculated using Efron's 
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nonparametric bias-corrected and accelerated (BCa) bootstrap method (n=10,000 

repetitions), per group. 

3.5.10. Mouse lung tissue processing and innate immune cell 
profiling by flow cytometry 

Lungs were finely minced with scalpels and then agitated for 40mins at 37°C with 

1mg/mL type II collagenase (Gibco® Life Technologies) in PBS. After incubation, 0.06% 

DNase (Sigma Aldrich) was added and the cell suspension filtered through a 100μm 

mesh filter with RPMI + 10% FBS. Samples were immediately stained with antibodies 

following tissue processing.  Single-cell suspensions from lungs were resuspended in 

PBS and stained for 30mins at 4°C in the dark with a fixable viability dye (eFluor®780, 

eBioscience). Unless otherwise stated, all flow cytometry reagents and buffers were 

obtained from eBioscience. Cells were washed and resuspended in Hank’s balanced 

salt solution with 10mM HEPES (StemCell Technologies) + 2% FBS and 0.05% 

NaN3 and anti-murine CD16/32 (0.5μg/100μL, clone 2.4G2) was used to block non-

specific Fc binding by antibodies. Samples were stained for 1 hour at 4°C with CD24-

BV421, MHCII-V500, CD11c-BV605, CD64-APC, Ly6G-AF700 (Biolegend), Ly6C-

PerCP-Cy5.5 (BD Biosciences), CD11b-PE-Cy7 (eBioscience). Cells were fixed for 30 

minutes according to the manufacturer’s instructions using a transcription factor buffer 

set (eBioscience). Samples were run on an LSR Fortessa and analyzed with FlowJo 

software (Treestar), with a gating scheme adapted from a protocol optimized to identify 

immune cell populations in non-lymphoid tissue from C57BL6 mice (Yu et al., 2016).
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Chapter 4. General discussion 

In the last 15 years, high-throughput multi-omics efforts have catalogued cancer-

associated molecular changes for tens of thousands of patients.  In tandem, smaller-

scale projects are filling ever-expanding public databases with curated functional 

characterizations of specific diseases, tissues, cell types, cellular processes and 

molecular pathways, and text mining is used to efficiently parse databases of published 

articles.  These technological advancements have supported the rapid expansion of a 

systems biology approach to model complex biological phenomena from patient data.  

However, limited resources exist to evaluate the impact of the multitude of cancer-

associated changes identified from each systems-level study and researchers are forced 

to devise arbitrary, albeit reasonable, cut-offs for what to functionally characterize.  This 

top-down approach can have the unfortunate effect of labeling low-ranking disease-

associated changes as passenger events, that is, molecular changes unlikely to confer a 

cancer phenotype.  In this thesis, I used a bottom-up approach to mine one of the largest 

public resources for cancer omics data, The Cancer Genome Atlas (TCGA), to identify 

cancer-associated changes for a manually curated set of genes with established 

functional roles in autophagy, an important cell survival pathway in cancer.  I identified 

the marked transcriptional repression of an autophagy regulator in TCGA lung 

adenocarcinoma (LUAD) cohort that was not reported in previous studies based on this 

dataset1–3, and subsequently established that its absence was sufficient to increase 

tumor initiation in vivo.  This exercise confirms that to fully exploit the wealth of cancer-

related biological data that has been generated in the last decade, both top-down and 

bottom-up approaches remain complementary in the high-throughput era of cancer 

genomics. 

4.1. Autophagy in cancer patients 

Chapter 2 summarizes the results of a survey of tumor-related alterations to DNA 

sequence and RNA expression, in 211 manually curated autophagy-associated genes 

across 11 cancer types sequenced by TCGA.  Phase I and II clinical trials were already 

in progress, combining lysosome-based autophagy inhibition with chemotherapies or 

radiation in more than 30 disease contexts, based on preclinical work that suggested, in 

general, overactive autophagy was pathological in cancer (Onorati, Dyczynski, Ojha, & 
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Amaravadi, 2018).  However, much was still unknown about the molecular alteration 

status of autophagy-related (ATG) genes in patients.  Therefore, strategies to identify 

patients best suited for autophagy inhibition were lacking, particularly as truly informative 

assessment of autophagy status in vivo relied on (and continues to rely on) invasive 

tools that require genetic manipulations, fit only for preclinical contexts (Gottlieb Roberta 

A., Andres Allen M., Sin Jon, & Taylor David P.J., 2015).  One aim of Chapter 2 was the 

identification of recurrent mutations in ATG genes that could prospectively screen and 

identify patients who would benefit the most from autophagy inhibition.  A main finding of 

the study was that ATG genes, those that build and recycle the autophagosome, were 

not recurrently mutated; moreover, expression levels of ATG genes were reminiscent of 

patterns of housekeeping genes ─ they remained stable between separate disease 

contexts.  Given the extensive research showing upregulation of autophagy as a cell 

survival mechanism that contributes to treatment resistance (Sui et al., 2013), this result 

underscored that the core autophagy machinery was likely functional, across multiple 

tumor types, and therefore exploitable by cancer cells in harsh tumor 

microenvironments.  Known autophagy regulators, however, were both selected for 

recurrent mutation and/or dynamically expressed ─ in groups of patients that could be 

clustered by the gene expression of only 211 autophagy-associated genes and were 

enriched for clinically relevant phenotypes and disparate overall survival (OS).  Further, 

the same autophagy-associated genes displayed heterogeneous patterns within and 

between tumor types.  Of course, the pleiotropic effects of autophagy regulators and 

pathway interactors that may not be specific to autophagy modulation in a given disease 

context must be considered.  However, this result emphasized the context-dependence 

of autophagy’s contribution to either tumor suppression or promotion, a result supported 

by a growing literature functionally characterizing autophagy in cancer (Levine & 

Kroemer, 2019).  An immediate follow up question is whether the autophagy-associated 

gene expression changes I identified were passenger events or mediators of 

exacerbated pathology.  The answer must ultimately come from functional 

characterization that replicates the biological contexts identified, as faithfully as 

preclinical models will allow ─ an approach I use in Chapter 3 to establish a cancer 

phenotype for absence of the LRRK2 protein in lung adenocarcinoma (LUAD), which 

was identified in the Chapter 2 study. 
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While bioinformatic analyses of digital cancer data coupled with literature mining 

are ultimately hypothesis generating, they facilitate the in-depth characterization of a 

particular disease-associated molecular change, with respect to what is already known 

about a disease ─ at the level of molecules, cells, tissues, organ systems and patient 

attributes ─ so that functional studies can be more rationally designed.  This is 

particularly useful when the biological problem must be solved for patients, as the 

characteristics of preclinical models in which further investigations take place have a 

considerable, and sometimes confounding, influence on results and their translational 

success (Singh, Murriel, & Johnson, 2012).  The study in Chapter 2 provided just such a 

resource for researchers studying autophagy in cancer.  It catalogued recurrent 

molecular changes to a large number of autophagy-associated genes in patients and 

further identified combinations of molecular and clinical phenotypes that would be worth 

considering in future tumor-specific investigations.  To my knowledge, it remains the only 

large-scale investigation systematically cataloguing molecular changes to the autophagy 

pathway in cancer patients.  Since then, the gene membership of the autophagy 

regulatory network has been redefined to include a great many more autophagy 

modulators (Türei et al., 2015; Wang et al., 2018), which I predict will show context-

dependent molecular changes across tumor-types, further increasing the difficulty of 

predicting a cumulative effect on autophagy function.  Finally, it must be mentioned that 

the gold standard measure of autophagy status, the level of flux through the pathway, 

cannot be assessed via one-time static measurements of autophagy-associated gene or 

even protein abundance ─ which cannot capture the rates at which particular genes are 

being transcribed and translated, nor proteins turned over.  Therefore, while a major 

drawback of the study in Chapter 2 was the lack of ATG protein data available from 

TCGA, snapshots of their abundance would carry similar caveats to interpretations about 

autophagy status from RNA sequencing measurements.  Future development of in vivo 

techniques that measure autophagy flux will be required to more accurately assess 

autophagic function in patients (Klionsky et al., 2016).  Nevertheless, available animal 

models can be exploited to investigate observations made from digital tumor data in 

patients.  
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4.2. Establishing a lung cancer phenotype for LRRK2 
knockout in vivo 

To explore the pathobiological relevance of LRRK2 transcriptional repression in 

human LUAD, in Chapter 3 I characterized a decrease in LRRK2 mRNA in patient 

tumors with respect to key clinical and molecular phenotypes, previously established for 

The Cancer Genome Atlas (TCGA) LUAD cohort.  I then asked whether knockout of this 

single gene would facilitate tumorigenesis in mice treated with a carcinogen present in 

cigarette smoke. Urethane-driven lung cancer has been well characterized in several 

mouse strains, where it was found to rely on increased reactive oxygen species and 

inflammation to drive tumorigenesis. Through cytochrome P450 2E1 (Cyp2e1)-mediated 

oxidation mainly in lung tissue, urethane induces DNA-, RNA-, or protein-adduct 

formation in airway epithelial cells. For tumor initiation to progress, damaged cells rely 

on mouse strain-dependent oncogenic KRAS signaling, the upregulation of tumor-

promoting cell survival pathways (e.g., NF-KB and anti-apoptotic genes) or increased 

pro-inflammatory signaling (e.g., TNF-alpha and IL-6 and GM-CSF) (Bauer et al., 2011; 

Fritz et al., 2014; Miller et al., 2003; Stathopoulos et al., 2007).  In patients, 

transcriptional repression of LRRK2 was associated with current smoking, while LRRK2 

expression level was not associated with the alteration of any of 52 genes, found to be 

significantly mutated in TCGA LUAD cohort.  Therefore, a lung cancer model driven by 

damage and inflammation from a chemical in cigarette smoke, rather than a genetically 

engineered mouse model that relies on activation of a particular oncogenic signaling 

pathway (e.g., Lox-Stop-Lox KrasG12D), seemed to better recapitulate the pathogenic 

circumstances associated with LRRK2 repression.  LRRK2 knockout did indeed increase 

tumor initiation in mice treated with urethane, providing evidence that absence of this 

protein would make patients more vulnerable to LUAD development.  Further, as Kras is 

predicted to be mutated in response to urethane in only 62% of adenomas in tumor-

resistant C57BL6 mice (our mouse model strain) (Lin et al., 1998), this observation, 

taken together with a lack of association of reduced LRRK2 with particular oncogenic 

mutations in patients, suggests that a LRRK2-mediated increase in tumor initiation acts 

independent of the alteration of LUAD genetic drivers. 
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4.3. Speculative model: what triggers LRRK2 
downregulation in AT2 cells in lung adenocarcinoma? 

The primary alteration of LRRK2 in TCGA LUAD patients occurred at the 

transcript level; therefore, it was imperative to characterize LRRK2 repression with 

respect to what was already known about the transcriptional landscape of LUAD.  In 

2006, the Hayes group established expression-based molecular LUAD subtypes (Hayes 

et al., 2006), which have remained a standard reference for future studies.  Based on 

unbiased clustering of gene expression patterns, their model predicted three subtypes 

that were named according to the similarity of their expression patterns with lung tumors 

that had been classified histologically: bronchioid tumors were similar to 

adenocarcinoma in situ (formerly bronchioloalveolar carcinoma), squamoid tumors were 

similar to lung squamous cell carcinoma and small cell lung cancer, and magnoid tumors 

were similar to lung large cell carcinoma.  Follow-up studies from the Hayes group and 

TCGA research network revealed that expression subtypes had distinct associations 

with smoking history, DNA alteration of four main genes (EGFR, KRAS, STK11, TP53) 

and tumor differentiation status (Network, 2014; Wilkerson et al., 2012). TCGA renamed 

subtypes to better reflect the pathobiology predicted by molecular phenotyping: well-

differentiated bronchioid tumors became terminal-respiratory unit (TRU)-like tumors, 

while poorly differentiated squamoid tumors became proximal-inflammatory (PI) tumors 

and poorly differentiated magnoid tumors became proximal-proliferative tumors (PP).  

From a clinical point of view, differentiation status is important, as patients with TRU-like 

tumors have markedly better OS and early-stage disease-free survival (DFS) compared 

to both PI and PP tumors (collectively termed non-terminal respiratory unit (non-TRU) 

tumors), which have indistinguishable outcomes from each other.  While the exact 

mechanisms that lead to expression subtype development in LUAD have not been 

defined, authors from these studies hypothesize that expression subtype is a 

consequence of the interplay between tumor-specific oncogenic signaling, cell of origin 

gene expression programs, as well as patient-specific behaviour and heritable traits.       

Most LRRK2-low tumors were non-TRU tumors, while LRRK2-low tumors were 

not enriched for non-TRU-associated DNA alteration of oncogenes or tumor 

suppressors, suggesting LRRK2 repression is not a direct consequence of specific 

LUAD driver mutations.  Non-TRU tumors are known to be hyperproliferative (Ringnér, 

Jönsson, & Staaf, 2016; Takeuchi et al., 2006) and I confirmed that both PI and PP 
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tumors from TCGA LUAD cohort had increased expression of mitotic nuclear division 

and cell cycle regulation genes, but again, in a LRRK2 expression-independent manner.  

However, the transcriptional repression of genes that define the differentiation status of 

alveolar epithelial cells, which were abundantly expressed in well-differentiated TRU-like 

tumors, was exacerbated in LRRK2-low non-TRU tumors.  In addition, genes 

differentially expressed in LRRK2-low tumors were overrepresented amongst those 

differentially expressed in normal mouse lung, between postnatal days 3 and 4 

(Beauchemin et al., 2016), a timepoint where lungs undergo a burst in alveolar cell 

proliferation triggered by birth that exponentially expands the surface area available for 

gas exchange (Amy, Bowes, Burri, Haines, & Thurlbeck, 1977; Crocker, Teeter, & 

Nielsen, 1970; Pozarska et al., 2017).  At this timepoint, LRRK2 was identified as an 

alveolarization gene that was turned down (with many other alveolarization genes) at the 

same time as proliferation genes were turned up.  An elegant study by the Krasnow 

group used cell type markers, lineage tracing, and clonal analysis to map alveolar 

progenitors following injury in mature mouse lung (Desai, Brownfield, & Krasnow, 2014).  

They found that in normal lung, AT2 cells possess both a self-renewal and progenitor 

function, whereby AT1 cell injury by hyperoxia (a trigger similar to sudden air breathing 

at birth) triggers AT2 cells to self-renew and transdifferentiate into AT1 cells.  Of note, a 

previous study found that high oxygen tension was toxic to AT1 but not AT2 cells 

(Bowden, Adamson, & Wyatt, 1968).  Populations of long-lived self-renewing AT2 cells 

in normal lung tended to be located at the peripheral edges of lobes and in perivascular 

regions, regions where adenomas are known to preferentially develop in mouse models 

of carcinogen-driven lung cancer (Miller et al., 2003), including in our model of urethane-

driven lung cancer in LRRK2 knockout mice.  When an oncogenic Kras allele was 

conditionally activated in AT2 cells in mice, researchers found that the number of AT2 

cells able to self-renew vastly increased, while their ability to transdifferentiate to AT1 

cells was blocked ( Desai, Brownfield, & Krasnow, 2014).  This led the researchers to 

propose that a stem cell niche exists where a signal transduced by Kras controls AT2 

cell self-renewal, while a second unknown signal controls AT2 cell transdifferentiation to 

AT1 cell fate (Desai et al., 2014).  Results from my analysis of patient sequence data 

would seem to support a two-signal transformation process in AT2 cells: lung cell 

damage (such as by smoking) triggers self-renewing AT2 cells to proliferate and 

downregulate AT2 cell differentiation factors (such as LRRK2 and surfactant pathway 

genes) to transdifferentiate and replace AT1 cells (in normal lung) ─ when this process 
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is initiated in a transformed cell (e.g., oncogenic KRAS or EGFR), excessive AT2 cell 

proliferation is established and tumors develop.  From my differential expression 

analyses this model fits up to but not including expression subtype development, as 

LRRK2 and other AT2 cell differentiation factors are (at minimum) modestly reduced in 

most tumors compared to normal lung, regardless of oncogenic alteration or expression 

subtype.  However, I propose that the block in AT1 cell transdifferentiation occurs only in 

non-TRU type tumors, in particular in LRRK2-low non-TRU tumors, where a dramatic 

reduction of both AT1 and AT2 cell marker gene expression is found, which is not 

present in TRU-like tumors.   

What triggers non-TRU subtype development is currently unknown.  The lung 

lineage-specific transcription factor NKX2-1 has been the focus of intensive 

investigations for its role as a regulator of LUAD differentiation (Li et al., 2015; Skoulidis 

et al., 2015; Snyder et al., 2013; L. Yang et al., 2012) and its inactivation in some non-

TRU type tumors (Matsubara et al., 2017).  NKX2-1 is a master transcription factor 

expressed at the onset of lung development and is broadly expressed in various 

epithelial cells of the mature lung (e.g., basal, club, ciliated, AT1, AT2 cells (Bilodeau, 

Shojaie, Ackerley, Post, & Rossant, 2014; J. Yang et al., 2016)).  As expected, NKX2-1 

mRNA was reduced when considering non-TRU type tumors compared to TRU-like 

tumors in TCGA LUAD cohort; however, its reduction was PI subtype-specific for 

LRRK2-low tumors.  A downstream target gene of NKX2-1, lineage-specific transcription 

factor HOPX, was differentially decreased in all non-TRU LRRK2-low tumors and was 

moderately co-expressed with LRRK2.  HOPX is regularly used as an AT1 cell marker 

(Kotton & Morrisey, 2014) and its increased expression was recently implicated in AT2 

cell transdifferentiation to AT1 cells, during lung injury and repair in mouse lung (Ota et 

al., 2018); however, its expression was decreased in murine and human Idiopathic 

pulmonary fibrosis, a disease characterized by the incomplete regeneration and 

inappropriate proliferation of alveolar epithelial cells following repeated lung injury (Ota 

et al., 2018).  Numerous lung diseases that result from repeated lung injury followed by 

pathological wound healing are linked to lung cancer (Archontogeorgis, Steiropoulos, 

Tzouvelekis, Nena, & Bouros, 2012).  Interestingly, 55% of current smokers in TCGA 

LUAD cohort had LRRK2-low non-TRU tumors, suggesting that repetitive lung damage 

is associated with the greatest LRRK2 and AT2 cell marker transcriptional repression, 

and therefore, potentially, the most suppressed AT2 cell transdifferentiation.   
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Lung regeneration studies may hold other clues with respect to the origins of 

disparate expression subtypes.  To date AT2 cells remain the best candidate progenitors 

of adult lung alveoli; however, it is recognized that most lung epithelial cell types retain 

the ability to proliferate and differentiate into one or more distinct lineages (Kotton & 

Morrisey, 2014).  An emerging hypothesis is that the type and extent of lung injury 

influences which cell types re-enter the cell cycle, as well as the degree of regeneration 

(Giangreco et al., 2009; Kotton & Morrisey, 2014; Kumar et al., 2011).  Severe targeted 

depletion of club cells in mice increased the proliferation of pulmonary neuroendocrine 

cells of the bronchiolar epithelium, although they were unable to regenerate the club cell 

population (Hong, Reynolds, Giangreco, Hurley, & Stripp, 2001).  Severe damage to 

alveoli following infection of mice with an H1N1 influenza virus stimulated migration of 

TP63 expressing basal cells (normally resident in the upper airways) to alveoli, where 

they proliferated (Kumar et al., 2011).  Interestingly in my analysis of TCGA LUAD 

tumors, stratification of the expression of 90 lung cell type markers between expression 

subtypes found that TP63 was significantly increased in TRU-like and PI tumors and 

reduced in PP tumors, compared to normal lung.  ASCL1, a transcription factor required 

for the development of pulmonary neuroendocrine cells in the bronchiolar epithelium, 

was markedly increased in many PP tumors, compared to all other tumors and normal 

lung.  No lung epithelial cell markers had increased expression correlated with LRRK2 

expression status.  Therefore, repressed LRRK2 expression is associated with only 

downregulation of differentiation markers, while the transcriptional landscape of 

expression subtypes may reflect the types of proliferating lung epithelial cells recruited to 

repair varying amounts of damaged lung.   

In summary, I propose that LRRK2 transcriptional repression occurs to some 

extent in all AT2 cells following lung damage, as part of the lung’s physiological wound 

healing response to replace damaged AT1 cells.  Following oncogenic transformation, 

and at least in part due to the combinations of genetic drivers activated, tumors develop 

a TRU-like or non-TRU type transcriptional landscape.  In TRU-like tumors, AT1 cell 

transdifferentiation is able to complete and these tumors express the highest tumoral 

levels of both AT1 and AT2 cell markers (including LRRK2).  In non-TRU type tumors, 

patient behaviours such as current smoking or other environmental factors lead to 

repetitive lung damage, and an increase in AT2 self-renewal but with a block of AT1 cell 

regeneration, represented in LRRK2-low tumors.  In these tumors, an as yet undefined 
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signal blocks re-expression of AT1-defining genes and they express the lowest levels of 

both AT1 and AT2 cell markers. 

4.4. Potential consequences of downregulated LRRK2 in 
alveoli 

4.4.1. Compromised endolysosomal function in AT2 cells 

Phenotypes documented for LRRK2 loss or inactivity in lung come from 

preclinical studies in rodents and primates that investigated toxicity, associated with 

LRRK2 pharmacological inhibition (Baptista et al., 2018; Fuji et al., 2015).  LRRK2 

knockout in rodents and inhibition in primates produced an accumulation of enlarged, 

vacuolated AT2 cell lamellar bodies (Fuji et al., 2015).  Lamellar bodies are lysosome-

related organelles, which package, store and secrete surfactant (Weaver, Na, & 

Stahlman, 2002).  Lysosome-related organelles are a cell type-specific subclass of 

secretory lysosome that shares features with endosomes and lysosomes, which require 

proper transport of proteins and lipids through the exocytic trafficking pathway (Marks, 

Heijnen, & Raposo, 2013; Schotman & Rabouille, 2013).  I hypothesize that a decrease 

in LRRK2 levels or function perturbs lamellar body maturation, maintenance, trafficking, 

fusion or exocytosis.   

LRRK2 was recently implicated in the stabilization of enlarged lysosomes after 

chloroquine-induced lysosomal stress in vitro, in fibroblasts, cancer cells (HeLa) and in a 

mouse macrophage cell line (RAW264.7) (Eguchi et al., 2018).  Under normal 

conditions, LRRK2 is distributed throughout the cytoplasm; however, after chloroquine 

treatment, LRRK2 was recruited to enlarged lysosomes by Rab29/Rab7L1, where 

LRRK2-mediated phosphorylation of Rab8 and Rab10 stabilized lysosomes and 

upregulated lysosomal secretion (Eguchi et al., 2018).  The Rab family of membrane-

associated small GTPases are key regulators of endosomal fusion with various 

intracellular membranous vesicles (Zhen & Stenmark, 2015) and Rab8, Rab10 and 

Rab12 were recently identified as the first direct physiological substrates for LRRK2 

phosphorylation (Steger et al., 2016).  Another Rab GTPase, Rab38, is thought to help 

target melanosomes (lysosome-related organelles in skin) to the plasma membrane 

(Zhen & Stenmark, 2015).  Rab38 is highly expressed in AT2 cells (Osanai, 2018) and 

functional knockout of Rab38 in rats showed markedly enlarged lamellar bodies and a 
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defect in surfactant secretion but not in synthesis or uptake (Osanai et al., 2010).  

Therefore, decreased LRRK2 may lead to destabilization of lysosomes and lamellar 

bodies in AT2 cells, as well as compromised lamellar body transport for exocytosis, via 

decreased targeting of Rab GTPases. 

In addition to lysosome morphology, a marker of endosomal maturation was 

decreased in the urine of LRRK2 knockout rodents and in primates treated with LRRK2 

kinase inhibitors (Fuji et al., 2015).  Bis(monoacylglycero)phosphate (BMP) is a 

specialized anionic phospholipid, localized exclusively in the inner membranes of late 

endosomes/lysosomes, involved in endolysosomal dynamics (e.g., stabilization, 

membrane invagination, fusion), degradation, protein and lipid sorting, and cellular 

cholesterol distribution (Hullin-Matsuda, Luquain-Costaz, Bouvier, & Delton-

Vandenbroucke, 2009).  Increased BMP is used as a marker for excessive accumulation 

of disease-specific phospholipids in lysosomal storage disorders and drug-induced 

phospholipidosis, including drugs that inhibit lysosomal phospholipase activity (e.g., 

chloroquine) (Hullin-Matsuda et al., 2009).  The mechanism of BMP increase in these 

contexts is not clear but may be due to increased BMP synthesis or a lipid ‘traffic jam’ 

within accumulating dysfunctional late endosomes/lysosomes (Gallala & Sandhoff, 

2011).  Under physiological circumstances, increased BMP is thought to be necessary to 

allow the cellular redistribution of cholesterol (Gallala & Sandhoff, 2011); therefore, in 

addition to destabilization of endolysosomal dynamics, late endosomes/lysosomes (and 

perhaps derivative lamellar bodies) with reduced BMP may aberrantly accumulate 

cholesterol or other membrane lipids.  It would be interesting to determine whether and 

what types of lipids accumulate in swollen lamellar bodies in LRRK2 knockout mice.   

Calcium signalling is required for endolysosomal fusion-fission dynamics (Cao, 

Yang, Zhong, & Dong, 2017; Choy et al., 2018) and governs lamellar body exocytosis 

(Dietl, Haller, & Frick, 2012).  There is evidence that late endosomes/lysosomes may act 

as calcium stores, in addition to endoplasmic reticulum and extracellular sources 

(Raffaello, Mammucari, Gherardi, & Rizzuto, 2016), while lamellar bodies have been 

documented to contain five times the concentration of calcium found in the alveolar 

environment (Pérez-Gil, 2008).  LRRK2 modulates calcium release from NAADP-

dependent calcium channels (e.g., TPCN2) in lysosomes (Gómez-Suaga, Luzón-Toro, 

et al., 2012). Lysosomal enlargement, in fibroblasts from PD patients with overactive 

LRRK2, was rescued by LRRK2 inhibition, inhibition of NAADP, genetic silencing of 
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TPCN2 or by calcium chelation (Hockey et al., 2015), potentially from increased vesicle 

fusion.  Conversely, in a recent study of LRRK2 knockout rats with enlarged lamellar 

bodies, ATP stimulation was accompanied by an increased cytosolic calcium 

concentration and increased lamellar body exocytosis, compared to wildtype animals 

(Miklavc et al., 2014).  Therefore, while the direction of LRRK2-mediated calcium 

homeostasis in not clear and may be context dependent (Bedford, Sears, Perez-Carrion, 

Piccoli, & Condliffe, 2016; Cherra, Steer, Gusdon, Kiselyov, & Chu, 2013; Gómez-

Suaga, Churchill, Patel, & Hilfiker, 2012), a deficiency of LRRK2 would seem likely to 

perturb calcium regulated endolysosomal dynamics.  Exploration of LRRK2-mediated 

calcium signaling in AT2 cells and its effect on lamellar body transport, fusion and 

exocytosis could provide fruitful mechanistic avenues to explore. 

But how might LRRK2-mediated endolysosomal or lamellar body dysfunction 

increase tumor initiation in damaged AT2 cells?  Do endolysosomal defects downstream 

of the transcriptional repression of LRRK2 contribute to a block in AT2 cell 

transdifferentiation after lung damage?  Also, what are the pathological repercussions of 

defective surfactant biogenesis and/or secretion vis-à-vis transformation of AT2 cells and 

LUAD progression?  In addition to the stabilization of alveoli during respiration, 

surfactant acts as a protective mechanical barrier, while surfactant proteins A and D 

directly modulate alveolar innate immunity.  Therefore, decreased LRRK2 may lead to 

altered alveolar immunity that could undermine tumor immune surveillance.  Further 

experiments in primary AT2 cells isolated from wildtype and LRRK2 knockout mice that 

investigate differences in the lipidome, calcium signalling, endolysosomal dynamics 

and/or the secretome, with and without urethane treatment, may identify LRRK2-

mediated lamellar body dysfunction associated with increased proliferation.  In addition, 

an examination of the status of various AT2 and AT1 cell differentiation markers in the 

same context may identify a block in AT2 cell transdifferentiation, to which dysfunctional 

LRRK2 contributes.  However, it may be that animal studies, using an immunocompetent 

model, are required to fully investigate the consequences of LRRK2 downregulation in 

LUAD. 

4.4.2. Compromised surfactant-mediated immune surveillance 

Surfactant (from surface active agent) mechanically prevents alveolar collapse, 

facilitates gas exchange and provides defense against pathogens and tissue injury, for 
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one of the largest interfaces (~100m2) between the body and its environment (Lopez-

Rodriguez & Pérez-Gil, 2014).  Surfactant is a highly dynamic substance, essential to 

breathing, which has evolved to weather environmental changes (e.g., temperature, 

pressure, hypoxia) through alteration of its lipid composition and by adjusting secretion 

(Lopez-Rodriguez & Pérez-Gil, 2014); however, chronic compromise of surfactant 

biogenesis or function leads to respiratory distress, compromised lung immunity, 

alveolar injury and disease (Lopez-Rodriguez & Pérez-Gil, 2014).  Analyses of TCGA 

LUAD transcriptome in Chapter 3 point to defects in surfactant metabolism linked with 

differentiation changes in AT2 cells, while reported roles for LRRK2 in endolysosomal 

dynamics begs whether LRRK2 deficiency further undermines surfactant function. 

Tightly packed lipid–protein surfactant complexes are stored and secreted from 

lamellar bodies.  Surfactant is composed of ~10% proteins and ~90% surface active (i.e. 

reduce surface tension) lipids that create a three-dimensional membrane network at the 

air-liquid interface of alveoli.  The lipid composition of surfactant is key to its three-

dimensional structure and function as a ‘host-defense scaffold’ (Whitsett & Alenghat, 

2014).  Tubular myelin consists of calcium-dependent lattice-like arrays of intersecting 

surfactant membranes that form on the alveolar surface, which are thought to increase 

the encounter between innate defense proteins in alveolar fluid (e.g., surfactant proteins, 

human β-defensins, lysozyme, lactroferrin (Tecle, Tripathi, & Hartshorn, 2010)) and 

pathogens or toxicants (Whitsett & Alenghat, 2014).  While normal surfactant contains 

~5-8% cholesterol, higher fractions of cholesterol are documented in acute respiratory 

distress syndrome in patients, where surfactant is found to have decreased amounts of 

key phospholipids but increased cholesterol, hypothesized to inactivate surfactant 

membrane properties (Markart et al., 2007).  As LRRK2 is known to perturb BMP, a 

molecule that functions in endocytic distribution of cholesterol, altered cholesterol 

concentration in lamellar bodies in LRRK2-low LUAD tumors seems plausible.  

Surfactant proteins are markers of AT2 cell differentiation status and SFTPA1 and 

SFTPA2 were the most coexpressed genes from the genome with LRRK2 (correlation 

coefficients of 0.75-0.76), while AT2 cell specific marker SFTPC was the most 

differentially decreased gene in LRRK2-low LUAD patients.  Surfactant proteins are 

divided into two functional groups: 1) hydrophobic proteins that support the structure, 

secretion and surfactant film dynamics at the alveolar surface (SFTPB, SFTPC), and 2) 

hydrophilic proteins called collectins that survey alveolar fluid (SFTPA1, SFTPA2, 
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SFTPD). Collectins act as soluble calcium-dependent pattern recognition receptors that 

rely on their multimeric forms to bind pathogens, allergens, toxins and apoptotic cells 

(Nayak, Dodagatta-Marri, Tsolaki, & Kishore, 2012; Sorensen, 2018).  Pulmonary 

collectin deficiency is associated with exacerbated inflammation (A. M. LeVine et al., 

2000) and vulnerability to infection (A. M. LeVine et al., 1997, 1999; Sorensen, 2018), 

suggesting a dual function in immune surveillance.  Pulmonary collectins stimulate both 

pro-inflammatory Type I and repair-associated Type 2 innate immune responses through 

their globular head C-lectin domains, depending on whether they are in contact with 

pathogen-associated molecular patterns or lung tissue, protecting alveoli both from 

environmental insult and excessive immune responses (Casals, Campanero-Rhodes, 

García-Fojeda, & Solís, 2018; Gardai et al., 2003).  Collectins have intimate 

relationships with long-lived tissue resident alveolar macrophages and can potentiate 

their uptake of various pathogens by phagocytosis (Ariki, Nishitani, & Kuroki, 2012; 

Vandivier et al., 2002) or dampen their initiation of inflammatory responses.  Through 

direct interactions with Toll-like receptors (Iwaki et al., 2002; Sato et al., 2003) or SIRPα 

(Abram & Lowell, 2017), collectins inhibit proinflammatory cytokine production via 

separate signaling pathways.  Hence, transcriptional repression of surfactant proteins, 

compounded by a potential LRRK2-mediated surfactant biogenesis and/or secretion 

defect, may precipitate pulmonary collectin dysfunction and a pathological imbalance of 

tissue inflammation, alveolar injury and compromised immune surveillance ─ conditions 

ripe for alveolar tumor initiation. 

4.4.3. Compromised alveolar inflammatory response 

Non-TRU tumors with a proximal-proliferative (PP) expression subtype may be 

more sensitive to a reduction of LRRK2 expression, as LRRK2-low PP tumors showed 

reduced overall survival (OS) compared to LRRK2-high PP tumors, within the first two 

years after diagnosis.  Further, LRRK2-low PP tumors consistently had the lowest 

expression of macrophage-related and MHC-II genes ─ predicting less macrophage 

infiltration, reduced proliferation or maturation of myeloid progenitors, and a reduced 

antigen presentation capacity in these tumors.  In TCGA LUAD cohort, PP tumors 

differed from proximal-inflammatory (PI) tumors in a number of LRRK2-independent 

ways.  In particular, they were enriched for STK11/LKB1 mutation or deletion and had 

decreased expression of immune-related genes.  While both PP and PI tumors were 
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enriched for TP53 mutation or deletion, PI tumors were the most likely to be TP53 

altered and had increased expression of immune-related genes.  PP tumors (Faruki et 

al., 2017) and tumors with STK11/LKB1 DNA alteration (Biton et al., 2018) from LUAD 

patients are reported to be immunologically “cold”, while PI tumors and tumors wildtype 

for STK11/LKB1 but TP53 mutated (TP53-MUT/STK11-WT) are reported to be 

immunologically “hot” (Biton et al., 2018; Faruki et al., 2017).  Higher predicted infiltration 

of immune cells is associated with improved survival in the PI subtype (Faruki et al., 

2017).  Therefore, one question is whether reduced LRRK2 further weakens 

immunogenicity in PP tumors.  Investigation of carcinogen-induced tumor initiation and 

innate immunity in double knockout animals for LRRK2 and STK11 may reveal a 

pathological synergy between these two kinases. 

While dysfunctional LRRK2 appears to exacerbate the pathobiology of PP 

tumors, a LRRK2-associated antigen presentation defect may affect both non-TRU 

expression subtypes.  Master major histocompatibility complex (MHC)-II transcriptional 

regulator CIITA had decreased mRNA in all LRRK2-low non-TRU tumors.  Peptide-

loaded MHC-II molecules interact with CD4+ helper T cells, which promote B cell 

differentiation and antibody production, and potentiate CD8+ T cell responses.  Activated 

CD4+ T cells in turn secrete cytokines and chemokines that activate and differentiate 

other immune cells.  Interferon-gamma is a pro-inflammatory cytokine, secreted 

predominantly by activated CD4+ T helper type 1 cells (Castro, Cardoso, Gonçalves, 

Serre, & Oliveira, 2018), which induces CIITA transcriptional activation of MHC-II genes.  

Interestingly, interferon-gamma robustly increases LRRK2 mRNA and protein levels in 

monocytes (CD14+ or CD11b+), CD3+ T cells, and CD19+ B cells isolated from human 

blood, and there is preliminary evidence that LRRK2 inhibition is accompanied by 

decreased MHC-II expression in monocytes, as measured by flow cytometry (Gardet et 

al., 2010; Kuss, Adamopoulou, & Kahle, 2014; Thévenet et al., 2011).  Therefore, low 

LRRK2 expression may be a marker of tumors with deficient interferon-gamma 

signaling.  As cigarette smoke can lead to a loss of expression of the cell surface 

receptor (IFNGR1) for interferon-gamma in alveolar macrophages (Dhillon et al., 2009) 

and LRRK2-low tumors are enriched for current smokers, it could be that smoking 

interferes with interferon-gamma mediated LRRK2 levels in macrophages and AT2 cells.  

Further, MHC-II peptide loading takes place in a subset of late endosomes, termed the 

MHC-II compartment (MIIC), where self-antigens and exogenous antigens are degraded 
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by acidic proteases (Unanue, Turk, & Neefjes, 2016).  Given the potential for LRRK2-

mediated defects in the endolysosomal and exocytic pathways of LRRK2-low tumors, 

investigation of the MHC-II peptide loading pathway ─ in both myeloid cells and AT2 

cells ─ is warranted.  Under normal conditions, MHC-II molecules are constitutively 

expressed on only professional antigen-presenting cells (e.g., macrophages, dendritic 

cells, B cells); however, inflammatory signals induce MHC-II surface expression on 

epithelial, vascular, and connective tissue cells (Kambayashi & Laufer, 2014), including 

AT2 cells (Weindel et al., 2018).  An estimate of MHC-II positivity in the lung found that 

nearly half of all MHC-II positive cells were either vascular or alveolar epithelial cells 

(Kambayashi & Laufer, 2014), an observation that supports the finding in Chapter 3 that 

mRNA expression of MHC-II genes had only a moderate correlation to tumor purity in 

TCGA LUAD RNA-seq data.   

In summary, LRRK2 may be transcriptionally downregulated, along with other 

AT2 cell differentiation markers from the surfactant pathway, as part of a physiological 

response to lung damage.  However, chronic repression of LRRK2 expression, perhaps 

through a block in complete AT2 cell self-renewal or transdifferentiation following 

oncogenic transformation, could lead to endolysosomal dysfunction and downstream 

innate immune defects that facilitate LUAD development. 

4.5. Conclusion 

This thesis combines mining of publicly available and processed omics data with 

detailed literature reviews of cell biology, to identify candidate disease mechanisms at 

the single gene level that warrant further investigation in laboratory models.  There are 

no perfect in silico measures that ensure the result of a particular bioinformatic analysis 

is a biological signal, rather than technical noise.  Further, retrospective studies cannot 

infer causation, only correlation.  In addition, the bulk of the results from bioinformatic 

analyses of patient data in this thesis stem from RNA sequencing data ─ and mRNA 

levels are notorious for showing variable correlation with protein levels.  Nevertheless, 

observations gleaned from omics data of patient tumors represent an invaluable 

resource for the non-invasive identification of novel cancer biology.  Taking just such an 

approach, combined with a follow up animal study, my colleagues and I have 

established that LRRK2 can act as a tumor suppressor in mouse lung.  While the results 

are persuasive, our in vivo model relied on systemic knockout of LRRK2 and a 
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carcinogen to trigger lung cancer.  Confirmation of our results in an additional mouse 

model, with conditional lung-specific knockout of LRRK2 and oncogene-induced lung 

cancer, would constitute compelling evidence that LRRK2 is a bona fide lung tumor 

suppressor.  In vitro and in vivo studies targeting myeloid-specific knockout of LRRK2 

would also be useful to dissect innate immune cell contributions to LRRK2-mediated 

lung cancer.  Discovery of the mechanisms that underlie LRRK2-mediated LUAD 

development or progression will have important implications for LRRK2 inhibition 

strategies in PD and may establish novel LRRK2-mediated links between chronic lung 

damage and lung tumorigenesis.
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Appendix A.   
 
Supplementary Material for Chapter 2 

Table A-1. Autophagy query gene set, curated from literature. 
Gene Autophagic 

function 
Reference 

AKT1S1 Positive 
modulator 

mTORC1 negative regulator1 

AMBRA1 Positive 
modulator 

Binds/stabilizes Beclin12 

ANKFY1 Pathway 
interactor 

Autophagy interaction network (AIN) bait protein3 

ARF6 Positive 
modulator 

Generation of phosphatidylinositol 4,5-bisphosphate 
(PIP2) and induction of phospholipase D (PLD) 
activity promoting autophagosome biogenesis4 

ARHGAP26/GRAF Positive 
modulator 

See ARF6 reference4 

ARL8A Negative 
modulator 

Small GTPase that controls intracellular localization 
of lysosomes5 

ARL8B Negative 
modulator 

See ARL8A reference5 

BCL2 Negative 
regulator 

Inhibits Beclin1-dependent autophagy6 

BIRC6 Pathway 
interactor 

As per comm. Hannigan and Gorski 

BNIP3 Positive 
modulator  

Mitophagy; LC3 interactome7 

BNIP3L Positive 
modulator 

Mitophagy; mitochondrial protein Nix acts as a 
selective autophagy receptor8 

C13orf19/FAM48A/SUPT2OH Positive 
modulator 

FAM48A/p38IP is required for starvation-induced 
mAtg9 trafficking9 
 

CALCOCO2 Positive 
modulator 

Delivery of ubiquitin-coated bacteria into 
autophagosomes; LC3 interactome10,11 

CAMKK2 Positive 
modulator 

Triggers autophagy following increased cytoplasmic 
calcium12 

CDK5 Positive 
modulator 

Cdk5-mediated phosphorylation of EndoB1 is 
required for autophagy induction in starved 
neurons13 

CDK5R1/p35 Positive 
modulator 

CDK5 activator13 

CDK5R2/p39 Positive 
modulator 

CDK5 activator13 

CDK5RAP1 Pathway 
interactor 

CDK5 repressor 
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Gene Autophagic 
function 

Reference 

CDK5RAP2 Pathway 
interactor 

CDK5 regulator 

CDK5RAP3 Pathway 
interactor 

CDK5 regulator 

CDKN2A/ARF/INK4/p16 Positive 
modulator 

ARF, but not p16INK4a, induces autophagy; smARF 
induces mitophagy14 

CDKN2AIP Pathway 
interactor 

CDKN2A interactor 

CDKN2AIPNL Pathway 
interactor 

CDKN2A interactor 

CEBPB Positive 
modulator 

C/EBPβ stimulates transcriptional regulation of 
autophagy in cultured primary hepatocytes15 

CISD2 Negative 
modulator 

Mitochondrial outer membrane protein that triggers 
mitophagy in vivo when genetically deleted in 
mice.16 

CLN3 Pathway 
interactor 

Lack of CLN3 function disrupts autophagy in genetic 
models of juvenile neuronal ceroid lipofuscinosis17 

COG1 Pathway 
interactor 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG2 (Lobe A) Positive 
modulator 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG3 (Lobe A) Positive 
modulator 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG4 (Lobe A) Positive 
modulator 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG5 (Lobe B) Pathway 
interactor 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG6 (Lobe B) Pathway 
interactor 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG7 (Lobe B) Pathway 
interactor 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COG8 (Lobe B) Pathway 
interactor 

The COG complex (lobe A subunits) is involved in 
the formation of double-membrane sequestering 
vesicles during autophagy in yeast.18 

COPZ1 Positive 
modulator 

COPZ1 encodes a subunit of coatomer protein 
complex 1 (COPI) involved in intracellular traffic and 
autophagy19 

DAPK3/ZIPK Positive 
modulator 

ULK1 and ATG9 interactor20 

DDA1 Pathway 
interactor 

AMBRA1, DDB1 interactor3 
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Gene Autophagic 
function 

Reference 

DDB1 Pathway 
interactor 

Components of the DDB1–Cullin 4 complex that 
mediates K63-linked ubiquitination of Beclin 1 and 
activation of PIK3C321 

DIRAS3/ARHI Positive 
modulator 

Blocks PI3K signaling that inhibits mTOR and 
upregulates ATG4, also colocalizes with LC3 in 
autophagosomes22 

DNM1 Positive 
modulator 

Fission component required for IgA2-induced 
mitophagy23 

DNM1L Positive 
modulator 

Fission component that mediates mitochondrial 
translocation and fragmentation and triggers 
mitophagy during cadmium hepatotoxicity24 

DRAM1 Positive 
modulator 

TP53-dependent induction of autophagy through 
lysosome acidification, fusion of lysosomes and 
autophagosomes, and autophagosome clearance25 

DRAM2 Positive 
modulator 

DRAM1 homologue26 

FNBP1 Pathway 
interactor 

AIN3 

FOXO1 Positive 
modulator 

FoxO family members are involved in the induction 
of autophagy via both transcription-dependent and -
independent 
pathways27 

FOXO3/FOXO3A Positive 
modulator 

FoxO family members are involved in the induction 
of autophagy via both transcription-dependent and -
independent 
pathways28 

FRAP1/MTOR Negative 
regulation 

Master inhibitor of autophagy29 

FUNDC1 Positive 
modulator  

Integral mitochondrial outer-membrane protein and 
LC3 interactor that is a receptor for hypoxia-induced 
mitophagy30 

FYCO1 Positive 
modulator 

Promotes microtubule (MT) plus end–directed 
transport of autophagic vesicles.31 

GBAS Pathway 
interactor 

AIN3 

GOSR1 Pathway 
interactor 

AIN3 

GYS1 Pathway 
interactor 

AIN3 

HACE1 Positive 
modulator 

Reduces accumulation of misfolded proteins by 
promoting autophagy32 

HADHA Pathway 
interactor 

AIN3 

HIF1A Positive 
modulator 

Mediates hypoxia induced mitophagy 
via BNIP3 expression and the constitutive 
expression of Beclin-1 and Atg533 

HMGB1 Positive 
modulator 

Autophagy induction in the context of TP53 
knockout34 
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Gene Autophagic 
function 

Reference 

KBTBD7 Pathway 
interactor 

AIN3 

KEAP1 Pathway 
interactor 

Autophagy substrate35 

KIAA1012/TRAPPC8 Positive 
modulator 

Autophagy-specific subunit for TRAPPIII, a 
conserved vesicle transport complex36 

KIF1B Negative 
modulator 

See KIF2A reference5 

KIF2A Negative 
modulator 

Alters lysosomal positioning of mTORC1 affecting 
its function5 

LAMP1 Positive 
modulator 

Major protein component of lysosome membranes 
that is necessary for autophagy37 

LAMP2 Positive 
modulator 

Major protein component of lysosome membranes; 
more specific to autophagy than LAMP137 

LAPTM4B Positive 
modulator 

Loss of LAPTM4B inhibits later stages of autophagy 
by blocking maturation of the autophagosome38 

LGALS8 Positive 
modulator 

Recruits NDP52/CALCOCO2 to activate 
antibacterial autophagy39 

LRRK2 Negative 
modulator 

Emerging regulator of macroautophagy40 and 
chaperone-mediated autophagy41 

MAP3K7/TAK1 Positive 
modulator 

TAK1 induces autophagy by binding TAB2 and 
TAB3 and derepressing Beclin-142  

MAPK14/p38 Negative 
modulator 

MEKK4-mediated MAPK14 phosphorylation of 
ATG5 impairs autophagosome-lysosome fusion and 
autophagy43 

MAPK8/JNK1 Positive 
modulator 

Mediates starvation-induced Bcl-2 phosphorylation 
and dissociation from Beclin 144 

MAPKAP1 Negative 
modulator 

Required MTORC2 complex member45 

MLST8 Negative 
modulator 

Required subunit of both MTORC1 and MTORC245 

MON1A Pathway 
interactor 

AIN3 

MON1B Pathway 
interactor 

AIN3 

MTMR14 Negative 
modulator 

Participates in PI3P phosphatase-mediated 
negative regulation of autophagy via changes to 
Atg9 intracellular distribution and WIPI1 levels46 

MTMR6 Pathway 
interactor 

PI3P phosphatase regulation of autophagy46 

MTMR7 Pathway 
interactor 

PI3P phosphatase regulation of autophagy46 

NEK9 Pathway 
interactor 

AIN3 

NFE2L2 Pathway 
interactor 

Inhibited by KEAP1, an autophagy substrate.47 

NRBF2 Pathway 
interactor 

Possible subunit of PIK3C3; interactor of ATG143,48 
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Gene Autophagic 
function 

Reference 

NSF Pathway 
interactor 

NSF/Sec18 is required for autophagosome vacuole 
fusion in yeast49 

NSMAF Pathway 
interactor 

AIN3 

OPTN Positive 
modulator 

Autophagy receptor that promotes selective 
autophagy of ubiquitin-coated cytosolic Salmonella50 

PIK3C2A Positive 
modulator 

AIN3; class II PI3Ks contribute a pool of PI3P used 
in autophagosome biogenesis51 

PIK3C2B Positive 
modulator 

Class II PI3Ks contribute a pool of PI3P used in 
autophagosome biogenesis51 

PIK3C2G Positive 
modulator 

Class II PI3Ks contribute a pool of PI3P used in 
autophagosome biogenesis51 

PPP2CA, catalytic subunit Positive 
modulator 

The PP2A holoenzyme is involved in the control of 
TOR-dependent autophagy both in yeast and 
mammals. Specific PP2A complexes are essential 
for autophagy in drosophila and may regulate the 
elongation of autophagosomes and their 
subsequent fusion with lysosomes.52 

PPP2CB, catalytic subunit Positive 
modulator 

The PP2A holoenzyme is involved in the control of 
TOR-dependent autophagy both in yeast and 
mammals. Specific PP2A complexes are essential 
for autophagy in drosophila and may regulate the 
elongation of autophagosomes and their 
subsequent fusion with lysosomes.52 

PPP2R1A, constant regulatory 
subunit 

Pathway 
interactor 

Scaffolding for PP2A holoenzyme assembly 

PPP2R1B, constant regulatory 
subunit 

Pathway 
interactor 

Scaffolding for PP2A holoenzyme assembly 

PPP2R2A, regulatory subunit Pathway 
interactor 

Modulates PP2A substrate selectivity and catalytic 
activity 

PPP2R2B, regulatory subunit Pathway 
interactor 

Modulates PP2A substrate selectivity and catalytic 
activity 

PPP2R2C, regulatory subunit Pathway 
interactor 

Modulates PP2A substrate selectivity and catalytic 
activity 

PPP2R2D, regulatory subunit Pathway 
interactor 

Modulates PP2A substrate selectivity and catalytic 
activity 

PPP2R5B, regulatory subunit Pathway 
interactor 

Modulates PP2A substrate selectivity and catalytic 
activity 

PRKAA1/AMPK catalytic subunit Positive 
modulator 

Promotes autophagy by activating Ulk1 through 
phosphorylation of Ser-317 and Ser-77753 

PRKAA2/ AMPK catalytic subunit Positive 
modulator 

Promotes autophagy by activating Ulk1 through 
phosphorylation of Ser-317 and Ser-77753 

PRKAB1/AMPK scaffold Pathway 
interactor 

Scaffold for AMPK complex assembly 

PRKAB2/AMPK subunit Pathway 
interactor 

This subunit may be a positive regulator of AMPK 
activity 
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Gene Autophagic 
function 

Reference 

PRKACA/PKA catalytic subunit Negative 
modulator 

PKA holoenzyme; in yeast, PKA and TOR 
phosphorylate Atg13 at distinct sites, regulating its 
localization to the preautophagosomal structure54 

PRKACB/ PKA catalytic subunit Negative 
modulator 

PKA holoenzyme; in yeast, PKA and TOR 
phosphorylate Atg13 at distinct sites, regulating its 
localization to the preautophagosomal structure54 

PRKACG/ PKA catalytic subunit Negative 
modulator 

PKA holoenzyme; in yeast, PKA and TOR 
phosphorylate Atg13 at distinct sites, regulating its 
localization to the preautophagosomal structure54 

PRKAG1/AMPK regulatory 
subunit 

Pathway 
interactor 

Gamma non-catalytic subunits mediate binding to 
AMP, ADP and ATP, activating or inhibiting AMPK: 
AMP-binding results in allosteric activation of 
PRKAA1/PRKAA2 by inducing phosphorylation and 
preventing dephosphorylation of catalytic subunits. 
ATP promotes dephosphorylation of catalytic 
subunit, rendering the AMPK enzyme inactive. 

PRKAG2/ AMPK regulatory 
subunit 

Pathway 
interactor 

Gamma non-catalytic subunits mediate binding to 
AMP, ADP and ATP, activating or inhibiting AMPK 

PRKAG3/ AMPK regulatory 
subunit 

Pathway 
interactor 

Gamma non-catalytic subunits mediate binding to 
AMP, ADP and ATP, activating or inhibiting AMPK 

PRKAR1A/ AMPK regulatory 
subunit 

Positive 
modulator 

Inactivates MTOR55 

PRKAR1B/PKA regulatory 
subunit 

Pathway 
interactor 

Binding of cAMP to the regulatory subunit releases 
the catalytic subunits 

PRKAR2A/PKA regulatory 
subunit 

Pathway 
interactor 

Binding of cAMP to the regulatory subunit releases 
the catalytic subunits 

PRKAR2B/ PKA regulatory 
subunit 

Pathway 
interactor 

Binding of cAMP to the regulatory subunit releases 
the catalytic subunits 

PRR5/PROTOR-1 Pathway 
interactor 

Non-essential subunit of MTORC2, autophagy-
inhibiting complex45 

PRR5L/PROTOR-2 Pathway 
interactor 

Non-essential subunit of MTORC2, autophagy-
inhibiting complex45 

PTPRS Negative 
modulator 

Protein tyrosine phosphatase that counteracts 
Vps34 phosphorylation and increases constitutive 
and induced autophagy in yeast56 

RAB1A Positive 
modulator 

Participates in autophagosome formation57 

RAB1B Pathway 
interactor 

Rab1B regulates the localization of MTMR6, a 
putative PI3P phosphatase modulator of 
autophagy58 

RAB24 Positive 
modulator 

Required for the formation of autophagosomes in 
response to starvation59 

RAB5A Positive 
modulator 

When the PI3K (Class I) catalytic subunit increases 
its interaction with Rab5, Rab5-Vps34 interaction is 
enhanced, promoting autophagy60 

RAB5B Positive 
modulator 

RAB5 paralog 
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Gene Autophagic 
function 

Reference 

RAB5C Positive 
modulator 

RAB5 paralog 

RAB7A Positive 
modulator 

Involved in vesicle transport from early endosomes 
to late endosomes/lysosomes, lysosome 
biogenesis, and autophagosome maturation61 

RABGAP1/TBC1D11 Pathway 
interactor 

TBC1D11 shows partial colocalization with LC3 in 
MEF cells and is a predicted LC3 pathway 
interactor62 

RABGAP1L/TBC1D18 Pathway 
interactor 

Predicted LC3 pathway interactor3 

RALBP1/RIP1 Positive 
modulator 

Nutrient starvation induces RALB deubiquitylation 
that promotes assembly of RALB–EXO84–beclin-1 
complexes that drive autophagosome formation63 

RICTOR Negative 
modulator 

Required MTORC2 complex member45 

RPTOR Negative 
modulator 

Required MTORC1 complex member45 

SAFB2 Pathway 
interactor 

AIN3 

SCOC Positive 
modulator 

SCOC is a Golgi protein that colocalizes with the 
trans-Golgi network protein TGOLN2/TGN46 and 
the autophagy protein ATG9A, and interacts with 
UVRAG64 

SEC22A Positive 
modulator 

Exocytic Q/t-SNARE that may recruit key autophagy 
components to the site of autophagosome 
formation. R/v-SNAREs Sec22 and Ykt6 interact 
with Sso1-Sec9 and are required for normal Atg9 
transport in yeast 65 

SEC22B Pathway 
interactor 

SEC22 family of vesicle trafficking proteins65 

SEC22C Pathway 
interactor 

SEC22 family of vesicle trafficking proteins65 

SH3GLB1/BIF-1  Positive 
modulator 

Bif-1 interacts with Beclin 1 through UVRAG and 
functions as a positive mediator of PI3KC3 and the 
induction of autophagy in mammalian cells66 

SH3GLB2 Pathway 
interactor 

SH3GLB endophilin-related protein family, featuring 
an SH3 domain 

SMURF1 Positive 
modulator 

SMURF1 mediates viral autophagy and mitophagy67 

SNAP25/SEC9 Positive 
modulator 

Exocytic Q/t-SNARE that may recruit key autophagy 
components to the site of autophagosome 
formation. R/v-SNAREs Sec22 and Ykt6 interact 
with Sso1-Sec9 and are required for normal Atg9 
transport in yeast 65 
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function 

Reference 

SNX18 Positive 
modulator 

SNX18 promotes autophagosome formation by 
providing membrane to forming autophagosomes. 
SNX18 is required for recruitment of Atg16L1-
positive recycling endosomes to a perinuclear area 
and for delivery of Atg16L1- and LC3-positive 
membranes to autophagosome precursors.68 

SQSTM1/p62 Pathway 
interactor 

Autophagy adaptor69 

STAT3 Negative 
modulator 

STAT3 interacts with the PKR kinase to inhibit 
eIF2A phosphorylation, reducing autophagy70 

STBD1 Pathway 
interactor 

Autophagy receptor involved in selective 
degradation of glycogen71 

STK11/LKB1 Positive 
modulator 

Phosphorylates Thr-172 in the activation loop of 
AMPK and is required for AMPK activation72 

STK3 Pathway 
interactor 

AIN3 

STK4 Negative 
modulator 

STK4/Mst1 phosphorylates the Thr-108 residue in 
the BH3 domain of Beclin1 and indirectly inhibits the 
activity of the Atg14L-Beclin1-Vps34 complex73 

STX5 Positive 
modulator 

The syntaxin-5 SNARE complex regulates the later 
stages of autophagy by regulating lysosomal74 

TAB2 Negative 
modulator 

Beclin-1 interactome, repressor42 

TAB3 Negative 
modulator 

Beclin-1 interactome, repressor42 

TBC1D14 Negative 
modulator 

TBC1D14 colocalizes and interacts with ULK1. Also, 
overexpressed TBC1D14 impairs the function of 
ULK1-positive recycling endosomes and inhibits 
autophagosome formation75 

TBC1D15 Pathway 
interactor 

Predicted LC3 interactor3 

TECPR1 Positive 
modulator 

TECPR1 binds to the Atg12-Atg5 complex and PI3P 
to promote autophagosome-lysosome fusion76 

TECPR2 Pathway 
interactor 

AIN3,77 

TFEB Positive 
modulator 

A transcription factor and master gene for lysosomal 
biogenesis that also drives expression of autophagy 
genes78 

TNFSF10/TRAIL Positive 
modulator 

TRAF2- and RIPK1-mediated MAPK8/JNK 
activation is required for TNFSF10-induced 
cytoprotective autophagy79 

TRAF2 Positive 
modulator 

Recruitment of TRAF2 and ASK1 leads to the 
activation of the MAPKs JNK and p38 MAPK, 
depending on cellular context, activation of JNK can 
allow cells to adapt to ER stress by initiating 
autophagy80 

TRAF6 Positive 
modulator 

E3-ligase TRAF6 interacts with AMBRA1 to support 
ULK1 ubiquitylation and stabilization29 



170 

Gene Autophagic 
function 

Reference 

UBA5 Pathway 
interactor 

AIN3 

UBQLN2 Positive 
modulator 

Required for autophagosome biogenesis and 
maturation in neuro-2a cells81 

USP10 Positive 
modulator 

Knockdown of USP10 or USP13 results in 
decreased Beclin1 expression and inhibited 
autophagy due to inhibition of Beclin1 
deubiquitination82 

USP13 Positive 
modulator 

Knockdown of USP10 or USP13 results in 
decreased Beclin1 expression and inhibited 
autophagy due to inhibition of Beclin1 
deubiquitination82 

VCP/VCPIP1 
 

Positive 
modulator 

Loss of VCP activity results in the accumulation of 
nondegradative autophagosomes83,84 

VPS11 Positive 
modulator 

C-Vps complex member. Co-localizes with UVRAG 
that is involved in autophagosome maturation. The 
C-Vps complex is a key component of the 
endosomal fusion machinery, stimulating Rab7 
GTPase activity and autophagosome fusion with 
late endosomes/lysosomes85 

VPS16 Positive 
modulator 

C-Vps complex member85 

VPS18 Positive 
modulator 

C-Vps complex member85; Vps18 deficiency in mice 
caused neurodegeneration by blocking multiple 
vesicle transport pathways to the lysosome 
(autophagy, endocytosis, and biosynthetic 
pathways)86 

VPS33A Positive 
modulator 

C-Vps complex member85; homotypic vacuole 
fusion and protein sorting (HOPS) complex 
member. The multisubunit homotypic fusion and 
vacuole protein sorting (HOPS) membrane-tethering 
complex is required for late endosome-lysosome 
and autophagosome-lysosome fusion in mammals87 

VPS33B Positive 
modulator 

C-Vps complex 85 

VPS39 Positive 
modulator 

HOPS complex member87 

VPS41 Positive 
modulator 

HOPS complex member87 

VTI1A Positive 
modulator 

STX13 binding partner in mammalian cells that 
induces autophagic flux88 

VTI1B Positive 
modulator 

VAMP8 (SNARE protein) and Vti1b mediate the 
fusion of antimicrobial and canonical 
autophagosomes with lysosomes89 

WAC Positive 
modulator 

WAC regulates autophagy, proteasomal 
degradation and ubiquitination64 
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function 

Reference 

WDFY3/ALFY Positive 
modulator 

ALFY is a scaffolding, multidomain protein 
implicated in the selective degradation of 
ubiquitinated protein aggregates by autophagy; 
SQSTM1/p62 interactor 90 

YKT6 Positive 
modulator 

Endosomal Q/t-SNARE Tlg2 and the R/v-SNAREs 
Sec22 and Ykt6 interact with Sso1-Sec9 and are 
required for normal Atg9 transport65 

ZFYVE1/ DFCP1 Positive 
modulator 

Functions in autophagosome biogenesis at the 
omegasome91 
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Supplementary Data Files: Chapter 2 

Description:  The accompanying Excel spreadsheet summarizes all significant 

mutations identified, per cancer type. 

Filename:  SUPP_Table_A-2.xlsx 

Description:  The accompanying Excel spreadsheet summarizes all autophagy-

associated genes found to have significantly increased or decreased mRNA in patients 

with focal copy number alterations (either amplifications or homozygous deletions), 

compared to patients not harboring those alterations. 

Filename:  SUPP_Table_A-3.xlsx 

Description:  The accompanying Excel spreadsheet summarizes differentially 

expressed autophagy-associated genes, identified within individual overall survival 

groups, compared to all other OS groups combined (per cancer type). 

Filename:  SUPP_Table_A-4.xlsx 

Description:  The accompanying Excel spreadsheet summarizes all autophagy-

associated genes found to have significantly increased or decreased mRNA in patients 

with known disease-related clinical phenotypes, compared to patients not harboring 

those phenotypes. 

Filename:  SUPP_Table_A-5.xlsx 
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Appendix B.   
 
Supplementary Material for Chapter 3 

 
Figure B-1. Non-AT2 lung epithelial cell markers are not increased in LUAD 

tumors expressing the lowest SFTPC versus highest SFTPC mRNA 
levels.
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Figure B-2. Established lung epithelial cell marker gene expression, stratified by 

LRRK2 and subtype expression status of LUAD tumors.
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Figure B-3. Established lung fibroblast cell marker gene expression, stratified 

by LRRK2 and subtype expression status of LUAD tumors.
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Figure B-4. Correlations between surface lesion count, surface lesion size, 

micro lesion count and hyperplasia count per animal.
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Figure B-5. Representative flow plots of gating scheme used to identify B cells 
and innate immune cell populations in lungs of C57Bl/6 mice, 
treated with urethane.  
AMΦ = alveolar macrophages, MΦ = macrophages, iMΦ = interstitial 
macrophages, Mo = monocytes, iMo = inflammatory monocytes, rMo = resident 
monocytes. 
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Figure B-6. Cell counts and MHC-II mean fluoresence intensity assessed by flow 

cytometry for innate immune cell populations in lungs of wildtype or 
LRRK2 knockout C57Bl/6 mice, treated with urethane.  

 Boxplots represent mean ± 1SD. Descriptive statistics in Table B-22. 
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Table B-8. Significantly mutated genes are enriched in expression subtypes, 
independent of LRRK2 expression status. 

Tumor group comparison Pairwise Fisher 
BH adjP 

Gene LRRK2-low 
associated 

LRRK2-high.PI : LRRK2-high.PP 2.20E-02 ATM No 
LRRK2-high.TRU : LRRK2-high.PI 4.19E-04 CSMD3 No 
LRRK2-high.TRU : LRRK2-high.PP 3.86E-02 CSMD3 No 
LRRK2-high.TRU : LRRK2-high.PI 2.40E-02 EPHA5 No 
LRRK2-high.PI : LRRK2-high.PP 4.88E-04 KEAP1 No 
LRRK2-high.TRU : LRRK2-high.PP 1.03E-04 KEAP1 No 
LRRK2-low.PI : LRRK2-low.PP 1.15E-02 KEAP1 No 
LRRK2-high.TRU : LRRK2-high.PI 3.54E-02 LRP1B No 
LRRK2-high.TRU : LRRK2-high.PI 4.37E-02 SLC4A3 No 
LRRK2-high.TRU : LRRK2-high.PI 4.12E-04 SMARCA4 No 
LRRK2-high.TRU : LRRK2-high.PP 2.22E-05 SMARCA4 No 
LRRK2-high.TRU : LRRK2-low.TRU 3.57E-02 SMARCA4 No 
LRRK2-high.PI : LRRK2-high.PP 2.11E-06 STK11 No 
LRRK2-high.TRU : LRRK2-high.PP 2.47E-04 STK11 No 
LRRK2-low.PI : LRRK2-low.PP 2.60E-05 STK11 No 
LRRK2-high.PI : LRRK2-high.PP 3.00E-03 TP53 No 
LRRK2-high.TRU : LRRK2-high.PI 6.82E-08 TP53 No 
LRRK2-low.PI : LRRK2-low.PP 1.06E-04 TP53 No 
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Table B-9. Significance of overlap identified between genes differentially expressed in the lowest versus highest LRRK2 
expressing lung adenocarcinomas and genes differentially expressed between all tumors and normal lung. 

Tumor vs 
Normal lung 

Gene count LRRK2-D1 vs 
LRRK2-D10 

Gene count Observed gene 
intersection 

Simulated 
gene 
intersection 
(min-max) 

Empirical    P-
value a 

Observed > 
Simulated 
intersection b 

Differentially 
increased 

1025 Differentially 
increased 

562 548 21-74 P < 0.0001 yes 

Differentially 
decreased 

1699 Differentially 
decreased 

1346 1170 126-228 P < 0.0001 yes 

a: Empirical P-value was calculated for each observed gene intersection as p = (b+1)/(m+1), where b was the number of times a simulated gene list intersection was ≥ the 
observed gene intersection and m was the number of permutations (m=100,000); b: ’yes’ indicates that the observed gene intersection was greater than the maximum simulated 
gene intersection. 
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Supplementary Data Files: Chapter 3 

Description:  Lung cell type marker genes from The Lung Gene Expression Analysis 

Web Portal. 

File name:  SUPP_TableB-1.xlsx 

Description:  Statistics for differential expression of lung cell type markers per tumor 

group (Dunn’s test). 

File name:  SUPP_TableB-2.xlsx 

Description:  LUAD clinical metadata obtained from TCGA. 

File name:  SUPP_TableB-3.xlsx 

Description:  Statistics for enrichment of clinical covariates per tumor group (pairwise 

Fisher’s exact test). 

File name:  SUPP_TableB-4.xlsx 

Description:  DNA alteration data obtained from TCGA.  

File name:  SUPP_TableB-5.xlsx 

Description:  Gene-level SCNAs and statistics for enrichment per tumor group (pairwise 

Fisher’s exact test). 

File name:  SUPP_TableB-6.xlsx 

Description:  Enriched gene-level SCNAs row percent, per tumor group. 

File name:  SUPP_TableB-7.xlsx 

Description:  Input data for cluster result in Figure 3-3.   

File name:  SUPP_TableB-10.xlsx 
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Description:  Gene membership per cluster, from cluster result in Figure 3-3. 

File name:  SUPP_TableB-11.xlsx 

Description:  Statistics and annotation of all differentially expressed genes, in tumor 

versus normal lung and LRRK2-D10 versus LRRK2-D1 tumors. 

File name:  SUPP_TableB-12.xlsx 

Description:  Gene set enrichment output for all sample stratifications analyzed for 

differential expression in Figure 3-3. 

File name:  SUPP_TableB-13.xlsx 

Description:  All genes significantly co-expressed with LRRK2. 

File name:  SUPP_TableB-14.xlsx 

Description:  Correlation between all genes and sample purity. 

File name:  SUPP_TableB-15.xlsx 

Description:  Sample purity estimated by Aran et al. 2015 and immune cell infiltration 

predictions from Thorsson et al. 2018. 

File name:  SUPP_TableB-16.xlsx 

Description:  Statistics for immune cell marker differential expression per tumor group 

(Dunn’s test). 

File name:  SUPP_TableB-17.xlsx 

Description:  Immune genes tested for differential expression between tumor groups. 

File name:  SUPP_TableB-18.xlsx 

Description:  Human-mouse ortholog reference, curated for use in this study. 

File name:  SUPP_TableB-19.xlsx
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Description:  Differential expression of mouse lung development genes identified by 

Beauchemin et al. 2016. 

File name:  SUPP_TableB-20.xlsx 

Description:  Gene set enrichment output for differential expression overlap between 

mouse lung development genes and LRRK2-low LUAD tumors.  

File name:  SUPP_TableB-21.xlsx 

Description:  Descriptive statistics for immune cell populations identified by flow 

cytometry in the lungs of mice treated with urethane, per animal genotype (wildtype or 

LRRK2 knockout), plotted in Figure S5. 

File name:  SUPP_TableB-22.xlsx 


