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ABSTRACT
Lung cancer is the leading cause of cancer death in the U.S., largely due to the lack of
treatment options to intercept the progression of early lung cancers and methods to
diagnose lung cancer at early stages. Prior studies indicated that the lack of immune
surveillance is associated with the progression of bronchial premalignant lesions (PMLs)
and the gene alterations in the nasal epithelium can be leveraged for the early detection of
lung cancer. Yet, the regulatory mechanism of these gene expression alterations is still
less understood. Thus, there are unmet needs to study the gene expression regulation for
better disease management of early lung cancer, including further understanding the
biology of early lung cancer development, identifying potential interception strategies,
and improving the lung cancer diagnosis.
My dissertation addresses these challenges by investigating the transcriptional and post-
transcriptional gene expression regulators, including transcription factors and
microRNAs (miRNAs), to facilitate the understanding, interception, and diagnosis of
early lung cancer. First, I explored the miRNA regulatory landscape to identify miRNA-

gene regulatory relationships associated with bronchial PML progression and molecular
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subtypes. Using matched gene and microRNA expression profiles from patients with
bronchial premalignant lesions, I identified epithelial miR-149-5p to be a key regulator of
gene expression contributing to PML progression. By suppressing NLRCS, miR-149-5p
inhibits MHC-I gene expression of epithelial cells, promoting early immune depletion
and lesion progression. I also developed a novel statistical framework, Differential
Regulation Analysis of miRNA (DReAmiR), that characterizes miRNA-mediated gene
regulatory network rewiring across multiple groups from transcriptomic profiles, and
identified regulatory network differences across PML molecular subtypes. Secondly, I
investigated the alterations in the Hippo pathway to identify potential drug targets to
intercept the progression of bronchial PMLs. I found that Hippo pathway effectors
YAP/TAZ, together with transcription factors TEAD and TP63, cooperatively promote
basal cell proliferation and repress signals associated with interferon responses and
immune cell communication. Further in silico drug screening with external datasets
identified small compounds that can reverse the direct regulated gene signature to
potentially intercept bronchial PML progression. Lastly, I integrated miRNA and gene
expression profiles in the nasal epithelium to distinguish malignant from benign
indeterminate pulmonary nodules. I built an ensemble classifier consisting of nasal
epithelial miRNA expression features, miRNA-gene top scoring pairs, and clinical
features. The performance of the ensemble classifier exceeded that of the classifier built

with clinical features alone.
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Collectively, my thesis investigated the gene expression regulation mechanisms to
facilitate the understanding, interception, and diagnosis of early lung cancer

pathogenesis.
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CHAPTER 1 INTRODUCTION

1.1 Lung Cancer

Lung cancer is one of the most frequently diagnosed cancer type and is the leading cause
of cancer mortality. Based on the latest statistics, there are over 200,000 lung cancer
cases in the United States per year, leading to more than 25% of all cancer deaths!.
Meanwhile, the overall lung cancer 5-year survival rate is 21% for all stages combined,
which is much lower than 98% for prostate cancer or 90% for breast cancer. The high
mortality of lung cancer is associated with its complex molecular profiles and the lack of
early detection and management strategies.

Various factors could contribute to the development of lung cancer, depending on the
specific subtype. There are two major subtypes of lung cancers based on its biology and
histology: small-cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC),
where the latter accounts for over 80% of all lung cancer cases worldwide?. NSCLC can
be further classified into adenocarcinoma (LUAD), squamous cell carcinoma (LUSC)
and large cell carcinoma?®. Cigarette smoking, including second-hand smoking, is the
leading risk factor for developing lung cancer, particularly for LUSC which arises from
the airway epithelium?*. Environmental and occupational exposures to carcinogens,
including radon, asbestos, arsenic compounds and air pollution, can also increase the risk
of lung cancers®®. Furthermore, germline and somatic genetic alterations can increase
risk of lung cancer. Gene mutations in EGFR are found in about 15% of LUAD cases,
causing uncontrolled cell growth and proliferations’. G12 mutations of KRAS are found

in LUAD patients who do not have smoking history!?. ALK and BRAF mutations are



also identified in less than 10% of NSCLC patients!!!2. Meanwhile, less is known about
the driving mutation for SCLC beyond TP53 or RB1!3. These factors together reflect the
complicated mechanism behind the carcinogenesis of lung cancer and the difficulty to
develop preventative, diagnostic and therapeutic strategies for better disease
management.

Although the National Lung Screening Trial demonstrated low-dose CT screening among
patients with high-risk for lung cancer can reduce the mortality by 20%'4, the increase in
the 5-year survival rate of all lung cancer cases over the past decades is low comparing to
the other cancer types!>. The high mortality rate of lung cancer can be largely attributed
to the inability to detect lung cancer at early stages when it is still curable. In fact, only
less than 20% of lung cancer cases were diagnosed early on when the tumor was still
localized to its primary site and the 5-year survival rate is around 60%, compared to 6%
5-year survival rate when diagnosed late at distal sites!.

Thus, there is a critically unmet need to develop tools for the early detection of lung
cancers, to identify the cellular and molecular alterations associated with early lung
cancer development, and to explore potential interception strategies with the ultimate

goal of reducing overall lung cancer cases and mortality.

1.2 Bronchial premalignant lesion
Commonly found in smokers and chronic obstructive pulmonary disease (COPD)
patients, bronchial premalignant lesions (PMLs) are the presumed precursors of

LUSC!%!7, They are histological abnormalities observed in the bronchial airways,



characterized by various degree of morphological change and proliferation of basement
membrane!®. Depending on cell morphology and histologic appearances, the stepwise
histological progression of PMLs can be graded as normal epithelium, hyperplasia,
squamous, metaplasia, dysplasia (mild, moderate, and severe), carcinoma in situ (CIS),
and all the way to invasive carcinoma'®. Hyperplasia and metaplasia are considered to be
normal physiological response to tissue damage, while dysplasia is thought to be the
beginning of the oncogenic process®’. The presence of is high-grade dysplasia is
significantly associated with higher risk for lung cancer both at the site of the lesion and
other regions in the lung?!. Meanwhile, the sequential progression of PML is
accompanied by various genetic abnormalities. Loss of heterozygosity on chromosome
3p and 9p in the normal-appearing airway epithelium were documented as the early
driver during the initial of PML progression®?. Also, increased expression levels of p53,
Bcl-2 and cyclin-D1, and miR-241/301 have been observed during the transition to
higher-grade dysplasia and CIS?*-%, The well documented histologic and genetic features
and the stepwise progression nature of bronchial PML make it a good model for early
lung cancer study.

Intuitively, it may be easier to prevent LUSC by intercepting PML progression before it
becomes invasive than to cure high-grade LUSC. While many therapeutic options exist
for managing LUSC?, including targeted therapies and immune checkpoint blockade,
few treatments are available for intercepting PMLs due to the lack of understanding in
molecular drivers of PML progression. Most lung cancer prevention trials focused on

removing residual chemicals from cigarette smoking or inflammation in the airway



2728 Also, there are on-going clinical trials that evaluate the efficacy of

epithelium
phytochemical antioxidants or eletrocautery ablation in preventing the progression of
high-grade bronchial PMLs?*-*°, However, limited success has been made potentially due
to the lack of knowledge about the molecular alterations that drive the PML progression.
One intriguing observation is that not all PMLs will progress to invasive cancer and most
actually regress without any intervention®!*2, Understanding the dynamic of bronchial
PML histological progression and developing biomarkers to identify those PML that will
progress are crucial for lung cancer prevention. Studies comparing molecular profiles
between precancerous bronchial lesions with various outcomes have indicated that innate
and adaptive immune alterations, chromosomal instability and copy number variation in
epithelial cells, and stroma changes are associated with risk for progression to invasive
LUSC?¥37, Also, transcriptomic alterations in the normal-appearing airway can be
leveraged to identify PML that may progress*®. Notably, work by Beane ef al.* utilized
longitudinally collected endobronchial biopsy and mainstem bronchial brushing samples
from patients with PMLs to investigate the molecular mechanism that contribute to the
progressive phenotype of PMLs. Based on the pattern of co-expressed gene modules, the
PMLs can be classified into four transcriptionally distinct molecular subtypes with
various activities of epithelial and immune pathways. The proliferative subtype is
enriched PML with higher grade dysplasia and had high basal cell signal and proliferative
gene expression. Particularly, a gene module consisting of genes in the interferon
response pathway and antigen processing/presentation pathway were strongly suppressed

in proliferative PMLs that progress to higher grades, comparing to the ones that regress to



normal, suggesting modulating of immune microenvironment may help intercept early
lung cancers. Collectively, these findings may ultimately pave the way for better disease
management for patients with PMLs, or other patients at risk for lung cancer.

Yet, the gene regulatory mechanism related to early immune evasion is not known. Thus,
there is need to probe transcriptional and post-transcriptional gene expression regulation

that contributes to the bronchial PML histological progression.

1.3 miRNA-mediated gene regulation

microRNAs (miRNAs) are a class of small non-coding RNA that mediate post-
transcriptional gene regulation*’. In mammals, the miRNA genes, located either in the
introns of protein-coding genes or in separated miRNA loci, are transcribed mostly by
Pol I, and less frequently by Pol II[*!#2, The transcripts, called primary miRNAs (pri-
miRNAs), are generally longer than 1kb and contain a stem-loop structure, 5’ cap and 3’
polyadenylated tail. The pri-miRNAs are recognized and cleaved by Microprocessor, a
complex consisting of double-stranded RNase DROSHA and double-stranded RNA-
binding protein DGCRS, within the nucleus*’. The products are around 60-70-nucleotide
with hairpin structure called precursor miRNAs (pre-miRNAs)*#°. Then, the pre-
miRNAs are exported to the cytoplasm by XPOS5 and are further processed by RNase 111
DICER I to cleave the stem-loop, leaving a 22-nucleotide long mature miRNA duplex*®-
48, Finally, the miRNA-induced silencing complex (miRISC) is formed by AGO proteins
binding to a single strand of the mature miRNA that induces RNA silencing by

recognizing the 3’ untranslated region of mRNA transcripts via the miRNA seeding



region (the 2-7 nucleotide on the 5 end of the mature miRNAs)*->!. Among the many
different mechanisms observed, including transcript deadenylation and translational
repression, the majority of RNA silencing is through mRNA transcript destabilization>2.
The ability to predict target based on their sequence and unidirectional regulation
(expression suppression) makes statistical network model an ideal approach to study
miRNA-mediated gene regulation. There are several unique features to the miRNA
regulatory network, comparing to other biological networks (e.g. protein-protein
network). First, a single miRNA can potentially regulate multiple, even up to a hundreds
of target genes>. The target genes are often within the similar functional pathways,
which allows the miRNA to have stronger regulation in short timeframe and more
specific control over the network>*%. Second, miRNAs locus often localized to the
genome regions as polycistronic clusters, are transcribed together and tend to regulate

genes in the same functional pathways>¢-8

. The co-expressed miRNAs allow cellular
signal to be amplified more rapidly and more robustly to gene expression changes.
Furthermore, given the smaller number of miRNAs comparing to the number of genes in
the genome, and the many-to-many regulatory relationship, miRNAs tend to be the hubs
in the network, giving them stronger influence in the network behavior and potential
translational impact. Typically, the miRNA regulatory network is modeled as a bipartite
weighted directional network. A node can be either the miRNA or the target gene. The
edge points from the miRNA node to the gene node, representing direct regulation with

the weight as the association strength. Many computational tools have been developed to

characterize the miRNA-mediated gene regulation networks from sequencing data, based



on miRNA-gene expression correlation, target gene enrichment in functional pathways or
differentially expression gene sets, or experimental evidence alone®”%3,

An important feature of biological networks, including transcriptional regulatory
networks, is that they are not static. The context-specific transcriptional regulatory
network has been described for transcription factors, where the chromosomal binding
pattern of transcription factor or the co-binding factors changes between conditions®4-66,
Similarly, the miRNA-mediated regulatory network is dynamic between different

biological and cellular conditions®’-7°

, although the underlying mechanism is not yet fully
understood. The reprogramming process provides further flexibility in the miRNA-
mediated gene regulation, but no computational tools have been built to specifically
address this question.

miRNA-mediated gene regulation is involved in all biological processes and the
dysregulation of miRNA can lead to diseases, including cancer’!’2. Based on the
functions of the target genes, a miRNA can either be oncomiR that promotes
tumorigenesis, or tumor suppressor miRNA that inhibits cancer development. A famous
example of an oncomiR is the miR-17-92 cluster, consisting of miR-17, miR-18a, miR-
19a/b, miR-20a and miR-92, which promotes various cancer types by suppressing BIM,
TSP1 and CTGF’*7. The down-regulation of tumor suppressor miRNA miR-34 has been
widely reported in lung, breast, prostate and colorectal cancer’>~’8, which induces the
epithelial-to-mesenchymal transition, cell proliferation and tumor metastasis.

Functionally interacting with p53, miR-34 may also suppress the expression of PDL1 and

facilitate the immune evasion of acute myeloid leukemia” and NSCLC*’, Defects in the



miRNA processing machinery, including various DROSHA/DGCRS single-point
mutation®!, XPO35 inactivating mutations®?, truncation of the C-terminal catalytic domain
of DICER®, or simply the expression alterations of these genes, may also lead to cancer
development.

In addition, our lab previously has shown that airway epithelial miRNAs are responsible
for gene expression alterations in response to cigarette smoking and lung
carcinogenesis®*%, Here, I hypothesize that exploring the miRNA regulatory landscape
and miRNA-mediated regulatory network rewiring, using a novel network approach, can
provide mechanistic understating of the altered gene expression regulation associated

with bronchial PML molecular subtypes and phenotypes.

1.4 Hippo pathway in cancer

First discovered in the Drosophila as a potential tumor suppressive pathway®®, the Hippo
pathway is an evolutionary conserved signal cascade that control cell proliferation and
tissue size®’. Various upstream signal may activate the Hippo pathway, including cell-cell
contact altering ECM stiffness®, the G-protein coupled receptor signal regulated by

89.90 energy stress or hypoxia signal®!*? and cell polarity®. The core components

estrogen
of the Hippo pathway are the MST1/2 and LATS1/2 kinases. Upon receiving upstream
signal, MST/1/2 are phosphorylated by the TAO kinases and are activated®**>. Then,
MST1/2 undergo dimerization®®, which leads to the recruitment and phosphorylation of

LATS1/2°7%8, Alternatively, LATS1/2 can be phosphorylated and activated directly by

MAP4Ks without MST1/2%. The activated LATS1/2 can then undergo



autophosphorylation to phosphorylate and inactivate YAP and TAZ!%. This leads to YAP
and TAZ binding to 14-3-3, which sequester YAP and TAZ in the cytoplasm for
degradation'®. The cytoplasmic and nuclear localization of YAP and TAZ determine the
transcriptional output of the Hippo pathway. YAP and TAZ are transcriptional
coactivators, meaning they do not have DNA-binding ability to regulate gene expression.
Instead, when the Hippo pathway is inactivated, YAP and TAZ enter the nucleus and
bind to transcription factors, the most well-known is TEAD1-4!9!, to mediate the
transcriptional regulation related to cell survival and proliferation!%>-1%4, Interestingly,
YAP and TAZ can also bind to other transcription factors to regulate gene expression,
including p73'%°, SMADS!%, ErbBs!?7, EGR1!% and RUNX!%.

Dysregulation of the Hippo pathway and the association with various aspects of cancer
development, including cancer initiation, invasion, tumor metastasis and drug resistance,
have been well documented. The regulated target genes of Hippo pathway has been
thoroughly studied and the elevated YAP/TAZ target gene activity have been suggested
in different cancer types'!?, highlighting its importance for carcinogenesis of particular
the squamous carcinoma. YAP and TAZ can induce the gene expression involved in
DNA synthesis and cell cycle progression to promote abnormal cellular growth!!!-112,
Gene programs activated by YAP and TAZ also maintain the cancer stem cell identity or
reprogram differenced cells to a stem cell-like state!!3-115, Cancer cell also increase
resistance to cell death by YAP/TAZ upregulating Bcl2 genes!!®. Lower levels of
YAP/TAZ also weaken the tumor metastasis ability in different cancer types!!3!17:118 In

lung cancer, the YAP/TAZ expression level and nuclear localization are associated with
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higher histological grade and worse patient outcome!!?~'2!, The acquired resistance to
EGFR inhibitor are also correlated with an elevated YAP expression in NSCLC
patients!?2. Furthermore, YAP nuclear localization driven by Crb3 knockdown and loss
of cell polarity in the mice model results in cell morphological changes and
transcriptional signature that highly resemble human precancerous airway!23124,

Given the importance of the Hippo pathway in the carcinogenesis, there has been
extensive effort to design therapeutic that targets the Hippo pathway. The main focus of
the field is to identify inhibitors that block the transcriptional regulation by TEAD.
Verteporfin is among the first small compound identified. Disrupting the binding between
YAP and TEAD, verteporfin showed good tumor suppressing ability in mice model'?’
and in human colon and endometrial cell lines'?%!?’, Small molecule inhibitors MYF-01-
3728 and C19'? were designed for similar purpose and exhibited efficacy in vivo.
However, the target specificity was not ideal. An alternative strategy to target Hippo
pathway or YAP/TAZ transcriptional regulation activity was to disrupt the post-
translation autopalmitoylation of TEADs and ablate the DNA-binding activity, which
theoretically would not affect its cellular localization or binding to YAP or TAZ!3%131,
MGH-CP1 was identified by small-molecule library screen followed by in vitro auto-
palmitoylation assay to inhibit the TEAD2/4 autopalmitoylation'*2. Additionally, its
ability to block downstream transcription was successfully demonstrated in human
embryonic kidney, fibroblast and breast cancer cell lines. However, whether the Hippo
pathway activity is associated with bronchial PML progressions and whether it can serve

a potential therapeutic target to intercept early lung cancer are less understood.
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1.5 Field of injury and field cancerization

Paragraphs of chapter 1.5-1.6 were adapted from sections written for the review:

Paez R, Kammer MK, Tanner NT, Heidman BE, Peikert T, Babach M, lams WT, Ning
B, Lenburg ME, Mallow C, Yarmus L, Fong KM, Deppen S, Grogan EL and Maldonado
F. State-of-the-Art review on biomarkers for the early detection of lung cancer.
Submitted to American Journal of Respiratory and Critical Care Medicine.

Initially proposed by Slaughter et al.!3?, the term “field cancerization” described the
molecular abnormalities related to tumorigenesis can be detected in the normal-appearing
tissue adjacent to the oral squamous premalignant lesions. Similar observations have been
made in other cancer types since then, including various genetic and molecular
alterations. Genomic instability and epigenetic alterations have been characterized in the
histologically normal epithelium adjacent to breast tumor and in pre-invasive ductal
carcinoma in situ (DCIS)!34136. Abnormal gene expression associated with head and neck
squamous cell carcinoma (HNSCC) carcinogenesis process were found in the normal
mucosa among NHSCC patients!3”!38, In the adjacent normal prostate tissues, oncogenic
Somatic mitochondrial DNA mutations and cancer-associated gene signature can also be
detected!3-1#!, The translational utility of the field of cancerization theory opened new
door for the development of minimally invasive cancer risk evaluation tools, including
using DNA methylation panels measured in normal mucosa to quantify risk of
esophageal squamous cell carcinoma'#?, and leveraging the spectroscopic microscopy on
normal rectal colonocytes for colorectal cancer risk stratification!*.

In lung cancer, field of injury and field cancerization, describe molecular alterations in

the normal-appearing respiratory tract associated with lung cancer that may reflect

exposure to carcinogens and/or the process of carcinogenesis'#*. Injury due to exposure to
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carcinogens such as cigarette smoking, induces physiological responses and genetic
alterations in the entire respiratory tract'#1%®, In contrast, field cancerization describes
cancer-associated alterations in the tumor-adjacent normal tissues, including gene
mutations of KRAS, p53, and EGFR detected in histologically normal airway
epithelium!4’-149, A study from Kadara et al. also revealed a lung cancer-associated gene
signature in the adjacent normal bronchial epithelium, including the upregulation of
LAPTM4B whose expression levels were dependent on the distance from tumors!>°.

The field of cancerization effect has also been observed for bronchial PML during the
early lung cancer phase. Gene expression alterations in the mainstem airway, collected by
bronchial brushings, were showed to be involved in the LUSC carcinogenesis and were
used to developed a biomarker to predict the presence of PMLs*. Demonstrated in the
same study, the changes in the biomarker scores between sequential brushing samples
collected longitudinally was able to predict whether the worst PML histology will regress
in the future. The transcriptionally distinct bronchial PML molecular subtypes were also
identified in the normal appearing uninvolved bronchial airways with high specificity
(91%) but low sensitivity (31-38%), reflecting a heterogeneous impact of bronchial PML
on the entire airway where a subset of PML may impose widespread damage while the
others are more localized™®.

In my thesis, I will mainly utilize two data type collected from the airway fields. The
bronchial brushing samples collected from patients with bronchial PMLs will be
leveraged to examined the conservation of miRNA-mediated gene regulatory network

between the PML site and the field. The nasal epithelial miRNA expression will be used
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to construct an integrated biomarker for the early detection of lung cancer.

1.6 Non-invasive biomarker for the early detection of lung cancer

Pulmonary nodules are found in about 24-30% of patients undergoing CT incidentally or
as part of screening!>!. Despite an overall reduction in lung cancer mortality due to
screening, the results of NLST showed high false-positive rate, and the high cost and the
stringent enrollment criteria prohibits it from adapting to larger population!>2. Thus, there
is an unmet need to develop a low-cost and minimally invasive biomarker for the early
detection of lung cancer and for better cancer risk stratification that can be applied to
broader population of low lung cancer risk. The ability to detect cancer-associated
molecular differences in relatively accessible normal-appearing airway epithelium has
served as the foundation for building several non-invasive biomarkers that aid in the
diagnosis of lung cancer and might eventually serve as tool for identifying patients at
elevated risk of lung cancer.

Bronchoscopic sampling of the suspicious lesion with molecular analysis of brushings
from the mainstem bronchus is an attractive alternative to tissue collection via
bronchoscopy which have low sensitivity, especially in smaller, or more peripheral
nodules. Blomquist et al. reported the levels of 14 genes of the antioxidant and DNA
repair pathways, measured via RT-PCR, in the normal bronchial airway epithelium were
associated with lung cancer status, and resulted in a biomarker currently being tested in
the Lung Cancer Risk Test trial (NCT01130285)!33:134, Similarly, using microarray-based

transcriptomic profiling, Spira ef al. developed and validated an 80-gene signature for
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differentiating ever smokers with or without lung cancer using endobronchial brushings
from normal-appearing main-stem airway'>>. This signature was later refined into a 23-
gene lung cancer biomarker for suspected lung cancer patients undergoing
bronchoscopy!®. This biomarker, marketed as Percepta™ by Veracyte, Inc, was
extensively validated in independent cohorts consisting of more than 600 samples'>’. The
high sensitivity either alone (89%) or in combination with bronchoscopy (97%) and high
NPV of this biomarker allows physicians to choose surveillance by imaging for
intermediate-risk patients with an inconclusive bronchoscopy and negative biomarker
results.

While biomarkers based on bronchial airway gene expression have shown great clinical
utility, the collection of the required biospecimen via bronchoscopy potentially limits the
intended use population due to the potential complications of bronchoscopy, and the need
to balance benefit against risk and costs'>8. As an alternative, researchers have explored
lung cancer-associated gene expression alterations in the nasal epithelium and aimed to
develop a potentially less invasive diagnostic method. Studies demonstrated that
bronchial and nasal epithelium share similar transcriptomic alteration associated with
smoking status'*’, and lung diseases such as COPD'® and idiopathic pulmonary fibrosis
(IPF)'!, suggesting the involvement of nasal epithelium in the field of injury and field
cancerization. Using nasal brushing samples and microarray expression profiling from
participants in the AEGIS cohorts, Perez-Rogers et al. developed a clinical-genomic
classifier with 30 genes measured in the nasal epithelium that can identify lung cancer

among ever-smokers with high sensitivity of 91%'%2. During the ASCO 2021, Veracyte,
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Inc. announced the latest genomic classifier for lung cancer risk stratification, profiled
from nasal swab with total RNA sequencing, with 95% sensitivity for classification as
low risk and 90% specificity for classification as the high risk!6®. Similar high
performance was observed among patients who met or did not meet the screening

criteria!®*

. These studies highlight clinical utility of nasal epithelium gene expression for
early lung cancer detection, particularly among patients whose pretest risk are low for
bronchoscopy.

Meanwhile, there is evidence that an integrated biomarker combining information from
different data modalities may aid the early detection or diagnosis of lung cancer.
Combining gene expression profile in the normal appearing airway epithelium collected
via bronchial brushings and clinical risk factors, including age, mass size, and
lymphadenopathy, the clinicogenomic model achieved significantly improved
performance for lung cancer classification than the biomarker with clinical risk factors
alone!®. Pavel et al. demonstrated that adding miR-146a-5p expression to the bronchial
gene biomarker can significantly improve the performance of the lung cancer diagnosis
within the samples of AEGIS cohorts!®®. Furthermore, the expression of 3 miRNAs and
the promoter methylation status of 3 genes measured in the sputum samples improves the
early detection of NSCLC!%". These studies demonstrate the feasibility and importance of
integrating data from different platforms to build multi-modal biomarkers for early lung
cancer diagnosis.

The recent effort also extends the usage of early lung cancer biomarkers to its intended

use populations, since the screening criteria from NLST excludes the majority of lung
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cancer cases being screened!®®. Instead, the Detection of Early Lung Cancer Among
Military Personnel (DECAMP) prospective observational trials (NCT01785342 and
NCT02504697) uses the National Comprehensive Cancer Network (NCCN) relaxed
eligibility criteria to include individuals from a broader risk spectrum!®’. The inclusion
criteria and risk background of DECAMP make nasal swab collection a reasonable
strategy given its lower chance of complications and higher accessibility. With the
miRNA and gene expression profiles from the nasal swabs collected from DECAMP, I
will address the unmet need to differentiate malignant from the majority of benign IPNs

by building an integrated biomarker.

1.7 Dissertation Aims

In the following aims, I investigate the gene expression regulation, both transcriptional
and post-transcriptional, to facilitate the understanding, interception and the early
detection of lung cancer.

Aim 1: Identify microRNA-mRNA regulatory interactions associated with bronchial
premalignant lesion molecular subtypes and progression

Previous study indicated immune evasions take place early during the PML development
process and contribute the progression pathologies. Yet, it is unclear how miRNA-
mediated gene regulations are associated with PML. Thus, I utilized matched miRNA and
gene expression profiles from longitudinally collected bronchial PML biopsy samples to
construct miRNA-gene regulatory network and to identify miRNAs that regulate the

immune-related gene module. Furthermore, I developed novel computational framework
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and R package DReAmiR to investigate the miRNA-mediated regulatory network
rewiring associated with PML molecular subtypes. The results of Aim 1 are discussed in
Chapter 2 and 3.

Aim 2: Identify potential drug targets to intercept the progression of bronchial
premalignant lesions by identifying regulatory alterations in the Hippo pathway
Evidence indicated both Hippo and TP63 pathway activities are crucial for lung cancer
development, but their function in bronchial PML is much less investigated. Integrating
chromatin binding profiles and gene signatures of YAP/TAZ, TEAD and TP63, I showed
that they localize to overlapped chromatin regions and have concordant gene signatures. |
further explored the functions of the direct regulated genes and revealed their
contribution to early immune evasions associated with bronchial PML progression.
Additional, I examined the small compound treatment gene expression signatures and
showed the feasibility of targeting Hippo pathway to intercept early lung cancer. The
results from Aim 2 are described in Chapter 4.

Aim 3: Identify microRNA expression profiles in the nasal epithelium to distinguish
malignant vs. benign pulmonary nodules

There is a clinical unmet need for a non-invasive biomarker to differentiate the malign
IPNs from the majority of benign IPNs. With the matched miRNA and gene expression
data from nasal epithelial brushings from the DECAMP I cohort, I derived miRNA
expression signatures and top-scoring pairs associated with cancer status. Additionally, I
constructed an ensemble classifier integrating miRNA-related and clinical features, and

compared its performance to a classifier with only clinical variables. The results are



discussed in Chapter 5.
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CHAPTER 2 THE ROLE OF EPITHELIAL MIR-149 IN IMMUNE
MODULATION AND PROGRESSION OF BRONCHIAL PREMALIGNANT

LESIONS

Adapted from the following manuscript:

B Ning, RM Pfefferkorn, G Liu, S Zhang, H Liu, C Stevenson, ME Reid, SA Mazzilli, AE
Spira, ME Lenburg, and JE Beane. The role of epithelial miR-149 in immune modulation
and progression of bronchial premalignant lesions. In preparation.

2.1 INTRODUCTION

The National Lung Screening Trial (NLST) and its extended follow-up analysis have
shown that screening among the individuals with high risk for lung cancer with the use of
low-dose computed tomography (CT) can reduce mortality from lung cancer!+!7°,
Despite the advance in screening, lung cancer still has the largest number of estimated
deaths per year in both females and males in the United States as of 2020'7!, This is in
part due to our incomplete understanding of the molecular events associated with early
lung carcinogenesis and the inability to intercept the disease progression at pre-invasive
stages. Bronchial premalignant lesions (PMLs), the histological abnormalities in the
bronchial airway epithelium, are the precursors for lung squamous cell carcinoma
(LUSC). The pathological grade progression of PMLs has been well characterized: from
normal, hyperplasia, metaplasia, dysplasia (mild, moderate, and severe) to carcinoma in
situ (CIS) and eventually to invasive LUSC!72, Higher-grade persistent or progressive

PMLs are associated with a higher risk for lung cancers, but not all PMLs will progress to

invasive cancers. More than half of the higher-grade PMLs regress to lower-grade
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spontaneously without any intervention and only a small fraction of PMLs eventually
progress to CIS or invasive cancer!%3!:173, Although large consortium efforts have
tremendously improved our understanding of gene expression alterations in LUSC!7#!75,
The cross-sectional profiling of advanced tumor tissues of these studies limits their ability
to identify the gene expression alterations associated with early lung cancer progression.
Thus, there is an unmet need to characterize the temporal dynamics of gene expression in
bronchial PMLs in order to better understand the mechanism that drives the progression
of PMLs!76:177,

Previous work from our group utilized 302 endobronchial biopsies and 160 normal-
appearing bronchial brushings longitudinally collected from 49 patients and investigated
gene expression alterations associated with PML progression®’. We identified nine co-
expressed gene modules and classified the PMLs into four molecular subtypes based on
the gene module expression patterns. Among these, the PMLs of the Proliferative subtype
are enriched with dysplasia, have high expression of genes in proliferation pathways, and
have high basal cell and low ciliated cell composition. We have also shown that an
immune-related gene module, consisting of genes involved in interferon response and
antigen processing and presentation pathways, is down-regulated among the
progressive/persistent PMLs comparing to regressive ones in the Proliferative subtype
and suggest immune evasion may contribute to the PML progression. The association
between lack of immune surveillance and progressive/persistent higher grade PMLs has
been supported by recent work from other groups as well**3>178 However, still very little

is known about what drives the immune-related gene regulation that leads to early
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immune evasion and PML progression.

We hypothesize that microRNA (miRNA) may be regulating the expression of genes in
the interferon signaling and antigen processing and presentation module. miRNAs are
short non-coding RNAs that suppress gene expression, and facilitate transcript
degradation through complementary base-pair binding to the 3’ untranslated region of
gene transcripts®. Depending on the target genes that miRNA interacts with, miRNAs
can be oncogenic or tumor suppressive and regulate the hallmarks of cancer in a wide-
range of cancer types!”!%, Studies stemming from The Cancer Genome Atlas (TCGA)
suggest miRNA mediated gene regulation contributes to cancer subtype expression
patterns, epithelial-to-mesenchymal transition, metastasis, and patient survival in
breast!®:182 ovarian!83184, colon and rectal'®® and lung cancers!®®. In the early cancer
setting, miRNA biomarkers have been developed for early diagnosis and outcome
prediction'®”-18%_ Particularly in the early lung cancer setting, our lab has previously
identified four miRNAs whose expression in main-stem bronchial brushings can improve
the gene-based biomarker for better early lung cancer diagnostics!®®. However, there has
not been a study specifically on how miRNA expression alterations may contribute to
bronchial PML progression.

We hypothesized that miRNAs might contribute to the progressive lesion pathology by
suppressing genes in the immune-related gene module. In this project, we utilized sample
matched mRNA and miRNA sequencing data from longitudinally collected
endobronchial lesion biopsies to probe miRNA-mediated gene regulation that leads to

PML progression. We identified miR-149-5p as a potential regulator of the immune-
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related gene module associated with higher-grade lesion progression. This miRNA is
highly enriched within the epithelial cell population and its expression is positively
correlated with basal cell markers within the PMLs. We also found that the miR-149-5p
target gene NLRCS5, which regulates MHC Class I and antigen processing genes, is
down-regulated in progressing/persistent PMLs. This leads us to hypothesize that miR-
149-5p contributes to early immune suppression via modulation of epithelial-associated
genes involved in antigen presentation and recruitment of immune cells. These data also
suggest the potential of miR-149-5p as a therapeutic target for preventing PML

progression to lung cancer.

2.2 METHODS

2.2.1 Sample Collection

Patient enrollment and sample collection procedures were the same as described in our
previous publication®. Briefly, we collected endobronchial biopsies and brushing
samples from high-risk individuals undergoing cancer screenings at about 1-year
intervals at Roswell Park Comprehensive Cancer Center between 2010 and 2015. The
patient inclusion criteria include: patient needs to have a previous history of aerodigestive
cancer and no disease at the time of enrollment or age greater than 50; patient need to
have a smoking history (either current or former) of at least 20 peck-years and at least
one other risk factor including moderate COPD (forced expiratory volume (FEV1) <
70%), confirmed asbestos-related lung disease or a strong family history of lung cancer

(at least 1-2 first-degree relatives).
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Two biopsy samples were obtained at each abnormal and suspicious region. One was
used for histological evaluation and the other used for mRNA and miRNA sequencing
profiling. Brushing samples were collected in the normal-looking regions within the
mainstem bronchus. The progression status for each biopsy sample was defined by
comparing the histology of this biopsy to the worst histological biopsy sampled at the
same anatomic location in the future. A lesion that changes from
normal/hyperplasia/metaplasia to dysplasia or stays stably in dysplasia grades was
annotated as “progressive/persistent”. A lesion that moves back within dysplasia grades
or from dysplasia grade to normal/hyperplasia/metaplasia was annotated as “regressive”.
A lesion that changes only between normal/hyperplasia/metaplasia at all future
timepoints was annotated as “normal/stable”. Finally, those lesions without subsequent
samples were annotated as “unknown”. The analysis of this project was performed on the
samples from the Discovery cohort, collected between 2010 and 2012 as mentioned in
our previous publication, and 197 biopsies and 91 brushings from 30 subjects were
included.

This project was approved by the Institutional Review Boards at Boston University
Medical Center and Roswell Park Comprehensive Cancer Center. Written informed
consent was obtained from each subject and the participations were voluntary during

sample collection.
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2.2.2 miRNA-Seq Library Preparation, Sequence Data Processing, and Sample Filtering
In total, miRNA library preparation and sequencing were performed for 167 biopsies and
91 brushing samples with matched gene expression profiles. miRNA was extracted from
biopsies or brushing samples using the miRNeasy Mini kit (Qiagen) according to the
manufacturer's instructions. Sequencing libraries were prepared using NEBNext
Multiplex Small RNA Library Prep Set for [llumina (NEBioLabs). Sequencing adapters
that target the 3” hydroxyl group of small RNAs were ligated and the transcripts were
reverse transcribed and PCR-amplified into single-stranded cDNA libraries. The libraries
were pooled and size selected for small RNA fragments on PAGE gel in groups of 6-10.
The samples were then sequenced on Illumina® HiSeq 2500 to generate more than 10
million single-read 36-bp reads per sample!®.

De-multiplexing and generation of FASTQ files were performed using [llumina
CASAVA v1.8.2. FastQC v0.11.7 was used to examine the quality of raw reads and
cutadapt v1.18 was used for trimming the sequencing adaptors (5°-
AGATCGGAAGAGCACACGTCTGAACTCCAGTCAC-3°)1:192 Reads with lengths
shorter than 16 nt or longer than 25 nt were discarded, which indicated a read is not a
properly sequenced mature miRNA transcript. Then, the alignment and quantification of
mature miRNAs based on miRBase v22 were performed with miRDeep2 v0.1.01%3194,
We then performed miRNA level and sample level quality control separately in biopsy
and brushing data. We limited the analysis to the miRNA samples with matched mRNA
expression profiles previously analyzed (N = 249 samples)*®. The raw counts were

converted into log2 counts per million (logCPM) and quantile normalized with voom!®>.



25

miRNAs with logCPM less than 1 in more than half of the samples were removed.
Principal component analysis (PCA) and between-sample Pearson correlation were
derived from the resulting expression matrix. Next, sample level filtering was conducted
among biopsy and brushing samples separately. We excluded a sample if it had more
than one sequencing quality metric being outside 2 standard deviations from the mean.
The quality metrics we used included the first and the second principal components from
the PCA, the mean Pearson correlation with all other samples, and the transcript integrity
number (TIN) of the matched mRNA sequencing sample (calculated using RSeQC
v3.0.0'%%). Finally, we kept only those samples that also had good quality matched
mRNA sequencing data that were previously used to derive gene modules and molecular
subtypes. The same gene filter and normalization described above were performed on the
remaining samples. The residual miRNA expressions adjusting for sequencing batch
were computed with limma'®” for downstream analysis. The expression profiles for 153
biopsy samples with 525 miRNAs and 87 brushing samples with 488 miRNAs from 30
patients were eventually used.

Sample matched miRNA expression data for the TCGA LUSC used in our previous
publication (N=446) were also used to validate the miRNA-gene correlation. miRNA
expression data were obtained using TCGAbiolink!®. Counts associated with the same
mature miRNA transcript were aggregated. miRNA counts normalization was performed
the same way as in our datasets. The Pearson correlation coefficients were then calculated
between miRNA and mRNA data on expression residuals adjusting for the plate as

previously described.
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2.2.3 Construct miRNA-Module Network to Identify miRNAs Associating with Gene
Modules

To capture the association of miRNAs with 9 co-expressed gene modules within the
biopsy samples, we first constructed a miRNA-mRNA regulatory network based on the
genes that were used in the weighted correlation network analysis (WGCNA) within the
biopsy samples in the discovery cohort (N=11852; Supplementary Table B.1)'*°. For
this network, we utilized both the predicted gene targets for a miRNA and the correlation
between a miRNA and its targets (Figure 2.1a). The predicted gene targets for each
miRNA were defined as those identified by any of the three miRNA target databases,
including TargetScan v7.2 (conserved targets from default predictions), starBase v2.0
(strict stringency of CLIP data), and miRTarBase v7.071:200-201 Between each miRNA and
its predicted target gene, the Pearson correlation coefficient was calculated using the
residual expression values adjusting for sequencing batch, and the significance level was
adjusted using false discovery rate (FDR). Only the edges with significant and negative
Pearson correlation coefficients (FDR <= 0.05) between miRNA and predicted target
genes were retained in the network.

After constructing the miRNA-mRNA regulatory network, we sought to filter for the
connections from miRNAs whose regulatory relationship with a gene module was
stronger and more specific than with other gene modules (Figure 2.1b). For this purpose,
we filtered the miRNAs connecting to the genes of a gene module based on two statistical
tests. More specifically, for a gene module, we first performed Fisher-Z transformation

on the Pearson correlation coefficient density of a miRNA with its targets within this
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module and compared to the density with its targets in other modules using a two-sample
or one-sample (if only one target is within a group) t-test to select for miRNAs whose
relationship is stronger with this gene module (ie. more negative). Next, we used Fisher-
exact tests to examine whether or not a miRNA had more significantly negative-
correlated target genes in the module of interest than in other modules (odds ratio > 1).
The results of both tests were adjusted using FDR, and miRNAs with significant results
for the same gene module from both tests (FDR <= 0.1) were considered specifically
regulating this particular gene module. Gene-set variation analysis (GSVA) was used to
summarize miRNA set expression scores for the remaining miRNAs connecting to each
gene module?®?,

2.2.4 Identification of miRNAs and Genes Associating with PML Progression Status
The association between miRNAs that regulate immune-related modules and the PML
progression status was determined based on whether the expression level of a miRNA is
significantly different between the progressive/persistent and the regressive PMLs of the
Proliferative subtype (p-value < 0.05). Within each model, miRNA residual expressions
adjusted for sequencing batch were used as the dependent variable, PML progression
status was the main independent variable, and patient was included as a random effect
using ‘duplicateCorrelation()’ function from limma v3.44.31%7,

To identify the genes that are associated with PML progression status, we used the full
gene expression data of the discovery and validation cohorts from our previous

publication, including those samples without matched miRNA sequencing data®. Similar
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linear mixed-effect models were performed with gene residual expressions adjusted for
sequencing batch and TIN as the dependent variable, PML progression status as the
independent variable while adjusting patient as a random effect. We further validated
gene associations with PML progression status using an external microarray dataset, in
which linear models were used with probe intensities as the dependent variable and

progression status, as defined in our study, as the main independent variable.

2.2.5 Examination of the Cell-Type Specific Expression of miR-149-5p

To examine whether a miRNA is potentially specifically expressed within a certain cell
type, we examined the correlation between the expression level of this miRNA and cell-
type marker genes. The method for calculating Pearson correlation coefficients has been
described in the previous section. Cell-type marker genes we used were: CD3g for T
cells, CD19 for B cells, CD68 for macrophages, KRTS5 for basal cells, FOXJ1 for ciliated
cells, MUC5ac for goblet epithelial cells, , and SCGB1A1 for club cells.

Also, miRNA expression data from human primary cell-types were used to evaluate
whether or not the expression of a miRNA is enriched within a certain group of

samples®®

. The data contains miRNA expression profiles for 2595 mature miRNAs
across 399 samples. The library size normalized (CPM) miRNA expression matrix was
directly downloaded from https://fantom.gsc.riken.jp/data/ and was log2-transformed.
Classification of FANTOMS samples to cell types were based on the sample annotations.

Samples were ranked by their expression levels of miR-149-5p. Then, gene set

enrichment analysis (GSEA?%) was used to test whether or not samples with higher miR-
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149-5p expression were enriched for samples from a specific group of cell-types.

2.2.6 Analysis of NLRC5 ChIP-seq data

NLRCS peak locations and genome coverages from previous NLRC5 ChIP-seq data in
mice were obtained from GSE590922%. Normalized read coverage in reads per million
(RPM) around the NLRCS5 regulated genes were averaged across biological duplicates.

Genome track visualizations were made with karyoploteR v1.16.02%.

2.2.7 Analysis of FANTOM) gene expression data
Matched gene expression profiles in transcripts per million (TPM; N=394) from the
functional annotation of the mammalian genome 5 (FANTOMY) project were used to

examine the miRNA-mRNA correlation by cell type?*®. The count table obtained from

the FANTOMS atlas of miRNAs website (https://fantom.gsc.riken.jp/data/) and were

log2-transformed for correlation analysis.

2.2.8 Cell-type deconvolution analysis

Cell-type deconvolution was conducted using AutogeneS??’. Based on the package
recommendation, gene expression data from biopsy and brushing samples was first
normalized to transcript per million (TPM), and batch correction was performed using
combat?®®, Cell type reference was generated using single-cell RNA sequencing data
containing 2,075 cells from 17 bronchial brushings from patients undergoing

bronchoscopy for suspicion of lung cancer?”.
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2.2.9 Data availability

Gene expression data from GSE109743 was used to construct miRNA-gene correlation
network®. miRNA expression data from GSE93284 and gene expression from
GSE66499 and GSE114489 were used to validate the miRNA-gene correlation and gene

association with lesion outcome33-156:166,

2.3 RESULTS

2.3.1 Patient population

153 miRNA expression data from PML biopsy samples with matching gene expression
profiles were obtained from 28 individual patients after quality filtering. Since quite a
few samples were removed for low quality compared our previous analysis using mRNA
expression data, we compared the clinical characteristics for the biopsy samples between
the four molecular subtypes and examined whether the correlation with phenotypes was
preserved in this smaller dataset (Table 2.1). Similar to our previous observation,
significant differences were found between the molecular subtypes for the lesion-related
characteristics (chi-square test p-value < 0.05): the higher-grade dysplasia lesions are
enriched in the Proliferative subtypes; current smokers were enriched in both the
Proliferative and the Secretory subtypes. Sequencing batch and TIN for matched RNA
samples are not significantly different between the molecular subtypes. These
observations indicated the patients with miRNA expression data have similar associations

between molecular subtypes and phenotypes as we described in our original publication.
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Proliferative  Inflammatory Secretory Normal

(n=45) (n=27) (n=44) (n=37)
Dysplasia Grade
Normal 3 (6.7) 4 (14.8) 12 (27.3) 10 (27.0)
Hyperplasia 4 (8.9) 8 (29.6) 7 (15.9) 6(16.2) chi=37.22
Metaplasia 7 (15.6) 8(29.6) 9(20.5) 12 (32.3) -0 00;‘9 >
Mild Dysplasia 5 (11.1 1(3.7) 6 (13.6) 2(5.4) p=0
Moderate Dysplasia 19 (42.2) 4(14.8) 7 (15.9) 5(13.5)
Severe Dysplasia 7 (15.6) 1 (3.7) 1(2.3) 1(2.7)
Smoking Status chi=30.23,
(genomic prediction) 38 (84.44) 11 (40.7) 32 (72.7) 12 (32.4) p <0.001
Progression Status
Progression/persistent 14 (31.1) 4(14.8) 13(29.6) 5(13.6) chi=25.69
Regressing 14 (31.1) 3(11.1) 49.1) 3(8.1) -0 00'23 i
Normal/Stable 7 (15.6) 12 (44.4) 8(18.2) 14 (37.8) p=0
UNK 10(22.2) 8 (20.6) 19 (43.2) 15 (40.5)
Batch
1 11(24.4) 9(33.3) 9 (20.5) 8 (21.6)
2 13(28.9) 5(18.5) 17 (38.6) 8(21.6) chi=20.51,
3 8(17.8) 7(25.3) 7 (15.9) 16 (43.2) p=0.058
4 11244 2(7.4) 9 (20.5) 4 (10.8)
52344 4 (14.8) 2 (4.6) 1(2.7)
TIN (Matched mRNA 77.8 F=0.46,
Sample) 78.3 (1.5) 78.3 (1.5) 78.1(1.4) (2.9) p=0.71

Table 2.1. Biopsy sample clinical annotation across four PML molecular subtypes.

Statistical tests for categorical clinical variables (dysplasia grade, smoking status, progression status, and
batch) were conducted using Chi-square tests. Statistical tests for continuous variables (TIN) were
compared using two-sided Student’s t-tests. Percentages are reported for categorical variables and
mean/standard deviations are reported for the continuous variable.
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2.3.2 Identification of miRNAs regulating the immune-related module using miRNA-
mRNA Network

Constructing miRNA-mRNA regulatory networks has been frequently performed to
elucidate how miRNAs, through negatively regulating target genes, may be functionally
associated with cancer?!%?!!, In these networks, the nodes are miRNAs and mRNAs, and
the edges or connections represent negative correlations between miRNA and predicted
target genes. For our case, we wanted to further classify the miRNAs based on whether
they have central gene-expression regulatory roles within the miRNA-gene network in
each of the nine gene modules we previously described®. This could be accomplished by
testing whether a miRNA is a “hub” node in each gene module, in which a miRNA is
assigned to the gene module it has the largest number of connections or is most
negatively correlated with!*®. However, such approach has several disadvantages. First,
our gene modules have various sizes. Classification based on miRNA connection degree
would bias towards larger gene modules by chance, and smaller gene modules may end
up with no connected miRNAs. Also, such method allows each miRNA to be associated
with only one gene module yet it has been shown that miRNAs can regulate multiple
different functional pathways. For example, the miR-34 family has been shown to
suppress neoplastic proliferation while also being a central regulator for motile
ciliogenesis in multiciliated epithelia?!22!3, miRNAs of the miR-200 family can target
genes in both cytoskeleton processes related pathway and CD8" T cell fate
specification>>214,

To overcome these issues, we constructed a miRNA-gene module network by applying
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an edge-filtering strategy (Figure 2.1b; see Methods). To achieve this, we first built a
miRNA-gene network based on the significantly negative correlations between miRNAs
and their predicted target genes using 153 lesion biopsy samples with both miRNA and
gene expression profiles. Then, for each co-expressed gene module, we identified and
retained only the connections from miRNAs whose associations with the genes in this
gene module are stronger (more negative) and the negatively correlated target genes are
enriched. The edges between miRNA and target genes in the other gene modules were
removed. After excluding nodes without any connections and summarizing miRNA-gene
connections to the gene module level, we resulted in a bipartite, directed network
consisted of 287 miRNA nodes targeting genes in nine gene modules (Figure 2.2a;
Table B.2).

The connection pattern of the miRNA-gene module network agrees with our
assumptions. miRNA connected to all nine gene modules were identified, and the gene
modules with more connected miRNAs do not necessarily contain more genes. Also, as
expected, we observed 58 miRNAs that have connections to more than one gene module.
To further validate our network captures biologically relevant miRNA regulations, we
then examined whether the expression levels of miRNAs are negative correlated with that
of the gene modules they are connecting to. The correlation densities between the
expression levels of miRNAs associating with a gene module and the module score for
that module were all left-shifted, with the exception of module 6 which contained both
positive- and negative-correlated genes (Figure 2.2b). We also observed that the GSVA

scores for miRNAs connected to each gene module are significantly negatively correlated
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Figure 2.1. Analysis design diagram.
a. 148 longitudinally collected endobronchial biopsies from 30 patients were collected and both mRNA and
miRNA were sequenced. A miRNA-gene regulatory network was derived based on both significant
negative correlation and evidence that the miRNA targets the mRNA. Pearson correlation was calculated
from expression residuals for each miRNA-mRNA pair, and those with significant negative Pearson
correlation coefficients (FDR <= 0.05) were selected. Target information was obtained by combining both
sequence-based prediction databases and experimentally validated databases. b. The Fisher-Z transformed
Pearson Correlation coefficient densities of one miRNA with its targets within the module of interest were
compared to that with its targets in other modules using a t-test to select for miRNAs that strongly regulate
the module of interest (t < 0). Fisher-exact tests were performed to select for miRNA with significantly
more connected target genes in the module of interest than in other modules (OR > 1). miRNAs with
significant results from both tests (FDR <= 0.1) were selected to construct a miRNA-Gene module

network.
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Figure 2.2. miRNA-Gene module network captures miRNA regulatory roles.

a. miRNA-Gene module network after connection filtering. miRNAs were shown by small grey circles and
the gene modules were shown as large colored circles. Edges showed the connection after filtering (see
Method) between the miRNAs and gene modules. b. Pearson correlation densities between miRNA
connecting to each gene module in the miRNA-gene module network and the predicted target genes of that
gene. c-d. Network plots of miRNAs connecting to two gene modules and the predicted target genes within
those gene modules: miRNA-34c-5p and miR-34b-5p were connected to the cell cycle, DNA replication
gene module, and the cilia biogenesis and function gene module (Module 5 and 6; miR-200a-3p and miR-
200b-3p were connected to the extracellular matrix, cell adhesion gene module and the immune activation,
inflammatory response gene module (Module 1 and 8).
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with the corresponding module GSVA scores (Figure A.1; FDR < 0.05, Pearson
correlation). Moreover, the connections between miRNA and gene module in the network
reflect multifaceted functions of miRNAs demonstrated by previous studies. miR-34b-5p
are connected to gene modules with genes associated with cell proliferation and cilia
biogenesis?'??!? (module 5 and 6), while miR-200a/b-3p are connected to gene modules
with genes associated with ECM and inflammatory response®>2!4 (module 1 and 8;
Figure 2.2¢-d). These results suggest that our miRNA-gene module network reveals
biological meaningful regulatory relationships between miRNAs and the predicted target

genes.

2.3.3 hsa-miR-149-5p is Associated with Immune-Related Gene Module and Lesion
Progression

The immune-related gene module, enriched with genes associated with interferon
response and antigen presentation and processing pathways, has previously been shown
to be down-regulated among the progressive/persistent comparing to the regressive PMLs
of the Proliferative subtype. In order to identify miRNAs that potentially contribute to the
PML progressive phenotype, we first identified the miRNAs that are connected to the
immune-related gene module. Based on the miRNA-gene module network, four miRNAs
(hsa-let-7e-5p, hsa-miR-125a-5p, hsa-miR-138-5p and hsa-miR-149-5p) are found to be
significantly negatively correlated with 21 genes of the immune-related gene module
(Figure 2.3a). For each of these four miRNAs, as described above, the correlation

density with predicted target genes in the immune-related gene module is significantly
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more negative than that with predicted target genes in the other gene modules, and the
significant negatively correlated target genes are enriched within the immune-related
gene module (FDR < 0.15, t-test and Fisher-exact test; Table B.3).

Next, we examined whether or not the expression levels of these miRNAs are associated
with the progressive status of PMLs of the Proliferative subtype in our biopsy dataset.
hsa-miR-149-5p was significantly upregulated within the progressive/persistent (N=14)
comparing the regressive (N=14) PMLs of the Proliferative subtype (p-value < 0.05,
linear model; Figure 2.3b and Table B.4), suggesting its higher expression is associated
with worse lesion prognosis. As oncogenic role for hsa-miR-149-5p has been previously
identified in different cancer settings®!>-2!°,

We further validated the association between hsa-miR-149-5p and the immune-related
gene module in three datasets with sample matched miRNA and gene expression profiles:
airway brushings samples from our project, TCGA LUSC tumor samples and the
mainstem bronchus brushing from the Airway Epithelial Gene Expression in the
Diagnosis of Lung Cancer (AEGIS) trials. Genes of the immune-related gene module
were enriched among the genes that were negatively correlated with hsa-miR-149-5p in
all datasets (p-value < 0.001, GSEA; Figure A.2a). Also, the genes in each leading edge
were strongly overlapped (Figure A.2b). These observations suggest hsa-miR-149-5p
may promote the progressive PML phenotype by specifically suppressing the target genes

the immune-related gene modules.
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a. Network plot of miRNAs connecting to the immune-related gene module (Module 9). miRNAs were
shown by large grey circles and the significantly negatively correlated target genes of the immune-related
gene module were shown as purple circles. Edges showed significantly negative correlations between the
miRNAs and the predicted target genes. b. Boxplots of residual expression levels of the four miRNAs
specifically connected to the immune-related gene module.

*p-value < 0.05.
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2.3.4 miR-149-5p Regulates MHC Class I Genes Through Suppressing NLRCS
Expression

Next, we sought to better elucidate the mechanism of how hsa-miR-149-5p up-regulation
contributes to lesion progression by investigating the targets it regulates. Eight
significantly negatively correlated target genes of hsa-miR-149-5p were found in the
immune-related gene module. We compared the expression levels of these genes between
the progressive/persistent (N=15) versus the regressive (N=15) PMLs of the Proliferative
subtype in the full gene expression data. The expression level of four negatively
correlated predicted target genes, BTIN3A3, HLA-E, NLRC5 and SOCS1, are
significantly lower in the progressive/persistent proliferative PMLs than in the regressive
ones (p-value < 0.05, linear model), while all of them are down-regulated in the
progressive/persistent PML samples (Figure 2.4 and Table B.5). The lower expression
of these genes among PMLs that progress is also observed in the proliferative PML
samples from our validation cohort (N=7 and 12) and in an independent dataset from
GSE114489 (N=32 and 15) (Table B.5). Since hsa-miR-149-5p is elevated in the
progressive/persistent PMLs of the Proliferative subtype, these results suggest that it may
be responsible for some of the decreased gene expression associated with lesion

progression.



40

%
.
e
NS -15_.
s
R
¥
%

miR-149-5p Targets in Module 9

Prog_resswe/ Regresssive

persistent N=15

N=15
Figure 2.4, The predicted target genes of miR-149-5p were associated with PML progression within
the Proliferative subtype.
Boxplots of residual expression levels of the miR-149-5p significantly negatively correlated target genes of
the immune-related gene modules between the progressive/persistent PML samples and the regressive
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Among these genes, we found NLRCS5 to be particularly interesting. NLRCS is a
predicted target for hsa-miR-149-5p in two out of the three miRNA target databases we
used. The negative correlations are statistically significant in the sample matched miRNA
and mRNA expression profiles in tumor samples from TCGA LUSC (N=446), the
bronchial brushing samples (N=82) from our dataset, and the mainstem bronchus
brushing samples (N=341) from AEGIS clinical trials (p <= 0.05, Pearson correlation;
Figure A.3a-c).

Previous studies have showed that NLRCS5 is a member of the NOD-like receptor (NLR)
family and is a transcriptional activator of the MHC class I genes?!”. Since previously we
have shown that the depletion of CD8 T cells is associated with PML progression?®, we
hypothesized this could partially be due to hsa-miR-149-5p regulating the expression of
the MHC Class I gene by down-regulating NLRCS5 expression. Seven genes (B2M, HLA-
A/B/C, PSMB&/9 and TAP1) were identified to be directly regulated by NLRCS5 based on
literature reviews?'$2!°. NLRC5 promoter-binding at the mouse orthologues of these
genes can be observed via ChIP-seq experiments from mice T cells?® (Figure 2.5a and
Figure A.4). All these genes are within the immune-related gene module, and the
expression levels for all, except HLA-C, were significantly down-regulated within the
progressive/persistent proliferative PML (Figure 2.5b and Table B.6). Further validation
was done in data from our validation cohort from GSE114489 revealed the same
dysregulation (Table B.6). gPCR experiments in SW900 lung cancer cell lines
transfected with miR-149 or mock sequence demonstrated that NRLCS5, as well as its

target genes HLC-B/C, PSMB9 and TAP1, were
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Figure 2.5. NLRCS regulates MHC Class I gene expression associated with PML progression.

a. WT and Nlrc5-/- ChIP-seq tracks from (GSE59092) shows NLRCS5 binding at the promoter regions of
B2m and Tapl. b. Boxplots of residual expression levels of the NLRCS target genes in the
progressive/persistent and regressive PML samples within the Proliferative subtype. ¢. gPCR of NLRC5
and NLRCS5 regulated genes expression levels in SW900 in miR-149 transfection and mock control
samples (n=3). ZKSCAN2 was used as negative control. *p-value < 0.05.
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significantly decreased upon transfection with miR-149 (Figure 2.3¢; t-test p-value <
0.05). These data suggest that hsa-miR-149-5p potentially promotes the decrease of CD8

T cells and lesion progression by suppressing NLRC5 and MHC Class I gene expression.

2.3.5 has-miR-149-5p Expression is Enriched within Epithelial Cells

Cell-type-specific expression of genes or miRNAs can potentially affect interpretation of
data from tissue sequencing experiments. To further explore our hypothesis, we aimed to
determine whether the expression of hsa-miR-149-5p is specific to certain cell-types.
First, we examined the correlation pattern between hsa-miR-149-5p and canonical cell
type markers within our lesion biopsy samples. As shown in Figure 2.6a, significantly
positive correlations were only observed between has-miR-149-5p and the basal cell
markers KRTS5 (FDR < 0.001, Pearson correlation) but no other markers. In comparison,
hsa-miR-34b-5p and hsa-miR-449c-5p, which are expressed highly in mucociliary
epithelia, were positively correlated with FOXJ1, and hematopoiesis essential hsa-miR-

150-5p were positively correlated with immune cell markers?!3-220,

Also, we utilized cell-type-specific transcriptomic data from the FANTOMS project?®.
FANTOMS samples were ranked based on the normalized expression level of hsa-miR-
149-5p. We then selected samples of epithelial, lymphoid, or myeloid cell-types, and
examined whether any cell-type group was enriched among those with high hsa-miR-
149-5p expression. Based on GSEA analysis, samples belonging to the epithelial cell
group (N=44) were positively enriched among samples with high hsa-miR-149-5p

expression (p < 0.001, GSEA), while the endothelial (N=42) and the immune cell (N=36)
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Figure 2.6. miR-149-5p is highly expressed in and regulates NLRCS5 within epithelial cells.

a. Bubble plot of the correlation between the expression level of miR-149-5p and cell-type marker genes,
including CD3g (T cells), CD19 (B cells), CD68 (macrophages), KRTS5 (basal cells), FOXJ1 (ciliated
cells), MUCSAC (club cells) and SCGB1A1 (goblet cells). Correlation results for miR-34b-5p, miR-449c¢-
5p and miR-150-5p were also shown as controls. *FDR <= 0.05; **FDR <= 0.01; ***FDR <= 0.001. b.
Enrichment of miR-149-5p across cell-type compartments in the FANTOMS project. (Top) Barchart
showed the rank list in which FANTOMS samples (N=393) were ranked by the normalized expression
levels of miR-149-5p. (Bottom) Vertical bars indicated the position of FANTOMS samples belonging to
epithelial, endothelial, or immune cell compartments. ¢. Scatter plot of the correlation between the
normalized expression levels of miR-149-5p and NLRC5 within the FANTOMS samples belongs to the
epithelial cell compartment (N=41). Linear fitness was shown as a dashed line and 95% CIs were shown as
shade.
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groups were negatively enriched (p = 0.05 and p < 0.01, GSEA; Figure 2.6b). Our
findings indicate that the expression of hsa-miR-149-5p is highly enriched within

epithelial cell-types, particularly in basal cells.

2.3.6 Interaction between miR-149-5p and the NLRCS5 can be observed in epithelial cell
The observation that hsa-miR-149-5p is highly expressed among epithelial cells is
interesting given its implication in immune-regulation. There are two potential
hypotheses to explain the apparent conflict: hsa-miR-149-5p functions within epithelial
cells to indirectly regulate immune response, or its differential expression level reflects
cell-type composition changes associated with lesion progression status. In fact, the
significant correlation between the expression level of hsa-miR-149-5p and CD3g and
CD19 may indicate an inverse relationship between the abundance of immune and
epithelial cells (Figure 6A) and potentially favors the latter.

To test these hypotheses, we examined the correlation between hsa-miR-149-5p and
NLRCS5 among samples belonging to specific cell-types within the FANTOMS data. A
significant negative correlation between the expression levels of hsa-miR-149-5p and
NLRCS5 was observed among the samples of the epithelial cell group (p < 0.01, Pearson
Correlation; Figure 2.6¢), but not in those of the endothelial or immune cell groups
(Figure A.4a-b), suggesting that that the suppression of NLRCS5 by hsa-miR-149-5p may
be specific to epithelial cells. Together, the negative regulation relationship between hsa-
miR-149-5p and NLRCS5 within the epithelial cells indicated that hsa-miR-149-5p may be

a key driver for immune suppression in early lung cancer that exerts its function within
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epithelial cells.

2.3.7 miRNA-gene module network in brushing samples collected from the normal-
appearing airways

We further sought to explore the miRNA regulated gene expression in the bronchial
brushing samples, and explore the field cancerization effect associated with PML. Using
the 82 samples with match gene and miRNA expression profiles (Table 2.2), we
constructed a miRNA-gene module regulatory network as in the biopsy samples. This
network contained 3093 genes and 468 miRNAs with 8738 edges. Using the filters
described earlier, we removed the potentially non-specific regulatory connections to
identify a miRNA-gene module network of 104 miRNAs connecting to 1107 genes from
the co-expressed gene modules with 1851 edges (Figure 2.7a). Of these miRNAs, 13
were connected to more than gene modules. The metagene scores calculated from the
miRNAs connected to each gene module were significant negatively correlated with the
gene module scores, suggesting module-specific regulatory relationships (Figure 2.7b).
Next, we compared the miRNA regulating each gene module in both biopsy and in
brushing samples. Out of the 114 miRNAs in the brushing miRNA-gene module
regulatory network, only 13 were also observed in the network from the biopsy samples
(Figure 2.7¢). Most of these miRNAs were connected to the modules associated with
ECM pathways or cell proliferation pathways. These differences in miRNA-gene module
connection patterns suggested the miRNA-regulation landscape might be different

between the airway epithelium at the lesions and the normal-appearing airways.
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Proliferative Inflammatory Secretory Normal
(n=15) (n=11) (n=25) (n=36)
Dysplasia Grade
Normal 0 (0) 19.1) 3(12.0) 2(5.6)
Hyperplasia 1 (6.7) 4(36.4) 2 (8.0) 4(11.1) chi=20 08
Metaplasia 0 (0) 2 (18.2) 3(12.0) 10 (27.8) -0 17’ ’
Mild Dysplasia 3 (20.0) 0(0) 2 (8.0) 411y P
Moderate Dysplasia 8 (53.3) 2(18.2) 8(32.0) 11 (30.6)
Severe Dysplasia 3 (20.0) 2(18.2) 7 (28.0) 5(13.9)
Smoking Status chi=8.11,
(genomic prediction) 11 (73.3) 2(18.2) 13 (52.0) 16 (44.4) p=0.043
Batch
1 1(6.7) 2(18.2) 6 (24.0) 5(13.9)
2 3(20.0) 3(27.3) 2 (8.0) 10 (27.8) chi=114.02,
3 5(33.3) 19.1) 7 (28.0) 7(19.4) p=0.30
4 6(40.0) 4(36.4) 10 (4.0) 14 (38.9)
5 00 1(9.1) 0(0) 0(0)
TIN (Matched F=0.29,
mRNA Sample) 73.7(3.2) 72.1 (4.6) 72.5 (3.6) 72.7 (3.0) p=0.83

Table 2.2. Brushing sample clinical annotation across four PML molecular subtypes.

Statistical tests for categorical clinical variables (dysplasia grade, smoking status, progression status, and
batch) were conducted using Chi-square tests. Statistical tests for continuous variables (TIN) were
compared using two-sided Student’s t-tests. Percentages are reported for categorical variables and
mean/standard deviations are reported for the continuous variable.
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Figure 2.7. miRNA-gene module network consensus analysis between the biopsy and brushing
sample.

a. miRNA-Gene module network after connection filtering. miRNAs were shown by small grey circles and
the gene modules were shown as large colored circles. Edges showed the connection after filtering (see
Method) between the miRNAs and gene modules. b. Pearson correlation between metagene scores
calculated from miRNA connecting to each gene module in the miRNA-gene module network and the gene
module scores. ¢. Consensus miRNA-gene module network between the PML biopsy and brushing
samples. Each edge showed the miRNA-gene module connected in both networks constructed in the PML
biopsy and the brushing datasets. d. Boxplots showing the AutoGeneS cell-type deconvolution results
across the four molecular subtypes for the PML biopsy (top) and the brushing (bottom) datasets.

* FDR <= 0.05; ** FDR <= 0.01; *** FDR <= 0.001.
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DISCUSSION

Lack of understanding of the earliest molecular event associated with bronchial PML and
effective strategies to intercept PML progression contributes to the high prevalence and
mortality of LUSC. We previously demonstrated bronchial PMLs can be classified into
four distinct molecular subtypes based on gene expression patterns. Decreased gene
expression involved in antigen processing and presentation, as well as decreased
abundance of anti-tumor immune cell infiltration, is associated with the
persistent/progressive Proliferative PMLs*°. However, the transcriptional regulators
contributing to the immune evasion and progressive pathology of bronchial PMLs are
still poorly understood. In this study, we measured miRNA expression profiles from
longitudinally collected endobronchial biopsies and examined the miRNA-mediated gene
expression network of patients undergoing lung cancer screening. With miRNA and
mRNA expression data from the same samples, we constructed a miRNA-gene module
network and identified four miRNAs regulating the immune-related gene modules. We
further showed that miR-149-5p, a miRNA highly expressed in the airway basal cells, is
up-regulated among the persistent/progressive Proliferative PMLs. Through negatively
regulating the MHC Class I transactivator NLRC5, miR-149-5p suppresses MHC Class I
gene expression which may promote immune evasion, particularly the lack of CD8+ T
cells recruitment, and PML progression (Figure 2.8). Together, these data suggest the
molecular mechanism by which miRNA dysregulation leads to alterations in gene

expression and an altered immune microenvironment.
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Our miRNA-gene module network analysis across multiple datasets suggested that miR-
149-5p is a regulator of the immune-related gene module in the lung. The expression
level of miR-149-5p and its target genes are inversely associated with the progression
status of bronchial PMLs, suggesting it to be a driver of immune evasion and early lung
cancer progression. Intriguingly, previous studies have largely characterized miR-149
being a tumor-suppressive miRNA across different cancer settings. In NSCLC, Yang et
al. showed the expression of miR-149-5p is up-regulated in the tumor compared with
adjacent tissues??!, while others suggested miR-149-5p inhibits the epithelial-to-
mesenchymal process through targeting FOXM1 in lung cancer cell line*??, Higher miR-
149-5p expression has been associated with reduced drug sensitivity and cancer
progression in breast??*?24, gastric®*, and oral cancer??° through down-regulating My99,
IL-6, AKT, and CDK®6. In contrast, the oncogenic role of miR-149-5p has been reported
in prostate cancer??’ and melanoma?®?8. Similarly, our data suggest miR-149-5p acts as an
oncomiR in the bronchial PMLs. Notably, Srivastava et al. showed that IFN-y activity
may suppress miR-149 levels and drive inflammatory response in keratinocyte??’. A
similar association is observed among progressive/persistent Proliferative PMLs in our
data, which are characterized by low expression of genes related to the interferon
response pathways and high levels of miR-149-5p. Given these observations, miR-149-5p
activity may be tissue or cancer-type specific, and the underlying mechanism requires
more study to elucidate.

Here, through exploring the miRNA-mediated regulatory landscape within bronchial

PMLs, we revealed a novel regulatory mechanism of NLRC5 and MHC Class I by miR-
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149-5p, and their association with early immune evasion and bronchial PML progression.
Our in vitro experiments suggested that NLRCS5 and MHC Class I genes are suppressed
by miR-149-5p in bronchial epithelial cells, and are correlated with anti-tumor immune
cell infiltration, similar to observations in the metastatic melanoma context?*°. In
bronchial PMLs, a previous study reported loss of heterozygosity and hypermethylation
in the HLA region led to dysfunctional antigen processing and presentation®. Thus, our
work expands the current understanding and reveals an additional mechanism regulating
antigen processing and presentation.

The association between NLRCS5 regulated MHC Class I gene expression and tumor
immune evasion have been extensively studied?!32!*-23!, Reduced NLRC5 expression can
lead to decreased T cell cytotoxicity in mice?*?233. Using the solid tumor data from
TCGA, Yoshihama et al. demonstrated that lower NLRCS5 expression is associated with
deficient CD8+ T cell activation and poor prognosis***. Furthermore, recent work
demonstrated that impaired MHC Class I processing and presentation pathway confers
lung cancer resistance to immune therapy?*, and increasing MHC gene expression can
improve immune checkpoint blockade response?*®, suggesting their critical roles and
therapeutic potential in the context of lung cancer management. Interestingly, Ayukawa
et al. recently demonstrated that MHC class I in normal epithelium may facilitate the
removal of premalignant cells through interacting with LILRB3 independently from NK
or CD8+ T cell cytotoxic activities?*”. Collectively, these data suggest the critical and
multi-faceted roles of miR-149-5p-mediated NLRCS5 and MHC Class I gene expression

associated with the immune microenvironment and the pathological progression of
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bronchial PMLs.

Additionally, we showed that hsa-miR-149-5p is highly enriched among the bronchial
airway epithelial cell populations, suggesting interesting crosstalk between the epithelium
and the immune microenvironment. More specifically, the cell-type marker gene
correlation analysis demonstrated that miR-149-5p is likely expressed within the basal
cell, the progenitor stem cell, and the cell of origin of LUSC in the proximal airway?3%23,
Meanwhile, the proportion of basal cell is not associated with PML progression status,
and adjusting for basal cell abundance does not affect the association between expression
and progression status. Laughney et al. also demonstrated an inverse association between
expression levels of the transcription factors specifying lung progenitor cells, SOX2, and
MHC Class I genes in primary and metastatic lung tumors®*’. Similarly, the stem cell
program in colon cancer has been associated with decreased levels of antigen

presentation and elevated immune evasions?*!242

. These observations suggest that the cell
state of basal cells in the bronchial airway may alter the immune microenvironment and
drives the progression of bronchial PMLs. Therapeutics that direct cell fate among the
airway cell populations might help control the lesions. Future investigation will be
needed to further unravel the causality between epithelial cell state and the lack of
antigen presentation, and determine whether immune surveillance may direct epithelial
cell fates.

Our results also highlight the possibility of miR-149-5p being a potential therapeutic

target for preventing PML progression. The miRNAs’ ability to regulate the expression

levels of multiple target genes makes them ideal candidates for therapeutics or as drug
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targets?43:244

. Previous studies explored the therapeutic potential by modulating cancer-
associated miRNA levels, either increasing the levels of tumor suppressive miRNAs or
decreasing the levels of oncogenic miRNAs. For example, delivery of let-7 or miR-34a
mimic with various strategies has shown to inhibit tumor initiation and growth in

245

pancreatic®® and lung cancer mice models?*®?#’, In contrast, suppressing the functions of

oncogenic miRNAs, such as miR-10b, using antimiR (antisense oligomer) has
demonstrated efficacy in reducing breast cancer metastatsis®*® and glioma growth?®.
Despite these successful examples, only a handful of miRNA therapeutics for cancer
have moved to the clinical trial stage. One challenge during miRNA therapy development
was the accurate identification of miRNAs that specifically regulate a gene or pathway of
interest, given that miRNAs can potentially regulate hundreds of target genes. Combining
the network approach and in vitro assay, we have found that miR-149-5p targets and
suppresses the NLRCS5 expression in the airway epithelial cells. Another challenge of
miRNA therapeutics is the delivery methods that ensure both miRNA stability and
targeted delivery while minimizing toxicity. Recent advances in lipid nanoparticle
platforms?>° may help to overcome these issues and to develop miR-149-5p antimiRs as a
bronchial lesion interception strategy.

Our results also reveal strikingly different miRNA-gene regulatory landscapes between
the endobronchial biopsy and the mainstem bronchial brushing samples, despite the
previously observed similar gene co-expression pattern. While the previous work

demonstrated that the co-expression patterns of gene modules and the transcriptionally

distinct molecular subtypes can be found in both lesion sites and normal airways*, the
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miRNA-gene module networks indicate the lack of consensus connections between tissue
or sample types. We hypothesized there are two main reasons for the discrepancy. First,
the sample size of the biopsy dataset is almost twice as that of the brushing dataset, and
the estimated miRNA-gene correlation might be more robust and stronger in the biopsy
data. Therefore, some weaker regulatory relationships might not reach statistical
significant levels and would be filtered out in the brushing miRNA-gene network.
Second, the sample collection procedure and the tissue location differences may result in
very different cellular composition between datasets. Biopsy of PMLs may be composed
mainly of epithelial basal cell, while the mainstem bronchial airway brushings would
have more ciliated cells (Figure 2.7d). The difference in cellular composition has been
associated with miRNA differential expression and regulatory roles®!. Notably, we found
miR-34/449, two cilia cell specific miRNAs?!3, were not connected to the cilia biogenesis
gene module in the brushing miRNA-gene module network as in the biopsy network.
These results highlight the potential that a similar co-expressed gene modules or gene
programs might be associated with different cell types between sample types.

Our data reveal a cell-cell communication model where the upregulation of miR-149-5p
in basal cells represses the anti-tumor immune response associated with the progression
of bronchial PMLs. The results not only suggest a novel mechanism that drives the
immune-evasive microenvironment but also provide a potential biomarker measured
from biopsy samples for the detection of progressive PMLs and candidate therapeutic
targets. To our knowledge, this is the first study analyzing miRNA-mediated gene

expression regulation associated with premalignant lesion progression. Future studies are
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needed to comprehensively characterize the alterations in both the epithelial and immune
cell populations, including single-cell sequencing to address cellular composition changes
associated with PML histological progression, targeted TCR/BCR sequencing to address
how neoantigens shape the adaptive immune cell populations, and spatial transcriptomic
to quantify how the cellular organizations and basal membrane structure are changed
during early lung cancer progressions. Putting everything together, our data reveal
miRNA-mediated gene regulation that contributes to early immune-evasion and PML
progression and supports the potential of intercepting the progression of PMLs through

modulating the miR-149-5p levels.
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CHAPTER 3 DIFFERENTIAL REGULATION ANALYSIS QUANTIFIES
MIRNA REGULATORY ROLES AND CONTEXT-SPECIFIC TARGETS
Adapted from the following manuscript:
B Ning, Spira T, JE Beane and ME Lenburg. Differential regulation analysis quantifies
miRNA regulatory roles and context-specific targets. bioRxiv.
3.1 INTRODUCTION
Gene expression regulation within cells can be modeled via networks, where the
transcriptional regulators, such as transcription factors (TFs), and their downstream target
genes are represented as nodes and regulatory relationships are represented as

edgeSZSZ,ZS3

. Through tight control of the transcriptional network, cells can accurately
coordinate gene expression and establish correct cellular functions under normal
conditions. In the meantime, the gain or loss of connectivity in the transcriptional
network, or “rewiring” events, can result in altered gene expression profiles observed
among differentiating or treated/perturbed cells or between cancer-subtypes®-234-236,
Computational methods have been developed to detect and statistically quantify
transcriptional network rewiring events between two groups from bulk gene expression
profiles. These methods utilize gene-gene expression correlation coefficients, graphical
models, or Latent Dirichlet allocation with TF chromatin-binding profiles to infer the
transcriptional regulator (typically TFs) whose connectivity with downstream targets is
significantly rewired? 7260,

MicroRNA (miRNA) is a class of short, non-coding RNAs which utilizes complementary

sequence paring between its seed sequence and the 3’ untranslated region (UTR) of gene
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261263 Through acting as post-

transcripts to repress target gene expression levels
transcriptional regulators, miRNAs participate in a wide range of biological and cellular
processes, including cell differentiation, development, and carcinogenesis
processes’2231:264.265 Tt has been shown that miRNA may undergo network rewiring and
have different functions between cell-types or cancer molecular subtypes®7:6-70-266,
Particularly shown by the study from Hsin et al., the rewiring of miRNA regulatory
networks between cell-types is predominantly due to miRNA target binding switching,
rather than 3°UTR isoform or expression levels?®’. While these studies provided valuable
knowledge on miRNA regulatory networks, they often rely on single-cell RNA
sequencing or complicated functional profiling such as CLIP-seq with Halo-enhanced
Ago?2 pull-down?%® or CLASH?%, which is expensive and not always feasible. Thus, it is
advantageous to develop methods capable of identifying miRNAs with differential
regulatory roles across either multiple cell-types or cancer subtypes from bulk miRNA
and gene expression profiles.

While Chapter 1 explored the miRNAs that regulate specific gene modules and drive the
progressiveness of proliferative lesions, less is known on how miRNA-mediated
regulation may contribute to the molecular subtypes. Given that the molecular subtypes
were originally defined based on gene co-expression®’, miRNA differential expression
analysis between molecular subtypes would not yield further insights since the target
genes of the resulted miRNAs will simply be the module defining genes. However,

evidence showed the molecular subtypes were enriched with different epithelial cell

populations, which suggests differential miRNA-mediated gene regulatory network or
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miRNA network rewiring may exist across the molecular subtype. Furthermore, the
regressive proliferative lesions were shown to be transcriptionally similar to the
inflammatory samples, much less high-grade dysplasia lesions were classified as the
inflammatory subtype. Thus, identifying miRNAs with subtype-specific target genes may
provide further biological mechanism on the development of the molecular subtypes.
Most current computational methods for detecting rewiring events, are not optimized for
miRNA-mediated gene regulation and cannot be directly applied to scenarios involving
miRNAs for several reasons. 1) Previous methods were developed to build gene-gene
networks (all nodes connected and associations between nodes could be either positive or
negative), but did not include the miRNA predicted target information nor the miRNA
gene repression activity in the computational model; 2) Previous methods outputted
either single miRNA-gene connection or single module consisted of multiple
interconnected miRNAs/genes rather than potential miRNAs; 3) Previous methods focus
on comparisons between two groups, whereas when comparing between cell-types or
cancer molecular subtypes, researchers are often dealing with more than two groups.
Here, we present a novel computational framework and R package Differential
Regulation Analysis of miRNA (DReAmiR; https://github.com/ningb/DReAmiR) to
address the aforementioned challenges. Integrating mRNA and miRNA expression
profiles with the predicted target information, DReAmiR first estimates miRNA-mRNA
correlation matrices per group while removing the bias from the mean-correlation
relationship?”’. Then, it identifies miRNA with significantly context-specific targets

across multiple experimental groups based on differential enrichment of predicted targets
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between groups using genes ranked by mRNA / miRNA correlation coefficients. Finally,
DReAmiR can prioritize target genes uniquely regulated in each group using either a
graph embedding-based approach or iteratively maximizing the difference in enrichment

score (dES).

3.2 METHODS

3.2.1 DReAmiR

The DReAmiR workflow is divided into three main steps (Figure 1): (1) Remove mean-
correlation relationship using spatial quantile normalization (SpQN), (2) Identify
miRNAs with significant context-specific targets with differential regulation analysis,
and (3) Prioritize the target genes specifically regulated by a miRNA in each group.
SpON. To remove the bias from gene/miRNA expression levels on correlation
estimations (the mean-correlation relationship) in the miRNA-gene correlation matrix, we
modified the SpQN algorithm developed by Wang Y. et al. (2020) to accommodate an
asymmetrical matrix?’°, Briefly, a Pearson correlation matrix is first constructed for each
experimental group between miRNAs and genes and sorted by miRNA and gene
expression levels. Then, the correlation matrix is separated into non-overlapped sub-
matrices based on gene and miRNA expression levels. Next, for each non-overlapped
sub-matrix, a larger overlapping matrix is used for estimating the empirical correlation
coefficient distribution. The number of bins for genes and miRNAs and the overlap size
can be specified by the user. By default, DReAmiR separates the correlation matrix into

20x20 submatrices and constructs overlapping matrices with 1000 genes and 150
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miRNAs each, which are suitable for typical RNA and small-RNA sequencing
experiments in which about 10-20 thousand genes and around one thousand miRNAs can
be detected. These parameters are chosen to balance the smoothness in normalization and
the total running time. Using the sub-matrix close to the top right corner as reference (by
default, the sub-matrix corresponding the second-highest miRNA and gene expression),
1-dimensional quantile normalization is applied to match the correlation density
distribution of all other bins. Further information on parameter tunings for SpQN can be
found in Wang Y. et al. (2020)>7°.

Differential regulation analysis. After correcting for the mean-correlation relationship,
differential regulation analysis can be performed to identify miRNAs with significant
context-specific target genes. This step requires two inputs: the correlation matrices for
each group and the predicted target genes of miRNAs. For each miRNA, the genes are
first ranked by their normalized correlation coefficients to the miRNA, from negative to
positive, to generate a gene rank list for each group. Then, the enrichment pattern of
predicted target genes in each rank list is compared using the Anderson-Darling (AD)
test. Permutation of group label is performed and the observed test statistic is compared
to the distribution from permutations to generate empirical p-values. When only two
groups are present, Kolmogorov-Smirnov (KS) test is used instead. Post-hoc analysis
using the KS test can be performed afterward to examine pair-wise significance.

Target Prioritization. For the miRNAs whose regulated genes are significantly different
between groups, DReAmiR can further prioritize their target genes in the leading edge of

each group based on association strength, assuming that being in the leading edge
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suggests a gene is strongly regulated by the miRNA in at least one group. DReAmiR
provides two methods for this purpose.

(1) The graph embedding and node clustering method aims to classify and label the target
gene clusters as either group-specific or shared between groups. First, a network is
constructed with nodes representing genes and group-specific miRNAs. An edge between
a gene node and a group-specific miRNA node represents the gene being in the leading-
edge of that group based on differential regulation analysis, with the association strength
as the edge weight. Then, the large information network embedding (LINE) algorithm?”!
is used to identify embedded features. We chose LINE over other network embedding
methods due to its scalability and ability to preserve both local and global network
structures. Fuzzy k-means clustering is performed within the embedding space to cluster
the target genes. Clusters containing one or more group-specific miRNA nodes are
labeled accordingly. For each of the remaining clusters, a one-tail KS test is performed to
compare whether the node membership density associated with each of the labeled
clusters is significantly higher than the other labeled clusters, and the cluster labels are
then assigned based on the number of significant results. A cluster with membership
density significantly higher for one labeled group is labeled as a uniquely regulated target
cluster for that group. A cluster with more than one significant result is labeled as a
shared target cluster. Cluster without any significant result is a common target gene
cluster regulated equally across all groups.

(2) Difference in enrichment score (dES) maximization method aims to find the set of

target genes that are most strongly regulated in the group of interests compared to the
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reference group. The reference group can either be another group that the user wants to
compare to, or all other groups combined. Starting with all the genes in the leading edge
in the group of interests (notated as X) as the baseline target set, DReAmiR first
calculates the ES,,;rmatizea> Which is the observed enrichment score divided by the mean

of permutation ES values from shuffling the rank list 500 times. Then, dES is derived as

ESX  matized — ESS s:rer;el?zc: 4- Then, each predicted target gene in the baseline target set
is removed one at a time and the changes in dES are calculated. The gene that yields the
largest increase in dES is then removed to form the new target set. The process is
repeated until no gene remains in the target set or the minimum target size specified by
the user is reached (by default 20). The dES calculated at each step is recorded and back-
traced. The set of genes giving the largest dES is selected as the final target set for the
group of interest, which yields the largest separation in enrichment score compared to the

reference group. Of note, the direction of enrichment to test, either positive or negative,

can be selected by the user and the calculation in ES calculation is changed accordingly.

3.2.2 Other Functions

To facilitate the workflow, DReAmiR also contains several utility functions:
Correlation matrix and predicted target gene matrix construction. To simplify the
workflow and ensure the reproducibility of the analysis, DReAmiR only requires three
simple inputs: gene expression matrix, miRNA expression matrix, and the group label.
DReAmiR examines the format of these inputs and returns group-specific correlation

matrices for the samples with complete records. In addition, with the help of multimiR
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Bioconductor package?’?, users can specify which and the number of miRNA target
databases to use. The intersection of databases will be used for miRNA-gene target
information. For example, if a gene is recorded as the target of a miRNA by 3 out of the 5
miRNA target databases, it will be retained for down-stream analysis. DReAmiR directly
generates a binary target matrix for miRNA-gene pair with the same size as the miRNA-
gene correlation matrix.

Visualization. The output from the differential regulation analysis can be visualized as a
multi-group enrichment plot (Fig 2a and Fig 3b). The plot contains two panels: the top
panel depicts the enrichment patterns and the enrichment score per group, and the bottom
panel depicts the position of predicted target genes in each rank list.

Parallelization. DReAmiR contains several computationally intensive tasks, including
the group-wise correlation matrix calculation, the SpQN, and max-dES with iterative
searches. To reduce the analysis time, we implemented parallelization for these steps

when users have access to multi-core computation.

3.2.3 Data Simulation

To evaluate the performance of AD test used by DReAmiR in detecting miRNAs with
different regulatory roles across multiple groups, we generated sample matched gene and
miRNA expression where the predicted target genes of a miRNA have different patterns
of negative enrichment along the gene rank list by miRNA-gene correlation strength. The
simulation dataset contained three groups of samples with expression profiles of 1000

genes and 20 miRNAs. 10 miRNAs were assigned to have context-specific target genes
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between groups (true positive) and 10 to be not different (true negative). For each
miRNA, we first randomly picked N¢qrger genes to be the predicted targets, mimicking
the information from miRNA predicted databases. The covariance between the predicted
target genes and miRNAs was simulated by a normal distribution with negative mean

N (—0.5, 1) representing globally suppressive effects on gene expression by miRNAs.
Then, for those miRNAs assigned to be true positive, we randomly picked Pygrianie
percent of the predicted targets per group to be the group-specific target and should be
negatively regulated more strongly within that group. The association between group-
specific target genes and miRNA was simulated by shifting the covariance towards the
negative direction proportionally from the mean within two groups with a left-skewed
beta distribution Beta(a, f) where a = 20 and f~TU(1,5). Next, the nearest positive-
definite of the covariance matrix is calculated using the ‘make.positive.definite’ function
from lgmm R packages?’>. The gene and miRNA expression matrices were then
simulated for Nsgmpie per group by multivariate Gaussian distribution V(¢ = 0, Z) using
‘mvrnorm’ function form the MASS R package?’. Finally, the miRNA-gene correlation
matrix was calculated and exported along with the predicted targets per miRNA as the
input for performance evaluation.

Evaluation of DReAmiR performance was conducted by simulating datasets with the
following parameters:

Nigrger = {40,60,80, and 100}

Pyariapier, = 160,70, 80, and 90}

Nsample = {30,50,and 70}
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With each combination of simulation parameters, we ran the simulation 20 times to
obtain confidence intervals. Differential regulation analysis was run using default
parameters. As a comparison, we also evaluated the performance of two other methods
using the same simulated dataset: (1) comparing the correlation density between groups
using ANOVA, and (2) and summarizing the p-values with Edgington’s method?”®
implemented in the metap R package?’® from two-group KS-test comparisons. All tests
were performed with a significance value of p-value < 0.05. The performance metrics

between methods were compared using two-group Student’s T-tests.

3.2.4 Cell-type-specific mmu-miR-155 KO RNA-seq data

The gene count tables for primary dendritic cells, B cells, CD4+ T cells, and
macrophages from C56BL/6J wild-type and miR-155 KO mice were obtained from
GSE1163482%%7, The raw gene count data was normalized first using the Trimmed Mean
of the M-values and transformed into log10 counts per million (logCPM)!*7-?77, Then,
genes with mean expression across samples equal to or less than 1 and interquartile range
(IQR) equal to 0 were removed. The filtered count table with 10843 genes was TMM
normalized again before conducting differential expression analysis.

Differential expression analysis was conducted within each cell-type separately. Within
samples from each cell-type, the normalized expression data were first voom
transformed!®>. Gene association with KO treatment was calculated by comparing the
samples from the mmu-miR-155 KO group to the WT sample group using limma R

197

package'”’. Genes were ranked by their association with mmu-miR-155 KO using t-
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statistics to generate cell-type specific rank lists. Signature genes were selected using log
fold-change < 0 and FDR <= 0.05. TargetScan Mouse v7.12% was used to predict the
target genes for mmu-miR-155-5p (the major mature miRNA from pre-miR-155). To
perform the max-dES target prioritization for each cell-type, gene rank lists generated
from the other three cell-types together were used as the reference. Functional enrichment

analysis of the mmu-miR-155 target genes was conducted using the hypeR R package?’®.

3.2.5 Breast cancer molecular subtype analysis

miRNA and gene expression data and breast cancer molecular subtypes for TCGA BRCA
samples were obtained using TCGAbiolinks!*®. We kept samples with both the miRNA
and gene expression data from tumor samples and with PAMS50 molecular subtypes
(N=1064). miRNA and gene filtering was conducted using the same method described
above, yielding 13846 genes and 584 miRNAs. Additionally, residual expression levels
were calculated adjusting for the plate number using edgeR R package?”’, which were
used for constructing correlation matrices per molecular subtypes. miRNA predicted

target genes were queried from TargetScan v7.22%3

and only the conserved target sites
were used.

RNA-seq profiles of hsa-miR-23b perturbation assays (either hsa-miR-23b over-
expression or hsa-miR-23b sponge vector transfection) and controls in MCF-7 and MDA-
MB-231 cell lines were obtained from GSE379182"°. The rank lists were generated using

fold-change in each cell-line by comparing to the corresponding controls and signs were

set that the negative association indicated a gene being regulated by miR-23b.
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3.2.6 Analysis of biopsies and brushings from patients with PMLs across molecular
subtypes

The matched gene and miRNA sequencing data of endobronchial biopsies (N=148) and
mainstem bronchial airway brushings (N=82) from the previous chapter was used for the
analysis. The residual expression values were used as input for the SpQN before running
the differential regulation analysis. miRNA predicted target genes were queried from
TargetScan v7.22%° and only the conserved target sites were used. Finally, we prioritized
the target genes for the Proliferative or the Inflammatory subtypes using the other

subtype as reference group, respectively.

3.2.7 Data and Code Availability
All data used in this project were publicly available. DReAmiR is an R package and can

be downloaded from https://eithub.com/ningb/DReAmiR.

3.3 RESULTS

3.3.1 DReAmiR method overview

A toy example is described in Figure 3.1 to outline the basic workflow of the DReAmiR
package. With the user-provided miRNA and gene expression matrix and the group label,
DReAmiR computes the miRNA-gene correlation matrices for each group. DReAmiR
also generates the corresponding miRNA-target gene matrix for the miRNAs and genes

based on the intersection of miRNA target databases that the user specifies. SpQN can be
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Target Prioritization

- b Identification of miRNAs with

Spatial Quantile Normalization Context Specific Targets
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gt | — ]
Figure 3.1. DReAmiR method overview.
DReAmiR consists of three major steps. a. SpQN removes the mean-correlation relationship in the
miRNA-gene correlation matrices. b. The differential regulation analysis identifies miRNAs with context-
specific target genes by comparing the ranking of miRNA-gene correlation coefficients within each group.
¢. Two methods were developed to prioritize experimental group-specific target genes.
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performed as an optional step to adjust the correlation estimations and remove the mean-
correlation relationship (Figure 3.1a). Next, DReAmiR performs differential regulation
analysis for each miRNA using AD test (Figure 3.1b). By default, the genes are ranked
by their correlation coefficients with miRNA within each group based on the correlation
matrices generated in the previous step. Alternatively, the user can construct the gene
rank list manually using other metrics such t-statistic from perturbation experiments. By
comparing the negative enrichment pattern of target genes along the gene rank list by
their correlation with the miRNA across groups rather than simply comparing the
correlation densities, DReAmiR better captures the miRNA rewiring events and is less
affected by the sample sizes. Parallel computation is implemented to speed up the process
when multiple cores are available. An enrichment plot can be plotted to help visualize the
difference in the enrichment patterns of target genes between groups. In the example
shown in Figure 3.1b, the target genes of this miRNA were strongly negatively enriched
in group A and B, but less in group C.

After getting a list of miRNA with significant context-specific targets, it might be
important to identify group specific target genes for each miRNA. DReAmiR provides
two independent methods to address this target prioritization step (Figure 3.1c). The
graph embedding and node clustering method focuses on all predicted target genes in the
leading-edge and aims to label each target as specifically regulated in one group, shared
by multiple groups, or common across all. In the given example, four clusters of target
genes were identified for the miRNA, where three of them were group-specific and one

was shared across all groups. The max-dES method focuses on one particular group and



71

aims to find the set of predicted target genes that generate the largest difference between
this and the reference group. Assuming the group A was the group of interests, we
combined the group B and C to generate the background rank list. While the resulted
group-specific target genes from two methods could be overlapped, the user can choose

which method to use depending on the specific biological question and study design.

3.3.2 Benchmark on simulation data and comparison vs. other methods

Biological network algorithms are typically tested using ground truth data where the
edges between individual nodes are known and experimentally validated. Yet, no such
dataset is available for miRNA differential regulation and a method for similar purposes
has not been developed to the best of our knowledge. Thus, we aimed to evaluate
DReAmiR based on its robustness and the biological plausibility of its results.

To evaluate the ability of AD test used by DReAmiR to identify miRNAs with context-
specific target genes across multiple groups, we simulated gene and miRNA expression
data with both true positive and true negative miRNAs and predicted target gene
information 20 times for each parameter combination (Figure 3.2a). Then, we performed
differential regulation analysis using AD test with default settings. AD test demonstrated
good performance under most scenarios, and the F1 score and TPR increased with

Nsampie and Nigrger (Figure 3.2b and Fig A.6). Among these three parameters, the TPR
and F1 score of AD test performance were most strongly affected by the P, ianies-

Based on observations from Hsin JP ef al.?®’, the majority of predicted targets are group-

specific, suggesting AD test should perform well in realistic settings, especially when
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Figure 3.2. DReAmiR performance in simulated data.
a. Enrichment plots for simulated true positive (top) and true negative (bottom) differentially regulating
miRNAs. b. Performance comparisons between DReAmiR, ANOVA and pair-wise comparison in the
simulated data with sample size per group equaled 70. The simulation was performed across different
simulation parameters, including the number of predicted target genes per miRNA, and the percentage of
variable targets per group. F1 score (F1), true positive rates (TPR), and false positive rates (FPR) across 20
iterations per combination of simulated parameters were evaluated by the mean and standard deviation.
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Nsampie and Nigrger are large enough. In the meantime, the FPR remains low (most less

than 5%) regardless of the simulation parameters tested.

In addition, we also evaluated the performance of two alternative strategies in detecting
miRNA regulatory rewiring across multiple groups, using the same simulated dataset.
First, we used ANOVA to compare the correlation density distribution of predicted target
genes for each miRNA, representing the underlying model of general gene-gene network-
based algorithms, such as DGCA?%’. Second, we used the pair-wise group comparison
function in DReAmiR based on KS-test and summarized the p-values using Edgington’s
method, mimicking methods that only allow two-group comparison. Under all simulated
parameters, AD test outperformed these two methods (Figure 3.2b and Fig A.6). More
specifically, the F1 score and TPR from AD test were significantly higher than those
from ANOVA or p-value summation when Py,griap1e9, OF Negrger 18 large (Table B.6).
Notably, the FPR from the ANOVA method is generally significantly higher than from
AD test. In contrast, while the p-value summation method can achieve relatively low
FPR, the F1 score and TPR are much lower than AD test. Similar difference in
performance between the three methods was observed, where the sample size was
different across groups (Figure A.7), suggesting that AD test is not strongly affected by
the sample size bias in correlation estimation. The simulation results suggested that
DReAmiR is better at identifying miRNA with context-specific target genes than other
methods and can achieve good performance under reasonable conditions (sample size,

target number, and effect size) while maintaining high specificity.
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3.3.3 DReAmiR identified mmu-miR-155 cell-type-specific functional pathways

Having benchmarked DReAmiR in simulated data, we next sought to evaluate whether
DReAmiR can identify miRNA known to regulate different targets in different contexts.
We picked mmu-miR-155 as an example since the rewiring of the mmu-miR-155
regulatory network across immune cell types has been clearly demonstrated, and its
functions in immune cells have been extensively studied?¢”-28!-282, Using all mmu-miR-
155 predicted target genes as the target set (N=430) and the average logFC from
differential expression analysis (comparing samples in the WT to the KO group) for
generating the rank list per cell-type, differential regulation analysis was performed and
the rank list from each cell-type was shuffled 500 times to calculate the permutation p-
value. mmu-miR-155 regulated different target genes across four immune cell-types
(Figure 3.3b; Permutation p-value = 0.01). In contrast, the average logFC distribution of
mmu-miR-155 predicted target genes were not significantly different between four
immune cell-types (Figure 3.3a; ANOVA p-value=0.08). These observations suggest
DReAmiR may discover miRNAs with context-specific targets that are not captured by
comparing average association strength.

We then used the max-dES method to prioritize group-specific target genes and examine
whether the prioritized target genes were associated with cell-type-specific functions. The
max-dES yielded 55, 40, 43, and 58 predicted target genes for B-cell, dendritic cell,
macrophage, and CD4 T-cell, respectively, when each cell-type was compared to the
other three as reference (Figure 3.3¢). Target gene expression per cell-type was not

strongly associated with whether a target gene was prioritized for a cell-type (Fig A.8) as
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Figure 3.3. DReAmiR identifies miR-155 target genes involved in functional pathways with cell-type
specificity.

a. Enrichment plot of miR-155 predicted target genes in the gene rank list sorted by logFC in miR-155 KO
samples comparing to the controls within each immune cell-types (Permutation p-value = 0.01). b. logFC
densities of miR-155 predicted target genes in miR-155 KO samples compared to the controls within each
immune cell-types (ANOVA p-value = 0.08). ¢. Enrichment plots for the miR-155 prioritized target genes
per immune cell-type, using the max-dES method. For each cell-type, the gene list ranked by logFC
associated with miR-155 in the other three cell-types compared to the were used as the reference group. d.
Functional pathway enrichment results for the prioritized miR-155 target genes per cell-type (colored), and
the differentially expressed miR-155 target genes following miR-155 KO (grey).
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previously suggested?®’, indicating the cell-type specific regulatory behavior of miR-155
was not solely determined by the target gene expression level. Notably, the rankings of
the prioritized target genes overlapped between the group of interests and the reference
group, meaning max-dES did not simply prioritize the top-ranking target genes.
Functional pathway enrichment analysis was then performed on the prioritized target
genes and the known pathways related to mmu-miR-155 cell-type-specific functions were
among the top significantly enriched pathways (Figure 3.3d). For example, proliferative

283,284

and apoptotic signaling pathways in B cells , cytokine and co-stimulation related

pathways in dendritic cells?33-286

, and activation and differentiation pathways in CD4+ T
cells?87288 However, such enrichment was much weaker for the differentially expressed
(logFC < 0 and FDR <= 0.05) miR-155 target genes (N=36, 110, 6 and 13). It is also
worth noting that while it may be possible to alter the threshold for differential expression
analysis to achieve similar functional enrichment results, no parameter tuning was needed
for DReAmiR to generate such results. Taken together, this evidence suggested that

DReAmiR can better identify miRNA rewiring events and the targets prioritized from

DReAmiR are biologically informative.

3.3.4 DReAmiR identified BRCA subtype-specific targets from bulk RNA-seq data

We next sought to demonstrate DReAmiR in a realistic use case, where researchers want
to identify miRNAs with significant context-specific targets from sample-matched bulk
miRNA and mRNA expression profiles between cancer subtypes, and validate the

candidates through in vitro experiments. We performed the differential regulation
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analysis in TCGA BRCA data between five PAMS50 breast cancer subtypes®®*2°°, which
yielded 10 miRNAs with significant context-specific target genes (Figure 3.4a;
Permutation FDR <= 0.1). The mean expression levels of these miRNAs within each
subtype showed very different patterns compared to their ES values, suggesting context-
specific target gene regulation is not directly driven by differential expression levels.
Then, we prioritized subtype-specific target genes for each molecular subtype using the
graph embedding and node embedding method. The expression correlation densities
between miRNA and the prioritized target genes for each subtype were significantly
lower among the samples of each subtype compared to all other subtypes (Figure 3.4b;
one-tail KS test, p-values < 0.01), suggesting the target genes prioritized by DReAmiR
were specific to each subtype.

To support that the prioritized target genes are indeed altered in a subtype-specific
fashion, we examined whether the target genes prioritized for a breast cancer subtype
were specifically altered with miRNA expression manipulation in the cell line of the
same subtype. hsa-miR-23b was taken as an example since it is the only miRNA that we

279 in cell lines of different breast

found perturbation assay with transcriptomic profiles
cancer subtypes: MCF-7 for the luminal A subtype and MDA-MB-231 for the basal
subtype?®!, even though hsa-miR-23b does not appear to regulate different targets in the
different breast cancer subtypes in the TCGA BRCA data (permutation FDR = 0.48).
Fuzzy k-means clustering on the graph embedding features derived from the TCGA

BRCA data revealed eight different clusters. hsa-miR-23b in the five breast cancer

subtypes were in separate clusters (Figure 3.4¢). One cluster (42 predicted target genes)
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was labeled as unique to the basal subtype, and two clusters (72 predicted target genes)
were labeled to be associated with Luminal A subtype with one shared with the normal
subtype (Figure 3.4d). Genes in the basal subtype cluster were enriched in oxidative
phosphorylation and Kit signaling pathways, and those in luminal A subtype clusters
were enriched in citrate cycle and interleukin signaling pathways (Table B2;
hypergeometric test p-value < 0.01).

We next tested whether the targets of hsa-miR-23b that are differentially expressed in
Basal and LumA breast cancer in the TCGA BRCA data show cell-line subtype-specific
response to hsa-miR-23b overexpression in vitro. In the in vitro hsa-miR-23b
overexpression experiment, the logFC of the basal-specific cluster genes were
significantly lower than zero in MDA-MB-231, but not MCF7, suggesting these genes
were specifically suppressed by hsa-miR-23b among the samples of the basal subtype
(Figure 3.4e; one-tail t-test p-value < 0.05). A similar observation was seen for the
luminal A specific gene cluster which were repressed by hsa-miR-23b overexpression in
MCF7, but not MDA-MB31 (Figure 3.4e; one-tail t-test p-value < 0.05). In contrast, the
logFC densities of the predicted target genes that were significantly negatively correlated
with hsa-miR-23b (N=27) in the BRCA luminal A subtype samples were significantly
lower than zero in both MDA-MB-231 and MCF-7 (Figure 3.4f; one-tail t-test, p-value <
0.05), while significant change was seen for the negatively correlated hsa-miR-23b
predicted target genes in the BRCA basal subtypes only in MCF7 (one-tail t-test, p-value
<0.01) but not in MDA-MB-231. These observations highlighted the utility of

DReAmiR for identifying cancer subtype-specific miRNA target genes and selecting
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Figure 3.4. The miR-23b prioritized targets from TCGA BRCA are uniquely altered by perturbation
in the cell line of the same subtype.

a. Heatmap of the ES and mean expression levels of differentially regulating miRNAs in TCGA BRCA
data by the PAMS50 subtypes. The rows were scaled and clustered by the ES values. b. Correlation
densities between significantly differentially regulating miRNAs and their prioritized target genes for each
subtype (colored) or the prioritized target genes for the other four subtypes (grey). Comparisons within all
subtypes were significant (one-tail KS-test p-value < 0.05). c-d. tSNE plots were generated using 10
embedded features for the leading-edge genes from hsa-miR-23b differential regulation analysis. Points
were colored by fuzzy k-means clusters (¢) and subtype assignment to either basal or luminal A subtype
(d). The number of genes assigned to Basal subtype=42, Her2=128, LumA=72, LumB=64, Normal=261.
The size of the points depicted the node type. e. LogFC densities of hsa-miR-23b prioritized target genes in
MCF7 and MDA-MB-231 perturbation assays. f. LogFC densities of predicted target genes that were
significantly negatively correlated with hsa-miR-23b in TCGA BRCA RNA-seq data in MCF7 and MDA-
MB-231 perturbation assays.
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uniquely regulated miRNA target genes from bulk expression data for in vitro studies.

3.3.5 DReAmiR identifies miRNA with context-specific target genes between the
Proliferative and Inflammatory PMLs

To examine the miRNA whose context-specific regulatory pattern was associated with
the PML molecular subtypes, we first performed differential regulation analysis in the
endobronchial biopsy data. We identified 49 miRNAs with significant context-specific
target genes (Figure 3.5a; AD-test, p-value < 0.05). The ES per subtype showed strong
difference between proliferative and inflammatory samples and very different patterns
comparing to the mean expression levels of miRNAs. Based on the miRNA-gene module
regulatory network we derived in the previous chapter, many of these miRNAs were not
connected to any gene modules, and the connections were not strongly enriched for any
gene modules (Figure 3.5b), suggesting context-specific target regulation of miRNAs
were not dependent miRNA expression values, and may yield additional insights than
miRNA-gene module network analysis.

Next, we prioritized the target genes of these miRNAs using the max-dES method for the
proliferative and the inflammatory subtypes separately, with the other subtype as the
reference group. The correlation density between miRNA and the proliferative subtype-
specific target genes were significantly lower than with the inflammatory subtype-
specific target genes in the proliferative PML samples, and lower than with the same
genes in the inflammatory PML samples (Figure 3.5¢; one-tail Wilcoxon test, p-value <

0.001). Same differences were observed for the inflammatory subtype-specific target
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Figure 3.5. DReAmiR identified miRNAs with differential regulatory roles between the proliferative
and inflammatory PMLs.

a. Heatmap of the ES and mean expression levels of differentially regulating miRNAs in PML biopsy data
by the molecular subtypes. The rows were scaled and clustered by the ES values. The top color bar
indicated the molecular subtypes. b. The miRNAs with significant context-specific target genes in the
previous derived miRNA-gene module network. ¢. Violin plot showing the correlation density between
miRNAs with significant context-specific target genes and the prioritized target genes for proliferative or
inflammatory subtype within the PML samples of each subtype. *Wilcoxon sum rank test p-value < 0.01.
d. The correlation density between miR-421 and the proliferative or inflammatory subtype prioritized genes
(left) and the prioritized gene set metagene expression levels within samples of each molecular subtype.
The violin and box plots were colored by the molecular subtype that the target genes were prioritized. The
panels reflected the sample subtype among which the correlation or metagene expression levels were
calculated. e. Top enriched functional pathways associated with the miR-421 target genes that were
prioritized for the proliferative (right) and the inflammatory (left) subtypes.
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genes, suggesting DReAmiR detect subtype-specific correlations and regulatory
relationships between the PML molecular subtypes. Of these miRNAs, we highlighted
the prioritized target genes of miR-421 to be particularly interesting. Not only did they
show subtype-specific correlation patterns with the prioritized target genes, the metagene
scores of the target also exhibited similar trend (Figure 3.5d). The target genes
prioritized for the proliferative subtype were associated with RNA processing pathways,
while genes prioritized for the inflammatory subtype were associated with various cell
growth signaling pathways (Figure 3.5e), suggesting miR-421 may potentially suppress
target genes of different functions that contribute to the distinct molecular subtypes.
Next, we performed the DReAmiR workflow in the brushing samples collected from
PML patients, and compared the results to that from analysis in the biopsy data.
Differential regulation analysis showed 28 miRNAs with significant context-specific
target genes (Figure 3.6a; AD-test, p-value < 0.05), and 4 were also significant in the
biopsy analysis. While the target genes prioritized in the brushing samples exhibited
subtype-specific regulatory patterns in the brushing dataset as expected, the target genes
prioritized in the biopsy samples showed similar correlation densities across subtypes in
the brushing dataset (Figure 3.6b). These results suggested the context-specific target
gene correlation patterns of miRNAs are not well conserved between bronchial data

types, potentially due to the cellular compositions.
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Figure 3.6. miRNA differential regulatory patterns across molecular subtypes were different between
endobronchial biopsy and mainstem airway brushing samples.

a. Heatmap of the ES and mean expression levels of differentially regulating miRNAs in PML brushing
data by the molecular subtypes. The rows were scaled and clustered by the ES values. The top color bar
indicated the molecular subtypes. b. Violin plot showing the correlation density between miRNAs with
significant context-specific target genes and the prioritized target genes for proliferative or inflammatory
subtype within the PML samples of each subtype in brushing samples (left) or in biopsy samples (right).
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3.4 Discussion

Understanding miRNA regulatory network differences between cell types or disease
states is essential to investigate the activities of miRNAs and their regulated gene
programs. Existing methods were mostly developed for gene-gene networks, and fail to
incorporate the predicted target information and the gene expression suppression nature
of miRNAs. Furthermore, these methods often end at the rewiring detection step and do
not quantitatively identify the group-specific targets of the regulators. In order to address
these shortcomings, we created DReAmiR, a novel computational tool for characterizing
miRNA-mediated regulatory network rewiring. First, DReAmiR calculates the miRNA-
gene correlation matrix for each group and corrects the bias from the mean-correlation
relationship using SpQN. Then, utilizing a GSEA-like model, DReAmiR detects miRNA
with group-specific target regulation across multiple groups by comparing the negative
enrichment patterns of the predicted target genes within gene rank list based on miRNA-
gene correlation coefficients per group. Finally, DReAmiR identifies group-specific
target genes through target prioritization.

Correlation estimation between miRNA and gene bulk expression profiles are affected by
various technical factors, including expression levels and sample size. The accuracy of
the differential regulation analysis depends on the ability to estimate miRNA-gene
expression correlation free from such potential bias. Mean-correlation relationship was
first described by Wang Y et al.?’°, and described a bias from the noise introduced during
the high-throughput sequencing process that makes the absolute correlation coefficients

estimated between highly expressed genes appear to be larger than those more lowly
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expressed. DReAmiR adopts and modifes the Wang Y et al. method to remove such bias
before running the differential regulation analysis, such that the expression level of
miRNA and gene may have less effect on downstream analysis.

Through testing our method in simulated data, we showed using AD test, DReAmiR can
achieve high performance under various conditions when correlation is used for ranking
genes, particularly with a large number of predicted target genes and larger sample size,
while maintaining low FPR. Compared with other strategies for modeling miRNA
rewiring events, such as comparing correlation densities or summing p-values from two-
group comparisons, the differential regulation analysis achieved better performance
across different parameters settings, including various effect strength and sample sizes.
Using expression and mRNA-binding profiles from mmu-miR-155 KO mice, Hsin P et
al. showed that the regulatory network rewiring of mmu-miR-155 between immune cell-

types is a result of switching of binding targets?®’

. Furthermore, while all the predicted
target genes are being suppressed to some degree, the cell-type-specific targets of mmu-
miR-155 have a stronger association with mmu-miR-155 KO in that cell-type compared
to all predicted targets. Hence, simply comparing the association strength, either based on
fold-change in perturbation assays or correlation coefficient, between a miRNA and all of
its predicted targets lack the sensitivity for detecting miRNA-related rewiring events. To
better identify miRNAs with context-specific target genes, DReAmiR uses a framework
similar to gene-set enrichment analysis (GSEA)?**. One major task for GSEA is to

examine whether genes of interest (the gene set) are concordantly positively or negatively

enriched along a gene rank list, where the genes are ranked by their association with
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certain phenotypes. In DReAmiR, we use an Anderson Darling’s test and ask whether the
predicted target genes of a miRNA (a target set) are similarly negatively enriched along
multiple rank lists where genes are ranked by their association to a miRNA in each group.
Applying DReAmiR to the RNA-seq data from Hsin P ef a/, we identified mmu-miR-155
as an miRNA with significant context-specific targets. Yet, simply comparing logFC
densities of predicted target genes failed to detect the rewiring event. These results
demonstrate that DReAmiR, by modeling the negative enrichment pattern of miRNA’s
predicted target genes in the correlation rank list across multiple groups, is usable and
suitable for detecting miRNA regulatory network rewiring.

A typical task for studying miRNA is to identify top candidate target genes in silico and
validate the findings through in vitro or in vivo assays. We demonstrated the utility of
DReAmiR for such real-world scenario with the TCGA BRCA subtype analysis.
Conventionally, putative target genes are identified by setting a significance threshold to
filter a set of genes through subtype-specific negative correlation analysis in bulk
expression profiles. However, such a task may often fail because it does not inform
whether the targets identified are specific to a group, and setting a hard threshold
introduces unnecessary bias. Indeed, the target genes identified using this strategy did not
show subtype-specific expression changes in cell lines with miR-23b perturbations. In
contrast, DReAmiR does not set a specific hard threshold on the correlation coefficient
nor does it significance level to filter the target genes. More importantly, the miRNA
target genes identified through target prioritization for each cancer subtype were altered

in a cancer subtype-specific fashion in cell line perturbation assays and were enriched for
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different functional pathways. Notably, hsa-miR-23b regulation over several of the
prioritized target genes, including PIL3R3 and PAK2, have been suggested in breast
cancer settings?’%>°2, Yet, the BRCA subtype specific regulation was not extensively
studied and may inform future investigations. These observations, which were not found
by traditional methods, highlighted the unique advantage of DReAmiR.

DReAmiR also revealed the differential miRNA regulatory roles between the
Proliferative and the Inflammatory PMLs. In the previous chapter, we characterized
miRNAs associated with the progression the histological grades of PMLs through
correlation network across all PML samples. Here, we explored the differential regulation
of miRNAs between molecular subtypes through examining the subtype-specific
miRNA-gene correlation patterns. Particularly, we highlighted miR-421 whose molecular
subtype prioritized target genes exhibited subtype-specific patterns of both correlation
densities and expression levels. Furthermore, similar to the miRNA-gene module network
analysis, we observed strong differences between the miRNA with context-specific target
in biopsy and brushing samples, reflecting the potential effects of cellular composition
between tissue types. These results may be utilized to understand the fundamental
differences between PML molecular subtypes, and to potentially “treat” a subset of high-
grade PMLs by directing them into lesions of low-risk subtypes.

DReAmiR offers two target prioritization methods to identify putative group-specific
target genes for miRNAs: graph embedding and dES maximization. These two methods
aim to answer similar questions but from different perspectives. Graph embedding aims

to characterize the distance between the gene nodes and group-specific miRNA nodes in
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the embedded space, and assign target genes to one or multiple groups based on cluster
membership probabilities. Thus, it globally examines all target genes and all groups at
once. This is useful when users are interested in all experimental groups or disease
subtypes, or targets shared between groups, as we showed in the TCGA BRCA subtype
analysis. dES maximization, on the other hand, tries to iteratively search for a set of
target whose normalized enrichment score along the rank list of the group of interests
most different from the background. The background can either be another group that
users want to make contrast with, or all other samples. This can be used when samples
from multiple groups are similar based on prior belief and the analysis is logical as a two-
group comparison. For example, in the mice immune cell types analysis, we identified the
target genes strongly associated with mmu-miR-155 KO in one cell type of interests, with
samples from the remaining three closely related cell types combined as the background.
This should be used when there is one group that is of particular interest to the users, such
as a cancer-subtype with significantly worse prognosis comparing to others. While two
methods often yield very similar results, we advise users to choose the method better
suited to their experimental design and biological questions for the best interpretability.
Meanwhile, on-going analysis will try to evaluate how much additional benefits the target
prioritization will provide comparing to using the leading-edge genes from each group
alone.

Although DReAmiR was primarily developed for miRNA analysis, it can be extended for
other types of transcriptomic regulatory networks and groups other than cancer subtypes

or cell types, as long as a target set and group-specific rank lists could be defined. Also,
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we included a user-defined option to choose the direction of interest for enrichment such
that either suppressive or activating regulators could be modeled during the target
prioritization step. For example, DReAmiR can be used to examine the group-specific
activities of RNA-binding proteins, long non-coding RNAs, or even TFs between
multiple cancer subtypes. It can also be applied to study chromatin regulator behavior or
histone modifications, where the chromatin-binding peak intensities are used for
generating rank lists and peaks associated with certain target genes or functions as the
target set. As an extension to gene set variation analysis**>, DReAmiR can also answer a
question like whether genes in a predefined gene set are similarly correlated with a
phenotype across groups, similar to what we did for the mmu-miR-155 KO dataset.
There are several limitations for DReAmiR worth mentioning. First, DReAmiR does not
provide a mechanism for why miRNA regulatory rewiring happens between conditions,
and additional biochemical studies will need to be performed for this purpose. Also, even
though we extensively validate DReAmiR results using known biological observations,
there are limited examples of known context-specific miRNA regulation to serve as
ground-truth for validating DReAmiR. With sequencing technology development, we
hope methods such as cross-linking ligation and sequencing of hybrids?** (CLASH) can
be improved such that the exact binding between all miRNAs and target genes could be
examined for large sample size and single-cell level for DReAmiR validation.

In conclusion, DReAmiR is a new approach to characterize miRNA-mediated gene
regulatory network rewiring across multiple groups from transcriptomic profiles. The

method may offer novel insights into cell-type and cancer subtype-specific miRNA
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regulatory roles. In the future, we plan to apply the method to the premalignant bronchial
lesion biopsy data and examine whether miRNA with differential regulatory roles may be

associated with the molecular subtypes.
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CHAPTER 4 CONVERGENCE OF YAP/TAZ, TEAD AND TP63 ACTIVITY
DIRECTS PREMALIGNANT LUNG GENE EXPRESSION

Adapted from the following manuscript:
Ning B, Tilston-Lunel A, Simonetti J, Hicks-Berthet J, Matschulat A, Pfefferkorn R, Spira
AE, Mazzili SA, Lenburg ME, Beane JE and Varelas X. Convergence of YAP/TAZ,
TEAD and P63 activity directs premalignant lung gene expression. In submission.
4.1 INTRODUCTION
Lung cancer accounts for the largest number of deaths in the United States among all
cancer types, making up over 20% of cancer-related deaths in 2020 !’!. The development
of lung squamous cell carcinoma (LUSC), one of the most common subtypes of lung
cancer, is preceded by the formation of bronchial premalignant lesions (PMLs), which are
characterized by the abnormal expansion and morphological alteration of airway basal
cells?®* that progress through a series of histological grades, from normal, hyperplasia,
metaplasia to dysplasia. Our poor understanding of the early molecular events associated
with these precancer states makes it difficult to develop potential interception strategies
for LUSC!76!77, Previous studies profiling gene expression in bronchial PML samples
have suggested that progressive higher grade lesions show immune evasion profiles,
including impaired antigen presentation and decreased lymphoid and myeloid
populations®3-33%178  Although immune evasion is a feature of LUSC*>, the
mechanisms contributing to similar phenotypes in bronchial PML progression is poorly

understood.
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A transcription factor important for controlling bronchial basal cell identity is the p53
family member TP63 (also known as p63) 2°°2°% which is encoded by the TP63 gene.
Amplification and overexpression of 7P63 are frequently observed in squamous cell
carcinoma, including LUSC 742 and ectopic expression of the ANp63 isoform
(ANp63) has been shown to drive to the development of squamous metaplasia in the
mouse lung and promote proliferative phenotypes in skin epithelial basal cells***3!, The
activity of TP63 is regulated by a number of transcriptional co-factors, including the
Hippo signaling pathway effectors YAP and TAZ3%2-3%_ which in the lung associate with

TP63 to regulate airway basal epithelial cell growth®>,

Recent evidence has implicated the aberrant activity of YAP/TAZ in bronchial PML
development. For example, YAP/TAZ regulated transcription is associated with the
progression of human PMLs, and the aberrant activation of YAP/TAZ in the bronchial
epithelium of mice drives epithelial growth and PML-like pathology!'?*. YAP and TAZ
encoding genes are frequently amplified in squamous carcinoma’® and ample evidence
has suggested the oncogenic role of YAP/TAZ across multiple cancer types!!8-397-310,
YAP/TAZ functions rely on their ability to associate with the TEAD family of

101,311

transcription factors , including the essential roles for YAP/TAZ in the development

and homeostasis of the lung!?!-312,

The relationship between YAP/TAZ, TEAD and TP63 has not been explored. Given the

implication of these factors in PML development we set out to investigate the binding
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pattern and gene expression program of these factors in human bronchial epithelial cells
(HBEC:) proliferating in a basal state. We found that YAP, TEADs, and TP63 associate
with shared chromatin regions and co-regulate a gene expression program in proliferating
HBEC:s. Integrating genomic binding and gene expression profiling, we demonstrate that
gene targets directly induced by TEAD and TP63 are enriched for pro-proliferative genes
and those directly repressed are enriched for genes involved in interferon responses and
immune regulation. Genes repressed by YAP/TAZ-TEAD-TP63 are notably enriched
among the genes down-regulated in progressive/persistent PMLs and includes CIITA
(also known as MHC2TA), known as a “master” transcriptional co-activator of major
histocompatibility complex (MHC) class II gene transcription. Our data suggest that a
YAP/TAZ-TEAD-p63 regulated network contributes to a bronchial basal cell
proliferative state and the immune-evasive microenvironment observed in lung PMLs.
Taken together, our results provide insight into the functions of transcriptional complexes
that contribute to the early stages of lung carcinogenesis and offer potential new avenues

to develop lung cancer interception strategies.

4.2 METHODS

4.2.1 Primary human bronchial epithelial cell culture

HBECs (Lonza Lot# 269120 and 451973) were cultured in Pneumacult EX Plus media
(StemCell Technologies). siRNA transfection was carried out with Lipofectamine
RNAimax (Invitrogen, 13778150) on low density proliferating cells and were maintained

in submerged culture for 48 hours before lysis.
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4.2.2 Immunoprecipitation and Immunoblotting

HBECS were cultured in Pneumacult EX plus (StemCell Technologies) and proliferating
cells were lysed in Tris-buffered saline with 0.1% Tween (TBS-T) detergent. Lysates
were subjected to immunoprecipitation using an anti-pan-TEAD antibody to isolated
endogenous TEAD proteins and then analyzed by immunoblotting using an anti-TP63

antibody.

4.2.3 TP63 and isoform expression data analysis in TCGA LUSC and PML data

Copy number data for TCGA LUSC samples (PanCancer Atlas; N=487), TP63
amplification frequency and expression level z-score relative to normal samples across
TCGA cancer types were downloaded from cBioPortal'3¢-313:314 A list of transcription
factor genes in LUSC was obtained from aracne.networks R package’!>3!'6, TCGA LUSC
gene and transcript level expression data of the TCGA LUSC samples were downloaded
using TCGAbiolinks!'®® (legacy data) for primary tumor (N=502) and normal tissue
(N=51) samples. The count data were normalized using the trimmed mean of M-values
(TMM) from edgeR R package?’” and transformed into log2 counts per million. For
analysis on Tap63 and ANp63, raw counts related to each isoform were summed before
normalization based on annotation from UCSC genome browser. Gene and TP63 isoform
over-expressions were examined with a linear model comparing tumor to normal samples
adjusting for the plate. To assess the association between TP63 isoform expression level
and the histological grades in Beane et al., same normalization was performed and a

linear mixed-effect model was fitted with the lesion grade as the main independent
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variable, adjusting for sequencing batch and median TIN and the patient was adjusted as

a random effect.

4.2.4 HBEC RNA-seq experiments

For generating the YAP/TAZ, TEAD and TP63 regulated gene expression signature in
human airway cells, HBECs (Lot# 619261and 18TL386664) were cultured in
Pneumacult EX plus and transfected with control and dual Yap/Taz targeting, pan-TEAD
targeting and TP63 targeting siRNAs and RNA was extracted for quality assessment and
library prep for RNA-sequencing. 3 unique siRNA control sequences were used, and all
siRNA transfected samples were collected in triplicate, 48hours after transfection. RNA
quality for all samples was assessed by BioAnalyzer before proceeding with library
preparation for sequencing. Sequencing libraries were prepared from total RNA samples
using [llumina TruSeq RNA Sample Preparation Kit v2. The libraries from individual
samples were pooled sequencing. HBEC samples were sequenced on the [llumina HiSeq

2500 platform to generate single end 50bp reads.

FASTQ files were demultiplexed and created by Illumina BaseSpace. The quality of the
FASTQ files was examined with FastQC!!. The samples were aligned to the build
version hg19 of the human genome using STAR 2-pass alignment?!”. RSEM?!8 was then
used the quantify the gene and transcript counts using Ensembl v75 annotation, and
RSeQC!” was used to calculate the quality metrics. The count data were normalized by

the library sizes using the TMM and transformed into log2 counts per million using
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edgeR R package?”’.

4.2.5 ChIP-seq experiments

HBECs (Lot# 619261and 18TL386664) for ChIP were cultured in Pneumocult EX Plus
media and cross-linked in ImM EGS in PBS for 30min followed by a 1% formaldehyde
treatment for 10 min. Fixation was subsequently neutralized with 0.125M glycine in PBS.
Harvested chromatin was isolated as single samples from each patient line, sonicated
using the Bioruptor UCD- 200 and the incubated with the following antibodies at 4 °C
overnight: Rabbit anti-Yap (Abcam, Cat# ab52771, 3ug), Rabbit anti-TEAD
(AvivaSysBio, Cat# ARP38276, 1ug), and Mouse anti-P63 (Biocare # CM163, Sug).
Immunoprecipitated complexes were collected by Protein A/G Magnetic beads (Pierce,
8802). Samples were washed with low salt buffer (20mM Tris, 140mM NaCl, ImM
EDTA, 0.1% NaDeoxycholate, 0.1% SDS, 1% Triton X-100), followed by a high salt
buffer (20mM Tris, S00mM NaCl, ImM EDTA, 0.5% NaDeoxycholate, 1% Triton X-
100), and a LiCl buffer (20mM Tris, ImM EDTA, 0.1% NaDeoxycholate, 1% Triton X-
100, 250mM LiCl). Chromatin was de-crosslinked overnight at 65C and purified using
the Qiaquick PCR purification kit (Qiagen, 28104). For ChIP-seq, the purified DNA was
ligated to specific adaptors and sequenced using DNB-seq, performed by BGI, to a depth

of 40 million reads.

The ChIP-seq fastq files were aligned to the build version hg19 of the human genome

using Bowtie23! with the default parameters. Reads that were unmapped, not prima
g p pp p ry
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alignment or with MAPQ score lower than 30 were removed. Duplicated reads were

marked by Picard3?°

and were discarded from the alignments and the resulting SAM files
were converted to BAM format with samtools*?!. Peak-calling was performed for each
individual replicate against the IgG control ChIP-seq consistently using the narrow-peak
mode from Model-based Analysis for ChIP-Seq (MACS2)3?? at a p-value cutoff of 0.05
with nomodel option and extsize of 150. Additionally, peaks were filter by summit fold-
chagne > 2. Peaks within the blacklisted regions
(hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/) were removed. Overlapped
peaks between replicates were then identified using the findOverlapsOfPeaks function
from the ChIPpeakAnno R package®?® and were used for downstream analysis.
Overlapped peaks between ChIP-seq experiments were found using the
findOverlapsOfPeaks function from the same package.

The normalized read density for each factor was calculated using callpeak function of
MACS?2 (-B —SPMR —nomodel —extsize 150) from pooled replicates for genome track
visualization using karyoploter R package?*® and read coverage visualization within up-
and down-stream 2kb window around the peak center. Significance of peak overlap was
calculated with the enrichPeakOverlap function from ChIPseeker R package®?*. Motif
enrichment analysis was done within the YAP peak, YAP-TEAD overlapped peak, and
the YAP-TP63 overlapped peak regions using findMotifsGenome.pl function from
HOMER software suite*?® with the default parameters. The distances between peak

locations and TSS for each factor were calculated using the annotatePeakInBatch

function from the ChIPpeakAnno R package’?3.
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4.2.6 Derivation of gene expression signature from RNA-seq siRNA experiments

Gene expression signature was generated comparing each siRNA knockdown with the
control experiments in HBECs separately. First, we excluded genes from the count table
if the interquartile range was equal to zero or the sum of counts was less or equal to 1
across samples. This yielded 13976, 13918, 13938, and 13859 genes for the siYT,
siTEAD, siTP63, and siLATS experiments, respectively. The remaining genes were
TMM normalized again. Then, the data was voom-transformed and the differentially
expressed genes associated with siRNA treatment were identified using a linear model in
limma R package with treatment as the main independent variable, adjusting for cell
line!*>17, Genes significantly associated with siRNA treatment were filtered at FDR <
0.05 and absolute log fold change greater than 0.5. Genes were ranked by the t-statistic
for their association with treatment effect to generate the rank list for each siRNA. The
enrichment of differentially expressed genes on rank lists from another siRNA KO
experiment was examined by GSEA?* using the fgsea R package®?¢. Expression residual
values adjusting for cell line were used for heatmap visualization using the

ComplexHeatmap R package®?’.

4.2.7 Derivation of direct target genes of TEAD and TP63 from ChIP-seq experiments
Genes with a transcriptional start site (TSS) within 50kb from TEAD-TP63 overlapped
peaks were assigned as direct target genes. Next, to account for the potential long-range
interaction, we utilized promoter capture Hi-C interaction data of lung tissue from

3div.kr*?. P-value cutoff of 0.05 was used to filter the promoter-promoter and promoter-
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other interactions, which resulted in 15545 and 52254 pairs of chromatin interactions
respectively. Genes with TSS overlapping with a promoter-containing fragment that had
interacting fragment overlapped with a TEAD-TP63 overlapped peak were assigned as
direct target gene. Then, the target gene sets were filtered based on their association with
siYT, siTEAD and siTP63 treatments. Genes significantly up-regulated (FDR < 0.05 and
log fold-change > 0.5) in all siRNA treatments compared to the controls were assigned as
“repressed targets”, whereas genes significantly down-regulated (FDR < 0.05 and log
fold-change < -0.5) were assigned as “induced targets.” Functional pathway enrichment
analysis for the TEAD-TP63 induced and repressed target genes were performed using
the hypergeometric test implemented in the R package hypeR?’® and the Molecular
Signatures Database (MSigDB) from the Broad Institute. The enrichment of TEAD-TP63
induced and repressed target genes within PML co-expressed gene modules were

examined with Fisher’s exact test.

4.2.8 Computational analyses of TEAD-TP63 direct target genes in human patient data
We obtained bulk gene expression profiles of endobronchial biopsies including various
PML histological grades and progression status from two studies: the discovery and
validation cohort from Beane et al. (GSE109743; discovery cohort with 190 biopsies
from 29 subjects; validation cohort with 105 biopsies from 20 subjects)*® and Merrick et
al. (GSE114489; 63 biopsies from 42 subjects)**. For the samples from Beane et al., the
residual expression values adjusting for batch and RNA quality measured by the

transcript integrity number (TIN)!%¢ were first calculated as in the original study and were
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used for further analysis.

A metagene score for TEAD-TP63 direct induced and repressed target genes was
calculated using GSVA?2 for each sample within each dataset separately. Correlation
between TF levels (YAP, TAZ TP63, and TEAD1-4) and metagene scores were
calculated with Pearson correlation.

To assess the association between TEAD-TP63 induced and repressed metagene scores
and the histological grades in Beane et al., a linear mixed-effect model was used with the
histological grade as the main independent variable (coded as a continuous variable from
normal to severe dysplasia/carcinoma in situ), and the patient was adjusted as a random
effect using nlme*?°. For Merrick et al., a linear model was used with the histological
grade as the main independent variable (coded as a continuous variable from normal to
severe dysplasia/carcinoma in situ).

To study the association between TEAD-TP63 induced and repressed target genes and
the lesion progression status, a gene rank list was first calculated for each dataset. For
Beane et al., genes were ranked by the t-statistic for their association with progression
status from a linear mixed effect model, comparing progressive/persistent lesions to the
regressive ones among samples of the Proliferative subtype, adjusting for the patient as a
random variable using duplicateCorrelation function from limma'®’. For the Merrick et
al., genes were ranked by the t-statistic of a linear model comparing all
progressive/persistent samples (including the persistent bronchial dysplasia and
progressive non-dysplasia groups in the original annotation) to the regressive ones

(regressive bronchial dysplasia group). Then, GSEA2% was used to test whether the
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TEAD-TP63 direct induced and repress target genes were enriched within the rank lists.
Immune infiltration scores of 24 immune cell-types within the bulk RNA-seq samples
were calculated using GSVA?%? based on the immune cell-type-specific signature genes
from Bindea et al.3*°. The association between metagene scores of TEAD-TP63 induced
and repressed target and the immune cell-type scores were calculated with Pearson
correlation. The association between the immune cell-type scores and lesion progression

status was examined using the same model as described above.

4.2.9 Single-cell RNA-seq data analysis

10X Chromium single-cell RNA-seq datasets of the human healthy airway and normal
lung tissue, including normalized count data and annotations, were obtained from
Travaglini et al. (EGAS00001004344)*3! and Deprez et al (EGAS00001004082)3%2. Cell
clustering and cell-type annotation from the original studies were used. For Travaglini,
the tSNE coordinates across all cells was calculated using the top 20 principle
components with 2K highly-variable genes for visualization using the RunTSNE function
from Seurat>*3. For Deprez et al. healthy airway dataset, only the proximal and
intermediate airway biopsy samples were used for our analysis to match the cellular
composition of bronchial premalignant lesion bulk RNA-seq data. The metagene scores
of TEAD-TP63 direct induced/repressed target gene sets and MHC Class II genes were
calculated using AUCell R package?* based on normalized count data and were
compared between cell-types using one-tail Wilcoxon test. Ligand-receptor analysis was

performed in Travaglini et al. normal lung dataset using CellChat*,
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4.2.10 CPI and chemical compound analysis

The RNA sequencing data from MGH-CP1 treatment and control experiments in MDA-
MB-231 cells was obtained from GSE140396'32. Data processing and gene filtering was
performed as described above. MGH-CP1 associated gene signature were derived by
comparing the samples from MGH-CP1 treatment group to the DMSO control group.
CMAP signature connectivity analysis was performed using the top 150 TEAD-TP63
direct induced and repressed target genes, ranking by log fold-change comparing siRNA
treatment group (siYAP/TAZ, siTEAD and siTP63 combined) to the control group.
CMAP results were filtered by: “perturbation_type” = “trt_cp”, cell line derived from

lung, and qc_pass = “1"".

4.2.11 Datasets used and Code Availability
RNA-seq and ChIP Seq datasets have been deposited to NCBI GEO GSE213656 and

GSE158307.

4.3 RESULTS

4.3.1 TP63 and TEAD expression is elevated in PML histological progression

In prior work, we demonstrated that activation of the transcriptional effectors YAP and
TAZ stimulates lung epithelial basal cell growth and induces gene expression associated
with progressive bronchial PML!?*, Given the reported association of TP63 with YAP

and TAZ3% and the critical functions of TP63 in maintaining airway basal stem cell
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identity, we hypothesized cooperation between YAP/TAZ and TP63 in airway epithelial
cells contributes to the progression of premalignant human airway disease and LUSC.
We first sought to examine the association of 7P63 with lung squamous tumor samples.
Analysis of LUSC data available from The Cancer Genome Atlas (TCGA) showed that
over 30% of tumors have an amplification of 7P63, which is more frequent compared to
other cancers profiled in TCGA (Figure 4.1a) and is among the most frequently
amplified transcription factors in LUSC (Figure 4.1b). We found that 7P63 is also
significantly overexpressed in primary tumor samples compared to normal tissues in
TCGA LUSC data compared to other cancer types (Figure 4.1c; linear regression model
p-value <= 0.001), ranking high among transcription factors expressed in this cancer
subtype (Figure 4.1d). Notably, ANp63, the major TP63 isoform with oncogenic
functions?*>, is more strongly over-expressed in primary LUSC tumor samples than the
full-length Tap63 (Figure 4.1e and Figure A.9a; linear model p-value < 0.001 and p-
value < 0.05). Similar high expression of ANp63 was observed in high-grade PML
samples® compared with low-grade PMLs (Figure 4.1f and Figure A.9b; mixed effect
model p-value < 0.01), and ANp63 was the dominant isoform across all stages of PML
samples, suggesting that TP63 activity may be important for high-grade PML
development.

To further explore the association between 7P63 and increasing PML histologic grade,
we performed TF enrichment among genes (N=822) in a previously defined co-expressed
gene module that is significantly increased in higher grade PML and is enriched with

genes involved in cell cycle and DNA replication pathways*®. Results from both Binding
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Figure 4.1. TP63 is associated with human LUSC carcinogenesis and early lung cancer progression.
a. TP63 amplification frequency in TCGA samples by cancer types. b. Transcription factors ranked by
amplification frequencies in the TCGA LUSC samples. ¢. TP63 expression z-scores in TCGA primary
tumor samples relative to normal samples by cancer types. d. Transcription factors ranked by logFC
comparing TCGA LUSC tumor to normal samples. e-f. Boxplots show the TP63 isoform (TAp63 and
dNp63) expression levels between normal and primary tumor samples in TCGA LUSC (e), and across
bronchial PML histological grades in Beane et a/ (g). *p < 0.05, **p < 0.01, ***p < 0.001. g. Boxplots
show the TEAD3/4 expression levels across bronchial PML histological grades in Beane et al. *p < 0.05,
**p <0.01, ¥***p <0.001.
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Analysis for Regulation of Transcription (BART)**¢ and ChIP-X Enrichment Analysis 3
(ChEA3)*7 indicated TP63 as a highly significant TF regulating the genes in this
histologic-grade associated gene module (p-value < 0.001). Notably, TP63 was also listed
as the top TF regulating genes that are up-regulated in LUSC compared to normal tissues
in BART-Cancer** (p-value < 0.001).

We also found that the expression levels of TEAD3 and TEAD4, which encode
transcription factors of the TEAD family that are regulated by YAP/TAZ binding, were
significantly increased with higher histologic grades in PML samples®® (Figure 4.1g;
mixed effect model p-value < 0.001). The TEADI and TEAD?2 family members did not
exhibit similar increases (Figure A.9¢). These observations suggested that TP63 and
TEAD transcription factors, both of which are linked to YAP/TAZ function, may be

associated with bronchial PML progression.

4.3.2 YAP, TEAD and TP63 bind to the same genomic sites in basal bronchial epithelial
cells

To characterize the genes directly regulated by YAP/TAZ, TEAD and TP63, we
performed chromatin immunoprecipitation sequencing (ChIP-seq) from proliferating
HBEC:s using antibodies targeting YAP, TEADs (pan-TEAD antibody) and TP63. In
total, 4817, 21925, and 23692 consensus peaks (overlapped between replicates) were
identified for YAP, TEAD, and TP63, respectively. While about 25% of the peaks from
each ChIP-seq experiment were located within 2.5 kb from the gene TSSs, many peaks

were located further away from gene promoter regions (Figure A.10a), indicating
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potential long-range gene regulation for YAP, TEAD, and TP63, as previously
suggested!!233,

We next compared the chromatin binding patterns of YAP, TEAD, and TP63 and found
significant peak overlaps between the three factors: 735 peaks were overlapped between
YAP and TEAD, 464 were overlapped between YAP and TP63, and 326 were
overlapped between all three (Figure 4.2a; hypergeometric test p-value < 0.001).
Intriguingly, coverage density analysis not only revealed strong TEAD coverage at the

Y AP binding regions but also TP63 coverage at both the YAP binding and YAP-TEAD
co-binding regions (Figure 4.2b). HOMER motif enrichment analysis on the Y AP-
TEAD co-binding peaks identified TEAD and TP63 motifs as the two most significantly
enriched TF binding motifs (Figure 4.2¢; p-value < 0.001). Similarly, both TEAD and
TP63 motifs were significantly enriched at the YAP binding regions and YAP-TP63 co-
binding regions, suggesting these are the primary DNA binding factors mediating YAP
function in HBECs (Figure A.10b). Regions bound by YAP, TEAD and TP63 included
the promoters/enhancers of target genes identified in other contexts, including AJUBA for
YAP and EGFR for TP63, as well as genes associated with basal cell identity, such as
KRTS5 and ITGA3 (Figure 4.2d)!'%°%, These analyses showed highly overlapped
chromatin-binding profiles between YAP, TEAD, and TP63, prompting us to test for
physical association between these factors. YAP is documented to interact with
TEADs!'?! and TP63302305.341342 g5 we tested whether TEAD associates with TP63. Co-
immunoprecipitation experiments from primary HBECs showed a strong interaction

between TEAD and TP63 (Figure 4.2¢). Taken together these data suggest that YAP,
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Figure 4.2. TP63 interacts and co-binds to chromatin with YAP/TEAD in HBECs.

a. Venn diagram shows peak overlaps between YAP, TEAD and TP63 chromatin binding domains in
HBECS. b. Distribution of YAP/TEAD/TP63 ChIP-seq signal around +2 kb of YAP and YAP/TEAD
overlapped peak regions (N=4817 and 735). ¢. Top transcription factor binding motifs enriched in the
YAP/TEAD overlapped peak regions in HBECs. P-values were calculated by HOMER. d. YAP, TEAD
and TP63 ChIP-seq tracks shows the co-binding at the promoter regions of Hippo or TP63 canonical target
genes. Overlapped peak regions are shown in red strips. e. Western blot showing TEAD and TP63 co-

immunoprecipitated together in HBECS.
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TEAD and p63 form a transcriptional complex in proliferating basal bronchial epithelial

cells.

4.3.3 TP63 and TEAD co-regulate gene expression in the basal bronchial epithelial cells
To gain insight into the transcriptional relationship between YAP, TEAD, and TP63, we
performed bulk RNA sequencing on proliferating HBECs treated with siRNA targeting
YAP/TAZ, TEADs, and TP63. Differential expression analysis comparing siRNA treated
samples to the controls identified 2581, 2120, and 1566 genes down-regulated in
expression following siRNA-mediated knockdown of YAP/TAZ, TEAD, and TP63,
respectively (i.e., genes normally induced by these factors). This analysis also identified
2510, 2096, and 1391 genes, that were up-regulated in expression following siRNA-
mediated knockdown YAP/TAZ, TEAD, and TP63, respectively (i.e., genes normally
repressed by these factors). YAP/TAZ, TEAD, and TP63 induced genes (i.e., genes down-
regulated with siRNA-mediated knockdown) were significantly enriched within each
other’s respective gene sets, and a similar pattern was observed for YAP/TAZ, TEAD, and
TP63 repressed genes (i.e., genes up-regulated with siRNA-mediated knockdown) (Figure
4.3a; GSEA FDR < 0.01), suggesting that YAP, TEAD and TP63 regulate a shared gene
expression program in HBECs.

Next, we sought to identify genes directly co-regulated by YAP, TEAD, and TP63 by
integrating the chromatin binding profiles from ChIP-seq experiments with the gene
expression profiles from the RNA-sequencing of the siRNA experiments. Since only

TEAD and p63 directly bind DNA, and due to higher quality data obtained from our ChIP-
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seq analysis of TEAD and TP63, we combined our TEAD-p63 overlapped peaks (N=3067)
with our RNA-seq analysis to identify potential direct targets. Genes with TSS within 50kb
from the TEAD-TP63 overlapped binding regions or potentially regulated by TEAD and
TP63 through long range interactions at distal regions (based on pcHi-C data from Jung et
al.’?®) were labeled as direct targets (Figure 4.3b). This analysis identified 260 TEAD-
TP63 directly induced (i.e., genes with binding peaks that were down-regulated following
siRNA-mediated knockdown) and 126 directly repressed (i.e., genes with binding peaks
that were up-regulated following siRNA-mediated knockdown) target genes (Figure 4.3c).
Among the TEAD-TP63 direct induced targets, we found several canonical targets for both
the Hippo pathway (AJUBA, GADD45A, FIX1, and CRIM1)!'? and TP63 pathway (AK4,
KRT5/6A, and HRAS)**. We also observed several interferon response and antigen

processing related genes among the TEAD-TP63 direct repressed genes.

To further validate the regulation of target genes via endogenous YAP/TAZ activation, and
to test the effects of Hippo pathway regulation of these targets, we depleted the LATS1/2
kinases in HBECs using siRNA and found that TEAD-TP63 directly induced and repressed
target genes were among the genes most down- and up-regulated in the siLATS treatment
samples compared to the controls (Figure A.11; GSEA p-value <= 0.005). Functional
enrichment analysis revealed that the TEAD-TP63 induced genes are associated with cell
proliferation and extracellular matrix-associated pathways, and the repressed genes are
strongly enriched for interferon alpha and gamma responses (Figure 4.3d hypergeometric

FDR <0.001).
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Figure 4.3. YAP/TEAD/TP63 together regulate target genes associated with carcinogenesis pathways
in HBECs.

a. Correlation plot summarizes the GSEA results of genes associated with YAP/TAZ, TEAD and TP63
siRNA treatments in HBECs. Rank lists were generated by ranking genes by t-statistics for their association
with siRNA treatment comparing to the controls in HBECs. Genes significantly up or down-regulated with
the siRNA treatments were used as gene sets (absolute logFC > 0.5 and FDR < 0.05). **p-value < 0.01,
***p-value < 0.001. b. TEAD and TP63 ChIP-seq tracks shows the representative co-binding associated
TEAD-TP63 direct target genes. Overlapped peak regions are shown in red strips. Only the direct target
genes are plotted.c. Heatmap of gene expression significantly altered in siYAP/TAZ, siTEAD and siTP63
treatment (absolute logFC > 0.5 and FDR <= 0.05). Genes annotated on the right are associated with
interferon response pathways or shown to be canonical target genes of Hippo or TP63 pathways. d. Top
enriched functional pathways associated with the TEAD-TP63 direct repressed (top) and induced (bottom)
target genes.
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4.3.4 The TP63/TEAD repressed gene program is associated with early immune evasion
in the bronchial premalignant lesions

To explore a potential the relationship between YAP/TAZ, TEAD and p63 transcriptional
regulation and the gene expression changes associated with bronchial carcinogenesis, we
measured metagene scores of directly induced and repressed target genes shared by these
factors in human PML patient endobronchial biopsy samples factors. Metagene scores
were calculated for the induced and repressed targets separately in three gene expression
datasets which examined progressive PML pathology, which included RNA sequencing
data from Beane et al., (GSE109743) which defined both a discovery cohort and an
independent validation cohort* and Affymetrix Gene 1.0 ST microarray data from Merrick
etal., (GSE114489). First, we validated that the expression of TEAD-TP63 direct targets
were correlated with the expression levels of YAP, TAZ/WWTRI, TEAD, and TP63. A
strong positive correlation was observed between the metagene score for the directly
induced targets of TEAD-TP63 and YAP, TAZ/WWTRI, TP63, and TEAD2/3/4 (TEADI
did not show a similar correlation) in Beane et al. discovery cohort*®, and conversely a
negative correlation was observed for the directly repressed targets of TEAD-TP63 (Figure
4.4a). Similar correlation patterns were also observed in the Beane et al. validation cohort
and the Merrick et al. dataset (Figure A.12a).

Notably, TEAD-TP63 direct target genes were significantly associated with increased
PML histologic severity; the metagene score of the induced targets were significantly
increased in higher grade PML samples (linear model p-value < 0.001 in all three

datasets) and the metagene score of the repressed targets were decreased, although less



112

significantly (Figure 4.4b and Figure A.12b). TEAD-TP63 directly repressed target
genes were significantly enriched among the genes down-regulated in
progressive/persistent compared with regressive PMLs among the samples of
Proliferative subtype described in the Beane et al. discovery (GSEA p-value <0.001) and
validation cohort (GSEA p-value <0.05)*, and among all samples in Merrick et al.
(GSEA p-value <0.001)* (Figure 4.4c and Figure A.12¢). Directly induced genes were
also strongly enriched among the genes up-regulated in progressive/persistent PMLs in
the Merrick et al. cohort®® (Figure A.12¢; GSEA p-value <0.001), although this
enrichment was not as clear in the Beane at al. data. Collectively, these observations
suggest that shared TEAD and p63 activities are associated with precancerous airway
disease progression.

To gain functional insight into TEAD-TP63-regulated genes, we explored potential
associations with gene modules identified from network analyses of PML data from prior
work, which revealed significant overlap between TEAD-TP63 direct induced target
genes and three co-expressed gene modules (Modules 1, 3, and 5) described in Beane et
al®. TEAD-TP63 targets in these modules were enriched for genes associated with
extracellular matrix/cell adhesion, immediate response, and cell-cycle/DNA-replication
pathways, respectively (Figure 4.4d; Fisher’s exact test p-value < 0.001), suggesting
these gene networks are induced by TEAD-P63 in bronchial PMLs. We also observed a
significant overlap between the TEAD-TP63 direct repressed target genes and co-
expressed gene module (Module 9) from Beane et al., which is enriched for genes

encoding antigen presentation and interferon response pathways factors, strongly
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associated with PML progressive pathology and is correlated with the level of immune
cell infiltration, including cytotoxic cells, CD8+ T cells, NK cells, Th1 CD4+ T cells, and
activated dendritic cells®.

Previous studies have suggested immune regulatory functions reside in distinct subsets of
airway epithelial cells, with airway secretory cells playing key roles in promoting
lymphocytic infiltration 343-**, We therefore examined the cell-type expression of the
genes directly induced or repressed by TEAD-TP63 by calculating the metagene score of
TEAD-TP63 direct induced and repressed target genes with AUCell>>* in two normal
human airway/lung single-cell RNA-seq datasets, from Deprez et al., 3> (N=41134) and
Travaglini et al., 3! (N=65662). High expression of genes directly induced by TEAD-
TP63 was observed within the basal and suprabasal epithelial cell subsets, while
repressed target genes were expressed at lower levels in these same subsets (Figure 4.4e
and Figure A.12d Wilcoxon one-tail test p-value < 0.001). These observations suggest

cooperation between YAP/TAZ, TEAD, and TP63 in basal and suprabasal cells.



114

a b Beane et al. Discovery
p~value<0005 050 p-value < 0.001
2
[0} 1)
NP o 025 ® 0025
S © S g2 52
Q & v v S o
F AL L «"y &L £ 88
075 o 000 D000
Repressed @ @ @ 05 »=> 8>
025 R 5%
e $--025 %025 e
e @ 0@ © 00O
-0.75
-1 -0.50 oo
TIE a0 TIT 2l
£ 28225 £ 23225
S$8%ozs $88558
8584 8sz83
=0 ==a
£= P £= 3
w 2]
g
c d S & _ 2 3
5§ =2 © 5 g ¢c2pe
K] B @ 5 c o5 2 28 Fas
0 fimimim p i mimimimi i i 8 2 O § 22 5. g 222
NES=1.84; P<0.001 £ § L8 3 8 s o€ £z 28
[} = E 30 o 2= §§ TF§ ® caxw
§os 8 & B Q% §¢ %g 85 2ESg
3 s 2 82 &< 85 g2 83 25 §8%
= 8 c ES g=§
- 02 o X E% xO ©z 22 o5 ES g6
€ w [ £EQ2 OF OO0 O E E£EE Ecga
S 26.9
E 0 Repressed oex 202
©
S 00 135
w Induced ﬂ 6.7
-0.1 .
e
o o
r 0124 T " O:45 P
0.09
2
® 2
g% 0.10 0.08 g% 0.10 Basal
S
%‘f &(B 0.06 Suprabasal
© ) Secreto
5O 80 g
52005 83 005 g
% 4 0.04 £ o0 : Goblet
x
0.00 0.00 0.00 0.00
Basal Supra- Secretory Basal Club Gob[et Basal Supra- Secreton/ Basal Club Goblet
(KRTS, TP63) (SCGB1AL1, (KRTS, TP63)  (CYP2F: (KRTS, TPE3) (S (KRTS, TPE3)  (CYP2F2, (MUCSAC,
basal ‘mucsac) scmy by basal T SCGB3AZ)  MUCSB)
(TS, KeTIe) s, KTS)
Deprez et al. Travaglini et al. Deprez et al. Travaglini et al.

Figure 4.4. TEAD-TP63 direct regulated genes are associated with human bronchial PML
progressive pathology and early immune evasion.

a. Correlation plot shows the correlation between the expression levels of transcription factors and
metagene scores of TEAD-TP63 direct induced and repressed target genes (calculated with GSVA) in
Beane et al. Discovery cohort. The color and the size of the circles indicate the Pearson correlation
coefficients. ***Pearson correlation, p-value < 0.005. b. The metagene scores of TEAD-TP63 direct
repressed (left) and induced (right) target gene sets across human bronchial PML data by histological
grades in Beane et al. Discovery cohort.c. Enrichment plot for TEAD-TP63 direct repressed target genes
among genes ranked by t-statistics comparing the regressive PML samples to the progressive/persistent
ones of the Proliferative subtypes in the Beane et al. Discovery cohort (GSEA; p-value < 0.001). d. Bubble
plot shows the enrichment of TEAD-TP63 direct repressed and induced target gene sets among human
bronchial PML co-expressed gene modules. The color and the size of the squares indicate the odds ratio.
***Fisher’s exact test p-value < 0.001. e. Violin plots show the summarized expression of TEAD-TP63
direct repressed (left) and induced (right) target genes (calculated using AUCell) in the healthy human
airway scRNA-seq data from Deprez ef al. and human lung scRNA-seq data from Travaglini et al.
(***one-tail Wilcoxon test, p-value < 0.001).
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4.3.5 YAP/TAZ-TEAD-TP63 down-regulate Major Histocompatibility Complex factors
transactivator CIITA in bronchial epithelial cells.

To explore potential basal cell-immune crosstalk downstream of TEAD-TP63 activity we
further examined the target genes, and found CIITA, a MHC Class II transactivator that

plays critical functions in inducing the expression of MHC-II related genes3#3-346,

asa
TEAD-TP63 direct repressed target gene (Figure 4.5a). We hypothesized that
YAP/TEAD/TP63 may repress the MHC Class II gene expressions by down-regulating
CIITA to suppress the immune infiltration. To test this, we used CellChat*3* to
investigate mediators of ligand-receptor signaling within lung single-cell RNA-seq data
from Travaglini et al. 33!, which is a dataset with detailed annotation of immune cell
subsets. 61246 significant ligand-receptor interactions between 57 cell-types were
identified (p-value < 0.05), and 1210 ligand-receptor interaction pairs involving ligands
expressed on basal cells. Among these were 44 interactions between MHC class II genes
expressed in basal cells and CD4 in various immune cells (Figure 4.5b), including
mature CD4+ T cells, dendritic cells and macrophages. More focused analyses confirmed
that most of the genes encoding MHC II family factors were induced following
YAP/TAZ, TEAD, or p63 knockdown, indicating repression of MHC family gene
expression by YAP/TAZ, TEAD and TP63 (Figure 4.5¢; linear model FDR < 0.05),
including various HLA class II histocompatibility antigens, and CD74, the HLA-DR
antigens-associated invariant chain that plays essential roles in the formation and

transport of the MHC class IT complex®*7.

CIITA belongs to the antigen presentation/interferon response co-expressed gene module
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1.3 as being down-regulated amongst

(Module 9) previously identified in Beane et a
progressive/persistent Proliferative subtype PMLs (Figure 4.5d; linear model p-value <
0.05). Similar association between lower CIITA expression and PML progression was
observed in the Beane et al. validation (Figure A.13a; p-value 0.45) and in Merrick et al.
datasets (p-value < 0.05)*-°. Concordantly, most of the MHC Class II genes were
strongly down-regulated among the progressive/persistent PMLs across three datasets
(Table B.8). These data therefore suggest that repression of CIITA mediated MHC Class
IT expression by YAP/TAZ-TEAD-TP63 is associated with early immune-evasion and
PML progression.

In previous work by Merrick et al.??, increased epithelial MHC Class I molecule HLA-
DRA expression had been associated with a regressive PML phenotype and associated
with elevated expression of Th1 marker genes. Similarly, ligand-receptor analysis
showed potential communication between bronchial basal population and CD4+ T cells
utilizing MHC Class II and CD4 interactions. Hence, we sought to further quantify the
association between CIITA expression and markers of Th1 cells in PML human patient
data. Our analysis showed a strong correlation between the expression level of CIITA and
Thl cell-type score, calculated using signature genes from Bindea et al.*** (Figure 4.5¢
and Figure A.13b; Pearson correlation p-value < 0.001) with the correlation between
CIITA and Thl being strongest compared to other immune cell-types in data from Beane
et al. discovery cohort*® (Figure 4.5f and Figure A.13c¢). Consistently, we observed that

the Th1 score is decreased in the progressive/persistent PMLs among the samples of the

Proliferative subtype PMLs in Beane et al.** discovery (Figure 4.5g and Figure A.13d;
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Figure 4.5. CIITA associates with bronchial PML progressive pathology and tracks with suppressing
MHC Class II gene expression and the presence of Thl T cells.
a. TEAD and TP63 ChIP-seq tracks shows the co-binding peaks associated with
CIITA. Overlapped peak regions are shown in red strips. b. Heatmap of communication significance levels
between MHC Class II genes in basal cell and binding partners in immune cells in the human lung scRNA-
seq data from Travaglini ef al. The ligand-receptor pairs that involve MHC Class II gene expression in the
basal cells are plotted as the row, and the immune cell types that the basal cells are communicating to are
plotted as the columns. The color of heatmap reflect the significance levels of the cell-cell communication
based on CellChat. ¢. Heatmap of significantly repressed MHC Class II gene expression (FDR < 0.01) in
siYAP/TAZ, siTEAD and siTP63 treatment in HBECs. d. Expression level of CIITA in
progressive/persistent and regressive PML samples of the Proliferative subtype in Beane ef al. Discovery
cohort. e. Scatter plots show the Pearson correlation between the expression level of CIITA and Th1 scores
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(calculated using GSVA based on genes from Bindea et al.) in Beane ef al. Discovery cohort. f. Immune
cell-type ranked by their Pearson correlation coefficients with CIITA expression level in Beane et al.
Discovery cohort. The dashed line indicates the Pearson correlation coefficient that reaches p-value = 0.05.
g. Th1 cell scores in progressive/persistent and regressive PML samples of the Proliferative subtype in
Beane et al. Discovery cohort.
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linear model, p-value < 0.01) and validation cohorts (p-value = 0.08), and among all
samples in Merrick et al. ® (p-value = 0.25), suggesting that decreased Thl infiltration is
predictive of PML progression. We observed that MHC Class II genes are strongly
expressed among the secretory epithelial cells in two lung scRNA-seq datasets (Figure
A.13e), highlighting the role of secretory cells in antigen presentation and suggesting that
epithelial expression of MHC II genes is associated with lower Th1 infiltration. Taken
together, our observations suggest that YAP/TAZ-TEAD-TP63 activity in bronchial
epithelial cells repress MHC Class II genes, potentially through down-regulating CIITA,
which contributes to PML progression in part by suppressing the local presence of Thl

cells.

4.3.6 Palmitoylation inhibiter blocks TEAD DNA-binding and may reverse the TEAD-
TP63 directly regulated gene program

Finally, we sought to investigated whether chemical compounds can be identified to
reverse the YAP-TEAD-TP63 directly regulated gene signatures. Previous study
suggested small molecule MGH-CP1 targeting the TEAD auto-palmitoylation pocket

132 We obtained gene

may inhibit TEAD-mediated transcriptional regulation in vivo
expression data of MDA-MB-231 treated with MGH-CP1 or DMSO (GSE140396'3%) and
compared the gene expression changes associated with MGH-CP1 treatment with the
TEAD-TP63 direct regulated gene signature. GSEA showed the TEAD-TP63 directly

repressed target genes in HBECs were significantly positive-enriched among the genes

up-regulated with MGH-CP1 treatment in MDA-MB-231, and the direct induced genes
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Figure 4.6. Blocking the DNA-binding ability of TEADs via CP1 may reverse the TEAD-TP63
directly regulated gene signature.
a. Enrichment plot for TEAD-TP63 direct repressed (top) or induced (bottom) target genes among genes
ranked by t-statistics comparing the MDA-MB-231 cell line samples in the CP1 treatment group to the ones
in the DMSO control group from GSE140396 (GSEA; p-value < 0.001). b. Barchart for the top small
compound perturbation in lung cancer cell lines that generate positive (red) or negative (blue) connectivity
to the TEAD-Tp63 directly regulated target genes.
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were negatively enriched (Figure 4.6a; GSEA p-value < 0.001). This evidence
demonstrated inhibiting TEAD-mediated transcription using MGH-CP1 may reverse the
TEAD-TP63 direct regulated gene signature in bronchial epithelium and could be a
feasible bronchial PML progression interception strategy.

To identify other novel compounds with potential treatment effects, we performed in
silico chemical compound screening using the Connectivity Map (CMAP)3#8349, We
identified 250 chemical compound that are significantly positively connected to the
TEAD-TP63 direct regulated target genes (Figure 4.6b; FDR < 0.01). 178 compounds of
these were annotated compounds with names not starting with “BRD”. These compounds
are potential drug candidates to reverse the Hippo and TP63 regulated gene programs in
the human bronchial epithelial cells and may be repurposed to intercept the early lung
cancer progression. Notably, trametinib, a MAPK inhibitor*>° were among the top
compounds that were positively associated with TEAD-TP63 direct regulated genes.
Combination treatment of MGH-CP1 and trametinib could synergistically decreased
viability of mice metastatic melanoma cell lines*!. These observations highlighted the
potential of combined inhibition of TEAD and MAPKL signaling pathways to intercept

the pathological progression of bronchial PMLs.

4.4 DISCUSSION
Our study demonstrates that the activity of a gene expression program that is
cooperatively regulated by the TEAD and TP63 transcription factors is increased in

progressive bronchial PMLs, and that these factors are modulated by the transcriptional
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effectors YAP and TAZ (biological hypothesis depicted in Figure 4.7). Our observations
strongly suggest that these factors assemble as a transcriptional complex in bronchial
basal cells, as YAP, TEAD and TP63 physically interact and occupy similar chromatin
binding sites and control a conserved gene expression program that strongly associates
with PML progression. We mapped genes directly regulated by TEAD and TP63 by
ChIP-seq and examined the gene expression consequences of siRNA-mediated gene
silencing using RNA-seq. Directly induced genes of TP63 and TEAD encode factors
involved in cell proliferation and extracellular matrix production, while directly repressed
genes include genes associated with interferon downstream signaling and antigen
presentation pathways. Our analysis of directly repressed TEAD-TP63 targets showed a
particularly strong association between these immune modulating target genes and genes
downregulated in the progressive PMLs, suggesting that TEAD-TP63 activity modulates
immune function in the lung. Notable genes directly regulated by TEAD-TP63 included
CIITA, which encodes a transcriptional transactivator that functions as a key regulator of
MHC Class II genes. Our analyses across several datasets demonstrated that low CIITA
expression is associated with progressive PML pathology and is negatively correlated
with genes associated with Th1 cell activity, suggesting that epithelial control of MHC
presentation by YAP-TEAD-TP63 modifies immune cell responses in early cancer
development.

YAP and TP63 have been reported to associate in several contexts, including airway

302,305,341,342

epithelial cells , and the oncogenic functions of YAP/TAZ rely on their

101,311

association with the TEAD family of transcription factors . The physical and
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functional association of TEAD and TP63 suggest that the activity of YAP/TAZ-TEAD
in basal cells is mediated by TP63, potentially directing the context of this complex to
control lineage specific events. Our observations suggest that the cooperative activity of
YAP/TAZ, TEAD, and TP63 induce the expression of genes that promote basal cell
proliferation, as well as extracellular matrix components that may be supportive of basal
cell self-renewal. Consistent with a pro-proliferative role, genes co-regulated by
YAP/TAZ, TEAD and TP63 were strongly enriched among the genes in a proliferation-
related co-expression module that was previously shown to be elevated in higher grade
PML samples®. The regulation of such genes is consistent with observations that induced
nuclear YAP/TAZ activity in mouse basal cells promotes basal cell expansion in vivo'?4;
and observations that deletion of TP63 results in a loss of basal cells from the airways of
mice?”72%, Further, TP63 is frequently amplified in squamous cell carcinoma, and
increased TP63 has been linked to YAP activation and alteration of TEAD binding
352,353 Thus, an interconnected relationship exists between these factors that appears
linked to the development of squamous carcinomas.

Our data suggest poorly explored functions for YAP/TAZ-TEAD-TP63 contribute to the
progression of PMLs, including repression of immune modulating factors that may in
turn lead to immune evasion. Previous studies have suggested that decreased levels of
immune surveillance, particularly decreased interferon responses and antigen
processing/presentation, is associated with progressive/persistent PMLs?*3-°, We found
YAP/TAZ, TEAD, and TP63 directly repress many of the genes linked to immune

surveillance in bronchial PMLs, including repression of genes involved in interferon
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response and antigen presentation pathways. Interestingly, in multiple PML datasets we
observed that decreased levels of anti-tumor immune cells, including cytotoxic CD8+ T
cells, Thl cells, NK cells, and activated dendritic cells was associated with decreased
expression of genes that are repressed by YAP/TAZ-TEAD-TP63. Collectively these
observations suggest that the repression mechanisms controlled by YAP/TAZ-TEAD-
TP63 are central for PML progression.

The identification of the MHC II transactivator CIITA as a YAP/TAZ-TEAD-TP63
target gene was notable, particularly given the reported low expression of MHC class II

L33,35

genes in progressive bronchial PM and the similar decreases observed in CIITA and

MHC class II gene expression with poor immunotherapy responses in melanoma patients

334355 and with promoting intestinal tumorigenesis®>°.

and in a rat model of breast cancer
Moreover, higher MHC Class II gene expression has been suggested as prognosis marker
for colorectal carcinoma and triple-negative breast cancer survival®*”-338, Thus, the ability
for YAP/TAZ-TEAD-TP63 to repress the expression of CIITA and MHC class I
molecules in expanding basal epithelial cells may be a key mechanism of how early
PMLs evade immune clearance.

Interestingly, many of the genes repressed by YAP/TAZ, TEAD, and TP63, including the
MHC Class II genes, were highly expressed in airway secretory cells. This raises
interesting questions about how the composition of the bronchial epithelium might
influence immune-surveillance. Lung club cells have been shown to be crucial for the

efficacy of radiation and immune checkpoint inhibitor combined therapy for non-small

cell lung cancer®**, and MHC class II expressing lung epithelial cells act as antigen-
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presenting cells to direct CD4+ T helper cell functions**. Thus, increased YAP/TAZ-
TEAD-TP63 activity that favors the basal cell state would be associated with less
immune infiltration and a worse prognosis in PMLs. Interestingly, similar stem-cell-like
populations with high developmental plasticity and proliferation potential have been

observed in adenocarcinoma and metastatic lung cancers®#%-3%°

, suggesting possibly
similar mechanism that couple cell fate with immune control.

Our data also proved the feasibility of using TEAD auto-palmitoylation inhibitor to
reverse the TEAD-TP63 direct regulated gene expression associated with bronchial PML
progression. We have also performed small compound screening testing the
transcriptomic alterations associated with 10 different TEAD auto-palmitoylation
inhibitors and measure the gene expression changes in HBECs. Three of these
compounds were able to reverse the TEAD-TP63 direct regulated gene signatures similar
to the MGH-CP1 experiments we showed above, including increasing the expression
levels of HLA-DRA and CD74. Yet, due to the patent restrictions associated with these
compounds, the results cannot be included in this thesis. Furthermore, inhibition of
ERBB receptors has been shown to treat precancer airway lesion development!'?*. Our
connectivity analysis confirmed this observation and suggested combined MGH-CP1 and
trametinib may provide additional treatment effect in intercepting early lung cancer
progression. Meanwhile, other strategies may be effective in intercepting early lung
cancer progression, including targeting TP63-mediated transcription or disrupting the

binding between YAP, TEAD and TP63, which requires further investigation.

Collectively our results identify important roles for YAP/TAZ-TEAD-TP63 in the early



127

development of lung cancer, which notably includes immune-suppressive roles, and
suggest that an assessment of the activity of this transcriptional complex may offer a
means to identify immune evasive bronchial PMLs. Finally, targeting the YAP/TAZ-
TEAD-TP63 complex may provide a therapeutic opportunity for intercepting early lung
carcinogenesis, which is something that may be feasible given recent efforts that have

been devoted towards developing YAP/TAZ-TEAD inhibitors®’.
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CHAPTER 5 MICRORNA EXPRESSION DIFFERENCES IN NASAL
EPITHELIUM FOR IDENTIFYING MALIGNANT INDETERMINATE
PULMONARY NODULES

5.1 INTRODUCTION
Lung cancer is the top cause of cancer prevalence of mortality in the US, causing over
230,000 new cases and nearly 132,000 deaths in 20211, This can be largely attributed to
the lack of detection of early-stage lung cancer when the survival rate is high. Results
from the National Lung Screening Trial (NLST) showed that early detection through a
low-dose computerized tomography (LDCT) can significantly reduce mortality!+!79,
However, the clinical management of indeterminate pulmonary nodules (IPNs), non-
calcified nodules with 7-30mm size in diameter identified during CT screenings, is still
challenging. While high-risk patients are followed-up with invasive procedures, such as
tissue collection using bronchoscopy, and the low-risk ones are followed-up with repeat
CT, those classified as intermediate-risk represent a diagnostic dilemma*®. With the

151,361

majority of IPNs being benign , unnecessary invasive follow-up procedures increase

158 Thus, there is a unmet need for a

the risk of complications, cost, and anxiety
diagnostic test that can accurately identify those patients with malignant IPNs from the
majority of benign cases.

The field of injury describes the molecular alterations associated with carcinogen
exposure or lung cancer development and can be observed in the normal-appearing

airway throughout the respiratory tract!#*. Based on this principle, our group has

previously built a genomic classifier for lung cancer diagnosis based on gene expression
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profiles in the bronchial epithelium!>>-157

, suggesting the clinical utility of transcriptional
profiles from normal-appearing airways. Similar field effects can be observed in the nasal
epithelium as well. Our group previously demonstrated that the smoking-related gene
expression alterations in the nasal epithelium are similar to those observed in the

bronchial epithelium'*®

. Consistent gene signatures between nasal and bronchial
epithelium have also been reported for COPD!%? and IPF!¢!. Moreover, Perez-Roger et al.
reported a nasal lung cancer classifier for lung cancer detection among ever smokers and
highlighted the utility of the more readily accessible nasal epithelium for cancer risk
stratification!é2, These results suggested that the airway cancer field extends to the nasal
epithelium and the nasal gene expression measured through nasal brushing could serve as
a non-invasive alternative to bronchoscopy for lung cancer diagnosis.

miRNA are a class of small non-coding RNA that suppresses gene expression through
base-pairing between the seed region and the 3’ untranslated regions. miRNA-mediated
gene expression regulation plays important role in almost all biological processes,
including cancer’?3%2, The field of injury concept can be extended to miRNA expression.
Previous studies from our group showed that the bronchial miRNA expressions and the
regulated gene signatures reflect the effects of cigarette smoking and are involved in lung
cancer development®*#, Notably, the study by Pavel et al. demonstrated that miRNA
expression alterations in the bronchial epithelium can be used to improve the gene-based
biomarker for the early detection of lung cancer!®,

Given this prior evidence, we hypothesize that nasal miRNA expression can be utilized

for the early detection of lung cancer and the classification of IPNs. In this study, we used
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matched gene and miRNA expression profiles from the nasal airway brushings collected
from DECAMP I subjects to investigate the miRNA expression alterations associated
with IPN malignant status. Furthermore, by combining top scoring pairs between
miRNAs and the predicted target genes and building an ensemble learning model, we

evaluated the performance of an integrated biomarker.

5.2 METHODS

5.2.1 Study enrollment and sample collection

Nasal airway epithelial brushings were collected from 235 ever smokers who had
incidental pulmonary nodules between 7-30mm on chest CT from the DECAMP I cohort
(NCTO01785342). Subjects were followed up for up to two years after the nasal brushing

collection until a final diagnosis of lung cancer status was made.

5.2.2 miRNA sequencing and processing

The miRNA processing procedures were the same as described in Aim 1. Briefly, we
used NEBNext Multiplex Small RNA Sample Prep Kit (Illumina) to construct the
sequencing library. The samples were then sequenced using Illumina HiSeq 2000. The
quality of the sequencing reads was examined with fastqc!®!. Reads shorter than 15 nt
were excluded. Then, the reads were aligned to human reference miRNAs in miRBase
v22 and quantified using miRDeep2 with default settings'**1%4, All quality metrics were

summarized with multiqe®®. A two-step quality control strategy was used to filter out
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samples with poor quality. First, given that the majority of reads in the library should be
from miRNAs that are 21-23 bps long, we filtered by sequencing quality removing
samples with a read mapping percentage < 70% or an average read length lower than
20bp. Samples were then TMM normalized using edgeR?’” and transformed into log
CPM. Lowly expressed miRNAs were removed if the sum of counts across all samples
were lower or equal to 1. Next, we excluded a sample if it had at least two outlier
measurements (2 standard deviations from the mean of all samples) among PC1, PC2,
RIN, and between-sample correlation. The counts for the remaining samples were
normalized again as described above. 189 samples remained after the two-step filtering
(65 benign and 124 cancer) with 681 miRNAs. 154 samples had matched nasal gene

expression profiles after quality filtering®.

5.2.3 Derivation of miRNA signatures and TSPs associated with cancer status

Voom!?> was used to transform miRNA counts and Limma!®7 was used to identify
miRNA expression alterations associated with IPN malignant status, adjusting for
smoking status, batch and RIN. Similarly, the smoking-associated miRNAs were
identified using linear regression models adjusting for cancer status, batch, and RIN.

To identify miRNA that is actively regulating gene expression, we also compared the
density of correlations between a miRNA’s expression profile and the expression profiles
of all of its predicted targets with the density of correlations between that miRNA and all
of the genes that are not predicted to be targeted by that miRNA. Three databases were

used for target gene identification (TargetScan (v7.2; conserved targets), miRDB (v5.0),
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and miRTarBase (v7.0)"!291364) "and target gene or a miRNA was defined as those
identified by at least two databases. The Pearson correlation between miRNAs and genes
was calculated using the residual expression value adjusted for technical variables (batch
and RIN). The distribution of correlation coefficients of all predicted target genes of a
miRNA was compared to the distribution of all the genes that were not predicted targets
using the KS-test. miRNAs with significant KS test results (FDR < 0.05) and a negative
shift in the correlation distribution with predicted target genes compared with genes that
were not target were then selected for differential expression analysis.

TSPs were derived in two formats based on miRNA and the predicted target gene
expression values. Both the miRNA and gene expression data were normalized by log
CPM and batch-corrected before TSP calculation. Binary TSPs were calculated as
whether the expression level of the predicted target gene was higher than the miRNA
(true = 1 and false = 0). Continuous TSPs were calculated as the difference between the
batch-corrected log CPM target gene and miRNA expression values. Fisher exact test
was used to identify the cancer-associated binary TSP and two-group t-test was used for
the continuous TSP.

The association between the predicted target genes of cancer-associated miRNAs or the
genes involved in cancer-associated TSPs and the activities of previously derived gene

signatures were examined using GSEA2%,
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5.3.4 Ensemble Learning Pipeline

A novel ensemble learning model framework was proposed to integrate metrics from
different feature types for better classification of lung cancer status. The DECAMP-I
samples with both miRNA and gene expression profiles after QC were randomly split 4-
fold into discovery and validation cohorts (N=116 and 38; Table B.9). Next, we
performed the feature and model selection within the discovery cohort with 100-time
repeated 5-fold cross-validation. Within each iteration, we first performed feature
selection in the inner training dataset with each miRNA-related feature type, including
cancer-associated differential expression miRNAs, and binary and continuous TSPs. The
redundant and highly correlated significant features were filtered out using Boruta®®>.
Then, with the selected features in each feature type, we trained weak learners using
various machine learning models, including naive-Bayesian (NB), random forest (RF),
linear discriminative analysis (LDA), supported vector machine with different kernels
(SVM), logistic regression (LR) and gradient boosting machine (GBM). A clinical
classifier, including smoking status, pack-year, age and nodule size, was also trained
separately at this step. The prediction probabilities from each model were extracted and
were used to train the ensemble model, including RF, tree bagging, Adaboost, GBM, and
LR. ‘findCorrelation" function from caret R package*®® was used before ensemble model
training to remove highly correlated weak learners. We run the whole CV pipeline using
the Pearson correlation cutoff from 0.5 to 0.95 at 0.05 increments. Synthetic Minority
Oversampling Technique (SMOTE) was performed to up-sample the benign samples

during the model training steps to alleviate the class imbalance. Finally, the final model
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was chosen based on the highest average AUC in the inner-testing dataset across CVs.
The top features and the weak learners were selected based on their selected frequencies
during CV and the average number of selected features/learners for the final ensemble
model. The entire training data set was used to re-train the final model, and the validation

cohort was used for independent performance evaluation.

5.3 RESULTS

5.3.1 Study Population

We removed those samples with poor sequencing quality (average sequencing length less
than or miRNA mapping percentage less than 70%) or samples that were significantly
different from the rest (based on the first two principal components, RIN, and between-
sample correlation). The baseline characteristics of the remaining 189 samples (65 benign
and 124 cancer), including 138 samples from last year and 51 samples, were summarized
in Table 5.1. Technical variables such as batch or RIN were not significantly different

between the benign and the cancer groups.

5.3.2 miRNA expression signature and miRNA-gene TSPs associated with IPN status
We first explored the smoking-associated miRNAs and validate previous findings in the
DECAMP-I nasal miRNA expression profiles to examine the quality of our data.
Differential expression analysis showed 86 miRNAs whose expression levels were

significantly different between current and former smokers, adjusted for cancer status,
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Variables Benign (N=65) Cancer (N=124) Statistics p-value
Batch
1 12 (20.0%) 27 (21.8%)
2 16 (24.6%) 23 (18.6%)
3 16 (24.6%) 26 (21.0%) 467 0.46
4 4 (6.15%) 13 (10.5%)
5 13 (21.5%) 23 (18.6%)
6 2 (3.1%) 12 (9.7%)
RIN 5.6 (1.75) 5.09 (1.73) 1.89 0.062
Gender (=Male) 51 (78.5%) 94 (75.8%) 0.86 0.72
Race
Alfrican 10 (15.4%) 29 (23.4%)
American
White 45 (69.2%) 84 (67.7%) 2.97 0.23
Others 10 (15.4%) 11 (8.8%)
Age (year) 66.1 (7.79) 69.8 (8.38) -3.05 0.003
Nodule Size (cm) 1.21 (0.59) 1.66 (0.56) -4.98 <0.001
Pack-year 50.42 (27.43) 51.23 (24.9) -0.20 0.84

Smoking Status o .
(=Current) 27 (41.5%) 55 (50.82%) 0.83 0.84

Table 5.1. DEAMP I nasal miRNA sample clinical annotation by cancer status.

Statistical tests for categorical clinical variables (batch, gender, race and smoking status) were conducted
using Chi-square tests. Statistical tests for continuous variables (RIN, age, nodule size and pack-year) were
compared using two-sided Student’s t-tests. Percentages are reported for categorical variables and
mean/standard deviations are reported for the continuous variable.
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Figure 5.1. Smoking-associated miRNAs in the nasal epithelium of DECAMP I samples were
enriched within the bronchial smoking-associated miRNA signature.

a. Heatmap of smoking-associated miRNAs residual expression values adjusted for cancer status, batch and
RIN in the DECAMP I nasal miRNA expression profiles (FDR < 0.05). The miRNA expression values
were scaled by row. The top color bars indicate the sample smoking status, batch and cancer status. b.
Enrichment plot of miRNAs upregulated (top) or downregulated (bottom) in the current compared to
former smokers in the AEGIS bronchial brushing dataset among all miRNAs ranked by their t-statistics
associated with smoking status in the DECAMP I nasal dataset.
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batch, and RIN (Figure 5.1a; linear model, FDR < 0.05). miRNA up- and down-
regulated with current smoking in the AEGIS bronchial miRNA sequencing dataset were
significantly enriched with the miRNAs rank list in the DECAMP-1 dataset (Fig 5.1b;
GSEA p-value < 0.0001). Among these, we found miRNAs whose expression levels were
previously indicated to be associated with smoking, such as miR-218-5p, miR-365a-
3p/5p, and miR-1813416, These results suggested the data quality is fine and the
smoking-related field of injury could be observed in the distal nasal epithelium.

Next, we aimed to identify cancer-associated miRNA in the nasal epithelium. Differential
expression analysis identified only 25 miRNAs whose expression levels were
significantly altered between the malignant and the benign IPN subjects, suggesting a
weak cancer signal in the nasal epithelium (Figure 5.2a; linear model, p-value < 0.05).
To overcome the signal issue, we filtered for miRNAs whose expression levels were
more negatively correlated with the predicted target genes and may be actively regulated
gene expressions based on KS-test using samples with both miRNA and gene expression
data. Of the 114 miRNAs that passed the filter (KS-test, FDR < 0.05), 6 were
significantly altered in cancer compared to the benign samples (Figure 5.2b; linear
model, p-value < 0.05). Notably, the significantly negative correlated predicted target
genes of miR-152-3p and miR-96-5p, both up-regulated in the cancer samples, were
significantly enriched among the genes that were decreased in the nasal epithelium of
cancer subjects in both DECAMP-I and AEGIS cohort (Figure 5.2¢; GSEA, p-value <
0.01). These observations suggested the nasal miRNA expressions may reflect cancer-

associated alterations.
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Figure 5.2. Predlcted target genes of the cancer—assoc1ated miRNAs in the DECAMP I nasal samples
were dysregulated in previously derived nasal cancer-associated gene signatures.

a-b. Heatmap of cancer-associated miRNAs residual expression values, before (a) or after (b) the selection
of miRNAs more negatively correlated with predicted target genes than non-target genes, adjusted for
smoking status, batch and RIN in the DECAMP I nasal miRNA expression profiles (p-value < 0.05). The
miRNA expression values were scaled by row. The top color bars indicate the sample smoking status, batch
and cancer status. ¢. Bubble plot of the predicted target genes significantly negative correlated with
miRNAs that were down-regulated in cancer compared with benign samples in DECAMP I or AEIGS
bronchial genes ranked by t-statistics of association with cancer status.
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Given the relatively weak association between miRNA expression levels and cancer
status in the nasal epithelium, we have also identified cancer-associated top-scoring-pairs
(TSPs) in miRNA expression profiles. The method aims to identify a pair of features

367 Compared with

whose relative relationship can be used for binary classification
standard expression level-based classifiers, a TSP is more robust to data normalization
and can potentially generate classification features beyond the miRNA or gene
expression alone. We constructed 7414 non-constant binary and 22090 continuous TSPs
between miRNA and the predicted target genes among samples with both miRNA and
mRNA sequencing data. 189 binary TSPs and 875 continuous TSPs were significantly
associated with the IPN cancer status (Figure 5.3a; Fisher Exact test and two-group t-test
p-value < 0.05). The binary TSP scores were all higher in the cancer sample, and the
involved genes were significantly enriched amongst the genes whose expression
increased in DECAMP-I nasal gene expression profiles of the subjects with malignant
IPNs (Figure 5.3b; GSEA, p-value < 0.01). Similarly, the genes involved in the
continuous TSPs that were elevated in the cancer subjects were also enriched among the
up-regulated genes in the cancer samples, whereas genes from the continuous TSPs that
decreased in cancer samples showed opposite enrichment (Figure 5.3¢; GSEA p-value <
0.01). Notably, the miRNAs involved in these TSP were not strongly overlapped with
those cancer-associated miRNAs. These results suggested TSP may carry independent

cancer-associated signals and highlighted the potential of utilizing feature combinations

for better cancer diagnosis.
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Figure 5.3. miRNA-target gene top-scoring pairs reflected cancer-associated gene alterations.

a. Heatmap of cancer-associated miRNA-target gene binary (left) and continuous (right) TSPs in the
DECAMP I nasal miRNA expression profiles (p-value < 0.05). The miRNA expression values were scaled
by row. The top color bars indicate the sample smoking status, batch and cancer status. b-¢. Enrichment
plot of predicted target genes involved in binary (b) or continuous (¢) TSPs among all genes ranked by their
t-statistics associated with cancer status in the DECAMP I bronchial dataset.
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5.3.3 Development of an integrated ensemble learning model for the IPN diagnosis
Finally, we aimed to combine clinical and miRNA features to build an integrated
classifier for the early detection of lung cancer and compare its performance with the
classifier containing clinical variables only (Figure 5.4). The ensemble learning pipeline
allowed combining information from different feature types and models while keeping
the training process separate. Thus, the most suitable model could be trained for each
type of feature to utilize independent information and achieve overall better performance.
Based on the AUC from cross-validation, we selected the random forest model as the
final model with the Pearson correlation cutoff of 0.95. This model contained 12 weak
learners constructed separately on four feature types: 3 from clinical variables, 3 from
miRNA expressions (N=7), 2 from binary TSPs (N=34), and 4 from continuous TSPs
(N=16) (Figure 5.5a). No strong correlation was observed between or within feature
types within the discovery cohort, suggesting the redundant features were removed
during the cross-validation (Figure 5.5b). Meanwhile, the Pearson correlation of the
cancer status prediction probabilities between the weak learners constructed on clinical
variables and miRNA features were lower than 0.5, suggesting the miRNA-based
learners carried additional information for the classification.

The ensemble model was used to predict cancer status for the samples in the validation
cohort (Figure 5.5¢). The model performance was compared to a GBM classifier built
with clinical variable only, which achieved the best performance during CV among all
weak learners. The clinical variable classifier had an AUC of 0.64 (95% CI: 0.46-0.78),

with a low sensitivity of 0.43. In contrast, the ensemble classifier achieved an AUC
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Figure 5.5. The performance of ensemble classifier integrating clinical and miRNA features in differentiating malignant and benign IPNs.

a. Heatmap of levels cancer-associated miRNAs, binary and continuous TSPs selected for the final ensemble classifier in the samples of the DECAMP 1

discovery cohort. The feature values were scaled by row. The top color bars indicate the sample cancer status. b. Correlation plot showing for the
Pearson correlation coefficients between the cancer status prediction probability of all weak learners of the ensemble classifier in the DECAMP 1

discovery cohort. ¢. ROC curve and prediction performance for the ensemble classifier and the classifier based on clinical features only in the DECAMP

I validation cohort.
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higher than the clinical classifier at 0.71 and an accuracy of 0.74 (95% CI: 0.57-0.87),
although no significant difference based on DeL.ong’s test (p-value = 0.2). Notably, the
ensemble classifier was able to achieve much better specificity at 0.57 while maintaining
the sensitivity at 0.83. In summary, by utilizing nasal miRNA expression alterations and
combining weak learners built on different feature types, we were able to slightly

increase the predictive ability to facilitate the detection of malignant IPNss.

5.4 DISCUSSION

To solve the unmet clinical need to discriminate the malignant IPNs from the majority of
benign ones, we examined the matched nasal gene and miRNA expression profiles of
high-risk smokers with IPNs from the DECAMP I cohort. Our study extends from the
previous project in two important aspects. First, the AEGIS trial used in the previous

nasal genomic classifier study!¢?

enrolled high-risk smokers who were undergoing
bronchoscopy for suspicion of lung cancer, more than of whom had nodules greater than
30mm. In contrast, the DECAMP I cohort included patients from broader risk
backgrounds and with nodule sizes between 7-30mm. Given the lower risk of lung cancer
in the population that DECAMP represents, reducing the potential complications through
the less invasive nasal swab sampling procedure became particularly critical. Secondly,
previous work for the diagnosis of lung cancer was conducted utilizing miRNA
expression data in the bronchial epithelium. We demonstrated, that with the integrated

model, the miRNA alteration in the distal field could be utilized for early cancer

detection, which further supports the field of cancerization hypothesis and serves as a
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proof-of-concept for building a minimally invasive integrated biomarker.

While we initially observed relatively weak cancer-associated signal in the nasal miRNA
expression profiles, two strategies were leveraged to improve the signature derivation:
filtering miRNAs that are more negatively correlated with the predicted target genes
comparing the non-target ones and constructing top-scoring-pairs using miRNAs and the
predicted target genes. These strategies identified stronger cancer-associated signals that
were likely biological meaningful. Notably, the target genes of the cancer-associated
miRNAs and the genes involved in the TSPs that were up-regulated in samples with
malignant IPNs were enriched among the genes whose expression were reduced in
bronchial epithelium of cancer patients in both DECAMP I and AEGIS trial, an alteration
that was associated with the immune system signaling'?. Thus, cancer-associated
miRNA signature and TSPs may suggest that immune alterations can be observed in the
nasal epithelium as well. The underlying mechanism and function of such change could
be an interesting question for future investigation.

Furthermore, we were able to build an integrated predictive model with both miRNA-
related and clinical features for discriminating malignant and benign IPNs by integrating
the nasal epithelial miRNA-related and clinical features. The high sensitivity of this
classifier in the validation dataset highlights its potential clinical utility as a rule-out test.
Particularly within the screening setting where the majority of IPNs are benign, our
classifier could be used to select those patients who are at higher risk for lung cancer and
should be follow-up with bronchoscopy. A similar model training framework was

previously utilized to build a clinical-genomic classifier for lung cancer risk
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stratification’¢®

. Here, we proposed a novel ensemble model training framework in which
various weak learners can be constructed with features from different data modalities
(differentially expressed miRNAs, TSPs, and clinical features) separately the orthogonal
information from different features could be better utilized. The modular nature of this
framework could be potentially useful when incorporating additional data and features in
our future work.

Two issues emerged during the classifier development process. First, the cancer signal
captured by nasal miRNA expression was weak. We alleviated this issue by leveraging
gene expression data and constructing TSP to boost the signal. Second, there were almost
twice as many malignant IPNs as the benign samples in the DECAMP-I dataset, causing
the severe class imbalance issue. As a result, the classifier tended to have high sensitivity
but very low specificity. By implementing the up-sampling procedure in the ensemble
learning pipeline, we were able to achieve reasonable specificity in the validation while
maintaining high sensitivity. Notably, the miRNAs are usually the weakest predictive
features, compared to either gene expressions or imaging features. We believe the
performance could be further improved by adding in results from gene expression and
imaging analysis.

In summary, our work demonstrated the clinical utility of nasal miRNA for the early
diagnosis of malignant IPNs and risk stratification for lung cancer. By integrating
miRNA and clinical features with a novel ensemble learning classifier, the ensemble

classifier achieved better performance than the clinical features-only biomarker. While

this study is limited by the relatively small sample size and the nasal gene-based classifier
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and imaging feature classifier are still work-in-progress, we believe the framework

proposed could be potentially helpful for future projects.
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CHAPTER 6 GENERAL CONCLUSIONS AND FUTURE DIRECTIONS
Collectively, the work in this dissertation thesis investigated the transcriptional regulation
in the respiratory tract epithelium to facilitate the understanding, interception, and
diagnosis of early lung cancers.

PMLs are the presumed precursors of LUSC. Previous publications from our group
suggested the lack of anti-tumor immune cell infiltration is associated with the
progression of PMLs. In Chapters 2 and 3, we examined the miRNA regulatory
landscape associated with various PML phenotypes to better understand the early
molecular events that drive PML progression. Notably, we identified an airway basal-
specific miRNA, miR-149-5p, that may suppress the cytotoxic T cell activity by
repressing expression of the MHC Class I regulator NLRCS5. This finding reveals an
interesting cell-cell communication between the epithelial basal cells and immune cells,
whose alteration may drive the progression of PML. Also, we developed a novel
computational framework and R package DReAmiR to identify miRNA-mediated
regulatory network rewiring events and to better understand the molecular differences
between PML molecular subtypes. Current work leveraging human tissue samples and
multiplexed imaging analysis is being conducted to validate the computational findings
and explore the spatial pattern of the miRNA and gene expressions.

In Chapter 4, we investigated the transcriptional crosstalk between the Hippo and TP63
pathways, two important oncogenic pathways, in the context of bronchial PML.
Integrating ChIP-seq and RNA-seq data, we identified highly overlapped chromatin-

binding profiles and concordant direct regulated gene signatures between the Hippo
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pathway effector and TF, YAP and TEAD, and the TP63. Together, YAP-TEAD-TP63
direct regulated genes contribute to early lung carcinogenesis by promoting bronchial
airway basal cell proliferation and suppressing cell differentiation and immune
surveillance. Notably, YAP-TEAD-TP63 together represses the expression of HLA-DRA
and CD74, genes encoding the components of the MHC II complex, which are highly
expressed in the epithelial secretory cell population under normal conditions.
Furthermore, small compound screening showed that the overlapped signatures can be
reversed by blocking the DNA binding ability of TEADs through an auto-palmitoylation
inhibitor. These findings offer potential insight into the transcriptional regulatory
mechanism of early lung carcinogenesis and suggest disruption of the DNA binding
ability of TEADs as an early lung cancer progression interception strategy.

Finally, there is a currently unmet need to discriminant the malignant IPNs found during
chest CT screening for better clinical management. In Chapter 5, we studied the miRNA
expression profiles in the nasal epithelium collected from patients with IPNs. We derived
cancer-associated nasal miRNA signatures and miRNA-target gene TSPs and built an
ensemble classifier to predict the cancer status of the IPN patients. The ensemble
classifier achieved better performance than the classifier built with clinical features alone.
This work provided a useful framework for future research to include predictive features
from other data modalities and to build an integrative biomarker for the early detection of
lung cancer.

Theodosius Dobzhansky stated in his 1973 essay that “nothing in biology makes sense

except in the light of evolution™%, Similarly for early lung cancer development, not only
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do we see an evolution of predator-prey interaction between immune and tumor-initiating
basal cells, but also a potential competition between basal and other airway epithelial
cells. More generally, as an extension of the field cancerization theory, the results from
this thesis highlighted the critical role of normal epithelial cells within the early lung
cancer microenvironment that can affect the outcomes of PMLs. Immune evasion in the
tumor microenvironment has been proved to be an important mechanism through which
tumor cells grow and acquire therapeutic resistance’’%37!, Traditionally, the mechanism
can be summarized as the mutual competition between the malignant tumor cells and
immune cells: immune cells recognize and eliminate tumor cells while tumor cells utilize
immune checkpoints to inhibit immune cell activities (Figure 6a). However, the work
from this thesis showed a dysregulated multi-cellular program consisting of not only the
tumor-initiating cells (airway basal cell in lung squamous carcinoma) and immune cells,
but also the non-malignant epithelial cells, particularly the secretory cells (Figure 6b). In
conjunction with the lack of antigen presentation on the surface of the premalignant basal
cells (Chapter 2), the absence of the MHC II expressing secretory cell population
(Chapter 4) is contributing to the immune evasions of bronchial PMLs as well.
Furthermore, this model indicates that the intact immune surveillance in bronchial
premalignancy might be compromised as the epithelium acquires a more stem-cell-like
state. Thus, rather than a simple shift of cellular composition (i.e. lack of immune
infiltration) during early lung carcinogenesis, the balance of different epithelial cell
subsets may be the root cause that drives early lung carcinogenesis and could be a novel

therapeutic research angle.
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Given that some of the aforementioned observations can be explained by the relative
abundance of multiple cell states, rather than the simple presence or absence of a
particular cell type, it is crucial to develop a computational algorithm to facilitate the
discovery and quantification of the multi-cellular programs. Single-cell data offered the
ability to probe dysregulated gene programs and cell states in diseases at high resolution
and recent advances in the ligand-receptor analysis provided methods to characterize cell-
cell interaction®3*372373 Yet, these methods rely strongly on known ligand-receptor gene
expression without modeling the underlying genetic program of each cell group. The
results were often affected by biological and technical variabilities and were limited
between a pair of cell types. Meanwhile, tools like EcotypeR*7* and DIALOGUE?"
started to give insight into the interaction between cell types but lack mechanistic
explanations. Therefore, we propose to develop a method that directly models multi-
cellular gene programs (such as the malignant-normal-immune cell interaction) and
examines their alterations in cancer settings. While extensive research is still needed, an
initial conceptual design is described here. The key component of the tool is to construct
meta-cell clusters of different cell states that are linked by cellular differentiation
trajectories and/or cell-cell communication factors (ligand-receptor pair, cytokines, etc).
Affinity matrix with adaptive Gaussian kernel can be used to then scale and harmonize
the cell-cell distance measured by expression similarities or cell-cell communication
strength. Graph-based clustering algorithm or archetypal analysis can then be performed
to identify meta-cell clusters. Then, a Bayesian hierarchical model can be used to identify

the latent gene programs within each cluster incorporating sample-level information, such
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as disease status and sequencing batch®’®377. Alternatively, canonical correlation analysis
or similar methods could be used to identify co-varying gene programs across cell types.
Combining this approach with cell-type deconvolution tools that provide cell-type-
specific expression profiles, we can further project a multi-cellular program and calculate
a gene-set score to capture both cell-state variance and gene expression changes from the
bulk sequencing samples. Furthermore, recent studies showed some cell programs,
including the levels of epithelial MHC I/II and the immune cell activations, can form
spatially distinct structures that are associated with cancer phenotypes®’837°. Under the
Bayesian framework, the physical locations of cells and the spatial distance between cell
clusters can be incorporated intuitively as priors to better characterize the multi-cellular
programs.

Another question that remains is to elucidate the altered transcriptional regulatory
networks that accompany the transition from premalignant lesions to carcinoma in situ.
While the effective immune responses have been proved essential in lung cancer
treatment?¥%-38! " several discrepancies exist comparing our findings in bronchial PMLs to
those observed from invasive lung cancers. First, we observed higher expression levels of
immune checkpoint genes, including PD-1/PD-L1, CD80/CTLA4, and LAG3, among the
regressive proliferative lesions, among which immune infiltration is high. Second, while
NLRCS5 expression was associated with better bronchial PML outcome, it was associated
with a lower 5-year survival rate in TCGA lung cancer samples?**. Furthermore, the
correlation between immune-related gene module (Module 9) levels and PML

progression status was almost reversed in the CIS samples®’#. These discrepancies
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indicate that a mechanistic switch may take place during the transition from PML to CIS
and alter the association between gene expression and phenotype. One explanation is that
the immune response against bronchial PMLs is dominated by MHC I/II-mediated
immune recognition and activation, rather than the immune checkpoint-mediated
cytotoxic activity repression. Thus, a high checkpoint level may simply suggest the
presence of immune cells, rather than their function or exhaustion states. Ongoing
multiplexed imaging-based immune characterization could potentially help to disentangle
this dilemma. Meanwhile, several other potential mechanisms exist and require further

382383 and metabolic reprogramming3%4,

investigation, including changes in cell stiffness
The key obstacle to fully understanding the full spectrum of PML progression is the lack
of an adequate animal model. Our collaborators showed the disruption of the Hippo
pathway in mice bronchial airway basal cells may lead to cancer, but similar genetic
modification in secretory cells would only result in high-grade dysplasia (data not
published). Combining the genetically engineered mice model with NTCU treatment’®,
and in vivo CRISPR-Cas9 screen could be performed to evaluate how each gene
contributes to histological progression, particularly their dependence on the Hippo
pathway.

Finally, it is critical to explore how the normal epithelial cell population affects early
cancer progression with the lens of epithelial development. Work from this thesis
suggests the ability of bronchial PMLs to progress to high-grade dysplasia is tightly

associated with the loss of epithelial lineage fate specification, supporting the observation

that cancer cells acquire high epigenetic and phenotypic plasticity?4?-33738, Yet, it is
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unclear whether the tumors arise solely from a basal cell population that has
differentiation capability during early cancer development, or it could be also from a
differentiated cell population that undergoes a de-differentiation process (Figure 6c¢).
Also, given the importance of enhancer rewiring in cell fate specification, functional
genomics characterization, including accessible genomic region or histone modification
characterizations, in the model system, combined with computational methods such as
DReAmiR, could reveal further details. Another question that remains is what is the
clonal origin of the pro-immune secretory cells in relation to the malignant cells. Recent
studies suggested somatic mutations and even cancer driver mutations can be widely
observed within normal tissues®®’, which form distinct normal clones around the
premalignant epithelial cells**®3°, In the esophagus, these normal cells acquire
mutations, including NOTCH mutations, to increase their fitness against premalignant
cells, provide anti-tumor effects, and might even indicate better patient outcomes>*°.
Similarly, work from our lab has also revealed high prevalence of NOTCH mutations
among high-grade dysplasia samples which were not significantly associated with the
progression status (data not published). Given these observations, there might exist a
normal airway epithelial clone that harbors cancer-driving mutations and proliferates to
compete with and eliminate the malignant clones in bronchial airways. To answer this
question, the ability to combine cell lineage barcoding and spatial single-cell sequencing
techniques to trace clonal evolution is needed. Furthermore, if the normal and
premalignant epithelial cells indeed evolve from separate clones, it is unclear whether the

neoantigens presented by MHCs are from the malignant clones and can trigger an
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effective cytotoxic response. Thus, it would be interesting to characterize the immune
repertoire via TCR-seq and probe the antigen bound by MHC I/II complex via

immunopeptidomics**! within the cell lineage resolved models.
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APPENDIX A SUPPLEMENTARY FIGURES
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Figure A.1. GSVA scores of miRNAs associated with a gene module were negatively correlated with
the gene module metagene scores.

Bubble plots of the correlation between GSVA scores of miRNA associated with a gene module, from the
miRNA-gene module network, and the gene module metagene scores. * FDR <= 0.05; ** FDR <= 0.01;
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Figure A.2. Genes of the immune-related gene module were enriched among the genes negatively
correlated with miR-149-5p.

a. Enrichment plot of genes of the immune-related gene module (N=224) among all genes ranked by their
expression level correlation with miR-149-5p across four datasets: (from top to bottom) lesion biopsy
samples, bronchial brushing samples, TCGA-LUSC primary tumor samples, AEGIS bronchial brushing
samples. b. Overlap of leading-edge genes from a between four datasets.
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Figure A.3. The expression level of miR-149-5p was significantly negatively correlated with that of
NLRCS across datasets.
Scatter plots show the expression level correlation between miR-149-5p and NLRCS across three validation
datasets. Linear fitness was shown as a dashed line and 95% CIs were shown as shade. There was a

significantly negative correlation, calculated using Pearson correlation, between miR-149-5p and NRLCS5
in TCGA-LUSC and AEGIS bronchial brushing datasets.
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Figure A.6. DReAmiR performance in simulated data.
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Figure A.7. DReAmiR performance in simulated data with different sample sizes across groups.
DReAmiR performance in simulated data with different sample sizes across groups (Nsgmpie =50, 60 and

70).




-
Iy

1

O

0
<
o

®

=== Co——
=
S —=
—="m e —— —

— — Cell Type
H=_ . — Byp

giigé = B
. o — ———

——" m ——-——
:_=:i; — —
—==m ——— S

E3o

(g}

o

32 - 1 2 3
Expression I .

Figure A.8. The expression level of miR-155 prioritized target genes across four mice immune cell-
types of the control group.

The color bar on the top showed the cell-types from the mice of the control group, and the color bar on the
left of the heatmap showed which cell-type the prioritized target gene belonged to. The expression values
were scaled per gene.



a
s
o TAp63
O ARK
S
< 10+
[72]
o}
= 5
S 5
S g
[ o
g 0- '
(7]
o
o I
x ~51
i 3 ' 5 S
§° S o° &
© 0 O N
v & S g &
Q Q O Q Q
& & & & &
Q <O <O Q QO
< < 2 < <
TP63 Isoform
[ Normal [ Primary Tumor
b ~~~
=
o TAp63 dNp63
Q
S 10- P o P o
8 it —_— . —_
3
3 e :
> o ®
5
= J ° °®
g 0 o o ” 0% oo . ® ° . °
: skt et b i
Q— ° L4 o
LIJ T T T T T T T T T T T
45 ¥ © & & © & 2 & ¥ WP
&> > SV ) oy SV SV AN O W &
U % %) > o e ) o ™ > W
S S S S S $ S S S S S
S S & & & & & & & & &
<Q N ~ ~ ~ ~ o~ ~ N N S
& K K & & & & & & K &
2 < < < < 2 2 2 < < <
TP63 Isoform
M Normal Hyperplasia  Metaplasia
Mild Dysp [/Mod Dysp [l Sev Dysp/CIS

165

Figure A.9. TP63 isoform expression levels in TCGA-LUSC and in bronchial PML biopsy data.

a. Boxplots show all TP63 isoforms expression levels between normal and primary tumor samples in
TCGA LUSC. Only those with significant increase in primary tumors are marked. *p < 0.05, **p < 0.01,
***p <(0.001. b. Boxplots show all TP63 isoforms expression levels across bronchial PML histological
grades in Beane et al. *p < 0.05, **p < 0.01, ***p < 0.001. ¢. Boxplots show the TEAD1/2 expression
levels across bronchial PML histological grades in Beane et al. *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure A.10. ChIP-seq analysis of YAP/TEAD/TP63 chromatin binding profiles.

a. Distribution of YAP/TEAD/TP63 peaks by distance between peak locations and nearest TSS. b. Top
transcription factor binding motifs enriched in the YAP (left) and YAP/TP63 (right) co-binding sites in
HBECs. Only unique motifs are shown. P-values were calculated by HOMER.
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Figure A.11. Transcriptomic analysis of TEAD-TP63 direct regulated target genes.
Enrichment plots for TEAD-TP63 repressed (top) and induced (bottom) target genes among genes ranked
by t-statistic for their association with siLATS treatment in HBECs (GSEA; p-value <0.005).
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Figure A.12. Transcriptomic analysis of TEAD-TP63 direct regulated target genes in human
bronchial PML data and lung scRNA-seq data.

a. Correlation plot shows the correlation between the expression levels of transcription factors and
metagene scores of TEAD-TP63 direct induced and repressed target genes (calculated with GSVA) in
Beane et al. Validation cohort (top) and Merrick et al. (bottom). The color and the size of the circles
indicate the Pearson correlation coefficients. ***Pearson correlation, p-value < 0.005. b. The metagene
scores of TEAD-TP63 direct repressed and induced target gene sets across human bronchial PML data by
histological grades in Beane ef al. Validation cohort (left) and Merrick et al. (right). c. Enrichment plot for
TEAD-TP63 direct repressed (top) and induced (bottom) target genes among genes ranked by t-statistics
comparing the regressive PML samples to the progressive/persistent ones of the Proliferative subtypes in
the Beane et al. Discovery/Validation cohort or comparing regressive to progressive/persistent bronchial
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PML samples in Merrick et al. d. (Top) UMAP plots show the cell-type marker genes and AUCell scores
for TEAD-TP63 direct induced/repressed target gene sets in the healthy human airway scRNA-seq data
from Deprez et al. (Bottom) tSNE plots show the cell-type marker genes and AUCell scores for TEAD-
TP63 direct induced/repressed target gene sets in and human lung scRNA-seq data from Travaglini et al.
Only the epithelial cells are shown.
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Figure A.13. Analysis CIITA in human bronchial PML data and lung scRNA-seq data.

a. (Left) Expression level of CIITA in progressive/persistent and regressive PML samples of the
Proliferative subtype in Beane ef a/. Validation cohort. (Right) Expression level of CIITA in
progressive/persistent and regressive PML samples in Merrick et al. b. Scatter plots show the Pearson
correlation between the expression level of CIITA and Thl scores (calculated using GSVA based on genes
from Bindea ef al.) in Beane et al. Validation cohort (left) and Merrick et al. (right). ¢. Immune cell-type
ranked by their Pearson correlation coefficients with CIITA expression levels in Beane ef al. Validation
cohort (Left) and in Merrick et al. (Right). The dashed line indicates the Pearson correlation coefficient that
reaches p-value = 0.05. d. (Left) Thl cell scores in progressive/persistent and regressive PML samples of
the Proliferative subtype in Beane ef al. Validation cohort. (Right) Thl cell scores in progressive/persistent
and regressive PML samples in Merrick ef al.. e. (Left) UMAP plots show the MHC Class II gene
metagene scores calculated with AUCell in the healthy human airway scRNA-seq data from Deprez et al.
(Right) tSNE plots show the MHC Class II gene metagene scores calculated with AUCell in and human
lung scRNA-seq data from Travaglini et al. Only the epithelial cells are shown.
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APPENDIX B SUPPLEMENTARY TABLES

Gene
Module
Number

miRNA

Module 1

hsa-let-7f-5p, hsa-miR-103a-3p, hsa-miR-1299, hsa-miR-1301-3p, hsa-miR-1307-3p, hsa-
miR-130b-3p, hsa-miR-130b-5p, hsa-miR-144-3p, hsa-miR-15a-5p, hsa-miR-15b-3p, hsa-
miR-17-5p, hsa-miR-182-5p, hsa-miR-183-5p, hsa-miR-184, hsa-miR-18a-5p, hsa-miR-
191-5p, hsa-miR-19a-3p, hsa-miR-200a-3p, hsa-miR-200b-3p, hsa-miR-200c-3p, hsa-miR-
203a-3p, hsa-miR-20a-5p, hsa-miR-21-5p, hsa-miR-210-3p, hsa-miR-223-3p, hsa-miR-
223-5p, hsa-miR-224-5p, hsa-miR-25-3p, hsa-miR-25-5p, hsa-miR-3065-5p, hsa-miR-30d-
5p, hsa-miR-30e-5p, hsa-miR-31-5p, hsa-miR-32-5p, hsa-miR-320b, hsa-miR-320c, hsa-
miR-330-3p, hsa-miR-330-5p, hsa-miR-342-5p, hsa-miR-378a-3p, hsa-miR-378a-5p, hsa-
miR-378c, hsa-miR-378e, hsa-miR-378f, hsa-miR-3781i, hsa-miR-421, hsa-miR-422a, hsa-
miR-423-5p, hsa-miR-425-5p, hsa-miR-429, hsa-miR-449a, hsa-miR-449b-5p, hsa-miR-
449c-5p, hsa-miR-454-3p, hsa-miR-4659a-3p, hsa-miR-4685-3p, hsa-miR-5001-3p, hsa-
miR-501-3p, hsa-miR-548am-3p, hsa-miR-548ap-5p, hsa-miR-548av-5p, hsa-miR-548j-
5p, hsa-miR-548k, hsa-miR-5480-3p, hsa-miR-561-5p, hsa-miR-574-5p, hsa-miR-625-5p,
hsa-miR-629-5p, hsa-miR-641, hsa-miR-671-5p, hsa-miR-6842-3p, hsa-miR-7-5p, hsa-
miR-744-5p, hsa-miR-760, hsa-miR-769-3p, hsa-miR-877-5p, hsa-miR-92a-3p, hsa-miR-
93-5p, hsa-miR-941, hsa-miR-942-5p, hsa-miR-96-5p, hsa-miR-98-5p

Module 2

hsa-miR-1303

Module 3

hsa-let-7b-5p, hsa-miR-1-3p, hsa-miR-133a-3p, hsa-miR-133b

Module 4

hsa-let-7c-5p, hsa-let-7i-5p, hsa-miR-1-3p, hsa-miR-100-5p, hsa-miR-101-3p, hsa-miR-
130a-3p, hsa-miR-140-3p, hsa-miR-145-5p, hsa-miR-181c-5p, hsa-miR-186-5p, hsa-miR-
195-5p, hsa-miR-218-5p, hsa-miR-26b-5p, hsa-miR-326, hsa-miR-363-3p, hsa-miR-497-
5p, hsa-miR-505-3p, hsa-miR-9-5p

Module 5

hsa-let-7c-5p, hsa-let-7d-5p, hsa-miR-1-3p, hsa-miR-100-5p, hsa-miR-101-3p, hsa-miR-
106a-5p, hsa-miR-106b-5p, hsa-miR-107, hsa-miR-1294, hsa-miR-1295a, hsa-miR-1306-
5p, hsa-miR-140-3p, hsa-miR-142-5p, hsa-miR-144-3p, hsa-miR-148a-5p, hsa-miR-151a-
5p, hsa-miR-151b, hsa-miR-153-3p, hsa-miR-15a-5p, hsa-miR-15b-5p, hsa-miR-1827,
hsa-miR-185-5p, hsa-miR-186-5p, hsa-miR-187-3p, hsa-miR-18b-5p, hsa-miR-190a-5p,
hsa-miR-192-5p, hsa-miR-193a-5p, hsa-miR-194-5p, hsa-miR-196b-5p, hsa-miR-20b-5p,
hsa-miR-215-5p, hsa-miR-25-3p, hsa-miR-29b-2-5p, hsa-miR-29c¢c-3p, hsa-miR-30c-2-3p,
hsa-miR-3143, hsa-miR-3158-3p, hsa-miR-3200-3p, hsa-miR-324-3p, hsa-miR-328-3p,
hsa-miR-339-3p, hsa-miR-340-3p, hsa-miR-34b-3p, hsa-miR-34b-5p, hsa-miR-34c¢-5p,
hsa-miR-363-3p, hsa-miR-3688-3p, hsa-miR-3909, hsa-miR-3913-5p, hsa-miR-4326, hsa-
miR-4510, hsa-miR-4662a-5p, hsa-miR-484, hsa-miR-486-5p, hsa-miR-499a-5p, hsa-miR-
500a-3p, hsa-miR-501-3p, hsa-miR-502-3p, hsa-miR-503-5p, hsa-miR-505-3p, hsa-miR-
505-5p, hsa-miR-548ad-5p, hsa-miR-548ae-5p, hsa-miR-548ay-5p, hsa-miR-548b-5p, hsa-
miR-548i, hsa-miR-576-5p, hsa-miR-584-5p, hsa-miR-589-5p, hsa-miR-6130, hsa-miR-
625-5p, hsa-miR-628-5p, hsa-miR-642a-5p, hsa-miR-6513-3p, hsa-miR-660-5p, hsa-miR-
664a-5p, hsa-miR-92b-3p, hsa-miR-942-5p

Module 6

hsa-miR-106b-5p, hsa-miR-107, hsa-miR-1271-5p, hsa-miR-1278, hsa-miR-1295a, hsa-
miR-150-5p, hsa-miR-15b-5p, hsa-miR-190a-5p, hsa-miR-194-5p, hsa-miR-19b-3p, hsa-
miR-328-3p, hsa-miR-329-3p, hsa-miR-335-5p, hsa-miR-34b-5p, hsa-miR-363-3p, hsa-
miR-374a-5p, hsa-miR-374b-5p, hsa-miR-449c¢c-5p, hsa-miR-497-5p, hsa-miR-502-3p, hsa-
miR-503-5p, hsa-miR-539-3p, hsa-miR-653-5p, hsa-miR-766-3p, hsa-miR-9-5p

Module 7

hsa-let-7i-5p, hsa-miR-106b-5p, hsa-miR-142-5p, hsa-miR-146a-5p, hsa-miR-26b-5p, hsa-
miR-324-3p, hsa-miR-324-5p, hsa-miR-3613-3p, hsa-miR-421, hsa-miR-454-3p, hsa-miR-
503-5p, hsa-miR-652-3p
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hsa-let-7c-3p, hsa-let-7e-5p, hsa-let-7f-2-3p, hsa-miR-10a-5p, hsa-miR-10b-5p, hsa-miR-
125a-3p, hsa-miR-125a-5p, hsa-miR-125b-2-3p, hsa-miR-125b-5p, hsa-miR-1260a, hsa-
miR-1260b, hsa-miR-1271-5p, hsa-miR-1275, hsa-miR-1277-5p, hsa-miR-1287-5p, hsa-
miR-1296-5p, hsa-miR-132-5p, hsa-miR-135b-3p, hsa-miR-135b-5p, hsa-miR-136-5p,
hsa-miR-138-5p, hsa-miR-141-3p, hsa-miR-141-5p, hsa-miR-143-3p, hsa-miR-149-5p,
hsa-miR-152-3p, hsa-miR-154-5p, hsa-miR-181a-5p, hsa-miR-181b-5p, hsa-miR-181c-5p,
hsa-miR-181d-5p, hsa-miR-188-5p, hsa-miR-193b-3p, hsa-miR-193b-5p, hsa-miR-195-5p,
hsa-miR-199b-5p, hsa-miR-200a-3p, hsa-miR-200b-3p, hsa-miR-203a-3p, hsa-miR-204-
5p, hsa-miR-205-5p, hsa-miR-212-5p, hsa-miR-214-3p, hsa-miR-214-5p, hsa-miR-218-5p,
hsa-miR-221-3p, hsa-miR-221-5p, hsa-miR-222-3p, hsa-miR-224-3p, hsa-miR-23a-3p,
hsa-miR-23b-3p, hsa-miR-23c, hsa-miR-24-3p, hsa-miR-26a-2-3p, hsa-miR-26a-5p, hsa-
miR-27a-3p, hsa-miR-27b-3p, hsa-miR-27b-5p, hsa-miR-28-5p, hsa-miR-296-3p, hsa-
Module 8 | miR-299-3p, hsa-miR-299-5p, hsa-miR-29a-3p, hsa-miR-29b-3p, hsa-miR-29¢c-3p, hsa-
miR-30a-3p, hsa-miR-30a-5p, hsa-miR-30b-3p, hsa-miR-30b-5p, hsa-miR-30c-1-3p, hsa-
miR-30c-2-3p, hsa-miR-30c-5p, hsa-miR-31-5p, hsa-miR-32-3p, hsa-miR-320d, hsa-miR-
331-3p, hsa-miR-335-5p, hsa-miR-33a-5p, hsa-miR-340-5p, hsa-miR-342-3p, hsa-miR-
345-5p, hsa-miR-34a-5p, hsa-miR-361-3p, hsa-miR-361-5p, hsa-miR-365a-3p, hsa-miR-
365b-3p, hsa-miR-369-3p, hsa-miR-376¢-3p, hsa-miR-377-3p, hsa-miR-378a-3p, hsa-miR-
378a-5p, hsa-miR-378e, hsa-miR-378f, hsa-miR-378g, hsa-miR-382-3p, hsa-miR-3910,
hsa-miR-422a, hsa-miR-429, hsa-miR-452-5p, hsa-miR-455-3p, hsa-miR-455-5p, hsa-
miR-4662a-5p, hsa-miR-497-5p, hsa-miR-499a-5p, hsa-miR-504-5p, hsa-miR-511-3p, hsa-
miR-511-5p, hsa-miR-582-5p, hsa-miR-628-5p, hsa-miR-655-3p, hsa-miR-656-3p, hsa-
miR-664b-3p, hsa-miR-671-5p, hsa-miR-708-3p, hsa-miR-708-5p, hsa-miR-769-5p, hsa-
miR-7977, hsa-miR-874-3p, hsa-miR-887-3p, hsa-miR-92a-1-5p, hsa-miR-944, hsa-miR-
99a-3p, hsa-miR-99a-5p, hsa-miR-99b-3p, hsa-miR-99b-5p

Module 9 | hsa-let-7e-5p, hsa-miR-125a-5p, hsa-miR-138-5p, hsa-miR-149-5p

Table B.1. Connections in the miRNA-Gene Module Network.
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Fisher- Fisher-
- Lestp- | ¢ ost FDR Od(.ls exact test | exact test
statistics value Ratio

p-value FDR
hsa-let-7e-5p -3.142 0.006 0.033 6.052 0.001 0.025
hsa-miR-125a-5p -3.604 0.003 0.022 4.902 0.004 0.081
hsa-miR-138-5p -2.756 0.020 0.084 7.724 0.006 0.092
hsa-miR-149-5p -4.937 0.001 0.007 14.645 0.000 0.002

Table B.2. Test statistics for miRNA connected to the immune-related modules in biopsy samples.
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t-statistics | p-value

hsa-let-7e-5p -0.757 0.455

hsa-miR-125a-5p 0.153 0.880

hsa-miR-138-5p -1.171 0.251

hsa-miR-149-5p -2.177 0.037

Table B.3. Differential Expression for miRNA connected to the immune-related module.
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Discovery

Discovery

Validation

Validation

coh(.)rt. t- cohort p- coh(.)rt_ t- cohort p- (t;-ssltzllt};?cssg Gili};l‘:isg

statistics value statistics value
ADAR 0.755 0.456 1.449 0.163 0.024 0.981
BTN3A2 1.743 0.092 1.894 0.073 1.536 0.131
BTN3A3 2.308 0.028 1.210 0.240 2.039 0.047
HLA-E 2.048 0.049 1.635 0.118 0.325 0.746
NLRC5 2.236 0.033 1.239 0.230 1.397 0.169
SOCS1 2.297 0.029 1.388 0.180 0.789 0.434
ZNFX1 0.911 0.369 0.626 0.538 -0.225 0.823
USF1 0.714 0.481 0.204 0.840 0.301 0.765

Table B.4. Differential Expression for miR-149-5p predicted target genes in Beane ef al. Validation

cohort and in Merrick et al.
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Discovery Discovery Validation | Validation

cohort t- cohort p- cohort t- cohort p- | GSE114489 | GSE114489

statistics value statistics value t-statistics p-value
HLA-A 2.636 0.013 2.007 0.058 1.400 0.168
HLA-B 2.896 0.007 1.841 0.080 1.512 0.137
HLA-C 1.849 0.074 1.290 0.212 0.785 0.436
B2M 2.944 0.006 2.081 0.050 1.842 0.071
PSMBS8 2.488 0.019 1.412 0.173 0.245 0.808
PSMB9 2.405 0.023 1.568 0.133 1.783 0.081
TAPI 2.645 0.013 1.296 0.210 0.601 0.551

Table B.S. Differential expression for NLRCS targets in Beane et al. Validation cohort and in

Merrick et al.
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NSample=30
N VS. ANOVA | VS. ANOVA | VS. ANOVA | VS. Pair- VS. Pair- VS. Pair-
NTarg pe\;iz F1 TPR FPR wise F1 wise TPR | wise FPR
ets ot T P- T P- T P- T P- T P- T P-
value value value value value value
40 | 60% | 0.17 | 0.87 | 0.00 | 1.00 | -1.55| 0.13 | -0.12 | 0.91 | -0.16 | 0.88 | 1.18 | 0.25
60 | 60% | 0.12 | 0.90 | 0.00 | 1.00 | -2.08 | 0.05 | 0.14 | 0.89 | 0.00 | 1.00 |[-1.99 | 0.06
80 | 60% | 0.28 | 0.78 | 0.00 | 1.00 | -2.69 | 0.01 | 1.32 | 0.19 | 1.04 | 0.30 |-3.66 | 0.00
100 | 60% | 0.38 | 0.71 | 0.53 | 0.60 | -1.30 | 0.20 | 1.50 | 0.14 | 1.40 | 0.17 | 0.20 | 0.84
40 | 70% | 0.88 | 0.38 | 0.78 | 0.44 | -1.24 ] 022 | 0.77 | 045 | 0.59 | 0.56 |-1.69 | 0.10
60 | 70% | 0.00 | 1.00 | 0.27 | 0.79 | -1.83 ] 0.08 | 1.29 | 0.20 | 1.08 | 0.28 |-0.74 | 0.47
80 | 70% | 0.36 | 0.72 | 0.42 | 0.68 | -0.79 | 0.44 | 0.22 | 0.83 | 0.29 | 0.77 | 0.65 | 0.52
100 | 70% | 0.31 | 0.76 | 0.19 | 0.85 | -0.35] 0.73 | 040 | 0.69 | 0.41 | 0.69 |-0.21 | 0.84
40 | 80% | 1.51 | 0.14 | 1.29 | 0.21 | -1.93 | 0.06 | 2.31 | 0.03 | 2.08 | 0.04 |-0.56 | 0.58
60 | 80% | 1.81 | 0.08 | 1.48 | 0.15 | -2.97 | 0.01 | 2.06 | 0.05 | 2.09 | 0.04 |-0.87 | 0.39
80 | 80% | 2.30 | 0.03 | 1.88 | 0.07 | -1.75] 0.09 | 3.05 | 0.00 | 3.08 | 0.00 | 0.49 | 0.63
100 | 80% | 2.32 | 0.03 | 2.36 | 0.02 | -0.88 | 0.38 | 1.87 | 0.07 | 2.12 | 0.04 | 1.23 | 0.23
40 | 90% | 2.10 | 0.04 | 1.94 | 0.06 | -0.56 | 0.58 | 3.05 | 0.00 | 3.01 | 0.00 |-0.77 | 0.45
60 | 90% | 2.88 | 0.01 | 2.27 | 0.03 | -1.82 | 0.08 | 4.33 | 0.00 | 4.12 | 0.00 |-1.00 | 0.32
80 | 90% | 3.04 | 0.00 | 2.92 | 0.01 | -1.84 | 0.07 | 3.73 | 0.00 | 4.03 | 0.00 | 0.23 | 0.82
100 | 90% | 2.04 | 0.05 | 1.58 | 0.12 | -4.74 | 0.00 | 5.14 | 0.00 | 5.35 | 0.00 |-2.45 | 0.02
NSample=50
N VS. ANOVA | VS. ANOVA | VS. ANOVA | VS. Pair- VS. Pair- VS. Pair-
NTarg pe\;iz F1 TPR FPR wise F1 wise TPR | wise FPR
ets ot T P- T P- T P- T P- T P- T P-
value value value value value value
40 | 60% | 0.74 | 047 | 0.69 | 0.49 | -1.80 | 0.08 | 0.17 | 0.86 | 0.17 | 0.87 |-0.47 | 0.64
60 | 60% | 0.82 | 042 | 0.75 | 046 | -3.21 ] 0.00 | -0.24 | 0.81 | -0.13 | 0.90 |-0.59 | 0.56
80 | 60% | 1.81 | 0.08 | 1.88 | 0.07 | -0.85| 0.40 | 0.48 | 0.63 | 0.38 | 0.71 |-0.85 | 0.40
100 | 60% | 1.34 | 0.19 | 1.26 | 0.22 | -1.59 ] 0.12 | 1.21 | 0.24 | 1.04 | 0.31 |-1.46 | 0.15
40 | 70% | 0.54 | 0.59 | 040 | 0.69 | -1.05| 0.30 | 0.01 | 0.99 | 0.00 | 1.00 |-0.72 | 0.48
60 | 70% | 3.71 | 0.00 | 3.60 | 0.00 | -1.93 | 0.06 | 1.45 | 0.16 | 1.43 | 0.16 | 0.00 | 1.00
80 | 70% | 3.18 | 0.00 | 3.13 | 0.00 | -1.96 | 0.06 | 2.37 | 0.02 | 2.20 | 0.03 |-1.40 | 0.17
100 | 70% | 3.32 | 0.00 | 3.35 | 0.00 | -1.45] 0.16 | 2.85 | 0.01 | 2.75 | 0.01 |-0.94 | 0.36
40 | 80% | 2.68 | 0.01 | 2.73 | 0.01 | -2.45] 0.02 | 1.66 | 0.11 | 1.66 | 0.10 |-1.18 | 0.25
60 | 80% | 241 | 0.02 | 235 | 0.02 | -1.95] 0.06 | 2.44 | 0.02 | 2.33 | 0.03 | 0.00 | 1.00
80 | 80% | 3.74 | 0.00 | 3.34 | 0.00 | -1.38 | 0.18 | 4.53 | 0.00 | 4.33 | 0.00 |-1.24 | 0.22
100 | 80% | 4.96 | 0.00 | 4.51 | 0.00 | -2.25 ] 0.03 | 3.31 | 0.00 | 3.06 | 0.00 |-1.67 | 0.10
40 | 90% | 3.48 | 0.00 | 3.59 | 0.00 | -1.13 | 0.27 | 3.69 | 0.00 | 4.00 | 0.00 |-0.41 | 0.69
60 | 90% | 3.71 | 0.00 | 3.65 | 0.00 | -1.71 ] 0.10 | 831 | 0.00 | 8.22 | 0.00 | 0.41 | 0.69
80 | 90% | 5.39 | 0.00 | 5.06 | 0.00 | -1.95] 0.06 | 6.31 | 0.00 | 6.63 | 0.00 |-1.33 | 0.19
100 | 90% | 6.25 | 0.00 | 5.54 | 0.00 | -1.74 | 0.09 | 8.06 | 0.00 | 8.93 | 0.00 |-0.64 | 0.53
NSample=70
N VS. ANOVA | VS. ANOVA | VS. ANOVA | VS. Pair- VS. Pair- VS. Pair-
NTarg pe\;iz F1 TPR FPR wise F1 wise TPR | wise FPR
ets ot T P- T P- T P- T P- T P- T P-
value value value value value value
40 | 60% | 0.28 | 0.78 | 0.32 | 0.75 | -1.71 | 0.10 [-2.01 | 0.05 | -1.76| 0.09 |-0.33 | 0.75
60 | 60% | 1.46 | 0.15 | 1.30 | 0.20 | -2.78 | 0.01 | 0.77 | 044 | 0.82] 0.42 | 0.00 | 1.00
80 | 60% | 3.26 | 0.00 | 3.14 | 0.00 | -1.91 | 0.07 | 2.34 | 0.02 | 2.24| 0.03 |-1.24 | 0.22
100 | 60% | 2.44 | 0.02 | 2.09 | 0.04 | -2.68 | 0.01 | 1.89 | 0.07 | 1.59] 0.12 |-1.24 | 0.22
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40 | 70% | 1.98 | 0.06 | 1.87 | 0.07 | -2.05| 0.05 | 1.36 | 0.18 | 1.52 | 0.14 | 0.89 | 0.38
60 | 70% | 3.38 | 0.00 | 3.64 | 0.00 | -2.63 | 0.01 | 1.98 | 0.06 | 2.05 | 0.05 |-2.99 | 0.01
80 | 70% | 5.26 | 0.00 | 4.88 | 0.00 | -2.85]| 0.01 | 348 | 0.00 | 348 | 0.00 |-1.00 | 0.33
100 | 70% | 6.57 | 0.00 | 7.06 | 0.00 | -1.67 | 0.10 | 4.36 | 0.00 | 4.61 | 0.00 | 0.00 | 1.00
40 | 80% | 3.94 | 0.00 | 3.99 | 0.00 | -1.06 | 0.30 | 2.09 | 0.04 | 2.13 | 0.04 |-0.87 | 0.39
60 | 80% | 4.80 | 0.00 | 444 | 0.00 | -2.31 | 0.03 | 4.83 | 0.00 | 4.69 | 0.00 |-1.06 | 0.30
80 | 80% | 7.49 | 0.00 | 7.74 | 0.00 | -1.66 | 0.11 | 6.94 | 0.00 | 6.88 | 0.00 |-0.52 | 0.60
100 | 80% | 7.56 | 0.00 | 7.84 | 0.00 | -2.35| 0.03 | 6.43 | 0.00 | 6.65 | 0.00 |-0.56 | 0.58
40 | 90% | 4.41 | 0.00 | 4.59 | 0.00 | -2.14 | 0.04 | 6.57 | 0.00 | 6.79 | 0.00 |-1.04 | 0.31
60 | 90% | 6.18 | 0.00 | 5.28 | 0.00 | -1.54 | 0.14 | 6.84 | 0.00 | 7.50 | 0.00 |[-0.56 | 0.58
80 | 90% | 8.21 | 0.00 | 9.56 | 0.00 | -1.93 | 0.06 | 7.89 | 0.00 | 10.20| 0.00 |-1.06 | 0.30
100 | 90% | 6.41 | 0.00 | 6.23 | 0.00 [ -1.47 | 0.15 | 7.91 | 0.00 | 10.90 | 0.00 | 0.86 | 0.40
Different Nsample across groups

N VS. ANOVA | VS. ANOVA | VS. ANOVA | VS. Pair- VS. Pair- VS. Pair-

NTarg pe\;iz F1 TPR FPR wise F1 wise TPR | wise FPR

ets ot T P- T P- T P- T P- T P- T P-
value value value value value value
40 | 60% | 2.23 | 0.03 | 2.22 | 0.03 | -0.87 | 0.39 | 0.21 | 0.83 | 0.39 | 0.70 |-1.24 | 0.22
60 | 60% | 4.98 | 0.00 | 4.82 | 0.00 | -0.75| 046 | 2.18 | 0.04 | 1.99 | 0.05 [-0.27 | 0.79
80 | 60% | 2.66 | 0.01 | 244 | 0.02 | -1.55] 0.13 | 0.87 | 0.39 | 0.77 | 0.45 |-1.40 | 0.17
100 | 60% | 3.07 | 0.00 | 2.90 | 0.01 [-1.49 | 0.15 | 2.43 | 0.02 | 2.28 | 0.03 |-1.68 | 0.10
40 | 70% | 3.65 | 0.00 | 3.40 | 0.00 | -2.43 | 0.02 | 2.48 | 0.02 | 2.67 | 0.01 |-0.61 | 0.55
60 | 70% | 5.48 | 0.00 | 549 | 0.00 | -1.37 | 0.18 | 2.57 | 0.01 | 2.83 | 0.01 | 0.89 | 0.38
80 | 70% | 6.90 | 0.00 | 6.54 | 0.00 | -2.12 | 0.04 | 3.16 | 0.00 | 3.22 | 0.00 |-0.78 | 0.44
100 | 70% | 5.06 | 0.00 | 5.06 | 0.00 | -2.93 | 0.01 | 2.47 | 0.02 | 2.18 | 0.04 |-1.72 | 0.10
40 | 80% | 4.41 | 0.00 | 4.34 | 0.00 | -1.23 | 0.23 | 2.63 | 0.01 | 2.56 | 0.01 | 041 | 0.69
60 | 80% | 7.68 | 0.00 | 7.41 | 0.00 | -2.48 | 0.02 | 4.57 | 0.00 | 447 | 0.00 |-0.97 | 0.34
80 | 80% | 7.26 | 0.00 | 7.76 | 0.00 | -1.58 | 0.13 | 4.82 | 0.00 | 5.10 | 0.00 |-0.27 | 0.79
100 | 80% | 7.61 | 0.00 | 8.51 | 0.00 | -1.04 | 0.31 | 8.30 | 0.00 | 8.08 | 0.00 |-2.85 | 0.01
40 | 90% | 7.40 | 0.00 | 7.21 | 0.00 | -1.13 | 0.27 | 5.89 | 0.00 | 5.56 | 0.00 |-2.21 | 0.03
60 | 90% | 9.40 | 0.00 | 9.52 | 0.00 | -1.53 | 0.14 | 11.17] 0.00 | 12.80] 0.00 |-0.37 | 0.71
80 | 90% | 6.31 | 0.00 | 647 | 0.00 | -1.16 | 0.25 | 7.92 | 0.00 | 846 | 0.00 |-0.65 | 0.52
100 | 90% | 6.30 | 0.00 | 6.88 | 0.00 | -1.07 | 0.29 | 7.37 | 0.00 | 9.15 | 0.00 |-0.22 | 0.83

Table B.6. Comparison of model performance metrics in simulated datasets.




179

Basal Subtype
Label p-value | FDR hits
00017 |0.29 COX15,NDUFA3,ND
KEGG OXIDATIVE PHOSPHORYLATION UFCl1
REACTOME SIGNALING BY KIT IN DISEASE 0.00058 0.7 PIK3R3,STATSA
REACTOME INACTIVATION OF CSF3 G CSF_SIG 0.00091 |07 STATSA,UBE2DI
NALING
Luminal A Subtype

Label p-value | FDR hits
KEGG CITRATE CYCLE TCA CYCLE 0.00012 |0.022 CS,PCK2,SDHD
KEGG JAK STAT SIGNALING PATHWAY 0.012 0.48 IL21R,JAKI,STATI1
REACTOME INTERLEUKIN 21 SIGNALING 3.30E-06 | 0.0052 |IL21R,JAKI,STATI
REACTOME INTERLEUKIN 9 SIGNALING 0.00033 |0.13 JAKI,STATI
REACTOME INTERLEUKIN 2 FAMILY SIGNALING | 0.00034 ]0.13 IL21R,JAKI,STATI1
BIOCARTA FAS PATHWAY 0.00011 ]0.02 CASP7,FAS,PAK2

Table B.7. Functional pathway enrichment results of genes in the basal or luminal A cluster.
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Beane et al. Discovery

HGNC Symbol t Log Fold-Change p-value
HLA-DQBI1 1.7113435 1.1135827 0.09737
HLA-DRBI 3.2263701 1.1658441 0.00303
HLA-DRB5 0.9287384 0.5031092 0.36046
HLA-DRA 3.3775499 1.1424434 0.00205
HLA-DPA1 3.1243929 1.1164404 0.00394
HLA-DMB 2.8866788 1.008559 0.00716
CD74 3.0278447 0.9760697 0.00503
HLA-DMA 3.1985615 0.878681 0.00326

Beane et al. Validation

HGNC Symbol t Log Fold-Change p-value
HLA-DQBI1 2.6047404 1.7482128 0.01691
HLA-DRBI 2.1361416 1.1705276 0.04515
HLA-DRB5 1.0516345 1.2410555 0.30544
HLA-DRA 1.6845378 0.7584402 0.10754
HLA-DPA1 1.6868599 0.7547033 0.10709
HLA-DMB 1.664055 0.6853659 0.11161
CD74 1.8993898 0.6822461 0.07196
HLA-DMA 1.9385173 0.6313718 0.06673

Merrick et al.

HGNC Symbol t Log Fold-Change p-value
HLA-DQBI1 1.7787442 0.5326371 0.08148
HLA-DRBI 1.3549279 0.4843854 0.18165
HLA-DRB5 1.6509376 0.4228367 0.10514
HLA-DRA 3.1550894 0.7706171 0.00274
HLA-DPA1 2.7434545 0.8531956 0.00847
HLA-DMB 2.7516354 0.4806581 0.00829
CD74 2.8076756 0.575176 0.00714

Table B.8. Differential expression results for the MHC II genes by progression status in PML

datasets
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Variables Discovery (N=116) Validation (N=124) Statistics p-value
Batch
1 25(21.55%) 13 (34.21%)
2 28 (24.14%) 9 (23.68%)
3 32(27.59%) 10 (26.32%)
3.37 0.64
4 12(1034%) 2 (5.26%)
515 (12.93%) 3 (7.89%)
6 4(3.45%) 1 (2.63%)
RIN 542 (1.72) 5.53 (1.58) 2036 0.72
Gender (=Male) 86 (74.14%) 28 (73.68%) 20.98 1
Race
A Iﬁgiﬁ:ﬁ 18 (15.52%) 11(28.95%)
White 83 (71.55%) 24 (63.16%) 3.66 0.15
Others 15 (12.93%) 3 (7.89%)
Age (year) 67.97 (8.65) 68.95 (7.91) 20.65 0.52
Nodule Size (cm) 147 (0.59) 162 (0.7) 117 0.25
Pack-year 50.16 (22.54) 55.56 (35.87) 20.89 0.38
fi“lﬁ‘fe%lf)tat“s 62 (53.45%) 55.56 (44.74%) 1.42 0.45
g;‘ecgg ﬁ;m 43 (37.07%) 14 (36.84%) 1.01 I

Table B.9. Clinical annotation for DEAMP I nasal epithelial brushings with both miRNA and gene

expression profiles between the discovery and validation cohort.

Statistical tests for categorical clinical variables (cancer, gender, race and smoking status) were conducted
using Chi-square tests. Statistical tests for continuous variables (RIN, age, nodule size and pack-year) were
compared using two-sided Student’s t-tests. Percentages are reported for categorical variables and

mean/standard deviations are reported for the continuous variable.
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