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ABSTRACT

Rhinovirus (RV) is the main cause of the common cold and as an exacerbator of chronic airway
diseases. Yet, little is known about the genetic and epigenetic responses to this virus, or to the
molecular mechanisms that contribute to airway disease after RV infection. This thesis addresses
these questions by identifying molecular responses, pathways, and mechanisms of RV infection
in a relevant tissue of two chronic airway diseases, chronic rhinosinusitis (CRS) and asthma, and
through genome wide association studies (GWAS). In chapter 2, I used an airway epithelial cell
(AEC) model of RV infection to identify differential DNA methylation (DNAm) and
transcriptional responses to RV infection in CRS cases compared to non-CRS controls. Weighted
gene co-expression network analysis (WGCNA) assigned differential molecular responses to co-
expression/co-methylation modules enriched in known pathways of CRS pathogenesis and of
immune response to viral infection. To study potential genetic causes of CRS, in chapter 3, I
used a two-stage genome-wide association study (GWAS) in 2,540 European American adults
(483 CRS cases, 2,057 non-CRS controls). Variation at two loci were identified as potentially
involved in CRS; the known functions of a gene at one of these loci, WSB2, supported the role of
the upper airway mucosal immune surface as a key site in disease development. Finally, because
of the role of the upper airway epithelium as the primary site of RV infection and in asthma
inception, in chapter 4, I leveraged the AEC model of RV infection to identify RV-response
mechanisms that contribute to asthma risk. Expression and DNAm quantitative trait loci (eQTLs,
meQTLs) were mapped in the vehicle- and RV-treated AECs and integrated with three asthma
GWASs. Co-localization analyses of airway epithelial cell molecular QTLs with asthma GWAS
variants revealed potential molecular mechanisms of asthma, including QTLs at the 7SLP locus

that were common to both exposure conditions and in all three asthma GWASs, as well as QTLs

xi



at the 17q12-21 asthma locus, the most replicated and most significant asthma susceptibility
locus in childhood onset asthma, that were specific to RV exposure and to childhood onset
asthma. The results of the combined data at this locus indicated that gene expression of ERBB2, a
gene associated with asthma severity, may be modulated by RV via an epigenetic mechanism
involving long-range chromatin looping. These findings were supported by promoter capture Hi-
C data from ex vivo bronchial epithelial cells. Together, these results not only highlight the broad
regulatory landscape at this important asthma locus, but they also show the importance of

context-specificity in identifying molecular mechanisms that contribute to disease risk.
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CHAPTER 1

INTRODUCTION

1.1 Complex diseases of the respiratory system: asthma and CRS

Chronic respiratory diseases affect hundreds of millions of people globally and are among the
leading causes of death [1, 2]. The most prevalent of these disorders, asthma, affects over 300
million people worldwide and is most common in Western countries where the average
prevalence reaches 20.7% and ranges between 8.5% (Italy) and 32.0% (Ireland) [3, 4], and
according to the Centers for Disease Control and Prevention (CDC), affects more that 5.5 million
children and 19 million adults in the United States [5]. Moreover, asthma is a significant
economic burden in the United States, with total annual costs surpassing $80 billion annually [6],
though this figure is thought to be higher as researchers only included ‘treated asthma’ in their
study. Chronic rhinosinusitis (CRS) is a debilitating upper airway disease that affects 5% to 15%
of the U.S. population [7]. The financial burden associated with CRS is high, costing patients up
to $6192 per year and over $5.8 billion in total expenditures in the U.S. [8, 9].

Asthma is a chronic, inflammatory condition of the airways causing symptoms that
include wheeze, cough, and shortness of breath. Although asthma is typically diagnosed based on
these clinical symptoms, it is comprised of many overlapping sub-phenotypes with underlying
distinct endotypes that likely have both shared and unique genetic and environmental risk
factors. For example, two subtypes based on age of onset (childhood vs adult onset asthma) is
well recognized, and associated with different environmental and genetic risk factors. Overall,
asthma has nearly equal contributions from genetic and environmental factors (heritability range:

55-74%) [10-14]. Although environmental factors, such as rhinovirus (RV) infection, are known



to exacerbate asthma symptoms [15-19], less is known about how asthma risk loci interact with
environmental factors to increase risk of developing this disease.

Given the high heritability of asthma, there has been deep interest in uncovering the
genetic risk factors for this disease. Initially, linkage analyses were applied as attempts to
identify asthma risk loci [20, 21] and candidate-gene studies [22, 23], however, these methods
either suffer from inadequate power to detect the genetic effects for asthma (i.e. linkage studies
[24]), or from methodological limitations (i.e. candidate-gene studies [25]). The development of
GWAS in 2004 has made it feasible to test hundreds of thousands of variants in a single analysis
[26]. Since the first asthma GWAS in 2007 [27], over 150 asthma susceptibility loci have been
identified, with the 17q12-21 locus being the most replicated in childhood onset asthma
(reviewed in [28]). However, despite the advances made in asthma genetics due to GWASs,
further work is required to move from variant-to-function using robust model systems to
determine cell-type and environmental risk specificity.

CRS is a common condition of the paranasal sinuses in which the sinus epithelium
becomes inflamed and swollen for more than 12 weeks [29]. CRS is one of the most common
chronic diseases of adults in the U.S. [29-31], although recently it has been argued that childhood
onset forms have been overlooked [32] CRS is divided into two major subtypes: CRS without
nasal polyps (CRSsNP) and a more severe form, CRS with nasal polyps (CRSwNP). Patients
with CRS experience thick postnasal drip, nasal obstruction, hyposmia, headache, dry upper
respiratory tract syndrome, asthmatic complaints, headaches and other symptoms [33, 34], all of
which contribute to a significant loss of quality of life [35].

CRS often occurs in the same patients with asthma and other reactive airway diseases

[36, 37], as well as with aspirin-exacerbated respiratory disease, immunodeficiency-related



diseases, and cystic fibrosis (CF), a disease in which polyposis (formation of nasal polyps) also
occurs [38]. CF carrier status may even predispose individuals to CRS; over 50% of CF carriers
have self-reported CRS, suggesting that heterozygosity for a CFTR mutation may contribute to
the development of CRS [39, 40]. In a linkage study in the Hutterites, CRS was linked to a
region on chromosome 7q31, the region housing the CFTR locus [41]. As with asthma, CRS is a
clinically challenging disease due to its complex and heterogeneous nature, exemplified by the
lack of agreement on the categorization of the disease among clinical experts [42]. Unlike
asthma, however, the evidence for genetic susceptibility in CRS is not well established. Most
genetic studies of CRS have been limited by small sample size and low statistical power to
identify genetic determinants with great confidence [43]. In one of the largest CRS GWAS
conducted to date, Kristjansson et al. conducted a large meta-analysis of CRS (n = 5,608 cases)
and NP (n = 4,366 cases) from the United Kingdom and Iceland [44], however only two genome-
wide significant loci were identified for CRS while ten were identified for NP. This lack of
genetic association may be due to substantial clinical heterogeneity that may have masked the
effects of other risk loci. And although formal heritability calculations for CRS are not available,
a genetic component for this disease has been suspected based on significant familial risk
detected in First-degree relatives of CRS patients [45]. Several environmental factors are
associated with the risk of developing CRS including tobacco exposure [46, 47], air quality [48,
49], and microbial infection [50].

Asthma and CRS share environmental risk factors, exposure to which can result in
chronic inflammation of the upper or lower airways. Among the shared environmental risk
factors, viral infection of the upper airways is the most common trigger of asthma exacerbation

in children and infants [51, 52], and may also contribute to CRS exacerbations [53, 54]. The



most common viral infection thought to trigger exacerbation in these diseases is from

rhinoviruses, the common cold virus.

1.2 Rhinovirus infection and its association with asthma and CRS

RVs belong to the genus Enterovirus of the family Picornaviridae and are the major cause of the
common cold. On average, children experience up to 10 RV infections per year while adults can
have between 2 and 5 infection a year [55]. RVs are classified into three groups including the
RV-A group (74 serotypes), RV-B group (25 serotypes), and the RV-C group (60 serotypes)
[56]. About 90% of RVs belonging to the ‘major group’ of serotyped strains use intercellular
adhesion molecule-1 (ICAM-1) as a cell surface receptor for virus attachment and entry, while
the ‘minor group’ uses a low-density lipoprotein receptor [57]. These receptors are found on the
surface of the airway epithelium where the virus attaches itself and infects small clusters of cells.
RVs primarily infect the nasal mucosa, though, they have also been detected in the lower
respiratory tract [58-61].

RVs are the most common cause of acute exacerbations of asthma, consistently
accounting for 60-70% of virus-associated exacerbations in children [62, 63], with similar rates
in adults [64]. Additionally, RV-associated wheezing in the first three years of life is a known
risk factor for asthma development in childhood [65]. Further evidence to support the role of
RVs in asthma exacerbation includes the correlation of hospital admissions with seasonal
patterns of upper respiratory infections [66]. Moreover, genetic association with asthma and RV
wheezing illness have been observed. Caliskan et al. reported that genetic variants at one of the
most significant and most replicated loci associated with childhood onset asthma (17q12-21)
were associated with asthma risk only in children with RV-associated wheezing illness in early

life in two birth cohorts of high risk children[12]. This finding was replicated Loss et al. [67] in a



population-based birth cohort, indicating both the robustness of this interaction and the context-
specificity of this locus on the development asthma in childhood.

Exposure to RV also has significant effects on the development of CRS. For example,
inflammation of the nasal mucosa in CRS and the significantly higher prevalence of RV in CRS
patients [68] suggest a role for this virus in the etiology of this disease. Additionally, the seasonal
patterns of RV infections closely overlap with seasonal patterns of CRS exacerbations [69].
Abnormal and persistent responses to RV infection in CRS occurs and is often accompanied by
severe dysregulation in mucus productions and sinus drainage [70, 71]. Despite the apparent
importance of RV to CRS pathogenesis, the genetic and molecular mechanisms by which RV
triggers and promotes persistent inflammatory responses in individuals predisposed to CRS is

currently unknown.

1.3 In complex disease genetics, context matters

Assigning biologically interpretations to GWAS results is still a major challenge. Not only do we
need to consider the where, when and how genes are expressed, but the context by which gene
expression occurs is also critical. One of the major difficulties in interpreting GWAS results and
prioritizing candidates for further studies is that over 90% of disease-associated variants are
located in non-protein-coding regions of the genome [72]. These variants are enriched for
chromatin signatures suggestive of enhancers [72, 73] and for eQTLs [72, 74, 75], indicating that
the causal single nucleotide polymorphisms (SNPs) at these loci underly disease
pathophysiology through their effects on gene regulation. Furthermore, GWAS results alone are
not informative of tissue or cell type-specificity that may be central to the pathogenesis of

disease.



Because the function of most disease-associated SNPs in GWAS remain unknown,
identifying specific causal variants and their target genes at associated loci has been challenging.
Databases such as GTEx, ENCODE, and ROADMAP have been useful in annotating GWAS
SNPs, predicting molecular mechanisms through which risk variants affect disease phenotypes
[75-78], and providing important insights into the interpretation of GWAS results. However,
these databases do not include all cell types relevant to all diseases or information on
environmental exposures that influence disease outcomes. As a result, for example, annotations
of asthma GWAS variants have been largely limited to studies in transformed B cell lines, blood
(immune) cells, and whole lung tissue (e.g. [11, 13, 27, 79-81]), even though other tissues are
more central to the disease, such as airway smooth muscle [82] and the mucosal epithelium [83].

Characterizing the genetic and molecular responses to environmental exposures in cells
from disease-relevant tissues can be hard to test in ex vivo samples. For example, variability in
exposure to potentially important environmental triggers, such as to microbes and pollution, can
confound or even mask inter-individual responses to an environmental exposure of interest. /n
vitro cell models provide an opportunity to address this limitation by allowing for controlled
environmental exposures in relevant cell types, and for precise study designs that minimize
confounders to an extent that would be impossible to achieve in ex vivo studies. To this end, in
vitro functional studies of the airway epithelium, an asthma- and CRS-relevant tissue, have been
used to characterize gene pathways affected by environmental disease modifiers of asthma (e.g.,
refs. [84-87)).

1.3.1 Dissertation Overview
In this thesis, I describe studies using an in vitro cultured AEC model of RV infection for

discovery of context-specific molecular disease mechanisms in both asthma and CRS. As part of



the Chronic Rhinosinusitis Integrative Studies Program (CRISP), an AEC model of RV infection
was designed to characterize molecular pathways and processes of response. By measuring gene
expression and DNAm in these cells, I identified gene pathways and epigenetic regulatory
mechanisms in the airway epithelium that are associated with risk of these diseases after RV
infection. These data were used to first map context-specific molecular QTLs from the AECs and
then integrated with existing asthma GWASs to annotate risk loci with better precision, identify
potential RV-specific mechanisms of disease, and to better prioritize genes that may contribute to
disease risk.

In the following chapters, I used genomics data col to gain a functional understanding of
RV response mechanisms in CRS and asthma. This dissertation is divided into three main
analyses. In chapter 2, epigenetic and transcriptional responses to RV that differ between CRS
cases and non-CRS controls were identified. Modules of co-regulated gene expression and
DNAm profiles were then identified, and potential genes, pathways, and epigenetic regulatory
effects that differ between CRS cases and controls were discovered and described. In chapter 3, a
two-stage GWAS of CRS was performed with 483 CRS cases and 2,057 non-CRS controls of
European ancestry in order to identify any potential risk loci associated with subtypes of this
disease. Finally, in Chapter 4, molecular QTLs from the AEC model of RV infection were
mapped and integrated with three asthma GWAS, including a GWAS of childhood onset asthma
and a GWAS of adult onset asthma. This allowed the identification of potentially functional
variants, some of which have context-specific effects on transcriptional and epigenetic responses,

and molecular mechanisms of disease.



CHAPTER 2
Epigenetic responses to rhinovirus exposure in airway epithelial cells are

correlated with key gene pathways in chronic rhinosinusitis

2.1 ABSTRACT

Rhinovirus (RV) infections of the paranasal sinus epithelium are common in individuals with
chronic rhinosinusitis (CRS) and may trigger exacerbation events or result in progression of this
disease. Our aim was to identify epigenetic and transcriptional responses to RV that differ
between CRS cases and non-CRS controls using a cultured airway epithelial cell model of RV
response. Airway epithelial cells were collected from CRS with nasal polyps (CRSwNP) cases
and non-CRS controls during endoscopic surgery. Cells were cultured and treated with RV or a
vehicle control for 48 hours at which time DNA and RNA were extracted. Gene expression and
DNA methylation were measured and response differences to RV infection between cases and
controls were determined using linear mixed models. Weighted gene co-expression analysis
(WGCNA) was used to identify co-regulated gene expression and DNA methylation (DNAm)
profiles and to identify potential genes, pathways, and epigenetic regulatory effects that differ
between CRS cases and controls. Our results highlight an important role for epigenetic
mechanisms underlying different responses to RV between CRSwNP cases and non-CRS
controls, which influence gene expression pathways that reflect dysregulated epithelial cell

processes in CRS.

2.2 Introduction

Chronic rhinosinusitis (CRS) is a common disease of the paranasal sinuses in which the sinus

epithelium becomes inflamed and swollen for more than 12 weeks [29]. CRS can manifest as one



of two major clinical syndromes: a milder form, CRS sans nasal polyps (CRSsNP), and a more
severe form, CRS with nasal polyps (CRSwNP). These subtypes of CRS are associated with
different co-morbidity profiles [88-90] and environmental factors [91-93], reflecting
heterogeneity with respect to both clinical features and underlying mechanisms, or endotypes.
Moreover, there have been relatively few genetic studies of CRS, and the few reported
associations have not been replicated [44, 94, 95]. This may reflect the significant effect of
environmental exposures on the development of CRS. For example, inflammation of the sinuses
in CRS and the significantly higher prevalence of respiratory viruses in CRS patients [54],
especially rhinovirus (RV) [68], suggests a role for this common virus in disease etiology and/or
pathogenesis. In fact, it has been proposed that RV infection may promote CRS in individuals
with constitutively abnormal responses in the sinus epithelium that leads to chronic inflammation
[68, 96].

In support of the latter, viral infections of the paranasal sinus epithelium are often associated
with triggering events of CRS [97, 98]. In particular, RV infection is detected in CRS patients
more frequently than in non-CRS subjects [54], and is thought to induce symptoms of this
disease [54, 92, 99]. Moreover, the seasonal patterns of RV infections closely overlap with
seasonal patterns of CRS exacerbations [69]. Yet, while exposure to this common pathogen is
pervasive throughout the population, only a fraction of people develops CRS. Taken together,
these observations suggest that intrinsic features of the sinus epithelium that differ among
individuals may mediate responses to RV infection and subsequent risk for CRS. However, the
specific molecular response mechanisms to RV infection in the sinus epithelium from CRS

patients and non-CRS controls are poorly defined.



In vivo studies of the effects of RV infection on molecular responses in CRS are challenging
for two primary reasons. First, significant variability in exposure to potentially important
environmental triggers, such as to microbes and pollution, can confound or even mask inter-
individual responses to RV infection. Second, although CRS can be grouped into two major
phenotypic subgroups (CRSsNP and CRSwNP) based on nasal endoscopy and computerized
tomographic (CT) scans [29], additional CRS subtypes exist based on underlying conditions,
such as allergic fungal rhinosinusitis (AFRS), aspirin-exacerbated respiratory disease (AERD),
cystic fibrosis, primary ciliary dyskinesia, and immune deficiencies. Moreover, CRS
comorbidities with common conditions, such as asthma [88] and allergic rhinitis [100], can
further mask true differences between CRS cases compared to healthy controls. /n vitro cell
culture models address these limitations by allowing for controlled environmental exposures in
relevant cell types, and for precise study designs that minimize confounders to an extent that
would be impossible in ex vivo studies. Thus, cell culture models would allow for the
identification of key genes, biological pathways, and possible epigenetic mechanisms of
responses to RV in airway epithelial cells from CRS cases and from non-CRS controls.

Here, we report the results of a multi-omics study to identify molecular regulatory effects of
viral infection on CRS using an epithelial cell model of viral response. Because of the
importance of both the upper airway epithelium and RV infection in CRS pathogenesis, we used
an upper airway (sinonasal) epithelial cell model of gene expression and DNA methylation
response to RV exposure to reveal gene pathways and epigenetic regulatory mechanisms that
differ between CRSWNP cases and non-CRS controls. Using an integrative systems biology
approach, we identified six modules of co-regulated gene expression and DNA methylation. The

eigenvectors of these modules were strongly correlated with either CRS or RV exposure. The
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modules were enriched for pathways previously implicated in both CRS pathogenesis and
immune responses to microbes. Our results highlighted DNA methylation as having an important
role in RV response differences between CRS cases and controls, providing an important first
step towards understanding the molecular basis for this debilitating disease, and providing clues
to the intrinsic, epigenetic differences in airway epithelial cells in CRSwNP and the etiologic

role of RV in this disease.

2.3 Methods

2.3.1 Ethics Statement

Sinonasal epithelial cell brushings were collected study participants between March 2012 and
August 2015 during endoscopic surgeries at Northwestern University Feinberg School of
Medicine. Informed written consent was obtained from each study participant and randomly
generated IDs were assigned to all samples, preserving the participants’ anonymity and privacy.
This study was approved by the institutional review boards at Northwestern University Feinberg
School of Medicine and the University of Chicago.

2.3.2 Cohort description and sample collection
This study was a sub-project of the Chronic Rhinosinusitis Integrative Studies Program (CRISP),
which had the overall goal of progressing the understanding of chronic rhinosinusitis (CRS)
genetics, epidemiology, and immunopathology[101]. The objective of our study was to use a
systems biology approach to identify molecular responses to RV that differ between nasal
epithelial cells from CRSWNP cases and from non-CRS controls. To this end, we designed a cell
culture model of airway epithelial cells and RV infection to characterize molecular pathways and

processes of response. The workflow of our study is shown in Fig 2.1.
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The cell model employed in this study used nasal epithelial cell brushings of the uncinate
process that were collected from 104 study participants during routine endoscopic surgery for
sinus disease (cases) or for other unrelated indications (adenoidectomy, dentigerous cysts,

septoplasty, and tonsillectomies) in the controls at Northwestern University. The study cohort
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@ Endoscopic
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Airway Epithelial Cell
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(49 cases, 55 controls)
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DNA Methylation RNAseq
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DNA Methylation RNAseq
CRS and RV Response CpGs CRS and RV response genes
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Weighted Correlation Network Analysis (WGCNA)
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!
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Biological insights into CRS gene expression and epigenetic
responses to RV-exposure in cultured airway epithelial cells

Figure 2.1 Study design and analytical workflow. See Methods for additional details.

included 49 adults with CRSwWNP and 55 non-CRS control patients without a history of sinus

disease. CRS patients were diagnosed based on the European Position Paper on Rhinosinusitis
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and Nasal Polyps (EPOS) criteria [29]. Because asthma is a common co-morbidity with CRS, we
excluded subjects with a current or previous physician diagnosis of asthma based on medical
chart reviews to reduce potential confounding. The remaining sample included 22 CRS cases and
39 non-CRS controls. The demographic characteristics of the sample with and without the
asthmatics excluded, by case/control status are shown in Table 2.1.

Table 2.1 Demographic composition of the subjects in this study.

Combined CRS non-CRS

Sample Size (N) 61 22 39
Sex (%oFemale) 23 14 51

Median Age (IQR) 45 (26) 54 (15) 38 (22)

Ethnicity (self-reported)

White 39 16 23
Black 13 4 9
Hispanic 7 2 5
two or more 2 - 2

2.3.3 Airway epithelial cell culture and RV treatment
The airway epithelial cell culture model and RV treatment protocol has been described in detail
previously [102]. Briefly, after isolation, airway epithelial cells were cultured in bronchial
epithelial cell growth medium to near confluence, then frozen at -80°C and stored in Liquid
Nitrogen for a period ranging from 8 days to 3 years. Airway epithelial cells were thawed,
cultured and treated for 48 hours with rhinovirus (HRV-16; RV) or with a vehicle (Bronchial
epithelial cell basal medium (BEBM) + Gentamicin/Amphotericin) alone (2-hour treatment
followed by a wash; 46 hours culture time subsequent to treatment wash).

2.3.4 Ancestry Principal Components

Genotyping was performed using the I[llumina Infinium HumanCore Exome+Custom Array. The

676 ancestry informative markers [103] on the array were used for ancestry principal
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components analysis (PCA) of each subject. The first three ancestry principal components (PCs)
were included in all subsequent analyses to correct for population structure and ancestry

imbalances between the cases and controls.

2.3.5 RNA extraction, sequencing, and QC
RNA was extracted from RV- or vehicle-treated cells. cDNA libraries were constructed using the
[llumina TruSeq RNA Library Prep Kit v2 and sequenced on the [llumina HiSeq 2500 System
(50 bp, single-end) at the University of Chicago Genomics Core. Sample contamination and
swaps were not detected using the VerifyBamID software [104]. RNA sequences were
subsequently mapped to the human reference genome (hg19) and reads per gene were quantified
using the Spliced Transcripts Alignment to a Reference (STAR) [105] software. Mitochondrial,
X and Y chromosome genes, and low count data (genes with <1 count per million [CPM]) were
removed while maintaining a greater than 8M mapped read count for each sample. A trimmed
mean of M-values method (TMM) of normalization and variance modeling (voom) [106] were
then applied to the sample dataset. 11,898 autosomal genes in the 19 CRS cases and 32 non-CRS
controls remained after quality control and were included in downstream analyses.

Principal components analysis (PCA) was used to identify biological and technical sources of
variation in the normalized RNAseq dataset. Six technical effects contributed to sample variance:
technician, days of cell culture, cell lysate batch, RNA concentration, sequencing pool, and
percent of mapped RNAseq reads. Thirteen unknown sources of variation (surrogate variables
[SV]) were estimated for these samples using the SVA R package [107], after protecting for CRS

and treatment. Corrections for technical effects and SVs in the analyses are described below.
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2.3.6 DNA extraction, methylation profiling, and QC
DNA was extracted from the cells following cell culture, using the QIAGEN AllPrep DNA/RNA
Kit, as described above. DNAm was measured on the Illumina Infinium MethylationEPIC
BeadChip at the University of Chicago Functional Genomics Core. Of the 866,836 CpG probes
on the array, we removed 74,444 probes that were either located on the X or Y chromosomes, or
had detection P values greater than 0.01 in more than 10% of samples. Raw probe values or
background were corrected using a preprocessing control normalization function, and technical
differences between the Infinium type I and type II probes were corrected with the Subset-
quantile Within Array Normalization (SWAN) method [108]. Cross-reactive probes and probes
within two nucleotides of a SNP with a MAF > 0.05 were removed using the function
mSNPandCH() from the R package DMRcate [109]. Measurements of 792,392 autosomal CpG
probes in 22 CRS cases and 39 non-CRS controls remained after quality control.

PCA identified biological and technical sources of variation in the normalized methylation
dataset after excluding samples with any history of asthma. Variability due to cell harvest date
was the only significant technical effect. Age, sex, and ancestral PCs 1-3 were significant
biological variables. Unknown sources of variation were predicted with the SVA package [107]
in R, which estimated 21 SVs after protecting for CRS and treatment.

2.3.7 Differential gene expression and DNA methylation analysis
To identify genes and DNAm sites associated with RV-response, CRS or both in airway
epithelial cells, we used linear mixed effects models to identify differentially expressed genes
(DEGs) and differentially methylated CpGs (DMCs; M-values) using the limma R package

[110]. The models used to identify DNAm and gene expression differences in CRS cases and
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non-CRS controls in vehicle- and RV-treated cells, as well as RV-response genes in CRS and
non-CRS samples for each gene or CpG site followed the general form:
Y (Gx or DNAm) ~ Bo + B1Xcrs T [2XTreatment + COVariates,
using an FDR of 10% to control the false positive rate. Biological and technical sources of
variation were included as covariates for their respective datasets (described above), as well as
age, sex, and ancestry PCs 1-3.To test for interactions between RV-response and CRSwNP on
gene expression and on DNAm, we included an interaction term as follows:
Y (Gx or DNAm) ~ Bo + B1XTreatment T f2XcRs + B3 XTreatment x CRS T CcOvVariates.
Because of the general sparsity of interaction effects detected in small samples, only DEGs and
DMCs identified between the cases and the controls in vehicle and/or RV treatments
(FDR<10%) and RV-responsive genes and DNAm sites in cases and/or controls (FDR<10%)
were assessed for interaction effects.
2.3.8 Correlation network construction by WGCNA
Gene expression and DNAm correlation networks were constructed using a supervised weighted
gene co-expression network analysis (WGCNA) [111]. For this analysis, we included the 7,474
DEGs and 6,254 DMC:s identified in any of the differential gene expression and DNAm analyses
at a FDR<10% (discussed above). The residuals for the DEGs and DMCs were merged and
quantile normalized before WGNCA analysis.

A weighted adjacency matrix was created for the combined gene expression and DNAm
residuals by calculating Pearson correlations between the normalized residuals of gene
expression and the M-values of DNAm. The co-expression/methylation similarity matrix was
raised to a power B =5 (R? =0.941) based on the scale-free topology fit index reaching a high

value above 0.85 (Fig S2.1A), and with a moderate mean connectivity (Fig S2.1B). The
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similarity matrix (f = 5) was used in order to calculate the weighted adjacency matrix [112], and
to measure the connection strengths between the nodes, following published methods [111]. A
topological overlap matrix (TOM) was then constructed to determine topological similarities
(Fig S2.2A), and then used to calculate the corresponding dissimilarities (1-TOM) in order to
build clusters (Fig S2.2B). Genes and CpGs with coherent gene expression and DNAm profiles
were grouped into modules using the average linkage hierarchical clustering coupled with TOM-
based dissimilarity calculations (function = cutreeDynamic(), cut height = 0.25, minimum
number of genes/CpGs per module = 20). Colors were randomly assigned to modules, and
modules whose gene expression and/or DNAm profiles were considered similar at a threshold
height of 0.25, corresponding to a correlation of at least 0.75, were merged using the
mergeCloseModules() R function from WGCNA. The Spearman correlation method was then

used to correlate module eigenvectors with CRS status and treatment.

2.4 Results

2.4.1 Molecular profiles differ between CRS and controls, and after RV infection
Our first goal was to identify the effects of CRS and RV infection on gene expression (n=19
cases, 32 controls) and DNAm profiles (n=22 cases, 39 controls) in upper airway cells. To this
end, we conducted four analyses of each molecular marker comparing CRSwNP cases to non-
CRS controls, separately in vehicle- and RV-treated cells, and comparing RV- to vehicle-treated
cells, separately in cases and in controls (Fig 2.2). Of the 11,898 expressed genes, 1,501 (12.6%)
were up-regulated and 1,517 (12.3%) were down-regulated in cases compared to controls in
vehicle-treated cells, and 1,485 (12.5%) were up-regulated and 1,463 (12.3%) were down-
regulated in cases in RV treated cells, at a FDR<10% (Fig 2.2A). Of the 3,371 differentially

expressed genes (DEQG) in either treatment, 2,596 genes (77.0%) were shared between cases and
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controls, and 422 and 353 were differentially expressed at FDR < 10% only in the vehicle- or in

the RV-treated cells, respectively (Fig 2.2B).
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Figure 2.2 Differential gene expression and DNA methylation analysis of cultured airway
epithelial cells treated with RV and a vehicle control. A-D Results of the differential gene
expression analyses. (A) Volcano plots of differentially expressed genes (DEG) between cases
and controls from the vehicle-treated cells (left) and the RV-treated cells (right). The red line in
each volcano plot indicates a 10% FDR threshold. (B) Venn diagram of DEGs from the
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Figure 2.2 Differential gene expression and DNA methylation analysis of cultured airway
epithelial cells treated with RV and a vehicle control. (continued) comparison of cases and
controls from the vehicle- and RV-treated cells. C Volcano plots of DEGs of RV-response in the
cases (left) and controls (right). (D) Venn diagram of RV-responsive genes in the cases and
controls. (E-H) Results of the differential DNA methylation analyses. (E) Volcano plots of the
differentially methylated CpGs (DMC) between cases and controls in the vehicle-treated (left)
and RV-treated (right) cells. (F) Venn diagram of DMCs between cases and controls from the
vehicle- and RV-treated cells. (G) Volcano plot of DMCs in response to RV treatment in cells
from the cases (left) and controls (right). (H) Venn diagram of RV-responsive CpGs in cases and
controls.

Among the same 11,898 expressed genes, 2,369 (19.9%) were up-regulated and 2,125 (17.8%)
were down-regulated in response to RV treatment in cells from CRS cases, and 2,077 (17.5%)
were up-regulated and 1,940 (16.3%) were down-regulated in response to RV treatment in cells
from the non-CRS controls, at a FDR<10% (Fig 2.2C).

Of the 792,392 CpG sites included in this study, 2,298 (0.30%) were hypermethylated and
2,487 (0.31%) were hypomethylated in cases compared to controls in vehicle-treated cells, and
1,779 (0.22%) were hypermethylated and 2,067 (0.26%) were hypomethylated in cases
compared to controls in the RV-treated cells, each at a FDR<10% (Fig 2.2E). Of the 5,994
DMCs in either the cases or controls, 2,637 (43.9%) were shared, and 2,148 and 1,209 DMCs
were only present in the vehicle- or RV-treated cells, respectively, at FDR<0.10 (Fig 2.2F).
Among the same 792,392 CpG sites, 18 (<0.01%) were hypomethylated and 131 (0.01%) were
hypermethylated in response to RV in cases, and 16 (<0.01%) were hypomethylated and 140
(0.01%) were hypermethylated in response to RV in controls (Fig 2.2G). Among the 261 RV-

responsive CpGs in either the cases or controls, 44 (16.9%) were shared, whereas 105 and 112

DMCs were only in the cases or controls, respectively, at a FDR<10% (Fig 2.2H).
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2.4.2 Interaction effects of CRS and RV exposure suggest that molecular responses to RV differ
between CRS and controls

The DEGs and DMCs with FDR<10% in airway epithelial cells only from cases or only from
controls in response to RV or DEGs and DMCs between cases and controls in either treatment at
FDR <10% reflect different molecular responses of cells from cases and controls to treatments.
To more directly assess interactions between case-control status and RV exposure on molecular
responses, we included an interaction term (CRS x RV) in a linear mixed effects model (see
Methods). To reduce the multiple testing burden and increase power in this small sample, we
focused these studies on the subset of 7,474 DEGs and 6,254 DMCs identified in any of the eight
analyses at a FDR<10% (Fig 2.2).

No CRS x RV interactions on gene expression were identified, although 117 genes were
suggestive of an interaction effect with an uncorrected P value <0.01 (Pagi>0.10). Analysis of
these 117 genes by gene set enrichment analysis (Enrichr [113]) identified enrichments in
immune-related pathways such as the Interleukin-2 signaling pathway, TNF-alpha effects on
cytokine activity, and Interleukin-5 regulation of apoptosis (BioPlanet catalogue [114]),
pathways previously implicated in CRS pathogenesis (Table S2.1) [115-118]. These results
suggest that some components of immune responses to RV differ between CRSwWNP cases and
controls, by showing either a dampened (66 genes), heightened (42 genes), or no change (9
genes) in response to treatment in the cases.

In contrast to gene expression results, CRS x RV interactions were detected at 61 CpGs at an
FDR <10% (Fig 2.3A). These 61 DMC:s reflect different DNAm responses to RV in cultured
airway epithelial cells from cases compared to controls. Fig 2.3B illustrates examples of DNAmM

patterns at four CpGs with different types of CRS x RV interactions: two show responses to RV
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that are only present in the cases (left panels) and two show responses to RV that go in opposite
directions in cases compared to controls (right panels). To investigate the regulatory potential of
these 61 CpGs, we overlapped their genomic locations with ENCODE [119] transcription factor
binding sites (TFBS) and tested for enrichments of the CpGs involved in interactions at TFBS
relative to CpGs without interactions effects. Indeed, CpGs involved in interactions were
enriched 1.28-fold in TFBSs (P = 5.70x103; hypergeometric test). Overall, 46 of the 61 (75.4%)
CpGs overlapped with TFBSs for 135 transcription factors, suggesting their potential for
influencing the binding of these transcription factors and influencing the expression of their
downstream genes. Taken together, these results suggest that airway epithelial cells from
subjects with CRSwWNP may have intrinsic differences in their epigenetic responses to RV
infection compared to non-CRS controls, with potential to impact the expression of hundreds of
genes regulated by transcription factors that target sites overlapping with the CpGs involved in

interactions.
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Figure 2.3 DNAm sites tested for interaction effects for CRSwNP status and treatment
(CRSwNP x treatment). (A) Venn diagram showing the overlap of the 6,254 differentially
methylated sites at a FDR<10%. The numbers on the left and right of the Venn diagram indicate
the number of CpGs that were identified to have interaction effects (FDR<10%) and the
differential analyses from which they were initially identified. (B) Box plots showing examples
of DNA methylation interaction effects for four of the 61 interactive CpGs. The adjusted P
values for the interaction effects (Pin¢) are shown in each box plot.

2.4.3 WGCNA identified co-regulated modules of gene expression and DNA methylation
We next used WGCNA [111], a systems biology tool, to evaluate coordinated responses between
gene expression and DNAm. For this analysis, we included the 7,474 DEGs and 6,254 DMCs

discovered in the analyses described above (Fig 2.2). WGCNA initially assigned all the DEGs
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and DMC:s to one of eight modules of correlated gene expression and DNAm patterns (Fig
2.4A). Based on the high degrees of correlation between some modules (Spearman p > 0.75), the
black, green, and pink modules (upper bar in Fig 2.4A) were merged into into a single (black)
module (lower bar in Fig 2.4A), yielding six modules of co-regulated gene expression and/or
DNAm. Three modules included both genes and DNAm sites (black, blue, turquoise), two
included only genes (red and yellow), and one included only DNAm sites (brown) (Fig 2.4B).
The correlations (and p-values) of each module with CRS and treatment are shown in the first
and second columns of Fig 2.4B.

Not surprising, all module eigenvectors were significantly correlated with CRS or treatment
after correction for 12 tests (Bonferroni corrected P < 4.1x107). However, it was unexpected that
none of the modules were significantly correlated with both treatment and CRS: three were
significantly correlated with CRS (brown, blue, turquoise) and three were significantly
associated with treatment (red, black, yellow). The three modules associated with CRS were
predominantly comprised of DMCs: 95.6% of all DMCs were in the CRS-associated modules.
The three modules that were correlated with treatment include 56.3% of all DEGs, with the
remaining 43.6% distributed among two modules (blue and turquoise) associated with CRS.
Consistent with the results described above, these data further suggest that DNAm may
contribute to intrinsic differences in airway epithelial cells between CRSwNP subjects and non-
CRS controls, and further suggests that differences in gene expression responses to RV infection

in cases and controls may be secondary to these epigenetic modifications.
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Figure 2.4 Network analysis dendrogram showing co-regulation modules of gene
expression and DNA methylation profiles identified by weighted gene co-expression
network analysis (WGCNA). (A) Dendrogram showing co-regulated modules of co-expression
and DNAm. Colored rows below the dendrogram indicate modules that were identified by
WGCNA. The first colored row contain modules of highly correlated gene expression and
DNAm (Dynamic Tree Cut); the pink module was enlarged for viewing convenience. The
second row is a merger of modules with highly correlated expression or DNAm profiles. (B) The
module-trait relationship. Each row corresponds to a module eigenvector while each column
corresponds to either CRS status or treatment. Each cell contains corresponding correlations (top
value) and P value (bottom value). Cells are colored blue for negative correlations while red cells
indicate positive correlations from -1 to 1, respectively. The legend on the right indicates the
number of co-regulated genes and DNAm sites in each module.
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2.4.4 Module genes are enriched in CRS and microbial response-associated gene pathways
To infer biological processes from the genes within the modules, we performed gene enrichment
analyses (Enrichr gene enrichment analysis tool [113]) using biological pathways from the
WikiPathways database [120] for the five gene-containing modules (Table 2.2). The
eigenvectors of the modules correlated with treatment (red, yellow, black) contained genes
enriched in pathways representing different components of the innate immune response and
molecular signaling pathways involved in response to microbial infection.

Genes from the red module were enriched in innate immune pathways activated after
microbial exposure, including immune response to tuberculosis (P = 6.35x10°!%; Padj = 3x10716)
and type II interferon signaling (P = 3.51x10°!7; P.gj = 8.27x10°1%), as well as cytokine-signaling
pathways (Pagj < 0.10). Genes from the yellow module were enriched in five lipid-related
pathways including the cholesterol biosynthesis pathway (P = 9.68x10%; P,gj = 2.28x107), lipid
metabolism pathway (P = 1.41x10™; Paqgj = 0.01), as well as the sterol regulatory element-binding
protein (SREBP) and in cholesterol and lipid homeostasis pathway (P = 1.17x10#; Pagj = 0.01).
These pathways have been implicated in the regulation of RV replication in bronchial epithelial
cells [121], and are upregulated by viruses in order to meet the demand for viral structural
elements [122]. The genes in the yellow module were also enriched in ciliary gene pathways,
possibly reflecting the response of the airway epithelium to compensate for the loss of ciliated
cells during respiratory viral infections [123, 124]. The co-expressed genes from the red and
black modules were also enriched in cancer-related pathways associated with cell proliferation
and cellular processes that have also been associated with CRSwNP [125, 126]. RV-induced

expression of genes that promote cell proliferation may contribute to CRS exacerbations and
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progression of CRS symptoms after RV infection, and the development of polyps in more severe
CRS. Genes from the black module were enriched in the epidermal growth factor signaling
pathway (P = 1x1073; Pagj = 0.09), a pathway that has been consistently associated with CRS
[126-129]. Thus, coordinated gene expression responses to RV that differ between cases and
controls are enriched for diverse pathways, some of which are shared between RV-correlated
modules and some of which are module-specific.

In contrast, the blue and turquoise modules that were associated with CRSwNP were
predominantly enriched in molecular pathways previously linked to CRS. Co-expressed genes in
the blue module were primarily enriched for cytoplasmic ribosomal proteins (P = 1.31x1073%; Py
= 6.21x1077) and mitochondrial function and processes including the electron transport chain (P
= 1.61x10'%; Pagj = 3.81x10°'2) and oxidative phosphorylation (P = 7.66x1071%; Py = 1.21x107).
Previous studies have shown that the abundance of both ribosomal and mitochondrial proteins
were significantly different in the nasal mucosa of CRS individuals compared to controls [130],
and that morphological and functional changes in mitochondria of the airway epithelium was
associated with CRSwNP pathogenesis [131]. Co-expressed genes in the turquoise module were

significantly enriched in one pathway, the leptin signaling pathway (P = 9.47x10°; Pgj =
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Table 2.2 Module genes enriched in biological pathways. The top five pathways are shown for each module.

Module Term P value Adjusted  Odds Module Genes /
(# of Pathways Pagj<0.10) P value Ratio Pathway Genes
The human immune response to tuberculosis 6.35x107"°  3.00x107'¢  20.22 16/23
Red (67) Type Il interferon signaling (IFNG) 3.5x1017  8.27x10°5  14.14 18/37
Retinoblastoma Gene in Cancer 1.24x10  1.94x102  7.69 23/87
Immune Response to
Microbial Infection DNA IR-damage and cellular response via ATR 1.99x10"  2.34x10°% 6.9 19/80
§ Apoptosis 2.34x10%  2.21x10 5.54 16/84
g Genes related to primary cilium development 8.29x1013  3.91x10°  3.45 39/103
& Yellow (9) Cholesterol Biosynthesis Pathway 9.68x1070  2.28x107 7.3 12/15
g R : . : : -07 -05
g Lipid and Cholesterol Sterol Regulatory Element-Binding Proteins (SREBP) signaling 5.83x10 9.17x10 3.04 23/69
z Biosynthesis Ciliary landscape 1.57x10°%  1.24x10°%  1.77 42/216
';-“ Lipid Metabolism Pathway 1.41x10°%  1.33x10°%2  3.46 11/29
~ Retinoblastoma Gene in Cancer 4.63x10%  2.18x10%  2.96 17/87
Black (4) DNA Replication 3.18x10%  7.51x10%  3.61 10/42
Breast cancer pathway 5.01x10%  7.88x10%*  2.16 22/154
Cell Proliferation EGF/EGEFR Signaling Pathway 1.00x10%  9.45x10™  2.06 22/162
Signaling Pathways in Glioblastoma 8.88x10%* 1.05x10°"  2.59 14/82
Cytoplasmic Ribosomal Proteins 1.31x10%  6.21x10%7  12.93 45/89
Blue (10) Electron Transport Chain (OXPHOS system in mitochondria) ~ 1.61x10* 3.81x102  6.46 26/103
» . . . -10 -07
2 Oxidative Oxidative phosphorylation 7.66x10 1.21x10 6.82 16/60
E Phosphorylation Mitochondrial complex I assembly model OXPHOS system 1.80x10°7  1.70x10%  5.94 13/56
& Nonalcoholic fatty liver disease 1.68x1097 1.98x10 3.63 22/155
§ Leptin signaling pathway 9.47x10%  4.47x10°% 5.1 11/76
2 Turquoise (1) IL-5 Signaling Pathway 8.62x10%*  1.02x10°"  5.28 6/40
O MET in type 1 papillary renal cell carcinoma 1.36x10°%  1.07x10°"  4.18 7/59
Leptin Signaling TNF alpha Signaling Pathway 1.21x10%  1.14x10°"  3.44 9/92
Pathways Affected in Adenoid Cystic Carcinoma 4.90x10*  1.16x10"  4.33 8/65




4.47x107%). Expression of leptin receptors was higher in the nasal mucosa of CRSwNP subjects
compared to healthy controls in a previous study [132]. Other terms were enriched with genes
from the turquoise module, which had the fewest genes compared to the other four modules, but
were not significant after multiple testing correction (Pagj ~ 0.10); these included pathways
previously associated with CRS pathogenesis, including the IL-5 signaling pathway [133] and
the TNF alpha signaling pathway [118].

2.4.5 DNAm sites with interaction effects are enriched in the black and brown modules
Modules containing correlated DEGs and/or DMCs may reflect potential co-regulated pathways
in CRS or RV response, as well as potential sites of interactions between CRS and RV. To
further explore this possibility, we first assessed the distribution of the 61 DMCs with CRS x RV
interaction effects among the four modules containing CpGs (Fig 2.5A). The majority of the
interaction sites (86%) were in two modules: one correlated with CRS (turquoise, 32 CpGs) and
one correlated with RV-treatment (black, 21 CpGs). The remaining eight were in two modules
correlated with CRS (brown, 6 CpGs; blue, 2 CpGs).
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Figure 2.5 Enrichment analysis of DNAm sites with interaction effects in WGCNA
modules. (A) Bar plot of the distribution of DNAm sites with interaction effects in modules with
co-methylated CpG sites. The x-axis indicates the WGCNA module while the y-axis indicates
the number of DNAm sites with interaction effects; the number of DNAm with interaction
effects is shown above each bar. (B) Bar plot of enrichments of interaction DNA methylation
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Figure 2.5 Enrichment analysis of DNAm sites with interaction effects in WGCNA
modules. (continued) sites in WGCNA modules. The x-axis indicates the WGCNA module, and
y-axis indicates the fold enrichment of interactive DNA methylation sites. Enrichment P values
for each module are shown above each bar (hypergeometric test).

Two of the modules were significantly enriched for DMCs with interaction effects compared
to DMCs without interaction effects (Pagj < 0.05), with a 3.71-fold enrichment in the CRS-
correlated brown module (P = 2.0x10%; Pagj = 8.0x107%; hypergeometric test) and 7.86-fold
enrichment in the RV-associated black module (P = 3.5x107; P,gj = 1.4x107'3; Fig 2.5B). The
black module was also enriched for genes involved in proliferative responses, which are
important features of both RV response and CRS pathogenesis. These data demonstrate that
DMCs involved in CRS x RV interactions are part of correlated networks of molecular responses

and underscore the importance of epigenetic mechanisms of RV responses that differ between

CRSwNP cases and non-CRS controls.

2.5 Discussion

The airway epithelium serves as the first line of defense against environmental perturbations, and
also functions as the initiator of downstream host responses to foreign invaders of the airway.
Dysfunction of this barrier can occur through exposure to environmental irritants, including viral
infections, which can trigger and promote the progression of chronic inflammatory diseases, such
as CRS. By focusing on transcriptional and epigenetic marks of response to RV infection in an
airway epithelial cell culture model, we were able to delineate the molecular response
mechanisms to RV infection in cells from CRSwNP and non-CRS subjects. Our study
highlighted an important role for epigenetic mechanisms of response to RV that differ between
cases and control, and which may influence gene pathways reflecting dysregulation of epithelial

cell processes in CRS.
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Several lines of evidence support these conclusion. First, we observed over 4,000 DMCs
between cases and controls in the vehicle treatment (Fig 2E), indicating that significant
epigenetic differences are present at baseline, potentially reflecting intrinsic changes to the nasal
epithelium of individuals with CRSwNP. Second, the vast majority of DMCs were included in
the three WGCNA modules that were primarily associated with CRS, but not in the modules
primarily associated with RV treatment. Third, the DMCs with significant CRS x RV interaction
effects were enriched in TFBSs, where variation in methylation levels can influence the binding
of transcription factors [134] and downstream gene expression. This indicates that these CpGs
have the potential to disrupt the binding of over 100 different transcription factors, and perturb
the expression their gene targets. Taken together, these findings revealed a central role for
epigenetic signatures, or correlated DMCs, in CRS etiology or pathogenesis.

In addition to the important role that DNAm contributes to CRS, our systems biology
approach identified co-regulatory modules of genes enriched in pathways that have been
previously implicated in CRS or microbial-response mechanisms. Only two of the six modules
(black, blue) showed some nominal evidence of correlation with both CRS and RV and both
included genes enriched in pathways relevant to both CRS and viral infection. For example, four
of the top five enriched pathways of co-expressed genes in the blue module were related to
mitochondrial functions. This is consistent with the findings of Yoon et al.[131], who reported
increased mitochondrial reactive oxygen species (mtROS) and changes in airway epithelial
mitochondrial function and morphology in CRSWNP individuals compared to controls. They
demonstrated that mitochondrial changes and mtROS generation is inducible in airway epithelial
cells after exposure to Staphylococcus aureus enterotoxin B, a potent bacterial antigen that leads

to stimulation of cytokine release and inflammation. Enhanced ROS production in the airway
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epithelium also occurs during respiratory viral infections, including RV infection [135]. This
could explain the link between RV-response and the enriched mitochondrial pathways among co-
expressed genes in the blue module, with RV infection leading to increased ROS followed by the
induction of mitochondrial gene pathways affecting CRS. Additionally, because the blue module
also includes a co-methylation network of 540 CpGs, it is possible that some of these gene
pathways are epigenetically regulated. Similar to the blue module, co-expressed genes in the
black module were enriched in gene pathways related to RV-response and CRS pathogenesis,
although they capture different molecular features. Genes in the black module were enriched in
four gene pathways that were all related to cell proliferation. One of these pathways, the
EGF/EGEFR signaling pathway is responsible for coordinating the repair of epithelial cells by
regulating cell proliferation, differentiation, and migration, and has been extensively studied in
CRS [127-129]. In particular, genes in this pathway are upregulated in airway cells in several
respiratory diseases, including CRS [127]. The remaining three pathways were related to cancer
and have not been directly linked to CRS, however, they may be related to the cell proliferative
state of the airway epithelium found in individuals with CRS and the overgrowth contributing to
the development of polyps in its most severe form. In fact, the expression of apoptotic mediators
(CASP3, CASPY9) and a tumor suppressor gene (7P53) , both dysregulated in cancer, is
significantly lower in the nasal epithelium from patients with CRSWNP, potentially contributing
to the greater cell proliferation and the perpetual inflammatory state observed in this disease
[136]. Taken together, these results indicate that RV infection may promote cell proliferation in
the airway epithelium, which is a feature of CRS. Although we did not observe any differences

in gene expression responses to RV infection between cases and controls for these genes, the
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DMCs in the black module may differentiate disease outcomes in CRS and non-CRS individuals
by promoting a chronic inflammatory and cell proliferative state in CRS-susceptible subjects.

We identified 61 DMCs with CRS x RV interaction effects that were enriched in the black
and brown modules. The CRS-correlated brown module contained a co-methylation network of
2,284 DMCs but no DEGs, so directly identifying gene networks for this module was not
possible. However, the enrichment of DMCs with interaction effects in the brown module
suggests that this co-methylation network may indeed impact gene pathways that affect CRS.
This is supported by the enrichment for these DMCs at TFBSs. The lack of co-expressed genes
in the brown module may suggest that the DMCs in this module, which differentiate CRS cases
and controls, may have temporal-specific effects on gene expression outside of the 48 hour
treatment time point of our cell culture model. Alternatively, the DMCs in this module may
represent stable, long-term epigenetic states that impact CRS onset (etiology) or progression
(pathogenesis) through other mechanisms. The finding that the DMCs with interaction effects
were also enriched in the RV-correlated black module further supports the notion of an
epigenetic regulatory mechanism for genes enriched in cell proliferative pathways in response to
RV exposure.

Using primary airway epithelial cells from CRSwNP and non-CRS individuals to model
transcriptional and epigenetic responses to RV infection allowed us to make novel observations
of epigenetic response differences between cases and controls. However, our study had
limitations. First, our study focused on a CRS-relevant tissue in isolation from the many cell
types that contribute to CRS in the sinonasal epithelium. As a result, our model only partially
captured RV-responses and case-control differences that are present in vivo. Second, our sample

sizes were small and our power to detect interaction effects (CRS x RV), especially for gene
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expression, was limited. It is possible therefore, and even likely, that many more interactions
would be detected in larger samples, including many among those with P values < 0.01 but
FDRs > 0.10 in our study. Because the genes participating in those interactions were enriched in
CRS-relevant pathways, it is likely that many of these represent true interactions. Despite this,
however, the use of WGCNA enabled us to extract biological insights from the gene expression
and DNAm data associated with CRS and/or RV infection in these samples. Finally, this cross-
sectional study at a single time point does not allow us to determine whether the epigenetic
patterns associated with differential response to RV in cases compared to controls preceded and
contributed to the onset of disease or was a consequence of the disease state itself. Additional
investigations in ex vivo tissues and in longitudinal studies would be needed to address this
important question.

In summary, our study revealed DNAm responses to RV exposure that differed in cultured
airway epithelial cells from CRSwNP patients compared to cells from non-CRS controls. Our
data suggested for the first time that epigenetic mechanisms are important contributors to the
development of this condition, which significantly impacts quality of life and contributes
disproportionately to health care costs [137]. Focus on the transcriptional networks potentially
perturbed by DNAm effects on transcription factor binding in future studies could identify novel

drug targets or therapeutic modalities.
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2.6 Supplementary Information

2.6.1 Supplementary Tables

Table S2.1. Enrichment Results of interaction gene expression analysis with the BioPlanet catalogue (P value<0.05).

143

Adjusted Odds

P-value Ratio Genes

Term Overlap  P-value

DUSP4;TRAP1;CLIC3;UCP2;CREM;PMAIPI;
PEMT;SLC39A8;IL7R;SSBP2;LYST;PIGH

Phosphatidylcholine biosynthesis 2/18 4.88E-03 1 18.99 SLC44A3;PEMT
TNF-alpha effects on cytokine activity, cell motility,

Interleukin-2 signaling pathway 12/847  4.02E-03 1 2.42

and apoptosis 4/135 8.18E-03 1 5.06 PMAIPI;ACKR3;IL7R;CX3CL1
Interleukin-5 regulation of apoptosis 4/144 1.02E-02 1 475  DUSP4;TRAPI1;SDC4;P2RY2
Homologous recombination 2/29 1.24E-02 1 11.79 RADS54L;NBN

Signaling events regulated by Ret tyrosine kinase 2/39 2.18E-02 1 8.77 GABI1;,PDLIM7
ATM-mediated phosphorylation of repair proteins 1/5 2.89E-02 1 3419 NBN

g?:;i;t;ggr?i NOXA and translocation to 5 2 89F-02 1 3419  PMAIPI

Ion channel and phorbal esters signaling pathway 1/5 2.89E-02 1 34.19 P2RY2

INK/MAPK pathway 2/53 3.85E-02 1 6.45 DUSP4;GABI

Binding of chemokines to chemokine receptors 2/54 3.99E-02 1 6.33  ACKR3;CX3CLI
Acetylcholine biosynthesis 1/7 4.02E-02 1 2442 PEMT

Inactivation of BCL-2 by BH3-only proteins 1/7 4.02E-02 1 2442  PMAIP1

Spermatogenesis regulation by CREM 1/7 4.02E-02 1 2442 CREM

dRssgt;éEr;::; (;)fb Il::glil;r and signaling proteins to 18 4 59F-02 | 2137 NBN

Neurotrophic factor-mediated Trk receptor signaling 2/60 4.82E-02 1 5.70  RIT1;GABI

p53 signaling pathway 3/139 4.82E-02 1 3.69 PMAIPI;PPM1J;CX3CL1

FGF signaling pathway 2/61 4.97E-02 1 5.60 SDC4;GABI1




2.6.2 Supplementary Figures
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Fig S2.1. Analysis of transcriptomic and DNA methylation topology for various soft-
thresholding powers. (A) The scale-free fit index (y-axis) as a function of the soft threshold
power (x-axis). (B) Mean connectivity of the degree of mean connectivity (y-axis) as a function
of the soft threshold power (x-axis).
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Fig S2.2. Topological overlap matrix and module clustering. (A) Visualization of the gene
expression and DNA methylation network using a heatmap plot depicting the topological overlap
matrix (TOM) among all the genes and CpGs in the analysis. Dark red colors represent a greater
number of topological overlaps between modules and progressively lighter colors represent a
lower number of overlaps. The gene expression and DNA methylation dendrogram and module
assignments are also shown along the top and left sides of the heatmap. (B) Cluster dendrogram
of genes and CpGs with dissimilarity based on topological overlap. The red line indicates a
height cutoff of 0.25, corresponding to a correlation of 0.75. Modules below this line were
merged into a single module.
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CHAPTER 3
Two-stage genome-wide association study of chronic rhinosinusitis and

disease sub-phenotypes highlights mucosal immunity contributing to risk

3.1 Abstract!

The genetic contributions to chronic rhinosinusitis (CRS) are poorly understood, likely due to
low powered studies and extensive clinical heterogeneity. Whether more precise phenotyping of
CRS could elucidate relevant genetic associations has not been previously investigated in a
genome-wide study. The goal of this study was to identify genetic variants contributing to CRS
susceptibility using precise phenotyping definitions. To this end, we performed a two-stage
study. In the first stage, a genome-wide association study (GWAS) for CRS was performed using
data from the Chronic Rhinosinusitis Integrative Studies Program (CRISP), including adults with
CRS (483 cases) identified using survey information and electronic health records, and adults
without indications of CRS (2,057 controls) from a health care system biobank. The CRS GWAS
identified 82 suggestive significant SNPS (P<1x107) at six independent loci. Because of the
imprecision in defining CRS using surveys and medical records, latent class analysis was applied
to 646 individuals with CT scans and identified three CRS subgroups: “no/mild opacification,”
“localized opacification,” and “diffuse opacification”. In the second stage, genetic association
tests were performed between lead SNP at each of the six loci identified in the GWAS and the
latent classes. Two of the six lead GWAS SNPs were also significantly associated with latent
classes, with one of the SNPs potentially contributing to pathogen response and barrier function.

Although this study is limited in power due to its reduced sample size, we demonstrate that

1.[Citation for chapter: Soliai M et al. Two-stage genome-wide association study of chronic rhinosinusitis and disease subphenotypes highlights
mucosal immunity contributing to risk. International Forum of Allergy & Rhinology. 2020. In Press.
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careful phenotyping in CRS may produce insights into this complex disease which might be

missed using generalized phenotyping methods.

3.2 Introduction

Chronic rhinosinusitis (CRS) is a prevalent inflammatory disease that results in over $10 billion
in health care costs annually in the United States [138]. This disorder (and its most severe form,
nasal polyposis [NP]) overlaps clinically with other conditions, including asthma and aspirin-
exacerbated respiratory disease (AERD). Despite this enormous public health impact, the
underlying molecular mechanisms remain unknown.

Evidence that CRS has a genetic component is suggested by its familial aggregation [45],
and co-occurrence with genetic syndromes (e.g., cystic fibrosis, primary ciliary dyskinesia) and
disorders with significant genetic components (e.g., asthma, allergic rhinitis) [43]. Recently,
Kristjansson et al. reported a large meta-analysis of genome wide association studies (GWAS) of
CRS (n = 5,608 cases) and NP (n = 4,366 cases) from the United Kingdom and Iceland [44].
Cases and non-CRS/non-NP controls (n > 700,000) were defined by International Classification
of Disease (ICD)-10 diagnosis codes. Ten genome-wide significant loci for NP and two for CRS
were identified. A missense variant in the ALOX15 gene that causes near total loss of
arachidonatel5-lipoxygenase (15-LO) activity, a pathway previously implicated in AERD [139].
conferred protection against both NP (OR 0.32, 95% CI: 0.26-0.39, P=8.0x102") and CRS (OR
0.64, 95% CI: 0.55-0.75, P=1.1x10"®). The finding of only two genome-wide significant loci
despite a large sample of CRS cases suggests that substantial clinical heterogeneity may have
masked the effects of other risk loci, and that phenotyping using diagnosis codes likely captures
a range of conditions with overlapping symptoms. Indeed, a GWAS of chronic sinus infection,

which defined cases as subjects who reported having sinus surgery, found no genome-wide
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significant associations [140], despite a sample size of 5,291 cases and 79,622 controls. Thus,

alternative approaches are needed to delineate the genetic architecture of CRS.

3.3 Methods

3.3.1 Geisinger population and databases
Subjects were selected from 200,769 adult primary care patients from Geisinger, a health system
that serves 45 counties in Pennsylvania. The Geisinger primary care population is representative
of the general population in the region. Subjects were selected from this patient pool based on
diagnostic codes in the electronic health record (EHR) for chronic rhinosinusitis (CRS) and
asthma/allergy, and questionnaires were sent to a random sample of 23,700 people, enriched for
ethnic minorities and those with certain diagnostic and therapeutic codes [101]. The 7,847 who
returned the questionnaire constituted the Chronic Rhinosinusitis Integrative Study Program’s
(CRISP) study cohort. Rich longitudinal EHR data, four seasonal follow-up questionnaires are
available for these subjects in addition to a questionnaire at the time of CT scan. DNA from
blood and saliva for a subset of samples in the Geisinger biobank, a MyCode Community Health
Initiative, are available for these subjects. CRS was defined by questionnaire responses based on
the European Position Paper on Rhinosinusitis (EPOS) epidemiologic criteria [ 141]: nasal
discharge (anterior or posterior) or nasal obstruction, most or all of the time for at least three
months, plus at least one other symptom of that frequency and duration (nasal discharge, nasal
obstruction, smell loss, facial pain, or facial pressure). Among the CRISP cohort, 1,866 had
current CRS (as defined by EPOS in the prior three months) and 2,093 had past CRS (as defined
by EPOS in their lifetime prior to three months). Of these individuals with CRS (ever): (1) 1,499
had a MyCode consent and a DNA sample in the Geisinger biobank; opt-out letters were mailed

to these individuals prior to using their sample. (2) 372 had MyCode consents but lacked a DNA
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sample; these individuals were mailed a consent for the CRISP genetics study with post cards
requesting a saliva sample. DNA was collected from 126 of the 372 individuals via saliva
collection kits that were mailed to participants (79 samples) or from whole blood (47 samples)
that were collected in the interim. (3) Individuals that signed-up for MyCode were sent out
mailing in batches, prioritizing those with current CRS, participation in the CT study, or had
longitudinal data, until the study sample size was attained. 204 individuals returned consents and
81 were prioritized and mailed DNA kits, of whom 56 returned the kit. Overall, 1,661 of the
1,681 individuals with CRS (ever) had high-quality DNA and were genotyped at the University
of Chicago. This subset of the CRISP cohort (CRS by EPOS criteria + genotypes) were the
source population for the CRS GWAS cases. The GWAS cases were those with CRS as defined
by EPOS epidemiologic criteria of European American ancestry, and who had objective
evidence of disease on sinus CT determined by an otorhinolaryngologist (ENT; 127 individuals)
or had self-reported sinus surgery for CRS or nasal polyposis (NP) in any one of four CRISP
surveys (at baseline, in the six- or 16-month surveys or the CT survey; 3 individuals), had
evidence of prior sinus surgery on a sinus CT or had Lund-Mackay (LM) score of > 3 on sinus
CT (91 individuals).

Controls for the GWAS were derived from the MyCode Community Health Initiative
[142], which includes a Geisinger-system-wide biobank of participants who were genotyped as
part of the DiscovEHR cohort, a Geisinger-Regeneron collaboration. Controls were selected
from this larger cohort based on the following criteria: European American ancestry and absence
of (i) an ICD-9 code for NP, CRS, asthma, or allergic rhinitis, and (ii) a Current Procedural

Terminology (CPT) code for sinus CT scan, endoscopy, or surgery in the EHR. Twenty-five of
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these controls were also part of the CRISP cohort who never had CRS. These samples are
described in Table S3.1.

Among the individuals who completed the baseline CRISP questionnaire (described
above), 3,269 subjects were invited for sinus CT scans by stratified random sampling to enrich
for those with sinus symptoms [143]. The strata were based on the presence of CRS symptoms as
defined by EPOS (CRS) [141] and latent class analysis (LCA) categories on symptoms reported
in the questionnaire [144]. Of these subjects, 646 completed the sinus CT scans and LCA was
performed again on their sinus CT findings, and subjects were classified into three CT-defined
subgroups based on patterns of observed sinus opacification: no/mild opacification LCA class,
localized LCA class, and diffuse LCA class. Of the 646 LCA-classified subjects, 341 also had
genetic information. Of the 341 with both sinus CT and genetic information, 339 had current or
past CRS based on symptom criteria (similar to the case definition in the GWAS). Genetic
association studies using the sentinel SNP at each of six suggestive significant loci in the GWAS
were performed on the 339 subjects assigned to the latent classes. The LCA cases were those
with CRS by epidemiologic definition AND localized LCA class (n = 71) or diffuse LCA class
(n =78), while the LCA controls had CRS by epidemiologic definition but no/mild opacification
LCA class (n = 191). In order to differentiate subjects in the two stages of analysis with different
sets of cases and controls, the first stage of GWAS is described using the terms GWAS cases and
controls, and the second stage of the study using LCA cases and controls; 51% of those in the
LCA genetics analysis were also GWAS cases (Fig 3.1).

3.3.2 Genotyping and Imputation
The GWAS cases and LCA cases and controls were genotyped at the University of

Chicago using the Human Core Exome Array (550,224 SNPs). The controls were genotyped by
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the Geisinger Biobank using either the Illumina Human Core Exome (533,456 SNPs) or the
Human Omni Express Arrays (731,306 SNPs). Quality control (QC) was performed for cases
and controls separately for each of the genotyping platforms (excluding SNPs with HWE <
0.00001, call rate < 0.95, and MAF = 0). Samples from each of the three platforms were then
merged and QC checks were applied in the pooled sample, as was previously performed for each
of the genotyping platforms. After this QC, 222,149 overlapping markers for 3,718 individuals
were available for analysis. Ancestral principal components analysis (PCA) was performed using
649 ancestral informative markers that overlapped with HapMap release 3 and were included on
all of the genotyping arrays.

Phasing and imputation were performed in the merged dataset using the Shapelt2 [145]
and Impute2 [146] software packages, respectively. Variants were imputed in 5 Mb windows
across the genome against the 1000 Genomes Phase 3 haplotypes (Build 37; October 2014).
Individuals were grouped as European based on how they related to the HapMap reference panel
and the k-means clustering of ancestral PCs, using the kmeans [147] function in R, to confirm
that all subjects were of European ancestry. After imputation, additional QC steps were
performed with gtool [148], including the exclusion of X and Y chromosome-linked SNPs and
variants with info score < 0.8, MAF < 0.05, missingness > 0.05 and a probability score < 0.9.
Probability scores were converted to dosages for 10,436,943 SNPs used in downstream analyses.

3.3.3 Genome-Wide Association Studies

A GWAS was performed using the Genome-wide Efficient Mixed Model Association
(GEMMA) software toolkit [149], fitting a multivariate linear mixed model [150] to test for
marker association with CRS while controlling for population stratification. A standardized

relatedness matrix was estimated from the genotypes using 0.02 missingness and 0.05 MAF
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thresholds. A multivariate linear mixed model was applied using age, sex, ancestry (ancestry PCs
1-3), and relatedness (standardized relatedness matrix) as covariates, and 0.02 missingness and
0.05 MAF thresholds for 10,436,943 SNPs. In total, 4,528,849 SNPs were analyzed in 483 CRS
cases and 2,057 non-CRS controls of European descent (Table S3.1). P-values from the
likelihood ratio test are reported. The most significant SNP at each of six suggestive significant
loci from this GWAS was referred to as the sentinel SNP, and used in the second-stage LCA
association study.
3.3.4 Latent class analysis on sinus CT

LCA was used to create unobservable subgroups based on patterns of observed variables
in the sinus CT ENT reads. From the LM score on the sinus CT reported by ENT, binary
indicators were created (0 and > 1) and included in a series of LCA models fit with an increasing
number of classes. Appropriateness of model fit was assessed using multiple fit statistics. The
three-class model had the best fit including the “no/mild opacification,” “localized
opacification,” and “diffuse opacification” classes. The LCA analysis was performed using
Mplus v.8.1 (Muthén & Muthén, Los Angeles, CA). Traditional LM score is in a linear scale and
there are no universally accepted cut-offs for clustering. However, LCA identified subgroups in
the sinus CT analysis that likely have clinical significance, making it a good phenotype for this

study (Table S3.2).

3.3.5 Statistical analysis for the second-stage
The aim of the LCA genetic analysis was to study the associations of the sentinel SNPs at
GWAS loci with surgical CRS and CRS evidence on CT or objective evidence of CRS (CRSo)
with the outcome of LCA CT classes. We used chi-square tests to compare the proportion of

individuals with different categories of LCA CT by sex, race/ethnicity, smoking, Medical
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Assistance, health insurance status (a surrogate for family socioeconomic status), subject
reported physician-diagnosed allergic rhinitis and asthma, atopy, migraine headache [101],
anxiety sensitivity index (ASI) (below median vs. at or above median), and history of sinus
surgery. Analysis of variance was used to examine associations of CRS CT subgroups with
continuous variables like age and LM score. Base model-building was performed by adding the
above predictors individually to the model and retaining those with significant associations. The
final base model included surgical status, sex and physician-diagnosed subject-reported allergic
rhinitis. Multinomial logistic regression was used for the associations of genetic data and LCA
CT classes, adjusted for base model variables in an additive model with p-values corrected for

six tests. All analyses were performed using Stata 15.1 (StataCorp LLC, Texas, USA).

3.4 Results

3.4.1 CRS GWAS
To maximize both the sample size and the detailed phenotyping available, we performed a two-
stage analysis. In the first stage, we included all 483 cases and 2,057 controls in a CRS GWAS.
This revealed 82 suggestive significant SNPs (P < 1x10) at six loci (Fig 3.1A). The sentinel
SNP at each of the six loci is described in Fig 3.1B. A SNP in linkage disequilibrium (LD; >
0.9; GRB; 1000 Genomes Project) with one of the two SNPs associated with CRS and NP in the
Kristjansson et al. study [44] was not associated with CRS in our GWAS (P > 0.90); the second

SNP associated with CRS and NP in that study was not imputed or in LD with SNPs in ours.

3.4.2 Association studies of sentinel GWAS SNPs and latent classes
Because defining CRS by medical records may be imprecise, we defined CRS sub-phenotypes in

the 646 CRISP subjects with sinus CT scans, including 172 of the cases included in the GWAS,
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applying latent class analysis (LCA) to create subgroups based on patterns of sinus opacification
using Mplus v.8.1 [151], to identify clinical and immunopathogenic subgroups of CRS [152].
We identified three latent classes, which we referred to as “no/mild opacification,” “localized

opacification,” and “diffuse opacification” (see Table S3.2).
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Figure 3.1 CRS GWAS results. (A) Manhattan plot showing chromosome positions along the x
axis and -log(p value) on the y axis. The horizontal blue line indicates suggestive significance (p
<1 x 10?). The closest gene to the sentinel SNP at each locus reaching suggestive significance is
shown. (B) Description of the 6 sentinel SNPs in regions reaching suggestive significance. CRS
= chronic rhinosinusitis; GWAS = genome-wide association studies; SNP = single-nucleotide
polymorphism.

In the second stage, we performed association studies between the six sentinel GWAS SNPs (Fig
3.1B) and the latent classes (Fig 3.2). One SNP at the chromosome 12q24.23 locus (rs11068795)

was associated with the localized opacification class phenotype (Pcorrected = 0.002) compared to
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no/mild opacification, but not with the diffuse opacification class phenotype (Pcorrected = 1.0),
after Bonferroni correction for six tests. Another SNP at the chromosome 9q31.1 locus
(rs10820254) was associated with the diffuse opacification class phenotype (Pcorrected = 0.048) but
not the localized opacification class phenotype (Pcorrected = 1.0). Thus, defining phenotypes based
on imaging of inflammatory characteristics in the sinuses highlighted and validated two loci that

were associated with CRS in the first-stage GWAS, despite the significantly reduced sample
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Figure 3.2 Associations of sentinel SNPs with LCA-defined subtypes. (A) Associations
between 2 LCA-defined subtypes based on computed tomography scans. Each subtype is
compared with the “no/mile opacification” group (n = 191). The p values are corrected for 6
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Figure 3.2 Associations of sentinel SNPs with LCA-defined subtypes (Continued). tests.
Rows show the sentinel SNPs at each suggestive significant GWAS locus, and its association
with each of the subtypes. Results of multinomial logistic regression models, including surgical
status, sex, and physician-diagnosed patient-reported allergic rhinitis as covariates, are shown for
an additive model. Significant SNPs and results are shown in bold.

The LocusZoom plots for the 2 significant SNPs in (A) are showin in (B) (rs11068795) and (C)
(rs10820254). The SNPs are shown in a £1-Mb window with chromosome and gene positions
shown on the x axis and the -logio of the p value and the recombination rate (CMMb) are shown
on the left and right y axis, respectively. SNPs are colored according to the estimated linkage
disequilibrium (r?) relative to each lead SNP (purple diamond) and calculated using the 1000
Genome European panel. CI = confidence interval; LCA = latent class analysis; RRR = relative
risk ratio.

The SNP associated with the localized opacification class phenotype, rs11068795, has
been reported as an eQTL for the WSB2 gene in skin (P = 2.3x1077) and skeletal muscle (P =
7.1x10°'7) [153]. WSB2 functions in the proteasomal degradation of target proteins as a negative
regulator of the IL-21 receptor (IL-21R), a molecule associated with microbe-related epithelial
conditions (e.g., inflammatory bowel disease [154] and Helicobacter pylori infection [155]),

which are themselves associated with CRS [156, 157]. IL-21R expression is also upregulated in

atopic dermatitis patients [158], who manifest Staphyloccocus aureus colonization barrier
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dysfunction. This is consistent with previous work showing upregulation of IL21 in CRS with
NP [159].

The SNP associated with the diffuse opacification class phenotype, rs10820254, is an
intergenic SNP located between the CYLC2 gene and a gene encoding a long intergenic non-
protein coding RNA, LINC00587. CYLC? is a sperm-specific cyclin 2 and LINC00587 is
expressed most highly in testis [153]. Thus, rs10820254 may contribute to CRS pathobiology

through long range interactions with the promotors of distal genes, which are yet to be identified.

3.5 Discussion

A possible constraint of this study is that the initial diagnosis of CRS may be prone to provider
errors, and although individuals included in this study self-reported a diagnosis of CRS were
based on EPOS criteria, these errors may have an impact on our analyses. While this may be a
limitation of this study, we note that this method of phenotyping has been used successfully in
GWAS of related condition (e.g. asthma).

In summary, using a two-stage population approach, we identified variation at two loci
potentially involved in CRS, including a connection to mucosal immunity (pathogen response
and barrier function) in the localized disease subgroup, supporting a role for the upper airway
mucosal immune surface as a key site in disease development. Lastly, inclusion of subjects with
careful phenotyping in genetic studies of CRS may generate insights into the underlying

molecular mechanisms of this complex disease and identify potential therapeutic targets.
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3.6 Supplementary Information

3.6.1 Supplementary Tables

Table S3.1. Demographic and clinical information for GWAS and LCA subjects.

GWAS source GWAS GWAS No/mild Localized opacification Diffuse opacification
Characteristic dataset cases controls opacification LCA (n LCA (n=71) LCA (n = 78)
(n=1661) (n = 483) (n =2057) =190)
Age in years as of 4- 57.35
2014, mean (SD) 55.40 (14.02)  56.63 (13.51) (16.68) 55.93 (12.05) 58.37 (12.91) 58.46 (12.98)
Male, n (column %) 531 (31.97) 204 (42.24) 462 (22.46) 39 (20.53) 26 (36.62) 40 (51.28)
*Self-reported race, n
(column %)
White 1622 (97.65) 477 (98.76) 2054 (99.85) 183 (96.32) 71 (100.00) 76 (97.44)
Hispanic 39 (2.35) 6(1.24) 3 (0.15) 7 (3.68) 0 2 (2.56)
Smoking, n (column %)
Current 248 (14.93) 59 (12.22) 313 (15.22) 16 (8.42) 6 (8.45) 8(10.26)
Former 513 (30.89) 142 (29.40) 662 (32.18) 51 (26.84) 25 (35.21) 31 (39.74)
Never 900 (54.18) 282 (58.39) 1082 (52.60) 123 (64.74) 40 (56.34) 39 (50.00)
BMI kg/m?, mean (SD) 31.48 (7.60) 3145 (7.11)  31.07 (7.50) 32.08 (7.95) 31.04 (6.84) 32.18 (6.60)

*All individuals that were included in the GWAS clustered with Europeans according to the k-means clustering of the ancestral principal components and were therefore

combined for the analysis.

Abbreviations: BMI = Body Mass Index; GWAS = Genome-Wide Association Study; LCA = Latent Class Analysis; SD = Standard Deviation



Table S3.2. Clinical profile of the LCA subjects.

No/mild Localized Diffuse P-values”
Characteristic opacification opacification opacification for
(n =190) (n=171) (n="78) LCA
Age in years, mean (SD) at time of CT 58.20 (12.04) 60.57 (12.91) 60.65 (12.92) 0.21
Males, n (column %) 39 (20.53) 26 (36.62) 40 (51.28) <0.001
White, n (column %) 183 (96.32) 71 (100.00) 76 (97.44) 0.26
Smoking, n (column %)
Current 16 (8.42) 6 (8.45) 8 (10.26)
Former 51 (26.84) 25 (35.21) 31 (39.74) 0.22
Never 123 (64.74) 40 (56.34) 39 (50.00)
Medical assistance, n (column %) 22 (11.58) 7 (9.86) 9 (11.54) 0.92
Asthma self-reported physician diagnosis,
7 (@l %) 65 (34.21) 20 (28.17) 32 (41.03) 0.26
Allergic rhinitis- self-reported physician
diagnosis, n (column %) 98 (51.58) 46 (64.79) 50 (64.10) 0.06
Atopy (self-reported skin prick positivity),
5 (et 0) 82 (43.16) 35 (49.30) 29 (37.18) 0.33
Migraine, n (column %) 78 (41.05) 23 (32.39) 20 (25.64) 0.046
Anxiety sensitivity index ASI score (below
median vs. at or above), n 76 (48.72) 25 (44.64) 36 (55.38) 0.48
(column %)
Original LM score, mean (SD) 0.22 (0.53) 1.75 (1.09) 7.14 (3.41) <0.001
Surgery on CT, n (column %) 29 (15.26) 11 (15.49) 34 (43.59) <0.001

“p-values < 0.05 indicates at least one latent class significantly differs from the others with respect to the selected

characteristic.

Abbreviations: CT = Computed Tomography; LCA = Latent Class Analysis; LM = Lund-Mackay; SD =

Standard Deviation
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3.6.2 Supplementary Figures

Chronic Rhinosinusitis Integrative Studies Project (CRISP) MyCode Community
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Current Procedural
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scan, sinus endoscopy, or sinus

GWAS cases: reported surgery for CRS or NP in any one of
the four CRISP surveys or had surgical evidence on CT or
had CT evidence of CRS based on otorhinolaryngologist
(ENT) review of sinus CT or had LM score of 23 on sinus CT;
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n =483 surgery
LCA analysis on those with current or past CRS AND had LCA assigned by CT
scan AND had genetic information n=339 (of whom n=172 were GWAS cases)
H ) Stage Il
¥ ¥ analysis
LCA cases: n=71 localized LCA LCA controls: n=190
and n=78 diffuse LCA (CRS no/mild opacification
symptoms and objective LCA (only CRS
disease) symptoms)

*European Position Paper on Rhinosinusitis (EPOS) epidemiological definition for CRS: At least two of six symptoms (obstruction, post-nasal drip,
posterior nasal drainage, facial pain, facial pressure, smell loss) most or all of the time for at least three months, where at least one of the symptoms was

obstruction, anterior nasal discharge, or posterior discharge

Abbreviations: CRS= chronic rhinosinusitis; CT = computed topography; EHR = electronic health record; GWAS = genome-wide association study; ICD =
International Classification of Diseases; LM= Lund-Mackay; NP= Nasal polyposis

Figure S3.1. Flowchart of CRS case and non-CRS control subject inclusion in analyses
performed in this study
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CHAPTER 4
Multi-omics co-localization with genome-wide association studies reveals a

context-specific genetic mechanism at a childhood onset asthma risk locus

4.1 Abstract!

Genome-wide association studies (GWASs) have identified thousands of variants associated with
asthma and other complex diseases. However, the functional effects of most of these variants are
unknown. Moreover, GWASs do not provide context-specific information on cell types or
environmental factors that affect specific disease risks and outcomes. To address these
limitations, we used an upper airway epithelial cell culture model to assess transcriptional and
epigenetic responses to an asthma-promoting pathogen, rhinovirus (RV), and provide context-
specific functional annotations to variants discovered in GWASs of asthma. Using genome-wide
genetic, gene expression and DNA methylation data in vehicle- and RV-treated upper airway
epithelial cells (AECs) from 104 individuals, we mapped cis expression and methylation
quantitative trait loci (cis-eQTLs and cis-meQTLs, respectively) in each condition. A Bayesian
test for co-localization between AEC molecular QTLs and adult onset and childhood onset
GWAS variants was used to assign function to variants associated with asthma. We used
Mendelian randomization to demonstrate DNA methylation effects on gene expression at asthma
colocalized loci. Co-localization analyses of airway epithelial cell molecular QTLs with asthma
GWAS variants revealed potential molecular mechanisms of asthma, including QTLs at the
TSLP locus that were common to both exposure conditions and to both childhood and adult onset
asthma, as well as QTLs at the 17q12-21 asthma locus that were specific to RV exposure and

childhood onset asthma, consistent with clinical and epidemiological studies of these loci. This

1. Citation for chapter: Soliai MM et al. Multi-omics co-localization with genome-wide association studies reveals context-specific mechanisms
of asthma risk variants. bioRxiv (2020).



study provides information on functional effects of asthma risk variants in airway epithelial cells
and insight into a disease-relevant viral exposure that modulates genetic effects on transcriptional

and epigenetic responses in cells and on risk for asthma in GWASs.

4.2 Introduction

Since the first asthma genome-wide association study (GWAS) in 2007 [27], over 150 asthma
susceptibility loci at genome-wide levels of significance (p<5x10®) have been reported [11, 13,
80, 160], with a locus at 17q12-21 being the most replicated and most significant asthma
susceptibility locus in childhood onset asthma (reviewed in [28]). Although asthma is typically
diagnosed based on clinical symptoms, such as wheeze, cough, and shortness of breath, it is
likely comprised of many overlapping sub-phenotypes with underlying distinct endotypes that
have shared as well as unique genetic and environmental risk factors. For example, individuals
with asthma differ with respect to age of onset, environmental triggers of exacerbations, response
to medications, obesity, and co-occurrence with allergic diseases and other conditions. Recently,
Pividori et al. reported 61 independent asthma loci, 23 of which were specific to childhood onset
asthma, one that was specific to adult onset asthma, and 37 that were associated with risk for
both childhood onset and adult onset asthma [13]. Gene and tissue enrichment patterns at these
risk loci suggested epithelial cells (skin) and lung as the primary etiological drivers of childhood
onset and adult onset asthma, respectively, while blood (immune) cell gene expression
enrichments were shared by both. However, GWASs do not generally consider tissue- or other
environment-specific effects, or gene by environment interactions. Moreover, most genome-wide
epigenetic studies of exposures (e.g. [86, 161-164]) or of asthma-related traits (e.g. [165-170])
have not integrated their findings with GWAS. Only a few studies have formally integrated

asthma GWAS results with epigenetic studies in airway tissues (e.g. [171-173]).
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A challenge in interpreting GWAS results and prioritizing candidates for further studies
is that over 90% of disease-associated variants are located in non-protein-coding regions of the
genome [174]. GWAS-associated variants are enriched for chromatin signatures suggestive of
enhancers [73, 174] and for expression quantitative trait loci (eQTLs) [72, 74, 75], suggesting
that some of these SNPs are likely to be causal variants, underlying disease pathophysiology
through their effects on gene regulation. However, identifying specific causal variants and their
target genes at associated loci has been challenging, and the functions of most SNPs associated
with diseases in GWASs remain unknown. While databases such as GTEx, ENCODE, and
ROADMAP have been used to annotate GWAS SNPs and predict molecular mechanisms
through which risk variants affect disease phenotypes [75-78] and provide important insights into
the interpretation of GWAS results, they do not include all cell types relevant to all diseases or
information on environmental exposures that influence disease outcomes. As a result,
annotations of asthma GWAS variants have been largely limited to studies in transformed B cell
lines, blood (immune) cells, and whole lung tissue (e.g. [11, 13, 27, 79-81]).

In vitro cell models provide an opportunity to address these limitations by characterizing
genetic and molecular responses to environmental exposures in cells from disease-relevant
tissues, and identifying genotypes that modify these responses [175, 176]. In vitro functional
studies of airway epithelium have been used to characterize gene pathways affected by
environmental disease modifiers of asthma (e.g., refs. [84-87]), and to identify functional
variants that contribute to asthma pathogenesis in ex vivo airway epithelial cells, including
eQTLs [177-180] and methylation QTLs (meQTLs; e.g., refs. [86, 165, 171]). However, no
studies to date have formally integrated molecular QTLs in airway epithelial cells exposed to

different conditions with asthma GWAS results. Joint analysis of datasets (e.g. eQTLs/meQTLs
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and GWAS:s) can identify variants associated with both disease risk and molecular traits as
candidate causal variants that contribute to mechanisms of disease pathophysiology. To this end,
a multi-trait co-localization method (moloc) [181] was recently developed to integrate summary
data from GWAS and multiple molecular QTL datasets and identify candidate regulatory drivers
of complex phenotypes.

Here, we report the results of a multi-omics co-localization study to identify condition-
specific regulatory effects of asthma risk variants using an epithelial cell model of viral response.
Because airway epithelium forms a barrier to inhaled exposures, we used an in vitro upper
airway epithelial cell model of transcriptional and epigenetic responses to rhinovirus (RV).
Primary infection of RV occurs in the nasal epithelium, and RV is a major contributor to asthma
inception in young children [182] and asthma exacerbations throughout life [51, 183],
underscoring its importance as a contextual promoter of asthma pathophysiology. We first
demonstrate a specific enrichment of childhood onset asthma GWAS SNPs among airway
epithelial eQTLs, consistent with the important role that the epithelial barrier plays in the
inception of asthma in childhood [13, 184, 185]. Then, using an integrative multi-omics
approach we describe an environment-specific mechanism of asthma pathogenesis at the 17q12-
21 asthma locus in childhood onset asthma, and a molecular mechanism shared between
childhood onset and adult onset GWASs in the 7SLP gene at chromosome 5q22, highlighting

central roles of the airway epithelium in the pathogenesis of asthma.
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4.3 Methods

4.3.1 Ethics statement

Study participants were recruited between March 2012 and August 2015 [101], and nasal
specimens were collected as part of routine endoscopic sinonasal surgeries at Northwestern
University Feinberg School of Medicine. Informed written consent was obtained from each study
participant and randomly generated ID codes were assigned to all samples thereby preserving the
participant’s anonymity and privacy. This study was approved by the institutional review boards
at Northwestern University Feinberg School of Medicine and the University of Chicago.

4.3.2 Sample collection and composition
Airway epithelial cells were obtained as part of the Chronic Rhinosinusitis Integrative Studies
Program (CRISP) [101]. Because of the relevance of the airway epithelium in RV infection and
asthma, we leveraged the genomics information collected from these cells to gain a functional
understanding of asthma risk loci that are also associated with RV infection. Sinonasal epithelial
cells were obtained by brushing the uncinate process collected at elective surgery for CRS or
other unrelated indications (adenoidectomy, dentigerous cysts, septoplasty, and tonsillectomies)
at Northwestern University from 63 males, 41 females, ages 18 — 73 years old (mean age 44),
and self-reported ethnicities as Caucasian (64%), Black (17%), Hispanic (13%), and more than
one ethnicity (6%). Samples were collected from 49 CRS and 55 non-CRS subjects, which
included 27 and 16 asthmatics (doctor diagnosed current or prior asthma). Study participants
were determined to have CRS if they met the European Position Paper on the Primary Care
Diagnosis and Management of Rhinosinusitis and Nasal Polyps (EPOS) criteria [141]. DNA
from blood was used for genotyping. A summary of the study design and sample composition is

shown in Fig S4.1.
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4.3.3 Upper airway epithelial cell culture and RV treatment
Nasal epithelial cells were collected from the uncinate tissue with a Rhinoprobe. After isolation,
cells were washed with Dulbecco’s phosphate-buffered saline (dPBS) and immediately cultured
in a 6 well plate in bronchial epithelial cell growth medium (Lonza, BEGM BulletKit, catalog
number CC-3170) to near confluence, and then frozen at -80°C for no more than three days and
finally stored in Liquid Nitrogen between 8 and 1,075 days. Cells were subsequently thawed and
cultured in collagen-coated (PureCol, INAMED BioMaterials, catalog number 5,409, 3 mg/mL,
1:15 dilution) tissue culture plates (6 wells of 2x 12 well plates) using BEGM overnight at 37°C
and 5% COs. In preparation for rhinovirus (HRV-16; RV) infection/stimulation, plates at 50-60%
confluency were incubated overnight in BEGM without hydrocortisone (HC) followed by a two-
hour RV infection at a multiplicity of infection (MOI) of 2 and vehicle treatment (Bronchial
epithelial cell basal medium (BEBM) + Gentamicin/Amphotericin) at 33°C (low speed rocking,
~15 RPM). RV- and vehicle-treated cells were washed and then were cultured at 33°C for 46
hours (48 hours total) in BEGM without HC. Cell viability was determined based on trypan blue
staining or a LDH assay. Paired samples were excluded if the viability of the vehicle-treated cells
exceeded 90% or there was over 30% cell death after RV treatment. Prior to our studies, we
calculated the MOI as follows. A plaque forming assay was first performed using HeLa cells to
generate plaque forming units (PFU). The average number of airway epithelial cells (from 10
donors) was further used to generate the MOI by testing dose-dependent responses by RV
treatment at MOI ranges between 0.2-10. A lower range of 2 was within the MOI range for

acceptable linearity, and was used for our studies.
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4.3.4 Genotyping and imputation
DNA was extracted from whole blood or sinus tissue (if no blood was available) with the
Macherey-Nagel NucleoSpin Blood L or NucleoSpin Tissue L Extraction kits, respectively, and
quantified with the NanoDrop ND1000. Genotyping of all study participants was performed
using the [llumina Infinium HumanCore Exome+Custom Array (550,224 SNPs). After quality
control (QC) (excluding SNPs with HWE < 0.0001 by race/ethnicity, call rate < 0.95, and
individuals with genotype call rates < 0.05), 529,993 markers with minor allele frequency >0.05
were available for analysis in 104 individuals. Ancestry principal component analysis (PCA) was
performed using 676 ancestry informative markers [103] that were included on the array and
overlapped with HapMap release 3 (Fig S4.2).

Prior to genotype imputation, individuals were categorized into two groups based on the
k-means clustering of ancestry PCs, using the kmeans() function in R; individuals were grouped
as European or African American based on the mean clustering of their ancestry PCs against the
HapMap reference panels (Fig S4.2). Phasing and imputation were performed using the Shapelt2
[145] and Impute2 [146] software packages, respectively. Variants were imputed in 5 Mb
windows across the genome against the 1000 Genomes Phase 3 haplotypes (Build 37; October
2014). After imputation, genotypes from both groups were merged and QC was performed with
gtool [148]. X and Y linked SNPs and autosomal SNPs that did not meet the QC criteria (info
score < 0.8, MAF < 0.05, missingness > 0.05 and a probability score < 0.9) were excluded from
analyses. Probability scores were converted to dosages for 6,665,552 of the remaining sites used

in downstream analyses.
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4.3.5 RNA extraction and sequencing
Following RV and vehicle treatments, RNA and DNA were extracted from cells using the
QIAGEN AllPrep DNA/RNA Kit. RNA quality and quantity were measured using the Agilent
RNA 6000 Pico assay and the Agilent 2100 Bioanalyzer. RNA integrity numbers (RIN) were
greater than 7.7 for all samples. cDNA libraries were constructed using the [llumina TruSeq
RNA Library Prep Kit v2 and sequenced on the Illumina HiSeq 2500 System (50 bp, single-end);
RNA sequencing was completed at the University of Chicago Genomics Core. Subsequently, we
checked for potential sample contamination and sample swaps using the software VerifyBamID
(http://genome.sph.umich.edu/wiki/VerifyBamID) [104] for cells from all 104 individuals in
each treatment condition. We did not detect any cross-contamination between samples; one
sample swap between two individuals, which was corrected.

Sequences were mapped to the human reference genome (hg19) and reads per gene were
quantified using the Spliced Transcripts Alignment to a Reference (STAR) [105] software. X,Y,
and mitochondrial chromosome genes, and low count data (genes < 1CPM) were removed prior
to normalization via the trimmed mean of M-values method (TMM) and variance modeling
(voom) [106]. Nine samples containing < 8M reads were removed from the analysis. Principle
components analysis (PCA) identified biological and technical sources of variation in the voom-
normalized RNA-seq reads for the remaining 95 samples. We identified contributors to batch and
other technical effects (days in liquid nitrogen, experimental culture days, cell culture batches,
RNA concentration, RNA fragment length, technician, sequencing pool). Additionally, unknown
sources of variation were predicted with the Surrogate Variable Analysis (SVA) [107] package
in R where 15 surrogate variables (SVs) were estimated for the samples that were included in the

experiment after protecting for treatment in the full model. Voom-normalized RNA-seq data
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were then adjusted for technical effects (cell lysate batch, sequencing pool, technician, fragment
length, RNA concentration, days frozen in liquid nitrogen, experimental culture days), smoking,
SVs, sex, and ancestry PCs (1-3) using the function removeBatchEffect() from the R package
limma [110]. The variance in gene expression that was associated with asthma or CRS was
correlated with the SVs and was therefore removed by inclusion of SVs in our model . The PCA
of gene expression of the vehicle- and RV-treated samples after regression of the covariates are

shown in Fig S4.3.

4.3.6 DNA extraction and methylation profiling

Following RV and vehicle treatments, DNA was extracted from cells as described above. DNA
methylation profiles for cells from each treatment were measured on the Illumina Infinium
MethylationEPIC BeadChip at the University of Chicago Functional Genomics Core.
Methylation data for the 104 samples were preprocessed using the minfi package [186]. Probes
located on sex chromosomes and with detection p-values greater than 0.01 in more than 10% of
samples were removed from the analysis. One sample had > 5% missing probes and was
therefore removed from the analysis. A preprocessing control normalization function was applied
to the remaining 103 samples to correct for raw probe values or background, and a Subset-
quantile Within Array Normalization (SWAN) [108] was used to correct for technical
differences between the Infinium type I and type II probes. Additionally, we removed cross-
reactive probes and probes within two nucleotides of a SNP with an MAF greater than 0.05 using
the function rmSNPandCH() from the R package DMRcate [109].

PCA identified technical and biological sources of variation in the normalized DNA
methylation datasets. Technical effects (array and cell harvest date), as well as sex, age, and

smoking were significant variables in the PCA. Unknown sources of variation were predicted
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with the SVA package. We estimated 37 SVs after protecting for treatment. SWAN and quantile-
normalized M-values were then adjusted for batch and technical effects (sample plate and cell
harvest date), smoking, SVs, sex, age, and smoking using the function removeBatchEffect() in R.
The variance associated with asthma or CRS in the DNA methylation data was correlated with
SVs and was therefore removed by inclusion of SVs in the model . The PCA of DNA
methylation of the vehicle- and RV-treated samples after regression of the covariates are shown
in Fig S4.3.
4.3.7 eQTL and meQTL analyses

Prior to e/meQTL analysis, voom-transformed gene expression values and normalized
methylation M-values were adjusted for technical, biological, and surrogate variables as
described above. Linear regression between the imputed genotypes (MAF>0.05) and molecular
phenotypes (gene expression and methylation residuals) from each treatment condition was
performed with the FastQTL [187] software package within cis-window sizes of = 1 Mb (2 Mb
total) of the transcription start site [75] and + 10 kb (20 kb total) from a CpG [188] for eQTL and
meQTL analyses, respectively. An FDR threshold of 0.05 was applied to adjust for multiple
testing within each experimental dataset with the p.adjust() function in R.

4.3.8 Multivariate adaptive shrinkage analysis (mash)
An Empirical Bayes method of multivariate adaptive shrinkage was applied separately to the
eQTL and meQTL data sets as implemented in the R statistical package, mashr
(https://github.com/stephenslab/mashr) [189], to produce improved estimates of QTL effects and
corresponding significance values in each treatment condition. To do this, mashr estimates
patterns of similarity among eQTLs or meQTLs from each treatment condition (vehicle, RV).

These patterns are used by mash to improve the accuracy of the molecular QTL effects by an
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empirical Bayes approach. Compared to direct comparisons between conditions, mash increases
power, improves effect-size estimates, and provides better quantitative assessments of effect size
heterogeneity of molecular QTLs, thereby allowing for greater confidence in effect sharing and
estimates of condition-specificity [189]. As a confidence measurement of the direction of QTL
effects, mash provides a ‘local false sign rate’ (Ifsr) that is the probability that the estimated
effect has the incorrect sign [190], rather than the expected proportion of Type I errors as would
be assessed using FDR thresholds. Mashr implements this in two general steps: 1) identification
of pattern sharing, sparsity, and correlation among QTL effects, and 2) integration of these
learned patterns to produce improved effects estimates and measures of significance for eQTLs
or meQTLs in each treatment condition. To fit the mash model, we first estimated the correlation
structure in the null test from a random dataset in which 2M gene-SNP or CpG-SNP pairs were
randomly chosen for eQTLs and meQTLs, respectively, from the FastQTL nominal pass. The
data-driven covariances were then estimated using the most significant e/meQTLs in each gene
or CpG from the FastQTL results. Posterior summaries were then computed for the ‘top” eQTL
and meQTL results (see [189]). The instructions found in the mashr eQTL analysis outline
vignette were followed to run mash.

4.3.9 Enrichment analysis
The R package, GWAS analysis of regulatory or functional information enrichment with LD
correction (GARFIELD) [191], was used to quantify enrichment of GWAS SNPs among eQTLs
and meQTLs and assess significance. GARFIELD leverages GWAS results with molecular data
to identify features relevant to a phenotype of interest, while accounting for LD and matching for
genotyped variants, by applying a logistic regression method to derive statistical significance for

enrichment. For this study, molecular QTLs (union of e/meQTLs from each treatment condition)
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were tested for GWAS variant enrichment, estimated as odds ratios and enrichment P-values
derived at four GWAS P-value thresholds: 10, 10, 107, and 10-%. To evaluate disease-
specificity, we selected summary statistics from nine GWASs including three asthma GWASs
(adult onset and childhood onset asthma [13], and a meta-analyzed multi-ethnic, all age of
asthma onset from the Trans-National Asthma Genetic Consortium [TAGC] [11]), two allergic
disease GWASSs (hay fever/allergic rhinitis [192] and atopic dermatitis [193]), and four non-
allergic GWASs (Alzheimer’s disease [194], atrial fibrillation [195], height [196], neuroticism
[197]). Summary statistics from these nine GWASs were used for enrichment analyses of the
490,151 molecular QTLs (FDR<0.05) combined from each treatment condition. These non-
allergic GWASs were chosen based on similar population backgrounds (European), availability
of summary statistics (as of 05/18), and both known to have genetic overlap with asthma
(allergic diseases) and not known to have overlapping genetics with asthma (Alzheimer’s
disease, atrial fibrillation, height, and neuroticism).

To assess tissue-specificity of our results, we examined eQTLs from the adrenal gland,

frontal cortex, hypothalamus, ovary, and testis from the GTEx database version 7

(http://gtexportal.org) [75], and tested for enrichment of adult onset, childhood onset asthma, and
TAGC asthma GWAS SNPs among the epithelial eQTLs from our study combined across
treatment conditions. GTEx data were matched with respect to sample size and number of
eQTLs to those of the epithelium, with the exception of testis, which was included to show the
consistency of the enrichment results despite it being an outlier in regards to both sample size,
which was smaller, and number of eQTLs, which was larger.An OR > 1 and a FDR corrected p-

value threshold of < 0.05 was used as the significance threshold for enrichment; FDR adjusted p-
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values were calculated using the p.adjust() function in R where ‘n’ was determined by the

number of tests in each respective enrichment analysis.

4.3.10 Co-localization analysis
To estimate the posterior probability association (PPA) that a SNP contributed to the association
signal in the GWAS as well as to the eQTL and/or meQTL, we applied a Bayesian statistical
framework implemented in the R package multiple-trait-coloc (moloc) [181]. Summary data
from adult onset and childhood onset asthma GWASs in the UK Biobank [13], and the TAGC
multi-ethnic GWAS [11], along with eQTL and meQTL summary data from upper airway
epithelial cells within each treatment condition (described above), were included in the moloc
analysis. Each co-localization analysis included summary data from a GWAS and epithelial cell
eQTLs and meQTLs from each treatment condition. Because a genome-wide co-localization
analysis was computationally challenging, genomic regions for co-localization were defined
using GARFIELD. First, we analyzed the enrichment pattern of e/meSNPs from each treatment
condition in each of the three asthma GWASs using the default package settings. Second, we
extracted variants driving the enrichment signals at a GWAS p-value threshold of 1x10.
Regions were defined as 2 Mb windows centered around these variants. Only regions with at
least 10 SNPs in common between all three datasets or ‘traits’ (GWAS, eQTL, and meQTL)
were assessed by moloc and 15 ‘configurations’ of possible variant sharing was computed across
these three traits (see [181] for more details). The PPA was computed by weighting the
likelihood of the summary data given the prior probability that a SNP associates with each trait
(asthma, gene expression, and DNA methylation) the moloc default prior probabilities were
included in our analysis. Prior probabilities of 1x10#, 1x10®, and 1x10"" were chosen for the

association of one, two, or three traits, respectively, as recommended by the authors of moloc.
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False positive rates remain below 0.05 at a posterior probability thresholds as low as 0.30 [181].
We therefore considered PPAs > 0.50 as evidence for co-localization in this study.

We performed six separate co-localization analyses for each treatment condition with
each of the three asthma GWASs. Each analysis provided three possible configurations in which
a variant is co-localized between the GWAS and QTLs: eQTL-GWAS pairs, meQTL-GWAS
pairs, and eQTL-meQTL-GWAS triplets. Estimates of a posterior probability of association
(PPA) is provided, reflecting the evidence for a colocalized SNP being causal for the

associations in the GWAS and for the corresponding eQTL and/or meQTL.

4.3.11 Mendelian randomization
To infer causal relationships between DNA methylation and gene expression on asthma risk for
colocalized triplets, we performed Mendelian randomization (MR), a method in which genetic
variation associated with modifiable exposures (i.e. DNA methylation) can be used as an
instrumental variable to estimate the causal influence of an exposure on an outcome (i.e. DNA
methylation on gene expression) [198]. We applied a two-stage least squares regression (2SLS)

regression using the ivreg2 function [199] in R (https://www.r-bloggers.com/an-ivreg2-function-

for-r/) to estimate the effects of DNA methylation (exposure) on gene expression (outcome) in
each treatment condition, and used the QTL SNP in the co-localized triplets (eQTL-meQTL-

GWADS) to assess the causal effects of DNA methylation on gene expression.

4.4 Results

4.4.1 Genome-wide cis-eQTLs and cis-meQTLs mapping in cultured airway epithelial cells
We performed eQTL and meQTL mapping using gene expression and DNA methylation data
from the same cells. The numbers of SNPs associated with gene expression for at least one gene

(eQTLs) and genes with at least one eQTL (eGenes), in any treatment, are summarized in Fig
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S4.5A; the number of SNPs associated with methylation levels at one or more CpG sites
(meQTLs) and CpG sites with at least one meQTL (meCpGs), in any treatment, are shown in Fig
S4.5B. Overall, we identified 60,428 eQTLs (40,354 and 37,566 from the vehicle- and RV-
treated cells, respectively) associated with 1,710 genes, and 429,725 meQTLs (302,896 and
283,474 from the vehicle- and RV-treated cells, respectively) associated with DNA methylation
at 38,942 CpGs.

Because each gene/CpG-variant pair was tested for a linear regression slope that
significantly deviated from 0, the estimated effects for the molecular QTLs reflects both the
single-SNP effects of each molecular QTL as well as those that are in linkage disequilibrium
(LD). Accordingly, these analyses do not differentiate between causal molecular QTLs from

those in LD with the QTL.

4.4.2 Estimating shared and condition-specific molecular QTL effects

We first explored the impact of RV exposure on eQTLs and meQTLs by comparing RV-treated
to vehicle-treated results to identify condition-specific eQTLs. For this, we analyzed the effect
estimates of the most significant eQTL for each of 11,896 genes and assessed sharing of these
signals among the RV and vehicle treated cells using mash [189] (see Methods). A pairwise
comparison showed that 58.3% of eQTLs were shared between RV and vehicle treatments,
representing 1,223 eGenes (Fig 4.1A), and the remaining 41.5% of eQTLs were specific to the
vehicle-treated (471 genes) or RV-treated (409 genes) cells. These potentially represent
functional genetic variants that modify responses to viral exposure in AECs. Examples of
treatment-specific eQTLs are shown in Fig 4.1B.

The effect estimates of the most significant meQTL for each of 792,392 CpG sites were

used to identify condition-specific DNA methylation effects, as described above for eQTLs. A
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pair-wise analysis of meQTLs revealed that 89.9% of meQTLs were shared between vehicle and
RV treatments, representing 48,189 meCpGs, defined here as CpGs with at least one meQTL at a
1fsr<0.05 (Fig 4.1C), revealing a much greater proportion shared meQTLs than those observed
for eQTLs. Examples of the 21,295 treatment-specific meQTLs are shown in Fig 4.1D. In total,

we identified 471 and 409 eGenes (Ifsr<0.05) that were specific to vehicle
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Figure 4.1 Molecular effects sharing across treatment conditions (Ifsr<0.05). Venn diagrams of eGenes (A) and meCpGs (C)
shared between vehicle- and RV-treated airway epithelial cells. Forest plots showing examples of RV- (left) and Vehicle-specific
(right) eQTLs (B) and meQTLs (D).



or RV treatment, respectively, and 11,281 and 10,014 meCpGs that were specific to vehicle-

treated or RV-treated cells, respectively.

4.4.3 Molecular QTLs in the airway epithelium are enriched for asthma GWAS SNPs
To assess whether the 490,151 molecular QTLs identified in our study (i.e., the union of eQTLs
and meQTLs from each treatment condition at FDR<0.05) are enriched for asthma GWAS
variants and whether these enrichments show tissue specificity, we first extracted summary
statistics from publicly available GWAS data for asthma, including childhood onset and adult
onset asthma GWASs in British white individuals [13] and a multi-ethnic asthma GWAS [11],
for two allergic diseases (hay fever/allergic rhinitis and eczema/atopic dermatitis [193]), and for
four diseases without known allergic or immune etiologies (Alzheimer’s disease [194], atrial
fibrillation [195], height [196], and neuroticism [197]). These analyses revealed statistically
significant enrichments (OR>1 and FDR-adjusted P-value<0.05; see Methods) for SNPs from all
three asthma GWAS among the molecular QTLs (eQTLs and meQTLs) at each of four GWAS
thresholds (Table 4.1), consistent with the strong epithelial cell involvement in asthma in general
and with childhood onset asthma in particular. We also observed significant enrichments among
the molecular QTLs for each of the two allergic disease GWASs, also consistent with the central
role of epithelial cells in the regulation of allergic diseases [200] and the shared genetic
architecture of asthma with these diseases [79]. In contrast, there were no significant enrichments
for SNPs from the other GWASs among the epithelial cell molecular QTLs, with exception of
the neuroticism GWAS SNPs, which were enriched among the epithelial cell QTLs at three of
the four GWAS thresholds. Overall, these results highlight the specific enrichment of asthma and
allergic disease GWAS SNPs among airway epithelial molecular QTLs compared to SNPs from

GWASSs of diseases without known epithelial cell involvement.
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Table 4.1 Enrichment estimates of airway epithelial cell eQTLs and meQTLs for GWAS SNPs. P-
values and diseases that are significant after FDR correction (see Methods) are shown in bolded type

(FDR<0.05).

GWAS News Nowros  Nowat  qoons  OR P Paai
Alzheimer’s Disease [45] 47,793 328,320 376,311 1x10° 0.68 2.25x10"  2.61x10"
1x10°¢ 0.6 2.22x10"  2.61x10"
1x107 0.64 3.51x10"  3.72x10
1x10® 0.46 1.91x10"  2.37x10
2 | Atrial Fibrillation [46] 60,620 970,216 1,030,836  1x10° 1.19 3.62x10"  3.72x10"
% 1x10° 1.17  520x10"  5.20x10"
2 1x107 141 234x10"  2.63x10"!
.g 1x10° 17 125x107  1.73x10°
o Height [47] NA NA 253,288 1x10° 1.23 2.49x10"  2.72x10"
5 1x10° 138  143x107  1.91x10"
<E 1x107 1.5 1.22x107  1.73x10"
> 1x10® 1.51 1.56x10"  2.01x10™
Neuroticism [48] 130,664 330,470 461,134 1x107 1.5 3.58x10%  5.37x107
1x10°¢ 1.98 1.01x10>  1.58x107
1x107 3.53 2.03x10°  3.94x10°
1x10® 8.64 9.26x10*  1.96x10°
i Hay Fever, 26,910 83,424 110,334 1x10°° 4.82 1.55x10°  9.30x10°
§ Allergic Rhinitis [192] 1x10°¢ 7.32 5.50x10°  2.48x10*
(3 (multi-ethnic) 1x107 5.39 3.20x10°  5.49x10°
g 1x10® 9.63 2.36x10°  4.25x10°
é’ Atopic Dermatitis [193] 11,025 40,398 51,423 1x10°° 3.86 7.45x10*  7.37x10*
= 1x10°¢ 4.54 5.47x10°  2.04x10*
g 1x107 6.35 5.51x10°  3.38x10*
< 1x10® 7.96 1.72x107  3.11x10°
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Table 4.1 Enrichment estimates of airway epithelial cell e€QTLs and meQTLs for GWAS SNPs
(Continued). P-values and diseases that are significant after FDR correction (see Methods) are shown in
bolded type (FDR<0.05; continued).

Asthma GWAS

Asthma [10] 23,948 118,538 142,486
(multi-ethnic; all ages
of onset)

Adult Onset Asthma [1] 21,564 318,237 339,801

Childhood Onset 9,433 318,237 327,670
Asthma [1]

1x10°
1x10°¢
1x107
1x10°
1x10°
1x10°¢
1x107
1x10°
1x10°
1x10°¢
1x107
1x10°

4.64
6.95
6.44
5.16
7.14
8.06
11.7
31.8
2.83
4.63
4.77
4.36

1.25x10™
1.16x10™
2.08x10°
8.99x10°
8.94x107
1.44x10™
3.87x10™
1.83x10™
3.46x10°°
1.14x107
4.35x10°°
9.17x10%

3.75x10*
3.75x10*
3.94x10°
1.47x107
1.61x10°
3.99x10™
8.71x10*
4.71x10™
3.11x10°
4.10x10°¢
3.13x10°
3.38x10™




To further assess the specificity of airway epithelial molecular QTLs to asthma, we
compared GWAS SNP enrichments among the eQTLs in our study to those from tissues that are
not known to be involved in asthma. Comparable cross-tissue data for meQTLs were not
available. We tested for enrichment of asthma GWAS SNPs among eQTLs (FDR<0.05) in five
different tissues from the GTEx database (adrenal, frontal cortex, hypothalamus, ovary, testis)
[75], and compared them to enrichments among the epithelial cell eQTLs from our study. We
observed a significant enrichment (OR>1 and FDR-adjusted P<0.05) of childhood onset asthma
(Table 4.2) and TAGC (Table S4.1) GWAS SNPs among the epithelial cell eQTLs at all GWAS
P-value thresholds <1x107%, while enrichments for adult onset asthma GWAS SNPs among the
epithelial cell eQTLs were not observed at any GWAS threshold (Table S4.2). Except for the
hypothalamus, which showed some enrichment at P<107, no other enrichments of asthma
GWAS SNPs were observed among eQTLs in other tissues, further supporting the specificity of
our model and previous studies suggesting that epithelial barrier defects underlie risk for

childhood onset, but not adult onset, asthma [13, 184, 185].

Table 4.2 Enrichment estimates of eQTLs for childhood onset asthma GWAS SNPs from
six tissues. Significant P-values after FDR correction are shown in bolded type (FDR<0.05).
Results for TAGC and adult onset asthma are shown in Tables S4.1 and S4.2, respectively.

Tissue Tﬁl“:;ﬁ(?l d OR P Pag; N Nesne
Adrenal 1x10° 1.31 2.15x10™ 4.69x10™! 175 588,348
1x10°° 1.00 9.98x10™ 9.98x10™
1x107 0.75 4.22x10™ 5.33x10"
1x10® 1.04 9.13x10" 9.53x10"
Brain - Frontal Cortex 1x107 1.71 2.41x107 9.64x107 118 367,312
1x10°® 1.32 3.60x10" 5.22x10"
1x107 1.23 5.69x10" 6.83x10"
1x10® 1.46 3.37x10" 5.22x10"
Brain - Hypothalamus 1x10° 2.25 1.21x10° 9.68x10° 108 251,506
1x10°® 1.70 1.07x10™ 2.85x10™
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Table 4.2 Enrichment estimates of eQTLs for childhood onset asthma GWAS SNPs from six
tissues. Significant P-values after FDR correction are shown in bolded type (FDR<0.05).
Results for TAGC and adult onset asthma are shown in Tables S4.1 and S4.2, respectively
(continued).

1x10-7 1.68 1.78x10-1 4.27x10-1
1x10-8 1.62 2.70x10-1 4.98x10-1
Ovary 1x10-5 1.65 5.51x10-2 1.89x10-1 122 292,461
1x10-6 1.34 3.70x10-1 5.22x10-1
1x10-7 0.94 8.86x10-1 9.53x10-1
1x10-8 0.80 6.80x10-1 7.77x10-1
Testis 1x10-5 0.80 2.40x10-1 4.80x10-1 225 1,358,512
1x10-6 0.69 1.04x10-1 2.85x10-1
1x10-7 0.80 4.10x10-1 5.33x10-1
1x10-8 0.75 3.28x10-1 5.22x10-1
Airway Epithelial Cells 1x10-5 3.68 2.83x10-5 6.79x10-4 104 185,407
1x10-6 3.28 2.83x10-3 1.69x10-2
1x10-7 4.11 8.91x10-4 9.68x10-3
1x10-8 3.91 6.16x10-3 2.96x10-2

4.4.4 Molecular QTL co-localizations with asthma risk loci

Integrating molecular QTLs with GWAS data is a powerful way to identify functional variants
that may ultimately influence disease risk [201, 202] and to assign function to known disease-
associated variants. We hypothesized that integrating molecular QTLs from RV- and vehicle-
exposed epithelial cells with results of GWASs for adult onset and childhood onset asthma
would reveal genetic and epigenetic mechanisms that modulate risk for childhood and/or adult
onset asthma. Co-localization approaches directly test whether the same genetic variant (or
variants in LD) underlie associations between two or more traits (e.g., gene expression and
asthma), providing clues to causal disease pathways.

Using this approach, we found evidence for a total of 46 unique multiple trait co-
localizations (Table 4.3; Table S4.3). Eleven co-localizations were detected with adult onset

asthma GWAS SNPs, of which all were meQTL-GWAS pairs (11 different CpGs). In contrast,
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37 co-localizations were detected with childhood onset asthma GWAS SNPs, including 22
eQTL-meQTL-GWAS triplets (13 different genes and 19 different CpGs), five eQTL-GWAS
pairs (five different genes), and 10 meQTL-GWAS pairs that were also identified in the adult
onset asthma GWAS. Ten co-localizations were detected with the TAGC GWAS SNPs,
including two eQTL-meQTL-GWAS triplets (two different genes and two different CpGs from
the childhood onset results), and eight me-QTL-GWAS pairs associated with eight CpGs, one of
which overlapped with those detected in the other two GWASs (Table 4.3). Overall, only a
single co-localization was specific to adult onset asthma. Although the triplets identified in the
TAGC GWAS were not the same as those identified in the childhood onset GWAS, a gene
(ERBB2) and CpG (cgl10374813) were associated with triplets in both of these GWASs. Overall,
these colocalizations involved 33 SNPs at 17 loci, 14 genes, and 36 CpGs. Moreover, the
combined data show that the colocalizations of molecular QTLs in airway epithelial cells with
the adult onset asthma GWAS SNPs are subsets of the colocalizations in the childhood onset
asthma GWAS SNPs. The largest number of co-localizations for childhood onset asthma GWAS
SNPs is consistent with both the observation that genes at the childhood onset asthma loci were
most highly expressed in skin, an epithelial cell type [13] and the enrichment of childhood onset
asthma GWAS SNPs among epithelial cell eQTLs in our study. Two examples of co-

localizations at prominent asthma-associated loci are described in the following sections.

Table 4.3 Number of QTL-GWAS pairs or triplets with evidence of co-localization
(PPA>0.50).

GWAS ‘g,&;‘ﬁgﬁs ¢QTL-GWAS  meQTL-GWAS
Adult onset asthma 0 0 11
Childhood onset asthma 22 5 10
Asthma (multi-ethnic; all ages of onset) 2 0 8
Combined (union of co-localizations) 24 5 17
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4.4.5 meCpGs at TSLP co-localize with an asthma risk variant
To more deeply characterize the co-localizations, we first focused on shared meQTL-GWAS
pairs in all three GWASs. Three of these 11 pairs in the adult and childhood onset GWAS and
one of 8 in the TAGC GWAS included an intergenic SNP (rs1837253) located 5.7 kb upstream
from the transcriptional start site (TSS) of the TSLP gene on chromosome 522, encoding an
epithelial cell cytokine that plays a key role in the inflammatory response in asthma and other
allergic diseases [203]. rs1837253 co-localized with three meQTLs (cg10931190, cg15089387,
cg15557878) in both the adult onset asthma (powas = 2.77x1071%), childhood onset asthma (pGwas

=2.33x10"7), and TAGC GWASSs (pawas= 2.03x102%; Fig 4.2; Fig S4.6).
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Figure 4.2 Co-localization of rs1837253 with DNA methylation levels for cg15557878 at
TSLP. rs1837253 (red vertical bar, upper panel) is associated with DNA methylation levels at
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Figure 4.2 Co-localization of rs1837253 with DNA methylation levels for cg15557878 at
TSLP. (continued) cgl15557878 (orange vertical bar, upper panel). Box plots show DNA
methylation levels (y-axes) for meCpGs by rs1837253 genotype (x-axes) in the vehicle (f = -
0.25; 95% CI -0.21, -0.30), and RV (8 =-0.26; 95% CI -0.21, -0.30) treatment conditions (lower
panel). Purple vertical bars indicate the location of the remaining meCpGs co-localized with
rs1837253, which was associated with asthma in all three GWASSs used in the co-localization
studies (powas < 107'?). P-values and FDR adjusted P-values (Pagj) are shown in each box plot.
The meCpGs are located in the first (untranslated) exon (5’ UTR) of the TSLP gene, a
region characterized as a promoter in normal human epidermal keratinocyte cells (NHEK;
ROADMAP). In fact, rs1837253 was the sentinel SNP at this locus in GWASs of asthma (e.g.
[13, 204]) and of moderate-to-severe asthma [205]. In our study, the rs1837253-C asthma risk
allele was associated with hypermethylation of cg15557878 in primary cultured AECs (Fig 4.2),
but was not associated with the expression of 7SLP in either treatment condition (not shown).

The co-localization of rs1837253 with an meQTL (cg15557878) in three separate asthma
GWASSs provides robust support for DNA methylation effects on asthma risk at this locus.

4.4.6 Multi-trait co-localizations of molecular QTLs and asthma risk at the

17q12-21 asthma locus

To further explore the possibility that some mechanisms of asthma risk are exposure-specific, we
focused on the co-localizations of eQTLs and meQTLs with asthma-associated SNPs at the
17q12-21 (17q) locus, the most significant and most highly replicated locus for childhood onset
asthma (reviewed in [28]). This locus is characterized by high LD across a core region of 150 kb,
encoding at least 4 genes (including ORMDL3 and GSDMB). SNPs extending both proximal
(including PGAP3 and ERBB?2) and distal (including GSDMA) to the core region show less LD
with those in the core region and have been implicated as potentially independent asthma risk

loci. Previous studies have shown that SNPs at this extended locus are eQTLs for at least four

genes (ORMDL3, GSDMB, GSDMA, PGAP3) in blood and/or lung cells [28] and that genotype
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effects on risk for childhood onset asthma are modified by early life wheezing illness in general
[67, 206], and RV-associated wheezing illness in particular [12].

We identified four co-localizations at this locus (Fig 4.3). One co-localization in the core
region was identified only in the TAGC GWAS, and three at the distal end of the 17q locus was
identified in both the childhood onset and TAGC GWASs. The TAGC co-localization was an
meQTL-GWAS pair that was associated with cg10374813 and the three in both TAGC and the
childhood onset asthma GWASs were eQTL-meQTL-GWAS triplets associated with two genes
(ORMDL3 and ERBB?2) and two CpGs (cgl18711369 and c¢g2270401). The TAGC triplet was co-
localized only in RV-treated cells, and included an eQTL for ORMDL3 (TAGC pgwas= 6.20x10
4. PPA>0.50; Fig 4.3A-B). The SNP (rs9303281) associated with this co-localization was
located within the GSDMB gene body and the CpG (cg18711369) was located within the
ORMDL3 gene body (approximately 7.14 kb from rs9303281). The co-localized SNP is in LD
(*>0.85 in the 1000 Genomes CEU reference panel) with other previously reported asthma-
associated GWAS SNPs in this region (see [28]), including some that were reported as eQTLs
for ORMDL3 and GSDMB, primarily in resting blood immune cells. Although the ORMDL3 co-
localization was identified only in the RV-treated cells, an eQTL for this gene was also detected
in the vehicle treatment. These data indicate that the asthma risk allele (A) is associated with
decreased DNA methylation (Fig 4.3D-E) and increased expression of ORMDL3 in both vehicle
and RV-treated cells. However, whereas ORMDL3 expression significantly decreased after
exposure to RV (Fig 4.3C), DNA methylation levels at cg18711369 remains unchanged with RV
infection (Fig 4.3F), consistent with our earlier observation of relatively few treatment-specific

meQTLs.
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Figure 4.3 Co-localization pairs at the 17q asthma susceptibility locus. Upper panel: Box
plots for the co-localized ORMDL3 eQTL in cultured airway epithelial cells treated with vehicle
(A; B =0.06;95% C10.07, 0.04) and RV (B;  =0.06; 95% CI 0.08, 0.05). ORMDL3 gene
expression decreases after treatment with RV (C). Box plots of the cg21230266 meQTL treated
with vehicle (D) and RV (E), and methylation levels at cg21230266 (F). The meQTLs and
overall methylation levels are similar in vehicle and RV treatments. P-values and FDR adjusted
P-values (Pagj) are shown in each box plot. Lower panel: The extended 17q12-21 locus. Co-
localizations are shown by the vertical colored lines. Solid lines indicate the position of the
colocalized SNP. Dashed lines indicate the location of meCpG pairs. Traits of the same co-
localization are shown in the same color. The eQTL-meQTL-GWAS co-localization for
ORMDL3 is shown in orange, and the eQTL-meQTL-GWAS co-localization for ERBB? is
shown in green.
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The remaining two eQTL-meQTL-GWAS triplets spanned the entire locus (Fig 4.4A,
upper panel), included two eQTLs for ERBB2, which is located at the proximal end of the locus,
more than 290 kb from the two co-localized asthma risk variants rs2270401 (childhood onset)
and rs2302774 (TAGC) that are in strong LD (r’=0.94 in CEU) and one co-localized meCpG
(cg10374813) in an intron of MED24 (Fig 4.4A, middle panel). MED24 is located beyond the
extended 17q12-21 locus as previously defined [28], in a region characterized by ROADMAP as
an enhancer and in NHEKSs. The eQTLs for ERBB2 with both SNPs are observed only after
exposure to RV (Fig 4.4A middle and lower panels show results for rs2270401), although the
meQTLs are present in both vehicle and RV treated cells (Fig 4.4B upper and lower panels,
respectively). The asthma risk alleles in the childhood onset asthma (rs2270401-A) and TAGC
(rs2302774-G) GWASs were associated with increased DNA methylation of cg10374813 in both
conditions and decreased ERBB2 expression only in RV-treated cells. Overall ERBB2 expression
decreased in response to RV exposure in AECs (Fig 4.4D). The observation that the meQTL for
cgl0374813 is observed in both conditions suggests an epigenetically poised chromatin state at
the distal end of the locus that directly affects transcription of ERBB2 at the proximal end of the
locus after exposure to RV, and possibly to other viruses.

The >290 kb distance between the promoter of ERBB2 and its eSNPs (rs2270401,
rs2302774) suggests a long-range interaction between ERBB?2 and the region harboring both
cg10374813 and the asthma-associated SNPs (rs2270401, rs2302774). To examine this
possibility, we used promoter capture Hi-C (pcHi-C) data from ex vivo primary bronchial
epithelial cells (n=8) [87]. These data revealed four chromatin-chromatin interactions (or loops)
between the MED24 gene and the ERBB2 promoters (Fig 4.5). These data provide empiric

support for our co-localization results suggesting a potential epigenetic mechanism at the
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MED24 locus that impacts the expression of ERBB2 and highlights a broad regulatory landscape

across the 17q12-21 asthma locus.
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Figure 4.4 Co-localization of rs2270401 with ERBB?2 expression and DNA methylation
levels for cg10374813. (A) LocusZoom plots of childhood onset GWAS results at the 17q locus
showing the ERBB?2 gene at the proximal (left) end of the locus and the co-localized eQTL
(rs2270401) at the distal (right) end of the locus. The SNP (rs2270401), which colocalized with
associations for childhood onset asthma, ERBB2 expression, and DNA methylation at
cgl0374813, is shown as a purple diamond in each of three LocusZoom plot. Upper panel:
childhood onset asthma GWAS (modified from Pividori et al. 2019). Middle panel: ERBB2
eQTLs for vehicle-treated cultured airway epithelial cells. The association for ERBB2 gene
expression and rs2270401 for the vehicle treatment is shown in the box plot (8 = -1.16x1073;
95% CI -6.40x1073, -8.73x1073). Lower panel: ERBB2 eQTLs for RV-treated airway epithelial

80



Figure 4.4 Co-localization of rs2270401 with ERBB?2 expression and DNA methylation
levels for c¢g10374813. (continued) cells. Boxplots for ERBB2 gene expression by rs2270401
genotype is shown within the middle and lower LocusZoom plots. The association of ERBB?2
gene expression and rs2270401 for the RV treatment is shown in the box plot (5 = 0.03; 95% CI
0.04, 0.02). (B) Boxplots for cg1037813 meQTLs in vehicle-treated (upper panel; § =-0.07;
95% CI -0.07, -0.09) and RV-treated (lower panel; § =-0.10; 95% CI -0.07, -0.12) cultured
airway epithelial cells. (C) ERBB2 gene expression in vehicle-treated and RV-treated cells. P-
values and FDR adjusted P-values (Pagj) are shown in each box plot.
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Figure 4.5 pcHi-C Interactions with ERBB2 and MED24 from ex vivo bronchial epithelial
cells. pcHi-C interaction map indicating chromatin interactions (green arcs) between ERBB2 and
MED?24. The looping is occurring between the MED24 gene and the ERBB2 promoters. Solid
green vertical lines indicate the SNPs associated with the co-localized triplet from the childhood
onset asthma (rs2270401) and TAGC (rs2302774) GWASs. The dashed vertical line shows the
location of the CpG associated with this triplet. A Capture Hi-C Analysis of Genomic
Organisation (CHiCAGO) score > 5 was considered as evidence for chromatin interactions
(range for the four loops: 5.02-7.02).

4.4.7 Mendelian randomization of multi-trait co-localized triplets
Co-localization analyses reveal genetic variants that are associated with both asthma and
molecular traits (gene expression and/or DNA methylation) but the question of causality between
the molecular traits remains unanswered. To estimate whether the effects of the asthma risk
variant on gene expression is mediated by DNA methylation in co-localized triplets, we
performed Mendelian randomization (MR) for each of the 24 triplets using a two-stage least
squares regression model (2SLS) [199]. In each case, MR suggested a causal relationship

between methylation and gene expression, indicating that the genotype effect at each of the co-
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localized SNPs on gene expression is mediated by DNA methylation at the co-localized meCpG
(Table 4.4). Moreover, four of the 20 co-localizations were significant only in the RV-treated
samples. Two of the RV-specific triplets involved ERBB?2 at the 17q12-21 locus, as discussed
above Two other RV-specific triplets were located on chromosome 11. Although the SNPs
associated with these co-localizations (rs11227318, rs10791827) were in high LD, they were
associated with two different genes (RBM14, PACSI) and two different CpGs (cg15531562,
cgl5531562).

The results of the MRs provide evidence for the co-localization of the triplets and novel
evidence for causal inference with respect to the co-localized molecular traits (the estimated
effect of DNA methylation on gene expression). These data also reinforce arguments for
epigenetic mechanisms modifying gene expression, and potentially asthma risk, in response to

environmental exposures [207, 208].

4.5 Discussion

One of the major challenges of complex disease genetics is to uncover molecular mechanisms of
pathogenesis and to understand how genetic and environmental factors interact to influence risks
for disease. While GWASs have identified thousands of SNPs associated with disease
phenotypes, interpretation and downstream follow-up studies have been challenging [209]. Cell
models can advance our understanding of disease pathobiology through experimental testing of
disease mechanisms in a controlled environment. In this multi-omics study, we leveraged an
AEC model of microbial response to identify potentially functional variants, some of which have
context-specific effects on transcriptional and epigenetic responses, and molecular mechanisms
of disease. We show that asthma and allergy GWAS SNPs were specifically enriched among

molecular QTLs in AECs compared to NPs from non-asthma/allergy GWASs, and among AEC
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Table 4.4 Mendelian randomization results of gene expression and DNA methylation identified from
co-localization triplets. We considered the relationship between DNA methylation and gene expression to
be causal if the adjusted P-value < 0.05.

Vehicle RV
SNP Slyghlzf’lfgsl)on CpG Gene P Pa P Pa
1s34372395  1:152167407  ¢gl15025200  FLG-ASI <1x10° <1.19x10° <1x10°  <2.78x107
1s34372395  1:152167407  cg23107878  FLG-ASI 1x107? 1.19x10°  <1x10°  <2.78x10?
151552994 1:152171461  ¢cg09127314  FLG-ASI <1x10° <1.19x10° <1x10°  <2.78x107
151552994 1:152171461  ¢cg21280320  FLG-ASI <1x10° <1.19x10° <1x10°  <2.78x107
151552994 1:152171461  ¢g02754945  FLG-ASI 1x107? 1.79x10°  <1x10°  <2.78x10?
151552994 1:152171461  ¢g26320663  FLG-ASI 1x107? 1.79x10°  <1x10°  <2.78x10?
151552994 1:152171461  ¢cgl3498757  FLG-ASI 2x107? 3.13x10° < 1x10°  <2.78x107
157545406 1:152193286  ¢g26879891 FLG <1x10° <1.19x10° <1x10°  <2.78x107
152689273 3:121631451  ¢gl9216788  SLCI542 1x107? 1.79x10? 2x107? 2.78x107
159822474 3:121637966  ¢cg07193051  SLCI542 <1x10° <1.19x10°  2x107 2.78x107
1s351855 5:176520243  ¢g19956155  FGFR4 2.1x10%  2.76x10% < 1x10°  <2.78x107
1s3807306 7:128580680  cg26616347 IRF5 <1x10° <1.19x10° <1x10°  <2.78x107
rs11227318  11:65592935  ¢gl15531562  RBM4B 1x107? 1.79x10° 5x1072 5x1072
*rs11227318  11:65592935  ¢gl15531562 ~ RBM14 1.15x10"  1.31x10" <1x10°  <2.78x107
110791827  11:65596546  ¢gl15531562  EFEMP?2 <1x10° <1.19x10° 1.60x102 1.74x107
*rs10791827  11:65596546  cg15531562 PACSI 8.29x10"  8.29x10" 1x107? 1.56x10°
159303281 17:38074046  ¢cgl8711369  ORMDL3 1x107? 1.79x10° 1x107? 1.56x10°
*rs2270401  17:38176256  cg10374813 ERBB?2 7.21x10"  7.84x10" 1x107? 1.56x10°
*rs2302774  17:38183090  cg10374813 ERBB?2 7.70x10"  8.02x10"! 5x107 5.95x107
151029792 17:38808941  ¢cg26165421 SMARCEI ~ 2.10x10%  2.76x10%  <1x10°  <2.78x10?
157223354 17:38824672  ¢g02645492  SMARCEI  3.60x10%  4.29x107 1x107? 1.56x10°
15132920 22:41810170  ¢g19274703 ACO2 2x107? 3.13x107 5x107 5.95x107
159607819 22:41958862  ¢cg07830128 PMM]I 4x1073 5.88x107 5x107 5.95x107
155758461 22:42162189  ¢cgl10386501 PMM]I 3.10x10?  3.88x107  2.40x102 2.50x107

*Treatment-specific causal effects (FDR<0.05)



eQTLs compared to eQTLs from other tissues. Finally, SNPs that were molecular QTLs in our
study co-localized with asthma GWAS SNPs, revealing 46 unique co-localizations that included
both known asthma loci (e.g., 17q12-21 and 7SLP) and loci that did not meet stringent criteria
for genome-wide significance in the GWASs (e.g., IRF5 and PMM]1) (Table S4.3).

The results of enrichment analyses further highlighted the important role of airway
epithelium in asthma pathogenesis. The enrichment of childhood onset asthma and TAGC
GWAS SNPs among epithelial eQTLs is particularly noteworthy, as it identified a long-range
epigenetic mechanism at the 17q12-21 locus that had not been previously described. These
results are consistent with previous studies suggesting that functional variants from disease-
relevant tissues are more enriched among GWAS loci for those diseases [72, 210, 211]. The
absence of enrichment of adult onset asthma GWAS SNPs among epithelial eQTLs may be due
to the overall smaller effect sizes of SNPs at adult onset asthma loci compared to childhood onset
asthma loci, to the less important role of epithelial cells in the pathophysiology of adult onset
asthma, or to the greater heterogeneity and lesser heritability of adult onset asthma [13]. While
we did not observe an enrichment of adult onset asthma GWAS SNPs among AEC eQTLs, SNPs
were enriched among AEC molecular QTLs when we considered both eQTLs and meQTLs. This
suggests that DNA methylation may be a relatively more important contributor to adult onset
compared to childhood onset asthma, consistent with both the greater environmental
contributions to adult onset asthma [13] and the more stable nature of DNA methylation across
treatments in our study and possibly over time (e.g., [161]). Other differences between the adult
onset and childhood onset asthma GWASs were observed. For example, 11 co-localizations were
detected with adult onset asthma GWAS SNPs, compared to 39 with childhood onset asthma

GWAS SNPs. None of the co-localizations in the adult onset GWAS included an eQTL
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compared to 28 childhood onset co-localizations with eQTLs; and the 11 meQTL-GWAS pairs
in the adult onset asthma GWAS were also present in the childhood onset asthma GWAS. These
differences were additionally surprising because although there were 2.5-times the number of
loci associated with childhood onset asthma compared to adult onset asthma in the GWASs [13],
there were over 3.5-times more co-localizations in the childhood onset compared to the adult
onset GWAS (39 vs. 11, respectively). These observations likely reflect the more important role
of gene regulation and dysregulation in airway epithelium in the etiology of childhood onset
asthma compared to adult onset asthma [184, 185]. Focusing on other asthma relevant tissues or
cells (e.g., immune cells, airway smooth muscle cells) might reveal additional novel molecular
mechanisms and differences between childhood onset and adult onset asthma. As with the adult
onset asthma GWAS, there were fewer co-localizations using the TAGC GWAS compared to the
childhood onset asthma GWAS (10 vs. 39, respectively). This is maybe be due to the inclusion
of all ages of asthma onset and multiple ethnicities, fewer reported genome-wide significant loci,
and/or smaller effect sizes of the associated alleles in the TAGC GWAS. These combined factors
may have reduced the power to identify co-localizations with the TAGC GWAS SNPs. The
enrichments of AEC molecular QTLs with neuroticism GWAS SNPs and of asthma GWAS
SNPs with hypothalamus eQTLs were unexpected but may reflect the greater than expected co-
occurrence of asthma and neuroticism [212, 213] and hypothalamic-pituitary-adrenal axis
influence on the development of neuroticism [214, 215]. Whether these observations are due to
the co-occurrence of these conditions or a shared genetic architecture cannot be discerned from
our studies.

Our study provided mechanistic evidence for associations between GWAS SNPs and

asthma at two important loci: the 7SLP and 17q12-21 loci. SNPs at the TSLP locus have been
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highly replicated in GWASs, and TSLP is recognized as having an important role in asthma
pathogenesis through its broad effects on innate and adaptive immune cells promoting Th2
inflammation [216]. Previous studies have shown 7SLP to be a methylation-sensitive gene, and
hypomethylation at its promoter is associated with atopic dermatitis and prenatal tobacco smoke
exposure [217, 218], two asthma-associated features. Another study showed that the rs1837253-
CC genotype was associated with increased excretion of TSLP in cultured AECs after exposure
to polyl:C (a dsRNA surrogate of viral stimulation) [219]. Through co-localization, we further
showed that the effect of rs1837253 genotype on risk for asthma may be mediated through DNA
methylation levels at CpG sites in the untranslated first exon of the TSLP gene in AECs,
suggesting an epigenetic mechanism of disease that is robust to RV and vehicle treatment and
contributes to both adult and childhood onset asthma. We were unable to identify any SNPs in
LD with rs1837253 (+ 50 kb) with 72> 0.12 in 1000Genomes in European or African ancestry
reference panels, suggesting that this SNP may indeed be the causal asthma SNP at this
important locus.

Since its discovery over a decade ago, the 17q12-21 locus has been an important focus of
asthma research. Several studies have revealed the complex nature of this locus including the
differences in LD structure across populations, and different gene expression patterns and eQTLs
in different asthma-relevant tissues and cell types (reviewed in [28, 180]). Our AEC model of
RV infection revealed additional dimensions of complexity at this locus. For example, we show
that one of the candidate genes in the core region, ORMDL3 [28], is down-regulated by RV in
cultured AECs, and that an eQTL for ORMDL3 co-localizes with a meQTL in a neighboring
gene, GSDMB, and with a TAGC asthma GWAS SNP. This is in contrast to a recent study [180]

in ex vivo upper airway epithelial cells, in which 17q12-21 core region SNPs were eQTLs for
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GSDMB but not ORMDL3, although the co-localized SNP in this study (rs9303281) was not
included in that study. These disparate findings could be due to differences between cultured
cells, which are comprised of basal epithelial cells, and ex vivo cells, which are comprised of
fully differentiated epithelial cells. Nonetheless, our study raises the possibility that
downregulation of ORMDL3 during infection with RV, and potentially other viruses, plays a role
in the strong association of this locus with early life wheezing [12, 67, 220].

Our study further implicates for the first time a gene at the proximal end of this locus,
ERBB?2, in a genetic study of asthma. Co-localization and Mendelian randomization revealed a
novel epigenetic mechanism through which a SNP at the distal boundary of the locus (in
MED?24) was associated with expression of ERBB?2 at the proximal boundary of the locus, only
after exposure to RV. We observed this co-localized triplet in both the childhood onset and
TAGC GWAS:s. Although the co-localizations identified different asthma associated alleles in
each study, which were in strong LD (r?= 0.94; 1000 Genomes CEU reference panel), the same
epigenetic mechanism was supported by both studies. The eQTL effect on ERBB2 expression
only in RV-treated cells was mediated through a differentially methylated CpG site also in
MED?24 at the distal locus, which was present in both treatment conditions and co-localized in
both GWASs (Table S4.3). The SNPs that are eQTLs for ERBB2 in RV infected epithelial cells
were associated with asthma in two GWASs (childhood onset asthma powas = 8.11x102° [13];
TAGC powas = 2.79x10-20 1)) " directly connecting the eQTL for ERBB?2 in RV-treated cells to
asthma risk. The asthma associated alleles, rs2270401-A and rs2302774-G, respectively, were
each associated with decreased expression of ERBB?2 after RV infection (Fig 4.4A), consistent
with results of a study in 155 asthma cases and controls reporting an inverse correlation between

ERBB?2 expression in ex vivo lower AECs and asthma severity [221]. These combined data
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suggest that decreased expression of ERBB2, which is associated with asthma severity, may be
modulated by RV, the most common trigger of asthma exacerbations, via epigenetic mechanisms
involving DNA methylation and long-range chromatin looping between the proximal and distal
ends of this important locus, which was supported by pcHi-C studies.

The significance threshold (p<5x10%) required to control the false discovery rate in
GWAS:s likely excludes many true associations that do not reach this stringent cutoff. However,
distinguishing true from false positive signals for variants among the mid-hanging fruit (e.g., p-
values between 107 and > 10®) can be challenging [222]. We and others have suggested that
these SNPs may be environment- or context-specific associations that are missed in GWASs that
typically do not control for either [222-224]. Notably, over 52% (24 of 46) of the co-
localizations were with a GWAS SNP that did not meet genome-wide significance (five in the
adult onset asthma, 16 in the childhood onset asthma, and three in TAGC GWAS). This may be
due to the variants having exposure-specific, tissue-specific, or endotype-specific effects, which
are heterogeneous among subjects included in GWASs. Therefore, annotating SNPs among the
mid-hanging fruit for functionality provides more confidence to these findings, a more complete
picture of the genetic architecture of asthma, and a model for prioritizing these loci for further
studies.

Although our study provides novel observations about epigenetic mechanisms of asthma
risk alleles, there are some limitations. First, the sample sizes for the eQTL and meQTL studies
were smaller than the sample sizes recommended by moloc (nmin=300) [181]. In such cases,
moloc can miss true co-localizations in QTL datasets. For example, an eQTL-GWAS pair may,
in reality, be an eQTL-meQTL-GWAS triplet that we were under powered to detect. As a result,

the eQTL-GWAS and meQTL-GWAS pairs that we identified could be eQTL-meQTL-GWAS
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triplets or we may have missed other co-localizations entirely. This may be evidenced by the fact
that only a single meQTL co-localized with a GWAS SNP at the 7SLP locus in the TAGC
GWAS, while the same SNP, rs1837253, was co-localized with two additional meQTLs for two
additional CpGs in the childhood and adult onset asthma (Fig S4.6), representing potential
contributors to asthma disease mechanisms that were missed in the TAGC GWAS. Additionally,
the designation of the co-localized triplet with ORMDL3 at the 17q12-21 locus as RV-specific is
also likely related to the reduced power to detect the same co-localization in the vehicle-treated
cells. The fact that the same SNP is an eQTL for ORMDL3 in both vehicle- and RV-treated cells
(Table S4.3), and that the MR results indicated that methylation at cg18711369 mediated
ORMDL3 expression in both the vehicle- and RV-treatments (Table 4.4), suggests that this co-
localization may not in fact be RV-specific. Nonetheless, the 46 unique co-localizations detected
in our study are likely to be real as we were able to replicate many of our findings in two or all
three GWASs, including those for ERBB2 and TSLP, respectively (Table S4.3). Future studies in
larger samples will increase confidence in our findings. Second, we focused on one cell type
(upper airway sinonasal epithelium), two exposures (vehicle and RV), and one epigenetic mark
(DNA methylation). It is possible that other asthma-relevant co-localizations are specific to other
tissues or cell types or to other exposures or culture conditions, and that additional epigenetic
marks, such as those associated with chromatin accessibility, would be additionally informative.
Finally, because of the limited sample size, we did not test for QTLs that differed between
subjects with and without asthma or perform ethnic-specific analyses. As a result, we likely only
identified QTLs that are robust to disease status, and potentially to ethnicity. However, utilizing
the largest sample possible to identify treatment-specific molecular QTLs increased our power to

differentiate molecular responses to RV infection.
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In summary, we identified cis-eQTLs and cis-meQTLs in an AEC model of host cell
response to RV and integrated those data with three large asthma GWASs to assign potential
molecular mechanisms for variants associated with asthma. By combining enrichment studies,
co-localization analysis, Mendelian randomization, and pcHi-C, we provide robust statistical,
and experimental evidence of epigenetic mechanisms in upper airway cells contributing to
childhood onset asthma. We demonstrate that a multi-omics approach using a disease-relevant
cell type and disease-relevant exposure allows prioritization of disease-associated variants and

provides insight into potential epigenetic mechanisms of asthma pathogenesis.
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4.6 Supplementary Information

4.6.1 Supplementary Tables

Table S4.1 Enrichment estimates of eQTLs for TAGC asthma GWAS SNPs from six

tissues. P-values that are significant after FDR correction are shown in bolded type.

Tissue ToWAS - OR P Pu N Nesne
Adrenal 1.00E-05 0.68 3.20E-01 5.12E-01 175 588,348
1.00E-06 0.68 4.00E-01 5.65E-01
1.00E-07 0.62 3.80E-01 5.65E-01
1.00E-08 0.86 7.90E-01 8.24E-01
Brain - Frontal Cortex 1.00E-05 0.53 2.30E-01 5.12E-01 118 367,312
1.00E-06 0.34 1.40E-01 4.00E-01
1.00E-07 0.23 1.50E-01 4.00E-01
1.00E-08 0.31 2.50E-01 5.12E-01
Brain - Hypothalamus 1.00E-05 0.83 7.30E-01 8.24E-01 108 251,506
1.00E-06 0.84 7.70E-01 8.24E-01
1.00E-07 0.35 3.10E-01 5.12E-01
1.00E-08 0.46 4.60E-01 6.13E-01
Ovary 1.00E-05 1.02 9.60E-01 9.60E-01 122 292,461
1.00E-06 1.17 7.40E-01 8.24E-01
1.00E-07 1.30 6.40E-01 8.08E-01
1.00E-08 1.78 3.20E-01 5.12E-01
Testis 1.00E-05 0.38 4.21E-03 1.68E-02 225 1,358,512
1.00E-06 0.18 4.41E-04 3.53E-03
1.00E-07 0.14 1.78E-03 1.07E-02
1.00E-08 0.19 8.51E-03 2.92E-02
Airway Epithelial Cells 1.00E-05 6.12 7.14E-07 1.71E-05 104 185,407
1.00E-06 7.23 1.68E-06 2.02E-05
1.00E-07 5.02 2.35E-03 1.13E-02
1.00E-08 2.17 3.13E-01 5.12E-01
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Table S4.2 Enrichment estimates of eQTLs for adult onset asthma GWAS SNPs from six

tissues. P-values that are significant after FDR correction are shown in bolded type.

Tissue TvAS OR P Pu N Nesne

Adrenal 1.00E-05 0.84 6.78E-01 7.75E-01 175 588,348
1.00E-06 0.73 5.60E-01 7.67E-01
1.00E-07 0.75 6.39E-01 7.67E-01
1.00E-08 0.68 6.19E-01 7.67E-01

Brain - Frontal Cortex 1.00E-05 0.58 3.72E-01 6.38E-01 118 367,312
1.00E-06 0.94 9.17E-01 9.57E-01
1.00E-07 136 6.25E-01 7.67E-01
1.00E-08 1.24 7.76E-01 8.47E-01

Brain - Hypothalamus 1.00E-05 1.98 1.27E-01 4.83E-01 108 251,506
1.00E-06 3.44 8.32E-03 2.00E-01
1.00E-07 3 5.14E-02 4.58E-01
1.00E-08 3.28 6.98E-02 4.58E-01

Ovary 1.00E-05 0.22 1.41E-01 4.83E-01 122 292,461
1.00E-06 0.35 3.04E-01 5.61E-01
1.00E-07 0.50 4.96E-01 7.44E-01
1.00E-08 0 9.93E-01 9.93E-01

Testis 1.00E-05 0.55 7.90E-02 4.58E-01 225 1,358,512

1.00E-06 0.62 2.42E-01 4.84E-01
1.00E-07 0.55 2.13E-01 4.84E-01
1.00E-08 0.49 2.19E-01 4.84E-01

Airway Epithelial Cells 1.00E-05 3.18 1.87E-01 4.84E-01 104 185,407
1.00E-06 1.76 4.54E-01 7.26E-01
1.00E-07 2.44 2.40E-01 4.84E-01
1.00E-08 3.72 9.55E-02 4.58E-01
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Table S4.3 moloc results indicating molecular QTL-GWAS pairs and triplets.

Gene

CpG

Adult onset asthma

€g22356347
cgl10931190
cg15089387
cgl15557878
cg00786977
cgl12606193
cgl17647271
cg25115154
cgl13355032
cg01699148

cg05185748

Childhood onset asthma

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG-ASI1

FLG

FLG

SLCI5A2

SLCI5A2

cg15025200
cg23107878
cg09127314
cg21280320
cg13498757
cg02754945
€g26320663

cg26879891

€g22356347
cgl19216788

cg07193051

rsID

152949661

rs1837253

rs1837253

rs1837253

1572925996

1s9408638

rs10160518

rs11178644

rs3851611

1s9532433

152296860

rs12130219

1rs34372395

1rs34372395

1s1552994

1s1552994

1s1552994

1s1552994

1s1552994

157545406

157545406

152949661

1s2689273

1s9822474

SNP Position

1:167424924

5:110401872

5:110401872

5:110401872

6:90930513

9:6096931

11:76296671

12:71523541

12:71524042

13:40352671

13:99852753

—_

1152162106

—_

1152167407

—_

1152167407

—_

1152171461

—_

1152171461

—_

1152171461

—_

1152171461

—_

1152171461

—_

1152193286

—_

1152193286

—_

1167424924

3:121631451

3:121637966

CpG Position

1:167427500

5:110406506

5:110406661

5:110406049

6:90926599

9:6097201

11:76299819

12:71533408

12:71524030

13:40350843

13:99849620

—_

1152161237

—_

1152161397

—_

1152161683

—_

1152162025

—_

1152161927

—_

1152161885

—_

1152161521

—_

1152191343

1:167427500

3:121633802

3:121633332

GWAS pval

2.28E-06

2.77E-13

2.77E-13

2.77E-13

4.53E-11

1.04E-10

8.88E-09

4.43E-07

4.25E-07

2.52E-05

3.19E-05

9.28E-14

3.46E-14

3.46E-14

3.21E-14

3.21E-14

3.21E-14

3.21E-14

3.21E-14

7.24E-13

7.24E-13

3.32E-05

5.26E-05

7.31E-05

PPA

0.5,0.50
0.5
0.61,0.50
0.81,0.81
0.58
0.53,0.53
0.80,0.80
0.51,0.51
0.68,0.68
0.54

0.53

0.50,0.50
0.73
0.90,0.71
0.50
0.50
0.69
0.77
0.79,0.77
0.52
0.75
0.50,0.50
0.61,0.61

0.54

Risk Allele

—

a

Q >

e

—

Treatment

rv, vehicle
v

rv, vehicle

rv, vehicle
v

rv, vehicle

rv, vehicle

rv, vehicle

rv, vehicle
v

v

rv, vehicle
v
rv, vehicle
v
v
v
v
rv, vehicle
v
v
rv, vehicle
rv, vehicle

vehicle

eQTL p-values

rv.eqtl
npval

4.30E-06
4.31E-06
4.31E-06
4.31E-06
4.31E-06
4.31E-06
4.31E-06
4.31E-06
3.75E-07

3.75E-07

1.23E-03

1.20E-03

vehrv.etl
npval

2.05E-05
2.04E-05
2.04E-05
2.01E-05
2.01E-05
2.01E-05
2.01E-05
2.01E-05
3.39E-05

3.39E-05

4.97E-06

2.91E-06

meQTL p-value

rv.meqtl
npval

3.38E-05
1.72E-05
7.91E-06
3.63E-04
4.71E-06
6.35E-06
9.16E-08
5.99E-04
1.63E-05
4.30E-07

9.62E-07

1.04E-04
8.90E-06
8.67E-04
7.95E-04
1.61E-04
7.99E-05
6.11E-05

3.85E-04

3.38E-05
8.87E-04

3.61E-01

vehrv.meqtl
npval

8.37E-06
3.87E-05
1.66E-05
1.09E-06
1.97E-04
1.57E-07
1.92E-09
8.96E-06
1.51E-08
2.15E-05

7.51E-05

3.06E-03
6.71E-05
2.47E-03
1.12E-05
7.92E-06
1.59E-04
3.18E-05

1.18E-01

8.37E-06
2.27E-05

6.85E-05
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Table S4.3 moloc results indicating molecular QTL-GWAS pairs and triplets. (continued)

FGFR4

FGFR4

EFEMP2

RBM4B

RBM14

EFEMP2

PACSI1

ERBB2

SMARCEI1

SMARCEI1

ACO2

PMM1

PMM1

TAGC

cgl10931190
cgl15089387
cgl15557878

cgl19956155

cg00786977

€g26616347

cgl12606193

cgl5531562
cgl15531562
cgl15531562
cgl5531562
cgl17647271
cg25115154
cgl13355032
cg05185748
cgl10374813
€g26165421
cg02645492
cg19274703
cg07830128

cg10386501

cg01613557
cgl15557878

cg00255919

rs1837253

rs1837253

rs1837253

rs351855

rs351855

1572925996

1rs3823536

1rs3807306

1s9408638

rs7123155

rs11227318

rs11227318

rs10791827

rs10791827

rs10160518

rs11178644

rs3851611

152296860

152270401

1s1029792

1s7223354

1s132920

1s9607819

1s5758461

rs2071008

rs1837253

rs839

5:110401872

5:110401872

5:110401872

5:176520243

5:176520243

6:90930513

7:128579666

7:128580680

9:6096931

11:65575056

11:65592935

11:65592935

11:65596546

11:65596546

11:76296671

12:71523541

12:71524042

13:99852753

17:38176256

17:38808941

17:38824672

22:41810170

22:41958862

22:42162189

2:102615279

5:110401872

5:131819126

5:110406506

5:110406661

5:110406049

5:176511416

6:90926599

7:128577752

9:6097201

11:65601754

11:65601754

11:65601754

11:65601754

11:76299819

12:71533408

12:71524030

13:99849620

17:38183790

17:38805157

17:38827676

22:41806451

22:41965204

22:42159248

2:102616279

5:110406049

5:131827918

2.33E-27

2.33E-27

2.33E-27

1.04E-06

1.04E-06

3.61E-09

1.03E-04

4.51E-05

2.71E-23

1.11E-05

1.42E-06

1.42E-06

1.40E-06

1.40E-06

1.38E-28

1.57E-07

1.53E-07

7.06E-11

8.11E-29

1.80E-07

1.69E-07

1.23E-06

7.77E-06

1.48E-05

2.07E-06

2.03E-25

1.02E-06

0.50
0.61,0.50
0.81,0.81

0.61

0.74

0.58
0.52,0.52

0.60
0.53,0.53
0.50,0.50

0.50

0.80
0.53,0.98

0.67
0.80,0.80
0.51,0.51
0.68,0.68

0.53

0.56

0.56

0.60
0.57,0.57

0.7,0.70

0.59,0.59

0.56,0.56
0.56,0.56

0.76,0.76

C

C

= > >

Q o o

> > > > > 0

—

a

> Q

v
rv, vehicle
rv, vehicle
v
v
v
rv, vehicle
v
rv, vehicle
rv, vehicle
vehicle
v
rv, vehicle
v
rv, vehicle
rv, vehicle
rv, vehicle
v
v
v
v
rv, vehicle
rv, vehicle

rv, vehicle

rv, vehicle
rv, vehicle

rv, vehicle

4.69E-07

4.69E-07

8.53E-10

2.94E-10

1.35E-03

1.88E-01

1.02E-04

1.21E-03

4.10E-04

1.55E-04

7.71E-05

1.06E-04

4.53E-04

1.60E-03

2.98E-03

5.63E-03

5.63E-03

5.51E-09

1.63E-08

2.76E-06

1.25E-03

9.86E-02

1.01E-06

6.15E-01

8.78E-01

1.28E-02

1.73E-02

2.48E-04

2.22E-05

1.06E-04

1.72E-05

7.91E-06

3.63E-04

2.96E-04

4.71E-06

3.28E-04

6.35E-06

7.51E-07

7.51E-07

6.36E-07

6.36E-07

9.16E-08

5.99E-04

1.63E-05

9.62E-07

2.10E-05

3.29E-05

8.60E-06

7.29E-04

1.01E-02

1.66E-03

2.91E-04

3.63E-04

1.20E-06

3.87E-05

1.66E-05

1.09E-06

2.64E-03

1.97E-04

1.22E-03

1.57E-07

9.43E-07

9.43E-07

8.07E-07

8.07E-07

1.92E-09

8.96E-06

1.51E-08

7.51E-05

3.20E-03

4.82E-04

5.62E-06

1.14E-09

1.06E-06

3.41E-07

2.49E-06

1.09E-06

4.23E-08
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Table S4.3 moloc results indicating molecular QTL-GWAS pairs and triplets. (continued)

ORMDL3

ERBB2

cg21138405
cgl12606193
cg02419362
cg19468883
cgl18711369
cgl10374813

cgl10374813

rs839

rs437389

1s668622

1s668622

1s9303281

1s2302774

152302774

5:131819126

9:6099531

12:121198299

12:121198299

17:38074046

17:38183090

17:38183090

5:131827807

9:6097201

12:121203948

12:121198447

17:38081186

17:38183790

17:38183790

1.02E-06

8.92E-12

4.39E-06

4.39E-06

6.20E-45

2.79E-20

2.79E-20

0.71,0.71

0.67,0.67
0.61

0.59,0.59
0.62
0.67

0.75

T

Qa o » o Q

rv, vehicle

rv, vehicle
v

rv, vehicle
v
v

v

1.10E-04

5.75E-04

3.91E-04

9.49E-01

5.21E-09

3.83E-05

1.08E-06

9.54E-06

6.62E-05

1.66E-06

1.66E-06

2.22E-09

5.17E-07

2.09E-05

1.28E-06

3.80E-03

1.16E-03

1.16E-03
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Table S4.4 Asthma GWAS risk allele effects on gene expression and DNA methylation.

Gene

CpG

Adult onset asthma

€g22356347
€g22356347
cgl10931190
cg15089387
cg15089387
cgl15557878
cgl15557878
cg00786977
cg12606193
cg12606193
cgl17647271
cgl17647271
cg25115154
cg25115154
cgl13355032
cgl13355032

cg05185748

Childhood onset asthma

FLG-ASI

FLG-ASI

FLG-ASI

FLG-ASI

FLG-ASI

FLG-ASI

cg15025200
cg23107878
cg23107878

cg09127314

rsID

152949661
152949661
rs1837253
rs1837253
rs1837253
rs1837253
rs1837253
1572925996
1s9408638
159408638
rs10160518
rs10160518
111178644
111178644
rs3851611
rs3851611

152296860

rs12130219

rs12130219

1s34372395

1s34372395

1s34372395

151552994

SNP Position

1:167424924
1:167424924
5:110401872
5:110401872
5:110401872
5:110401872
5:110401872
6:90930513
9:6096931
9:6096931
11:76296671
11:76296671
12:71523541
12:71523541
12:71524042
12:71524042

13:99852753

1:152162106

1:152162106

1:152167407

1:152167407

1:152167407

1:152171461

CpG Position

1:167427500
1:167427500
5:110406506
5:110406661
5:110406661
5:110406049
5:110406049
6:90926599
9:6097201
9:6097201
11:76299819
11:76299819
12:71533408
12:71533408
12:71524030
12:71524030

13:99849620

1:152161237
1:152161397
1:152161397

1:152161683

Refe/mesne

> > A 43 =4 =3 =3 =3 = =

Q Q
* *

Q

a a a o a o

Alte/mesne

cs
cs
cs
cs
cs
cs
cs
-
G

G*

T*
C*

C*

A*
A*
A*
A*
A*

A*

BetacqrL

0.320388
0.290545
0.320336
0.320336
0.290537

0.320507

BetameorL

-0.211948
-0.247842
-0.231354
-0.194164
-0.207965
-0.180076
-0.255426
0.39633
-0.35169
-0.424378
-0.423118
-0.524326
-0.145403
-0.188861
0.488457
0.60893

0.179284

-0.206689
-0.241467
-0.229604

-0.124623

fAsthma Risk Allele
EffecteqrL

— = = = =

fAsthma Risk Allele
EffectmeQrL

B e T T e T T e S T T

R
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v
vhiele
v
v
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v
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v
v
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v
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v
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v
vehicle
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v
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v
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Table S4.4 Asthma GWAS risk allele effects on gene expression and DNA methylation. (continued)

FLG-ASI
FLG-ASI
FLG-ASI
FLG-ASI
FLG-ASI
FLG

FLG

SLC15A2
SLC15A2

SLC15A2

FGFR4

FGFR4

IRF5

IRF5

EFEMP2
EFEMP2

RBM4B

221280320
cg13498757
cg02754945
226320663
226320663
cg26879891
cg22356347
cg22356347
cg19216788
cg19216788
cg07193051
¢cg10931190
cg15089387
cg15089387
cg15557878
cg15557878
cg19956155

cg00786977
€g26616347
cg12606193

cg12606193

cgl15531562

11552994
11552994
11552994
11552994
11552994
157545406
157545406
152949661
152949661
152689273
152689273
19822474
rs1837253
rs1837253
rs1837253
rs1837253
rs1837253
s351855
1s351855
1572925996
1s3823536
13807306
1s9408638
1s9408638
17123155
1s7123155

rs11227318

1:152171461

1152171461

—_

—_

1152171461

1152171461

—_

1152171461

—_

—_

1152193286

—_

1152193286

—_

1167424924

—_

1167424924

w

1121631451

1121631451

w

w

1121637966

1110401872

W

1110401872

W

1110401872

W

1110401872

W

1110401872

W

1176520243

W

W

1176520243
6:90930513
7:128579666
7:128580680
9:6096931
9:6096931
11:65575056
11:65575056

11:65592935

1:152162025

—_

1152161927

—_

1152161885

—_

1152161521

—_

1152161521

152191343

—_

—_

1167427500

—_

1167427500

w

1121633802

w

1121633802

w

1121633332

1110406506

W

1110406661

W

1110406661

W

1110406049

W

1110406049

W

1176511416

W

6:90926599

7:128577752

9:6097201

9:6097201

11:65601754

=4 4 4 4 4 0 0 Q 4 4 0 0 0 0 o o o0

A*
A*
A*
A*
A*
T*
T*
C*
C*
T*
T*
A*
C*
C*
C*
C*

C*

T*

G*

G*

G*

G*

0.320507
0.320507
0.320507
0.320507
0.290898
-0.349072

-0.349072

-0.112812
-0.146822

-0.151148

-0.30394

-0.30394

0.483761

0.496956

-0.0846154
-0.128349

-0.057114

-0.129427
-0.307961
-0.15468
-0.144778
-0.170867
-0.0789825
-0.211948
-0.247842
0.212604
0.254206
0.192425
-0.231354
-0.194164
-0.207965
-0.180076
-0.255426
-0.143783

0.39633

-0.115496

-0.351699

-0.424378

-0.312265
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Table S4.4 Asthma GWAS risk allele effects on gene expression and DNA methylation. (continued)

RBM14

EFEMP2

EFEMP2

PACSI1

ERBB2
SMARCEI
SMARCEI

ACO2
ACO2

PMM1

PMM1

PMM1

PMM1

TAGC

cgl5531562
cgl5531562
cgl5531562
cgl5531562
cgl7647271
cgl7647271
cg25115154
cg25115154
cg13355032
cg01699148
cg05185748
cg10374813
cg26165421
cg02645492
cg19274703
cg19274703
cg07830128
cg07830128
cg10386501

cg07830128

cg01613557
cg01613557
cgl15557878
cgl15557878
¢g00255919

¢g00255919

rs11227318
rs10791827
rs10791827
rs10791827
rs10160518
rs10160518
rs11178644
rs11178644
rs3851611
19532433
152296860
152270401
11029792
157223354
1s132920
1s132920
1s9607819
1s9607819
155758461

1s9607819

152071008

152071008

rs1837253

rs1837253

rs839

rs839

11:65592935
11:65596546
11:65596546
11:65596546
11:76296671
11:76296671
12:71523541
12:71523541
12:71524042
13:40352671
13:99852753
17:38176256
17:38808941
17:38824672
22:41810170
22:41810170
22:41958862
22:41958862
22:42162189

22:41958862

2:102615279

2:102615279

5:110401872

5:110401872

5:131819126

5:131819126

11:65601754
11:65601754
11:65601754
11:65601754
11:76299819
11:76299819
12:71533408
12:71533408
12:71524030
13:40350843
13:99849620
17:38183790
17:38805157
17:38827676
22:41806451
22:41806451
22:41965204
22:41965204
22:42159248

22:41965204

2:102616279

2:102616279

5:110406049

5:110406049

5:131827918

5:131827918

A*
A*
A*
A*
G*

G*

A*

G*

T*

A*

C*

C*

G*

C*

G*

G*

T*

T*

> > O O a O

—~

C*

C*

-0.0772074

-0.0818488

-0.127673

0.0492589

0.0292639
-0.0535702
-0.0518841
0.0569197
0.0552383
-0.0545906
-0.070624
-0.0513037

-0.070624

-0.336711
-0.339907
-0.315138
-0.339907
-0.423118
-0.524326
-0.145403
-0.188861
0.488457
0.361387
0.179284
-0.0961591
-0.221494
0.172259
-0.092497
-0.168238
-0.0766181
-0.137978
0.209757

-0.137978

0.18786
0.21031
-0.180076
-0.255426
0.215952

0.246712
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Table S4.4 Asthma GWAS risk allele effects on gene expression and DNA methylation. (continued)

ORMDL3

ERBB2

cg21138405
cg21138405
cg12606193
cg02419362
cg19468883
cg19468883
cgl8711369
cg10374813

cg10374813

rs839
rs839
1rs437389
1s668622
1s668622
1s668622
1s9303281
152302774

152302774

5:131819126
5:131819126
9:6099531
12:121198299
12:121198299
12:121198299
17:38074046
17:38183090

17:38183090

5:131827807 T*
5:131827807 T*
9:6097201

12:121203948
12:121198447

12:121198447

17:38081186 A*
17:38183790 T
17:38183790 T

C
C
C*
G*
G*
G*
G
G*

G*

0.063754

0.0262859

0.615385
0.573503
-0.335459
0.265769
0.218421
0.279779
-0.142218
-0.104907

-0.104907

R T e e T e T S

v
vehicle
v
v
v
vehicle
v
v

v

*Risk allele in adult onset or childhood onset asthma GWASs

T Arrows indicate whether the asthma risk allele is associated with increased or decreased gene expression or DNA methylation relative to the
protective allele



001

4.6.2 Supplementary Figures
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SQTL Study Combined Gene Expression DNA methylation
Sample Size (N) 104 95 103
Gender (% Female) 39 41 33
Mean Age (Range) 44 (18 -73)  45(18-73) 45 (18 -73)
% Asthma (Ever) 43 44 41
%CRSwWNP 47 50 47
%Atopic 51 53 50

Figure S4.1 Overview of the e/meQTL and co-localization studies in NECs treated with RV. (A) Experimental design used to
identify treatment-specific e/meQTLs in upper airway epithelial cells (AECs) from 104 individuals. (B) Sample composition. (C)
Venn diagram showing the overlap of asthma and CRS status of the 104 study participants.
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Figure S4.2 PCA and k-means clustering of genotypes. (A) PCA plot of study participant's
genotypes (circles) projected on HapMap genotypes (squares). (B) Scree plot of k-means
clustering of ancestral PCs in which the within groups sum of squares (y-axis) is plotted against
the number of potential group clusters (x-axis); using the ‘elbow criterion’, it is determined that
two clusters are best representative of how many clusters study samples can be grouped into for
imputation. (C) PCA plot of study participants grouped into two cluster for genotype imputation,
European (red), and African American (Blue), according to the k-means clustering criterion.
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PCA — Gene Expression, Unadjusted
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Figure S4.3 PCA of gene expression in vehicle and RV-treated epithelial cells. (A) PCA plot
of epithelial cell gene expression from 95 individuals treated with vehicle and RV before
regressing out covariates. (B) PCA plot of gene expression in vehicle- and RV-treated cells after
regressing out covariates. (C) Volcano plot showing treatment responses in epithelial cells were
detected in the combined sample with 8,322 differentially expressed genes identified at a
FDR<0.05.
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PCA — DNA Methylation, Unadjusted
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Figure S4.4 PCA of DNA methylation in vehicle- and RV-treated in cultured airway
epithelial cells. (A) PCA plot of cultured airway epithelial DNA methylation from 103
individuals treated with vehicle and RV before regressing out covariates. (B) PCA plot of DNA
methylation in vehicle- and RV-treated cells after regressing out covariates. Tables showing p-
values of correlation with PCs and covariates before (C) Volcano plot showing treatment
responses were detected in the combined sample with 173 differentially methylated CpGs at a
FDR<0.05
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A eQTLs
Vehicle RV
C
22860
eQTL and meQTL mapping results (FDR<0.05)
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eQTLs 40.354 37,566
SNPs 38,461 35,989
B meQTLs Genes 1,174 1,043
Vehicle iy meQTLs 302,896 283,474
SNPs 219,905 206,583
CpGs 26,644 25,418

126829

Figure S4.5 Summary results for molecular QTL mappings. Venn diagrams of eQTLs (A)
and meQTLs (B) in each condition (FDR<0.05). (C) Summary of eQTL and meQTL mapping
results for each treatment condition. The number of SNPs associated with the gene expression of
at least one gene or CpG and the number of genes or CpGs whose expression or DNA
methylation levels was associated with at least one SNP.
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Figure S4.6 meQTLs at rs1837253 located in the first untranslated exon of the 7SLP gene.
Box plots of two meQTLs that were identified in both the vehicle- (left) and RV-treated (right)
AECs were co-localized with the asthma risk variant (rs1837253) in adult onset and childhood
onset asthma GWASs.
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CHAPTER 5

CONCLUSION

As we continue to develop a mechanistic understanding of disease risk loci identified by
GWASs, evidence has accumulated showing that GWAS causal variants impact disease risk by
altering context-specific (cell type, environment) functional elements and the expression of their
target genes as demonstrated in Chapter 4 of this thesis and in published studies [225]. By
integrating multi-omics data (gene expression, DNAm) from an in vitro epithelial cell model of
RV response cell-type (airway epithelial cells) and environmental risk factor (RV infection) with
asthma GWAS, we were able to ask questions related to the context-specificity of distinct
molecular mechanisms that contribute to asthma risk. Moreover, these combined omics data also
enabled the identification of gene and epigenetic pathways associated with CRS, showing that

this disease is primarily driven by epigenetic factors.

5.1 Chronic rhinosinusitis is primarily an epigenetic disease

Recently, the largest CRS GWAS to date (5,291 cases, 79,662 controls) only identified a single
locus associated with CRS that reached genome-wide significance levels [44]. Given the
relatively large sample size of this GWAS compared to previous genetic studies of CRS, two
major inferences could explain the paucity of genetic evidence for this disease. First, because
CRS is a complex disease, and because the genetics, if any, are likely to have small effect sizes,
the variability of classifying CRS sub-phenotypes [43] may contribute to the reduced power in
identifying disease variants associated with CRS. Second, several environmental factors are
associated with CRS [47, 48, 88, 89]. Exposure to any of these factors may contribute to

important epigenetic modifications in the developmental origins and pathogenesis of CRS.
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While there is evidence to suggest a possible genetic component in CRS risk [45, 226-229],
genetic studies of this disease are widely known to be severely limited by sample size and low
statistical power (reviewed in [43]). Moreover, most of these genetic studies lack replication and
functional validation. The limited sample size of CRS genetic studies is thought to largely
contribute to the lack of robust genetics evidence in CRS.

An important role for epigenetic mechanisms underlying different responses to RV
between CRSWNP cases and non-CRS controls was highlighted in Chapter 2. These epigenetic
mechanisms influence gene expression pathways that reflect dysregulated epithelial cell
processes in CRS and indicate the strong influence that relevant environmental perturbations
have in the development of this disease. Additionally, in order to understand the influence of
genetics on CRS risk, a CRS GWAS was conducted in Chapter 3. Although this GWAS was
underpowered (483 cases, 2,057 controls), 82 suggestive significant SNPs (P < 1x107) were
identified at six loci, two of which were each associated with one of two sub-phenotypes of CRS
(localized or diffuse opacification).

Taken together, the results from Chapters 2 and 3, as well as the inconsistent and sparse
genetics support for CRS in the literature, strongly suggest that CRS is epigenetic in its origins.
The strongest evidence for this comes from the WGCNA analysis (Chapter 2) in which most
(95%) of the DMCs identified in airway epithelium from CRS cases and non-CRS controls were
in the CRS-correlated modules, whereas the DEGs were more equally distributed between
modules correlated with CRS and RV. Moreover, of the three CRS-correlated modules
containing correlated DMCs, two of these modules were also correlated with DEGs that were
enriched in gene pathways previously implicated in CRS, indicating epigenetic regulatory

mechanisms associated with these pathways. Although the results presented in Chapter 2
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represent the most comprehensive DNAm analysis of CRS to date, other smaller studies of
DNAm in CRS also support a major role of epigenetic variation in CRS pathogenesis [230-232].
Finally, the two-stage GWAS presented in Chapter 3 identified sub-phenotype-specific
associations with CRS, but these associations were modest, and we were unable to replicate the
finding due to the requirement for CT scans for assigning sub-phenotypes. The sparsity of
genetic associations with CRS in Chapter 3 is consistent with other genetics studies, specifically
with the largest CRS GWAS [44], in which the evidence for genetics in CRS risk is
underwhelming and inconsistent between studies. In sum, these findings point to epigenetic
modifications underlying CRS risk and pathogenesis and should be a focus on future therapeutic

development for this disease.

5.2 Context is key to interpreting genome-wide association studies

Genome-wide association studies alone are not informative of specific tissues or environmental
factors that are involved with or contribute to disease outcomes. Integration of cell type-specific
molecular QTLs with GWAS data is not only a powerful way of prioritizing tissues and cell
types that contribute to phenotype, but also allows us to identify mechanisms underlying
complex diseases. However, currently, these analyses are largely limited to public databases [75-
78]. which are based on resting cells as either bulk tissues or cell lines and little to no
information on environmental exposures. /n vitro cell models are a powerful way of overcoming
some of these limitations and will help fine-tune GWAS findings into clinically actionable gene
sets.

In Chapter 3, we show the advantage of integrating asthma GWASs with molecular QTLs
from an in vitro cell model of a disease-relevant cell type and environmental exposure. The

application of a co-localization approach allowed us to directly test whether the same genetic
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variant underlie associations between two or more traits (e.g., gene expression, DNAm, and
asthma), providing clues to causal disease pathways, and Mendelian randomization analyses
allowed us to test the causal effects of DNAm of gene expression.

We highlighted two important sets of results showing the importance of contextualizing
GWAS. First, we show that molecular QTLs in the airway epithelium are enriched for asthma
GWAS variants but not for non-allergic disease GWAS variants, highlighting the importance of
the airway epithelium in asthma pathogenesis. The specificity of the airway epithelium in
childhood onset asthma was further emphasized by showing that eQTLs from tissues that are not
known to be involved in asthma were not enriched with childhood asthma GWAS variants.
Second, by integrating multi-omics data sets from an in vitro cell model of an asthma-relevant
cell type and environmental exposure, we were able to identify potential molecular mechanisms
underlying asthma risk that are specific to RV infection in airway epithelial cells. It is important
to stress the importance of these findings as they likely would have been missed if not discovered
in the context of cell-type specificity, environmental exposure, and multi-omics integration.

Most genome-wide epigenetic studies of exposure (e.g. [86, 161-164, 233]) or asthma-
related traits (e.g. [165-170]) have not integrated their results with genetic analyses. Only few
studies have formally integrated external asthma GWAS results with epigenetic studies in airway
tissues (e.g. [171-173]). The work presented in Chapter 3 stresses the importance of
contextualizing GWAS results by integrating multi-omics datasets from relevant cell types and
environmental exposures. Not only does this work emphasize the importance of context-specific
analyses in asthma, but these concepts and analyses can be extended to other complex

phenotypes with significant environmental components.
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5.3 Future Directions

Using cultured primary epithelial cells to model transcriptional and epigenetic responses to RV
infection allowed us to make several observations including epigenetic response differences
between CRSwWNP cases and non-CRS controls, and context-specific mechanisms in childhood
onset asthma. However, the studies presented in this thesis had several limitations. A limitation
common to each chapter was the small sample size. This limited our power to detect interaction
effects (CRS x RV) in Chapter 2, especially for gene expression, to find additional genetic risk
factors for CRS in Chapter 3, and to discovery of additional co-localizations of gene expression,
DNAm, and childhood onset asthma in Chapter 4. It is likely, therefore, that many more
interactions and co-localizations will be detected in larger samples.

The CRS GWAS presented in Chapter 3 was particularly limited by sample size, which
reduced our power to detect SNP associations let alone any functional variants that may also be
associated with the disease. Even achieving sample sizes like those in the Kristjansson et al.
study [44] may not have aided in identifying any genetic association with CRS considering that
they only identified a single locus association. However, sub-phenotyping methods in addition to
a larger sample may facilitate the discovery of sub-type-specific variants. Future genetics studies
in CRS should move away from combining samples with any CRS diagnosis and focus on
careful phenotyping of this disease.

Finally, the studies presented in Chapters 2 and 4 focused on one cell type (upper airway
sinonasal epithelium) in isolation from the many cell types that contribute to both CRS and
asthma, only included two exposures (vehicle and RV), and one epigenetic mark (DNA
methylation). As a result, our model likely only partially captured RV-responses, cases-control

differences (CRS vs non-CRS; in Chapter 2), and co-localizations with asthma loci (Chapter 4)
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that are present in vivo. It is possible that other disease-relevant molecular pathways or co-
localizations are specific to other tissues, cell types or to other exposure or culture conditions,
and that integrating additional epigenetic marks into these analyses, such as those associated with
chromatin accessibility, might be additionally informative. Extended studies addressing these
concerns is necessary to confirm the specificity of our findings and provide a more complete

picture of disease-relevant gene pathways and co-localizations.

5.4 Concluding Remarks

The work presented in this thesis highlights key advances in our molecular mechanistic
understanding of CRS and asthma. Our mechanistic understanding of disease risk loci severely
lags behind the discovery of new SNP-disease associations [209]. Likewise, the added
dimensions of cell and environment specificity is lacking in disease research and is essential to
our understanding if effective drug targets are to be found and therapeutics developed to confront
these diseases plaguing millions of people worldwide. The research presented in this study is one
step of many needed to achieve these goals by not only developing an understanding of these
diseases out of intellectual interest, but to also contribute to advancement of therapies in their

treatment.
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