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ABSTRACT

The use of genomic profiling can provide indications of underlying
molecular responses to chemical perturbation, and the characterization of these
responses can provide an increased understanding of the greater physiological
effects of an exposure and inform clinical decision making. This approach has
proven to be effective in understanding the effects of environmental exposures
such as cigarette smoke on the airway epithelium, and how they may contribute
to associated disease pathogenesis. Because of the existing body of work in
genomic profiling towards understanding the effects of environmental exposures,
it has relevant applications towards the study of the effects of emerging exposures
such as electronic cigarettes, which remain poorly understood. Further, current
approaches for genomic profiling could be improved through the development of
data resources and computational methods which can identify not only tissue- or
sample-level molecular responses to perturbation, but also responses specific to
individual cells or cell types.

In light of these issues, I investigated the molecular response in airway
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epithelium to a novel inhaled exposure, and developed methods to support more
detailed characterization of such effects. In this dissertation, I describe a clinical
observational study in which I examined the gene expression effects of electronic
cigarettes on the airway epithelium, and compare these effects to those of
conventional cigarettes (Aim 1). Next, I describe CELDA, a novel computational
method for identifying cell subpopulations and the co-expressed modules of genes
that identify them in single cell RNA-seq (scRNA-seq) data (Aim 2). Finally, I
describe the Lung Connectivity Map (Lung CMap), a platform for interrogating
lung cell type specific responses to a large set of chemical and molecular
perturbations (Aim 3).

Collectively, this work encompasses both observational and computational
approaches for detailed characterization of the molecular responses to
perturbation, and the determination of the relative effects of these novel

perturbations versus their more well-described counterparts.
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CHAPTER 1

Introduction

1.0.1 The Transcriptome and Exposome in Human Health

The rapid advance in sophistication of methods in molecular biology has proven
to be a continual boon towards enabling the study of the underlying mechanisms
influencing human health and disease. Since the advent of DNA sequencing tech-
niques more than 50 years ago, researchers have been able to investigate the spe-
cific roles of DNA and its associated molecules in both normal and pathogenic
function of human tissues (Heather & Chain (2016)). RNA, the transcribed form of
DNA, can perform many roles at a cellular level, such as serving as an intermediate
molecule towards protein synthesis (mNRNA), or by directly exerting a regulatory
role (ncRNA). In a complementary fashion to genetic (DNA) profiling, the profil-
ing of different species of RNA molecules in a cell (also known as transcriptomics)
can provide crucial mechanistic insights with applications in basic biology, diag-
nostics, and personalized medicine.

One of the areas in which transcriptomics has proven to be particularly effi-
cacious is in the field of exposomics. Exposomics encompasses research at the
intersection of transcriptomics and the effects of environmental factors on human
health, such as pollution or lifestyle choices (Vrijheid (2014)). For example, previ-
ous work has shown that there are discernable transcriptomic signatures in the air-
way epithelium associated with cigarette smoking (Spira et al. (2004)) and chronic
obstructive pulmonary disease (Steiling et al. (2013)), and in buccal epithelium as-
sociated with inhalation of smoky coal (Wang et al. (2015)). This existing body
of work serves not only as evidence that transcriptomics can provide important

insights into the underpinnings of environmental exposures, but serves as a refer-



ence point for the study of yet-uncharacterized exposures which may have relative

similarities and differences in terms of their transcriptomic effects.

1.0.2 Gene Expression Microarrays for Transcriptomic Profiling

Since the early 1990s, a rapid advance in the development of novel transcrip-
tomic techniques have enabled the study of the human transcriptome with in-
creasing speed, accuracy, and detail (Lowe et al. (2017)). These approaches in-
clude oligonucleotide ligation assays such as gene expression microarrays and
bead-based platforms, as well as sequencing-based methods such as RNA-seq and
single-cell RNA-seq (scRNA-seq).

High-density gene expression microarrays began to increase in popularity start-
ing in 1995, and subsequently became the most common platform for transcrip-
tomic assays (Lowe et al. (2017)). Microarrays presently represent a rapid, mature
platform for transcriptomics experiments, with comparatively robust analytical
conventions surrounding interpretation of their data. Microarray products, such
as the Affymetrix Human Gene ST 1.0 arrays, function by hybridizing preparing
RNA isolated from a biospecimen to pre-synthesized oligonucleotide probes ar-
ranged in a pre-specified pattern on a glass slide. These oligonucleotides are de-
signed to complement the sequence of known transcripts from the human genome,
and in the case of the Human Gene ST 1.0, cover upwards of 20,000 genes. A mi-
croarray scanner is then used, which is able to measure the amount of RNA from
the provided sample hybridized to each transcript’s corresponding probes probes
via the amount of fluorescence emitted by hybridized probes. These fluorescence
intensities can be compared to background intensities to derive a measure of how
much of a given transcript was in the original sample, and allow a researcher to

capture a gene expression profile for the condition in question (Gohlmann & Tal-



loen (2009)).

1.0.3 Bead-Based Transcriptomic Assays

Since the development of microarrays, bead-based oligonucleotide assays have
emerged as a cheaper, higher throughput alternative. These platforms, most no-
tably the Luminex®xMAP®protocol, leverage a similar oligonucleotide probe hy-
bridization approach as microarrays, with the probes mounted on microbeads
rather than a glass slide (Graham et al. (2019)). Using a mixture of beads, a similar
fluorenscence based measure of gene expression can be derived. This approach
can be performed at a much smaller experimental scale than microarrays, and of-
ten more cheaply, enabling highly multiplexed transcriptional profiling of many
samples. One major disadvantage to this bead-based approach is that often only
a subset of genes in the human genome are represented by the included oligonu-
cleotide probes. This limitation can be circumnavigated by careful selection of
probes, such as the L1000 approach (Subramanian et al. (2017)), in which the mea-
surement of a core set of 978 genes can be used to linearly infer the expression of

all unmeasured genes in the human genome.

1.0.3.1 The Connectivity Map

Subramanian et al. leveraged the speed and low cost of this assay to produce the
Connectivity Map (CMap), a large database of gene expression profiles of many
perturbagens such as cancer therapeutics, CRISPRs, and tool compounds exposed
to a heterogeneous mix of cancer cell lines under a variety of experimental condi-
tions (e.g. dose points, exposure length). Using a unique set of gene set enrichment
methodologies and tooling, CMap enables researchers to investigate connections

between exposomic perturbagens, as well as identify which of the assayed per-



turbagens may produce similar transcriptomic effects to a novel perturbagen of
interest (Subramanian et al. (2017)).

An important limitation to the original CMap design is the lack of exclusion of
non-cancer, non-immortalized cell lines. Because each perturbation in the dataset
was performed in cancer cell lines, CMap’s signatures may not be representative
of peturbational responses in more phenotypically normal cell lines, and thus in
more phenotypically normal tissues. It is possible that signatures of CMap per-
turbagens in non-cancer cell types may diverge from the signatures of the same
perturbagens in cancer cell lines. A lack of perturbational signatures in more phe-
notypically normal cell lines thus could inhibit the discovery of cell-type responses
to compound perturbation, which could reduce the utility of CMap for therapeutic

discovery or development purposes.

1.0.4 Sequencing-Based Methods for Transcriptomic Profiling

RNA-seq, and more recently scRNA-seq, has begun to become increasingly pop-
ular in transcriptomic profiling. While DNA sequencing was prohibitively expen-
sive at the inception of next-generation sequencing techniques, a rapid decrease in
the cost of sequencing per genome has allowed researchers to leverage sequenc-
ing techniques in increasingly large-scale experiments (DNA). Recent advances
in sequence library preparation have even enabled transcriptomic study of sin-
gle cells, most often through single cell RNA-seq (scRNA-seq) protocols (Kalisky
& Quake (2011)). These single-cell transcriptomic assays provide unparalled de-
tail in the study of the gene expression mechanisms in human biospecimens, such
as capturing the cellular heterogeneity and potential therapeutic implications in
glioblastoma tumors in the brain (Patel et al. (2014)). Oligonucleotide probe based

methods such as those previously described generally requires pooling of RNA



from all cells in a sample, and thus are often unable to capture cell-type-associated
transcriptomic effects which could have crucial implications towards the interpre-
tation of a system of interest.

While scRNA-seq protocols are powerful in the level of transcriptomic detail
they can provide, the landscape of analytical methods for interpreting scRNA-seq
data is still nascent. There is a lack of field-wide agreement on the best analyt-
ical methods for interpreting technical effects such as batch effects or dropouts,
though there are a plethora of currently available options (Rostom et al. (2017)).
An important question in analyzing scRNA-seq data is how to determine which
subpopulations of cells are most similar in a scRNA-seq dataset. Understanding
which subpopulations of cells exist in a sample and the relative proportions of
these cell types has important implications towards the downstream biological in-

terpretation of these datasets.

1.0.5 Dissertation Aims

The body of work in this dissertation aims to extend transcriptomic methods to-
wards the characterization of novel inhaled exposures, as well as to develop ana-
lytical methods to capture cell-type-associated responses to perturbation via both
high-throughput bead-based gene expression assays and scRNA-seq.

Aim 1: Utilize a whole-transcriptome profiling approach to study the effect
of electronic cigarettes on the bronchial airway epithleium, and compare it to
established signatures of smoking in order to contextualize its health effects
relative to a more well understood exposure. The rapid increase in the use of
electronic cigarettes (ECIGs) over the past decade despite a poor understanding of
their effects remains an important open question for debate in the public health

sphere. It is unclear what the short- and long-term effects of ECIG use in regards



to airway health may be, and it is further unclear how these effects may compare
to those induced by conventional cigarettes. I will describe a clinical observational
study profiling the transcriptomic effects of ECIGs in the bronchial airway epithe-
lium. I will also describe how the transcriptomic profile of ECIGs compares to the
profiles induced by both active cigarette use as well as cigarette cessation in the
same tissue.

Aim 2: Develop a method for clustering cells in single cell RN A-seq data, and
demonstrate its efficacy towards identifying subtle shifts in cell subpopulations
which can provide crucial insights. I will describe a novel method for identifying
cell subpopulations as well as the co-expressed modules of genes that define them,
developed in collaboration with Dr. Joshua Campbell. I will further describe the
application of this method to a publically available scRNA-seq dataset of periph-
eral blood mononuclear cells, and its efficacy in identifying small but biologically
relevant cell subpopulations.

Aim 3: Develop a platform for wide-scale perturbational profiling of non-
cancer lung cell lines, in order to determine the feasability of this approach
in identifying lung cell-type-associated responses to compound perturbation.
I will detail the development of the Lung Connectivity Map, a CMap-style dataset
profiling the transcriptomic effects of compound exposures in primary, non-cancer
lung cell types. I will show how this system demonstrates lung-cell-type-associated
responses to compound perturbation, and detail how this finding argues for the in-

clusion of a wider variety of cell types in future expansions of the CMap dataset.



CHAPTER 2
Gene Expression Alterations in the Bronchial Epithelium of Electronic

Cigarette Users

Adapted from the following manuscript:

Sean E. Corbett*, Matthew Nitzberg*, Elizabeth Moses, Eric Kleerup, Teresa Wang,
Catalina Perdomo, Claudia Perdomo, Gang Liu, Sherry Zhang, Hangiao Liu, David
A Elashoff, Daniel R Brooks, George T O’Connor, Steven M Dubinett, Avrum Spira,
Marc E Lenburg (Manuscript under review)

* Contributed equally

2.1 INTRODUCTION

Since their introduction in 2007, the use of electronic cigarettes (ECIGs) in the
United States hs increased. Survey data indicates that 15.4% of adults 18 and older
have tried ECIGs, with adults between the ages of 18-24 being the most likely to
have used ECIGs at 23.5% (CDCMMWR (2017)). Current smokers and those who
had recently quit were more likely to use ECIGs than never smokers. And, while
ECIGs are not approved by the FDA for cessation, 55.4% of conventional tobacco
cigarette (TCIG) smokers who tried to quit smoking in the previous year had tried
an ECIG and 22% continued to actively use ECIGs (noa (2016)).

Despite the increased use of ECIGs (King et al. (2015)), their safety profile re-
mains controversial. Popular perception and marketing of ECIGs assert that they
are a safer alternative to TCIGs (King et al. (2013); Martinez-Sanchez et al. (2015)).
In contrast, numerous studies have illuminated potential adverse health effects
of ECIGs such as diminished cough reflex (Dicpinigaitis et al. (2016)), cytotox-
icity from ECIG flavorings (American Thoracic Society (ATS) (2015)), endothe-



lial disruption (Schweitzer et al. (2015)), and DNA damage (Lee et al. (2018)).
While a switch from TCIGs to ECIGs results in a reduction of users exposure to
known toxicants and carcinogens (National Academies of Sciences, Engineering,
and Medicine (2018)), it is difficult to reach a consensus on the safety of electronic
cigarettes other than that their health risks likely lie somewhere between TCIG
smoking and nonsmoking (Dinakar & O’Connor (2016)).

It is well-established that TCIG use leads to gene expression changes in airway
epithelium. We have previously described these changes in bronchial and small
airway epithelium of TCIG smokers (Hackett et al. (2012); Harvey et al. (2007);
Hiibner et al. (2009); Spira et al. (2004)), as well as how these patterns change af-
ter smoking cessation (Beane et al. (2007a); Chari et al. (2007)). TCIG-associated
gene expression changes in the nasal epithelium overlap with changes seen in the
bronchial epithelium demonstrating common TCIG-associated gene expression ef-
fects throughout the airway (Steiling et al. (2008)). Changes in airway gene expres-
sion have also been associated with lung diseases such as lung cancer (Silvestri
et al. (2015); Spira et al. (2007)) and chronic obstructive pulmonary disease (Steil-
ing et al. (2013)).

Prior work suggests that ECIG exposure can also alter airway gene-expression.
We have described oxidative and xenobiotic stress associated gene-expression
changes in an in vitro model of ECIG exposure, as well as ECIG dose-response
changes in a marker of reactive oxygen species (Moses et al. (2017)). Work by Mar-
tin et al measured the expression of a target panel of immune and inflammation
associated genes in cells collected from nasal brushings of TCIG smokers, ECIG
users, and non-smokers (Martin et al. (2016)), finding that most of these genes
were specifically downregulated by ECIG use.

To more comprehensively characterize the effects of ECIG use on airway gene-



expression, and to better understand their relationship with the effects of TCIGs,
we sought to compare the transcriptome-wide impact of ECIGs and TCIGs in
the bronchial airway epithelium. More specifically, we sought to investigate the
gene expression effects of ECIG use in former smokers, as daily ECIG users are
more likely to be former TCIG smokers than dual-users or de novo users (Cole-
man et al. (2017)). Toward this end, we recruited current TCIG smokers, for-
mer TCIG smokers using ECIGs, and former TCIG smokers to undergo voluntary
bronchoscopy. Bronchial epithelial cells were collected in order to identify gene-
expression changes associated with ECIG use and to compare the transcriptomic

effects of ECIG and TCIG use.

2.2 MATERIALS AND METHODS

221 Study Population and Sample Collection.

We recruited volunteers at Boston University Medical center and the University of
California Los Angeles Medical Center between December 2013 and March 2015.
All participants were aged 18-55 years and were current or former TCIG smokers
with a smoking history of at least 5 cigarettes per day for at least two years. Partici-
pants were excluded if they were using tobacco products such as chewing tobacco,
snuff, hookah, or marijuana. Participants were also excluded if they were using
intranasal or inhaled medications, or had a history of chronic lung disease or lung
cancer. The remaining participants were enrolled and stratified into three study
groups based on their cigarette use behavior at study recruitment: (1) TCIG group
(n=9) defined as ongoing TCIG use with a minimum of 5 cigarettes daily and less
than 2 lifetime ECIG uses; (2) ECIG group (n=15) defined as former TCIG smokers

who have been tobacco abstinent for a minimum of 3 months prior to study re-
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cruitment and have been using any brand or generation of ECIGs, with any brand
of nicotine-containing liquid, with any type of vehicle or flavoring, at least 6 days
per week for at least 1 month; (3) Former group (n=21) defined as former TCIG
smokers who had been tobacco-abstinent for a minimum of 3 months prior to re-
cruitment and were not using any form of nicotine replacement therapy. Urine
cotinine levels were measured at baseline via the NicAlert § assay to determine
whether participants were using nicotine-containing products. Carbon monoxide
(CO) levels were also measured in all ECIG and former smokers to rule out con-
current TCIG smoking (CoVita Bedfont Scientific piCO + Smokerlyzer Breath CO
Monitor), and 2 self-reported ECIG users were excluded due to high exhaled CO
levels. A detailed TCIG and ECIG use history was obtained for each participant.
This study was approved (approval number H -32129) by the Boston Medical Cen-
ter IRB #1 (Panel Green). All study participants provided written informed con-
sent.

Bronchial airway epithelial cells were obtained from brushings of the right
mainstem bronchus collected during fiberoptic bronchoscopy with an endoscopic
cytobrush (Cellebrity Endoscopic Cytology Brush, Boston Scientific, Boston). The
brushes were immediately placed in 1 mL of RNAprotect Cell Reagent (Qiagen,

Valencia, CA) and kept at -800C until RNA isolation was performed.

2.2.2 Microarray data acquisition and data preprocessing.

Total RNA was isolated using the miRNeasy Mini Kit (Qiagen, Valencia, CA). RNA
integrity was assessed by Agilent BioAnalyzer, and RNA purity confirmed us-
ing a NanoDrop spectrophotometer. 100 ng of isolated RNA was processed and
hybridized to Affymetrix Human Gene 1.0 ST Arrays (Affymetrix, Santa Clara,

CA). Probeset normalization was performed using the Brainarray EntrezGene CDF
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v17.0.0 and Robust Multiarray Average (Irizarry et al. (2003)). Statistical analy-
sis was performed with R version 3.2.2. All microarray data and relevant clinical
data is freely available through Gene Expression Omnibus (GEO) under accession

GSE112073.

2.2.3 Microarray preprocessing and quality control.

Microarray quality was assessed using relative log expression, normalized un-
scaled standard error, and principal component analysis (PCA) metrics and all
samples were suitable for subsequent analysis. Batch effects were corrected us-

ing ComBat (Johnson et al. (2007)) with a smoking status covariate.

2.2.4 Differential expression analysis.

We first identified genes differentially expressed between any of the study groups
(ECIG, TCIG, and Former) via analysis of covariance (ANCOVA). Gene-expression
was modeled as a linear function of smoking status while adjusting for age, RNA
integrity (RIN), and months since last TCIG. A nested F-test was used to identify
genes differentially expressed between ECIG users relative to former TCIG smok-
ers, TCIG smokers relative to current TCIG smokers, or current TCIG smokers
relative to ECIG users. Resulting p-values were adjusted to control the False Dis-
covery Rate (FDR) using the Benjamini-Hochberg method (Benjamini & Hochberg
(1995)). We used PCA on the log2-expression level of genes meeting these crite-
ria to isolate the first two principal components (i.e. the two largest sources of
variance) in the expression of these genes.

Using the linear model described above, we performed additional linear mod-
elling with LIMMA (Ritchie et al. (2015); Smyth (2005a)) on the genes identified

as being differentially expressed in TCIG smokers versus former smokers or ECIG
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users versus former smokers as identified in the ANCOVA step. Genes demon-
strating differential expression in ECIG users relative to former smokers were iden-
tified via the ECIG coefficients moderated t-test p-value < 0.05. These genes were

divided into sub-clusters via Ward hierarchical clustering.

2.2.5 Functional enrichment.

We performed functional enrichment analysis on the gene clusters identified dur-
ing differential expression via Enrichr (Chen et al. (2013a)). Only enrichment terms

with an FDR-adjusted p-value < 0.05 were considered.

2.2.6 Gene Set Variation Analysis.

To analyze the similarity of the gene-expression effects of ECIGs and TCIGs, gene-
expression pathways associated with TCIG use based on previously published
data were projected into the study groups of the cross-sectional cohort using Gene
Set Variation Analysis (GSVA) (Hanzelmann et al. (2013)). Microarray data from
Beane et al (Beane et al. (2007b)), which compared current, former, and never
cigarette smokers were scored for gene set activation for every gene set in the C2,
C5, C7, and Hallmark collections of the Molecular Signatures Database (Liberzon
et al. (2011)). Gene sets whose GSVA scores were significantly different between
current smokers and non-current (former and never) smokers (Students t-test; FDR
q < 0.05) in this dataset were categorized as differentially activated due to TCIG us-
age. These gene sets were then scored in the microarray data of the present study
via GSVA. These GSVA scores were then compared between study groups via Stu-

dents t-test to identify differences in gene set activity.
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2.2.7 Quantitative Real-time Polymerase Chain Reaction (RT-PCR).

We profiled ADM, PGAMS5, NCK2, and RSPH1 in 15 ECIG users and 15 former
smokers with quantitative RT-PCR. These assays were performed with SYBR Green-
based RT? qPCR Primer Assays (Qiagen, Valencia, CA). Primers for each can-
didate gene and the 18S ribosomal subunit as an endogenous control gene were
designed and experimentally verified by Qiagen to ensure uniform and high PCR
efficiencies under standardized amplification conditions. All real-time PCR experi-
ments were carried out in triplicate on each sample, relative gene expression levels
were calculated using the comparative CT method (Schmittgen & Livak (2008)),
and differential expression was performed via Students t-test on the average ex-

pression across these replicates.

2.2.8 Comparison with in vitro and immune/inflammatory response dataset.

We compared our observations from the study cohort to an in vitro model of ECIG
exposure, which profiled the gene expression effects of exposure to vapor from
a single brand of disposable ECIGs on bronchial epithelial cells grown at an air-
liquid interface (Moses et al. (2017)). Using data from an in vitro model of ECIG
exposure, we generated a ranked list of genes differentially expressed between
ECIG aerosol and air-exposed human bronchial epithelial cells via a Students t-
test, and ranked genes by their corresponding t-statistic. The genes found to be
associated with ECIG use in the current study were split into gene sets based on
the clustering results, and Gene Set Enrichment Analysis (GSEA) (Subramanian
et al. (2005)), was used to determine if these gene sets were significantly enriched

toward the bottom or top of the in vitro ranked list.
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2.3 RESULTS

2.3.1 Subject characteristics.

There were no significant differences in age, gender, race or pack-years between
the three study groups (TCIG, ECIG, and former TCIG smokers) (Table 1). There
was a statistically significant difference in time since TCIG cessation between the
former smoker and ECIG groups (Students t-test p < 0.05). CO levels for all ECIG
users and former smokers included in the final analysis were < 7 ppm. Urine
cotinine levels in the TCIG and ECIG groups confirmed active nicotine use (>=
100 ng/ml) and were significantly higher than the former smoker group (Students
t-test p < 0.001). Patterns of ECIG use, including frequency, nicotine dosage, gen-

eration of product, and product brand varied across ECIG users.

2.3.2 Airway gene-expression in former TCIG smokers who currently use ECIGs

is more similar to former TCIG smokers than to active TCIG smokers.

Differential expression analysis via ANCOVA among the three study groups iden-
tified 3,165 genes whose expression is associated with either or both exposures
(FDR-adjusted p < 0.05). Samples from TCIG smokers separate from the former-
and ECIG-derived samples along the first principal component derived from the
expression of these genes (Figure 2.1A), while there is little separation between the
non-TCIG samples, suggesting that gene-expression differences associated with
TCIG use are a strong driver of the differential expression detected by this analy-
sis.

To identify the degree to which ECIGs induce TCIG-associated gene-expression
changes, we used GSVA to determine the activation of genes up- or down-regulated

between current TCIG smokers versus never smokers as identified by Beane et al.
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Figure 2.1
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We found a significant difference in the expression of these TCIG-associated gene

sets between TCIG smokers and ECIG users, and TCIG smokers and former smok-
ers, but not between ECIG users and former smokers (Figure 2.1B). Additionally,
we identified 280 pathway-related gene sets that have TCIG-associated expression
differences in the Beane et al. cohort and used them in a similar metagene analysis
of the current dataset via GSVA (Figure 2.1C). Expression of these select TCIG-
associated pathways was also shown to be significantly altered in the TCIG group
relative to the former and ECIG groups (Figure 2.1C; Students t-test, p < 0.05),
but not significantly different between the Former and ECIG groups. Collectively,
these data suggest that the gene-expression profiles of the ECIG users are more
similar to the former group than the TCIG group both globally and for genes that
are altered by TCIG use.
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2.3.3 ECIG Associated Gene-expression Changes

Figure 2.2
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Post-hoc analysis of the 3,165 smoking-status-related genes identified by AN-

COVA yielded 468 genes whose expression was associated with ECIG use status
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(Figure 2.2A; moderated t-test p < 0.05). These genes were organized into four
clusters via Ward hierarchical clustering (see Appendix A.1). We used the cluster
gene sets in a metagene analysis via GSVA to identify the relationship between the
expression levels of these genes in ECIG users relative to TCIG and former smokers
(Figure 2.2B).

Genes in Cluster 1 (198 genes) were upregulated in the ECIG group compared
to the former group. Cluster 1 was subdivided into genes whose expression were
also upregulated in the TCIG group (Cluster 1a, 27 genes), or downregulated in
the TCIG group (Cluster 1b, 171 genes). Genes in Cluster 2 (270 genes) were genes
whose expression level were downregulated in the ECIG group compared to the
former group. Cluster 2 was subdivided into genes whose expression level was
also downregulated in the TCIG group (Cluster 2a, 52 genes), or upregulated in
the TCIG group (Cluster 2b, 218 genes).

Cluster 1a, while small, contained several genes associated with interleukin
receptor complexes. Cluster 1b contained ribosomal protein subunit associated
genes, as well as genes associated with maturation of non-coding RNAs and trans-
lation. Cluster 2a contained genes associated with microtubule assembly and struc-
ture. Cluster 2b was similarly enriched for genes involved in microtubule assem-

bly, as well as genes involved in regulation of RNA Polymerase II activity.

Figure 2.3

NCK2 . RSPH1

| .
18 i
4 [ Former Smoker

15 0 Former Smoker
and ECIG User

w

We performed qRT-PCR to validate the ECIG-associated differential expression
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of ADM, PGAMS5, NCK2, and RSPH1 as representative genes from Clusters 1a, 1b,
2a, and 2b, respectively. Concordant with the microarray data, NCK2 and RSPH1
demonstrated significantly lower expression in ECIG users compared to former
smokers (Figure 2.3; Students t-test, p < 0.05). We were unable to confirm differen-

tial expression of ADM and PGAMS5 by qRT-PCR.

2.3.4 Comparison with in vitro ECIG exposure.

Figure 2.4
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To validate the gene-expression alterations we observed in ECIG users using
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a variety of ECIG products, we determined if the genes we identified as differen-
tially expressed in ECIG users were similarly altered in an in vitro dataset from a
previously published experiment which examined the effects of ECIG aerosol on
differentiated human bronchial epithelial cells (Moses et al. (2017)). Using GSEA,
we found that genes downregulated in the bronchial epithelium of ECIG users are
significantly enriched amongst the genes most downregulated with ECIG expo-
sure in vitro (GSEA p < 0.001). In contrast, we did not detect significant enrich-
ment of the genes upregulated in ECIG users amongst the genes most upregulated

with ECIG exposure in vitro (Figure 2.4).

2.4 DISCUSSION

To our knowledge, this is the first study to comprehensively assess gene-expression
changes in the bronchial airway epithelium of real-world ECIG users, and how
these changes compare to those associated with TCIG smoking. Across all the
genes we identified as differentially expressed between current TCIG smokers,
former TCIG smokers now using ECIGs, and former TCIG smokers, we observed
that the pattern of gene-expression in ECIG users was much more similar to for-
mer smokers than TCIG smokers. TCIG-associated gene sets derived in a previous
study (Beane et al. (2007b)) were differentially expressed between the TCIG and
ECIG as well as TCIG and former smoker groups, but not between the ECIG and
former groups. We also found that the differential expression of genes in rele-
vant TCIG-associated gene-expression pathways, specifically glutathione (Gould
et al. (2011)) and xenobiotic metabolism (Pierrou et al. (2007)), Tumor necrosis fac-
tor receptor 2 signaling (Thum et al. (2006)), and complement cascade (Robbins
et al. (1991)), were distinct in TCIG smokers but not significantly different between

ECIG users and former smokers. These findings suggest that, overall, TCIG in-
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duced transcriptional changes revert to baseline similarly in former TCIG smokers
and former TCIG smokers who now use ECIGs.

While the ECIG and former TCIG smoker groups were not significantly differ-
ent with regard to expression of genes changed in TCIG smokers, we were able
to identify a set of genes whose expression changes in ECIG users relative to for-
mer smokers and that a small subset of these genes are similarly changed in TCIG
smokers. This implies that ECIG use does impact the physiology of the bronchial
epithelium in ways that are distinct from the effects associated with TCIG use, and
that the degree of overlap between ECIG and TCIG associated effects is modest.

To validate that the gene-expression alterations in bronchial epithelium asso-
ciated with ECIG use are likely due to the direct effects of exposure of this tissue
to ECIG aerosols, we examined the expression of our ECIG signature in differen-
tiated human bronchial airway epithelial cells that were exposed to ECIG aerosols
in vitro (Moses et al. (2017)). We found that the genes we had identified as having
decreased expression in ECIG users are enriched among the genes down-regulated
in the in vitro ECIG aerosol exposed tissues. That we were able to identify com-
mon gene expression signatures between a heterogeneous in vivo exposure and a
uniform in vitro exposure suggests the existence of a set of ECIG associated gene
expression effects that are common and independent of the specific product used.
Beyond suggesting that the gene-expression changes in ECIG users are likely the
direct effects of ECIG aerosol exposure, these data also suggest that there is a com-
mon impact of ECIG use on bronchial epithelial gene-expression despite hetero-
geneity in ECIG product usage.

Amongst the genes in the ECIG signature we identified, those in Cluster 1a and
Cluster 2a are similarly altered in both ECIGs and TCIGs, while those in Cluster 1b

and 2b exhibit an ECIG-specific pattern. Pathway enrichment analysis of the genes
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in each cluster provides potential insight into common and ECIG-specific effects
(Table 2).

Genes in Cluster 1b were upregulated specifically in ECIG users and were sig-
nificantly enriched for the Ribosome biogenesis GO Biological Process term. The
over-expression of ribosomal genes in ECIG users might reflect increased oxidant
stress (Gerashchenko et al. (2012)). Supporting this hypothesis, this cluster addi-
tionally contains NDUFB2 and NDUFA4L2, which code for subunits of the NADH-
ubiquinone oxidoreductase complex and play a role in handling oxidant stress.
ATP5H, a component of the mitochondrial electron transport chain, also appears
in Cluster 1b. While these genes are only induced in ECIG users, both riboso-
mal structure and oxidative phosphorylation pathways have both been previously
found to be induced by TCIG smoke (Spira et al. (2004)). Cluster 1b is also signif-
icantly enriched for targets of ATF2. Both of these transcription factors have been
implicated as possible regulators of inflammation in the lung (Chishimba et al.
(2010); Yu et al. (2014)). These findings suggest that ECIG use might modulate
lung inflammation.

Cluster 2b contained genes that were downregulated specifically in ECIG users.
This cluster is significantly enriched for targets of RFX3, a transcription factor in-
volved in ciliary assembly and motility which has been specifically observed to
cooperate with FOX]J1 in the process of ciliated cell differentiation in airway ep-
ithelium (Didon et al. (2013)). FOX]1 is also significantly downregulated in airway
epithelial cells following in vitro ECIG exposure (Moses et al. (2017)). We validated
the downregulation of RSPH1 in ECIG users by qRT-PCR. RSPH1 is a gene in this
cluster and mutations in RSPH1 are associated with ciliary defects and dyskinesia
(Onoufriadis et al. (2014)). Taken together, these data suggest that ECIG use might

impair ciliogenesis.
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Genes in Cluster 2a were downregulated by both TCIG and ECIG use, was
significantly enriched for genes associated with axon guidance. NCK2 is a gene
from Cluster 2a that we validated by qRT-PCR is significantly downregulated by
ECIG use. NCK2 is associated with EGFR signaling and cytoskeletal reorganiza-
tion (Rivera et al. (2006)) and we hypothesize that this cluster reflects cytoskeletal
and/or cilium-related effects of TCIG and ECIG use. Genes in Cluster 1a were are
upregulated by both TCIG and ECIG use, and were associated with interleukin
receptor complexes.

While the findings of the present study yield insights into the effects of ECIG
use on bronchial epithelium, there were several limitations, most notably regard-
ing sample sizes within each of the study groups. We observed that many fewer
genes were affected by ECIG than TCIGs, which dominated differential expres-
sion when comparing all three groups (Figure 2.1). While we were able to iden-
tify a number of ECIG-specific gene-expression changes, it is likely that more sub-
jects would be necessary to comprehensively identify the transcriptional impact of
ECIGs. Future studies would also benefit from the inclusion of de novo users of
ECIGs to be able to better isolate effects of ECIGs that might either be specific to
former smokers or obscured in former smokers. The potential to perform exper-
imental studies on volunteers with non-nicotine containing ECIGs would enable
identification of the specific gene expression effects associated with vehicle and
flavorings, which we are unable to discern in the present signature. This is poten-
tially important as any specific ECIG additive might have an unusual but dramatic
effect on airway biology.

Furthermore, we did not identify significant overlap between the genes we
found to be differentially expressed in the bronchial epithelium of ECIG users and

the genes found by Martin et al. in nasal epithelium as we expected based on
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previous work establishing the commonalities of bronchial and nasal signatures of
TCIG exposure (Sridhar et al. (2008); Zhang et al. (2010)).

Another limitation is the heterogeneity of ECIG products used by the ECIG
users in our study. In order to recruit a sufficient study population, we did not
limit the brand or type of ECIG device that participants could use. Additionally,
though all participants met a minimum threshold of weekly ECIG usage, actual
usage varied amongst participants. Most of the study participants were users of
tirst-generation devices and it remains to be determined if new types of devices
will elicit similar changes. However, our finding of common ECIG effects despite
the heterogeneity of ECIG exposures within the study group, and our finding that
many of the changes observed in users of heterogeneous ECIG products are similar
to the effects observed with a single brand ECIG in vitro leads us to believe that
the majority of these effects are independent of the vaporization device used, and
that there is a common set of ECIG-related effects on airway epithelium.

Overall, our findings indicate that ECIG use does not lead to alterations in the
expression of the vast majority of genes that are altered by TCIG use, but that
there is a group of genes whose expression is specifically altered in ECIG users.
When examining the expression of genes in key TCIG-associated pathways, we
found that ECIG users had gene-expression profiles more similar to former TCIG
smokers than current TCIG smokers. Our findings indicate that the use of ECIGs
does impact the airway, which includes modulating the expression of a small set
of genes that are altered in both ECIG users and TCIG smokers. Further study is
required to identify the clinical significance of these findings and to fully evaluate

the pulmonary impact of ECIG exposure.
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CHAPTER 3
Bi-clustering of transcriptional states and cellular populations in discrete

single-cell RNA-seq data

Adapted from the following manuscript:

Sean E. Corbett*, Yusuke Koga*, Shiyi Yang, Zhe Wang, Jianyuan Liu, Grant Duc-
los, Evan Johnson, Paola Sebastiani, Masanao Yajima, Joshua Campbell.
(Manuscript in preparation)

* Contributed equally

3.1 INTRODUCTION

Complex biological systems can be understood by dividing them into hierarchies.
Each level of such a hierarchy is composed of different parts which perform dis-
tinct biological functions. For example, organisms can be subdivided into a collec-
tion of complex tissues: each complex tissue is composed of different cell types;
each cell population is denoted by a unique combination of transcriptionally acti-
vated pathways (i.e. transcriptional states); and each transcriptional state is com-
posed of groups of genes that are coordinately expressed to perform specific molec-
ular functions. By identifying the basic building blocks at each level of the hi-
erarchy as well as their composition, we can more easily conceptualize the inner
workings of higher order biological systems.

Single-cell RNA-seq (scRNA-seq) has emerged as a powerful technique to quan-
tify gene expression in individual cells, and is being used to elucidate the molec-
ular and cellular building blocks of complex tissues. Rather than profiling RNA
from a "bulk" sample, where only an average transcriptional signature across all

the composite cells can be derived, scRNA-seq experiments can profile the tran-
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scriptome of thousands of cells per sample. Thus, it represents an excellent oppor-
tunity to identify novel subpopulations of cells and to characterize transcriptional
programs by examining co-varying patterns of gene expression across individual
cells. However, analysis of scRNA-seq data has several challenges. For example,
the data tends to be sparse due to the difficulty of amplifying the low amounts of
RNA provided by individual cells. To combat noise from the amplification process,
unique molecular identifiers (UMIs) are often incorporated, allowing researchers
to measure counts of individual molecules. The use of these UMIs enables the mea-
surement of discrete counts of mRNA transcripts within each cell, making models
using discrete distributions an attractive approach for analyzing this type of data.

Discrete Bayesian hierarchical models have been widely used for unsupervised
modeling of discrete data types. In the text mining field, a plethora of models
have been developed which can identify hidden topics across documents and/or
cluster documents into distinct groups. These models treat each document as a
"bag-of-words" where each document is represented by a vector of counts for each
word in a vocabulary. Each document cluster or hidden topic is represented by
a Dirichlet distribution where words with higher probability are observed more
frequently for the document cluster or topic (Blei et al. (2003)). Given the success
of topic models with sparse text data and the discrete, sparse nature of count data
generated by many scRNNA-seq protocols, the application of such discrete Bayesian
hierarchical models represents an appealing approach to characterize structure in
scRNA-seq data. In this setting, cells are assumed to be a bag-of-transcripts and
can be represented by a vector of gene counts.

Here, I present the details of three different models that can cluster cells into
subpopulations (celda_C), cluster molecular features such as genes into modules

(celda_CG), or simultaneously perform bi-clustering of cells into subpopulations
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and genes into modules (celda_CG). While these models can perform clustering,
they also offer probabilistic distributions which can be used to describe the con-
tribution of each building block to each layer of the biological hierarchy. These
distributions can also be viewed as reduced dimensional representations of the
data that can be used for downstream exploratory analyses. I also detail the ap-
plication of this modeling framework to a publicly available scRNA-seq dataset of

peripheral blood mononuclear cells from a healthy donor.

3.2 MATERIALS & METHODS

3.2.1 Conventions

Below, I describe the derivation of the CELDA statistical models, the algorithms
which leverage these models, and the software implementation of these algorithms
and associated visualizations. Algorithms are specified in enumerated lists. Text
appearing in monospace font refer to functions defined in the CELDA soft-
ware package. I will also refer to CELDA meaning both the suite of statistical

models and the software package interchangeably.

3.2.2 Statistical models

The CELDA models are an extension of the classic Latent Dirichlet Allocation
model, previously derived by Blei et al. (Blei et al. (2003)). Each document is
modeled as a multinomial distribution over a set of words in a vocabulary. Simi-
larly, CELDA models each cell as a multinomial distribution of modules, and each
module is a multinomial distribution over genes. However, CELDA additionally
utilizes a technique first described in the sparseTM (Wang & Blei (2009)) that forces

genes to belong to a single gene module, in order to produce a "hard-clustering"
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behavior (Figure 3.1).
CELDA contains 3 sub-models:

1. celda_C, which clusters cells into cell subpopulations,
2. celda_G, which clusters genes into gene modules,

3. celda_CG, which performs bi-clustering of cells into cell subpopulations and

genes into gene modules by leveraging celda_C and celda_G.

Below I provide an overview of the celda_CG model, which was used for the

analysis of an example real-world dataset presented later in this chapter.

3.2.2.1 Generative Process

Topic models such as LDA and CELDA and be imagined as "generative processes,"
which explain how given the model’s assumptions on the structure of the data it
is designed for, a new dataset exhibiting these properties could be generated. The
corresponding generative process for the CELDA model, as derived by Dr. Joshua
Campbell, is as follows:

If S is the number of samples, M; the number of cells in sample i, K be the num-
ber of cellular subpopulations, L the number of modules, G the number of genes,
y, the hidden state for gene g, V; ;, the number of transcripts for cell j in sample i,

tth

x; j+ the t*" transcript for cell j in sample i, and w; j; the hidden transcriptional state

for transcript z; ;+, . The generative process for celda_CG can be described as:

3.2.2.2  Model Log-Likelihood and Perplexity

The likelihood function of a topic model such as CELDA is a measure of how likely

a given clustering solution is, given the data being analyzed. The derivatiton of the
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1. Draw n ~ Dirp(7y)
2. For each gene g € {1..G}, draw y, ~ Mult(n)
3. For each transcriptional state distribution [ € {1..L} :
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(b) For the t-th transcript in cell j in sample 7, t € {1..N; ;}:
i. Draw wjjz ~ Mult(ep,, )

ii. Draw z;;; ~ Mult(¢y, ,)

likelihood function of the celda_CG model appears in Appendix B. The likelihood
of the celda_CG model is:

P(n!?ﬁb99=LP!Y5 Z,W,X|(_\‘,ﬁ,')’,d)

G L S K M, N, ;
P@ly) [T Pluln) [T P@als, Y) [T p(0ile) [T P(orlB) [ ] pzi5163) [ Pwiselpn, ) Pl@ijieltbu,,.0)
i=1 k=1 t=1

g=1 =1 e= j=1

Perplexity is a function of the likelihood function, and explains how well a
probability model predicts a data sample. In CELDA, perplexity is applied to re-
samplings of the counts matrix being modeled in order to predict how well a clus-
tering solution from the actual data predicts what should be a very similar (but not
identical) count distribution. For the celda_CG model, the log-perplexity function
(log(p(x))) is defined as:
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where 6, ;; is the probabiity of a cell belonging to a cell population £ in sample

i, ¥kq is the probability of transcriptional state [ in cell population %, ¢, is the
probability of gene g in transcriptional state [, n; ; , is the count of gene g in cell j
in sample i, 7, is the probability of a gene being assigned to transcriptional state
[, and |V}| is the number of genes assigned to transcriptional state /. Note that the
only non-zero 1/; ; will be where y, = [ for gene g and thus the sum of the equation

can be simplified to:

S M K G
log(p ZUM + Zzlog ZezkH Pk ygwygg n@ 7
i=1 j=1 k=1  g=1

3.2.2.3 Gibbs Sampling

The CELDA models are implemented using a Gibbs sampling approach (Geman &
Geman (1984)), leveraging each model’s log-likelihood function to evaluate step-
wise permutation of cell subpopulation / gene module labels. Briefly, the Gibbs

sampling procedure for the celda_CG model is as follows:

1. For each cell (column) in the counts matrix, draw a cell subpopulation label
in the range [1,K] from a multinomial distribution, using a Dirichlet prior
for the probability of each value in the range. For each gene (row) in the
counts matrix, draw a gene module label in the range [1,L] from a seperate
multinomial distribution, with its own Dirichlet prior for the probability of

each value in the range.

2. For the first cell, draw a new cell subpopulation label from the multinomial

distribution defined by the cell subpopulation labels of all of the other cells,
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with consideration of the likelihood of that choice given the counts matrix

being considered via the likelihood function.

3. Repeat the previous step for all subsequent cells, until each cell has been

considered.

4. For the first gene, perform the analogus gene module label selection from
the multinomial distribution defined by the gene module labels of all other

genes.

5. Repeat the previous step for all subsequent genes, until each gene has been

considered.
6. Repeat steps 2-5 for a prespecified (ideally, large) number of iterations

The above approach, over sufficiently many iterations, will converge on a set
of cell subpopulation / gene module labels which are maximally likely, given the
data being modeled, though there is no guarantee the solution returned is globally
optimal. The software implementation of CELDA includes additional technical
optimizations beyond the above specified algorithm in order to facilitate shorter

model runtimes and to attempt to avoid local optima.

3.2.3 Software Implementation

In collaboration with Dr. Joshua Campbell, I implemented a software package in
the R programming language to facilitate the application of the CELDA models to
scRNA-seq datasets.
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3.2.3.1 Package Architecture

The CELDA package is implemented in the R Programming Language version
3.5.2 R Core Team (2018). It leverages R’s S4 object system, providing a consistent
programming interface across each of the available CELDA models. Each of the
CELDA models (celda_C, celda_G, celda_CQG) is represented as its S4 own class,
providing a data encapsulation scheme to contain the parameters used to generate
a given model (such as K/L, o, 3, etc) as well as the clustering solution(s) it derived
(z/y). Each CELDA model object also contains a SHA1 hash of the counts matrix
for which the corresponding clustering solution was generated, allowing users to
compare an arbitrary counts matrix (by generating a new hash) with a CELDA
model object. These sets of values are retrievable via a consistently named set of
accessor functions, despite the heterogeneity of results that might be returned by
the different models.

Aside from providing programmers a consistent means to access model pa-
rameters and clustering solutions, this object structure provides crucial benefits
towards the software package’s internals. The package’s diagnostic plotting func-
tions have model-type-specific implementations, but are able to identify the proper
solution based off of the user-provided CELDA model object by dispatching based
off of its class. This class-dispatch architecture allows for the future addition of ar-
bitrary CELDA models, which would only require inclusion of the new class name

in model-specific function implementations.

3.2.3.2 Model Selection

CELDA optionally allows users to tune model priors, such as aand 3, but requires
that the user specify a K (number of cell subpopulations) and/or L (number of

gene module) parameter. The choice of K/L corresponds to the more general open
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problem regarding’choosing the right number of clusters” across clustering algo-
rithms, such as choosing the parameter K in Kmeans clustering (Mirkin (2011)). A
variety of approaches for both enabling user choice of this parameter or estimating
the optimal choice exist.

The CELDA package provides both optimizations and visualizations to facili-
tate the choice of K/L for users. CELDA can be used to evaluate a range of L se-
quentially, using the celda_G model. This recursive process uses the previous L’s
final cluster assignments for each successive L as the initial cluster labels for Gibbs
sampling, yielding faster convergence of clustering solutions for each L evaluated.
After choosing a suitable L, the same process is applied to recursively model a
range of K choices while initializing to L modules derived in the previous step.
To identify which choice of L/K is suitable at each step of this process, CELDA

provides a visualization of the perplexity of the cluster solutions at each L/K. .

3.2.3.3 Diagnostic Visualizations & Dimensionality Reduction

In combination with visualizing model fit performance via perplexity for a range of
K/L parameters, CELDA provides several visualizations in order to inform choice
of a clustering solution. CELDA provides utility functions to generate a t-SNE
(Maaten & Hinton (2008)) representation of the user’s count data, as well as to indi-
cate on this t-SNE cell subpopulation clusters and the expression of user-provided

genes on a per-cell basis.

3.2.4 Analysis of 10x 68k PBMC Dataset

To evaluate its ability to identify meaningful cell subpopulations in real-world
scRNA-seq data, I applied CELDA to a scRNA-seq dataset prepared by 10x Ge-

nomics comprised of 68,000 peripheral blood mononuclear cells (PBMCs) from a
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healthy volunteer (Zheng et al. (2017)). This dataset was created via 10x Genomics’
droplet sequencing method utilizing Gel bead in EMulsion (GEM) microfluidics.
Briefly, this system utilizes gel beads containing sequencing adapters and primers,
as well as barcodes to uniquely identify the droplet and individual molecules that
may be introduced. Cells are loaded into these droplets, where they are imme-
diately lysed and their polyadenlyated mRNA molecules are reverse-transcribed
and barcoded. cDNA generated within each droplet can be pooled, amplified
and sequenced via conventional next generation sequencing methods. I retrieved
the counts matrix generated by 10X Genomics via their Cell Ranger pipeline from
their publically available website ( https:/ /support.10xgenomics.com/single-cell-
gene-expression/datasets/1.1.0/fresh_68k_pbmc_donor_a ). In subsequent sec-
tions, this dataset is simply referred to as the "68k" dataset.

I filtered this downloaded counts matrix to transcripts which had at least 2
counts in at least 2 cells, and cells that had at least 2 counts for at least 2 transcripts.
I then used CELDA’s recursiveSplitModule () function for values of L from
10100 to determine a suitable choice of L. I chose L by referencing the perplexity
performance at each value as visualized by plotGridSearchPerplexity ().
After choosing L, I used CELDA’s recursiveSplitCell () function to evaluate
values of K from 330. I again used plotGridSearchPerplexity (), in com-
bination with clustering t-SNEs generated by plotDimReduceClusters (), in
order to choose a K with sufficiently well-performing perplexity while minimizing

the amount of redundant clusters.
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3.3 RESULTS

3.3.1 Cluster Size Determination

To determine a suitable selection of K and L for the 68k dataset, I used the re-
cursive splitting procedure outlined above. 1 first ran celda_G models via the
recursiveSplitModule () function, for values of L from 10100. Considering
the resampled perplexity values of the model at each L (Figure 3.1A), I selected
an L value of 83. I next ran celda_CG models via recursiveSplitCell (), and
selected a K value of 16 by referencing the corresponding resampled perplexity
values (Figure 3.1B), as well as by comparing clustering solutions for each value of

KviaplotDimReduceClusters ().

Figure 3.1

A B

Perplexity

Using the clustering solution provided by the celda_CG model using K=16,
L=83, CELDA is able to produced a reduced representation of the modeled counts
matrix. This reduced representation can be used to elucidate the probability of a
given gene module being expressed in a given cell subpopulation, and conversely

to determine which gene modules may uniquely identify a given cell subpopula-
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tion (Figure 3.2).

Figure 3.2
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3.3.2 Identification of Broad Cell-Type Associated Clusters

The gene modules identified by CELDA for this dataset vary in terms of the amount

of member genes, as well as how heterogeneously these genes are expressed be-
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tween cell subpopluations. Modules containing broad cell-type associated marker
genes, such as MS4A1 (B-cells) and PPBP (megakaryocytes) often exhibited strong
association with a small subset of cell subpopulations in terms of expression (Fig-
ure 3.3).
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By considering these gene modules’ association with cell-type-associated marker
genes, as well as their exclusivity to certain subpopulations, I was able to identify
broad classes of immune cell types associated with the cell subpopulation clus-
tering solution determined by CELDA (Figure 3.4). CELDA’s clustering solution
aligns well with the structure determined by t-SNE dimensionality reduction, sug-

gesting a relation in terms of the sub-classes of cells determined by both of these
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disparate clustering algorithms.

3.3.3 Identification of a Population of "Activated" CD8+ T-Cells

CELDA identified multiple sub-clusters within each broad immune cell type for
the selected K and L parameters. For example, I observed several CD3D+ clus-
ters, suggesting several subtypes of naive CD8+ T-cells (Figure 3.4). While most
of these clusters demonstrated a consistent pattern of expression of multiple gene

modules, I observed there was a gene module (L39) which appeared specifically

Figure 3.4
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associated with only one of these cell subpoulations (K13; Figure 3.5). Further ex-
amination of this identifying module revealed an enrichment of genes established
to be indicative of activated CD8+ T cells as well as cell-cycle associated genes (Su

et al., 2014).

Figure 3.5
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3.4 DISCUSSION

In this chapter, I describe a suite of hierarchical Bayesian models, CELDA, which
can simultaneously assign cells and genes to biologically meaningful clusters in

single-cell RNA-sequencing datasets. The models are able to discern subtle but
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relevant transcriptional differences between cell subpopulations, including small
but distinct subpopulations within broader cell types. I also described how these
models were implemented in a software package.

When applying CELDA to publicly available, previously analyzed PBMC single-
cell datasets (Zheng et al. (2017)), I was able to discern expected broad immune cell
types, such as T-cells, B-cells, and megakaryocytes. I also observed that CELDA
indicated heterogeneity within these cell types, such as several distinct clusters of
CD3D+ CD8+ T-cells. Finally, I was able to identify small subpopulations of cells,
a set of activated CD8+ T-cells, which were not identified in previously published
analyses of this data. That I was able to identify these meaningful but subtle shifts
in cell-subtype subpopulations suggests CELDAs sensitivity to relevant transcrip-
tional changes that may be difficult to detect due to said subpopulations” corre-
spondingly fewer amounts of cells and transcripts.

A relevant limitation in the use of CELDA and other clustering methods is the
selection of the number of cell subpopulation / gene modules (K/L, respectively)
to be modeled. While CELDA provides measures of model fit such as perplexity
and models log-likelihood, users of CELDA will often be required to choose be-
tween several similarly performing clustering solutions. Using a combination of
model fit metrics, differential expression between clusters to identify major tran-
scriptional differences, and domain expertise, the process of choosing an appropri-
ate K/L is feasible. While an automated solution for determining the optimal K/L
would be ideal, doing so remains an open problem in computer science (Mirkin
(2011)). In the future, incorporation of methods into the algorithm such as Dirich-
let processes (Ferguson, 1973) may be able to facilitate automatic selection of good
choices for these parameters, though ultimately the ideal choice of K/L will rely

on knowledge of the experiment at hand.
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Through a software implementation of Dr. Joshua Campbell’s hierarchical
Bayesian modeling approach for biclustering of scRNA-seq data, I was able to
identify functionally distinct subpopulations of cells, and co-expressed genes which

underlie these distinctions.

3.4.1 Package and Dataset Availability

The CELDA R package source code is freely available under an MIT license at the
following URL: https:/ /github.com/campbio/celda

The 68k cell PBMC dataset, generated by 10x Genomics, is freely available from
their website at the following URL: https:/ /support.10xgenomics.com/single-cell-

gene-expression/datasets

3.4.2 Author Contributions

* Sean Corbett implemented much of the CELDA software, performed data

analysis, prepared figures, and contributed to the authorship this manuscript

¢ Joshua Campbell derived all of the CELDA models, implemented the initial
software, contributed to package development, supervised all data analysis,

and contributed to the authorship of this manuscript

* Yusuke Koga contributed to package development, performed data analysis,

prepared figures, and contributed to the authorship of this manuscript
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CHAPTER 4
The Lung Connectivity Map: Identifying Lung Cell-Type-Associated

Responses to perturbagen Perturbation
41 INTRODUCTION

The Connectivity Map (CMap) is an expansive compendium of gene expression
signatures, capturing the gene expression responses of a large set of cancer cell
lines exposures to a large set of cancer therapeutics, tool perturbagens, and molec-
ular perturbations such as CRISPRs and gene knockdowns (Lamb et al., 2006; Sub-
ramanian et al. 2017). CMap also includes a suite of tools for the suitable normal-
ization, summarization, and interrogation of these signatures. The utility of CMap
is severalfold. For example, an input gene expression signature can be queried into
the CMap tooling, which will provide a list of perturbations which induce a similar
(or the same) gene expression signature in some or all of the assayed cell lines. By
identifying a perturbagen with well-characterized molecular effects which induces
a similar gene expression signature to a query signature corresponding to an un-
characterized biological phenomena, a researcher can gain additional information
as to the differential biological effects used to derive their signature. The CMap
querying functionality can also identify perturbagens which reverse a query gene
expression signature. Such perturbagens may have some efficacy in reversing the
underlying cause represented by the query gene expression signature. This signa-
ture querying approach has proven to be efficacious in recovering a set of known
HDAC inhibitor perturbagens from a signature of HDAC inhibition , discovering
a novel CSNK1A1 inhibitor, and identifying a molecule which reverses impaired
collagen remodeling in lung fibroblasts in vitro (Lamb et al., 2006; Subramanian et

al., 2017; Campbell et al., 2012).
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Despite the effectiveness of the original CMap designs, the datasets have an
inherent limitation in that they only assayed immortalized cancer cell lines, which
were derived from a variety of tissues of origin. Because of this design, it is likely
that these datasets omit relevant perturbational responses that would only be ob-
served in normal, non-cancer cell lines. Further, the CMap datasets do not include
multiple cell lines of the same type, decreasing the dataset’s ability to portray, for
example, epithelial cell associated responses to perturbagen perturbation. Given
that there is also heterogeneity between cells of the same type from the same tis-
sue of origin, it is imperative to investigate how much additional perturbational
resolution could be achieved through a more redundant study design.

In this chapter, I will present the Lung Connectivity Map (LCMap), a novel
CMap-style dataset intended to address these issues. I will describe observed pat-
terns of gene expression effects of perturbagen perturbation both between a set of
lung-derived, non-cancer cell lines, as well as between these non-cancer cell lines

and CMap’s cancer cell lines.

4.2 MATERIALS & METHODS

The below sections Cell Culture, Cell Plating, Compound Exposure, and Cell Lysis are
included with permission by Dr. Elizabeth Moses (Moses (2017)). A signed letter

of permission appears in Appendix B.

4.2.1 Cell Culture

Cell lines included BEAS-2B bronchial epithelial cells (ATCC #CRL-9609), HBEC
bronchial epithelial cells (Cell Applications #502-05a), A549 bronchoalveolar car-
cinoma cells (ATCC #CCL-185), HUVEC human umbilical vein endothelial cells
(ATCC #CRL-1730), NL20 bronchial epithelial cells (ATCC #CRL-2503), 1HAE bronchial
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epithelial cells (gifted from Jim Hogg, UBC), IMR90 fetal lung fibroblasts (ATCC
#CCL-186), HFL1 fetal lung fibroblasts (gifted from Jim Hogg, UBC) and WI38 fetal
lung fibroblasts (ATCC #CCL-75). All cells were grown and maintained in Roswell
Park Memorial Institute (RPMI) cell growth media supplemented with 10% fetal

bovine serum (FBS) or ATCC recommended media, and subcultured with trypsin

(0.25%)-EDTA and phosphate-buffered saline (PBS).

4.2.2 Cell Plating

Cells were plated into 384-well plates using an Apricot personal pipettor (Apricot)
for the pilot experiments performed at BU or a Multidrop Combi (Thermo Fisher)
at the Broad, at a density previously determined per cell line to ensure 100% con-
fluency upon exposure (typically about 3500 cells per well). Total volume of cells
was 45L per well. Plates were incubated for 20 minutes at room temperature after
plating to promote adherence before being moved to a 37ZC humidified atmo-
sphere containing 5% CO2. After 24 hours, cell plates were removed from the

incubator and prepared for treatment.

4.2.3 Compound Exposure

For the second study, 324 compounds from the drug management database at the
Broad institute were selected for profiling (Table 4.4). Compounds were randomly
selected from a list of 1000 compounds previously profiled in the LINCS database
and readily available for plating, including small molecules and drugs of various
mechanisms. Additionally, DMSO vehicle controls were included as well as pos-
itive control compounds, selected due to consistent performance in the original
CMap (LINCS). Compound plating was performed at the Broad institute so that

each well of a 384-well plate contained 10uL of compound at 10mM concentra-
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tion. Cell treatment was performed using a 384-well CyBio liquid handling robot.
In brief, a 384-well dilution plate was prepared containing 99L RPMI media (10%
FBS) per well. The CyBio transferred 1uL of compound from the compound plate
to 99L of RPMI on the dilution plate. The plate was then spun down for 1min at
1000rpm. The CyBio then transferred 5ul from the dilution plate to 45L of cells
in the cell plates. Thus, the final concentration of compound exposure was 10M.
Cell treatment was performed for 24 hours. Concentration and time point were
selected to ensure comparability with the Connectivity Map, as the LINCS experi-

ments used the same conditions.

4.2.4 Cell Lysis

Following treatment, cells were lysed using the BioTek microplate washer (BioTek)
for the pilot study, or CyBio at the Broad. First, the machine removed 35L of media
from each well of each cell plate. The machine then added 25L TCL Buffer (Qia-
gen) to each well. Following cell lysis, plates were sealed with foil and incubated
at room temperature for 30 minutes. Afterwards plates were frozen at -80ZC until
ready for reverse transcription. For pilot experiments at BU, plates underwent an
additional washing step prior to the addition of TCL buffer, to prevent transporta-
tion of potential carcinogenic compounds. For this step, the BioTek plate washer

was used to wash the wells twice with 35L PBS.

4.2.5 Ligation Mediated Amplification and L1000 XMap Detection

Ligation mediated amplification and bead detection methods were followed as de-
veloped by the Broad, using the same protocols for both Lung CMap and LINCS
CMap. 20L cell lysate from the previous steps was transferred to Turbocapture

plates for mRNA capture, lysate was removed by unsealing the plate and cen-
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trifuging face down on a super rag, and first strand cDNA was made using a 5L per
well master mix containing dNTPs and MMLYV reverse transcriptase. Upstream
and downstream probes for each gene were annealed to the first strand cDNA and
each probe contained a barcode for annealing to a Luminex bead in the detection
process. cDNA was denatured at 95ZC for 2 minutes and ramped down from 70zC
to 40zC over 6 hours. The probe pairs were ligated together forming a template
for PCR. A 5L master mix was prepared containing taq ligase in 1X ligase buffer,
added to the plate and then incubated at 45zC for 60 minutes followed by a 652C
hold for 10 minutes. The ligated probe template was PCR amplified using a set of
universal primers. A 15L master mix containing T3 and T7 primers, dNTPs and
hot start taq in a 1X reaction buffer was prepared and added to the plate and then
loaded into a Thermo Electron MBS 384 Satellite Thermal Cycler for PCR amplifi-
cation. After an initial denature step at 95ZC for 15 minutes, the plates cycled 29
times at 60ZC. The primers annealed to the universal primer sites on the ligated
probe pairs and the upstream primer contained biotin needed for staining. PCR
amplicon was then hybridized to barcoded Luminex beads. The barcode incorpo-
rated in the amplicon was complementary to the barcode on each Luminex bead
so that each gene annealed to a specific bead. A 5L aliquot of PCR amplicon was
transferred to a well containing 30L bead mix (about 350 beads/gene/well) and
the plate was sealed and incubated at 95ZC for 2 minutes, and then at 45zC for 18
hours. Following incubation, the plate was spun at 3000rpm for 1 minute to pellet

the beads. The plate was then washed and stained for biotin.

4.2.6 L1000 Data Processing And Normalization

Gene expression signature data from the above-described L1000 XMap gene ex-

pression assay was normalized per the standard pipeline as described by Subrama-
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nian et al. Subramanian et al. (2017). Briefly, the normalization steps (also referred
to as "Levels") from the raw fluorescence measurements to the final differential

expression scores are as follows:
1. Raw fluorescence data,

2. Deconvolution, during which the fluorescence data is deconvoluted to iden-

tify the expression of each of the 978 landmark genes,

3. Normalization, during which the the data is scaled and normalized to a set
of genes with invariant expression, and inference of unmeasured genes is

performed

4. Differential expression, during which each perturbation signature’s genes is
z-score normalized against the expression of that gene in all other samples

on its respective source plate,

5. Replicate-consensus, where the signatures derived for the previous step (which
still contain individual replicates for each perturbation) are collapsed into a

single consensus signature.

4.2.7 STR Validation of LCMap A549 Cells

Because A549 cell lines and served as an important point of comparison between
LCMap and CMap, I collaborated with Dr. Sarah Mazzilli to validate that the A549
cell line profiled in LCMap was genetically identical to a reference signature. Dr.
Mazzilli performed a short tandem repeat (STR) assay on LCMap A549 cell lines
retained from the time of the original L1000 XMap experiment. This assay was
performed via the Promega GenePrint 10 STR assay (Promega, Madison, WI). The

GeneMapper v4 fragment analysis software (Applied Biosystems, Foster City, CA),
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along with the Promega GenePrint10 allele panel bin files, were used to identify
the alleles. We compared these STR results with the ATCC STR profile for A549,

available at .

4.2.8 Statistical Analysis

All statistical analyses were performed using the R programming language (R
Core Team (2018)), version 3.5.2, using utility functions from the cmapR package

(Enache et al. (2017)).

4.2.8.1 Calculation of Transcriptional Activity Score (TAS)

The CMap normalization pipeline generates metadata indicating the quality of
each perturbational signature. These measures include signature strength (SS; the
number of genes differentially expressed in that perturbation relative to a DMSO
perturbation on the same plate) and replicate correlation (CC; the correlation of
the signatures between each of the 3 biological replicates for a given perturbation).
These measures can be combined to produce a transcriptional activity score (TAS),
which can be used as an indicator of overall strength and consistency of a per-

turbagen’s effects. TAS is calculated as

TAS = /(5SS + max(CC,0)/978

A TAS of > 0.2 is defined as indicating a perturbation with a strong transcrip-

tional effect (Subramanian et al., 2017).


https://www.atcc.org/products/all/CCL-185.aspx#specifications
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4.2.8.2 Calculation of Connectivity Scores

In order to capture how similar two L1000 gene expression signatures are, Subra-
manian et al. define a score called a weighted connectivity score (WTCS). This non-
parametric measure of similarity describes how a set of up- and down-regulated
query gene sets are enriched in a gene expression signature. The formula for deriv-

ing WTCS to determine a given gene set’s enrichment in a signature is as follows:

W = (ES,p — Eﬂdm]f?, if Egn[!_fsupj # sgN(ES down )
: 0. otherwise

Where ES,p is the enrichment of ¢,p in r and ESj own is the enrichment of
geown in r. WTCS ranges from -1 to 1, with 1 indicating exact similarity and -1
indicating exact dissimilarity, with a value of 0 indicating no relationship between
the query gene sets and the signature being evaluated.

WTCS scores are subsequently normalized to allow for comparison across var-
ious perturbation and cell types, yielding a Normalized Connectiviy Score (NCS).

NCS is calculated as:

Wc,t/“g.t if sgn(wg;)>0

NCSCI _ { =
We / g, otherwise

where NCS.;, wey, uzt,and f.; are the normalized connectivity scores, raw
weighted connectivity scores, and signed means of the raw weighted connectiv-
ity scores (the mean of positive and negative values evaluated separately) within
the subset of signatures corresponding to cell line c and perturbagen type t, respec-

tively.
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While meaningful comparisons can be made between the NCS values of refer-
ence signatures with respect to query g, it is also useful to assess if the connectivity
between g and a particular signature r is significantly different from that observed
between r and other queries. This is done by comparing each observed NCS value
ncsq,» between the query g and a reference signature r to a distribution of NCS
values representing the similarities between a reference compendium of queries
(Qref) and r. This procedure results in a standardized measure Tau (1) that ranges
from 100 to +100 and represents the percentage of queries in Q ref with a lower

INCS | than Incs,, |, adjusted to retain the sign of ncs,

100
Tqr :Sgn(ncsqf)w Z HI’TCS,'_, | < }ncsq,, ‘ il
i=1

To compare signatures in LCMap and CMap, by deriving the top- and bottom-
50 most differentially expressed genes from each signature and using these as a
query gene set for all signatures in either dataset, it is possible to calculate a Tau

score to capture the pairwise similarity between all signatures in both datasets.

4.2.8.3 t-SNE Visualization of Gene Expression Signatures

In order to investigate broad patterns in terms of perturbagen similarity with re-
spect to cellular context, I visualized all of the LCMap perturbation L1000 sig-
natures using t-Distributed Stochastic Neighbor Embedding (Maaten & Hinton
(2008)).

4.2.8.4 Network Comparison Method for Identifying Cell-Type-Associated Signatures

I used a network modeling approach to identify perturbagens with cell type spe-

cific L1000 gene expression signatures. I chose to investigate perturbagens which
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had a statistically significant difference in the composition of their nearest neigh-
bors in all of the cell lines in one lung cell type relative to all other cell lines in
either Lung CMap or CMap. Such a perturbagen would only demonstrate such
a pattern of connectivity if either all of these neighbors were not transcriptionally
active in all of the other cell lines, or if the mechanism through which this per-
turbagen and all of the perturbagens which induced a very similar signature to it
was only modified in the lung cell type in question. The procedure for generating

a network representation of each cell line’s perturbational profiles was as follows:

1. Calculate the pairwise Tau between every signature of every perturbagen in

that cell line
2. Cast these scores into a symmetrical similarity matrix

3. To remove redundant entries, set the lower triangle of this similarity matrix

to NA

4. For connectivity values >= 90, set the entry to 1, otherwise set to 0

We selected a connectivity score threshold of >=90 as a threshold for signature
similarity . In this representation, each node in the network is a perturbation, and
edges in the network are only drawn between nodes with a Tau signature similar-

ity of at least 90.

4.2.8.5 Comparison of Cell Line Level Networks

Given these cell line networks, I performed all pairwise comparisons of them by
adding their matrix representations, and counting the number of entries = 2, which
represent edges shared between the same two perturbagens in both cell lines. In
this context, cell lines with overall similar responses to perturbation are assumed

to have more consistent edges than cell lines with fewer similar responses.
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4.2.8.6 Identifying Compounds With Fibroblast Associated Activity

To identify compounds which may have cell-type associated effects, I identified
compounds with the highest proportion of connected neighbor perturbations (Tau
>=90) across the 3 fibroblast cell lines relative to all other LCMap and CMap cell
lines. I further selected compounds which had a consistent set of neighbor pertur-
bations across each of the fibroblast cell lines.

In order to establish the significance of the consistency of these compound
neighborhoods in fibroblast cell lines, I utilized a bootstrapping approach as fol-

lows:

—_

. Select any 3 cell lines from either Lung CMap or CMap

2. Generate the matrix-network representation for that cell line as described

above

3. Randomly permute the edges in these networks, maintaining the frequency
of compound connections while discarding their inherent biological informa-

tion

4. Note whether any compound in these 3 random networks has a consistent
neighborhood appearing in all 3 networks comprised of at least as many

compounds as the observed compound neighborhood
5. Repeat 1-4 for 1000 iterations

6. The p-value for how often one should expect to see a consistent neighbor-

hood of the observed size in a random network is calculated as

# Times Stmilar Consistent Neighborhood Size Observed
1000
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4.2.8.7 Identifying Compound Associated Genes

In order to identify genes associated with compounds demonstrating fibroblast-
associated activity, I first used a LIMMA Smyth (2005b) linear modeling approach
on signatures of every compound to identify genes at Level 5 (Z-score) which had
significantly higher or lower Z-scores in fibroblasts relative to all other LCMap and

CMap cell lines. The model utilized was as follows:

Zscore = Perturbation_Involves_Fibroblast + Batch

Where Perturturbation_Involves_Batch is a dummy variable indicating whether
a perturbation involves a fibroblast cell line or not, and Batch is a dummy variable
indicating whether the perturbation is in LCMap or CMap. I identified all genes
for which this model has an FDR adjusted p-value < 0.05 (Benjamini & Hochberg
(1995)) as being associated with a compound’s activity in fibroblasts.

In order to understand how genes selected in this way may behave in unper-
turbed cell lines, I again used a LIMMA Smyth (2004) linear modeling approach.
For the genes selected as being fibroblast-compound-associated in the previous
step, I determined which were associated with differential expression between
DMSO exposed fibroblasts and DMSO exposed non-fibroblast cell lines in the non-

differential-expression level data (Level 3) via the following model:

Gene Expression = Perturbation_Involves_Fibroblast

where Perturbation_Involves_Fibroblast is a dummy variable indicating whether
the DMSO perturbation involved one of the 3 fibroblast cell lines. This test was
performed solely in the LCMap DMSO Level 3 data, excluding the need for the

batch term used in the previous step. Genes with an FDR adjusted p-value < 0.05
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(Benjamini & Hochberg (1995)) as being associated with unperturbed fibroblasts

as well as fibroblasts perturbed by the compound in the previous step.

4.2.9 Functional Gene Set Enrichment

To functionally characterize compound associated genes, I used the Enrichr web
tool (Chen et al. (2013b)) to determine gene sets significantly associated with these
compound associated genes, identifying gene sets with an Enrichr-determined ad-

justed p-value < 0.05 as significant.

4.3 RESULTS

4.3.1 Characterization of Transcriptionally Active Perturbagens in LCMap Cell

Lines.

To understand the proportion of perturbagens demonstrating a strong transcrip-
tional effect in the LCMap cell lines, I calculated the TAS score of every perturbagen’s
signature in each cell line assayed (Figure 4.1). The Touchstone CMap dataset de-
fined a TAS threshold of 0.2 as indicating a perturbagen with a strong transcrip-
tional response, and indicated that while 92% of established drugs demonstrated
TAS scores above this threshold in at least one cell line, only 15% of un-optimized
perturbagens exceeded this threshold. 54% of the LCMap signatures yielded a TAS
> 0.2, suggesting slightly less than half of the perturbations assayed did not meet
the original dataset’s standard for a strong L1000 transcriptional response (Subra-
manian et al., 2017). This could indicate that some of the perturbagens randomly
selected for our dataset fell among these less transcriptionally active perturbagens,
or that a batch-specific TAS threshold for L1000 datasets is more appropriate. Sub-

ramanian et al. also indicate that perturbagens with a TAS less than this threshold
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Figure 4.1

Distribution of Transcriptional Activity Score

could possibly consist of perturbagens with cell-type associated effects. It is pos-
sible that the perturbagens we randomly selected are comprised of both inactive

perturbagens and perturbagen with a lung cell type associated effects.

4.3.2 Similarity of Gene Expression Signatures in A549 Cells Between Datasets.

Because A549 cells were assayed in both the LCMap and CMap datasets, and be-
cause LCMap’s perturbagens are a proper subset of those assayed in CMap, the
LCMap A549 signatures should be expected to very closely replicate the corre-
sponding CMap A549 signatures. This could also help indicate major batch effects
between the LCMap dataset and CMap dataset. To verify this expected signa-
ture similarity, I calculated the Tau connectivity score between the signature of

each perturbagen assayed in both the LCMap and CMap A549 cell lines. 31% of
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Figure 4.2

Distribution of Introspect PS For
Lung CMap A549 vs. Touchstone A549 Perturbations with Matched Compounds
ComBatted Data
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all LCMap perturbagens yielded a tau score >= 90, and 93% of all LCMAP per-
turbagens yielded a tau score > 0, suggesting that most of the perturbagens se-
lected for LCMap yielded a similar signature between the datasets despite being
generated in effectively different batches (Figure 4.2).

We additionally performed STR profiling of the LCMap A549s to ensure ge-

netic similarity with the reference STR profile for this cell line. The STR profile
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determined for the LCMap A549s exactly matched the ATCC reference profile for

this cell line, suggesting that the LCMap and CMap A549s should be comparable

from a genetic standpoint.

4.3.3 Overview of L1000 Gene Expression Signatures in LCMap Perturbations.

Figure 4.3
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To capture a high-level summary of all of the signatures generated in LCMap

and their relative similarity to each other, we visualized all of the L1000 z-score

expression data from LCMap using t-SNE (Figure 4.3). Points visualized closely
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in t-SNE space represent perturbational signatures which are similar. I observed
groups of perturbations (indicated) which induced similar gene expression signa-
tures between all three of the cell types (fibroblast, epithelial and A549) in LCMap.
These sets of perturbations tended to be comprised of perturbagens with a single
mechanism of action, such as HDAC or HSP inhibition. perturbagens with these
mechanisms of action were previously found to reproduce consistent transcrip-
tional responses in the Touchstone CMap cell lines (Subramanian et al. (2017)).

However, the majority of perturbations clustered within these cell types.

4.3.4 Comparison of Cell Line Network Structural Similarities

Figure 4.4
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To gauge how similar responses to perturbation was across cell lines, I cal-
culated the number of edges drawn between the same pairs of compounds for

each pair of cell line networks (Figure 4.4). I observed that fibroblast cell lines
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had more network edges in common than the two epithelial cell lines, but that
in some cases cross-cell-type network comparisons yielded more shared network
edges than within-cell-type comparisons (LUNGvsLUNG comparisons). Cell line
network comparisons amongst the CMap cell lines, or between LCMap and CMap
cell lines, tended to have very few shared edges, if any. The networks represent-
ing the LCMap and CMap A549 cell lines demonstrated fewer shared edges than
within-cell-type comparisons (EPITHELIAL and FIBROBLAST), though these net-
works had more in common than almost all cross-database or within-CMap net-

work comparisons.

4.3.5 Identification of PHA-665752, a ¢-MET inhibitor Demonstrating Fibrob-

last Associated Transcriptional Activity

Figure 4.5
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I identified a list of perturbagens which both had a strong transcriptional ef-

tfect (TAS > 0.2), and a "neighborhood" of connected perturbagens which consis-
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tently appeared within lung fibroblasts that did not appear within any subset of
a comparable number of the CMap cell lines. PHA-665752 was the perturbagen
with the largest consistent neighborhood within fibroblasts which did not appear
in other cell lines (33), suggesting it has transcriptional effects specific to that cell
type which were not observed in other assayed cell types.

Through the differential expression approach above, I identified 72 42 genes (q
< 0.05) associated with fibroblasts perturbed by PHA-665752, as well as in unper-
turbed fibroblasts compared to all oter unperturbed cell lines. Functional enrich-
ment of these genes yielded significant enrichment of genes associated with IMR90
cells, as well as genes associated with fibroblast, myofibroblast, myoblast, and fetal

lung cell types. .

4.4 DISCUSSION

The Lung Connectivity Map (LCMap) represents a novel compendium of gene
expression signatures of molecular perturbation of primary, non-cancer lung cell
lines. It represents the first such dataset generated through the CMap pipeline us-
ing primary, non-cancer cell lines, and serves as a relevant proof-of-concept for fu-
ture studies intending to perform high throughput gene expression measurements
on the L1000 platform.

Importantly, the identification of PHA-665752 provides an example of how
LCMap contains responses to perturbagen perturbation that are not only unique to
a single cell line, but are associated specifically with several cell lines of the same
cell type and tissue of origin. This perturbagen has previously been shown to
impair wound healing in lung fibroblasts in vitro(Ito et al., 2014), and has been im-
plicated in inducing apoptosis in mouse-derived lung adenocarcinoma cell lines

(Yang et al., 2008). Because this compound most significantly modulates genes
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associated with fibroblasts, fetal lung fibroblasts, and myofibroblasts, it is likely
that this perturbagen displays a fibroblast-associated activity not because it has
off-target effects, but because it modulates genes associated with the baseline ex-
pression of these cell types. This represents a discernible biological response that
was not represented in the original CMap dataset, and suggests that perturbations
whose effects primarily modulate the baseline program of gene expression in a cell
type not found in a given dataset will be missed. This could have important down-
stream implications towards CMap’s ability to identify potential therapeutics with
effects specific to these missing cell types, and argue in favor of the inclusion of an
increase in the amount of cell types, with each ideally represented by multiple cell
lines, in future expansions of CMap.

Several limitations are relevant in interpreting these results. Because CMap and
LCMap were generated at different time points, by different teams of experimen-
talists, and because each of these datasets has some degree of inherent batch effects
due to the assay design, it is possible that lung-cell-type associated responses to
perturbation I identified can be attributed to a batch effect. However, the similar-
ity of A549 perturbation signatures despite variance introduced by these technical
effects (Figure 4.2) mitigate the notion that there is an uninterpretably large batch
effect between these two datasets. Another important limitation to note is the se-
lection of compounds used in LCMap, which was performed at random. Selection
of compounds with known lung cell type associated activity would have proven
useful for generation of testable positive control perturbational signatures. Our
random compound selection also did not account for the variation in transcrip-
tional activity of compounds in the CMap library, and thus LCMap’s compara-
tively smaller compound library has a proportionately small amount of transcrip-

tionally active compounds for which we may have been able to discern cell-type-
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specific responses. Finally, LCMap only profiled a total of 3 fibroblast cell lines
and 2 epithelial cell lines. Inclusion of an increased number of each type would
have enabled us to assert with more statistical certainty the size of the effect of the
compounds we detected.

In this chapter, I described the Lung Connectivity Map (LCMap), which served
as a proof-of-concept experiment demonstrating the feasibility of the CMap L1000
protocol in non-cancer cell lines, as well as the identification of lung cell-type-

associated responses to compound perturbation.
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CHAPTER 5

General Conclusions

The work represented in this thesis represents the first whole-transcriptome char-
acterization of ECIG exposure in the airway epithelium, as well as novel methods
towards capturing cell-type associated response to perturbation. The important
implications of these chapters are: - That ECIGs induce a distinct transcriptional
response in the airway epithelium relative to cigarettes, and that these products
do not demonstrate concordant changes in cigarette-associated gene expression
pathways, - That CELDA, a novel Bayesian hierarchical model for identifying cell
subpopulations in scRNA-seq data, is able to capture subtle transcriptional dif-
ferences between cell subpopulations in a hetreogeneous sample and that these
differences are biologically meaningful, and - That LCMap, a platform for high-
throughput profiling of compound perturbation in primary non-cancer lung cell
lines, is able to identify lung cell-type associated responses to perturbation that are
not observable in the comparable perturbations of the CMap.

Together, this work demonstrates both approaches for contextualizing novel
exposures as well as methods for elucidating cell-level heterogeneity of response

to perturbation.
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.1 DIFFERENTIAL EXPRESSION OF AFFYMETRIX HUGENE ST 1.0 PROBES

BY ECIG/TCIG USE
Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
Probe ID Gene Symbol T-Statistic ANCOVA Q-Value LIMMA Q-Value Cluster
10626_at TRIM16 2.219424596 | 0.038351337 0.298211024 la
11025_at LILRB3 3.578273779 | 0.020962622 0.170036215 la
11314 _at CD300A 3.277573637 | 0.047565898 0.170036215 la
1240_at CMKLR1 3.368680029 | 0.014669825 0.170036215 la
133_at ADM 3.701768324 | 0.031057938 0.170036215 la
146862 _at UNC45B 2903400653 | 0.016773967 0.188887324 la
2204_at FCAR 2467840841 | 0.014408564 0.251379895 la
23584 _at VSIG2 2.816391539 | 0.027169378 0.201770016 la
2692 _at GHRHR 3.245444274 | 0.03097562 0.170036215 la
2832_at NPBWR2 2.531253354 | 0.046359813 0.251379895 la
283316_at CD163L1 2.486693448 | 0.000765082 0.251379895 la
283487_at LINCO00346 2.44082676 0.000376328 0.253675577 la
284422 _at C19or{77 2.107186858 | 0.038139243 0.316983141 la
3239_at HOXD13 3.29219042 0.036865416 0.170036215 la
3448 at IFNA14 3.035384087 | 0.024689875 0.185624053 la
390142_at OR5D13 2.03123265 0.04499981 0.329413667 la
401498_at TMEM215 2.988787639 | 0.033828091 0.185674591 la
406925_at MIR135A1 2.382000105 | 0.047857608 0.26443596 la
406967 _at MIR192 2957188257 | 0.013732293 0.185674591 la
407051_at MIR9-3 2.742462632 | 9.90E-05 0.221135746 la
4284 _at MIP 2.366321205 | 0.022970835 0.26624587 la
5140_at PDE3B 3.188394953 | 0.046017972 0.170036215 la
6860_at SYT4 3.158541966 | 0.038102979 0.170036215 la
7033_at TFF3 2.605843249 | 0.012837301 0.245155909 la
81030_at ZBP1 2.874717238 | 0.044647337 0.191195978 la
83850_at ESYT3 2.611480094 | 0.039609735 0.244808963 la
9071_at CLDN10 2121535666 | 1.48E-06 0.316834501 la
10101 _at NUBP2 2.721863041 | 0.014225616 0.224301998 1b
10105_at PPIF 2.085592971 | 0.03246803 0.320068531 1b
10189_at ALYREF 2.055427335 | 0.015372282 0.323140358 1b
10212_at DDX39A 2.076783983 | 0.00022851 0.320068531 1b
10226_at PLIN3 2.878498222 | 0.017366239 0.191195978 1b
1028_at CDKN1C 2196341943 | 0.028978208 0.304290138 1b
1050_at CEBPA 2.515710159 | 0.040563797 0.251379895 1b
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Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
1052_at CEBPD 2.020094957 | 0.000566915 0.334642082 1b
10567_at RABAC1 3.024018772 | 0.020480066 0.185624053 1b
11076_at TPPP 2.27424894 0.000682279 0.287842533 1b
11267 _at SNF8 2.334999791 | 0.039164421 0.274186022 1b
113828 _at FAMBS3F 2.307921188 | 0.033553838 0.283732234 1b
114599_at SNORD15B 2.328966678 | 1.83E-05 0.276152816 1b
1163_at CKS1B 3.79384594 0.024054178 0.170036215 1b
116832_at RPL39L 2.445152626 | 0.016962819 0.253675577 1b
124222 _at PAQR4 2.310992596 | 0.032926517 0.283686448 1b
126695_at Clorf172 2.710072212 | 0.029453508 0.22567235 1b
131177_at FAM3D 2.098307516 | 0.007420718 0.317664773 1b
1318_at SLC31A2 3.131236438 | 0.016877204 0.170036215 1b
137797_at LYPD2 3.546718595 | 0.002569086 0.170036215 1b
14_at AAMP 2.362164314 | 0.003637023 0.26624587 1b
148170_at CDC42EP5 3.478542711 | 0.006789838 0.170036215 1b
150368 _at FAM109B 2.733595002 | 0.035612432 0.222282838 1b
1535_at CYBA 2.737758938 | 0.001146815 0.222078246 1b
153768 _at PRELID2 2.38360267 0.028083494 0.26443596 1b
1572_at CYP2F1 2.099794342 | 0.004069373 0.317664773 1b
1613_at DAPK3 2.434813508 | 0.004530209 0.253675577 1b
161424 _at NOP9 2.36827557 6.63E-05 0.26624587 1b
162515_at SLC16A11 2.100276922 | 0.025529036 0.317664773 1b
170463_at SSBP4 2.129529921 | 0.027696798 0.316834501 1b
1849_at DUSP7 3.141323027 | 0.000651953 0.170036215 1b
192111 _at PGAMS5 3.404151352 | 0.001818552 0.170036215 1b
200916_at RPL22L1 3.954679445 | 0.010363901 0.170036215 1b
2193_at FARSA 2.23417058 0.005036449 0.296179358 1b
2194_at FASN 2.274869161 | 0.000950938 0.287842533 1b
222_at ALDH3B2 2.455346733 | 0.035845223 0.253675577 1b
2517_at FUCA1 2.19231834 0.027067168 0.304290138 1b
25851_at TECPR1 3.103451426 | 0.040018236 0.170036215 1b
26090_at ABHD12 2.172998025 | 0.033548272 0.309207233 1b
26155_at NOC2L 2.09717682 0.000211972 0.317664773 1b
26769_at SNORDS81 2.084826413 | 0.005859334 0.320068531 1b
26780_at SNORAG68 2.26299305 0.001008125 0.291569404 1b
26788_at SNORD60 2.752262503 | 0.002262557 0.219616464 1b
26799_at SNORDS50A 2.132274152 | 0.007297209 0.316834501 1b
26813_at SNORD36C 2.731336184 | 0.002330297 0.222282838 1b
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Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
26817_at SNORD34 2.843750475 | 0.00746714 0.197182753 1b
27183_at VPS4A 2.080631881 | 0.002855167 0.320068531 1b
283871_at PGP 3.149225457 | 0.000211972 0.170036215 1b
284361 _at EMC10 2.433742619 | 0.002037044 0.253675577 1b
28989_at NTMT1 2.766348308 | 0.048612199 0.219616464 1b
29890_at RBM15B 2.770792135 | 0.001313423 0.219616464 1b
29988_at SLC2A8 2.968421027 | 0.028397743 0.185674591 1b
29997_at GLTSCR2 2.535882966 | 0.001962602 0.251379895 1b
3397_at ID1 2.0505585 0.006038245 0.325571539 1b
3430_at IFI35 2.374575843 | 0.000377703 0.26624587 1b
3505_at IGHGP 2.593754058 | 0.047089906 0.245155909 1b
362_at AQP5 2.270696891 | 0.000922025 0.288894618 1b
374659_at HDDC3 2.071939789 | 0.008098326 0.321630104 1b
4046_at LSP1 2.927116588 | 0.040133366 0.188887324 1b
4141_at MARS 2.506114108 | 0.001381876 0.251379895 1b
440093_at H3EF3C 3.459693496 | 0.000362719 0.170036215 1b
4543_at MTNRIA 2.193683156 | 0.018926581 0.304290138 1b
4595_at MUTYH 2.403666575 | 0.040955881 0.262870805 1b
4641_at MYO1C 2.527672244 | 0.014511024 0.251379895 1b
4669_at NAGLU 2.360280217 | 0.01249207 0.26624587 1b
4708_at NDUFB2 3.155595242 | 0.000376328 0.170036215 1b
489_at ATP2A3 2.54318362 0.003903415 0.251379895 1b
51073_at MRPL4 2.448916543 | 0.013623778 0.253675577 1b
51147 _at ING4 2.24572767 0.032103139 0.296179358 1b
51421_at AMOTL2 2.56828591 0.011009323 0.251379895 1b
51588_at PIAS4 2.320093492 | 0.000552167 0.280425141 1b
517_at ATP5G2 2.480033059 | 0.026364751 0.251379895 1b
5184 _at PEPD 2.172388884 | 0.000264818 0.309207233 1b
53904_at MYO3A 3.106126832 | 0.04698365 0.170036215 1b
54442 _at KCTD5 2.277062166 | 0.032039724 0.287842533 1b
54461_at FBXW5 2.087621667 | 0.013336998 0.320068531 1b
54531 _at MIER2 2.200492263 | 0.002298365 0.304290138 1b
54555_at DDX49 2.864052858 | 0.035477411 0.191195978 1b
54854 _at FAMBS3E 2.495750133 | 0.002183432 0.251379895 1b
54929_at TMEM161A 2.168571145 | 0.006202367 0.309207233 1b
54958_at TMEM160 2.205028119 | 0.048176165 0.303564458 1b
55111_at PLEKH]1 2.395559007 | 0.000902159 0.263474197 1b
55357_at TBC1D2 2.748901204 | 0.019651606 0.219616464 1b
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Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
55684 _at RABL6 2.891227158 | 0.000298285 0.190087964 1b
56147_at PCDHA1 2.078000606 | 0.026030575 0.320068531 1b
56662 _at VTRNA1-3 2.838353828 | 0.001942753 0.197182753 1b
56901 _at NDUFA4L2 2.632374885 | 0.010447149 0.240360882 1b
57109_at REXO4 3.264074818 | 0.001146823 0.170036215 1b
57140_at RNPEPL1 2.506043732 | 0.000498668 0.251379895 1b
57165_at GJC2 2.520815592 | 0.022766659 0.251379895 1b
57787_at MARK4 3.117841539 | 0.00293243 0.170036215 1b
6079_at SNORD15A 2.137665933 | 0.000306823 0.316834501 1b
6090_at RNY5 2.465067203 | 0.000454725 0.251379895 1b
6134_at RPL10 2.110947163 | 0.040787395 0.316834501 1b
6175_at RPLPO 2.418946189 | 0.013042854 0.259203624 1b
619505_at SNORA21 3.132241037 | 0.014196426 0.170036215 1b
619570_at SNORD95 2.314633083 | 0.000362719 0.282654107 1b
6203_at RPS9 2.694909928 | 9.52E-05 0.22567235 1b
6208_at RPS14 2.163028444 | 0.010253328 0.31056148 1b
6275_at S100A4 2.074469753 | 0.037851992 0.320970662 1b
6277_at S100A6 2.38250723 0.024566749 0.26443596 1b
63875_at MRPL17 2.594504862 | 0.040106568 0.245155909 1b
64101_at LRRC4 2.098095726 | 0.001495884 0.317664773 1b
64115_at C10orf54 3.002147234 | 0.025604294 0.185674591 1b
64131_at XYLT1 2.407084234 | 0.026282935 0.261773777 1b
64207 _at IRF2BPL 2.470108763 | 0.011630567 0.251379895 1b
64782_at AEN 2.125435521 | 0.040545876 0.316834501 1b
64928_at MRPL14 3.407073293 | 0.000892674 0.170036215 1b
64979_at MRPL36 2.1747446 0.037538792 0.309207233 1b
65094 _at JMJD4 2.839609588 | 0.009834576 0.197182753 1b
65249_at ZSWIM4 3.778892014 | 0.005414934 0.170036215 1b
65263_at PYCRL 2.35959631 0.048338804 0.26624587 1b
653784_at MZT2A 2.443051207 | 0.04698365 0.253675577 1b
65996_at MGC2752 2.627114939 | 0.001778805 0.240360882 1b
677773 _at SCARNA23 2.625709611 | 0.01660373 0.240360882 1b
677777 _at SCARNA12 2.237887879 | 0.008157399 0.296179358 1b
677798_at SNORA9 2.655310102 | 0.000482158 0.235385224 1b
677809_at SNORA24 2.12578282 0.034104765 0.316834501 1b
677819_at SNORA37 2.105201845 | 0.004166548 0.317374895 1b
677850_at SNORD1C 2.084031894 | 0.003933011 0.320068531 1b
6794_at STK11 2.380305491 | 0.000235544 0.26443596 1b
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Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
6810_at STX4 2.555231976 | 0.006109774 0.251379895 1b
692072_at SNORD5 2.307074376 | 0.031586711 0.283732234 1b
692073_at SNORAT6A 3.019993893 | 0.002539261 0.185624053 1b
692158 _at SNORAS57 2.110804199 | 0.005474256 0.316834501 1b
692196_at SNORD76 2.484103748 | 0.010302503 0.251379895 1b
692227_at SNORD104 2.038854608 | 0.000589431 0.329350388 1b
718_at C3 2.057177708 | 0.002262557 0.323140358 1b
7264_at TSTA3 2.383658521 | 0.0119419 0.26443596 1b
7791_at zZYX 2.87054891 0.000498668 0.191195978 1b
79050_at NOC4L 3.614469342 | 0.022959015 0.170036215 1b
79058_at ASPSCR1 2.237019055 | 0.014144554 0.296179358 1b
79180_at EFHD2 2.426308775 | 0.043292724 0.256137389 1b
79623_at GALNT14 2.366717119 | 0.026654818 0.26624587 1b
79697_at C140rf169 2.056873167 | 0.01006997 0.323140358 1b
79713_at IGFLR1 2.616284324 | 0.04546082 0.243390026 1b
79751 _at SLC25A22 2.693678838 | 0.013500763 0.22567235 1b
79803_at HPS6 2.527931422 | 0.012446717 0.251379895 1b
80725_at SRCIN1 3.16026783 0.024476569 0.170036215 1b
80851 _at SH3BP5L 2.10228355 0.029449039 0.317664773 1b
81570_at CLPB 2.670789051 | 0.006567661 0.234038296 1b
81628_at TSC22D4 2.549128785 | 0.020282261 0.251379895 1b
81844 _at TRIM56 2.077585063 | 0.003255749 0.320068531 1b
8192_at CLPP 2.023561758 | 0.023277955 0.33354661 1b
81926_at FAM108A1 3.237476933 | 0.032356821 0.170036215 1b
8294_at HIST1HA4I 2.094254147 | 0.031794798 0.317874618 1b
83481_at EPPK1 2.275862132 | 0.020178951 0.287842533 1b
84262_at PSMG3 2.093650619 | 0.000201901 0.317874618 1b
84895_at FAM73B 2.700474809 | 0.001416811 0.22567235 1b
84954_at MPND 2.668342561 | 0.032926517 0.234038296 1b
8568_at RRP1 2120532488 | 0.001877242 0.316834501 1b
8677_at STX10 2.599565902 | 0.034104765 0.245155909 1b
8815_at BANF1 3.049012597 | 7.23E-05 0.184409427 1b
89790_at SIGLEC10 3.338542723 | 0.03890325 0.170036215 1b
90850_at ZNF598 2.286640379 | 0.023415052 0.287842533 1b
9123_at SLC16A3 2.895706164 | 0.001384229 0.190087964 1b
9144 _at SYNGR2 2.273900016 | 0.021505933 0.287842533 1b
9150_at CTDP1 2.220383498 | 0.035224838 0.298211024 1b
91582_at RPS19BP1 2.333436219 | 0.01055089 0.274219368 1b
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92002_at FAMS58A 2.085846097 | 0.009104471 0.320068531 1b
92305_at TMEM129 2.359632772 | 0.048309109 0.26624587 1b
92609_at TIMM50 2.291374466 | 0.002031069 0.287842533 1b
9277 _at WDR46 2.146598153 | 0.025973697 0.316296017 1b
92822_at ZNF276 2.21390778 0.004387997 0.299992096 1b
9299_at SNORD30 2.351350561 | 0.000779907 0.269540789 1b
9301_at SNORD27 2.061736251 | 0.031794798 0.323140358 1b
9304_at SNORD22 2.344882058 | 1.05E-05 0.269759597 1b
93100_at NAPRT1 3.276167237 | 0.028312916 0.170036215 1b
93210_at PGAP3 3.199924467 | 0.033038059 0.170036215 1b
9711_at KIAA0226 2124263388 | 0.042087404 0.316834501 1b
9894 _at TELO2 2.08208617 0.02359369 0.320068531 1b
100286979_at | ANAPC1P1 -3.432469849 | 0.0041276 0.170036215 2a
10253_at SPRY2 -2.066384946 | 0.024463709 0.323029894 2a
11138_at TBC1D8 -2.262582814 | 0.009573588 0.291569404 2a
1185_at CLCNG6 -2.842854898 | 0.000992326 0.197182753 2a
1287_at COL4A5 -2.115233431 | 0.004387997 0.316834501 2a
130733_at TMEM178A -2.867065305 | 0.000173514 0.191195978 2a
1352_at COX10 -2.278340539 | 0.013677169 0.287842533 2a
152195_at NUDT16P1 -2.180999447 | 0.007125346 0.30734603 2a
164395_at TTLL9 -2.064155592 | 0.04391438 0.323140358 2a
164832_at LONRE2 -3.463772379 | 0.040563797 0.170036215 2a
219_at ALDH1B1 -3.11851669 0.036757607 0.170036215 2a
2200_at FBN1 -2.130856934 | 0.046260973 0.316834501 2a
221806_at VWDE -3.239261083 | 0.023559067 0.170036215 2a
23331_at TTC28 -2.357476954 | 2.38E-05 0.266609559 2a
23462 _at HEY1 -2.415859886 | 0.034750964 0.259203624 2a
26284 _at ERAL1 -2.337321507 | 0.035683118 0.273662465 2a
26580_at BSCL2 -2.517508191 | 0.02876799 0.251379895 2a
2737_at GLI3 -2.152110037 | 0.002701645 0.314592809 2a
284402_at SCGB2B2 -3.230457697 | 0.048426576 0.170036215 2a
284459_at HKR1 -2.754564098 | 0.044167316 0.219616464 2a
3131_at HLF -2.989268023 | 0.027265091 0.185674591 2a
4134_at MAP4 -2.555573713 | 0.044302729 0.251379895 2a
440104_at TMEM198B -2.319479179 | 0.000376328 0.280425141 2a
5087 _at PBX1 -2.957890659 | 0.019224202 0.185674591 2a
5218_at CDK14 -2.133353063 | 0.010211341 0.316834501 2a
54820_at NDE1 -2.298495369 | 0.00011834 0.286529697 2a
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55084 _at SOBP -2.696122914 | 0.0488244 0.22567235 2a
552_at AVPRIA -3.518344743 | 0.032174751 0.170036215 2a
55742 _at PARVA -2.305142595 | 0.045864004 0.284037781 2a
55841_at WWC3 -2.763308313 | 0.001495884 0.219616464 2a
57099_at AVEN -2.484759634 | 0.019740444 0.251379895 2a
57118_at CAMKI1D -2.045165989 | 0.005174803 0.326733736 2a
57478 _at UsP31 -2.110563161 | 0.027285536 0.316834501 2a
57496_at MKL2 -3.22450952 0.044901435 0.170036215 2a
57507_at ZNF608 -2.902160704 | 0.03057192 0.188887324 2a
57835_at SLC4A5 -2.879581935 | 0.029013305 0.191195978 2a
5793_at PTPRG -2.035148239 | 0.036339979 0.329350388 2a
58492 _at ZNF77 -2.131191084 | 0.000672034 0.316834501 2a
64427 _at TTC31 -2.626568611 | 0.002284973 0.240360882 2a
647135_at SRGAP2B -2.943237601 | 0.030686256 0.186626283 2a
6830_at SUPT6H -2.222915722 | 0.022480866 0.297595538 2a
7436_at VLDLR -2.408306402 | 0.006691129 0.261773777 2a
80206_at FHOD3 -2.109583808 | 0.030516463 0.316834501 2a
83450_at LRRC48 -2.301933527 | 0.040536801 0.285203289 2a
8440_at NCK2 -3.123064026 | 0.036032892 0.170036215 2a
84436_at ZNF528 -2.232771464 | 0.04421411 0.296231304 2a
9037_at SEMASA -2.077296454 | 0.001775861 0.320068531 2a
93233_at CCDC114 -2.044907664 | 0.002740324 0.326733736 2a
9353_at SLIT2 -2.6948711 0.024160058 0.22567235 2a
9656_at MDC1 -2.924733708 | 0.029071142 0.188887324 2a
9863_at MAGI2 -2.234236514 | 0.043478653 0.296179358 2a
9898 _at UBAP2L -2.478881043 | 0.045265494 0.251379895 2a
100506564 _at | THEGL -2.748201482 | 0.011553247 0.219616464 2b
100529855_at | ZNF625-ZNF20 | -2.032900204 | 0.002225906 0.329350388 2b
100652824_at | LOC100652824 | -2.700241532 | 0.047555742 0.22567235 2b
10283_at CwCz7 -2.057409966 | 0.006265269 0.323140358 2b
10350_at ABCA9 -2.227722835 | 0.006644644 0.29715543 2b
10427 _at SEC24B -2.226848464 | 0.030425255 0.29715543 2b
10428_at CFDP1 -2.212970604 | 0.002295337 0.299992096 2b
10600_at USP16 -2.121513437 | 0.003288224 0.316834501 2b
10826_at Cborf4 -3.690437737 | 0.002624937 0.170036215 2b
10927 _at SPIN1 -2.279850189 | 0.021025888 0.287842533 2b
10943 _at MSL3 -3.184952109 | 0.000235544 0.170036215 2b
11147 _at HHLAS3 -3.290019183 | 0.000174064 0.170036215 2b
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11280_at SCN11A -4.594369629 | 0.000922025 0.055826959 2b
113263_at GLCCIl -2.19699154 0.000438803 0.304290138 2b
114883_at OSBPL9 -2.962219413 | 0.000580534 0.185674591 2b
114932 _at MRFAPIL1 -2.250449683 | 0.00746714 0.295162685 2b
119710_at Cllorf74 -2.535959428 | 0.01025149 0.251379895 2b
123016_at TTC8 -2.159656522 | 0.000684994 0.312095691 2b
123624 _at AGBL1 -2.151113672 | 0.027663249 0.314592809 2b
126859_at AXDND1 -2.281065074 | 0.021572541 0.287842533 2b
127003_at Clorf194 -2.241117366 | 0.040162523 0.296179358 2b
128710_at C200rf94 -2.346431428 | 0.004608558 0.269743641 2b
129831 _at RBM45 -2.168874404 | 0.024378556 0.309207233 2b
130940_at CCDC148 -2.438659151 | 0.001361143 0.253675577 2b
132851 _at SPATA4 -2.254504836 | 0.03155723 0.293323097 2b
134728 _at IRAK1BP1 -2.242333131 | 0.037485591 0.296179358 2b
136332_at LRGUK -2.434835882 | 0.029453508 0.253675577 2b
139212_at PIH1D3 -2.069643466 | 0.035101382 0.322183541 2b
140733_at MACROD2 -2.53314007 0.005036449 0.251379895 2b
145447 _at ABHD12B -2.20397918 0.038302494 0.303564458 2b
145482 _at PTGR2 -2.167233104 | 0.009644289 0.30929771 2b
148268_at ZNF570 -2.035893393 | 0.009285223 0.329350388 2b
150864 _at FAM117B -2.584637172 | 0.000211811 0.249338199 2b
150967 _at PKI55 -3.157495648 | 0.04359861 0.170036215 2b
151827_at LRRC34 -2.22877499 0.033737262 0.29715543 2b
152110_at NEK10 -2.361754225 | 0.034750964 0.26624587 2b
153643 _at FAMS1B -2.236652102 | 0.00035033 0.296179358 2b
154091 _at SLC2A12 -2.483369353 | 0.000444838 0.251379895 2b
1558_at CYP2C8 -2.914165575 | 0.003692569 0.188887324 2b
160140_at Cllorf65 -2.130750108 | 0.001204622 0.316834501 2b
160857_at CCDC122 -2.054972385 | 0.019456215 0.323140358 2b
161394 _at SAMD15 -2.640682211 | 0.000829754 0.240360882 2b
161835_at FSIP1 -2.623745691 | 0.003559464 0.240360882 2b
163081 _at ZNF567 -2.225527875 | 0.005232433 0.29715543 2b
164684 _at WBP2NL -3.576972637 | 0.022703758 0.170036215 2b
166824 _at RASSF6 -2.063462594 | 0.036750054 0.323140358 2b
1740_at DLG2 -2.661334541 | 0.004385992 0.23498643 2b
196527 _at ANO6 -3.065905516 | 0.000241631 0.181529502 2b
1982_at EIF4G2 -2.238278267 | 0.000959834 0.296179358 2b
200373_at PCDP1 -2.640221536 | 0.005934007 0.240360882 2b
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2005_at ELK4 -2.888295238 | 0.010095237 0.190087964 2b
203523_at ZNF449 -2.113051888 | 0.018112483 0.316834501 2b
205717_at KIAA2018 -2.755861407 | 0.015160983 0.219616464 2b
2066_at ERBB4 -2.523712899 | 0.024612831 0.251379895 2b
2070_at EYA4 -3.00726748 0.025737637 0.185674591 2b
221458_at KIF6 -2.134034501 | 0.038301609 0.316834501 2b
222255_at ATXN7L1 -2.435941401 | 0.000416807 0.253675577 2b
222611_at GPR111 -3.361404704 | 0.011540751 0.170036215 2b
2257_at FGF12 -4.840850632 | 0.00041628 0.049772345 2b
22887_at FOXJ3 -2.687330722 | 9.52E-05 0.227686466 2b
22920_at KIFAP3 -2.114105597 | 0.035190646 0.316834501 2b
23168_at RTF1 -2.279700625 | 0.036210658 0.287842533 2b
23248 _at RPRD2 -2.5186269 0.017930674 0.251379895 2b
23318_at ZCCHC11 -2.041759865 | 0.028779803 0.328276871 2b
23360_at FNBP4 -2.631651185 | 0.022199861 0.240360882 2b
23460_at ABCA6 -2.471879568 | 0.014282727 0.251379895 2b
23505_at TMEM131 -2.712558286 | 0.023924016 0.22567235 2b
23710_at GABARAPL1 -2.119254372 | 0.001863592 0.316834501 2b
253724 _at GNN -2.464259968 | 0.002707933 0.251379895 2b
255082_at CASC2 -2.349597581 | 0.018609779 0.269677992 2b
258010_at SVIP -2.401526189 | 0.004623632 0.263162717 2b
25827_at FBXL2 -2.109495072 | 0.006497388 0.316834501 2b
2620_at GAS2 -2.538300734 | 0.026654818 0.251379895 2b
26343_at ORSE1P -3.199598547 | 0.018384267 0.170036215 2b
26355_at FAM162A -2.978833662 | 0.0488244 0.185674591 2b
26471_at NUPR1 -2.10926221 0.002112646 0.316834501 2b
26515_at FXC1 -2.607011958 | 0.020475897 0.245155909 2b
26716_at OR2H1 -2.055363625 | 0.049868167 0.323140358 2b
27130_at INVS -3.127792003 | 0.004352767 0.170036215 2b
27332_at ZNF638 -2.049449859 | 0.035477411 0.325641885 2b
284697_at BTBDS8 -2.693571719 | 0.026563117 0.22567235 2b
285195_at SLC9A9 -2.484787381 | 0.023993003 0.251379895 2b
285962_at FL]40852 -2.080453623 | 9.77E-05 0.320068531 2b
286187_at PPP1R42 -2.683996116 | 0.017581795 0.228017264 2b
288_at ANK3 -2.128790527 | 0.039796902 0.316834501 2b
29081 _at METTL5 -2.928806312 | 0.004118798 0.188887324 2b
29843_at SENP1 -2.017318984 | 0.000528139 0.335764372 2b
29958_at DMGDH -3.265534479 | 0.000983149 0.170036215 2b
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2998_at GYS2 -2.479569864 | 0.024671632 0.251379895 2b
29980_at DONSON -2.661675863 | 0.002961197 0.23498643 2b
317671_at RFESD -2.594988659 | 0.003594693 0.245155909 2b
3223_at HOXC6 -2.34715369 0.019960311 0.269743641 2b
338323_at NLRP14 -2.473412129 | 0.00746714 0.251379895 2b
339883_at C3orf35 -2.047414613 | 0.018112483 0.326378326 2b
3423_at IDS -2.028883555 | 1.05E-05 0.330398324 2b
3467 _at IFNW1 -2.439173515 | 0.00196917 0.253675577 2b
3488_at IGFBP5 -3.159729005 | 0.013064313 0.170036215 2b
3708_at ITPR1 -2.032307624 | 0.000173514 0.329350388 2b
375189_at PFN4 -3.792463788 | 0.016276739 0.170036215 2b
401027_at C2orf66 -3.03821236 0.001316844 0.185624053 2b
4131_at MAP1B -2.547576481 | 0.000498668 0.251379895 2b
414328 _at IDNK -2.469105829 | 0.002938574 0.251379895 2b
4205_at MEF2A -2.465353262 | 0.00591468 0.251379895 2b
4212_at MEIS2 -2.240789554 | 0.027458852 0.296179358 2b
4281 _at MID1 -2.530922652 | 0.026108924 0.251379895 2b
4345_at CD200 -2.657495541 | 0.030777191 0.235385224 2b
442903_at MIR331 -2.198675153 | 0.00969633 0.304290138 2b
4983_at OPHN1 -2.511719577 | 0.024540604 0.251379895 2b
50484 _at RRM2B -2.178329386 | 0.0046693 0.308355698 2b
51028_at VPS36 -2.060753994 | 0.030828696 0.323140358 2b
51082_at POLR1D -3.209590221 | 0.002024504 0.170036215 2b
51095_at TRNT1 -2.021101529 | 0.036823323 0.334624098 2b
51315_at KRCC1 -2.125011438 | 0.018384267 0.316834501 2b
51317_at PHF21A -2.983494492 | 0.02953761 0.185674591 2b
51375_at SNX7 -2.310106975 | 0.049882665 0.283686448 2b
51454_at GULP1 -2.098590331 | 0.001121967 0.317664773 2b
51473_at DCDC2 -2.14182993 0.042509388 0.316834501 2b
51538_at ZCCHC17 -2.186573046 | 0.006487958 0.304314898 2b
51562_at MBIP -2.106851306 | 0.000821338 0.316983141 2b
51601_at LIPT1 -2.084389632 | 0.012837301 0.320068531 2b
5165_at PDK3 -2.194691644 | 0.049772181 0.304290138 2b
5332_at PLCB4 -2.189280901 | 0.012200347 0.304314898 2b
5411_at PNN -2.960492557 | 0.003713195 0.185674591 2b
54462 _at FAM190B -2.132732744 | 0.002527762 0.316834501 2b
5451 _at POU2F1 -2.95286609 0.0248102 0.185674591 2b
54762 _at GRAMDI1C -2.067002461 | 0.011765192 0.323029894 2b
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54764 _at ZRANBI1 -3.774424439 | 0.005515451 0.170036215 2b
54845_at ESRP1 -2.150170852 | 0.030088298 0.314592809 2b
548645_at DNAJC25 -2.037260443 | 0.029478926 0.329350388 2b
54873_at PALMD -2.215948222 | 0.001938769 0.299715443 2b
54940_at OCIAD1 -2.033063071 | 0.004365146 0.329350388 2b
54969_at C4orf27 -2.602639562 | 0.000990389 0.245155909 2b
55081 _at IFT57 -2.373495123 | 0.003077639 0.26624587 2b
55216_at Cllorf57 -2.187341666 | 0.006567661 0.304314898 2b
5523_at PPP2R3A -2.059210396 | 0.035224838 0.323140358 2b
55252 _at ASXL2 -3.02060857 0.00173658 0.185624053 2b
55553_at SOX6 -3.763513031 | 0.011344005 0.170036215 2b
55740_at ENAH -2.256749798 | 0.000305897 0.293323097 2b
55769_at ZNF83 -2.256418572 | 0.016490837 0.293323097 2b
55777 _at MBD5 -2.827510392 | 0.010689344 0.201076251 2b
55779_at WDR52 -3.051027634 | 0.018457014 0.184409427 2b
5587 _at PRKD1 -3.549257184 | 0.028222191 0.170036215 2b
5602_at MAPK10 -2.499105672 | 0.000454725 0.251379895 2b
56776_at FMN2 -2.816012815 | 0.002744253 0.201770016 2b
56906_at THAP10 -2.171001942 | 0.006628085 0.309207233 2b
56913_at C1GALT1 -2.095170235 | 0.029453508 0.317874618 2b
56987_at BBX -2.032657139 | 0.036743682 0.329350388 2b
57038_at RARS2 -2.155935679 | 0.001866944 0.313885859 2b
57393_at TMEM27 -4.070405968 | 0.002887668 0.170036215 2b
5747 _at PTK2 -2.542251152 | 0.028397743 0.251379895 2b
57501_at KIAA1257 -2.273653376 | 0.004352767 0.287842533 2b
57509_at MTUS1 -2.292942089 | 0.026086553 0.287842533 2b
57562 _at KIAA1377 -2.071459151 | 0.031794798 0.321630104 2b
57683_at ZDBEF2 -2.77139806 0.002298365 0.219616464 2b
57698_at KIAA1598 -2.537085762 | 0.004792365 0.251379895 2b
58486_at ZBED5 -2.517289159 | 0.040487309 0.251379895 2b
5865_at RAB3B -2.921961331 | 0.005494999 0.188887324 2b
59084 _at ENPP5 -2.19950253 0.019530252 0.304290138 2b
5915_at RARB -2.380787996 | 0.012515352 0.26443596 2b
5955_at RCN2 -2.241858804 | 0.006497388 0.296179358 2b
6101_at RP1 -2.44666495 0.002684573 0.253675577 2b
6311_at ATXN2 -2.392722423 | 0.013364557 0.263474197 2b
6430_at SRSF5 -2.787608787 | 0.027032515 0.215511447 2b
64518_at TEKT3 -2.911567737 | 0.035618413 0.188887324 2b
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646600_at C3orf65 -2.465519049 | 0.027799328 0.251379895 2b
646813 _at LOC646813 -2.224859488 | 0.025647967 0.29715543 2b
64864 _at REX7 -2.450063744 | 0.040018236 0.253675577 2b
6655_at S50S2 -2.823375348 | 0.002210836 0.201453355 2b
6760_at 5518 -2.276519933 | 0.006862242 0.287842533 2b
6767_at ST13 -2.29035328 0.015166835 0.287842533 2b
692087_at SNORD49B -3.099421055 | 0.028095711 0.170036215 2b
7029_at TFDP2 -3.164048745 | 0.029695208 0.170036215 2b
7569_at ZNF182 -2.266906691 | 0.042574648 0.290517051 2b
7750_at ZMYM2 -2.394485016 | 0.01788293 0.263474197 2b
7879_at RAB7A -2.48422188 0.000534095 0.251379895 2b
79048_at SECISBP2 -2.25555294 0.007075435 0.293323097 2b
7913_at DEK -2.530581662 | 0.023135751 0.251379895 2b
79618_at HMBOX1 -2.280659673 | 0.015129364 0.287842533 2b
79663_at HSPBAP1 -2.165919393 | 0.020282261 0.309373096 2b
79895_at ATP8B4 -2.442719847 | 0.044155259 0.253675577 2b
79925_at SPEF2 -2.485811577 | 0.008157399 0.251379895 2b
8028_at MLLT10 -2.115668348 | 0.049222823 0.316834501 2b
80298_at MTERFD3 -2.723059798 | 0.013653483 0.224301998 2b
81602_at CDADC1 -2.122066219 | 0.036854559 0.316834501 2b
81617_at CAB39L -2.414552778 | 0.033536427 0.259203624 2b
83468_at GLT8D2 -2.635796208 | 0.016770638 0.240360882 2b
83657_at DYNLRB2 -2.966622292 | 0.000580534 0.185674591 2b
83939_at EIF2A -2.532091134 | 0.004436618 0.251379895 2b
8404_at SPARCL1 -3.095267705 | 9.52E-05 0.170036215 2b
84144 _at SYDE2 -2.361778509 | 0.046319328 0.26624587 2b
84223_at 1QCG -2.531261839 | 0.002740324 0.251379895 2b
84343_at HPS3 -2.48114736 0.005591977 0.251379895 2b
84460_at ZMAT1 -2.470604952 | 0.041337846 0.251379895 2b
84529_at C150rf4l -2.431314064 | 0.022959015 0.254105496 2b
84911_at ZNF382 -2.115892438 | 0.044269855 0.316834501 2b
84946_at LTV1 -2.191576206 | 0.046359434 0.304290138 2b
85313_at PPIL4 -2.168902792 | 0.021187928 0.309207233 2b
8550_at MAPKAPKS -2.754019818 | 0.020282261 0.219616464 2b
8621_at CDK13 -2.560794137 | 0.021047075 0.251379895 2b
8814_at CDKL1 -2.1538659 0.013739582 0.314507301 2b
89765_at RSPH1 -3.599913468 | 0.00791382 0.170036215 2b
89782_at LMLN -2.393035412 | 0.019276188 0.263474197 2b
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Probe ID Gene Symbol T-Statistic ANCOVA Q-Value | LIMMA Q-Value | Cluster
8999_at CDKL2 -2.470496809 | 0.029020002 0.251379895 2b
9113_at LATS1 -2.436668881 | 0.027185871 0.253675577 2b
9166_at EBAG9 -2.393906964 | 0.00192803 0.263474197 2b
9208_at LRRFIP1 -3.011172925 | 0.045265494 0.185674591 2b
92211_at CDHR1 -3.263620673 | 0.04391438 0.170036215 2b
92737 _at DNER -2.379812139 | 0.042105671 0.26443596 2b
9342_at SNAP29 -2.186683234 | 0.010895867 0.304314898 2b
93587_at TRMT10A -2.414883361 | 0.024689875 0.259203624 2b
93986_at FOXP2 -2.903989893 | 0.002255842 0.188887324 2b
9419_at CRIPT -2.492286837 | 0.014289023 0.251379895 2b
9481 _at SLC25A27 -2.576298175 | 0.041281382 0.251379895 2b
9657 _at 1QCB1 -2.567958478 | 0.001638099 0.251379895 2b
9693_at RAPGEF2 -2.138890668 | 0.04664695 0.316834501 2b
9813_at KIAA0494 -2.208171115 | 0.024678074 0.302428144 2b
9851 _at KIAAQ753 -2.949410472 | 0.041392395 0.185674591 2b
9913_at SUPT7L -3.300390215 | 0.005928194 0.170036215 2b
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