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ABSTRACT

Chronic Obstructive Pulmonary Disease is a respiratory illness that affects a
large number of people all over the world. It is a major cause of chronic morbidity and
mortality and a serious global public health problem. COPD is the fourth leading cause
of death worldwide. Although the environmental causes of COPD which predominantly
include cigarette smoking are well-documented, to this date the genetic underpinnings
of COPD remain largely unknown. Furthermore, in the current landscape of a
respiratory pandemic, COPD patients are at a much higher risk for developing other
respiratory illnesses and co-morbidities. Treatment methods for this disease have
remained the same over the years. In this study we use genomic data from case-control
based cohorts to study the genetic patterns and profiles of patients with this illness in
order to identify key genetic factors and thereby gain a deeper understanding of the
disease. This understanding would lead to greater insight on how to better diagnose,
manage and treat this disease. A clearer insight at the genomic level would assist in
actionable outcomes than could be leveraged to adopt a more Precision Medicine
based modality to manage this disease thereby leading to more effective and better

treatment options which would improve overall patient health outcomes
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CHAPTER 1: Introduction to Chronic Obstructive Pulmonary Disease

Chronic Obstructive Pulmonary Disease (COPD) is a common, preventable
disease that is a leading cause of mortality worldwide (Duffy & Criner, 2019).
1.1: Symptoms of COPD
It is characterized by persistent respiratory symptoms and airflow limitation due to
airway or alveolar abnormalities usually caused by significant exposure to noxious
particles or gases. Emphysema and chronic bronchitis are the most common symptoms
of COPD (Silverman, 1998).
1.2: Risk Factors of COPD

Tobacco use remains the main risk factor for COPD (Diaz-Guzman & Mannino,
2014). The sources for COPD remain different in developed vs developing countries. In
developed nations, cigarette smoke continues to remain the number one risk factor
whereas in developing countries environmental pollution remains a major risk factor.
1.3: Diagnosis and Detection

Diagnosis of COPD is done via Lung (Spirometry) tests, Chest X-ray, CT Scan,
Arterial blood gas analysis, and specific lab tests (Labaki & Rosenberg, 2020). People
with COPD are at increased risk of developing heart disease, lung cancer and a variety
of other conditions.
1.4: Treatment of COPD

Treatment for these symptoms of COPD include inhalers to stimulate
bronchodilation as well as pharmacotherapy (Labaki & Rosenberg, 2020). Given the
heterogeneous nature of this disease, a pharmacogenomics and precision medicine
based approach taking into consideration sample size as well as COPD subtypes and

genetics would prove to be beneficial to obtain more efficient treatment outcomes.



Clinical implementation of these modalities of treatment nevertheless has not yet
been achieved (Wood et al., 2009; Hersh, 2019). In this paper, we outline a genomics
based network analysis approach to gain a more thorough understanding of genetics
underpinnings of this disease. This would lead to more targeted treatment based on

genetics and better overall clinical outcomes.



CHAPTER 2: COPD in the context of Precision Medicine

2.1: Introduction to Precision Medicine

Precision medicine (PM) is a new and emerging field that looks to treat diseases
by studying genetic, socio-environmental, and clinical factors that influence disease. It
thereby attempts to provide a holistic view of a person's health. It usually deals with a lot
of details about the individual especially their genetics. Precision medicine essentially
has the potential to personalize or tailor treatment to the individual patient by using their
genetic information to guide treatment choices (Velmovitsky et al., 2021; Wynn et al.,
2018).

Precision Medicine shows the most potential in treating oncology related
diseases, where it is possible to tailor the specific drug and treatment based on what is
known as the patient’s genomic profile (Gameiro et al., 2018). The rationale underlying
the use of genetics is based on certain important factors. One of the most important
factors is that each individuals genetic make-up varies and is unique to that particular
individual. As such, no two individuals have the exact same genetic make-up, thereby
leading to differences that could change the way they react not only to the same
medication but also the same illness. For example, some people react differently to the
same dosage of acetaminophen than others. No two people also respond the same way
when they are infected with the same virus.

Furthermore, in certain highly specialized disciplines such as oncology, the PM
approach allows the provider to give drugs that are highly specific to the particular type
of tumor a person has. Physicians can use genetic testing to assess genetic variants for
example BRCA1 and tailor their patient's treatment based on that. In oncology,

genomics and bioinformatics play key roles in analyzing and helping tailor treatment



modalities (Canzoneri et al., 2019; McGowan et al., 2014) . Several workflows and
methodologies have in fact been developed to better analyze and study how treatment
can be tailored based on genomics of the patient (Jager, 2022).

A driving factor in increasing use of PM is reduction in cost of genome
sequencing. Initially it cost thousands just to sequence one genome. Now, however,
with the advent of new library prep methods and other technological advancements,
genomes can be sequenced for much less (McCombie et al., 2019; Pareek et al., 2011).
This has in turn made sequencing of several patient's genomes possible thereby
leading to the advent of precision medicine.

One of the main reasons, however was the mapping of the entire human genome
via the Human Genome Project (Green et al., 2015). This project set out the ambitious
goal of mapping all the regions in the entire human genome. This was done under the
auspices of the National Institutes of Health under Dr. Francis Collins. This project
successfully mapped out the entire Human Genome and in fact reached its goal earlier
than anticipated (Collins et al., 2003).

This in turn has given rise to several new technologies and advancements in the
field beginning with genomics and ranging from HT-NGS technologies such as analysis
of chromatin immunoprecipitation coupled to DNA microarray or bisulfite sequencing
(ChIP-seq), RNA sequencing (RNAseq), whole genome genotyping, genome wide
structural variation to de novo assembling and re-assembling of the genome (Pareek et
al., 2011).

Further initiatives were taken by the government including All of Us research
project which used PM based methods(Llanto et al., 2020; Sankar & Parker, 2017). This

project is an initiative that helps to better highlight precision medicine. It seeks to create



a database with precision medicine based information that is reflective of the diverse US
population. Participants information about genetic data, biological samples, and other
information about their health is collected. Participants can access their health
information, as well as research that uses their data, during the study. Researchers
including Clinicians and Physicians can use these data to study a large range of
diseases, with the goals of better predicting disease risk, understanding how diseases
occur, and finding improved diagnosis and treatment strategies. Other initiatives by the
government also include the Obama administration’s Precision Medicine Initiative
(Matthew, 2019).

2.2: Addressing COPD through Precision Medicine

Precision medicine approaches offer promising avenues to improve not only
diagnosis, but also treatment and management of COPD.

Precision medicine’s objective is to tailor medical care to an individual's specific
genetic, environmental, and lifestyle factors. In the context of COPD, a precision
medicine approach could involve identifying specific genetic or biomarker-based
subtypes of the disease and developing targeted therapies or interventions that are
more effective and have fewer side effects (Leung et al., 2019).

The use of bronchodilators that target specific molecular pathways is an
important example of how precision medicine can be leveraged in COPD treatment and
long-term management. An example would be patients with COPD who have a specific
genetic mutation could potentially benefit from bronchodilators that target that particular
mutation (Wood et al., 2009).

Another approach is using biomarkers to identify patients who are at higher risk

of exacerbations or disease progression. These patients may be given more aggressive



treatments or more specific, targeted interventions either to prevent exacerbations or
slow disease progression (Stockley et al., 2019).

Further, precision medicine approaches can help identify specific factors that
contribute to the development of COPD. These factors could range from environmental
exposures, lifestyle factors and various comorbidities. This information can be used to
develop prevention and management strategies that are tailored to suit a specific
patient. Combining a Precision Medicine approach within the broader framework of
Population health brought about the concept of P4 medicine whereby genomics is taken
into account within the broader framework of improving overall public health with an aim

of getting patients also more involved (Khoury et al., 2012).

Genetic risks for many diseases
are identified. Signs of illness are
recognized, before it manifests.
The effects of disease are known
and planned for in advance.
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MEDICINE disease, when it's

and personalized
most reversible.
treatments to
prevent it
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Individuals are well informed about
their health and better prepared
to make their own health care
decisions. This makes medicine
far more efficient.

Figure 1.1: P4 Medicine

Overall, precision medicine has the potential to revolutionize the diagnosis,
treatment, and management of COPD by providing tailored interventions that are more
effective and with fewer side effects. This would lead to better outcomes for patients.
Although prior work on studying impact of precision medicine in healthcare has been

6



performed, there does not exist a specific systematic review looking at provider

approaches and experiences of precision medicine clinical practice.

CHAPTER 3: Literature Review

3.1: Methods



A search of PubMed (2017-2022) and Ovid Medline (2017-2022) for research
articles was conducted in November 2022 using the following search terms: precision
medicine (Medical Subject Headings [MeSH]) and physician (MeSH). The term
genomics (MeSH) was also used. These search terms and filters were used to find the
most contemporarily relevant articles that embraced all methods of physician’s
experiences with precision medicine.

3. 2: Inclusion and Exclusion Criteria

Inclusion criteria were any research article evaluating physician or provider’s
experiences with precision medicine in a clinical setting. Only articles published in peer-
reviewed journals from 2017-2022 were considered. Conference papers were not
included. Furthermore, only studies that were in English and on Humans were included.
Studies were excluded if they did not specifically address physician perspectives or
focused on settings outside the US. Articles that were reviews themselves or were
Randomized Control Trials were also excluded.

3.3: Study Selection and Data Extraction

The titles, abstracts and results were reviewed and screened based on the
inclusion and exclusion criteria described earlier. Data that was relevant was individually
collected from each screened article including type of study, type of intervention/method
used and results. The provider and result data were sorted and then organized into a
table, including the intervention type. Data were studied for patterns based on

differences in the intervention type used.

The PRIMSA guidelines were used to construct the four phase flow diagram

which included Identification, Screening, Eligibility and articles Included (PRISMA



Guidelines, n.d.). The aim of the PRISMA statement is to help authors improve the

reporting of systematic reviews and meta-analyses. PRISMA guidelines can also be

used for appraisal of published systematic reviews. Zotero version 6.0.18 was used to

manage the articles. It is important keep in mind that since this is such a new field, the

number of articles overall was less and this influenced to a great extent the size of the

recall set.
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Figure 3.1: Flow chart of article selection

3.4: Literature Review Results

Comprehensive literature searches identified 112 articles (Figure 1). The titles
and abstracts of these articles were studied and 14 articles were ultimately determined
to be of relevance. The distribution of articles included surveys and interviews as well as
discussions in conferences and clinical settings and one case study (Table 1). Four
studies focused on approaches of specific disciplines and five on primary care setting
and the rest focused on general provider experiences. Most of the studies were on
perceived challenges and provider focused efforts to overcome. Studies were mostly
focused on provider initiated PM and one study focused on provider experience with
patient initiated direct-to-consumer testing. Studies were broadly classified into five
categories: Surveys done on provider experiences, Opinion pieces, Cohort studies done
in a Clinical Genomics setting, Studies done after Educational Interventions, and studies
done based on discussions in Conferences and Summits. The author of each study also
put forth their own assessment of provider perceptions and approaches. Nine of the
eighteen studies (13%) were surveys that were conducted, 3 were done as cohort
studies in clinical setting, 2 were opinion pieces, 1 was an educational intervention and
1 was a case-study.

These studies stated that various perceptions of precision medicine existed
between various disciplines and in certain cases the provider approach towards
precision medicine depended on the disciples. Four of the studies stated that
demographics also played a role in assessing provider experiences and perceptions

towards precision medicine. One of the studies also looked at the legal ramifications in
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provider experience towards PM.

3.5.1: Surveys and Interviews of Physician experience and attitude towards
Precision Medicine

Among the studies reporting survey or interview data, authors conducted a thorough
assessment of provider as well as patient experience and the challenges they faced
thereof with implementation of precision medicine. In one study the authors conducted a
study assessing implementation outcomes to inform spread and scale, using mixed
methods of semi-structured interviews of physicians. Fifty of 69 patients (72%) invited
by primary care providers participated in the Humanwide pilot. Reviews were performed
for the 50 participating patients. Participants were diverse overall (50% non-white, 66%
female). Over half of the participants were obese and 58% had one or more major
cardiovascular risk factor: dyslipidemia, hypertension, diabetes. Reach/penetration of
the four components varied: pharmacogenomics testing 94%, health coaching 80%,
genetic testing 72%, and digital health 64%. Interview participants (n=27) included
patients (n=16), providers (n=9) (Brown-Johnson et al., 2021). The authors focused on
four main components, namely health coaching, genetic screening, pharmacogenomics
and digital health. This was a report of implementation of a multi-component precision
health model embedded in team-based primary care. The authors found acceptance
from both patients and providers. The authors found that barriers to implementation of
precision health in a team-based primary care clinic were straightforward, though not
necessarily easy to overcome. The authors suggested based on their survey results that
future implementation endeavors should invest in basics such as education, workflow,
and reflection/evaluation. Other surveys showed that less than half of physicians had a

clear understanding of pharmacogenomics, which is a mainstay of PM (J. DelLuca et al.,
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2020; McGrath et al., 2019).

Further survey based study such as the one done with pathologist residents
showed that There was significantly lower perceived understanding of genetics
compared with non-genetics topics (Haspel et al., 2021; McCauley et al., 2017).

Primary care providers also felt unprepared to work with patients at high risk for
genetic conditions and were not confident about interpreting test results (Hauser et al.,
2018; McCauley et al., 2017; Sethi et al., 2022; Vashistha et al., 2020; Yabroff et al.,
2020) . The surveys showed that, the overall consensus seemed to be that providers
need better training and education on PM based concepts in order to successfully
implement them.

3.5.2: Case Study of Provider experience with Direct-to-Consumer (DTC) testing

There was one case study which looked at provider experience with patient
ordered DTC. This was a case where a couple presented their 23andMe test to
provider. The article explores how the physician should present and discuss the results
of the such genetics test to consumers and the challenges and scenarios therein (Artin
et al., 2019).

3.5.3: Studies in Clinical setting assessing Physician experience with Clinical
Genomics testing

There were three studies done which looked at physician experience with clinical
genomics tests. Patient’s were subjected to genomics tests and physicians experience
with assessing and interpreting these tests was studied. The sample size here ranged
from 10 to 814. Studies were done mostly in the discipline of oncology and one was
done in primary case setting. In overall primary care setting, around 61 were for genetic

cancer risk assessment, 29 for pharmacogenomic testing, and 9 for validation and
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interpretation of direct-to-consumer testing. The largest genomic testing sample was
one from a retrospective cohort study of women with incident breast cancer which
consisted of 156,229 patients (Zipkin et al., 2021) .

Oncologists who adopted specific genomic test (ODX) were associated with a
1.38-fold increase in the odds of the medical oncologist adopting ODX in 2010-2011
(95% CI = 1.04-1.83), as was co-location with early-adopting surgeons (odds ratio [OR]
=1.25, 95% CI = 1.00-1.58). Patients whose primary medical oncologist was linked to
an early-adopting surgeon through co-location (OR = 1.17, 95% CI = 1.04-1.32) or both
patient-sharing and co-location (OR = 1.17, 95% CI = 1.03-1.34) were more likely to
receive ODX. It is worth noting that the larger the sample size, the greater the log-odds
ratio of physicians adopting use of genomic testing (Gutierrez et al., 2017; Massart et
al., 2022) .

3.5.4: Opinion pieces on provider experience with precision medicine

There was a total of 1 study where the authors put forth their opinions on clinical
genomics testing and provider approaches to their same. The authors in these pieces
talked in general about challenges in integrating precision medicine into the clinical
setting and strategies to overcome these (McGrath et al., 2021; Ta et al., 2019) .

3.5.5: Study of Provider experience with Educational Interventions to integrate
precision medicine

One study focused on an educational intervention that was used specifically to
improve provider understanding of genomics and precision medicine. In this study, the
authors assessed pharmacogenomics clinical implementation education initiatives for
providers (Rohrer Vitek et al., 2017).

The summary of the findings is included in Table 1.

13



3.6: Discussion of Literature Review

The findings from the reviewed articles provided evidence that providers as a
whole had a positive approach towards integration of precision medicine. Overall,
providers expressed challenges in certain key areas including a lack of standardization
and reimbursement concerns. Providers believed that the integration of precision
medicine into healthcare, while showing great promise, faces many barriers. There was
a consensus that pharmacogenomic education and system-wide implementation is
necessary to overcome some of these challenges. A large-scale expansion of
pharmacogenomics education is a step toward producing knowledgeable providers who
are in a much better position to apply its methodology and promote its benefits in
individualized care.

Training and educating providers in genomic medicine will become more
important in the years to come as physicians increasingly interact with genomic and
other precision medicine technologies. Currently, as per the articles, physicians report
little to no interaction with genetic specialists such as genetic counselors. Demographics
does appear to play a crucial role given the fact that in one articles the younger
residents report greater exposure to genetics and genetic testing. It is further evident
that cost and legal ramifications are further issues that providers are concerned about.

However, it is heartening to note that they are also willing to discuss these
hitherto unexplored topics such as legalities behind genomic testing. It is of singular
importance that based on the feedback from some of the surveys, providers express
one of the biggest issues around how to interpret these results and the ambiguities
therein. Providers express explicit concern over the how insurance will attempt to use

this genetic information and the consequences around that. Many were concerned that
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genetic testing might lead to insurance discrimination and seemed to lack trust in
companies that offer genetic tests, such as 23andMe. These findings point to some of
the attitudes and knowledge gaps among the providers that should be considered in the
clinical implementation of genomic medicine for chronic conditions. A more targeted and
improved training, guidelines, clinical tools, and awareness of patient protections might

support the effective adoption of precision medicine by primary care providers.

Chapter 4: Methods of Genomic Analysis

4.1: Differential Expression Analysis

The study included 2611 participants of the COPDGene study as per the protocol
outlined for COPDGene (EA Regan, 2011). In this study, self-identified Non-Hispanic
Whites and African Americans between the ages of 45 and 80 years with a minimum of
10 pack-years lifetime smoking history (1 pack-year = 1 pack of cigarettes smoked daily
for 1 year) were enrolled at 21 centers across the United States. Subjects returned for a
second study visit approximately 5 years after initial enroliment. At this point they
completed detailed questionnaires, pre- and post- bronchodilator spirometry, volumetric
computed tomography of the chest, and provided blood for complete blood counts
(CBCs) with differentials and RNA sequencing. All subjects enrolled in the trial were
cancer-free at time of initial study enroliment.

Smoking history was ascertained by filling out self-reporting questionnaires.
Participants were classified as current and former smokers based on their self-report.

Sequenced subjects included COPD cases classified based on GOLD staging. The

15



GOLD staging was done according to available computed tomography and spirometry
analysis which classified the subjects into GOLD stage 2, 3 or 4 (Vogelmeier et al.,
2017). Smokers with normal lung function were given classification of GOLD stage 0 or
1. Institutional review board approval and written informed consent was obtained for all
subjects.
4.1.1: RNA extraction

RNA-seq data was taken from peripheral blood samples. Total RNA was
extracted from PAXgene™. Blood RNA tubes using the Qiagen PreAnalytiX PAXgene
Blood miRNA Kit (Qiagen, Valencia, CA). The extraction protocol was performed either
manually or with the Qiagen QIAcube extraction robot according to the company’s
standard operating procedure. Extracted RNA samples with RIN > 7 and concentration
>=25 ug/ul were sequenced.
4.1.2: cDNA library preparation and sequencing

Globin reduction and cDNA library preparation for total RNA was performed with
the lllumina TruSeq Stranded Total RNA with Ribo-Zero Globin kit (lllumina, Inc., San
Diego, CA). Libraries were QCed by quantification with Picogreen, size analysis on an
Agilent Bioanalyzer or Tapestation 2200 (Agilent, Santa Clara, CA) and gPCR
quantitation against a standard curve. 75 bp paired end reads were generated on a
HiSeq 2500 flow cell. Libraries are loaded at an empirically determined concentration in
order to generate the optimal number of clusters per lane of the flow cell. Samples were
sequenced to an average depth of 20 million reads.
4.1.3: Read alignment, expression quantification, and sequencing quality control

Reads were trimmed of TruSeq adapters using Skewer with default parameters

(Jiang et al., 2014). Trimmed reads were aligned to the GRCH38 genome using the
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STAR aligner version 2.4.0 (Dobin et al., 2013). Gene and exon level counts were
generated using RSubreads (Liao et al., 2013) with the Ensembl version 81 annotation .
Quality control was performed using the FastQC (Babraham Bioinformatics - FastQC A
Quality Control Tool for High Throughput Sequence Data, n.d.; Kersey et al., 2016) and
RNA-SeQC programs (D. S. DelLuca et al, 2012). Samples were included for
subsequent analysis if they had >10 million total reads, >80% of reads mapped to the
reference genome, XIST and Y chromosome expression was consistent with reported
gender, <10% of R1 reads in the sense orientation, Pearson correlation >= 0.9 with
samples in the same library construction batch, and concordant genotype calls between
variants called from RNA sequencing reads and DNA genotyping. The gene count data
used for this analysis are available in GEO (Barrett et al., 2013) (accession number
GSE9753).
4.1.4: Technical covariates

In order to remove unwanted batch effects and confounders, we applied SVAseq
(Leek, 2014) to the gene or exon count matrices. Surrogate variables (SVs) were
estimated while specifying the following covariates: age, gender, race, pack-years of
smoking history, library construction batch and cell count percentages.
4.1.5: Gene-level differential expression analyses

Differential gene expression analysis was performed using the voom (Law et al.,
2014) /limma (Smyth, 2005; Ritchie et al., 2015) R package. Transcripts that were
expressed at >= 1 count per million mapped reads in >= 10 subjects were used for
analyses. The variables controlled for were age, gender, race, pack-years of smoking
history, monocyte percentage, lymphocyte percentage, eosinophil percentage,

neutrophil percentage, library construction batch, and significant SVs (n = 27).
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Differentially expressed genes were defined with as those with an empirical Bayes
corrected p-value <0.05. Genes were considered significant if their Bonferroni corrected
p-value was <0.05 (corrected for the number of differentially expressed genes).

4.1.6: Gene ontology (GO) enrichment analyses

To identify gene sets over or under-represented in differentially expressed genes,
we performed GO gene ontology enrichment analyses (Ashburner et al., 2000; Mi et al.,
2013). Analysis input included all significant differentially expressed genes, and queries
included gene sets in the “biological processes” ontology (database version released
2017-01-26). Significant gene sets were defined as those with a Bonferroni corrected p
value <0.05.

Subjects with a COPD GOLD stage of 2, 3, and 4 (Moderate, Severe and Very
Severe disease respectively) were considered as “Case”. Those with a GOLD stage of
0 were controls. Subjects with a GOLD stage of 1 (Mild disease) were not used for the
purpose of this analysis.

Covariates used were sex, race, age, number of pack-years smoked and cell
count percentage. A surrogate variable based analysis was performed.

A differential pathway analysis was performed between the Severe vs Control and Case
vs Control group (elaborate). A Protein-Protein interaction network was constructed
using the STRING database using default parameters. The STRING database is a
curated database that consists of known and predicted protein-protein interactions
(Szklarczyk et al., 2017; von Mering et al., 2003). The interactions include physical and
indirect (functional) associations; they stem from computational prediction, from
knowledge transfer between organisms, and from interactions aggregated from other

(primary) databases .
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4.2: Weighted Gene Correlation Networks

Out of the original gene set used for the differential expression analysis, 3000
genes were selected at random for ease of computation. All 2611 samples were
considered for the analysis. The WGCNA package for co-expression analysis was used

via Bioconductor (http://bioconductor.org/biocLite.R)(Langfelder & Horvath, 2008; Dai et

al., 2018) . The soft threshold method for Pearson correlation analysis of the expression
profiles was used to determine the connection strengths between among the genes in
order to construct a weighted correlation network using default parameters. Average
linkage hierarchical clustering was carried out to group genes based on topological
overlap dissimilarity which in turn was used to determine network connection strengths.
Genes were grouped into different “modules” based on their correlation profile. To
ensure we got an accurate determination of number of modules and clarify gene
interaction, we set the restricted minimum gene number to 30 for each module and used
the default threshold to merge the similar modules.
4.2.1: Correlation of Modules with clinically significant traits

Modules were then correlated with phenotype or clinical traits. Module
eigengenes (MEs) are the first principal component of genes in a given module which
have the same expression profile. The relationship between MEs and clinical traits was
hence analyzed clinically relevant modules were identified.
A log10 transform of the p-value from the linear regression between gene expression
and clinical stage was then performed, which was defined as gene significance.
Average gene significance in a module was defined as module significance.

4.2.2: Hub Genes
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Out of the genes studied, there were certain genes in each specific module that
had a high degree of connectivity. A high degree of connectivity meant that a number of
other genes connected or interacted with this gene in some way. These genes were
termed as “Hub” genes and were further analyzed for functionality. A measure of
intramodular connectivity was used to classify the genes as “Hub” genes. Intramodular
connectivity is a measure of the connectivity of nodes to other nodes within the same
module. A gene that has several such connections is termed as a “Hub” gene. We
analyzed each module for a Hub gene and thus got 14 Hub genes. A GO Ontology
analysis was also performed on the set of Hub genes.

4.2.3: Verification of Co-expression network

In order to corroborate the findings on co-expression of genes in the co-
expression network created through WGCNA, we ran the genes of the two most
populous clinically relevant modules through GeneMania which searches various
databases checking for different types of gene interactions including co-expression

(Warde-Farley et al., 2010; Franz et al., 2018).
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Chapter 5: Results and Discussion

5.1: Results

There were 44 DE genes in Case vs Control and 45 DE genes in Severe vs
Control. Out of these, there were 14 common differentially expressed genes.
Out of these, the gene C1QB and microRNA MIR4433B had highest fold-change in
Case. In the Severe group, gene C1QB, RAP1GAP and microRNA MIR4477B had
highest fold-change. The GPR15 gene was found to be significant only in Case vs

Control group and not in the Severe vs Control group.
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Case-Control

No cell count, NO SVA 5414 3774 1892LM02,UBE2)1,ZNF831,LINC01410,ZNF117,MIR44778,ST3GAL6, METTLY, TLR2, TNRC6C
finalGold_DE_casecontrol_5_SVA 123 74 28MIR4477B,C90rf156,CDC42EP3,UBE2)1,LMO2,LINCO1410,LYPLAL1,IL10RA, SLC38A1, SMARCD1
finalGold_DE_casecontrol_9 629 259 10GPR15,UBE2J1,ZNF117,LMO2,SON,MIR4477B,ZNF831,5SMARCD1,URB2, ADGRG3
finalGold_DE_casecontrol_9_SVA 83 44 11C90rf156,MIR44778,UBE2)1,CDCA42EP3, EXTL3, SMARCD1,ADGRG3, LINCO1410,LYPLAL, AFF4

ST3GAL6,TLR2,RNF175,ZNF831,PDLIM1P

finalGold_DE_casecontrol_5 7318 5527 31714,ZNF117,IKZF3,CLEC4E,HGF,MDN1
ABHD2,IL10RA,UBE2J1,ATG2A,MIR4477B
finalGold_DE_casecontrol_5_SVA 210 122 33,ST3GAL6,RNF175,HIF1A,ZNF831,LMO2
ST3GAL6,ZNF117,ZNF831,ITGB8,PTGER3,
finalGold_DE_casecontrol_9 83 25 OHIVEP2,CPA3,LYPLAL1,TLR2,ADAM17
ABHD2,ASXL2,UBE2J1,IL10RA,MIR4477B,
finalGold_DE_casecontrol_9_SVA 86 45 7C1QB,HIF1A,ATG2A,SLC38A1,MGATS

Table 5.1.1: Differentially Expressed Genes
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Case Severe

Figure 5.1.1: Number of genes distributed in Case vs Control

Common DE Genes between the two groups

MIR4477B

UBE2J1

EXTL3

ADGRG3
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IL1I0RA

SMAP1

C10B

24



FAM20A
ASXL2
SLC38A1
LMO2
ATG2A

PAPOLG

Table 5.1.2: Differentially expressed genes common to Case and Control groups
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The Significance was based on adjusted P-value of < 0.05. We found 44 DE
genes in overall Case group and 45 DE genes in Severe group. There were 14 common
DE genes across both groups. C1QB and MIR4433B had highest fold-change in Case
group whereas C1QB, MIR4477B and RAP1GAP had highest fold-change in Severe
group. GPR15 which is a gene associated with current smokers, was found to be

significant only in Case-Control and not in the Severe group.

26



fitindices.Power fitindices.SFT.R.sq fitindices.slope fitindices.truncated.R.sq fitindices.mean.k. fitindices.median.k. fitindices.max.k.

1 0.09692486 -0.3109533 0.78514066 407.304236 400.076521 849.019998
2 0.73674297 -1.0393783 0.90732516 108.702444 88.1522211 375.490393
3 0.76128852 -1.2771187 0.91157141 41.074552 25.0127815 207.231717
4 0.82797942 -1.384142 0.95544991 18.9805342 8.7285353 128.817038
5 0.82175249 -1.5094822 0.94923403 9.97072418 3.48399991 85.5059327
6 0.83984541 -1.5519339 0.96354237 5.72761877 1.4644304 59.2876435
7 0.84608123 -1.5805503 0.9693178 3.51945456 0.96089618 42.4189911
8 0.8704053 -1.6024104 0.97769157 2.28277365 0.47970425 31.0830368
9 0.88505795 -1.6249594 0.98249484 1.54990781 0.24128949 23.2107806
10 0.90294211 -1.6414386 0.98720472 1.09556916 0.13048439 17.6008674
11 0.9196701 -1.6483681 0.98757737 0.80327694 0.06847941 13.5185738
12 0.94368142 -1.6284375 0.99162385 0.6092979 0.03735617 10.495913

13 0.89083134 -1.4099619 0.9713999 0.47709895 0.02083579 8.22484367
14 0.84714596 -1.4188625 0.92557064 0.38490505 0.01156865 6.58521849
15 0.84308542 -1.4085884 0.91713012 0.3192978 0.00641215 5.57668678

Table 5.1.3: Computing the beta threshold
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Figure 5.1.2: Computing the beta threshold

Given the above figure and table we looked at both the scale independence as
well as mean connectivity, we selected the beta power where it plateaus off at the
lowest possible threshold. In this case, it was found to be at around =6 and hence this
is the power that was chosen for the soft-threshold.
According to Horvath et al., selecting the beta soft threshold this way would give the
most accurate results.

The network was then scaled and raised to this power in order to approach a
scale-free topology model for the gene network. Out of the 3000 genes, 228 genes were
removed due to presence of too many missing values or zero variance. The final

sample gene network was based on squared Euclidean distance. Samples were
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designated as outliers if their value was below the threshold. Initially, a Cluster tree of
COPD subijects was formed. The leaves of the tree correspond to the subjects. The first
color band underneath the tree indicates which subjects appear to be outlying.

The Module eigengene is defined as the first principal component of the
expression matrix of the corresponding module. However, the calculation may fail if the
expression data has too many missing entries. Since the module eigengene is an
optimal summary of the gene expression profiles of a given module, the eigengene can
be correlated with traits and to look for the most significant associations.

A total of fourteen modules were discovered corresponding to various clinical
traits. The Euclidian distance between the modules was computed as well as those
modules falling below the minimum threshold for Euclidian distance were merged into

one module. The figure below gives the various modules:
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Figure 5.1.3: Modules

The table below gives the percent gene table among the modules which is an

indication of gene-module membership and the number of genes belonging to

each module.
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Figure 5.1.4: Gene distribution across modules
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From the above table, we see that the most number of genes are in the Blue and Brown
model since both the Turquoise and Grey modules are considered as ‘junk modules’.
The Consensus gene dendrogram gives us a visual idea of which genes are belong to

which module.

Height

0.0

Module colors

Figure 5.1.5: Consensus Dendrogram
The module-trait correlation was then performed, and we found that there were a

significant number of DE genes corresponding to different traits.

31



reen =
| mon -
= |
Eﬁhﬂ% - = .
MEturqu0|se e
ellow
e
-
omEI HE
ack N
|[Egreen eIow
E/{E glena
MEgrey —
Q@ O & O AL AL AL N ND
EFESKFL PR P PP
Q" 9 \d\./\./\/\./\./
Q’/'Q‘b CELE
I VA AT
F LSAILFILIS
N o7 R N
"9((\ 06\ OQ\‘)\" ®9<\\Q
@ ((\(\0 Oy

Figure 5.1.5: Module-Trait relationship

We then constructed a PPI to see if the gene correlation was paralleled at the protein

level.
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Figure 5.1.6: Protein-Protein Interaction Network between Case and Control

groups
In order to validate the co-expression network, we mined the genes against various

databases. From our results, we concluded that the network did indeed have a high

degree of co-expression thereby validating our network.
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Figure 5.1.7: Validation of Co-expression Network using GeneMania
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Module Color

black

blue

brown

cyan

green

greenyellow

magenta
pink
purple

red

salmon

Hub genes-Ensembl

Gene Symbol
ENSG00000164062

ENSG00000163625

ENSG00000091317

ENSG00000115267

ENSG00000048707

ENSG00000168497
ENSG00000125037

ENSG00000187653
ENSG00000138795

ENSG00000114353

ENSG00000153064

Gene Symbol

APEH

WDFY3

CKLF

IFIH1

VPS13D

CAVIN2
EMC3

TMSB4XP8
LEF1

GNAI2

BANK1

35

Name

acylaminoacyl-peptide hydrolase

WD repeat and FYVE domain
containing 3-Master TF

CKLF like MARVEL transmembrane
domain containing 6.

interferon induced with helicase C
domain 1.

vacuolar protein sorting 13 homolog D

caveolae associated protein 2

ER membrane protein complex subunit
3
TMSB4X pseudogene 8

lymphoid enhancer binding factor 1-TF

G protein subunit alpha i2

B cell scaffold protein with ankyrin
repeats 1

Function

This gene encodes the enzyme acylpeptide hydrolase,
which catalyzes the hydrolysis of the terminal

acetylated amino acid preferentially from small acetylated
peptides. Associations with lung and renal carcinomas.
Master Transcription Factor. This gene encodes a
phosphatidylinositol 3-phosphate-binding protein that
functions as a master conductor for aggregate clearance
by autophagy.

The product of this gene is a cytokine. This protein may play
important roles in inflammation and in the regeneration of
skeletal muscle.

Encoding protein MDAS5. MDAS has been implicated in
autoimmune and autoinflammatory diseases such as type 1
diabetes, systemic lupus erythematosus,

and Aicardi-Goutieres syndrome. Note: This gene has been
reviewed for its involvement in coronavirus biology,

and is involved in immune response or antiviral activity.
This gene has been reviewed for its involvement in coronavirus
biology, and is involved in immune response or antiviral
activity.

This gene encodes a protein belonging to the
vacuolar-protein-sorting-13 gene family.

Cancer implications-metastasis supressor

transmembrane protein

implicated in ubiquitin biosynthesis

This gene encodes a transcription factor belonging to a family
of proteins that share

homology with the high mobility group protein-1.

The encoded protein contains the guanine nucleotide binding
site and is involved in the hormonal regulation of adenylate
cyclase.

The protein encoded by this gene is a B-cell-specific scaffold
protein that functions in B-cell receptor-induced calcium



tan

turquoise

yellow

ENSG00000010256

ENSG00000164163

ENSG00000196504

UQCRC1

ABCE1

PRPF40A

ubiquinol-cytochrome c reductase core
protein 1

ATP binding cassette subfamily E
member 1

pre-mRNA processing factor 40
homolog A

mobilization from intracellular stores.

This protein can also promote Lyn-mediated

tyrosine phosphorylation of inositol 1,4,5-trisphosphate
receptors. Polymorphisms in this gene are associated with
susceptibility to systemic lupus erythematosus.

Enables ubiquitin protein ligase binding activity.

Predicted to be involved in oxidative phosphorylation and
mitochondrial electron transport, ubiquinol to cytochrome c.
Located in mitochondrion. Implicated in Alzheimer's disease.
Biomarker of Alzheimer's disease.

The protein encoded by this gene is a member of the
superfamily of ATP-binding cassette (ABC) transporters.

ABC proteins transport various molecules across extra- and
intra-cellular membranes.

Enables RNA binding activity

Table 5.1.4: Hub Genes distribution across modules
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5.2: Discussion

There were 30 DE genes in Case vs Control and 31 in Severe vs Control and 14
common genes between the two groups. However, the gene associated with former
smokers, namely GRP15 was not found to be significant in either groups. This was
interesting to note because it was initially expected that this gene would be significantly
expressed in at least severe group. The fact that it was not showed that perhaps
population that fell into the “former smokers” category and have not quit smoking may
not be fully accorded the protection that comes with their current smoking status i.e the
fact that they have now quit smoking.

Among the top percentage of upregulated genes, it was interesting to note that the
terpenoid biosysthesis pathway and the NOTCH signaling pathway were highlighted.
5.2.1: Limitations

WGCNA was written originally for microarray data which is normally distributed.
However, the Rna-seq data we used is based on actual counts. Therefore, instead of
using FPKM values, Limma requires raw counts as input data. Raw counts are the
number of reads overlapping a given gene. In the Limma pipeline used, the VOOM
package was first used to normalize the raw counts. When these raw counts which were
normalized were used as input for WGCNA, it could potentially could cause problems.
This is due to the statistical distribution on which Voom is based and using which it does
its transformation of the raw expression matrix.

Hence in order to make it model agnostic, the raw expression matrix was used.
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5.2.2: Hub Genes

A hub gene or hub node is a gene that is highly connected to other genes and is
also centrally located in the module. Hub nodes have been found to play important roles
in networks. Similarly, highly connected hub genes are also expected to play an
important role as far as biological networks are concerned. Knock-out studies have also
shown that hub proteins are found to play an important role in microorganisms.

Focusing on intramodular hubs leads to key findings in trait analysis. (Langfelder
& Horvath, 2008)(Langfelder et al., 2013). Hubs that are located within a module i.e
intramodular hubs in disease related modules are often of clinical importance (Carlson
et al., 2006) (lvliev et al., 2010). Hubs can also be used to find genes of importance
associated with the various stages of COPD (Di et al., 2019).

In this analysis, it was found that the among the hub genes in the various
modules, there was one that was a master transcription factor (TF). A master TF is also
known as a “master regulator” or “master regulatory gene.” This term was first proposed
by Susumu Ohno for a “gene that occupies the very top of a regulatory hierarchy,” and
is not controlled by any other gene (Chan & Kyba, 2013). These “master TFs” have the
potential to be excellent drug targets and are thus of great interest from a
pharmacological and therapeutic standpoint.

Among the fourteen modules with a hub gene corresponding to each module, it
was found that there was one hub gene that was a master TF. It was interesting to note
that this gene was involved in regulation of autophagy. Autophagy is a process
conserved evolutionarily which is responsible for maintaining cellular homeostasis. It
achieves this via degradation of damaged protein, lipid and various cellular organelles
(Tan et al., 2019). Autophagy is disrupted by cigarette smoking, which is an oft
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implicated cause in many cases of COPD. Autophagy plays an important role in COPD

and this mechanism is of therapeutic interest in management of COPD.
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Figure 5.2.1: COPD and Autophagy

The NOTCH signaling pathway was also found to be differently expressed. This
is yet another area of interest as NOTCH has been implicated in various mechanisms of
cancer. There are studies that link disrupted NOTCH signaling with cancer (Allenspach
et al., 2002). Further analysis would be required to see if these pathways are getting
triggered in patients with COPD to study if COPD exacerbations could have implications
in cancer and tumorigenesis. Given that NOTCH is being increasingly implicated in

lungs diseases, this avenue would be of interest for further study.
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Chapter 6: Conclusion and Future Direction

COPD like many other lung diseases thus has a varied etymology and treatment
options and management would vary based on an individual’s situation. This genomic
analysis provides a deeper and more comprehensive understanding of the genetic
underpinnings of this disease. A better understanding at the genetic level including
understanding how genes and their corresponding pathways are differentially regulated
would help to explore new avenues for treatment as well as diagnosis of COPD.

Further analysis could potentially incorporate machine learning (ML) and artificial
intelligence (Al) methods to draw out patterns of interest. A wide range of applications
from using images to differentially regulated gene data for the ML models is of great
interest. Studies have shown that a combination of genomic analysis data along with
AI/ML technology can be useful in adopting a precision medicine based approach for
the benefit of patients (Feng et al., 2021)(Pirooznia et al., 2021).

Adopting more precise individualized treatments can reduce over or
undertreatment caused by errors that can occur due to human error in a clinical setting.
Use of ML models in studying patterns in COPD and other lung disease while having a
lot of potential, is hampered by issues such as missing or messy data sets. Adopting
approaches to surmount these problems would be of immense benefit paving the way

for new ways to not only diagnose but also treat and manage COPD.
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