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Chronic Obstructive Pulmonary Disease (COPD) is a complex disease. Genetic, epigenetic, and environmental factors are
known to contribute to COPD risk and disease progression. Therefore we developed a systematic approach to identify key
regulators of COPD that integrates genome-wide DNA methylation, gene expression, and phenotype data in lung tissue
from COPD and control samples. Our integrative analysis identified 126 key regulators of COPD. We identified EPAST as the
only key regulator whose downstream genes significantly overlapped with multiple genes sets associated with COPD
disease severity. EPAST is distinct in comparison with other key regulators in terms of methylation profile and downstream
target genes. Genes predicted to be regulated by EPAST were enriched for biological processes including signaling, cell
communications, and system development. We confirmed that EPAS1 protein levels are lower in human COPD lung tissue
compared to non-disease controls and that Epas! gene expression is reduced in mice chronically exposed to cigarette
smoke. As EPAST downstream genes were significantly enriched for hypoxia responsive genes in endothelial cells, we tested
EPAS1 function in human endothelial cells. EPAST knockdown by siRNA in endothelial cells impacted genes that significantly
overlapped with EPAST downstream genes in lung tissue including hypoxia responsive genes, and genes associated with
emphysema severity. Our first integrative analysis of genome-wide DNA methylation and gene expression profiles illustrates
that not only does DNA methylation play a ‘causal’ role in the molecular pathophysiology of COPD, but it can be leveraged
to directly identify novel key mediators of this pathophysiology.
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Introduction

Chronic Obstructive Pulmonary Disease (COPD) is a common
lung disease. It is the fourth leading cause of death in the world and
is expected to be the third by 2020 [1]. COPD is a heterogeneous
and complex disease consisting of obstruction in the small airways,
emphysema, and chronic bronchitis [2]. Patients with COPD
generally have an increased level of systemic inflammation and
progressive loss of lung function by irreversible airflow limitations
[3]. COPD is generally caused by exposure to noxious particles or
gases, most commonly from cigarette smoking [4-6]. However, only
20-25% of smokers develop clinically significant airflow obstruction
[7], which suggests that inter-individual differences related in part to
genetic susceptibility play an important role in modifying the risk of
disease in individuals [8].
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Genome-wide association studies (GWAS) have recently iden-
tified several risk loci for COPD and/or smoking associated genes
[4,9-13]. While these studies have provided an initial look into the
genetic architecture of COPD, they have been limited by size, by
heterogeneity of disease phenotype, and by potential confounders
relating to the amount of cigarette smoking. The smaller genetic
variance component for COPD identified to date could be due to
environmental factors and/or epigenetic regulation. Indeed,
epigenetic changes are a factor in many diseases, including many
different types of cancer [14]. In the lung DNA methylation is an
important factor for normal lung function [15], and several studies
have recently confirmed that DNA methylation is significantly
assoclated with lung cancer [16-18]. Moreover, smoking, which is
one of the major risk factors of COPD, is considered as one of
important modifiers of DNA methylation [19,20] and it is also
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Author Summary

Chronic Obstructive Pulmonary Disease (COPD) is a com-
mon lung disease. It is the fourth leading cause of death in
the world and is expected to be the third by 2020. COPD is a
heterogeneous and complex disease consisting of obstruc-
tion in the small airways, emphysema, and chronic
bronchitis. COPD is generally caused by exposure to
noxious particles or gases, most commonly from cigarette
smoking. However, only 20-25% of smokers develop
clinically significant airflow obstruction. Smoking is known
to cause epigenetic changes in lung tissues. Thus, genetics,
epigenetic, and their interaction with environmental factors
play an important role in COPD pathogenesis and progres-
sion. Currently, there are no therapeutics that can reverse
COPD progression. In order to identify new targets that may
lead to the development of therapeutics for curing COPD,
we developed a systematic approach to identify key
regulators of COPD that integrates genome-wide DNA
methylation, gene expression, and phenotype data in lung
tissue from COPD and control samples. Our integrative
analysis identified 126 key regulators of COPD. We identified
EPAST as the only key regulator whose downstream genes
significantly overlapped with multiple genes sets associated
with COPD disease severity.

known to cause epigenetic changes in lung tissue [21,22].
Therefore, understanding the transcriptional regulation by epige-
netic factors such as DNA methylation may shed light on
understanding the biological processes associated with COPD
susceptibility, severity, and COPD comorbidities such as lung
cancer. Recently, DNA methylation is shown to be associated with
COPD and lung function, suggesting that genetic and epigenetic
pathways may contribute to COPD [23,24]. While previous
studies have provided potentially important CpG loci associated
with COPD, they have not yet clarified the role variations in
methylation play in regulating global gene expression and the
biological consequences of such regulation.

In this study we present a novel systematic approach for
identifying key regulators in COPD by integrating functional
genomic, epigenetic data, and higher order phenotypic data. We
studied 100 COPD and 52 control (CTRL) lung samples to
investigate the relationship between methylation status of DNA and
expression level of a gene either in close (cis) or far (frans) proximity
to the methylated site. The primary focus of this study is not only to
identify those regions that are differentially methylated between
COPD cases and controls, but to resolve the gene expression
changes that follow as a result of these differentially methylated
regions and the biological consequences that these regulatory
changes induce with respect to disease development or progression.
Our integrative analysis of DNA methylation and gene expression
validates the importance of DNA methylation in COPD and
enables the direct identification of novel key regulators modulated
by epigenetic changes in this multifactorial, systematic disease.
When comparing downstream genes controlled by the key
regulators with gene sets related to COPD disease severity, we
identified EPASI as the only key regulator whose downstream
genes significantly overlapped with multiple gene sets related to
COPD. We further show that EPASI protein levels are lower in
lung tissues of COPD patients. Epasl is down-regulated transcrip-
tionally by chronic smoke exposure in mice, and the EPASI
knockdown signature in human endothelial cells significantly
overlaps with our predicted EPASI downstream genes. These data
combined suggest that our systematic approach can provide
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important insights into understanding the mechanisms underlying
epigenetic regulation, via DNA methylation, that in turn alters
transcriptional programs that lead to CGOPD pathogenesis and
progression.

Results

Both genome-wide DNA methylation and gene expression profiles
of 62 non-COPD controls (CTRL) and 148 COPD lung samples were
obtained from the collaborative project, Lung Genomics Research
Consortium (LGRC). To carry out an integrative analysis, we required
that methylation and gene expression data were properly aligned.
Therefore, we developed a multi-omic data alignment procedure to
iteratively match methylation and gene expression profiles within each
individual in the study [25]. Samples that could not be ambiguously
matched were filtered out, leaving a final dataset for analysis consisting
of 52 CTRL and 100 COPD sample pairs. Demographic character-
istics of these samples are listed in S1 Table. After quality checks of
methylation intensity, 1.7 M and 1.78 M methyl probes for CTRL
and COPD samples, respectively, were retained for further analysis (S2
Table). We further selected common methyl probes in the CTRL and
COPD groups within promoter regions and/or CpG islands. The
expression data for these groups was comprised of 15,261 mRNA
probes (see Methods for details), with each methyl probe mapped to the
closest genes corresponding to the mRNA probes (described in
Methods). A total of 658,108 methyl probes were located in promoter
regions of these mRINA probes and were considered in all future
analyses.

Differentially methylated CpG islands and differentially
expressed genes are associated

Prior to integrating the molecular traits, we first characterized the
differentially expressed and methylated genes between the COPD
and CTRL groups. We identified 1,594 genes as differentially
expressed between the COPD and CTRL groups (t-test p-value<<
0.01, corresponding to a false discovery rate, or FDR, of 0.09 based
on permutation tests). We also identified 92,606 methylation probes
corresponding to 8,848 genes that were differentially methylated
between the COPD and CTRL groups (t-test p-value<<0.01,
FDR =0.06 based on permutation tests). There are 990 genes
overlapping the set of differentially methylated and expressed genes
(Fisher’s exact test p-value =0.009). Given methylation data are
known to be noisy [26,27], we focused on methyl probes located in
CpG island defined by a hierarchical hidden Markov model [28],
resulting in 26,143 differentially methylated probes corresponding
to 6,416 genes for further analyses. Among them, 704 genes
overlapped with differentially expressed genes (Fisher’s exact test p-
value =6.6x10"°). Additional constraints could be applied to
further enrich for biologically relevant methylation, such as 1) self-
consistent methyl probes (at least two methyl probes differentially
methylated for a single gene), and 2) methyl probes close to
transcription start sites (<1 kb). These filters were potentially useful
for enriching for genes that are both differentially methylated and
expressed (S3 Table), but were not used in the analysis because they
were too stringent, resulting in smaller signature sizes.

In general, when DNA methylation levels of methyl probes in
CpG islands for COPD were compared with those of CTRL
samples, the COPD samples were predominantly hypermethylated
(SIA Fig.). Results based on probe-by-probe comparison also
showed that CpG islands were more likely to be hypermethylated
than hypomethylated in lung tissues of COPD patients (S4 Table).
However, when comparing non-CpG island methyl probes, the
pattern was very different and the numbers of hyper- and hypo-
methylated probes were evenly distributed (SI1B Fig. and S4
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Table). This different pattern suggested there was no global
methylation level difference between COPD and CTRL samples.
The main difference between them was methylation levels of CpG
islands, suggesting biological importance of methylation of CpG
islands in transcription regulation. The hypermethylation pattern
in CpG islands was observed in a lung cancer study [16]. Recently,
Vucic et al. reported that DNA methylation levels in COPD were
different from ones in CTRL samples and 90% of differentially
methylated CpG island probes were hypermethylated in small
airways epithelium cells from COPD patients [24]. The differen-
tially methylated or differentially expressed genes were not
associated with potential biological subtypes in the samples (S1
Text). These results suggest that there were significant differences
in methylation levels between the CTRL and COPD groups and,
hence, these differences may be involved in epigenetic regulations
causing pathogenesis and progression of COPD.

Both differentially methylated and expressed genes are
related to lung function

Of the 704 differentially methylated genes within CpG islands
that are also differentially expressed between the CTRL and COPD
groups, most (696 out of 704) were hypermethylated in COPD,
whereas only about half of the corresponding gene expression levels
(for 378 genes) were downregulated (S5 Table). The remaining 318
genes were upregulated even when their promoter regions were
hypermethylated. While this pattern does not match the expected
classical inverse relationship between DNA methylation and gene
expression levels, a number of studies have shown that the DNA
methylation — gene expression relationship may be more compli-
cated [29-31]. While promoter methylation most often leads to
gene silencing, DNA methylation of promoter regions, in some
cases, can be associated with transcription activation; for example
through blocking repressor proteins binding to the promoter region
[32,33]. Vucic et al. also shows that methylation levels of many
genes were positively associated with gene expression levels when
comparing small airways epithelium cells of non-COPD controls
and COPD patients [24].

Genes that are hypermethylated and downregulated in COPD,
including genes related to lung function, such as EP300, EPASI,
FOXF1, FOXA2, KDR, LAMAS, SHH, NKX2-1, VEGFA, FZDI,
NUMB, and PKDCC [34-37], are enriched for GO biological
processes (S6 Table) such as regulation of cell communication (p-
value = 1.98x10™®), regulation of multicellular organismal develop-
ment (p-value=2.13x10"7), and tissue morphogenesis (p-val-
ue=4.43x10""). The other set of genes that are hypermethylated
and upregulated m COPD are enriched for a number of GO
categories as well, including co-translational protein targeting to
membrane (p-value =2.27x107"), protein targeting to ER (p-
value =3.07x10™"%), translational initiation (p-value =5.34x107"),
translational termination (p-value =1.23x10™%), and cellular protein
complex disassembly (p-value = 1.06 x10~°) (S7 Table). These results
indicate that both epigenetic and transcriptional regulations contribute
to COPD pathogenesis. Hence, knowing the causal relationship
between DNA methylation and gene expression is critical to
understand the complex and systematic molecular underpinnings of
COPD.

The relationships between gene expression and DNA
methylation levels are different in the COPD and CTRL
groups

While CpG islands in COPD are hypermethylated in general,
variations in the expression levels of individual genes are mainly
influenced by cis-acting methylation levels in a given gene’s
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promoter region [38,39]. The association of DNA methylation
and gene expression was computed in a non-parametric fashion
using Spearman correlation statistics [40]. Cis regulation was
defined as significant correlation between the expression levels of a
gene and methylation levels in the promoter region of the gene
(Fig. 1A). DNA methylation levels in the promoter region of a
gene may also influence the expression of genes that are distal to
the given promoter region (trans regulation described in Fig. 1B)
[41,42]. At Spearman correlation p-value<<0.01, we identified
7,353 and 2,825 cis regulated methylation-mRNA probe pairs for
COPD and CTRL, respectively. The corresponding cis regulated
genes significantly overlapped with the 704 differentially methyl-
ated and differentially expressed gene set above (Fisher Exact Test
p-values=3.8 x 107" and 2.9x10~"3 for COPD and CTRL,
respectively). We also identified 8,335,177 and 1,338,232 trans
methylation-mRNA probe pairs at p-value <10~* (FDRs=0.04
and 0.2) for COPD and CTRL, respectively. There were 859,430
and 52,033 trans methyl-mRNA probes pairs in COPD and
CTRL where a genes’s methylation c¢is regulates its own
expression and f{rans regulates other genes’ expression. These
pairs were subjected to the causality test below. While the
differences in the numbers of ¢is and {rans pairs in the CTRL and
COPD groups may be at least partially due to power differences
(52 versus 100 sample pairs in CTRL and COPD, respectively),
we observed similar differences after constraining each group to
have the same number of samples (S2 Fig.). There are 218 cis pairs
in common between the CTRL and COPD groups, a statistically
significant enrichment (Fisher’s exact test p-value=1.6x107").
However, there are only 171 trans pairs shared between the
CTRL and COPD groups (Fisher’s exact test p-value=1).
Therefore, the relationships between gene expression and DNA
methylation are likely different between the COPD and non-
disease CTRL groups.

Methylation variation is generally causal for trans gene
expression

While it is reasonable to assume that methylation variation in
the promoter region of a gene is causal for changes in the gene’s
expression (cis regulation), changes in gene expression may also be
causal for methylation changes via {rans regulations that can affect
processes such as the transfer of methyl groups [43,44]. These can
be represented as two possible causal models of cis and trans
regulation (shown in Fig. 1C): in model I, the expression of a trans
gene is regulated by gene expression that is ¢is modulated by
variations of the methylation levels in the corresponding gene’s
promoter region; and model II, the methylation levels for a gene in
cis is regulated by the expression level of a gene in trams. In
addition to these causal relationships, the cis and {rans regulation
can be independent, regulated by an unknown factor X (model
III). To infer the causal relationship between gene expression and
methylation variations, we developed a causality test similar to
previously developed causality tests [45-47] (see Methods for
details). By applying the causality test, we identified 30,177 trans
pairs in the CTRL group (FDR =0.03) and 362,095 trans pairs in
the COPD group (FDR =0.0014) whose methylation levels likely
regulated the expression of frans genes (Fig. 2A and 2B). For all of
these {rans pairs, the strong correlation between methylation and
trans gene expression was predicted by our modeling to be
mediated by the expression levels of the cis gene (Model I in
Fig. 1C). Of the putative causal relationships identified by our
approach, only 1,241 and 19,173 trans gene-methylation pairs
identified in the CTRL and COPD groups, respectively, were of
the Model II type (Fig. 1C) in which trans gene’s expression —
methylation in ¢is gene — cis gene’s expression (Fig. 2C and 2D).
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Fig. 1. Relationships between DNA methylation and gene expression. A) Cis regulation was defined by the correlation of the methylation
level at the promoter region of a gene with expression level of the gene. B) Trans regulation was defined by the correlation of a methylation level at
the promoter region of a gene with expression level of other genes. C) Potential relationships between cis and trans regulations. There are two
potential causal mechanisms of cis and trans connections: Model |, where the methylation level regulates trans gene expression via the cis gene
expression, and Model I, where Trans gene expression regulates the cis gene via controlling its methylation level. It is also possible that cis and trans
connections are independently regulated by a factor X.

doi:10.1371/journal.pgen.1004898.g001
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Fig. 2. The causality test of trans methyl-mRNA pairs. A) and B) are causality test results for the causal model whereby methylation regulates
trans gene expression (methylation m;— cis gene expression g,—trans gene expressiong;) in control and COPD data sets, respectively. The Y-axis is
the -log10 of the p-values for the Spearman correlation between m; and g; and the X-axis is —-log10 of the p-values for the Spearman correlation
between m; and g;lg;. A causal relationship (methylationm; — cis gene expression gi—trans gene expressiong;) was defined if the p-value of
corr(mj,g;) was <0.0001 and the p-value of corr(m;,g;|g;)was>0.01 (see Methods for details). A total of 30,177 and 362,095 causal pairs were inferred
in control and COPD samples, respectively. C) and D) are the causality test results for the causal model whereby trans gene expression regulates
methylation variation (trans gene expressiong;—methylationm; — cis gene expressiong;) in control and COPD data sets, respectively. The Y-axis is the
-log10 of the p-values for the Spearman correlation corr(g;,g;)and the X-axis is —-log10 of the p-values for the Spearman correlation corr(g;,gilm;). A
causal relationship (trans gene expressiong,—methylationm;— cis gene expressiong;) was defined if the p-value of corr(g;.g;)was <0.0001 and the p-
value of corr(gj,gilm;) was>0.01 (see Methods for details). A total of 1,241 and 19,173 causal pairs were inferred in control and COPD, respectively.

doi:10.1371/journal.pgen.1004898.9002
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These results indicate that the association between frans gene
expression and methylation in a ¢is gene, is overwhelmingly driven
by changes in cis gene expression which is regulated by
methylation changes in the cis gene.

Key regulators in CTRL and COPD lung

We next assessed whether there were any epigenetic hotspots in
which the expression levels of many genes in #rans varied as a
consequence of a single cis gene whose expression levels were
altered by methylation events in ¢is. Such cis genes can be
considered as key regulator genes. Towards this end we
characterized the number of trans genes causally associated with
cis genes as determined by the causality test above and found that
the numbers of ¢is genes and their causally regulated {rans genes
follow a scale-free distribution (Fig. 3; linear in the log-log plot).
That is, most cis genes regulate a small number of {rans genes, but
there are a few cis genes that regulate a large number of trans
genes as downstream targets. We defined key regulators as genes
whose number of downstream targets is larger than the mean plus
two standard deviations across all ¢is genes. Given this definition,
we identified 67 genes as key regulators in the C'TRL group and
126 in the COPD group (S8-S9 Tables). These key regulators
influence a significant number of downstream genes. There are 6
regulators in common between the CTRL and COPD groups:
FOXK2, HEATR2, EPASI, PLXNB2, GAK, and YODI.
However, only a small portion of their downstream target genes
is shared, with the biological enrichments revealed by these
downstream targets are different between the CTRL and COPD
groups. These results suggest that epigenetic regulation of gene
expression mediated by DNA methylation has different biological
consequences between the COPD and CTRL groups. More
detailed analyses of these key regulators in terms of methylation
patterns, downstream targets, and their regulated biological
processes are presented in the S1 Text. In summary, we reveal
that multiple key regulators target similar sets of genes indicating
that the epigenetic control of gene expression by methylation is
seemingly complex (S3-S4 Fig.). The patterns were similar if more
stringent definition (the number of downstream targets> the mean
plus 3 standard deviations) of key regulator was used (S5 Fig.).
There were multiple key regulators in COPD regulating genes
involved in metabolic processes and immune response, which are
processes known to be involved in COPD pathogenesis and
progression.

EPAST is the only key regulator consistently associated

with multiple COPD disease severity traits

To further investigate key regulators in COPD development
and progression we compared the expression levels of the key
regulators and their downstream genes with genes associated with
COPD disease severity related clinical features. Five COPD
related severity measures were available in the LGRC data set,
including DLCO (Diffusing capacity of the Lung for Carbon
Monoxide) [48], BODE (Body mass index, airflow Obstruction,
Dyspnea and Exercise capacity) index [49], FEVI1 (Forced
Expiratory Volume) percentage predicted [50], FEV1/FVC
(Forced Vital Capacity) ratio, and emphysema percentage.
DLCO, FEV1 percentage predicted, and FEV1/FVC ratio
decrease as COPD severity increases, while BODE index and
emphysema percentage increase with disease severity.

At p-value<<0.05, methylation levels of the promoter regions of
3 of the 126 key regulators in COPD groups, ACSF3, SELO, and
EPASI, significantly correlated with all 5 disease severity
phenotypes (Fig. 4A; S10 Table). At p-value<<0.01, we identified
572 expression traits in the COPD group as significantly
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correlated with DLCO (FDR =0.24), 1164 genes with BODE
(FDR=0.12), 545 genes with FEVI percentage predicted
FDR=0.27), 333 genes with FEVI/FVC (FDR =0.40), and
1702 genes with emphysema percentage (FDR = 0.09). There was
no key regulator gene whose expression levels consistently
correlated with all 5 COPD severity phenotypes. Therefore, to
strengthen the association between key regulators and COPD, we
compared the disease phenotype gene expression signature sets
with each of the key regulator’s downstream targets (Fig. 4B; S11
Table). Of the 126 key regulator genes, EPASI was the only gene
whose downstream genes were significantly overlapping with all
disease phenotype gene expression signature sets (Fig. 4B).

We further compared the downstream genes of key regulators in
COPD with known COPD signatures. Recently, Campbell et al.
reported a set of 127 genes whose expression levels were
significantly associated with regional emphysema severity in a
mouse model [51]. Our human mRNA dataset includes 104
orthologous genes out of these 127 mouse emphysema severity
associated genes. When directly comparing the emphysema
associated genes in mouse and our emphysema percentage related
genes In human, only 10 of them overlap (Fisher’s exact test p-
value =0.76). When comparing these 104 genes to the down-
stream target genes of all key regulators in COPD, only the
downstream genes of EPASI significantly overlap with this
emphysema severity associated gene set (S12 Table); EPASI itself
is one of the emphysema severity associated genes in mouse.
Among the 104 emphysema severity associated genes in mouse, 30
of them overlap with the downstream genes regulated by EPASI
(p-value =5.1x10~"). Expression levels of 4 of the 30 overlapping
genes are positively correlated with EPAST methylation levels
indicating that their expression levels increase as emphysema
severity increases. One of the four genes, CD79B, was positively
correlated with EPAS1 methylation levels, which is consistent with
previous reports that B cell abundance increases as emphysema
severity increases [51,52]. Expression levels of the remaining 26
genes are anti-correlated with EPASI methylation levels; their
expression levels are expected to decrease as emphysema severity
increases. For example, gene expression levels of members of the
TGF-beta pathway such as ACVRLI are inversely correlated with
EPAS1 methylation levels. This observation agrees with previous
reports in which TGFBR2 was shown to be down regulated in
regions of severe emphysema [53].

EPAST regulates a unique and significant set of

downstream genes in COPD

EPASI’s methylation profile and its downstream genes are
distinct from ones of other regulators (S4 Fig.). Only 6% of
downstream targets of the key regulator GAK, which regulated the
largest number of downstream target genes, overlapped with the
EPAS1 downstream target genes (Fisher’s exact test p-value = 1).
EPAS1 downstream target genes are enriched for multiple GO
biological processes (S13 Fig.) including anatomical structure
formation involved in morphogenesis (p-value =1.17x10"%),
adherens junction assembly (p-value =3.53x107°%), locomotion
(p-value = 5.92x10~%), angiogenesis (p-value =1.22x10"%), and
cell division (p-value=1.52x107%). EPASI is differentially
expressed and methylated between the CTRL and COPD groups
(S6 Fig.). The putative causal relationships identified between
EPASI and trans genes associated with methylation changes in
the EPASI promoter region, the association of EPASI with
COPD severity measures, and its differences between the C'TRL
and COPD groups indicate that EPASI is a putative key causal
regulator of multiple COPD severity phenotypes in human and
emphysema severity associated genes in mouse.
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level variations of 3 key regulators, ACSF3, SELO, and EPAS1, were correlated with all 5 COPD severity related traits. B) Comparing downstream genes
of key regulators with gene signature sets for 5 COPD severity related traits by the hypergeometric test. At the Fisher's exact test p-value<0.05, only
the key regulator EPAS1’s downstream genes significantly overlapped with gene signature sets for all 5 COPD severity related traits.
doi:10.1371/journal.pgen.1004898.g004
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EPAST downstream genes overlap with hypoxia
responsive genes in pulmonary artery endothelial cells

EPASI is a hypoxia-responsive transcription factor and is also
known as Hypoxia-inducible Factor 2 alpha (HIF2a) [54,55]. It is
regulated by oxygen through enzymatic post-translational hydrox-
ylation of the o subunit [56]. With a sufficient supply of oxygen,
HIF genes are degraded. But under hypoxic conditions, HIF genes
bind directly to DNA and enhance transcription of target genes
[57,58]. While several studies have revealed that HIF2o has been
mmplicated in cancer [59-62], the specific physiological functions
of EPASI are not yet fully understood. There have been several
studies regarding hypoxic response genes in different tissues
including breast, kidney, head and neck, and lung [63-67]. From
these data we found that our predicted EPASI downstream target
genes significantly overlapped with HIF regulated genes only in
primary human pulmonary artery endothelial cells (Fisher’s exact
test p-value =0.004) [63], but not with the other hypoxia
signatures defined in other tissues such as breast cancer, head
and neck cancer, and normal kidney (p-values=0.74, 0.24, and
0.15, respectively). These results suggest that the regulation of
hypoxia responsive genes by EPASI may be a unique character-
istic of COPD lung samples. In addition to directly binding to HIF
response elements, EPASI may regulate downstream gene
expression by regulating or interacting with other transcription
factors such as AREB6/ZEBI or miRNAs (see S1 Text).

EPAS1 protein abundance is lower in lung tissues of
COPD patients

EPASI1 expression levels are lower in COPD lung tissue
compared to CTRL lung (S6A Fig.). To test whether EPASI
protein abundance concordantly changes with EPASI gene
expression levels in lung tissues of COPD patients, we stained
lung tissue blocks from 5 COPD patients and 4 non-COPD
patients using a polyclonal anti-EPAS1 antibody (NB10-122;
Novus Biologicals, CO, USA) and categorized EPAS1 abundance.
All 4 slides from non-COPD patients contained high levels of
EPASI, and 3 of 5 slides from the COPD patients contained low
levels of EPAS1 as shown in S7 Fig., so that a statistically
significant difference in EPAS1 protein levels was observed
between the two groups (p-value=0.03). The difference was
similar for endothelial cells (EPAS1 high in 4 of 4 non-COPD
samples and low in 3 of 5 COPD samples) and alveolar (EPASI
high in 4 of 4 non-COPD samples and low in 3 of 5 COPD
samples) cells.

EPAST expression levels are lower in lung tissue of mice
chronically exposed to smoking

The EPASI target genes we predicted significantly overlap with
genes associated with emphysema caused by smoking in mouse, as
indicated above. To investigate whether EPASI expression levels
change when mice start to develop emphysema after chronic
smoking exposure, we checked Epasl expression levels in two
different chronic smoking mouse models using C57BL/6] and A/J
mice. C57BL/6] mice start to develop emphysema after 6 month
exposure to chronic smoking [68] while A/] mice start to develop
emphysema after only 2 months of exposure to chronic smoking
[69]. Epasl expression levels in smoking mice (6 months of
smoking for C57BL/6] and 2 month for A/J) are significantly
lower than levels in corresponding age-matched non-smoking mice
(Fig. 5, p-value of the t-test =0.009 and 0.007 for the C57BL/6]
and A/J models, respectively). We also checked the Epasl
downstream target gene vascular endothelial growth factor
(Vegfa), given it is also a hypoxia responsive gene. Smoke exposed
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mice had lower amount of Vegfa expression as well (Fig. 5, p-value
of the t-test=4.0x10"7 and 0.01 for the C57BL/6] and A/]
smoking models, respectively), which suggests that Epasl down-
stream target genes were down regulated in the smoke exposed
mice at the time when emphysema develops in these models.
These results are consistent with our causal predictions relating to

EPASI.

The EPAST knockdown signatures in human and mouse
endothelial cell lines match the predicted EPAS1
downstream target genes

To test whether EPASI causally regulates the downstream
target genes we predicted, we knocked down EPASI expression
via siRNA in human umbilical vein endothelial cells (HUVEC)
and mouse endothelial cell line C166 (see Methods for details) and
then performed RINASeq analysis to quantify genome wide gene
expression changes. When comparing endothelial cells treated
with EPASI siRNAs and scrambled siRNAs, we identified an
EPASI siRNA signature consisting of 2796 and 3730 genes in
human and mouse endothelial cell lines, respectively, whose
expression levels significantly changed (t-test p-value<<0.05),
including EPAS1 itself (p-value = 0.002 and 0.02) and the EPASI
downstream target gene VEGFA (p-value =0.03 and 0.01). The
EPASI siRNA signatures derived from human and mouse cell
lines were highly consistent, with 695 genes in common to both
signatures (p-value =7.2x107 %), Both signatures not only signif-
icantly overlapped with EPASI downstream genes (p-val-
ue=7.3x10"" and 1.5x10~ '), but also with hypoxia response
genes in endothelial cells (Fisher’s Exact Test p-value =5.8x107"
and 1.2x107"? in the human and mouse signatures, respectively).
Moreover, the EPASI siRNA signatures consistently overlapped
genes associated with the COPD severity phenotypes (Table 1).
These results together validate that EPASI causally regulates the
downstream target genes we predicted, and that these genes in
turn affect COPD development and progression.

Discussion

Genetic, epigenetic, and environmental factors are known to
contribute to COPD risk and disease progression. Therefore to
elucidate more comprehensive molecular regulations of COPD
disease, we developed a novel systematic approach to identify key
regulators in COPD and CTRL lung tissue by integrating
genome-wide DNA methylation and gene expression patterns.
Using our causality test, we link the variation of the expression of
numerous genes to only a few key regulators that are
systematically regulated by variations in DNA methylation
including 126 for COPD and 67 for non-disease lung. These
key regulators such as EPASI can be targets of potential
therapeutic intervention.

We also highlighted important biological pathways associated
with these key regulators in normal and diseased lung by
hierarchical clustering of their common downstream genes. We
observed common epigenetic regulations in both CTRL and
COPD samples in expression of genes involved in metabolic- and
cilium related- biological processes. Although cilium-related genes
display the most varying expression levels both in CTRL and
COPD samples they are not associated with disease phenotypes.
This is an interesting observation as in the lung ciliary-related
proteins keep the airways clear of mucus and dirt, allowing one to
breathe easily and without irritation. Key regulators of these genes
are WDRY0 in CTRL and PAX9 in COPD. Since mRNA levels
of PAX9 are associated with WDR90 methylation in CTRL, this
suggests the wide variance of expression of the cilium related genes

January 2015 | Volume 11 | Issue 1 | €1004898



A BL6

o m No smoking
™ 7] 0.000 O 6 months smoking
o
e &
Q
[7)]
2 =~ 3.976-07
.
o
3w
q) ™
©
O —_—
O =
0
S
—1
1=
o
o‘ =

Epas1 Vegfa

Integrative Analysis of DNA Methylation and Gene Expression Data

B AJ

®m No smoking

< 4 0.007 O 2 months smoking
0.013

™ 4

- | —_—

— - —_—

o 4

Epasi Vegfa

Fig. 5. Gene expression levels of Epas7 and Vegfa were lower in chronic smoking mice than non-smoking age-matched mice at the
time when COPD develops in different mouse models. A) Gene expression levels of Epas? and Vegfa in C57BL/6J mice that develop COPD
after 6 months chronic exposure to cigarette smoke. B) Gene expression levels of Epas1 and Vegfa in A/J mice that develop COPD after 2 months
chronic exposure to cigarette smoke. The t-test was used to compare Epasi or Vegfa expression levels in mice with or without chronic smoke

exposure.
doi:10.1371/journal.pgen.1004898.9005

are explained by epigenetic regulations via methylation level of the
regulators in the same pathway.

Similarly, we observed common epigenetic regulations with
metabolic processes, including RNA processing and chromatin
modifications, by key regulators both in CTRL and COPD.
However, unlike the ciliary-related pathway; the key regulators
are not exactly the same for COPD and CTRL. These
observations highlight in part potential mediators of COPD
pathophysiology. In COPD, there are three groups of key
regulators obtained based on their shared downstream genes (S4B
Fig.). The key regulators in the two large clusters control similar
downstream genes involved in metabolic processes, RNA
processing, chromatin modification, immune response and cell
cycle. This type of coordinated yet diverse pathway regulation
seems fitting with the current view of COPD, in that the disease
pathologically is not limited to the lungs, but rather a disorder
with systemic features. This view is driven in part by the strong
associations of COPD with increased CVD risk, anemia,
musculoskeletal diseases as well as the metabolic syndrome and
Type 2 diabetes mellitus [70]. While the underlying molecular
basis linking COPD with these comorbidities is still not fully
understood, alterations in several pathophysiological features
have been considered important such as systemic inflammation,

signature sets.

oxidative stress, adipokine metabolism, insulin resistance and
obesity.

Importantly, beyond the pathway level, we were able to identify
genes of importance through looking at the key regulators
associated with these cluster. One interesting gene was GAK, as
it was predicted to regulate the largest number of downstream
genes. GAK is a cyclin G associated kinase, and is known to
regulate clathrin-mediated membrane trafficking [71]. Recently, it
has also been shown that the disruption of the kinase domain of
GAK, in mice, causes embryonic lethality due to pulmonary
dysfunction including notable alterations in the distribution of lung
surfactant protein A [72], a known biomarker of COPD disease
severity [73]. These studies in mice were prompted by the fact that
gefitinib, which is an inhibitor of the epidermal growth factor
receptor and used to treat non-small cell lung cancer in humans,
has significant adverse side effects in therapy, such as respiratory
dysfunction, which in part has been attributed to the fact the
gefitinib also inhibits GAK [72]. While a role for GAK in COPD
has not been previously linked, our observations would suggest
further investigation is warranted. Importantly, about 87% of key
regulators in COPD (111/126) share similar downstream genes
with GAK. In addition, some of their methylation levels are highly
correlated each other, indicating overall that regulation of

Table 1. EPAST siRNA signatures in human and mouse endothelial cells overlap with multiple COPD disease severity related

FEV1/FVC RCL Emphysema Emphysema

BODE DLCO FEV1 RATIO Percentage signatures (mouse)
Human siRNA (2796) 179 (p=6.7e-8) 85 (p=0.001) 73 (p=0.02) 44 (p=0.11) 291 (p=4.2e-20) 29 (p=4.4e-5)
C166 siRNA (3730) 235 (p=6.9e-13) 115 (p=5.5e-6) 86 (p=0.038) 58 (p=0.027) 318 (p=7.4e-16) 28 (p=0.004)

doi:10.1371/journal.pgen.1004898.t001
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downstream genes may be mediated by multiple key regulators in
a systematic way rather than by single master controllers.

Other potentially relevant mediators of COPD pathophysiology
are those key regulators that showed a different methylation profile
and different downstream target gene set as compared to all other
regulators, such as was the case with EPASI. To our knowledge
EPASI has not been previously linked with COPD pathophys-
iology. This is despite the fact that EPASI is one of the major
mediators of the transcriptional response to physiological hypoxia,
an environment typical of lung alveolar as progressive airflow
limitation increases with COPD severity. EPASI is a hypoxia-
responsive transcription factor and is also known as hypoxia-
inducible factor 2 alpha (HIF-2o) [54,55]. Interestingly, compared
to the ubiquitous expression of HIFIa, another key mediator of
hypoxic responses, EPASI has relatively high levels of expression
in the placenta, heart, lung and endothelial cells. Importantly, a
previous study reported alveolar hypoxia increases in prevalence
as disease severity increases [74] and mounting evidence suggests,
hypoxia is more than a signifier of advanced COPD but rather a
key player in many of the maladaptive processes as well as the
systemic comorbidities associated with COPD. Since sustained
exposure of cultured lung alveolar epithelial cells to hypoxia
maintained the induction of EPASI expression as induced by
short-term hypoxic exposure, the decreased EPASI expression
observed in COPD may in fact result in maladaptive hypoxia
responses [75]. Thus understanding the contribution of EPASI to
disease and its mechanisms in it would be very promising for
treatment of disease.

In this study we demonstrate that EPASI methylation level is
significantly associated with disease severity and that an increase in
methylation decreases EPAS1 gene expression. Thus we hypoth-
esize that disease severity may be systematically controlled by
altered regulation of a large set of EPASI downstream genes.
Several observations in humans and mouse have demonstrated
that altered EPASI expression can affect lung physiology.
Specifically gain-of-function mutations in humans were associated
with pulmonary hypertension, increased cardiac output and heart
rate as well as increased pulmonary ventilation relative to
metabolism [76]. However, in a heterozygous EPASI mutant
mouse, haploinsufficiency for the oxygen-sensing factor resulted in
augmented carotid body sensitivity to hypoxia, including irregular
breathing, apneas, hypertension and elevated norephinephrine
levels on one mouse strain background, but protection against
pulmonary hypertension on a different strain [77,78]. There are
several consequences of hypoxia in COPD which may contribute
to disease severity, with pulmonary hypertension in part due to
hypoxic pulmonary vasoconstriction driven by alveolar hypoxia,
being one of them.

Another possible link between hypoxia mediated COPD disease
severity and EPASI may be the fact that EPASI is a known
transcriptional activator of the VEGF [55], which was shown in
our study to be one of EPASI downstream genes and one of
EPAS1 siRNA signature genes. VEGF expression level is
associated with COPD phenotypes and downregulated in COPD
samples in the LGRC dataset. VEGF is involved both in the
regulation of the bronchial microvascular changes as well as in the
inflammatory airway changes in COPD. In patients with
emphysema, low levels of VEGIF are thought to promote the
destruction of alveoli, since VEGF normally acts to induce the
expression of anti-apoptotic proteins and acts as a survival factor
for endothelial cells. The importance of VEGF in survival signals
necessary for the maintenance of normal lung structure and
consequences characteristics of emphysema has also been
confirmed in animal studies disrupting VEGTF signaling either
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through genetic deletion of lung VEGF or through VEGF receptor
blockage. VEGF is also thought to play a dual role in the lung by
regulating not only apoptosis but also efferocytosis, which is the
process involved in phagocytosis of apoptotic cells. The net effect
of efferocytosis is anti-inflammatory because dying cells are
removed before they undergo postapoptotic necrosis and anti-
inflammatory mediators are released thereby suppressing further
adaptive immune responses. Therefore, dysregulation of VEGF
via altered EPAS1 regulation could link hypoxia to mechanisms of
COPD severity [79].

One other point of interest is the fact that neonatal mice
lacking complete EPASI expression have deficient lung surfac-
tant, such as surfactant D (SP-D), in addition to other lung
abnormalities and die of respiratory failure [80]. This deficiency
has been attributed to reduced expression of VEGF as VEGF
rescue therapy resulted in restoration of surfactant production
and less respiratory distress in the EPASI null mice compared to
wildtype. Surfactants, such as SP-D have many functional
properties including anti-inflammatory and anti-oxidant capaci-
ties, and protection against respiratory infections. In various
mouse models, SP-D appears to play a distinct role in protecting
murine lungs from the development of emphysematous changes
possibly by reducing inflammation and oxidative stress in the
lungs. While in humans, elevated serum SP-D level is an apparent
biomarker of COPD, there is a reported inverse relationship with
bronchoalveolar lavage fluid levels, whether elevated or de-
creased levels of SP-D are important in pathogenesis are still
unclear [81]. Nonetheless, this is another clear example of how
EPASI, through modulation of VEGF, may contribute to the
chronic inflammatory response and tissue destruction in COPD
through augmented apoptosis, impaired efferocytosis, and
abnormal tissue remodeling.

Many studies focus on genetic contribution to COPD develop-
ment and phenotypes [82-84] and a recent review paper provides
an updated list of COPD associated genes [85]. There are 140
COPD susceptible genes identified in at least one of COPD
GWAS studies. When we overlapped these CODP susceptible
genes with £PASI downstream genes, the overlap is marginal
significant (Fisher’s exact test p-value =0.053), but it is the best
overlap comparing with other regulator’s downstream genes (the
second best p-value is above 0.1). This enrichment of COPD
GWAS genes in EPAS1 downstream further substantiates critical
role of EPAS1 in the disease.

At present it is still unclear how the methylation level of key
regulators, in particular the predominant hypermethylation seen
m COPD is regulated upstream. A recent study has also
demonstrated that DNA methylation is widely disrupted and
predominantly hypermethylated in small airway epithelia of
COPD patients [86]. In addition to cigarette smoking, evidence
has shown that hypoxia is also an important regulator of a cell’s
global epigenetic profile. For an example, chronic hypoxia induces
a significant increase in global DNA methylation such as in human
pulmonary fibroblasts [87]. Some of the underlying mechanisms
that may account for global epigenetic alterations in DNA
methylation include changes in the activity of epigenetic modifying
enzymes such as DNA methyltransferases (DNMT) or in levels of
the methyl-donor S-adenosylmethionine (SAM). DNA hyper-
methylation has also been demonstrated in PwR-1E prostate cell
cultures in response to chronic hypoxia, a consequence linked to
increased de novo DNMT activity due to elevated expression of
DNMT3B as well as a hypoxia-induced decrease in levels of SAM
suggesting an increase in SAM usage in hypoxic cells [88].
Interestingly, low circulating levels of folate and increased
homocysteine levels, which are involved in the generation of

January 2015 | Volume 11 | Issue 1 | €1004898



SAM via the one-carbon cycle, have been associated with COPD
patients [89].

Compared with the number of inferred relationships that
methylation variations causally regulate gene expression (methyl-
ation — gene expression) in f{rans, the number of inferred
relationships that gene expression variations causally regulate
methylation variations (gene expression —methylation) in COPD
1s small (362,095 vs. 19,173). Similar to the methylation — gene
expression relationships, the numbers of genes’ methylation levels
regulated by a gene’s expression level in {rans follow a scale-free
distribution (S8 Fig.). The top putative causal regulator
CDK5RAPI controls methylation levels of 152 genes in COPD.
CDK5RAPI is a RNA methyltransferase [90]. Both DNA and
RNA transmethylations are affected by the availability of the
universal methyl donor substrate S-adenosylmethionine (SAM).
Interesting, 44 of 126 key methylation — gene expression
regulators overlap with CDK5RAPI downstream genes (p-
value =4.9x107°"). And among the 44 genes in the overlap, 32
genes methylation levels negatively correlate with CDK5RAPI
expression level and 12 of them positively correlate. This result
suggests that one possible mechanism CDK5RAPI regulating
methylation levels of key COPD regulators is through affecting
availability of SAM.

It is worth to note that there are differences between statistical
causal and biological causal relationships. Similar to other causal
inference studies [45—47,91], all causal relationships inferred from
the causality test in this study imply statistical causal relationships.
Perspective validations are needed to convert statistical relation-
ships into biological causal relationships [92]. It is also worth to
note that the causal relationship g4—gp does not imply geneA
regulates geneB by direct physically interact even the causal
relationship is biologically validated. Gene4 might regulate geneB
through geneC.

There are some limitations in the array-based technologies used
for measuring gene expression and methylation profiles. Tran-
script levels of different splicing isoforms were not uniquely
measured in the Agilent arrays. Different splicing isoforms of
genes, such as NOD2 [93] and RAGE [94], associate with COPD
severity and progression. Differential splicing is as prevalent as
differential gene expression based on RNAseq analysis of other
complex lung diseases such as idiopathic pulmonary fibrosis [95].
Similarly, methylation arrays can’t differentiate methylation forms
of cytosine, 5-methylcytosine (mC) and 5-hydroxymethylcytosine
(hmC). DNA demethylation in mammals involves oxidizing mC to
hmC followed by deamination or oxidation steps [96]. It was
shown that hmC can offset mC’s repression on gene expression
[97] and hmC plays an important role in embryogenesis and brain
development [98]. However, hmC level in lung tissues is low [99]
so that we can assume that the DNA methylation level measured
by arrays was mainly due to mC level. RNA sequencing
technologies are needed to precisely quantify contributions of
transcript splicing isoforms or hmC levels in COPD pathogenesis
or progress.

In summary, we propose a potential epigenetic mechanism of
COPD using a novel systematic approach integrating cis and trans
regulation between DNA methylation and gene expression. This
approach provides mechanisms of how variation of the expression
of genes is systematically regulated by DNA methylation level of
key regulators in COPD. The severity of COPD can be regulated
by methylation level of EPASI and, in turn, it regulates large
numbers of gene expression variations. Therefore, if lowering
methylation level of EPASI or increasing EPASI expression level
might be very useful to treat patients with this irreversible disease.
This approach can be applied to other diseases where DNA
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methylation can contribute to disease development such as lung
cancer to find key epigenetic contribution to the diseases.

Methods

Samples, gene expression and DNA methylation data in
the LGRC

The LTRC is a resource program of the NHLBI that provides
human lung tissues to qualified investigators for use in their
research. The program enrolls donor subjects who are antici-
pating lung surgery, collects blood and extensive phenotypic
data from the prospective donors, and then processes their
surgical tissues for research use. The diagnoses of COPD are
based on clinical, imaging and pathological data including chest
CT images, pulmonary function tests, exposure and symptom
questionnaires, and exercise tests. The COPD class in this study
was based on having a FEV1/FVC<.7 on pulmonary function
testing. The “control” lungs consist of adjacent histologically
normal lung tissues obtained at time of nodule resection from
patients with normal lung function testing parameters. In terms
of tissue collection procedure, all lung tissue cores were collected
at the time of surgical resection, surgical biopsy or transplan-
tation and flash frozen in liquid nitrogen prior to being stored at
—80.

Data used in the study were obtained from the publicly available
LGRC data portal (http://www.lung-genomics.org). All LGRC
lung mRNA data were generated using Agilent V2 human whole
genome arrays and were deposited into GEO database as
GSE47460 by LGRC consortium. All RNA samples subjected to
gene expression profiling were with RIN>7.0. Due to the number
of samples, multiple batches of arrays were necessary, so 10% of
the arrays were picked at random to have replicates throughout
each batch to account for possible batch effects. The feature
extracted data was normalized using a pairwise cyclic loess
approach, and the probes were collapsed to one probe per gene by
selecting the probe with the highest average signal. The processed
mRNA arrays data were directly downloaded from the LGRC
data portal.

DNA methylation data were generated using Nimblegen 2.1 M
Whole-Genome Tiling array. The quality of each probe was
compared with the background probe signals and probes with low
quality were removed from the dataset. The DNA methylation level
(B value) of each tiling probe was estimated using the CHARM
method [27,100]. The estimated methylation level for each sample
from the raw data was almost identical with the processed
methylation level downloaded from the LGRC data portal. For
COPD and controls there are 218 and 94 gene expression arrays,
respectively. There are 179 and 76 methylation arrays for COPD and
controls, respectively. To check for potential errors in labeling of the
sample name, we applied the MODMatcher (Multi-Omics Data
Matcher) procedure to identify matched methylation and gene
expression samples based on the assumption that the correlation of
methylation mRNA profiles from the same individual was signifi-
cantly higher than ones from randomly paired samples [25]. The
matching result was stable after 25 iterations of sample alignments
with 100 COPD sample pairs and 52 control sample pairs selected for
further analysis (S14 Table). The demographic characteristics of these
samples are listed in S1 Table. Both gene expression and methylation
profiling data were adjusted for covariates as y;~ gender+
age+ smoking status+ package per year where y; is genei’s expres-
sion or methylation level. Means plus residuals were used for further
analysis.

Potential biological subtypes in the samples were compared with
disease status S9 Fig., S15-S19 Tables, detailed in S1 Text).
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Disease phenotypic information in LGRC

There are 5 different measurements of lung function for patients
in the LGRC cohort: 1) DLCO (Diffusing capacity of the Lung for
Carbon Monoxide) [48], 2) BODE (Body mass index, airflow
Obstruction, Dyspnea and Exercise capacity) index [49], 3) FEV1
(Forced Expiratory Volume) percentage predicted [50], 4) FEV1/
FVC (Forced Vital Capacity) ratio, and 5) emphysema percentage.
For each clinical phenotype, only a part of COPD patients were
measured: 85 for DLCO, 98 for BODE, 81 for FEV1 and FEV1/
FVC ratio, and 62 for the emphysema percentage.

Mapping of methyl probes to corresponding genes
Each methyl probe was mapped to the nearest transcript
starting site. Transcription information of hgl8 was fetched from
UCSC Genome browser database and further processed using the
Bioconductor GenomicFeature package. A probe was mapped to
the nearest gene if the distance between the probe and the nearest
gene’s transcription starting site in was less than 10 kilobases.

Estimating False Discovery Rates (FDRs) based on
permutation tests

FDRs were estimated in multiple statistic tests based on
permutation tests. For differential gene expression analysis
between COPD and control samples, we permuted sample labels
(COPD or C'TRL), then applied the t-test to the permuted data to
identify significant differentially expressed genes. We performed
the permutation test 100 times to estimate FDRs. Similarly, for
differentially methylation analysis between COPD and control
samples, we permuted sample labels, and applied the permutation
scheme 100 times to estimate FDRs for differentially methylated
genes at each p-value of the t-test.

For estimating FDRs of cis or trans acting methylation-mRNA
probe pairs in COPD or control samples we permuted genome-
wide gene expression data 5 times, calculated pairwise correlation
between methylation and permuted gene expression profiles for all
possible pairs, and then counted cis or {rans acting pairs in
permuted data at each p-value cutoff. Similarly, for association
analysis between gene expression and phenotypical data we
permuted genome-wide gene expression data 5 times, calculated
pairwise correlation between gene expression and phenotypical
data for all possible pairs, and then counted significant pairs in
permuted data at each p-value cutoff.

Gene Ontology (GO) analysis

To identify potential functions of selected gene sets, we
compared these gene sets with each GO biological process [101]
and computed functional enrichment using the hypergeometric
test. For the annotation, Agilent hgug4845a annotation data
corresponding to the mRNA microarray was used in the
Bioconductor GOstats package [102]. The embedded function
called “geneldsByCategory” was used to fetch the list of genes
overlapping with each GO term. Any GO biological process
consisting of more than 1500 genes was considered non-specific
and was removed from the analysis.

The causality test for determining the relationship
between methylation and gene expression

For simplification purposes, we describe the causality test using the
COPD dataset, the corresponding values for the control dataset were
generated in a similar fashion. Given a significant ¢is methylation-
mRNA relationship for gene j (empirical probability estimate
P(mj,gj|Data) > 1 — pcutoffe;s) and a significant trans methylation-
mRNA relationship between genes i and j (empirical probability
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estimate P(m;,g;|Data) > 1 — pcutoffiyas), where m; is the methyla-
tion level of CpG islands within gene;j’s promoter region, and g; and g;
are mRNA expression levels of genes i and j, there are multiple causal
reactive relationships among 71, g;, and g; (Fig. 1C). We focused on
two possible causal/reactive models: model I (711, —g;— g;), where the
methylation level of gene j causally regulates frans gene expression of
gene I through cis regulation on genej’s expression level; and model II
(gi—m;—g;), where the expression level of gene i trans regulates the
methylation level of genej. As there are many potential models with
hidden regulators [47] we can’t enumerate all possible causal reactive
models, therefore, we modeled the causality test as an empirical
Bayesian estimation of the significance of each causal relationship
[46,47] instead of a model selection problem [45]. As shown by Chen
et al [46] and Millstein et al [47], the probability of P(m;— g;— g;) can
be decomposed as a product of probabilities of a chain of statistic tests
P(m; —g;—gi)=P(m;j—g;) P(m; —>gilm; —>g; )P (m; Lgilglm;—
gj»m;—g;). Instead of calculating P(m;—g;—g;) for all possible
trios (171,750%15,260 ~ 2.6 x 10%), we required each association
test (p-values<<0.01 and 10~* for c¢is and trans regulations
determined above) to be significant so that only a small fraction
of all possible trios were subjected to the causality test.

If assuming that all methylation levels and gene expression levels
are normally distributed and that all causal relationships are linear,
the probability ofP(m;—g;—g;j)can be estimated analytically.
However, the empirical data never perfectly fit to the underlying
model assumption. Thus, we applied a permutation approach to
estimate a null distribution at each step similar to Chen et al [46]. In
all permutation tests, we permuted only the gene expression data.
Note that all our tests are non-parametric. The p-values based on
permutation tests were similar to the nominal p-values. For
example, cis  associationP(m;,gj|Data) >1—0.01,
P(m;— gj|Data)>0.99 based on permutation tests. The two models
m;j—g; and g;—mjare equally possible given that m; and g; are
associated. Given a significant ¢is regulation and a frans association
P(mj,g;|Data)>1—1x10"*
ofp(mj—>g,-) = 05, we got P(}’I’lj —>gf|I’VZj —>gj) =P(mj,g,-|mj—>gj)
p(m;—gi)>0.9999 x 0.5. Thus, P(m;—g;—g;)was mainly deter-
mined by P(m; L gilgjlm; —g;.m; —g:).

gilgj was calculated as residuals from the linear regression of trans
gene expression g;on ¢is gene expression g;. At Spearman correlation
p-value>0.01, 42.1% of tested pairs were independent. When
checking pairs selected from permuted data sets, only 21.4% of
tested pairs were independent. To estimate the FDR of the causality
test,  # {Causal Relationships permuted data }/# { Causal
R elationships in real data}, we permuted the whole gene expres-
sion data 5 times. At the cutoff values noted above, we identified
362,095 pairs of causal relationships in COPD and 518 pairs in the
permuted data on average, with the corresponding FDR 1.4 x 1073,
It is possible to set more stringent p-value cutoffs for the conditional
independent test m; Lgilg;. At p-value>0.05 and 0.1, the corre-
sponding FDRs were 0.001 and7.6 x 1074, respectively. As at the
independent test p-value>0.01, the corresponding FDR for the
causality test was far less than 0.03, so that we chose this set of causal
relationships for further analyses. Similarly, to test causality in the
opposite direction, g;—m;—g;, where {rans gene expression
giregulates gene j’s DNA methylation level, we decomposed
P(giomj—g)) as P(gi—mj—gj)=P(mj—g;)P(gi—mjm;—g)
P(g; L gjlmjlgi—m;,m;—g;). At the same cutoff values noted above,
we identified 19,173 pairs of causal relationships g;—m;—g; in
COPD and 2 pairs in the permuted data, corresponding to an FDR
10-*. In the CTRL data set, we identified 30,177 causal
relationships as m;—g;—g; (FDR=0.03) and 1, 241 causal
relationships as g;—m;—g; (FDR = 0.006).

given a

and a non-informative prior
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A similar causality test m;—g;— DiseaseStatus can be applied
to infer genes that are potentially causal to COPD (see S1 Text for
details).

Ethics statement

Immunohistochemistry staining of paraffin embedded human
lung tissue of de-identified patients was carried out with the IRB
approval (HS#12-00171) from Mount Sinai Hospital. Institutional
Animal Care and Use Committee (IACUC) approval (FO0501)
was obtained for the chronic smoke exposure mouse model
systems at St. Lukes Roosevelt Hospital.

Chronic smoking mouse models

C57Bl/6] and A/] mice (Jackson Labs, Bar Harbor, ME) were
exposed to cigarette smoke for 6 or 2 months respectively in a
specially designed chamber (Teague Enterprises, Davis, CA) for
4 hours a day, 5 days per week at a total particulate matter
concentration of 80 mg/m”. Animals were sacrificed 12 hours
after the last smoke exposure. Comparative analyses were made
with age-matched air-exposed C57B1/6] and A/J mice that were
treated in an identical manner.

Quantifying Epas1 and Vegfa expression levels in mouse
lung tissues by gPCR

The total RNA from mouse lung tissues was extracted using RNeasy
Mini Kit (QIAGEN, Germany). Then ¢cDNA was synthesized with
SuperScript III (Life Technologies, CA, USA). For quantitative PCR,
we utilized TagMan gene expression assays (Applied Biosystems,
Canada), which contain prevalidated primers and TagMan probe for
the individual genes. TagMan Gene Expression Assay IDs are
MmO01236112_m1 and MmO01281449_m1 for mouse Epasl and
Vegfa, respectively. The real-time PCR reactions were carried out
following the manufacturer’s protocol, and the gene expressions were
normalized to Rnl8s (Mm03928990_g1).

IHC staining of human lung tissues of COPD and non-
COPD patients

The paraffin sections of human lung tissues were provided by
Histology Shared Resource Facility of Mount Sinai Hospital with
the IRB approval. The immunostaining was performed using
Vectastain ABC Elite Kit (Vector Laboratories, CA, USA) with
polyclonal anti-EPAS1 antibody (NB10-122; Novus Biologicals,
CO, USA). Following deparaffinization and hydration of sections,

antigen retrieval with 10 mM citrate buffer and blocking of

endogenous peroxidase with 0.3% H202-methanol were per-
formed. The tissue sections were blocked with 5% goat serum
diluted in 0.1% Tween-20 in phosphate buffered saline (PBS-T)
for 30 minutes, and then incubated in anti-EPAS1 (1:100) at room
temperature for 1 hour. The tissue sections were washed and
incubated with the secondary antibody anti-rabbit-HRP. After
washing, DAB substrate (3, 3'-diaminobenzidine) was utilized to
obtain positive reactions.

EPAST siRNA in human and mouse endothelial cell lines

The cell lines of HUVEC (Lonza, MD, USA) and C166
(American Type Culture Collection, VA, USA) were cultured in
the appropriate media at 37°C with 5% CO,. The cells were
transfected with EPASI siRNA and non-targeting negative
control siRNA (Life Technologies, CA, USA) using Lipofectamine
RNAIMAX as recommended transfection protocols by the
manufacturer. After the treatments with 5 nM Silencer Select
siRNA (s4700 for EPAS1, s65525 for Epasl; Life Technologies,
USA) for 48 hours, the total RNA was purified with RNeasy Mini
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Kit (QIAGEN, Germany). The efficiencies of knocked down the
EPASI expression were assessed by qPCR with 1.4% for
HUVEC, 3.2% for C166.

Approximately 250 ng of total RNA per sample were used for
library construction by the TruSeq RNA Sample Prep Kit
(Illumina) and sequenced using the Illumina HiSeq 2500
instrument with 100 nt single read setting according to the
manufacturer’s instructions. The RNAseq data set was deposited
in GEO as GSE62974. Sequence reads were aligned to human
genome assembly hgl9 and mouse genome assembly mmlO,
respectively, using Tophat [103]. Total 23,228 human and 22,609
mouse genes were quantified using Cufflinks [103]. siRNA
signatures were derived by comparing expression profiles of
EPASI or Epasl siRNAs with non-targeting siRNAs at paired t-
test p-value cutoff 0.05 with resulting signature sizes of 2,796 and
3,730, and corresponding g-values [104] 0.11 and 0.07 for
HUVEC and C166, respectively.

Supporting Information

S1 Fig Comparison of DNA methylation profiles between
COPD and CTRL samples. DNA methylation level was measure
by B value and the mean of B value of methyl probes of CpG
islands within 1 million bases is shown for all chromosomes.
Global methylation levels were compared between CTRL (red)
and COPD (blue) (the upper panel) and most regions were
hypermethylated in COPD comparing with CTRL across whole
genomes (the lower panel). A) CpG island probes; B) non-CpG
island probes.

(TIF)

$2 Fig The numbers of c¢is and trans pairs derived using the
same number of samples in CTRL and COPD. A) The numbers
of ¢is pairs; B) The numbers of trans pairs.

(T1TE)

S$3 Fig Clustering results of 67 CTRL key regulators A) The
clustering result based on the methylation levels of key regulators.
The distance was measured as (1-Spearman correlation coeffi-
cient). There were two large clusters of key regulators (shown in
red boxes). B) The clustering result based on topological overlaps
of key regulators’ downstream genes. The distance was measured
as 1—O0r(iyj). Key regulators were grouped into two clusters
similar as shown in S3A Fig.

(TTF)

$4 Fig Clustering results of 126 COPD key regulators. A) The
clustering result based on similarity of key regulators’ methylation
levels. The distance between methylation levels of COPD key
regulators was measured in the same way as in S3 Fig. Key
regulators were grouped into three clusters. The key regulators in
the blue dashed box were enriched for the GO biological processes
metabolic process, RNA processing, cell cycle, chromatin
modification. Genes in the cluster in the middle were enriched
for genes involved in the GO biological process immune response
and T-cell activation. EPASI was not included in any cluster. B)
The clustering result based on the topological overlaps of COPD
key regulators’ downstream genes. There were three distinct
clusters of COPD key regulators. The first and second cluster, C1
and C2, shared some common downstream genes but key
regulators in the C2 cluster regulated genes involved in immune
response and other defense processes specifically. The C3 cluster
consisted of regulators involved in ciliary related function. EPASI
downstream genes were also unique compared to others, and
EPASI was not included in the three clusters.

(TIF)
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S5 Fig The clustering results of key regulators with higher
number of downstream genes>mean+3SD. There were 33 and 60
key regulators for CTRL and COPD set, respectively. Key
regulators were clustered based on their methylation profiles or
overlaps of their downstream genes. The clustering patterns were
similar to the corresponding ones based on key regulators of the
number of downstream genes>mean+2SD in S3-S4 Fig. EPASI
(marked with the red arrow) was not included in these clusters in
COPD.

(TIF)

S6 Fig EPASI methylation and gene expression levels in CTRL
and COPD lung tissues. A) EPASI gene expression level was
lower in lung tissues of COPD patients; B) Methylation level of
EPASI promoter region was higher in lung tissues of COPD
patients; C) Methylation and gene expression levels of EPASI
were anti-correlated in lung tissues of COPD patients.

(TIF)

S$7 Fig An example of immunohistochemistry staining of lung
tissues from COPD (A) and non-COPD (B) patients using EPAS1
antibody.

(TIF)

S8 Fig Numbers of downstream genes’ methylation levels trans
regulated a key regulator gene in lung tissues of COPD patients
followed a scale-free distribution.

(TIF)

S9 Fig Heterogeneities of molecular traits in C'I'RL and COPD
lung samples. A) The clustering result of COPD samples by gene
expression levels of 1000 genes with largest variances in COPD.
COPD samples can be partitioned into two groups based on
expression levels of 306 cilium related genes (marked by a red box
in the top-left corner). B) The clustering result of CTRL samples
based on gene expression levels of 1000 genes with largest
variances in CTRL samples. A set of 339 genes classified CTRL
samples into two subgroups. 250 of these genes overlap with
COPD classifier genes in S9A Fig. C) The clustering result of
COPD samples based on methylation profiles of 1000 methylation
probes with largest variances in COPD. A set of 447 genes (in the
red box) classified COPD samples into two groups. D) The
clustering result of CTRL samples based on methylation profiles of
1000 methylation probes with largest variances in CTRL. A set of
391 genes (in the red box) clustered CTRL samples into two
groups. Among them, 95 out of 391 genes overlap with the COPD
classifier genes in S9C Fig. For figures, rows are molecular traits
(mRNA expression or methylation probes) and columns are
samples.

(TIF)

S1 Table
cohort.

(PDE)

$2 Table Characteristics of data used in the analysis.

(PDE)

S$3 Table Significance of overlaps between differentially meth-

ylated and expressed genes.

(PDF)

S4 Table The distribution of probes differentially methylated
between controls and COPD samples.

(PDF)

Demographic characteristics of samples in LGRC
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S5 Table Gene expression levels and DNA methylation levels of
704 genes in S3 Table.

(PDF)

S$6 Table GO enrichment analysis of the 378 genes that were
hypermethylated and downregulated in COPD.

(PDF)

S$7 Table GO enrichment analysis of the 318 genes that were
hypermethylated and upregulated in COPD.

(PDF)

S8 Table 67 key regulators in C'TRL lung tissues that regulated
a large number of downstream genes.

(PDF)

S9 Table 126 key regulators in COPD lung tissues that
regulated a large number of downstream genes.

(PDF)

S$10 Table Correlation between key regulators’ methylation

levels in promoter regions in COPD lung tissues and COPD
severity Traits.

(PDTF)

S11 Table Overlap between downstream genes of key regulators
in COPD lung tissues and COPD severity signatures in Human.

(PDF)
S$12 Table Opverlap between downstream genes of key regulators

in COPD lung tissues and COPD emphysema signature in mouse.
(PDF)

S13 Table GO enrichment analysis of EPASI downstream
genes in COPD.

(PDE)

S14 Table Matched methylation and gene expression profile
pairs identified by MODMatcher.

(PDE)

S15 Table GO enrichment analysis of the 306 genes in the
upper left corner of S9A Fig.

(PDF)

$16 Table
in COPD.
(PDE)

S$17 Table GO enrichment analysis of ETF1 downstream genes
in COPD.

GO enrichment analysis of GAK downstream genes

(PDF)

$18 Table GO enrichment analysis of PAX9 downstream genes
in COPD.

(PDF)

$19 Table Motif enrichment analysis of downstream genes of

key regulator EPAST in COPD.
(PDF)

S1 Text
(DOCX)

Supplementary results and methods.

Author Contributions

Conceived and designed the experiments: SY JZ. Performed the
experiments: SY ST PG RF CAP JZ. Analyzed the data: SY ST CA JC
TH ZT AS CAP EES JZ. Contributed reagents/materials/analysis tools:
PG JC LL TH ZT RF AS. Wrote the paper: SY CA EES JZ.

January 2015 | Volume 11 | Issue 1 | €1004898



References

1.

9.

20.

21.

23.

24.

25.

26.

27.

Lopez AD, Shibuya K, Rao C, Mathers CD, Hansell AL, et al. (2006) Chronic
obstructive pulmonary disease: current burden and future projections. Eur
Respir J 27: 397-412.

. Agusti A, Calverley PM, Celli B, Coxson HO, Edwards LD, et al. (2010)

Characterisation of COPD heterogeneity in the ECLIPSE cohort. Respir Res
11: 122.

. Rabe KF, Hurd S, Anzueto A, Barnes PJ, Buist SA, et al. (2007) Global strategy

for the diagnosis, management, and prevention of chronic obstructive
pulmonary disease: GOLD executive summary. Am J Respir Crit Care Med
176: 532-555.

. Harvey BG, Heguy A, Leopold PL, Carolan BJ, Ferris B, et al. (2007)

Modification of gene expression of the small airway epithelium in response to
cigarette smoking. ] Mol Med (Berl) 85: 39-53.

. Sethi JM, Rochester CL (2000) Smoking and chronic obstructive pulmonary

disease. Clin Chest Med 21: 67-86, viii.

. Shapiro SD, Ingenito EP (2005) The pathogenesis of chronic obstructive

pulmonary discase: advances in the past 100 years. Am J Respir Cell Mol Biol
32: 367-372.

. Lokke A, Lange P, Scharling H, Fabricius P, Vestbo J (2006) Developing

COPD: a 25 year follow up study of the general population. Thorax 61: 935—
939.

. Mayer AS, Newman LS (2001) Genetic and environmental modulation of

chronic obstructive pulmonary disease. Respir Physiol 128: 3—11.

Kent L, Smyth L, Clayton C, Scott L, Cook T, et al. (2008) Cigarette smoke
extract induced cytokine and chemokine gene expression changes in COPD
macrophages. Cytokine 42: 205-216.

. Ning W, Li CJ, Kaminski N, Feghali-Bostwick CA, Alber SM, et al. (2004)

Comprehensive gene expression profiles reveal pathways related to the
pathogenesis of chronic obstructive pulmonary disease. Proc Natl Acad
Sci U S A 101: 14895-14900.

. Bosse Y, Postma DS, Sin DD, Lamontagne M, Couture C, et al. (2012)

Molecular signature of smoking in human lung tissues. Cancer Res 72: 3753
3763.

. Cho MH, Castaldi PJ, Wan ES, Siedlinski M, Hersh CP, et al. (2012) A

genome-wide association study of COPD identifies a susceptibility locus on
chromosome 19q13. Hum Mol Genet 21: 947-957.

. Pillai SG, Ge D, Zhu G, Kong X, Shianna KV, et al. (2009) A genome-wide

association study in chronic obstructive pulmonary disease (COPD): identifi-
cation of two major susceptibility loci. PLoS Genet 5: ¢1000421.

. Egger G, Liang G, Aparicio A, Jones PA (2004) Epigenetics in human disease

and prospects for epigenetic therapy. Nature 429: 457-463.

. Lepeule J, Baccarelli A, Motta V, Cantone L, Litonjua AA, et al. (2012) Gene

promoter methylation is associated with lung function in the elderly: the
Normative Aging Study. Epigenetics 7: 261-269.

. Selamat SA, Chung BS, Girard L, Zhang W, Zhang Y, et al. (2012) Genome-

scale analysis of DNA methylation in lung adenocarcinoma and integration
with mRNA expression. Genome Res 22: 1197-1211.

. Kalari S, Jung M, Kernstine KH, Takahashi T, Pfeifer GP (2012) The DNA

methylation landscape of small cell lung cancer suggests a differentiation defect
of neuroendocrine cells. Oncogene.

. Adcock IM, Ford P, Ito K, Barnes PJ (2006) Epigenetics and airways disease.

Respir Res 7: 21.

. Lee KW, Pausova Z (2013) Cigarette smoking and DNA methylation. Front

Genet 4: 132.

Breitling LP, Yang R, Korn B, Burwinkel B, Brenner H (2011) Tobacco-
smoking-related differential DNA methylation: 27K discovery and replication.
Am J Hum Genet 88: 450-457.

Tan Q, Wang G, Huang J, Ding Z, Luo Q, et al. (2013) Epigenomic analysis of
lung adenocarcinoma reveals novel DNA methylation patterns associated with
smoking. Onco Targets Ther 6: 1471-1479.

. Buro-Auriemma L], Salit J, Hackett NR, Walters MS, Strulovici-Barel Y, et al.

(2013) Cigarette smoking induces small airway epithelial epigenetic changes
with corresponding modulation of gene expression. Hum Mol Genet 22: 4726~
4738.

Qiu W, Baccarelli A, Carey VJ, Boutaoui N, Bacherman H, et al. (2012)
Variable DNA methylation is associated with chronic obstructive pulmonary
disease and lung function. Am J Respir Crit Care Med 185: 373-381.

Vucic EA, Chari R, Thu KL, Wilson IM, Cotton AM, et al. (2014) DNA
methylation is globally disrupted and associated with expression changes in
chronic obstructive pulmonary disease small airways. Am J Respir Cell Mol
Biol 50: 912-922.

Yoo S, Huang T, Campbell JD, Lee E, Tu Z, et al. (2014) MODMatcher:
Multi-Omics Data Matcher for Integrative Genomic Analysis. PLoS Comput
Biol 10: €1003790.

Siegmund KD (2011) Statistical approaches for the analysis of DNA
methylation microarray data. Hum Genet 129: 585-595.

Aryee MJ, Wu Z, Ladd-Acosta C, Herb B, Feinberg AP, et al. (2011) Accurate
genome-scale percentage DNA methylation estimates from microarray data.
Biostatistics 12: 197-210.

. Wu H, Caffo B, Jaffee HA, Irizarry RA, Feinberg AP (2010) Redefining CpG

islands using hidden Markov models. Biostatistics 11: 499-514.

PLOS Genetics | www.plosgenetics.org

15

29.

30.

31.

32.

33.

34.

36.

37.

38.

39.

40.

41.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

55.

Integrative Analysis of DNA Methylation and Gene Expression Data

Brenet F, Moh M, Funk P, Feierstein E, Viale AJ, et al. (2011) DNA
methylation of the first exon is tightly linked to transcriptional silencing. PLoS
One 6: e14524.

Doi A, Park ITH, Wen B, Murakami P, Aryee MJ, et al. (2009) Differential
methylation of tissue- and cancer-specific CpG island shores distinguishes
human induced pluripotent stem cells, embryonic stem cells and fibroblasts.
Nat Genet 41: 1350-1353.

Han H, Cortez CC, Yang X, Nichols PW, Jones PA, et al. (2011) DNA
methylation directly silences genes with non-CpG island promoters and
establishes a nucleosome occupied promoter. Hum Mol Genet 20: 4299-4310.
Bahar Halpern K, Vana T, Walker MD (2014) Paradoxical Role of DNA
Methylation in Activation of FoxA2 Gene Expression during Endoderm
Development. J Biol Chem 289: 23882-23892.

Niesen MI, Osborne AR, Yang H, Rastogi S, Chellappan S, et al. (2005)
Activation of a methylated promoter mediated by a sequence-specific DNA-
binding protein, RFX. J Biol Chem 280: 38914-38922.

Peifer M, Fernandez-Cuesta L, Sos ML, George J, Seidel D, et al. (2012)
Integrative genome analyses identify key somatic driver mutations of small-cell
lung cancer. Nat Genet 44: 1104-1110.

. Stankiewicz P, Sen P, Bhatt SS, Storer M, Xia Z, et al. (2009) Genomic and

genic deletions of the FOX gene cluster on 16q24.1 and inactivating mutations
of FOXF1 cause alveolar capillary dysplasia and other malformations.
Am J Hum Genet 84: 780-791.

Wan H, Dingle S, Xu Y, Besnard V, Kaestner KH, et al. (2005) Compensatory
roles of Foxal and Foxa2 during lung morphogenesis. J Biol Chem 280:
13809-13816.

Yang F, Tang X, Riquelme E, Behrens C, Nilsson MB, et al. (2011) Increased
VEGFR-2 gene copy is associated with chemoresistance and shorter survival in
patients with non-small-cell lung carcinoma who receive adjuvant chemother-
apy. Cancer Res 71: 5512-5521.

Brock MV, Hooker CM, Ota-Machida E, Han Y, Guo M, et al. (2008) DNA
methylation markers and early recurrence in stage I lung cancer.
N Engl J Med 358: 1118-1128.

Yang M, Park JY (2012) DNA methylation in promoter region as biomarkers in
prostate cancer. Methods Mol Biol 863: 67-109.

Bishara AJ, Hittner JB (2012) Testing the Significance of a Correlation With
Nonnormal Data: Comparison of Pearson, Spearman, Transformation, and
Resampling Approaches. Psychological Methods 17: 399-417.

Holmes R, Soloway PD (2006) Regulation of imprinted DNA methylation.
Cytogenetic and Genome Research 113: 122-129.

. Bell JT, Pai AA, Pickrell JK, Gaffney DJ, Pique-Regi R, et al. (2011) DNA

methylation patterns associate with genetic and gene expression variation in
HapMap cell lines. Genome Biol 12: R10.

Luo J, Yu Y, Zhang H, Tian F, Chang S, et al. (2011) Down-regulation of
promoter methylation level of CD4 gene after MDV infection in MD-
susceptible chicken line. BMC Proc 5 Suppl 4: S7.

Wang Y, Wysocka ], Sayegh J, Lee YH, Perlin JR, et al. (2004) Human PAD4
regulates histone arginine methylation levels via demethylimination. Science
306: 279-283.

Schadt EE, Lamb J, Yang X, Zhu J, Edwards S, et al. (2005) An integrative
genomics approach to infer causal associations between gene expression and
discase. Nat Genet 37: 710-717.

Chen LS, Emmert-Streib F, Storey JD (2007) Harnessing naturally randomized
transcription to infer regulatory relationships among genes. Genome Biol 8:
R219.

Millstein J, Zhang B, Zhu J, Schadt EE (2009) Disentangling molecular
relationships with a causal inference test. BMC Genet 10: 23.

Macintyre N, Crapo RO, Viegi G, Johnson DC, van der Grinten CP, et al.
(2005) Standardisation of the single-breath determination of carbon monoxide
uptake in the lung. Eur Respir J 26: 720-735.

Celli BR, Cote CG, Lareau SC, Meek PM (2008) Predictors of Survival in
COPD: more than just the FEV1. Respir Med 102 Suppl 1: S27-35.
Pauwels RA, Buist AS, Calverley PM, Jenkins CR, Hurd SS (2001) Global
strategy for the diagnosis, management, and prevention of chronic obstructive
pulmonary disease. NHLBI/WHO Global Initiative for Chronic Obstructive
Lung Disease (GOLD) Workshop summary. Am J Respir Crit Care Med 163:
1256-1276.

Campbell JD, McDonough JE, Zeskind JE, Hackett TL, Pechkovsky DV, et al.
(2012) A gene expression signature of emphysema-related lung destruction and
its reversal by the tripeptide GHK. Genome Med 4: 67.

Hogg JC, Chu F, Utokaparch S, Woods R, Elliott WM, et al. (2004) The
nature of small-airway obstruction in chronic obstructive pulmonary disease.
N Engl J Med 350: 2645-2653.

Renzoni EA, Abraham DJ, Howat S, Shi-Wen X, Sestini P, et al. (2004) Gene
expression profiling reveals novel TGFbeta targets in adult lung fibroblasts.
Respir Res 5: 24.

. Tian H, McKnight SL, Russell DW (1997) Endothelial PAS domain protein 1

(EPAST), a transcription factor selectively expressed in endothelial cells. Genes
Dev 11: 72-82.

Ema M, Taya S, Yokotani N, Sogawa K, Matsuda Y, et al. (1997) A novel
bHLH-PAS factor with close sequence similarity to hypoxia-inducible factor

January 2015 | Volume 11 | Issue 1 | €1004898



56.
57.

58.

59.

60.

61.

62.

63.

64.

66.

67.

68.

69.

70.

72.

73.

74.

79.

lalpha regulates the VEGF expression and is potentially involved in lung and
vascular development. Proc Natl Acad Sci U S A 94: 4273-4278.

Semenza GL (2007) Life with oxygen. Science 318: 62-64.

Maxwell PH, Wiesener MS, Chang GW, Clifford SC, Vaux EC, et al. (1999)
The tumour suppressor protein VHL targets hypoxia-inducible factors for
oxygen-dependent proteolysis. Nature 399: 271-275.

Kaelin WG, Jr., Ratcliffe PJ (2008) Oxygen sensing by metazoans: the central
role of the HIF hydroxylase pathway. Mol Cell 30: 393-402.

Pouyssegur J, Dayan F, Mazure NM (2006) Hypoxia signalling in cancer and
approaches to enforce tumour regression. Nature 441: 437-443.

Covello KL, Kehler J, Yu H, Gordan JD, Arsham AM, et al. (2006) HIF-
2alpha regulates Oct-4: effects of hypoxia on stem cell function, embryonic
development, and tumor growth. Genes Dev 20: 557-570.

Covello KL, Simon MC, Keith B (2005) Targeted replacement of hypoxia-
inducible factor-lalpha by a hypoxia-inducible factor-2alpha knock-in allele
promotes tumor growth. Cancer Res 65: 2277-2286.

Skuli N, Liu L, Runge A, Wang T, Yuan L, et al. (2009) Endothelial deletion of
hypoxia-inducible factor-2alpha (HIF-2alpha) alters vascular function and
tumor angiogenesis. Blood 114: 469-477.

Manalo DJ, Rowan A, Lavoie T, Natarajan L, Kelly BD, et al. (2005)
Transcriptional regulation of vascular endothelial cell responses to hypoxia by
HIF-1. Blood 105: 659-669.

Elvidge GP, Glenny L, Appelhoff R], Ratcliffe PJ, Ragoussis J, et al. (2006)
Concordant regulation of gene expression by hypoxia and 2-oxoglutarate-
dependent dioxygenase inhibition: the role of HIF-lalpha, HIF-2alpha, and
other pathways. J Biol Chem 281: 15215-15226.

. Jiang Y, Zhang W, Kondo K, Klco JM, St Martin TB, et al. (2003) Gene

expression profiling in a renal cell carcinoma cell line: dissecting VHL and
hypoxia-dependent pathways. Mol Cancer Res 1: 453-462.

Weinmann M, Belka C, Guner D, Goecke B, Muller I, et al. (2005) Array-
based comparative gene expression analysis of tumor cells with increased
apoptosis resistance after hypoxic selection. Oncogene 24: 5914-5922.
Winter SC, Buffa FM, Silva P, Miller C, Valentine HR, et al. (2007) Relation of
a hypoxia metagene derived from head and neck cancer to prognosis of
multiple cancers. Cancer Res 67: 3441-3449.

Guerassimov A, Hoshino Y, Takubo Y, Turcotte A, Yamamoto M, et al. (2004)
The development of emphysema in cigarette smoke-exposed mice is strain
dependent. Am J Respir Crit Care Med 170: 974-980.

Foronjy RF, Mercer BA, Maxfield MW, Powell CA, D’Armiento J, et al. (2005)
Structural emphysema does not correlate with lung compliance: lessons from
the mouse smoking model. Exp Lung Res 31: 547-562.

Mirrakhimov AE (2012) Chronic obstructive pulmonary disease and glucose
metabolism: a bitter sweet symphony. Cardiovasc Diabetol 11: 132.

. Zhang L, Gjoerup O, Roberts TM (2004) The serine/threonine kinase cyclin

G-associated kinase regulates epidermal growth factor receptor signaling. Proc
Natl Acad Sci U S A 101: 10296-10301.

Tabara H, Naito Y, Ito A, Katsuma A, Sakurai MA, et al. (2011) Neonatal
lethality in knockout mice expressing the kinase-dead form of the gefitinib
target GAK is caused by pulmonary dysfunction. PLoS One 6: ¢26034.
Bowler RP (2012) Surfactant protein D as a biomarker for chronic obstructive
pulmonary disease. COPD 9: 651-653.

Kent BD, Mitchell PD, McNicholas WT (2011) Hypoxemia in patients with
COPD: cause, effects, and disease progression. Int J Chron Obstruct Pulmon
Dis 6: 199-208.

. Uchida T, Rossignol F, Matthay MA, Mounier R, Couette S, et al. (2004)

Prolonged hypoxia differentially regulates hypoxia-inducible factor (HIF)-
lalpha and HIF-2alpha expression in lung epithelial cells: implication of
natural antisense HIF-lalpha. J Biol Chem 279: 14871-14878.

. Formenti F, Beer PA, Croft QP, Dorrington KL, Gale DP, et al. (2011)

Cardiopulmonary function in two human disorders of the hypoxia-inducible
factor (HIF) pathway: von Hippel-Lindau disease and HIF-2alpha gain-of-
function mutation. FASEB J 25: 2001-2011.

. Peng YJ, Nanduri J, Khan SA, Yuan G, Wang N, et al. (2011) Hypoxia-

inducible factor 2alpha (HIF-2alpha) heterozygous-null mice exhibit exagger-
ated carotid body sensitivity to hypoxia, breathing instability, and hypertension.
Proc Natl Acad Sci U S A 108: 3065-3070.

. Brusselmans K, Compernolle V, Tjwa M, Wiesener MS, Maxwell PH, et al.

(2003) Heterozygous deficiency of hypoxia-inducible factor-2alpha protects
mice against pulmonary hypertension and right ventricular dysfunction during
prolonged hypoxia. J Clin Invest 111: 1519-1527.

Voelkel NF, Vandivier RW, Tuder RM (2006) Vascular endothelial growth
factor in the lung. Am J Physiol Lung Cell Mol Physiol 290: 1.209-221.

PLOS Genetics | www.plosgenetics.org

16

80.

81.

83.

84.

85.

86.

87.

88.

89.

90.

9l.

92.

93.

94.

96.

97.

98.

99.

100.

101.

102.

103.

104.

Integrative Analysis of DNA Methylation and Gene Expression Data

Compernolle V, Brusselmans K, Acker T, Hoet P, Tjwa M, et al. (2002) Loss of
HIF-2alpha and inhibition of VEGF impair fetal lung maturation, whereas
treatment with VEGF prevents fatal respiratory distress in premature mice. Nat
Med 8: 702-710.

Sin DD, Pahlavan PS, Man SF (2008) Surfactant protein D: a lung specific
biomarker in COPD? Ther Adv Respir Dis 2: 65-74.

. Castaldi PJ, Cho MH, Cohn M, Langerman F, Moran S, et al. (2010) The

COPD genetic association compendium: a comprehensive online database of
COPD genetic associations. Hum Mol Genet 19: 526-534.

Chanock SJ, Manolio T, Boehnke M, Boerwinkle E, Hunter DJ, et al. (2007)
Replicating genotype-phenotype associations. Nature 447: 655-660.

Gingo MR, Silveira L], Miller YE, Friedlander AL, Cosgrove GP, et al. (2008)
Tumour necrosis factor gene polymorphisms are associated with COPD. Eur
Respir J 31: 1005-1012.

Bosse Y (2012) Updates on the COPD gene list. Int J Chron Obstruct Pulmon
Dis 7: 607-631.

Vucic EA, Chari R, Thu KL, Wilson IM, Cotton AM, et al. (2013) DNA
Methylation is Globally Disrupted and Associated with Expression Changes in
COPD Small Airways. Am J Respir Cell Mol Biol.

Robinson CM, Neary R, Levendale A, Watson CJ, Baugh JA (2012) Hypoxia-
induced DNA hypermethylation in human pulmonary fibroblasts is associated
with Thy-1 promoter methylation and the development of a pro-fibrotic
phenotype. Respir Res 13: 74.

Watson JA, Watson CJ, McCrohan AM, Woodfine K, Tosetto M, et al. (2009)
Generation of an epigenetic signature by chronic hypoxia in prostate cells.
Hum Mol Genet 18: 3594-3604.

Fimognari FL, Loffredo L, Di Simone S, Sampietro F, Pastorelli R, et al. (2009)
Hyperhomocysteinaemia and poor vitamin B status in chronic obstructive
pulmonary disease. Nutr Metab Cardiovasc Dis 19: 654-659.

Reiter V, Matschkal DM, Wagner M, Globisch D, Kneuttinger AC, et al.
(2012) The CDKD) repressor CDK5RAPI is a methylthiotransferase acting on
nuclear and mitochondrial RNA. Nucleic Acids Res 40: 6235-6240.

Kulp DC, Jagalur M (2006) Causal inference of regulator-target pairs by gene
mapping of expression phenotypes. BMC Genomics 7: 125.

Yang X, Deignan JL, Qi H, Zhu ], Qian S, et al. (2009) Validation of candidate
causal genes for obesity that affect shared metabolic pathways and networks.
Nat Genet 41: 415-423.

Kinose D, Ogawa E, Hirota T, Ito I, Kudo M, et al. (2012) A NOD2 gene
polymorphism is associated with the prevalence and severity of chronic
obstructive pulmonary disease in a Japanese population. Respirology 17: 164
171

Gopal P, Reynaert NL, Scheijen JL, Schalkwijk CG, Franssen FM, et al. (2014)
Association of plasma sSRAGE, but not esSRAGE with lung function impairment
in COPD. Respir Res 15: 24.

5. Nance T, Smith KS, Anaya V, Richardson R, Ho L, et al. (2014)

Transcriptome analysis reveals differential splicing events in IPF lung tissue.
PLoS One 9: €97550.

Tahiliani M, Koh KP, Shen Y, Pastor WA, Bandukwala H, et al. (2009)
Conversion of 5-methylcytosine to 5-hydroxymethylcytosine in mammalian
DNA by MLL partner TET1. Science 324: 930-935.

Szulwach KE, Li X, Li Y, Song CX, Wu H, et al. (2011) 5-hmC-mediated
epigenctic dynamics during postnatal neurodevelopment and aging. Nat
Neurosci 14: 1607-1616.

Kriaucionis S, Heintz N (2009) The nuclear DNA base 5-hydroxymethylcy-
tosine is present in Purkinje neurons and the brain. Science 324: 929-930.
Globisch D, Munzel M, Muller M, Michalakis S, Wagner M, et al. (2010)
Tissue distribution of 5-hydroxymethylcytosine and search for active
demethylation intermediates. PLoS One 5: ¢15367.

Irizarry RA, Ladd-Acosta C, Carvalho B, Wu H, Brandenburg SA, et al. (2008)
Comprehensive high-throughput arrays for relative methylation (CHARM).
Genome Res 18: 780-790.

Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, et al. (2000) Gene
ontology: tool for the unification of biology. The Gene Ontology Consortium.
Nat Genet 25: 25-29.

Falcon S, Gentleman R (2007) Using GOstats to test gene lists for GO term
association. Bioinformatics 23: 257-258.

Trapnell C, Roberts A, Goff L, Pertea G, Kim D, et al. (2012) Differential gene
and transcript expression analysis of RNA-seq experiments with TopHat and
Cufflinks. Nat Protoc 7: 562-578.

Storey JD, Tibshirani R (2003) Statistical significance for genomewide studies.
Proc Natl Acad Sci U S A 100: 9440-9445.

January 2015 | Volume 11 | Issue 1 | €1004898



