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Abstract

Genome-wide association studies (GWAS) have identified loci reproducibly associated with pulmonary diseases; however,
the molecular mechanism underlying these associations are largely unknown. The objectives of this study were to discover
genetic variants affecting gene expression in human lung tissue, to refine susceptibility loci for asthma identified in GWAS
studies, and to use the genetics of gene expression and network analyses to find key molecular drivers of asthma. We
performed a genome-wide search for expression quantitative trait loci (eQTL) in 1,111 human lung samples. The lung eQTL
dataset was then used to inform asthma genetic studies reported in the literature. The top ranked lung eQTLs were
integrated with the GWAS on asthma reported by the GABRIEL consortium to generate a Bayesian gene expression network
for discovery of novel molecular pathways underpinning asthma. We detected 17,178 cis- and 593 trans- lung eQTLs, which
can be used to explore the functional consequences of loci associated with lung diseases and traits. Some strong eQTLs are
also asthma susceptibility loci. For example, rs3859192 on chr17q21 is robustly associated with the mRNA levels of GSDMA
(P = 3.556102151). The genetic-gene expression network identified the SOCS3 pathway as one of the key drivers of asthma.
The eQTLs and gene networks identified in this study are powerful tools for elucidating the causal mechanisms underlying
pulmonary disease. This data resource offers much-needed support to pinpoint the causal genes and characterize the
molecular function of gene variants associated with lung diseases.
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Introduction

Recent genome-wide association studies (GWAS) have identi-

fied loci that harbor susceptibility genes for asthma and other

pulmonary conditions [1–16]. Many of the genes at these loci have

unknown function and have not previously been considered

biologically plausible candidates for disease pathogenesis. Exten-

sive linkage disequilibrium (LD) within these loci makes it difficult

to identify the actual susceptibility genes, let alone which genetic

variants are responsible for altered expression or function of their

protein products. Moreover, the associated polymorphisms can

only explain a relatively small proportion of the variability of the

phenotype in the population [9] and of its heritability [17].

Integrative genomics is a promising new approach to identify

true causal genes and variants. By using gene expression as a

phenotype and examining how DNA polymorphisms contribute

to both gene expression (expression quantitative trait loci –

eQTLs) and disease phenotype, true causal relationships can be

discovered [18–20]. In the present study we performed genome-

wide genotyping and lung-specific gene expression on a large

dataset of lung tissue (1,111 human subjects) to explore effects of

genetic variation on gene expression and their joint relationship
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to asthma. Although the lung tissue came from a heterogeneous

group of subjects, the discovery of lung tissue eSNPs could

elucidate the causal molecular pathways in a variety of

pulmonary disorders.

Results

Demographic characteristics of study participants
Demographic and clinical data for the 1,111 patients who

passed clinical, genotyping and gene expression quality control

assessments are summarized in Table 1 according to the three sites

of recruitment, Laval University, University of British Columbia,

and University of Groningen (henceforth referred to as Laval,

UBC, and Groningen, respectively). The majority of the subjects

were smokers or former-smokers. There were some differences in

the clinical characteristics across the sites including age, lung

function and smoking status. To account for this heterogeneity

between sites, we performed a meta-analysis rather than a pooled

analysis for eQTL discovery. The overall analysis workflow is

illustrated in Figure 1.

Genome-wide association analysis for expression traits
(eQTL)

We identified cis- and trans-acting eQTLs using established

methods [19]. For simplicity we assumed that each transcript

could have at most one cis-eQTL. We considered all association

signals from SNPs within 1 Mb up and downstream, of the

transcription probeset as a single cis-eQTL. Trans-eQTLs were

defined as association signals from SNPs located greater than

1 Mb from the probeset. The eSNP was identified as the SNP that

was most significantly associated (lowest P value) with the

expression trait. A summary of the eQTLs identified at 10% false

discovery rate (FDR) in the three cohorts as well as the meta-

analysis are reported in Table 2. There were variations in the

numbers of eQTLs across the cohorts. For example, we identified

10,630, 5,655 and 7,953 cis-eQTLs in the Laval, Groningen and

UBC cohorts, respectively. There were also variations in the

number of detectable trans-eQTLs (Table 2). The P values

reported for the trans-eQTLs are lower than those for cis-eQTLs,

owing to the higher statistical threshold required to achieve

statistical significance. In general, a single SNP (eQTL peak)

explained between 10 and 20% of the transcript’s expression

variance for cis- and trans-eQTLs, respectively (Table S1).

However 6.8% of the cis acting SNPs explained more than 30%

of the variance in the transcript and 15.3% of the trans acting SNPs

explained more than 30% of a transcript’s variance (Figure S1).

Further, we investigated the consistency of the eQTLs derived

from the cohorts. Rather than simply comparing the existence of

eQTLs, we adopted replication criteria similar to GWAS. A

successful replication was defined as an eQTL in which the

relationship between the same SNP and gene expression (with the

same sign) was observed in more than one cohort at a P of #161024.

Using this criterion, 54.5% of the Laval cis-eQTLs were replicated in

at least one other cohort and 79.5% of the Laval trans-eQTLs were

replicated in another cohort. With respect to the Groningen eQTLs,

the replication rates of the cis- and trans-eQTLs were 72.3% and

86.0%, respectively. The replication rates of the UBC cis- and trans-

eQTLs were 65.4% and 90.5%, respectively. The eQTLs with higher

R2values (variance of gene expression level explained) were more

likely to be replicated than those with lower R2 values. There was a

higher replication rate with trans-eQTLs than with cis-eQTLs.

The meta-analysis revealed many more eQTLs owing to the

increased sample size (Table 2). We identified 17,049 cis-eQTLs

and 534 trans-eQTL and the details of all eQTLs are listed in

Table S2. 68.7% of these cis-eQTLs and 31.7% of trans-eQTLs

were identified in at least one cohort, suggesting that the meta-

analysis detected many additional eQTLs. The ‘non-combinabil-

ity’ among cohorts is quantified in terms of Cochran’s Q and the t
statistics (Table S2). Cochran’s Q, was calculated as the weighted

sum of squared differences among individual study effects and the

pooled effect across studies, with the weights proportional to the

inverse of variance of the eQTL effect. Q follows a chi-square

statistic with k-1 degrees of freedom (k is the number of studies),

and by these means, we calibrated the p value (termed Q.pvalue).

We detected modest degrees of heterogeneity among the three

cohorts. 16% of the QTLs had Q.pvalue,0.05 and 2% of the

Author Summary

Recent genome-wide association studies (GWAS) have
identified genetic variants associated with lung diseases.
The challenge now is to find the causal genes in GWAS–
nominated chromosomal regions and to characterize the
molecular function of disease-associated genetic variants.
In this paper, we describe an international effort to
systematically capture the genetic architecture of gene
expression regulation in human lung. By studying lung
specimens from 1,111 individuals of European ancestry, we
found a large number of genetic variants affecting gene
expression in the lung, or lung expression quantitative trait
loci (eQTL). These lung eQTLs will serve as an important
resource to aid in the understanding of the molecular
underpinnings of lung biology and its disruption in
disease. To demonstrate the utility of this lung eQTL
dataset, we integrated our data with previous genetic
studies on asthma. Through integrative techniques, we
identified causal variants and genes in GWAS–nominated
loci and found key molecular drivers for asthma. We feel
that sharing our lung eQTLs dataset with the scientific
community will leverage the impact of previous large-scale
GWAS on lung diseases and function by providing much
needed functional information to understand the molec-
ular changes introduced by the susceptibility genetic
variants.

Table 1. Demographic and clinical characteristics of study
cohort.

Laval
n = 409

Groningen
n = 363

UBC
n = 339

Quantitative traits, mean 6 SD

Age (years) * 63.3610.0 51.8615.2 60.0614.3

PreBD FEV1 % predicted * 80.5618.9 60.5630.0 80.4622.4

PreBD FVC % predicted * 89.8616.1 75.0626.5 88.9619.7

Categorical traits, %

Male 56.0 53.6 53.4

Smoking Status *

Non-smoker 8.7 28.6 8.8

Ex-smoker 69.0 54.9 56.8

Current-smoker 22.2 16.5 34.4

PreBD, before bronchodilator use; FEV1, forced expiratory volume in one
second; FVC, forced vital capacity.
*significantly different among groups at p,0.01 level (Kruskal Wallis and x2

tests were applied to quantitative and categorical traits, respectively).
doi:10.1371/journal.pgen.1003029.t001

Genetics of Lung Gene Expression
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eQTLs showed Q.pvalue,0.001. We also present the t statistic,

which is the moment-based estimate of the between-study variance

and is not dependent on the number of studies. Both the fixed

effect and random effect meta-analysis results are presented in

Table S2, and we used the fix effect results in the downstream

analysis. We previously showed that the number of eQTLs

detectable at a certain FDR was related directly to the sample size

(i.e. statistical power) [21]. The meta-analysis yielded a greater

relative increase in the number of trans activating eQTLs than of

cis-eQTLs, suggesting that sample size is particularly important for

detecting trans-eQTLs. Among the 51,627 non-control probesets

on our array, 33.0% showed a cis-eQTL. 74.0%, 64.4%, 56.4% of

the 51,627 probesets were ‘‘present’’ in at least 20%, 50%, and

80% of the tissue samples. Using these three cutoffs, 40.2%,

42.5%, and 43.4% of the ‘‘present’’ transcripts were found to be

controlled by cis-eSNPs, respectively. Accordingly we believe that

we have identified the majority of the strong lung cis-eQTLs.

As reported previously [22,23], eQTLs were often found with the

expression of more than one gene underlying a GWAS signal

(Table 3). For example, the rs7216389-T allele on chromosome 17q

was reported to increase asthma risk with an odds ratio (OR) of 1.45

[10]. This SNP was significantly associated with the expression

levels of four genes, ORMDL3, GSDMA, GSDMB, and CRKRS

(Figure 2a). Although ORMDL3 was originally suggested [10] to be

the gene mediating rs7216389-T’s association with asthma, this

gene demonstrated the weakest eQTL signal of the four genes in our

dataset. Rs7216389-T was positively associated with expression

levels of ORMDL3 (P = 161027), CRKRS (P = 1.7661029) and

GSDMB (P = 4610215), consistent with the results of Moffat et al.

[10] However, this same allele was inversely related to the level of

expression of GSDMA (P = 8.78610225) (Figure 2b). The strongest

eSNP in the 17q asthma susceptibility locus was rs3859192 located

in intron 6 of the GSDMA gene governing the expression levels of

this gene (P = 3.556102151) (Figure 2b).

To determine the cellular source and relative expression of

GSDMB and GSDMA in human lung we performed real-time

PCR, and Western blots on primary normal airway epithelial cells

and immunohistochemistry on formalin-fixed normal lung tissue

(see Text S1 for details). Figure 3 shows abundant mRNA and

protein expression of GSDMA but little GSDMB from primary

human lung epithelial cells (Figure 3a and 3b respectively).

Figure 3c shows that GSDMA is expressed in both apical and basal

airway epithelial cells in the conducting airways.

Table 2. Summary of expression QTLs detected at 10% false
discovery rate.

Laval Groningen UBC Meta-Analysis

cis-eQTL P value cutoff 4.0e205 2.3e205 2.8e205 5.9e205

trans-eQTL P value cutoff 4.9e210 1.2e210 1.6e210 7.0e210

number of cis-eQTLs 10,630 5,655 7,953 17,049

number of trans-eQTLs 130 96 108 534

doi:10.1371/journal.pgen.1003029.t002

Figure 1. Overall study design and analysis workflow.
doi:10.1371/journal.pgen.1003029.g001

Genetics of Lung Gene Expression
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Table 3. Expression eQTL underlying Asthma GWAS hits.

SNP Gene Symbol ProbeSet eQTL b (P value) Meta P value

Laval Groningen UBC

rs7216389 Moffatt et al., Nature

C T* ORMDL3 100127152_TGI_at NA NA 0.30 (9.42E205) 1.29E206

GSDMA 100138145_TGI_at 20.43 (7.60E211) 20.41 (4.38E208) 20.42 (8.23E208) 8.78E225

GSDMB 100144966_TGI_at NA 0.39 (6.42E208) NA 4.15E214

CRKRS 100152237_TGI_at 20.35 (4.28E207) NA NA 2.02E209

CRKRS 100305614_TGI_at 20.35 (3.61E207) NA NA 2.79E209

CRKRS 100307813_TGI_at 20.31 (6.95E206) NA NA 1.76E209

rs2305480 Moffatt et al, NEJM

A G ORMDL3 100127152_TGI_at NA NA NA 2.11E205

GSDMA 100138145_TGI_at 0.48 (3.18E213) 0.44 (2.88E209) 0.50 (7.94E211) 7.43E232

GSDMB 100144966_TGI_at NA 20.36 (4.69E207) NA 2.52E212

CRKRS 100152237_TGI_at 0.29 (2.63E205) NA NA 4.45E207

CRKRS 100305614_TGI_at 0.28 (5.27E205) NA NA 3.77E207

CRKRS 100307813_TGI_at NA NA NA 4.28E207

rs3859192** Moffatt et al, NEJM

C T GSDMA 100138145_TGI_at 20.91 (1.96E268) 20.75(3.15E232) 20.90(1.20E254) 3.55E2151

GSDMB 100144966_TGI_at NA NA NA 3.86E25

rs2244012 Li et al., JACI

A G RAD50 100132153_TGI_at NA NA NA 5.62E206

rs9273349 Moffatt et al., NEJM

C T HLA-DRB 100125275_TGI_at NA NA 0.37 (1.17E206) 2.60E207

AGPAT1 100126665_TGI_at NA 0.47 (5.82E212) 0.53 (7.23E213) 1.06E224

AGPAT1 100135327_TGI_at NA 0.36 (3.76E207) 0.43 (1.05E208) 7.77E215

NA 100160430_TGI_at NA 20.48 (3.48E212) 20.51 (8.68E212) 6.78E224

HLA-DQB 100300398_TGI_at NA 0.57 (8.39E217) 0.55 (1.80E213) 2.70E231

HLA-DRB5 100302940_TGI_at NA 0.51 (3.48E213) 0.50 (1.23E211) 6.28E225

HLA-DQB 100302941_TGI_at NA 0.58 (4.51E217) 0.55 (1.76E213) 1.21E231

HLA-DQB 100304009_TGI_at NA 0.58 (3.76E217) 0.55 (1.23E213) 6.58E232

NA 100311684_TGI_at NA 0.37 (1.32E207) 0.35 (4.43E206) 1.05E212

HLA-DQB 100311704_TGI_at NA 0.62 (1.12E219) 0.72 (9.13E224) 2.58E247

HLA-DRB 100312946_TGI_at NA 0.34 (1.43E206) 0.49 (6.20E211) 2.22E216

HLA-DQA2 100313766_TGI_at NA 20.60 (1.93E218) 20.61 (1.43E216) 6.52E237

rs3894194 Moffatt et al., NEJM

G A GSDMA 100138145_TGI_at 20.75 (1.45E229) 20.65 (5.25E219) 20.67 (5.83E219) 2.76E273

GSDMB 100144966_TGI_at NA NA NA 1.57E207

CRKRS 100307813_TGI_at NA NA 20.32 (5.04E205) 1.51E205

rs1295686 Moffatt et al., NEJM

C T SLC22A5 100123073_TGI_at NA NA NA 3.49E205

rs13431828*** Moffatt et al., NEJM

IL1RL1 100148162_TGI_at 20.44 (1.96E25) NA NA 7.48E208

rs2073643 Moffatt et al., NEJM

T C SLC22A5 100123073_TGI_at 0.44 (1.12E210) 0.31 (7.13E206) 0.41 (1.69E208) 9.17E223

RAD50 100132153_TGI_at 0.32 (2.72E206) NA NA 4.44E211

CDC42SE2 100308155_TGI_at NA NA NA 1.04E205

rs2786098 Sleiman et al., NEJM

T G CRB1 100144551_TGI_at 20.35 (7.03E205) NA NA 1.08E208

*Beneath the SNP ID in column 1, the reference allele and risk allele are shown (e.g. for rs7216389, C is the reference allele and T the risk allele).
**Moffatt et al. [9] reported that rs3859192 in the 17q region was associated with asthma (P = 1.12610212). SNP rs3859192 was the most significant eSNP at this locus –
strongly associated with GSDMA levels (P = 3.556102151) but weakly associated with GSDMB levels (P = 3.8661025).

Genetics of Lung Gene Expression
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While most GWAS publications only report the top signals, the

GABRIEL study [9] released the asthma association results on all

SNPs investigated, allowing an in-depth analysis. For this analysis,

we did not limit the list of eSNPs to the most significant SNP for

each probeset; all cis eSNPs which passed the 10% FDR for any

probe-set were considered. Using this strategy 60,530 of the

567,589 GABRIEL SNPs were eSNPs in lung tissue. These 60,530

eSNPs were enriched for significant association with asthma in the

GABRIEL study (Figure 4). This is consistent with previous studies

showing that SNPs associated with complex traits are more likely

to be eQTLs [24].

Key Driver Analyses (KDA) of networks
One of the drawbacks of GWAS is the reliance on a large

number of statistical tests, which puts the threshold for

significance at an extremely low level thereby increasing the chance

of missing real associations. Given that asthma is a pulmonary disorder

it is reasonable to assume that important molecular drivers are

expressed in lung tissue. Therefore, instead of filtering primarily by P

values to identify loci/genes that explain asthma, we filtered the loci in

the GABRIEL [9] dataset by their status as a cis acting eSNP.

Specifically, all SNPs from the GABRIEL study associated with

asthma with P,0.01 were translated into genes via our lung eSNP list.

A total of 7,613 SNPs were linked to the expression of 739 unique

genes.

Using Bayesian networks constructed on gene expression data

we attempted to find the molecular underpinnings of asthma. For

this discussion we define a Bayesian network as a probabilistic

graphical model that represents a set of random variables (gene

expression in this case) and their conditional dependencies (edges)

via a directed acyclic graph (see Text S1). The workflow is illustrated

in Figure S2. We first identified each gene from the GABRIEL

GWAS dataset and collected all genes within 3 edges of that gene on

the Bayesian Networks and found the largest coherent sub-network

(i.e. the largest network with an observable path between every gene

in the network) that contained the highest proportion of GABRIEL

genes (Figure S3). We choose to use 3 edges so that we had enough

genes to lead to a reasonable biological annotation of the genes in

the network, i.e. limiting to 2 edges is too restrictive and results in a

small number of relevant genes; on the other hand, using 4 edges

leads to broad gene sets and makes it hard to pinpoint pathways.

From this sub-network, we performed Key Driver Analyses (KDA)

to capture key regulators of asthma [25,26]. KDA is a method that

captures the ‘‘hub nodes’’ conditioning on the direction that one

gene influences over other genes and isolating those genes with the

strongest influence over the entire network. KDA determines the

regulatory components in a directed network for a particular set of

genes (i.e. the genes whose expression levels were control by

GABRIEL GWAS SNPs). With this analysis, we identified well

documented asthma candidate genes [27] that drive genes

discovered in GABRIEL. These genes are denoted as canonical

asthma genes. Figure 5 shows the top 6 key driver genes (yellow

nodes) that control the asthma canonical genes (blue nodes) as well

as other genes that are one edge away from the key driver genes

(grey nodes). The network when annotated with GeneGo intuitively

is described as ‘‘Immune Response’’ (the number of overlap genes is

25, from a 1,346 genes set, with the background being 16,606,

P = 3.53610220). The KDA data in Table S3 shows the six genes

that remain significant after adjustments for multiple testing.

Network biology
Networks provide a means for data integration. Above we used

the networks to define a central node of the network that drives

asthma by integrating lung Bayesian networks, asthma GWAS and

literature (canonical genes) to arrive at set of genes that drive the

asthma genes in the lung Bayesian network. Similarly we can use

the Bayesian networks to rank competing genetic hypotheses

around the molecular basis of asthma. It has been shown that the

neighborhood milieu of proteins in a network can predict the

probable function of a protein for which no function is known

[28]. Following the same logic we assessed the sub-network

surrounding each candidate causal gene for asthma. The gene

with the highest connection to other asthma genes is most likely a

causal asthma gene. Chromosomes 2q12 and 17q21 both have

strong GWAS hits for asthma. However, these loci harbor a

number of genes that could potentially explain these hits10,11.

Following the workflow shown in Figure S4 [27], we drew

inference on causal genes underlying asthma GWAS signals on

these two chromosomes (Table 4). Clearly IL1RL1’s subnetwork is

enriched for canonical asthma genes (P = 1.8610207) making it the

most likely gene driving the asthma association on 2q12. The

result for 17q21 is less clear, but still points away from ORMDL3,

the gene first suggested as causal by Moffatt et al. [10]. The sub-

network around GSDMA is significantly enriched for canonical

genes (P = 0.005) suggesting that GSDMA is the most likely driver

behind the asthma association on 17q21.

Discussion

One of the primary goals of genetic studies is to identify genes

and pathways which contribute to susceptibility to human diseases

and towards this goal many GWA studies have discovered SNPs in

novel genes [1–16]. However, the mechanism by which these

SNPs lead to disease susceptibility cannot be directly inferred from

GWAS. The discovery of eQTLs has been shown to be a powerful

tool in addressing this gap [18–20]. Although eQTL analysis of

readily available tissue types such as peripheral blood leukocytes

and lymphoblastoid cell lines has contributed to the understanding

of how genes modulate risk of respiratory diseases, the discovery of

lung-specific eQTL is probably more revealing in understanding

the pathogenesis of respiratory disease. In this paper, we

determined genetic variation and interrogated gene expression in

a large collection (n = 1,111) of human lung samples to system-

atically characterize the genetic architecture of gene expression in

this tissue. Owing to the large sample size, we discovered over

17,000 eQTLs. These eQTLs are gene variants that directly or

indirectly govern gene expression in the lung and the data set

represents a unique resource which we have made available for the

use of lung researchers.

To illustrate the power of the resource we merged these data

with SNPs known to be strongly associated with asthma and were

able to identify the most likely causal gene variants. Chromosome

17q21 is the most consistent locus associated with asthma

[9,10,29–36]. In the original GWAS study [10], the SNPs

***Moffatt et al. [9] reported that SNPs at the IL1RL1 locus were associated with asthma and the GWAS peak was located at rs3771166. The latter SNP was not a strong
lung eSNP (failed to pass 10% FDR). Another SNP at the IL1RL1 locus, rs13431828, was strongly associated with asthma (Moffatt et al. [9], P = 1610210) and IL1RL1
expression level (P = 7.4861028).
doi:10.1371/journal.pgen.1003029.t003

Table 3. cont
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Figure 2. Lung eQTLs found on chromosome 17q21. (a) The upper panel is a region of chromosome 17q21 from the UCSC browser showing
the genes located in this region. The next panel shows the results from the GABRIEL consortium [9] (each bar represents a SNP and the y-axis shows
2log10 P values for association with asthma). The following three panels show the lung eQTL results for expression levels of ORMDL3 (blue bars),
GSDMB (green bars), and GSDMA (red bars), respectively. The y-axis represents 2log10 P values derived from the meta-analysis of gene expression.
The black horizontal lines are drawn at P = 0.05. (b) Boxplots of lung gene expression levels for GSDMA according to genotype groups for SNPs
rs3859192 and rs7216389 in 1,111 subjects.
doi:10.1371/journal.pgen.1003029.g002
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associated with asthma in the 17q21 susceptibility locus were also

associated with transcript levels of ORMDL3 in lymphoblastoid cell

lines, suggesting that ORDML3 was the causal gene. However,

more refined analysis of the same samples, exploiting data

generated by the 1000 genomes project, suggested that GSDMB,

in close proximity to ORMDL3, could be the causal gene [9].

Another eQTL study performed in white blood cell RNA samples

suggested that many SNPs in the 17q21 regions are associated

with transcript levels of both ORMDL3 and GSDMB [32]. Verlaan

et al. [37] showed that SNPs in the region demonstrate domain-

wide cis-regulatory effects suggesting long-range chromatin inter-

actions and they found allele-specific differences in nucleosome

distribution and binding of the insulator protein CTCF. A recent

study also showed that asthma risk alleles on 17q21 were

associated with increased ORMDL3 and GSDMA gene expression

and elevated IL-17 secretion in cord blood mononuclear cells [38].

To refine the causal gene/variant, we have interrogated our

eQTL results within this locus. Interestingly, the SNPs most

strongly associated with the expression of ORMDL3 are located in

the promoter (rs4794820) and intron 1 (rs12603332) of the

ORMDL3 gene, but the P values are not convincing (most

significant SNP rs4794820 P = 1.061027). In addition the SNP

Figure 3. Relative expression of GSDMA and GSDMB. Primary human airway epithelial cells in monolayer culture were analyzed for; (a) the
relative abundance of mRNA for GSDMA and GSDMB (n = 7) and (b) Protein expression of GSDMA and GSDMB by Western blot normalized to
expression of b-tubulin (n = 10). (c) Representative image of GSDMA expression in human conducting airway by immunohistochemistry, which shows
expression of GSDMA in both basal and apical cells within the airway epithelium.
doi:10.1371/journal.pgen.1003029.g003
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rs4794820 is more strongly associated with mRNA expression

levels of GSDMB (P = 9.3610212) and GSDMA (P = 2.2610246).

Rs4794820 is located between ORMDL3 and GSDMA on 17q21

(see Figure 2a for the location of genes). Considering the

transcription orientation of ORMDL3, GSDMA, and GSDMB,

rs4794820 lies in the promoter of the three genes and is possibly a

pleiotropic regulatory variant or, more likely, in LD with such a

regulatory element. We observed a concordance between SNPs

associated with transcript levels of ORMDL3, GSDMB and GSDMA

(Figure 2a). These genes are likely co-regulated, as proposed

previously [32,37]. However, the most compelling eQTL on

17q21 was observed in the association between the asthma

susceptibility SNP (rs3859192 – p = 1.11212 for association with

asthma) and the level of expression of GSDMA (P = 3.556102151,

Figure 2b). In fact, many SNPs on 17q21 were strongly associated

with the expression of GSDMA (Figure 2a). Thus our data

strongly suggest that the SNPs across this whole locus are

associated with asthma because they modulate GSDMA expres-

Figure 4. Q–Q plot for the GABRIEL meta-analysis among eSNPs found in the lung eQTL study. Among all SNPs surveyed by the GABRIEL
meta-analysis, 60,530 were eSNPs in the Lung eQTL study and considered in this Q-Q plot. As is apparent eQTLs were enriched for lower P values
(enrichment P value,2.2E216). Panel (a) is GABRIEL eSNPs plotted against GABRIEL SNPs, panel (b) is eSNPs of canonical asthma genes plotted
against GABRIEL SNPs and panel (c) is eSNPs of canonical asthma genes plotted against GABRIEL eSNPs.
doi:10.1371/journal.pgen.1003029.g004

Figure 5. The meta-analysis Bayesian network with the top 6 KDA genes and their nearest neighbors. KDA genes are in yellow,
canonical genes are in blue, and all other genes are in grey. P values for each of the key driver genes are in Table S3.
doi:10.1371/journal.pgen.1003029.g005
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sion in the lung, clearly showing the value of our lung eQTL

dataset to refine previous GWAS hits for asthma. It should be

noted that correlations between GWAS and eQTL results must be

interpreted with caution. Here we related eQTLs in the lung to

GWAS studies for asthma which is an airway disease but which is

known to involve other tissue types including immune cells. The

genetic control of gene expression is tissue specific. Regulatory

variants for GSDMA identified in the lung may regulate a different

gene(s) in another relevant tissue or cell-type for asthma. More

functional work in multiple tissues and cell-types measuring gene

expression with or without various stimuli will be required to

confirm the causal asthma gene on 17q21.

The case for GSDMA as the susceptibility gene underlying the

17q GWAS signal is supported by biologic plausibility. GSDMA

is a member of the gasdermin family of proteins first identified in

the mouse [39]. They have been reported as being expressed in

the upper gastrointestinal tract and skin where they are involved

in the regulation of apoptosis and act as tumor suppressors [40].

Further support for GSDMA as an asthma susceptibility gene is

our observation that GSDMA is robustly expressed in human

airway epithelium (Figure 3). In addition its network neighbor-

hood is enriched in genes involved in immune responses. We

examined the genes around GSDMA using Bayesian and co-

expression networks, and performed functional annotation of

these genes (Table S4a–S4b). The GSDMA network neighbor-

hood is enriched for a number of immune response pathways,

which are highly relevant to asthma.

By integrating asthma GWAS results with our eSNP and

Bayesian network, we were able to identify a network of 34 genes

that highlights the molecular underpinnings of asthma (Figure 5 and

Table S3). This network of genes is annotated as inflammatory response

by the online tool DAVID [41] with an enrichment score of 3.27

(P = 761026). Of particular interest is one Key Driver node, SOCS3

(suppressor of cytokine signaling 3). SOCS3 belongs to the SOCS

family of genes that are cytokine-inducible negative regulators of

cytokine signaling and play an important role in TH2-mediated

allergic responses through control of the balance between TH1 and

TH2 cells. It is implicated in both asthma and atopic dermatitis, as

well as in regulating serum IgE levels [42]. Moriwaki and colleagues

found that down-regulation of Socs3 in ovalbumin sensitized mice

caused attenuation of eosinophilia and airway hyperresponsiveness

generated by ovalbumin challenge [43].

Important discoveries in the field of asthma were made using

eQTL mapping in lymphoblastoid cell lines [10]. In this study,

we used lung tissue to map lung eQTLs, which is likely the most

relevant tissue to study the genetics of lung diseases like asthma.

Ideally one would want to relate SNPs to gene expression and to

disease phenotype using tissue or cells from individuals affected

by the disease of interest [44]. In this study, only a small

percentage of the subjects had self-reported asthma. It should be

noted that eQTL mapping in liver tissues was successful to

identify new susceptibility genes for type 1 diabetes, coronary

artery disease and blood lipid levels [19,20,45]. These discov-

eries were made regardless of the medical condition of patients

from whom the liver tissues were explanted. Similarly, lung

tissue from any source (normal or diseased) is a valid approach

to identify the genetic variants that influence gene expression

irrespective of disease status. The heterogeneous nature of the

tissue we profiled with varying environmental exposures (e.g.

smoking) and disease status (e.g. lung cancer) would not be

expected to generate associations between SNPs and gene

expression but would rather tend to introduce noise into these

relationships.

In summary, the present study reports on a comprehensive set of

lung eQTLs that complement previous large scale studies of eQTLs

in other tissue types [18,19] and which can be used to shed light on

GWAS findings in lung diseases. Using the results of the largest

asthma GWA study as an example we show how the lung tissue

eQTL dataset can be used to identify the most likely causal genes and

pathways. This dataset constitutes an invaluable tool to provide new

insights into the pathogenesis of other lung diseases such as chronic

obstructive pulmonary disease, lung cancer and cystic fibrosis.

Materials and Methods

Ethics statement
All lung tissue samples were obtained in accordance with

Institutional Review Board guidelines at the three sites: Laval

University (Quebec, Canada), University of British-Columbia

(Vancouver, Canada) and Groningen University (Groningen, The

Netherlands). All patients provided written informed consent and

the study was approved by the ethics committees of the Institut

universitaire de cardiologie et de pneumologie de Québec and the

UBC-Providence Health Care Research Institute Ethics Board for

Laval and UBC, respectively. The study protocol was consistent

with the Research Code of the University Medical Center

Groningen and Dutch national ethical and professional guidelines

(‘‘Code of conduct; Dutch federation of biomedical scientific

societies’’; http://www.federa.org).

Lung tissues collection
Lung tissue was collected from patients who underwent lung

resectional surgery at the three participating sites; Laval Univer-

sity, University of British Columbia, and University of Groningen.

Lung specimens from the Laval site were taken from the

Respiratory Health Network Tissue Bank of the FRQS (www.

rsr.chus.qc.ca). Subjects’ enrollment and lung tissues processing at

the three sites are described in Text S1.

Genome-wide gene expression and genotyping
Gene expression profiles were obtained using a custom

Affymetrix array (see GEO platform GPL10379) testing 51,627

non-control probesets. DNA samples were genotyped on the

Illumina Human1M-Duo BeadChip array. 409, 363, and 339

patients had both genotyping and gene expression data that passed

standard quality controls (see Text S1) in Laval, Groningen, and

UBC, respectively. These final datasets (total n = 1,111) were used

to discover eQTLs and to identify eSNPs.

Table 4. Driver genes behind the asthma association on
17q21 and 2q12.

Chr Genes x k P = value

17 GSDMA 7 130 0.0049

GSDMB 4 94 0.054

ORMDL3 3 204 0.2208

2 IL18R1 16 381 0.0004

IL18RAP 0 0 1

IL1RL1 19 283 1.88610207

m = Canonical list [27] (119 genes).
x = Canonical genes within the set of genes within 3 edges of QTL gene.
n = Bayesian – Canonical list (7000 genes).
k = Genes within 3 edges of QTL gene.
doi:10.1371/journal.pgen.1003029.t004
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Statistical analysis
The normalized expression data were adjusted for age, gender

and smoking status in a robust linear model to accommodate

potential outliers in expression level (Figure 1). In parallel, we

performed genotype QC to exclude SNPs of low call rate (,0.9)

and deviating from Hardy-Weinberg equilibrium (P,161026).

Genotype imputations were based on the cleaned sets. In the end,

assayed and imputed genotypes were used to identify cis and trans

acting expression quantitative trait loci (eQTLs) following a

method similar to that previously described in Schadt et al. [19].

The strategy for assembling of the asthma candidate gene list

(Table S5) and for constructing Bayesian networks, and co-

expression modules are given in Text S1.

Supporting Information

Figure S1 Distribution of the R2 values for the relationships between

eSNPs and gene expression using a 10% false discovery rate for cis

acting eQTLs (upper panel) and trans acting eQTLs (lower panel).

(PDF)

Figure S2 Workflow to identify key drivers of the lung Bayesian

networks. We filtered the asthma GWAS SNPs down only to those

SNPs that associate with the trait asthma and have a significant

corresponding gene expression pattern in the lung (lung eSNP). The

eSNP filtered genes where used to identify the asthma subnetwork

from the larger Bayesian network from which KDA was performed.

(PDF)

Figure S3 The largest lung expression subnetwork that has the

highest proportion of GABRIEL genes.

(PDF)

Figure S4 Workflow to identify the most likely gene that drives

the GWAS asthma association on chromosomes 2 and 17. The

logic is that a gene that is surrounded by known asthma genes is

more likely to be an asthma gene itself.

(PDF)

Table S1 Mean (Median) of regression r2 in expressional QTLs.

(PDF)

Table S2 (a) cis-eQTLs at 10% FDR. (b) Trans-eQTLs at 10% FDR.

(XLSX)

Table S3 Six Key Driver Analyses (KDA) genes that remains

significant after correction for multiple testing.

(PDF)

Table S4 Biological functions of the Bayesian network sur-

rounding GSDMA.

(PDF)

Table S5 Asthma candidate genes.

(PDF)

Text S1 Supporting Information.

(DOCX)
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Table S1. Mean (Median) of regression r2 in expressional QTLs 

Cohort  1% FDR 5% FDR 10% FDR 

cis-eQTLs 0.140(0.098) 0.122(0.080) 0.112(0.071)  
Laval 

trans-eQTLs 0.203(0.145) 0.194(0.135) 0.181(0.128)  

cis-eQTLs 0.143(0.106) 0.124(0.087) 0.112(0.076)  
Groningen 

trans-eQTLs 0.228(0.192) 0.205(0.165) 0.191(0.149)  

cis-eQTLs 0.157(0.113) 0.138(0.096) 0.128(0.086)  
UBC 

trans-eQTLs 0.241(0.188) 0.224(0.182) 0.218(0.178)  

 

 



 
 
Table S3. Six Key Driver Analyses (KDA) genes that remains significant after correction 
for multiple testing 
Key Driver P Corrected-P q-value Hits* 
CXCR3 3.27E-10 1.17E-06 3.28E-04 16 
CCL2 8.71E-07 3.10E-03 3.28E-04 13 
CXCL2 3.00E-06 1.07E-02 3.28E-04 10 
SOCS3 1.95E-05 6.93E-02 1.72E-03 12 
IL1B 6.78E-05 2.42E-01 4.13E-03 6 
CD200R1 9.98E-05 3.56E-01 4.59E-03 5 
* Hits is the number of gene that are from the canonical list that are also three edges away 
from the Key Driver gene 



 
 
Table S4a. Biological functions of the Bayesian network surrounding GSDMA  
Name Expectation* Source P 
immune response-regulating cell surface 
receptor signaling pathway 

0.002479 GO_process 8.34E-07 

T cell receptor signaling pathway 0.006371 GO_process 2.15E-06 
leukocyte proliferation 0.009159 GO_process 3.09E-06 
immune response-regulating signaling 
pathway 

0.011614 GO_process 3.92E-06 

antigen receptor-mediated signaling pathway 0.02516 GO_process 8.56E-06 
immune response-activating cell surface 
receptor signaling pathway 

0.031045 GO_process 1.06E-05 

regulation of immune response 0.032261 GO_process 1.10E-05 
lymphocyte proliferation 0.035811 GO_process 1.22E-05 
mononuclear cell proliferation 0.038009 GO_process 1.30E-05 
*Corrected for multiple testing. 



Table S4b. Biological functions of the co-expression module harboring GS DMA 
name Expectation* source P 
Allograft rejection  1.01E-08 kegg 3.68E-12
antigen processing and presentation 6.64E-08 GO_process 2.43E-11
immune system process 4.30E-07 GO_process 1.58E-10
Graft-versus-host disease  1.41E-06 kegg 5.15E-10
Autoimmune thyroid disease 1.76E-06 kegg 6.46E-10
Viral myocarditis  2.18E-06 kegg 8.00E-10
immune response 3.33E-06 GO_process 1.22E-09
Type I diabetes mellitus 1.55E-05 kegg 5.68E-09
antigen processing and presentation of 
peptide antigen 6.09E-05 GO_process 2.23E-08
Antigen processing and presentation 1.29E-04 kegg 4.72E-08
Intestinal immune network for IgA 
production  1.81E-04 kegg 6.62E-08
Cell adhesion molecules (CAMs) 2.21E-04 kegg 8.08E-08
regulation of immune system process 0.001243 GO_process 4.55E-07
Asthma 0.002561 kegg 9.39E-07
response to virus 0.016771 GO_process 6.19E-06
T cell activation 0.020734 GO_process 7.67E-06
multi-organism process 0.06281 GO_process 2.38E-05
regulation of lymphocyte activation 0.077555 GO_process 2.96E-05
lymphocyte activation 0.081983 GO_process 3.13E-05
*Corrected for multiple testing. 
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MATERIALS AND METHODS

Lung tissues collection

The study is based on non-tumor lung tissue samples from 1,424 individuals (500, 487,

and 437 subjects from Laval, Groningen, and UBC, respectively) with corresponding

clinical data. The lung specimens were collected from patients undergoing lung surgery

at three academic sites: Laval University (Quebec, Canada), University of British

Columbia (Vancouver, Canada) and University Medical Center Groningen (Groningen,

The Netherlands). All lung tissue samples were obtained in accordance with Institutional

Review Board guidelines.

Subject enrollment: Laval site

All patients provided written informed consent and the study was approved by the ethics

committees of the Institut universitaire de cardiologie et de pneumologie de Québec.

Lung tissues were obtained from patients undergoing lung cancer surgery between April

2004 and December 2008. The 500 specimens were taken from the Respiratory Health

Network Tissue Bank of the Fonds de la Recherche en Santé du Québec. After surgical

removal, lung specimens were immediately examined by a pulmonary pathologist. After

processing for pathological diagnosis and staging, a non-neoplastic sample of pulmonary

parenchyma (2-5 cm3) was harvested from a site distant from the tumor. The research

specimens were immediately divided into smaller fragments (~0.5 cm3) placed in 5 ml

cryovials and snap-frozen in liquid nitrogen. The cryovials were then transported in dry

ice to a local biobank where they were stored at -80oC until further processing. The time
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from surgical removal to storage was between 15 to 30 minutes. The subjects’ smoking

history was documented including current smoking status, number of pack-years, and

year of smoking cessation (for former-smokers). Preoperatively, patients underwent

pulmonary function testing in which lung volumes, forced expiratory volume in 1 sec

(FEV1), forced vital capacity (FVC), and diffusion capacity for carbon monoxide (DLco)

were determined according to the American Thoracic Society (ATS) guidelines[1,2].

FEV1 and FVC values were used to define COPD in accordance with the guidelines of

the Global initiative for chronic Obstructive Lung Disease (GOLD)[3]. Patients’ medical

charts were abstracted for co-morbidities including asthma, cardiac diseases and type II

diabetes. Cancer types and stages were taken from the pathology report.

Subject enrollment: UBC site

All patients provided written informed consent and the study was approved by the ethics

committees of the UBC-Providence Health Care Research Ethics Board. The 437 lung

tissue samples from UBC were part of a long standing tissue bank established at St Paul’s

Hospital. The majority of the samples were from patients undergoing resection of small

peripheral lung lesions (n=369). Prior to surgery the patients had lung function and

completed a detailed questionnaire modified from the ATS questionnaire detailing

smoking history, medication use and co-morbid conditions. Most subjects had

measurements of lung function immediately before surgery. The lung function data used

for analysis were that obtained from tests done as closely as possible in time to the

acquisition of tissue. Lung function tests included measurements of lung volumes, FEV1,

FVC, and DLco according to the ATS guidelines[1,2]. FEV1 and FVC values were used



4

to define COPD in accordance with the GOLD guidelines[3]. Cancer types and stages

were taken from the pathology report.

Additional samples were obtained at autopsy (n=39) or at the time of lung transplantation

(22 diseased lungs from recipients and 7 donor lungs which for various reasons could not

be used for transplantation). Tissues from UBC were collected and processed as

described previously[4]. Immediately following resection, the lung or lobe was obtained

from the operating or autopsy room and after the clinical specimens of the lesion, lymph

nodes and the resection margin were obtained the lobes and lungs were inflated using a

50% mixture of CryomatrixR and saline and frozen in liquid nitrogen fumes. The time

between resection and freezing averaged ~ 1 hour. The frozen lungs and lobes were then

cut into 7-15 two cm thick slices using a band saw and multiple randomly stratified

blocks were acquired (1-3/slice) using a power driven hole saw fitted with a 1.5 cm

diameter bit. The frozen “cores” were stored at -80o C for later RNA and DNA

extraction.

Subject enrollment: Groningen site

The study protocol was consistent with the Research Code of the University Medical

Center Groningen and Dutch national ethical and professional guidelines (“Code of

conduct; Dutch federation of biomedical scientific societies”; http://www.federa.org).

The 487 lung tissue samples from Groningen were part of a long standing tissue bank

established at the University Medical Center Groningen. The specimens were obtained at

surgery from patients with various lung diseases. A large number of the samples were
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from patients undergoing therapeutic resection for lung tumors (n=153). Immediately

following resection, the lung or lobe was obtained from the operating room and processed

for pathological diagnosis and staging. After this procedure a non-neoplastic pulmonary

parenchyma sample (2-5 cm3) was harvested from a site distant from the tumor. Many

lung tissue samples were obtained at the time of lung transplantation (290 diseased lungs

from recipients and 24 donor lungs where for various reasons the lungs could not be used

for transplantation). The research specimens were immediately divided into smaller

fragments (~1 cm3), snap-frozen in liquid isopentane, and stored at -80oC. The time

between resection and freezing averaged ~ 1 hour. Preoperatively, many of the patients

underwent pulmonary function testing in which lung volumes, FEV1, FVC, and DLCO

were determined according to the ATS guidelines[1,2]. FEV1 and FVC values were used

to define COPD in accordance with the GOLD guidelines[3]. Patients’ medical charts

were surveyed for co-morbidities including asthma, cardiac disease and diabetes.

Smoking history was collected including current smoking status, number of pack-years,

and year of smoking cessation (for former-smokers). Cancer types and stages were taken

from the pathology report.

Gene Expression and Genotyping Assays

Samples were shipped to Rosetta Inpharmatics Gene Expression Laboratory (Seattle, WA)

for extraction, amplification, labeling, and microarray processing. Genomic DNA was

extracted from whole blood (n=100) and buffy coat (n=400) in the Laval samples. DNA

from Groningen and UBC were extracted directly from the lung specimens. Total RNA

was extracted from the lung tissues. RNA converted to fluorescently labeled cRNA was
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hybridized to a custom Affymetrix HU133 array, consists of 751 control probesets and

51,627 non-control probesets, predominantly from REFSEQ, GenBank, dbEST and

ENSEMBL. All probes were free of known polymorphisms. A number of samples failed

Rosetta’s quality controls that are routinely checked throughout the Affymetrix protocol,

leaving 479, 445 and 405 subjects with gene expression data from Laval, Groningen and

UBC, respectively. In parallel, DNA sample was genotyped on the Illumina Human1M-

Duo BeadChip array, and 426, 421 and 390 samples were successfully genotyped for

Laval, Groningen and UBC, respectively.

Gene Expression QC, Normalization and Adjustment

Expression values were extracted using the Robust Multichip Average (RMA) method[5]

as implemented in the Affymetrix Power Tools (APT) software. The quality of the arrays

was judged based on multiple quality control parameters which check for standard

Affymetrix quality control metrics, image artifacts, and outliers based on log intensity

distribution, RMA byproducts and principal component analysis. A complete description

of quality control assessment can be found in the supplementary materials (see

GeneExpressionQC_Laval_v2.pdf, GeneExpressionQC_GRNG_v2.pdf, and

GeneExpressionQC_UBC_v2.pdf). A total of 4 out of 479 expression arrays in the Laval

set were excluded based on gene expression quality control filters. For Groningen 16 out

of 445 arrays and for UBC 10 out of 405 arrays were removed based on the same quality

control filters. The complete dataset has been deposited in the National Center for

Biotechnology Information’s Gene Expression Omnibus (GEO,

http://www.ncbi.nlm.nih.gov/geo/) repository and is accessible through GEO Series



7

accession number GSE23546

(http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?token=xbobfamguyoewze&acc=GSE23

546).

Transcripts expressed in lung tissue

Following quality control filters, gene expression data from 475, 429, and 395 unique

samples were available for Laval, Groningen, and UBC, respectively. The

"present/absent" calls were made by comparing the perfect match and mis-match probes

using Affymetrix MAS 5.0 algorithm. A large fraction of the probesets/transcripts were

expressed ("present") in lung: 64.4% of the transcripts were "present" for at least half of

the samples; and 69.1% of the transcripts were called "present" for at least 1/3 of the

samples.

Expression trait processing

The normalized expression data were adjusted for age, gender and smoking status in a

robust linear model to accommodate potential outliers in expression level. Further, we

applied an inverse normalization technique to the adjusted expression values. Following

these adjustments, expression levels for every gene showed standard normal distribution,

ready for eQTL mapping with linear regression.

Genotype Data QC

Arrays with call rates < 98% were first excluded. Gender was confirmed using PLINK[6].

Cryptic relatedness and duplicates were identified by calculating the identity by state
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(IBS) distance for every subject pair within each cohort. 25 and 6 duplicates in the

Groningen and UBC cohorts were identified, respectively. In each duplicate pair, we

excluded the individual with the lower call rate. In each duplicate pair, we excluded the

individual with the lower call rate. EIGENSTRAT was used to infer ethnicity[7], and 3, 9

and 25 non-European subjects were excluded in Laval, Groningen, and UBC,

respectively. Furthermore, we conducted SNP-wise quality filtering, based on exclusion

criteria of (1) minor allele frequency (MAF) < 1%; (2) SNP call rate < 90% and (3)

deviation from Hardy-Weinberg equilibrium (HWE) P <1 x 10-6. In Laval, 159313, 2747

and 676 SNPs were excluded on the three criteria, respectively. In Groningen, 168501,

2333 and 724 SNPs were excluded, and in UBC, 163328, 2953 and 595 SNPs were

excluded. The resulting genotype data were fed into the MACH program[8] for genotype

imputation using HapMap release 22 template. In total, 2,507,647 autosomal SNPs were

imputed with high confidence (r2 > 0.3) and had an MAF > 0.01, HWE test P > 10 x 10-6

and < 5% missing data in all samples. On chromosomes X and Y, we restricted our

analysis to assayed SNPs.

Overlap between gene expression and genotyping QC

409, 363, and 339 patients had both genotyping and gene expression data that passed all

quality controls in Laval, Groningen, and UBC, respectively. These final datasets (total

n=1,111) were used to discover eQTLs.
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Expression QTLs

Cis and trans acting expression quantitative trait loci (eQTLs) were identified using a

method similar to that previously described[9]. Briefly, eQTLs quantify the association

between transcript level and SNP genotype. We surveyed all transcript-SNP pairs using a

linear regression model, Ti ~ 0 + 1Gj, and conducted Wald's test on H0: 1=0. A cis

eQTL was identified if SNP genotype was significantly related to a transcript probeset

within 1Mb. All other eQTLs were categorized as trans-eQTLs. Further, we randomized

the IDs in the gene expression file, destroying gene-SNP associations but keeping the

gene-gene correlation structure intact. Calculation of eQTLs was repeated on permuted

data. Given the vast number of tests in each eQTL run, we found three permutation

iterations yielded a stable null distribution of eQTL P values. We quantified the false

discovery rate (FDR) for cis- and trans-eQTLs separately. The characteristics of eQTLs

at 1%, 5% and 10% are presented in Table S1, and we used the eQTLs of 10% FDR in

the main analysis. We also noticed that the replication rate increased as a function of the

statistical stringency (i.e., lower FDR cutoff). For example, 59.6% and 69.8% of Laval

cis-eQTLs discovered by using 5% and 1% FDR cutoff levels, respectively, were

confirmed in the other two cohorts. 82.3% and 86.4% of Laval trans-eQTLs discovered

at 5% and 1% FDR levels, respectively, were confirmed in the other two cohorts. After

within-cohort analysis, we conducted a meta-analysis on the three cohorts by combining

the coefficients () and P values using a fixed effects model[10].
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Putative eQTLs could be detected in the presence of SNPs within probe annealing

sites[11,12]. For example, such SNPs could influence the hybridization of the probe. If

the SNP at the probe site was (or was in LD with) one that we genotyped the effect on

probe hybridization could create a false positive eQTL. We employed several strategies

to safeguard against this confounder. First, in designing the custom Affymetrix HU133

array, we carefully selected probes to avoid all known SNPs. Second, after the

experiments, we masked out probes that harbor newly documented SNPs by customizing

the CDF file. Last, the Affymetrix expression array includes 11 separate probes for each

probeset and we applied the RMA algorithm for expression level quantification, where

outlier probes had little impact.

Interpretation of public GWAS data on asthma using lung eQTLs

One of the primary utilities of eQTLs is to assign functional significance to GWAS

findings. We constructed a list of asthma GWAS “hits” from the NHGRI public

catalog[13] using only the most stringent associations according to the strict guidelines

on significance levels for replication, and by reviewing the literature[14-26]. We have

termed the asthma GWAS hits which are listed in the NHGRI catalog as a "high

confidence asthma set" (n=25 SNPs). In addition, we relaxed the criteria and included

more published asthma GWAS “hits” to form a non-overlapping "broad asthma set"

(n=91 SNPs). The high confidence genes, SNPs and traits for the asthma analysis, as well

as the direction of their association with asthma and the effect of the susceptibility SNPs

on expression are shown in Table 3. Among the "high confidence asthma set", 10 SNPs

were also eSNPs (40% of the set and hypergeometric p-values=0.0033); 27 SNPs from
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the "broad asthma set" were eSNPs (30% of the set and hypergeometric p-

values=0.0040).

Correlation between gene expression and clinical phenotypes

For a given clinical phenotype, Tj, we computed its correlation with the expression level

of all genes one by one. In brief, when Tj being a categorical variable, we computed

correlation using Kruskal-Wallis test, and when Tj being continuous variable, we applied

Spearman's correlation. We surveyed phenotype of age, gender, smoking, preBD FVC

and preBD FEV1. False discovery rate (FDR) was calculated using the R Q-value

package[27]. Further, we visualize the correlation P values in a histogram. If the P value

distribution was skew to the left, we conclude Tj is correlated with gene expression.

In total, we found two groups of phenotypes associated with gene expression. (1) Health

and disease status, e.g. BMI, COPD and FEV1, and (2) life-style and medication

parameters (e.g. smoking or statin use). However, such correlations cannot directly infer

causality, and adjusting the expression by these phenotypes may jeopardize eQTL

mapping. For sample, if the covariate is on the functional pathway in which eSNPs

control lung gene expression, adjusting such covariate could obscure the results. In this

paper, we only adjusted expression levels by age, gender and smoking exposure because

they have profound impact and are less likely to reside on the genotype-expression causal

pathway. In detail, smoking exposure was captured by three variables. (1) Smoking status

was coded as a discrete variable of current, former or never smokers; (2) pack-year and
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(3) the years since smoking cessation. We carefully adjusted for the three smoking

exposure variable in eQTL analysis.

Co-expression modules

We sorted the transcripts by the P values of their strongest eQTL, and selected the top

7000 transcripts for constructing a weighted gene co-expression network for each of the

three sites[28]. The weighted network analysis begins with a matrix of the Pearson

correlations between all gene pairs, then converts the correlation matrix into an adjacency

matrix using a power function f(x)=xβ. The parameter β of the power function is

determined in such a way that the resulting adjacency matrix, i.e., the weighted co-

expression network, is approximately scale-free. To measure how well a network satisfies

a scale-free topology, we use the fitting index proposed by Zhang & Horvath[28], i.e., the

model fitting index R2 of the linear model that regresses log(p(k)) on log(k) where k is

connectivity and p(k) is the frequency distribution of connectivity. The fitting index of a

perfect scale-free network is 1. For each dataset, we selected the smallest β which led to

an approximately scale free network with the truncated scale free fitting index R2 greater

than 0.8.

To explore the modular structure of the co-expression network, the adjacency matrix was

further transformed into a topological overlap matrix[29]. The topological overlap

between two genes reflects not only their direct interaction but also their indirect

interactions through all the other genes in the network. Previous studies[28,29] have

shown that topological overlap leads to more cohesive and more biologically meaningful
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modules. To identify modules of highly co-regulated genes, we used average linkage

hierarchical clustering to group genes based on the topological overlap of their

connectivity, followed by a dynamic cut-tree algorithm to cut clustering dendrogram

branches into gene modules[30]. To distinguish between modules, each module was

assigned a unique color identifier, with the remaining, poorly connected genes colored

grey.

Bayesian Networks

Bayesian networks are directed acyclic graphs in which the edges of the graph are

defined by conditional probabilities that characterize the distribution of states of each

node given the state of its parents[31]. The network topology defines a partitioned joint

probability distribution over all nodes in a network, such that the probability distribution

of states of a node depends only on the states of its parent nodes: formally, a joint

probability distribution ( )p X on a set of nodes X can be decomposed as

( ) ( | Pa( ))i i

i

p X p X X , where Pa( )iX represents the parent set of iX . In our

networks, each node represents a gene. These conditional probabilities reflect not only

relationships between genes, but also the stochastic nature of these relationships, as well

as noise in the data used to reconstruct the network.

Bayes formula allows us to determine the likelihood of a network model M given

observed data D as a function of our prior belief that the model is correct and the

probability of the observed data given the model: P(M | D) ~ P(D|M) * P(M). The

number of possible network structures grows super-exponentially with the number of
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nodes, so an exhaustive search of all possible structures to find the one best supported by

the data is not feasible, even for a relatively small number of nodes. We employed Monte

Carlo Markov Chain[32] simulation to identify thousands of different potentially

plausible networks, which were then combined to obtain a consensus network (see

below). Each reconstruction began with a random network. Small random changes were

then made to the network by flipping, adding, or deleting individual edges, ultimately

accepting those changes that led to an overall improvement in the fit of the network to the

data. We assessed whether a change improved the network model using the Bayesian

Information Criterion (BIC)[33]. This is equivalent to imposing a lower prior probability

P(M) on models with larger numbers of parameters.

Even though edges in Bayesian networks are directed, in general we cannot infer causal

relationships from the structure directly. For example, in a network with two nodes, 1X

and 2X , the two models 1 2X X and 2 1X X have equal probability distributions as

1 2 2 1 1 1 2 2( , ) ( | ) ( ) ( | ) ( )p X X p X X p X p X X p X  . Thus, using the data themselves, we

cannot infer whether 1X is causal of 2X , or vice versa. In a more general case, a

network with three nodes, 1X , 2X , and 3X , there are multiple groups of structures that

are mathematically equivalent. For example, the following three different models,

1 2 2 3M1: ,X X X X  , 2 1 2 3M2 : ,X X X X  , and 2 1 3 2M3: ,X X X X  , are

Markov equivalent (which means that they all encode for the same conditional

independent relationships). In the above case, all three structures encode the same
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conditional independent relationship, 1 3 2|X X X , 1X and 3X are independent

conditioning on 2X , and they are mathematically equal

2 1 1 3 2

1 2 2 3 2

2 3 3 1 2

( ) (M1| ) ( | ) ( ) ( | )

(M2 | ) ( | ) ( ) ( | )

(M3 | ) ( | ) ( ) ( | )

p X p D p X X p X p X X

p D p X X p X p X X

p D p X X p X p X X

 

 

 

Thus, we cannot infer whether 1X is causal to 2X or vice versa from these types of

structures. However, there is a class of structures, V-shape structure (eg.

1 2 3 2Mv : ,X X X X  ), which has no Markov equivalent structure. In this case, we can

infer causal relationships. There are more parameters to estimate in the Mv model than

M1, M2, or M3, which means a large penalty in BIC score for the Mv model. In practice,

a large sample size is needed to differentiate the Mv model from the M1, M2, or M3

models.

Searching optimal Bayesian network structures given a dataset is a non-deterministic

polynomial-time hard. We employed a Monte Carlo Markov Chain method to do local

searches of optimal structures. As the method is stochastic, the resulting structure will be

different from each run. In this study, 1000 Bayesian networks were reconstructed using

different random seeds to start the stochastic reconstruction process. From the resulting

set of 1000 networks generated by this process, edges that appeared in greater than 30%

of the networks were used to define a consensus network. The 30% cutoff threshold for

edge inclusion is based on our simulation study[34], where a 30% cutoff yielded the best

tradeoff between recall rate and precision. The consensus network resulting by averaging

may not be a Bayesian network (a directed acyclic graph). To make the consensus
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network structure into a directed acyclic graph, edges in this consensus network were

removed if and only if 1) the edge was involved in a loop, and 2) the edge was the most

weakly supported of all edges making up the loop. In the current study, we constructed

Bayesian networks for each individual cohort as well as the combined dataset. Because

genetic information was used to differentiate Markov equivalent structures, directed links

in the Bayesian networks not only represent interactions among genes, but also can

represent causal associations between genes. Therefore, these probabilistic networks

allow us to predict the system's response to perturbations based on the identified

relationships among genes.

Assembling of asthma candidate gene list

We generated a list on canonical asthma genes captured in gene network bioinformatics

databases: OMIM[35], Ingenuity[36] and Metacore[37] with genes that are associated

with the key words: asthma, airway sensitivity, airway remodeling and airway hyper-

sensitivity. From this search we arrived at 280 candidate genes that were also measured

in the array we used in this study (Table S5).

Epithelial cultures

Healthy human donor lungs not suitable for transplantation and donated for medical

research were obtained though the International Institute for the Advancement of

Medicine (Edison, NJ). The study was approved (#H0-50110) by the ethics committees

of the University of British Columbia. Primary airway epithelial cells were extracted by

protease digestion of human airways as described previously[38]. Briefly, the airways to
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the 3rd generation were dissected and then rinsed with cold PBS without calcium and

magnesium three times to remove blood and mucus. The epithelial layer lining 2-4 cm

segments of trachea and bronchi was dissociated at 4oC for 16 hours in 100ml of MEM

(Fisher Scientific) containing 1.4mg/ml Pronase and 0.1mg/ml of DNase (Roche

Diagnostics). Dissociated epithelial cells were strained through a 70µm nylon mesh

(Becton-Dickinson). Cells were then re-suspended and incubated in MEM supplemented

with 10% FBS for 10 minutes and washed twice with MEM by centrifugation at 4oC to

neutralize the pronase. Cells were then plated in tissue culture flasks and incubated at

37oC in a humidified 5% CO2 atmosphere in Bronchial Epithelial Growth Media

(BEGM) (Cambrex, ON).

Epithelial gene expression

Airway epithelial cells at passage 1 were plated into 6-well plates at 105 cells per well

and cultured until 80-90% confluent. Culture supernatants were removed and total RNA

was subsequently isolated using RNeasy Plus Mini-Kits (QIAGEN, Valencia, CA).

Purified RNA was reverse transcribed into cDNA using Taqman® Reverse Transcription

Reagents, and gene expression levels for GSDMA and GSDMB were determined by pre-

developed Taqman® Gene Expression Assays as per the manufacturer's instructions

(Applied Biosystems, Foster City, CA). The expression of the genes of interest was

normalized to the housekeeping gene GNB2L1 giving ΔCT values. The calculation 2-ΔCT

gives a relative value for gene expression as previously described[39].

Epithelial protein expression
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Airway epithelial cells were plated into 6-well plates at 105 cells per well and cultured

until 80-90% confluent. Culture supernatants were removed and total cell protein was

obtained using Cell Protein Extraction Buffer (Biosource, Camarillo, CA), quantified by

DC protein assay (Bio-Rad, Hercules, CA) and protein was resolved by SDS-PAGE, and

transferred to a nitrocellulose membrane (Fisher Scientific, ON). Membranes were

blocked in Odyssey blocking buffer (LI-COR Biosciences, Lincoln, NE) and probed with

rabbit anti-human antibodies for GSDMA (HPA023313), GSDMB (HPA023925) and β-

tubulin (T8535, all Sigma-Aldrich, ON). Detection was performed with anti-rabbit IRDye

800Dx conjugated and anti-goat IRDye 700Dx conjugated antibodies (Rockland

Immunochemicals, Gilbertsville, PA) and the Odyssey Infrared Imaging System (LI-

COR Biosciences). The density of the bands was quantified in two infrared channels

independently using Odyssey software 2.1 (LI-COR Biosciences). The data are presented

as a protein/β-tubulin density ratio.

Immunohistochemical staining

Donor airway sections were deparaffinized, rehydrated and antigens were retrieved by

autoclaving the sections in citrate target retrieval solution (Dako) for 15 minutes at 120oC

and 30 psi. Endogenous peroxidase was quenched with 3% hydrogen peroxide for 20

minutes, non-specific binding was blocked with 10% goat serum. Slides were incubated

overnight with antibodies against human GSDMA (1:40, HPA023313) or IgG isotype

control (Santa Cruz) at 4oC in 5% goat serum. Subsequent to three washes in Tris-

buffered saline (TBS), sections were incubated with goat anti-rabbit secondary antibody

(1:100, Vector Labs) for 2hrs, followed by incubation with streptavidin-horse radish
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peroxidase (Dako) for 20 minutes. Visualized staining of interest was developed with

brown chromogen 3,3-diaminobenzidine (Dako) and counterstained with hematoxylin

(Sigma). Slides were then dehydrated and mounted with Cytoseal 60 (Richard-Allan

Scientific).
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