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Abstract
Objectives We aimed to investigate the role of genetics in the respiratory response of asthmatic children to air pollution,
with a genome-wide level analysis of gene by nitrogen dioxide (NO2) and carbon monoxide (CO) interaction on lung
function and to identify biological pathways involved.
Methods We used a two-step method for fast linear mixed model computations for genome-wide association studies,
exploring whether variants modify the longitudinal relationship between 4-month average pollution and post-bronchodilator
FEV1 in 522 Caucasian and 88 African-American asthmatic children. Top hits were confirmed with classic linear mixed-
effect models. We used the improved gene set enrichment analysis for GWAS (i-GSEA4GWAS) to identify plausible
pathways.
Results Two SNPs near the EPHA3 (rs13090972 and rs958144) and one in TXNDC8 (rs7041938) showed significant
interactions with NO2 in Caucasians but we did not replicate this locus in African-Americans. SNP–CO interactions did not
reach genome-wide significance. The i-GSEA4GWAS showed a pathway linked to the HO-1/CO system to be associated
with CO-related FEV1 changes. For NO2-related FEV1 responses, we identified pathways involved in cellular adhesion,
oxidative stress, inflammation, and metabolic responses.
Conclusion The host lung function response to long-term exposure to pollution is linked to genes involved in cellular
adhesion, oxidative stress, inflammatory, and metabolic pathways.

Keywords Air pollution ● Asthma ● Genome-wide ● Gene–environment interaction ● Lung function ● Pathways.

Introduction

Epidemiological studies have demonstrated a strong asso-
ciation between exposure to ambient air pollution and
adverse effects on childhood respiratory health [1–3], with
asthmatic children being more susceptible to the negative
effects of air pollution [4–6]. Lower lung function levels in
asthmatic and non-asthmatic children have been associated
with short-term exposure to air pollution [3, 7, 8], but the

long-term effects of pollution on lung function are less well
studied in asthmatic children [9–12].

Known biological mechanisms by which air pollution can
impair health include autonomic dysfunction, oxidative stress,
and systemic inflammatory responses [13–16]. Respiratory
response to air pollution varies between individuals suggest-
ing that genetic susceptibility likely plays a role [17]. Recent
genome-wide interaction analyses of chronic air pollution
exposure indicated that gene–environment interactions are
important for asthma development [18] and for lung function
decline in non-asthmatic adults [19].

In asthma, also genes play a role in determining the
susceptibility to the harmful effects of air pollution [20] but
the underlying biological mechanisms of air pollution-
mediated health effects are not fully understood, warranting
further examination of the genes and pathways that might
be involved.
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We previously investigated the longitudinal relationship
between the 4-month average exposure to air pollution and
post-bronchodilator (BD) forced expiratory volume in 1
second (FEV1) and showed that among the measured air
pollutants, long-term exposures to carbon monoxide (CO)
and nitrogen dioxide (NO2) are associated with reduced
levels of FEV1 in children with asthma [21]. In the current
study, we use a hypothesis-free, genome-wide analysis to
investigate whether genetic variants modify the long-term
effects of CO and NO2 on lung function in children with
asthma, and with a pathway analysis we explore further
plausible underlying biological pathways of CO and NO2-
mediated effects on lung function in asthmatic children.

Materials and methods

The Childhood Asthma Management Program (CAMP;
ClinicalTrials.gov Identifier: NCT00000575) study design
and methods have been described elsewhere [22]. Addi-
tional details on all methods used in the present report are
provided in an online data supplement. In summary, chil-
dren enrolled in CAMP were 5–12 years of age and had
airway hyper-responsiveness to methacholine at study
entry. In total, 1041 children entered the randomization
(RZ) phase and 311, 312, and 418 children received
budesonide, nedocromil, and placebo, respectively. All
subjects were treated and followed for 4 years with visits at
2 and 4 months after RZ and at 4-month intervals thereafter.
Each parent or guardian signed a consent form and parti-
cipants of 7 years of age and older signed an assent form
approved by each clinical center’s institutional
review board.

Spirometry before and after the administration of two puffs
of albuterol (bronchodilator) was conducted at RZ and at
follow-up visits (n= 13) according to the American Thoracic
Society Standards [23]. Twenty-four hours average con-
centrations of CO and NO2 were estimated for each metro-
politan area using data from the United States Environmental
Protection Agency’s Atmospheric Integrated Research Mon-
itoring Network. The ZIP or postal code centroid coordinates
were used to link participants to daily concentrations from the
nearest monitor within 50 km that did not have missing data
on that day (December 1993 through June 1999). Averaging
the daily pollution concentrations for the 4-month intervals
between the clinic visits for lung function measurement cre-
ated the moving averages.

Genome-wide single-nucleotide polymorphisms (SNP)
genotyping for CAMP subjects (their families and iCon-
trolDB controls) was performed on Illumina's Human-
Hap550 Genotyping BeadChip (Illumina, Inc., San
Diego, CA).

Statistical analysis

Genome-wide interaction study

In a genome-wide interaction analysis, the computational
effort needed to evaluate the effects of hundreds of thou-
sands SNPs on the longitudinally measured trait is prohi-
bitively large with a classic linear mixed model (LMM)
approach. We followed the Sikorska et al. conditional two-
step approach for fast LMM computations for genome-wide
association studies (GWAS) [24], a method to explore
whether the longitudinal relationship between 4-month
averaged pollution (CO and NO2) and post-BD FEV1 %
predicted is modified by SNPs in the human genome. The
practical application of this approach is to be used as a
surrogate of classic LMM, hence we performed the
genome-wide scan for hundreds of thousands SNPs in a fast
manner.

In summary, in the first step we fitted a LMM with
subject-specific (random) intercept and slope for pollution
exposure with all SNP terms omitted (main effect and
interaction with pollutant) from the model. LMM tests were
performed in the R programming language (version 3.5.0
(2018-04-23)), and code availability can be requested by the
corresponding author.

At the second step, simple linear regression tests of SNPs
(genome-wide) with the individual’s FEV1 response to CO
and NO2 (provided as subject-specific random slopes of
pollution by LMM in step 1), respectively, were performed
in PLINK [25], using an additive allelic model. SNPs
included in the genome-wide analysis had a minor allele
frequency >5% (n= 474,792).

For estimating the exact effect size of the interactions and
confirm statistical significance, top signals for
SNP–pollution interaction as given by two-step approach
(P-value < 10−5) were tested with the classic LMM
including terms of pollution, SNP and SNP–pollution
interaction, (e.g., Bonferroni corrected minimally significant
P-value being 0.05/474,792= 1.05E–07). Non-Hispanic
white (Caucasian) CAMP subjects (n= 522) were used as
the primary study population and African-American CAMP
subjects (n= 88) served as the replication study population.

Pathway-level analysis for the genome-wide SNP
by pollutant interaction analysis

To analyze pathway-level SNP–pollutant interactions, we
used the improved gene set enrichment analysis for GWAS
(i-GSEA4GWAS; http://gsea4gwas.psych.ac.cn/inputPage.
jsp) [26], GSEA evaluates whether the distribution of
genes sharing a biochemical or cellular function is different
from the distribution of a ranked genome-wide gene list
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[26, 27]. Details on the i-GSEA4GWAS method are given in
the Supplementary material.

Input data to perform the pathway-level analysis of the
SNP–pollution interaction analysis were P-values of the
two-step genome-wide SNP–pollution interaction analysis
in Caucasian CAMP subjects. We changed the default set-
tings and selected specific parameters for the gene set
enrichment analysis; to avoid overrepresentation of SNPs in
more than one gene we restricted mapping SNPs to ±20 kb
around a gene. We selected additional filtering for gene set
size, set to at least five genes, so any narrow functional
categories would not be missed. Next, the default canonical
pathway method of gene sets was used for further analysis.
These canonical pathways were extracted and curated from
Molecular Signatures Database from a variety of online
resources (MSigDB v2.5; http://www.broadinstitute.org/
gsea/msigdb/). The genome-wide P-values were trans-
formed to –log (P-values), represented genes were mapped
based on SNPs P-values, and the enrichment score was
calculated.

Significant genes in a pathway are defined as the genes
mapped with at least one of the top 5% P-values of all SNPs
(0.05 × 474,792= 23,740 SNPs). Each significant gene was
represented by the SNP in that gene with the lowest
genome-wide SNP–pollutant interaction P-value (top SNP
per significant gene). We selected the top SNPs of all given
pathways and with classic LMM, we estimated the inter-
action effect size for the gene sets most significant
SNP–pollutant interactions in Caucasians.

Results

All subjects in CAMP considered in this analysis
were randomized and followed up during the trial period. A
total of 1003 of the 1041 randomized children (96.3%)
had pollution data available of which 610 were studied in
the genetic analysis. At study entry, the mean (SD) age
was 9 (2.1) and geometric mean (min–max) PC20 1.1
(0.02–2.5) mg/ml. Table 1 shows the main characteristics of
the participants. In all, 82.5% of the children attended
all visits during the 4-year trial (median number of com-
pleted visits= 14 (range: 1–14)). Each participant had a
median of 10 (range: 1–10) post-BD lung function mea-
surements. Repeated FEV1 measurements increase the
power of our statistical analysis to detect significant dif-
ferences between means (8200 and 8600 observations
for NO2 and CO analysis, respectively). Tables S1 and S2
summarize the 4-month moving averages pollutant con-
centrations during December 1993–June 1999, with
number of observations, percentiles, and interquartile
range (IQR). CO and NO2 were weakly correlated (spear-
man rho= 0.30).

Two-step genome-wide SNP by pollutant interaction
analysis

Figure 1 presents an overview of our study design and
results of the genome wide interestion study (GWIS). After
minor allele frequency (MAF) pruning, 474,792 SNPs were
included in the primary analysis, and the smallest P-values
for SNP–NO2 and SNP–CO interactions with the two-step
approach were 1.37E–06 and 2.04E–06, respectively,
showing only suggestive evidence for genome-wide

Table 1 Population characteristics

N= 1003

City, n (%)

Albuquerque 121 (12.1)

Baltimore 126 (12.6)

Boston 123 (12.3)

Denver 141 (14.1)

San Diego 122 (12.2)

Seattle 136 (13.6)

Saint Louis 133 (13.3)

Toronto 101 (10.1)

Sex, n (%)

Males 602 (60)

Females 401 (40)

Treatment group; n (%)

Placebo 407 (40.6)

Budesonide 298 (29.7)

Nedocromil 298 (29.7)

Ethnicity, n (%)

Caucasians 677 (67.5)

African-Americans 137 (13.7)

Hispanics 97 (9.7)

Other 92 (9.2)

Annual income ≥30K USD, n (%)

Yes 728 (76)

No 235 (24)

In utero smoking exposure, n (%)

Yes 114 (14)

No 854 (86)

Pre-bronchodilator lung function at randomization, mean (SD)

FEV1 %predicted 93.8 (14.3)

FVC %predicted 104.0 (13.1)

FEV1/FVC% 79.7 (8.3)

Post-bronchodilator lung function at randomization, mean (SD)

FEV1 %predicted 103.0 (12.8)

FVC %predicted 106.5 (12.8)

FEV1/FVC% 85.5 (6.5)

FEV1 forced expiratory volume in 1 s, FVC: forced vital capacity, SD
standard deviation, ≥30K USD equal or more than 30,000 United State
Dollars
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SNP–pollutant interactions (Table 2 and Supplementary
Tables S3A and S4). The quantile–quantile (QQ) plots of
the two-step GWIS are presented in Supplementary Figs. S1
and S2, showing that the distribution of association P-
values was similar to that expected for a null distribution,
and that no P-values met the conventional genome-wide
statistically significant levels (e.g., Bonferroni corrected
minimally significant P-value being 0.05/474,792=
1.05E–07; see Supplementary Figs. S1 and S2).

Confirmation by classic LMM testing

We selected the six top (P-value < 10−5) SNP–NO2 inter-
actions given by the two-step approach and with the classic
LMM model we assessed the effect size of these interac-
tions and compared their P-value as given by the two
approaches. In Caucasians, change in post-BD FEV1 %
predicted per IQR increase in NO2 level ranged from −1.3
to 1.1 for the six SNP–NO2 interactions. With the classic
LMM models, the P-values decreased for five out of six
SNP–NO2 interactions with values ranging from 1.3E–08 to
8.5E–06 (Supplementary Table S3A). Three SNP–NO2

interactions reached genome-wide significance with the
classic LMM: rs13090972 (80 kb 5' of EPHA3) and
rs958144 (162 kb 5' of EPHA3) near EPHA3 (lingake dis-
equilibrium (LD) between two SNPs r2= 0.55) and
rs7041938 in TXNDC8—the latter in high LD (r2= 0.8)
with rs12684188 in SVEP1 (Table 2). Similarly, in African-

Americans the P-values of associations were lower with
LMM, but none reached genome-wide statistical sig-
nificance (all P-values > 0.05; see table S3B). Supplemen-
tary Table S4 shows that the seven top signals (P-value <
10−5) SNP–CO interactions as given by the two-step
approach did not reach genome-wide statistical sig-
nificance with LMM. The change in post-BD FEV1 %pre-
dicted per IQR increase in CO level ranged from −0.98 to
0.83 and P-values range from 9.69E–07 to 1.26E–05.

Pathway-level analysis for the two-step genome-
wide SNP by pollutant interaction analysis on FEV1
%predicted

For the i-GSEA4GWAS in Caucasian CAMP subjects,
−log (P-values) of 474,792 gene variants were imported
and 265,485 variants were mapped on genes ±20 kb (total
number of genes: 16,854). We identified one pathway
interacting with CO (P-value= 0.001) and 23 pathways
interacting with NO2 (P-values: 0.0001–0.01). Table S5
presents the i-GSEA4GWAS suggested pathways for the
two pollutants. Details for each individual pathway
(SNPs, mapped genes, gene sets, FDR, P-value, descrip-
tion) of NO2 and CO-mediated effects can be found http://
gsea4gwas.psych.ac.cn/getResult.do?result=13F3A9728
87892430E6A5C369D76FEAD_1372284527739 and
http://gsea4gwas.psych.ac.cn/getResult.do?result=13F3A
972887892430E6A5C369D76FEAD_1372283303807,

522 Caucasians 
asthmatic children.
474,792 SNPs with 

MAF>5% 

2-step genome-wide
analyses for NO2 x SNP 
& CO x SNP interaction 

effects on FEV1

• All P-values from GWIS imported
into iGSEA4GWAS for pathway
analysis

Interactions with P-value<10-5

were selected and tested with 
full Linear Mixed Effect Model

3 genome-wide significant 
(P-value<10-7) NO2 x SNP 
interactions: rs13090972 

(T>G), rs958144 (C>T) and 
rs7041938 (T>G)

The 3 interactions were 
tested with LMM in  88 
African Americans but 

were not replicated

Fig. 1 The flowchart with the analytic steps and summary of results of
the genome-wide gene by pollutant(s) interaction study. Top hit SNPs
(P < 10−5) interacting with pollutants in Caucasians were selected and
with LMM we assessed the interaction effect size and P-values.
Genome-wide significant interactions (P < 10−7) were tested for

replication in African-Americans. CO carbon monoxide, NO2 nitrogen
dioxide, LMM linear mixed model, SNP single-nucleotide poly-
morphism, MAF minor allele frequency, GWAS genome-wide inter-
action study, iGSEA4GWAS improved gene set enrichment analyses
for GWAS, FEV1 forces expiratory volume in 1 s
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respectively. All the pathways we present in our findings
had false discovery rate (FDR) < 0.25. In summary, the
i-GSEA4GWAS showed a pathway (PAC1R; receptor of
pituitary adenylate cyclase-activating polypeptide
(PACAP)) to be associated with CO-related FEV1 chan-
ges. For NO2-related FEV1 responses, we identified sev-
eral pathways involved in inflammation, oxidative stress,
the HO-1/CO system, calcium homeostasis, cellular
adhesion and metabolic responses.

Within each gene set/pathway there were significant
genes (genes mapped with at least one of the top 5% of all
SNPs–pollutant interactions in the two-step genome-wide
analysis). Each significant gene is represented by the SNP in
that gene with the lowest genome-wide P-value of SNP by
pollutant interaction (the top SNP per significant gene).
Effect sizes of interaction of those SNPs with pollutants as
given by LMM are shown in the Supplementary material
(see Supplementary Tables S6 and S7).

Discussion

Most gene–air pollution studies have focused on a few
candidate genetic variations and investigated short-term
exposures to pollution [17]. Although these small
hypothesis-driven studies can contribute to our under-
standing of specific gene–pollution effects, they often fail to
uncover novel disease-causing mechanisms and in some
cases have not been replicated by subsequent studies
[28, 29]. To the best of our knowledge, this is the first
longitudinal GWIS on lung function response to ambient air
pollution in asthmatic children. We used the two-step
approach as a screening tool to identify genes that may
interact with air pollution while gaining computational time,
and we confirmed the top hits of the two-step approach with
the classic LMM; we used the genome-wide output for a
iGSEA4GWAS. Below we discuss the putative genes
involved in air pollution effects on lung function in child-
hood asthma and the identified pathways.

At SNP level, two loci, the EPHA3 (receptor tyrosine
kinase of Eph family; location 3p11.2) and TXNDC8
(thioredoxin domain containing 8 (spermatozoa) or Sper-
matocyte/Spermatid-Specific Thioredoxin-3; location
9q31.3) genes showed genome-wide statistical evidence for
interaction with NO2 (with the classic LMM). The best-
documented function of the Eph-receptor/ephrin-A signal-
ing is the regulation of cell adhesion and migration pro-
cesses critical for a wide variety of normal and pathological
processes, including tissue remodeling and immune sur-
veillance [30, 31]. Recent findings suggest that Eph sig-
naling is involved in pathological conditions such as lung
cancer, yet its role in asthma is unknown [32, 33]. The fact
that receptor tyrosine kinase pathways contribute to aspectsTa
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of airway inflammation, airway hyper-responsiveness and
remodeling of asthma [34], suggests that we may have
identified a novel receptor tyrosine kinases (EPHA3)
important for the pathogenesis of asthma in response to NO2

in Caucasian children.
The second top signal locus, TXNDC8, belongs to the

thioredoxin reductase enzymes, a well-characterized sub-
family of selenoproteins that perform an essential redox role
in immune cells [35]. Recent studies indicated that thior-
edoxin system may contribute to the pathogenesis of
COPD, asthma and lung injury and suggest that this path-
way may be used in future therapeutic applications [36].
The genome-wide top hit SNP (rs7041938) in TXNDC8
found to modify the NO2 effects on FEV1 in Caucasian
subjects is in high linkage disequilibrium (r2 > 0.8) with
rs12684188 in SVEP1 (sushi, von Willebrand factor type A,
EGF and pentraxin domain containing 1; location 9q32). In
a recent GWAS, a locus containing the SVEP1 gene showed
signals of association with FEV1 decline in non-asthmatic
adults [37]. In our asthmatic children, the interaction P-
value of the SVEP1 variant did not reach significance.
SVEP1 codes for a protein called polydom, which is
recognized as a cell adhesion molecule with a biological
role in cellular adhesion and/or in the immune system
[38, 39]; but its role in asthma has not been investigated so
far. We were unable to replicate these loci in African-
Americans and it would be important to replicate our
finding in other populations in the future.

The pathway analysis helps to clarify biological plausible
connections for our GWIS hits with one another. Some of
the pathways identified from our iGSEA4GWAS analysis
have been previously found to play a role in asthma and be
related to cellular adhesion and immune response, as do so
our GWIS top loci. The first genome-wide gene by air pol-
lution interaction study on asthma development identified
genes involved in glycosphingolipids biosynthesis, G-
protein coupled receptor signaling and adhesion [18].
Similarly, our iGSEA4GWAS identified sphingolipid (gly-
cosphingolipid metabolism pathway), G-coupled receptor
(gs-pathway, agpcr-pathway, plce-pathway), and epithelial
adhesion (HSA04514 cell adhesion molecules pathway)
pathways in lung function response to NO2, pointing to the
same direction. Sphingolipids and altered sphingolipid
metabolism have emerged as potential key contributors to
the pathogenesis of asthma [40]. Orosomucoid-like 3 gene
(ORMDL3) and the asthma susceptibility locus 17q21 have
been strongly and reproducibly linked to childhood asthma
[41].

The role of airway epithelial barrier function (HSA04514
cell adhesion molecules pathway) in the susceptibility to
develop allergic asthma has been extensively studied and
polymorphisms in adhesion molecules genes have been
associated with asthma and asthma severity [42–44]. It is

plausible that exposure to NO2 induces oxidative stress with
cellular barrier damage and inflammatory responses. In
the Supplementary material, we describe in more detail how
pathways involved in inflammation and oxidative stress
(NOS1, HSP27, IL10, heme biosynthase) may be linked to
NO2 exposure and how they are inter-related.

Metabolic pathways (feeder of glycolysis and obesity
pathways) are activated to compensate the cellular demands
to stress and the HO-1/CO system may protect against
oxidative stress and inflammation. In line with our findings,
a GWIS study of non-asthmatic adults, identified a
mechanistic link between adiponectin (a metabolic bio-
marker with modulating action on inflammatory processes
systemically and locally in the lung) and cadherin 13 as a
biologically plausible pathway for modifying the air pol-
lution exposure effect on lung decline [19].

Oxidative stress has been associated with calcium influx
regulation, two responses observed in our pathway analysis
as well [45, 46]. Interestingly, a proteomic-based study has
shown that allergen-induced early asthma response in rats is
associated with glycolysis, calcium binding, and mito-
chondrial activity [47], supporting our identified underlying
molecular mechanisms for response to environmental tox-
icants in asthma.

The iGSEA4GWAS of CO interactions suggested the
neuropeptide pituitary adenylate cyclase-activating peptide
receptor (PAC1R) pathway in CO-related response. The
ligand of PAC1R (PACAP) can induce bronchodilation and
endogenous regulation of airway tone by means of a CO-
dependent mechanism with local HO-1/CO release in the
airway smooth muscle, and it also has pro-inflammatory
functions that require calcium regulation [48–50]. Further-
more, PACAP, acting through type 1 PACAP receptor,
exerts a potent protective effect against oxidative stress-
induced apoptosis [51].

Our childhood asthma study had the advantage of having
a long follow-up period with high attendance of the subjects
and repeated lung function measurements, air pollution
levels during that period and genomic data. The two-step
approached used for longitudinal data [24] provided shorter
processing time and we confirmed its accuracy, i.e., at a
second stage the genome-wide top signals found by the
two-step approach were confirmed by LMM testing.

We could not find a second study of asthmatic children
with similar design, repeated lung function measurements,
population characteristics, genome-wide genotyping, and
air pollution data. Although population stratification is less
likely to bias estimates of gene–environment interaction
effects [52], we used as our primary study only Caucasian
CAMP subjects and found no evidence of stratification in
our Q/Q plots. For replication studies, definition and mea-
surement of the exposure and/or outcome is critical to the
success of gene–environment investigations, therefore we
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decided to use the second largest ethnic subgroup of the
CAMP as our replication population (although of relative
small size), to ensure that the genotyping, outcome, and
exposure were measured reliably and consistently. This
reduced power and potential different LD patterns in the
replication population represent limitations of this study.

After testing for pollution effect modification at the SNP
level, we performed the pathway approach to assess the
overall evidence of interaction of pollution with a group of
functionally related genes, thus incorporating prior biological
knowledge. Our pathway-level analysis of SNP–pollution
interactions identified biological plausible mechanisms for
pollution-mediated asthma progression in children that are
generally consistent with the SNP-level analysis.

Our findings highlight the promise of pursuing genome-
wide gene–environment interaction studies in smaller
populations with high-quality longitudinal exposure infor-
mation by showing that they can identify biologically
relevant effects of these exposures. We conclude that
genetic susceptibility to traffic-related air pollutants such as
CO and NO2, are linked to oxidative stress and inflamma-
tion pathways, while metabolic pathways, calcium home-
ostasis and the HO-1/CO pathway may play a
cytoprotective role against oxidative stress and inflamma-
tion. Our findings may represent the first step for functional
research and pharmacological developments for protection
against the detrimental effects of air pollution on asthma
severity and progression.
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Figure S1: The quantile-quantile (QQ) plot of the genome-wide SNP by

carbon monoxide interaction study on post-BD FEV1 %predicted in

Caucasian CAMP subjects



Figure S2: The quantile-quantile (QQ) plot of the genome-wide SNP by nitrogen dioxide interaction
study on post-BD FEV1 %predicted in Caucasian CAMP subjects
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Online Supplement – materials-methods & discussion1

2

Title: Pathway analysis of a genome-wide gene by air pollution interaction study3

in asthma4

5

Methods6

The Childhood Asthma Management Program (CAMP): is a multi-7

center, double-blinded clinical trial involving eight clinical centers in North America8

(Albuquerque, New Mexico; Baltimore, Maryland; Boston, Massachusetts; Denver,9

Colorado; San Diego, California; Seattle, Washington; St. Louis, Missouri; and10

Toronto-Ontario, Canada). Its main goal was to evaluate the long-term effectiveness11

and safety of daily-inhaled anti-inflammatory medication in children diagnosed with12

asthma. Details of the CAMP study design and methods have been described13

elsewhere1. In summary, children enrolled in CAMP were 5–12 years of age at the14

initial interview, and completed a 5-16 week pre-randomization screening period15

(1993-1995).  All participants had mild-to-moderate asthma with increased airway16

responsiveness to methacholine (a provocation concentration causing a 20% reduction17

in FEV1 [PC20] ≤ 12.5 mg/ml) at study entry. 1,041 children entered the18

randomization phase and 311, 312, 418 children received budesonide, nedocromil,19

and placebo, respectively. All subjects were treated and followed for four years with20

follow-up visits at CAMP centers at two and four months after randomization and at21

four-month intervals thereafter. Each parent or guardian signed a consent form and22

participants of 7 years of age and older signed an assent form approved by each23

clinical center’s institutional review board.24
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Outcomes Measures25

Spirometry, before and after the administration of two puffs of albuterol, was26

conducted at randomization (RZ) and at follow up visits (n=13) according to the27

American Thoracic Society Standards2. The focus of the trial on long-term effects of28

the treatments on lung function was reflected in the choice of post-bronchodilator29

FEV1 percentage of predicted (post-BD FEV1 % predicted) as the primary outcome30

measure 3. Use of post-BD FEV1 rather than the pre-BD measure minimized31

fluctuations caused by diurnal variation and day-to-day variability of airway tone.32

33

Air Pollution Exposure Assessment34

Data on concentrations of 2 gaseous pollutants (carbon monoxide (CO) and nitrogen35

dioxide (NO2)) were obtained from the Aerometric Information Retrieval System36

(www.epa.gov/air/data/index.html) for US cities and from the Ontario Ministry of the37

Environment (www.ene.gov.on.ca/environment; Air Quality Assessment and38

Reporting Unit) for Toronto. For each metropolitan area, multiple monitors were used39

to measure ambient pollution concentrations. Monitor-specific concentrations were40

24-hour averages for carbon monoxide and nitrogen dioxide. In most cases, for US41

participants we were able to link ZIP codes of their address at study entry to US42

Census 2000 ZIP Code Tabulation Areas to identify the latitudes and longitudes of the43

centroids of those areas. In a few cases ZIP Code centroid coordinates were obtained44

from www.zip-codes.com. Coordinates for Canadian postal codes were obtained from45

www.batchgeo.com.  The ZIP or postal code centroid coordinates were used to link46

participants to daily concentrations from the nearest monitor within 50 km that did not47

have missing data on that day (December 1993 through June 1999). If none of the48
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monitors within 50 km radius was operating the air pollution concentration of that day49

was set as missing.50

51

Exclusion criteria52

Participants were excluded if we were unable to assign their ZIP or postal codes to53

latitudes and longitudes or if we verified that the centroid of the ZIP or postal code in54

which they lived was greater than 50 km from the nearest pollutant monitor. For the55

Canadian participants, a few monitors northwest of Toronto became operational after56

2000 and subjects living in postal codes near those monitors were excluded. In total57

38 subjects of the 1041 trial participants (3.7%) were excluded.58

59

Genotyping and Quality Control60

Genome-wide single nucleotide polymorphisms (SNP) genotyping for CAMP61

subjects (their families and iControlDB controls) was performed on Illumina's62

HumanHap550 Genotyping BeadChip (Illumina, Inc., San Diego, CA). CAMP63

samples and markers passed stringent quality-control standards; 6,257 markers were64

removed as a result of low clustering scores. Markers whose flanking sequences did65

not map to a unique position on the HG17 reference genome sequence were removed66

(n = 1,329). Further quality control was performed with PLINK (version 1.07; 2009-67

09-10). The average completion rate for each marker was more than 99%.68

Monomorphic markers (n = 3,790) and those with five or more Mendel errors (n =69

2,445) were removed. The average genotyping completion rate for each subject was70

99.75%.71
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Statistical Analysis72

Linear Mixed Model used in the present study73

We examined the relation between the level of post-BD FEV1 %predicted and ZIP-74

code level 4-month moving average concentrations of carbon monoxide and nitrogen75

dioxide. Averaging the daily pollution concentrations for the 4-month intervals76

between the clinic visits for lung function measurement created the moving averages.77

For any given averaging period, we required that 75% of the daily pollution data were78

available.79

We fitted a LMM, with random intercepts and random slope for pollutant for each80

subject, to estimate the associations between FEV1 and ambient air pollutant81

concentrations. FEV1=bo + b1 between-subject pollution + b2 within-subject82

pollution + b3 covariates + e | subject-specific random slope and intercept for83

pollution.84

The number of days from randomization was used as the time trend in the model. To85

estimate associations across all cities, we constructed a model including city as a86

covariate. Potential for confounding by a number of factors was considered carefully,87

basing choice of covariates on prior CAMP experience4: we controlled for gender,88

ethnicity, in utero smoking exposure, annual family income (dichotomized at $15K89

per annum), treatment group and treatment by time interaction. Confounding due to90

seasonal factors is a primary consideration in air pollution epidemiology, and we91

adjusted for “season” by using sine and cosine functions of time5 and their92

interactions with city. In addition, we decomposed daily ambient pollution93

concentrations into between- and within-subject exposures. Specifically, subject i's94

exposure to pollutant x1 on day t was decomposed as follows: The between-subject95
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component, is subject i's average exposure during the time in which he or she was96

observed, and the within-subject component, is the deviation from the average on day97

t. Within-subject effects are likely to be far less confounded by season or by98

covariates that vary primarily across individual (e.g. in utero smoking exposure, etc.)99

than between-subject effects6, and they are more comparable to the parameters100

estimated in a traditional panel study, where all subjects are observed over a single101

time period. For further discussion regarding the decomposition of time-varying102

exposures into between- and within-subject components, see the papers by103

Sheppard6and Neuhaus and Kalbfleisch7.104

We used SAS® software (version 9.3; SAS Institute Inc. 2011, Cary, NC USA) and105

IBM SPSS statistics (version 22; Armonk, NY USA: IBM Corp 2013) to manage all106

data. Statistical analysis was performed in IBM SPSS and the R programming107

language (version 3.2.2 (2015-08-14)).108

109

Pathway-level analysis for the genome-wide SNP by pollutant110

interaction analysis111

Gene set enrichment analysis (GEAS) evaluates whether the distribution of genes112

sharing a biochemical or cellular function is different from the distribution of a ranked113

genome-wide gene list8, 9. Input data to perform the pathway-level analysis of the114

SNP-pollution interaction analysis were P-values of the two-step genome-wide SNP-115

pollution interaction analysis in Caucasian CAMP subjects. With the i-GSEA4GWAS116

method the maximum –log (P-value) of all SNPs mapped to (and around) a gene is117

used to represent the gene and the enrichment score was calculated. To avoid118

overrepresentation of SNPs in more than one gene we restricted mapping SNPs to +/-119
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20kb around a gene. Next, the canonical pathway method of gene-sets was used for120

further analysis. These canonical pathways were extracted and curated from121

Molecular Signatures Database (MSigDB) v2.5122

(http://www.broadinstitute.org/gsea/msigdb/). MSigDB included gene-sets denoting123

canonical pathways integrated from a variety of online resources. We set our analysis124

to pathways with 5–200 genes. All genome-wide represented genes are ranked by125

decreasing values and their distribution is compared to the distribution of genes126

sharing a biochemical or cellular function. Kolmogorov-Smirnov like statistics gives127

to each gene set an enrichment score that reflects the trend that genes of a gene set128

tend to be located at the top of the entire genome-wide gene list. Then, i-129

GSEA4GWAS performs SNP-label permutations to assess the significance of the130

pathway-based enrichment score and to give the false discovery rate (FDR) for131

multiple testing corrections. i-GSEA4GWAS focuses on the pathways or gene-sets132

with the highest proportions of significant genes instead of relying solely on the total133

significance generated from either a few or many significant genes, thus improving134

the sensitivity to identify pathways/gene sets that represent the combined effects of all135

possibly modest SNPs/genes8.136

Significant genes in a pathway are defined as the genes mapped with at least one of137

the top 5% P-values of all SNPs (0.05* 474,792 = 23,740 SNPs). Each significant138

gene was represented by the SNP in that gene with the lowest genome-wide SNP-139

pollutant interaction P-value (top SNP per significant gene). A significant gene -140

through its related top SNP- can be involved in more than one pathway. We selected141

the top SNPs of all given pathways and with classic LMM we estimated the142

interaction effect size for the gene-sets most significant SNP-pollutant interactions in143

Caucasians.144

145



Ierodiakonou et al. Pathway analysis of a genome-wide gene by air pollution interaction study in asthma

7

Discussion146

Pathway analysis of genome-wide gene by pollution interaction147

study on FEV1 in Caucasian CAMP subjects148

The lung is rich in nitric oxide synthases (iNOS), and NO is normally present in the149

exhaled air (FeNO). Nitrogen dioxide is a pollutant tightly linked with increased150

exhaled nitric oxide in children with asthma and is considered as a pro-inflammatory151

mediator associated with airway inflammation and reduced lung function10, 10, 11. NO2152

has long been found to injure the airway epithelial lining, leading to decrements in153

barrier and active ion transport properties12-14, and findings indicate a role for the154

iNOS/NO pathway in nitrogen dioxide-mediated cytotoxicity characterized by155

interruption of tight junctions/adhesion molecules13, 15, 16 and increased cytokine and156

ICAM-1 production with influx of inflammatory cells15, 17 and late phase apoptosis16.157

Oxidative stress, through production of reactive oxygen species, triggers disturbance158

in intracellular calcium homeostasis, which has been identified as an important factor159

in the tight junction defects and the pathogenesis of inflammatory diseases18-20.160

Interluekin-10 is an anti-inflammatory cytokine induced by NO2 exposure17 found to161

alleviate the mucosal injury21 probably via p38/MAPK activation of the heme162

oxygenase-1 (HO-1) pathway16, 22, 23. HO-1 catalyzes the oxidation of heme to carbon163

monoxide (CO) and biliverdin, which play a concerted action in cytoprotection164

against oxidative stress and in the modulation of cell proliferation and differentiation165

dependent on the modulation of the p38/MAPK-signaling pathway24. Ryter, Alam and166

Choi extensively review the HO-1/CO (heme oxygenase/carbon monoxide) system167

and reported that among other, glucose and lipids metabolism, agents promoting ROS168

generation, Angiotensin II, hypoxia, hyperthermia (heat shock proteins) and a number169
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of cytokines including IL10 induce HO-1/CO production for protection in oxidative170

tissue injury such as lung injury models24, 25. The HO-1 pathway has also been found171

to interact with the iNOS pathway in the control of cellular homeostasis26.172

173
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Table S1. Distribution of the 4-month average pollution1

concentrations (December 1993 through June 1999).2

Carbon Monoxide Nitrogen Dioxide

(ppm x10) (ppb)

Number of observations Valid 12289 12217

Missing 1233 (10%) 1825 (15.9%)

Percentiles 10 0 13

25 6 18

50 8 21

75 11 26

90 14 30

IQR 25-75 percentile 5 8

3

IQR: interquartile range, ppb: part per billion; ppm: parts per million4

5
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Table S2. Interquartile ranges (25th to 75th percentile) of pollution6

concentrations (December 1993 through June 1999).7

IQR 4-month average Overall Within-subject

Nitrogen Dioxide (ppb) 8 4

Carbon Monoxide (10 x ppm) 5 3

8

IQR: interquartile range, ppb: part per billion; ppm: parts per million9

10
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Table S3: Top signals of genome-wide SNP by nitrogen dioxide11

interactions and post-BD FEV1 %predicted in A) Caucasian and B)12

African American CAMP subjects13

A) Caucasian CAMP subjects

Nitrogen dioxide by SNP_minor allele
2-Step

P values

LMM

P value

LMM

Change per IQR$

rs13090972_T 1.37E-06 1.33E-08* -1.33

rs958144_T 4.81E-06 2.94E-08* -1.28

rs13157529_T 5.54E-06 8.46E-06 -1.08

rs4571247_G 6.31E-06 1.08E-07 -1.25

rs11656155_T 6.35E-06 1.66E-07 0.91

rs7041938_G 7.35E-06 1.04E-07* 1.14

rs1875137_G 1.85E-05 NT NT

rs4704701_G 4.43E-05 NT NT

rs4378142_A 2.35E-05 NT NT

rs12684188_T 3.01E-05 NT NT

rs1205047_A 8.08E-05 NT NT

rs11159689_T 2.67E-05 NT NT

rs6733550_G 4.14E-05 NT NT

rs10782467_C 3.73E-05 NT NT

rs1510646_T 6.57E-05 NT NT

rs2621949_A 3.61E-05 NT NT

rs711173_C 1.97E-05 NT NT

rs4875101_A 7.17E-05 NT NT
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rs12566794_G 5.98E-05 NT NT

rs4896716_T 5.62E-05 NT NT

rs8039508_T 8.58E-05 NT NT

rs3769767_A 5.19E-05 NT NT

rs17780310_T 9.73E-05 NT NT

rs1844723_G 4.71E-05 NT NT

rs2142301_T 6.64E-05 NT NT

rs2490591_G 9.10E-05 NT NT

rs7356801_G 9.90E-05 NT NT

rs7642606_T 4.81E-05 NT NT

rs939590_A 8.45E-05 NT NT

rs10984545_A 5.17E-05 NT NT

rs12486049_G 6.45E-05 NT NT

rs12119540_C 6.17E-05 NT NT

rs10512256_G 9.91E-05 NT NT

rs1059003_G 9.91E-05 NT NT

rs10984516_T 9.91E-05 NT NT

rs4742708_A 9.91E-05 NT NT

rs10058249_A 1.26E-05 NT NT

rs3793490_G 9.44E-05 NT NT

rs9323351_G 6.01E-05 NT NT

rs2157401_C 9.53E-05 NT NT

rs4672884_A 6.20E-05 NT NT

rs897877_A 7.85E-05 NT NT

rs6009565_A 9.42E-05 NT NT
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rs831208_T 7.34E-05 NT NT

rs9528794_C 6.24E-05 NT NT

rs12943384_G 8.62E-05 NT NT

rs9988260_T 8.38E-05 NT NT

rs10485399_T 9.69E-05 NT NT

14

B) African American CAMP subjects

Nitrogen dioxide by SNP_minor allele
2-Step

P values

LMM

P value

LMM

Change per IQR

rs13090972_T 0.5822 0.5687 0.39

rs958144_T 0.9247 0.8681 0.2

rs13157529_T 0.4205 0.303 0.64

rs4571247_G 0.9596 0.7932 0.31

rs11656155_T 0.6218 0.3954 0.47

rs7041938_G 0.2615 0.1627 1.2

15

NT: not tested, SNP: single nucleotide polymorphisms, LMM: linear mixed model:16

FEV1=bo + b1 between-subject pollution + b2 within-subject pollution + b317

SNP(additive) + b4 SNP x pollutant + b5 covariates + e | subject-specific (random)18

intercept19

IQR: interquartile range of 4-month average nitrogen dioxide concentration (0.00420

parts per million)21

*genome-wide significant (Bonferroni corrected minimally significant P-value being22

0.05/474,792= 1.05E-07)23

$direction of association same as in the 2-step approach24
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Table S4: Top signals of genome-wide SNP by carbon monoxide25

interactions and post-BD FEV1 %predicted in Caucasian CAMP26

subjects27

Caucasian CAMP subjects

Carbon monoxide by SNP_minor

allele

2-Step LMM LMM

P value P value
Change per

IQR$

rs883398_A 2.04E-06 2.11E-06 -0.98

rs4915866_G 5.63E-06 5.16E-06 -0.94

rs2403547_A 5.87E-06 1.17E-05 0.79

rs1986254_G 7.65E-06 1.26E-05 0.83

rs1861415_A 8.88E-06 4.41E-06 0.82

rs6569651_C 9.23E-06 9.69E-07 0.88

rs6545694_G 1.01E-05 4.17E-06 0.83

rs5742743_A 1.19E-05 NT NT

rs13121814_G 1.28E-05 NT NT

rs1507559_T 1.37E-05 NT NT

rs1770011_G 1.42E-05 NT NT

rs12130070_A 1.64E-05 NT NT

rs2878079_G 1.64E-05 NT NT

rs9317963_A 2.51E-05 NT NT

rs10204566_G 2.56E-05 NT NT

rs2237113_A 2.66E-05 NT NT

rs6679072_G 2.84E-05 NT NT



Pathways in FEV1 response to air pollution…

7

rs2518023_T 3.86E-05 NT NT

rs9388766_T 4.07E-05 NT NT

rs799974_C 4.18E-05 NT NT

rs2720625_A 4.21E-05 NT NT

rs7519097_A 4.92E-05 NT NT

rs1476162_G 5.24E-05 NT NT

rs6899976_G 5.41E-05 NT NT

rs576874_C 5.47E-05 NT NT

rs6446330_G 5.50E-05 NT NT

rs4388690_C 5.95E-05 NT NT

rs3848726_T 6.09E-05 NT NT

rs11904039_G 6.17E-05 NT NT

rs7600221_A 6.29E-05 NT NT

rs2039056_T 6.49E-05 NT NT

rs10241629_G 6.59E-05 NT NT

rs11078734_T 6.69E-05 NT NT

rs1605461_G 6.97E-05 NT NT

rs1470148_A 6.98E-05 NT NT

rs9811139_C 7.17E-05 NT NT

rs10491310_C 7.83E-05 NT NT

rs6759519_A 8.06E-05 NT NT

rs11621122_T 8.50E-05 NT NT

rs11126981_A 8.74E-05 NT NT

rs2194654_A 8.85E-05 NT NT

rs6660832_A 8.93E-05 NT NT
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rs13413446_C 9.02E-05 NT NT

rs9388769_G 9.41E-05 NT NT

rs10174379_T 9.71E-05 NT NT

rs2041813_A 9.78E-05 NT NT

rs4677169_A 9.96E-05 NT NT

28

NT: not tested, SNP: single nucleotide polymorphisms, LMM: linear mixed model:29

FEV1=bo + b1 between-subject pollution + b2 within-subject pollution + b3 SNP30

(additive) + b4 SNP x pollutant + b5 covariates + e | subject-specific (random)31

intercept32

IQR: interquartile range of 4-month average carbon monoxide concentration (0.3 parts33

per million)34

*genome-wide significant (Bonferroni corrected minimally significant P-value being35

0.05/474,792= 1.05E-07)36

$direction of association same as in the 2-step approach37

38

39

40

41

42

43

44

45

46

47
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Table S5: Improved-Gene Set Enrichment Analysis for GWAS: suggested pathways for the gene by pollution49

interactions on FEV1 (Caucasian CAMP subjects)50

CARBON MONOXIDE1

Gene Set Name Gene Set Description
Gene Set

P Value
N*

1 ST_PAC1_RECEPTOR

The signaling peptide PACAP binds

to its receptor, PAC1R, which

activates adenylyl cyclase and

phospholipase C.

0.001 4/6/8

NITROGEN DIOXIDE2

Gene Set Name Gene Set Description
Gene Set

P Value
N*

1 NOS1 Glutamate stimulates NMDA- 0.001 12/20/22



Pathways in FEV1 response to air pollution…

11

mediates calcium influx, which

promotes nitric oxide synthesis from

arginine by neuronal nitric oxide

synthase, activating guanylate

cyclase.

2 HSP27

Hsp27 oligomers have molecular

chaperone activity and protect heat-

stressed cells against apoptosis.

0.002 6/14/16

3
HSA04614_RENIN_

ANGIOTENSIN_SYSTEM

Genes involved in renin-angiotensin

system
0.001 8/17/17

4 HSA04514_CELL_ADHESION_MOLECULES
Genes involved in cell adhesion

molecules (CAMs)
0.002 58/124/134

5 GS
Activated G-protein coupled

receptors stimulate cAMP
< 0.001 4/6/6
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production and thus activate protein

kinase A, involved in a number of

signal transduction pathways.

6 RAB

Rab family GTPases regulate vesicle

transport, endocytosis and

exocytosis, and vesicle docking via

interactions with the rabphilins.

0.005 4/9/12

7 FEEDER

Sugars such as mannose, galactose,

and fructose are enzymatically

converted to glucose via feeder

pathways that lead to glycolysis.

0.003 4/8/9

8 AGPCR

G-protein coupled receptors

(GPCRs) transduce extracellular

signals across the plasma membrane;

0.001 7/10/13
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attenuation occurs by signal

molecule degradation or receptor-

mediated endocytosis.

9 HSA05214_GLIOMA Genes involved in glioma 0.002 26/59/64

10 HSA05218_MELANOMA Genes involved in melanoma 0.001 29/66/71

11 HEME_BIOSYNTHESIS NA 0.004 4/8/9

12 RARRXR

RXR and RAR suppress

transcription in the absence of ligand

and, on binding trans- or 9-cis-

retinoic acid, are ubiquitinated to

allow transcription to proceed.

0.006 6/14/15



Pathways in FEV1 response to air pollution…

14

13 IL10

The cytokine IL-10 inhibits the

inflammatory response by

macrophages via activation of heme

oxygenase 1.

0.01 6/13/13

14
CALCIUM_REGULATION_IN

_CARDIAC_CELLS
NA 0.003 60/125/149

15
HSA00532_CHONDROITIN

_SULFATE_BIOSYNTHESIS

Genes involved in chondroitin

sulfate biosynthesis
0.005 9/15/22

16 PLCE

Gs-coupled receptors activate

adenylyl cyclase, which activates

Epac1, leading to the stimulation of

PLC and subsequent DAG and IP3

production.

0.005 6/10/12

17 GLYCOSPHINGOLIPID_METABOLISM NA 0.004 9/24/24
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18 VOBESITY

The adipose tissue of obese

individuals overexpresses a key

glucocorticoid-metabolizing enzyme,

activating inactive circulating

corticosteroids and inducing insulin

resistance.

0.005 4/7/8

19 CREB

CREB is a transcription factor that

binds to cAMP-responsive elements

(CREs) to activate transcription in

response to extracellular signaling.

0.004 13/14/27

20 DNA_REPLICATION_REACTOME NA 0.009 12/39/49

21 MPR Progesterone binding to its 0.005 10/21/23
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intracellular receptor activates the

MAPK pathway and induces oocyte

maturation; binding to membrane

receptor inhibits adenylyl cyclase.

22 TRANSLATION_FACTORS NA 0.003 10/31/53

23 TEL

Telomerase is a ribonucleotide

protein that adds telomeric repeats to

the 3' ends of chromosomes.

0.013 8/15/18

51

1-2Details on the genes and mapped top SNPs involved in each pathway can be found in links provided by the i-GSEA4GWAS server under the52

label “view details”:53

1Carbon Monoxide-related gene set/pathway:54

http://gsea4gwas.psych.ac.cn/getResult.do?result=13F3A972887892430E6A5C369D76FEAD_137228330380755
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2Nitrogen Dioxide-related gene set/pathway:56

http://gsea4gwas.psych.ac.cn/getResult.do?result=13F3A972887892430E6A5C369D76FEAD_137228452773957

N*: The number of Significant genes/Selected genes/All genes58

Significant genes: genes mapped with at least one of the top 5% of all SNPs; Selected genes: genes included in the i-GSEA analysis; All genes:59

all genes of the gene set.60

NA: not applicable (by the i-GSEA4GWAS server)61

GWAS: genome wide association study; FEV1: forced expiratory volume in 1 second62

63

64
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Table S6: Pathway analysis of top SNPs with effect modification of the

long-term effects of nitrogen dioxide on post-BD FEV1 %predicted in

Caucasian subjects

Top

SNP_minor

allele

Significant

Gene
Chr

Change

per IQR

P-value of SNP by nitrogen

dioxide interactions

rs1521481_C IGF1R 15 0.78 2.32E-06

rs3755377_G TGFA 2 -0.74 3.61E-06

rs12119540_C CHRM3 1 0.73 1.42E-05

rs7304453_T ITPR2 12 0.71 1.64E-05

rs13219957_A UST 6 0.90 2.02E-05

rs13077495_C PPARG 3 -1.27 3.62E-05

rs10151613_C NRXN3 14 0.67 4.86E-05

rs1800896_C IL10 1 0.66 5.29E-05

rs11820322_T NRXN2 11 1.77 1.13E-04

rs8_T CDK6 7 -0.73 1.16E-04

rs717099_A PRKAR2B 7 -0.60 1.18E-04

rs4899406_T RGS6 2 -1.04 1.59E-04

rs3087474_T ORC1L 1 -1.12 1.61E-04

rs17409602_C EIF2AK1 7 0.67 1.67E-04

rs4952447_C SLC8A1 10 0.57 1.70E-04

rs1732664_T SYT1 12 0.62 2.15E-04
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rs1200138_C ATP1B1 1 0.64 2.19E-04

rs6904263_T GMNN 6 -0.74 2.21E-04

rs12144820_A ATP1A4 1 -0.57 2.45E-04

rs7178_G CCND1 11 -1.01 2.46E-04

rs1868289_G GRIN2A 16 0.63 2.86E-04

rs1025298_C ADCY2 5 -0.61 2.90E-04

rs1642763_A ATP1B2 17 0.66 3.10E-04

rs658132_G NLGN1 3 0.66 3.97E-04

rs4899329_C SLC8A3 14 -0.57 4.41E-04

rs13164785_G VCAN 5 0.67 4.41E-04

rs1981429_G SDC4 20 -0.58 4.54E-04

rs199933_A CACNA1E 1 -0.65 4.57E-04

rs8102695_A CACNA1A 19 -0.68 4.88E-04

rs1805352_C RXRA 9 0.59 5.07E-04

rs3774463_T CACNA1D 3 1.12 5.16E-04

rs478839_G PTEN 10 -0.58 5.30E-04

rs6956460_G CNTNAP2 7 1.05 5.43E-04

rs2581_T HLA-DOA 6 0.54 5.43E-04

rs2025818_T PRKCQ 10 -0.54 5.79E-04

rs9300729_C FGF14 13 -0.82 5.81E-04

rs1131857_G CPOX 3 0.76 6.42E-04

rs4678009_T ADCY5 3 0.60 7.00E-04

rs12695902_G AGTR1 3 0.88 7.15E-04

rs3830180_G MPZL1 1 0.59 7.91E-04
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rs181997_A HLA-DMB 6 -0.57 9.48E-04

rs13229270_A RPA3 7 -0.53 1.01E-03

rs8036393_T CHSY1 15 -0.51 1.03E-03

rs2850971_T PPP3CA 4 -0.58 1.18E-03

rs165979_G PDGFRB 5 -0.52 1.20E-03

rs2849380_T BCL2 18 -0.63 1.22E-03

rs3790112_T GNAO1 16 0.55 1.30E-03

rs17676564_A NCOA2 8 -1.01 1.31E-03

rs4254322_G PLCG2 16 0.59 1.40E-03

rs629079_C NEGR1 1 0.57 1.46E-03

rs4724420_T ADCY1 7 -0.52 1.47E-03

rs2236561_G GNG2 14 0.52 1.49E-03

rs797999_T CD2 1 -0.59 1.51E-03

rs12026958_C RGS7 1 -0.84 1.61E-03

rs11198973_G RGS10 10 0.52 1.63E-03

rs1485237_C MME 3 -0.52 1.64E-03

rs9842138_G FGF12 3 0.68 1.68E-03

rs2443502_G PPP3CC 8 -0.48 1.71E-03

rs10259426_C GNGT1 7 -0.65 1.72E-03

rs17041884_T ENPEP 4 -0.57 1.80E-03

rs10515521_A NR3C1 5 0.65 1.83E-03

rs1489024_G PVRL3 3 -0.51 1.98E-03

rs4783446_G EEF2K 16 -0.99 2.06E-03

rs2835370_C CLDN14 21 0.84 2.10E-03
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rs733299_T CHST14 15 -0.52 2.15E-03

rs2281390_T HLA-DPB1 6 -0.59 2.17E-03

rs3767248_G EIF4G3 1 0.48 2.21E-03

rs454006_C PRKCG 19 0.60 2.25E-03

rs13422838_C ITGAV 2 -0.83 2.27E-03

rs12086956_G RYR2 1 -1.55 2.30E-03

rs12423712_A NCOR2 12 0.95 2.52E-03

rs3806206_T CAP1 1 0.74 2.77E-03

rs12589478_A SPTLC2 14 -0.53 2.84E-03

rs11258248_A MCM10 10 -0.90 2.84E-03

rs7306482_A FGF6 12 -0.48 2.91E-03

rs173681_T CAMK4 5 -0.59 2.94E-03

rs16916456_T UGCG 9 0.92 2.97E-03

rs2575710_C SDC2 8 0.46 3.03E-03

rs2292719_A GTF2E1 3 -0.53 3.13E-03

rs4405588_C RPA1 17 0.46 3.22E-03

rs2531992_A ADCY9 16 0.58 3.30E-03

rs6743452_C NRXN1 2 -0.46 3.32E-03

rs10066754_T PPAP2A 5 -0.77 3.32E-03

rs3897583_C NCAM1 11 0.48 3.32E-03

rs7623208_T CPA3 3 -0.82 3.39E-03

rs6797758_G ATP2B2 3 -0.59 3.41E-03

rs7255066_C PVR 19 0.52 3.55E-03

rs12626592_A CLDN8 21 -0.98 3.64E-03
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rs744143_A E2F3 6 0.72 3.68E-03

rs3783834_A RPS6KA5 14 -0.49 3.69E-03

rs17172446_A EGFR 7 0.56 3.69E-03

rs3785905_A PRKAR1A 17 -0.73 3.70E-03

rs1819741_C RGS2 1 -0.56 3.86E-03

rs10423648_G CD22 19 0.90 3.95E-03

rs11122574_T AGT 1 -1.05 3.98E-03

rs10042299_G ANKHD1 5 -0.44 4.01E-03

rs12471357_T PRKCE 2 0.45 4.12E-03

rs11216689_A IL10RA 11 0.98 4.14E-03

rs558190_T DSE 6 0.52 4.14E-03

rs2104977_A TEP1 14 0.60 4.17E-03

rs3766074_A NME7 1 0.70 4.19E-03

rs4670185_G EIF2AK2 2 0.88 4.41E-03

rs7623610_A MITF 3 -0.44 4.51E-03

rs4339559_T HGF 7 -0.68 4.61E-03

rs2859228_G FASLG 1 -0.47 4.67E-03

rs252649_C NLN 5 -0.91 4.79E-03

rs260849_G PDGFD 11 -0.56 4.83E-03

rs944260_G CDH4 20 -0.52 4.83E-03

rs11666282_T MAG 19 0.51 4.93E-03

rs2049050_T RAB3A 19 -0.48 4.97E-03

rs730005_C LCT 2 -0.57 5.07E-03

rs16909222_G GRIN2B 12 -0.79 5.13E-03
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rs7515374_C
MAPKAPK

2
1 0.46 5.21E-03

rs17407577_C FGF2 4 -1.04 5.34E-03

rs869789_A FXYD2 11 -0.64 5.43E-03

rs2075067_A CAMK2B 7 -0.74 5.45E-03

rs237484_A KCNB1 20 0.44 5.50E-03

rs16923198_A
PDCD1LG

2
9 -0.56 5.73E-03

rs4665716_G NCOA1 2 0.87 5.85E-03

rs8068961_C XYLT2 17 -0.46 5.88E-03

rs11927393_G EIF2B5 3 -0.77 5.97E-03

rs982804_C FGF5 4 -0.45 6.06E-03

rs2517912_T HLA-F 6 0.45 6.06E-03

rs9904113_A ATP2A3 17 0.46 6.25E-03

rs352165_A ALAS1 3 0.45 6.34E-03

rs6891913_T FGF1 5 -0.47 6.36E-03

rs10487841_C NRCAM 7 0.92 6.53E-03

rs16875961_G ARSB 5 -0.66 6.57E-03

rs2876981_C MAPK1 22 0.43 6.67E-03

rs6425689_C SDC3 1 -0.47 6.76E-03

rs6885505_G CAMK2A 5 0.46 6.90E-03

rs3773729_C PRKCD 3 0.43 6.98E-03

rs6709175_C CD8B 2 0.52 7.01E-03

rs2393374_T RFC5 12 -0.46 7.22E-03
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rs7886134_C NLGN3 X -0.35 7.52E-03

rs1033908_C PRKCH 14 0.53 7.66E-03

rs7298903_C NOS1 12 0.61 7.84E-03

rs6804441_G CD80 3 0.54 7.95E-03

rs1886700_T CDH3 16 0.59 8.12E-03

rs893952_T B3GAT1 11 0.45 8.27E-03

rs3760055_A GLG1 16 -0.48 8.34E-03

rs9526475_T RB1 13 -0.47 8.35E-03

rs4072067_G CALML3 10 -0.54 8.42E-03

rs4316697_A FGF7 15 0.44 8.74E-03

rs2007044_G CACNA1C 12 -0.44 8.75E-03

rs1009897_A CD34 1 0.43 8.86E-03

rs6092704_C GNAS 20 0.70 9.07E-03

rs999297_A CD6 11 -0.47 9.13E-03

rs10025791_C CAMK2D 4 0.42 9.71E-03

rs10032688_A PDGFRA 4 0.60 9.77E-03

rs1956918_A CMA1 14 0.41 9.81E-03

rs10413199_A SHC2 19 0.55 9.86E-03

rs11636875_G SHC4 15 -0.42 1.01E-02

rs17208112_A CD226 18 -0.45 1.02E-02

rs733018_G ITPR1 3 -0.47 1.04E-02

rs651084_G CLDN17 21 0.50 1.04E-02

rs10796316_A ITGA8 10 2.63 1.04E-02

rs10799902_A RGS5 1 0.42 1.04E-02
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rs583720_A PRKACB 1 0.51 1.05E-02

rs6982126_T TERF1 8 0.44 1.05E-02

rs2475193_A ITGB1 10 0.52 1.08E-02

rs1784304_A HMBS 11 -0.49 1.09E-02

rs2352865_C GJA5 1 0.50 1.10E-02

rs1619379_T HLA-G 6 -0.43 1.10E-02

rs10491087_T PIK3R5 17 -0.72 1.11E-02

rs12125947_C CDC7 1 -0.41 1.12E-02

rs11247963_A RPS6KA1 1 -0.50 1.13E-02

rs1367728_A HLA-DPA1 6 -0.54 1.14E-02

rs527834_A CHRM5 15 0.80 1.17E-02

rs2289059_G RAB27A 15 0.84 1.20E-02

rs367689_A ANXA6 5 -0.74 1.20E-02

rs739999_G RGS11 16 -0.70 1.21E-02

rs12477594_A ITGA6 2 1.18 1.29E-02

rs10820938_A SPTLC1 9 0.74 1.33E-02

rs263238_A ADCY8 8 -0.53 1.34E-02

rs4698804_C EGF 4 -2.14 1.34E-02

rs7066678_A RAB9A X -0.34 1.41E-02

rs8091758_T PTPRM 18 -1.03 1.42E-02

rs919699_A APAF1 12 -0.63 1.43E-02

rs12982646_A
MADCAM

1
19 -0.41 1.45E-02

rs932757_A RFC3 13 -0.37 1.47E-02
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rs2271026_C ERCC3 2 -0.89 1.48E-02

rs899480_G NEO1 15 -0.81 1.48E-02

rs477549_C PYGM 11 -0.61 1.48E-02

rs3767498_A CACNA1S 1 -0.41 1.49E-02

rs11861415_G XYLT1 16 -0.41 1.50E-02

rs7111082_A KCNJ5 11 0.39 1.52E-02

rs578130_A ARRB1 11 0.41 1.52E-02

rs715849_A PVRL1 11 -0.41 1.52E-02

rs3002208_G PABPC3 13 0.48 1.53E-02

rs1122356_G CDH2 18 -0.43 1.53E-02

rs2922666_T POLD2 7 -0.51 1.58E-02

rs13191198_G PKIB 6 0.38 1.62E-02

rs2524005_A HLA-A 6 -0.50 1.69E-02

rs4855074_T GNB4 3 -0.52 1.75E-02

rs10496444_G IL1A 2 0.40 1.75E-02

rs2993577_G CLDN10 13 1.79 1.84E-02

rs7167430_C RYR3 15 0.54 1.85E-02

rs742403_G PDGFB 22 0.37 1.86E-02

rs9958503_A FECH 18 -0.64 1.87E-02

rs10823343_G HK1 10 -0.41 1.89E-02

rs745966_C ATP1B3 3 -0.61 1.92E-02

rs206187_A ITGB8 7 -0.60 1.94E-02

rs1956908_A CTSG 14 0.38 1.97E-02

rs3170368_G EEF2 19 0.55 2.01E-02



Pathways in FEV1 response to air pollution…

27

rs1693892_G CALM2 2 0.39 2.01E-02

rs715643_T B3GALT6 1 -0.71 2.14E-02

rs2665742_G CHST11 12 0.36 2.16E-02

rs6429206_T GNG4 1 -0.37 2.24E-02

rs17126224_G ASAH1 8 -0.80 2.29E-02

rs7207345_C PRKCA 17 -0.39 2.29E-02

rs785520_C PIK3R3 1 -0.35 2.50E-02

rs197770_G ITGA9 3 -0.56 2.59E-02

rs3730064_A ADCY6 12 -0.62 2.60E-02

rs3746821_T CD40 20 -0.57 2.67E-02

rs1014982_T DIAPH2 X 0.28 2.76E-02

rs1572057_T PPAP2B 1 0.47 2.86E-02

rs4925479_C ACTA1 1 0.39 2.89E-02

rs2652423_T KCNJ3 2 -0.39 2.93E-02

rs7277902_T IL10RB 21 0.54 2.94E-02

rs1398259_C CADM1 11 -0.35 2.96E-02

rs7550839_T MPZ 1 -0.46 2.96E-02

rs10489612_A PGM1 1 -0.54 3.03E-02

rs263955_T EIF2B3 1 -0.35 3.05E-02

rs9616802_T ARSA 22 -0.34 3.20E-02

rs900781_T FGF17 8 0.56 3.26E-02

rs7255050_A GRIN2D 19 -0.33 3.31E-02

rs2307373_T ORC3L 6 -0.34 3.34E-02

rs7776857_G IL6 7 0.34 3.38E-02
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rs2273814_G PRKD1 14 -0.34 3.51E-02

rs6790988_A CLDN11 3 -0.35 3.66E-02

rs16833157_A STAT1 2 0.81 3.87E-02

rs2826877_T NCAM2 21 -0.32 4.05E-02

rs5030390_A ICAM1 19 -0.56 4.07E-02

rs7401414_A EIF5 14 0.47 4.09E-02

rs6949887_A ORC5L 7 -0.72 4.64E-02

rs11179589_C CNTN1 12 -0.55 4.69E-02

rs270_A LPL 8 0.41 4.95E-02

rs2494738_A AKT1 14 0.59 5.34E-02

rs12820100_C FGF23 12 -0.32 5.43E-02

rs13323993_A RAP2B 3 0.33 5.56E-02

rs1443237_A PDGFC 4 -0.35 5.68E-02

rs679305_T FGF13 X -0.56 6.20E-02

rs1449264_C ITGA4 2 0.30 6.66E-02

$ Linear mixed model: FEV1=bo + b1 between-subject pollution + b2 within-subject pollution

+ b3 SNP(additive) + b4 SNP x pollutant + b5 covariates + e | subject-specific (random)

intercept

IQR: interquartile range of 4-month average nitrogen dioxide concentration = 0.004 parts per

million; Chr: chromosome
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Table S7: Pathway analysis top SNPs and effect modification of the long-

term effects of carbon monoxide on post-BD FEV1 %predicted in

Caucasian CAMP subjects

Top SNPs _minor allele Significant Gene Chr Change per IQR$ P-value$

rs11130199_C DAG1 3 -0.55 0.002

rs17515291_G ASAH1 8 -0.64 0.001

rs3768405_A ITPKB 1 0.66 0.001

rs7035689_A GNAQ 9 0.45 0.022

Caucasian Childhood Asthma Management Program subjects (n=522); $ Linear mixed model:

FEV1=bo + b1 between-subject pollution + b2 within-subject pollution + b3 SNP (additive) +

b4 SNP x pollutant + b5 covariates + e | subject-specific (random) intercept

IQR: interquartile range of 4-month average carbon monoxide concentration = 0.3 parts per

million
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