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Abstract 

Background  Air pollution is a large environmental health hazard whose exposure and health effects are unequally 
distributed among individuals. This is, at least in part, due to gene-environment interactions, but few studies exist. 
Thus, the current study aimed to explore genetic susceptibility to airway inflammation from short-term air pollution 
exposure through mechanisms of gene-environment interaction involving the SFTPA, GST and NOS genes.

Methods  Five thousand seven hundred two adults were included. The outcome measure was fraction of exhaled 
nitric oxide (FeNO), at 50 and 270 ml/s. Exposures were ozone (O3), particulate matter < 10 µm (PM10), and nitrogen 
dioxide (NO2) 3, 24, or 120-h prior to FeNO measurement. In the SFTPA, GST and NOS genes, 24 single nucleotide 
polymorphisms (SNPs) were analyzed for interaction effects. The data were analyzed using quantile regression in both 
single-and multipollutant models.

Results  Significant interactions between SNPs and air pollution were found for six SNPs (p < 0.05): rs4253527 (SFTPA1) 
with O3 and NOx, rs2266637 (GSTT1) with NO2, rs4795051 (NOS2) with PM10, NO2 and NOx, rs4796017 (NOS2) with 
PM10, rs2248814 (NOS2) with PM10 and rs7830 (NOS3) with NO2. The marginal effects on FeNO for three of these SNPs 
were significant (per increase of 10 µg/m3):rs4253527 (SFTPA1) with O3 (β: 0.155, 95%CI: 0.013–0.297), rs4795051 
(NOS2) with PM10 (β: 0.073, 95%CI: 0.00–0.147 (single pollutant), β: 0.081, 95%CI: 0.004–0.159 (multipollutant)) and NO2 
(β: -0.084, 95%CI: -0.147; -0.020 (3 h), β: -0.188, 95%CI: -0.359; -0.018 (120 h)) and rs4796017 (NOS2) with PM10 (β: 0.396, 
95%CI: 0.003–0.790).

Conclusions  Increased inflammatory response from air pollution exposure was observed among subjects with 
polymorphisms in SFTPA1, GSTT1, and NOS genes, where O3 interacted with SFTPA1 and PM10 and NO2/NOx with 
the GSTT1 and NOS genes. This provides a basis for the further exploration of biological mechanisms as well as the 
identification of individuals susceptible to the effects of outdoor air pollution.
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Introduction
Adverse respiratory health effects due to air pollution 
are extensively researched, but the specific mechanisms 
through which air pollution affects different aspects of 
respiratory health are not completely understood [1]. 
However, the interplay between genetic and environmen-
tal factors is important in inducing asthma and other res-
piratory diseases [2].

Airway inflammation occurs when infectious or non-
infectious agents infiltrate the lung tissue and trigger an 
inflammatory response. Fraction of exhaled nitric oxide 
(FeNO) is a non-invasive biomarker for airway inflam-
mation [3, 4] which is elevated following short-term 
air pollution exposure in the general healthy popula-
tion [5, 6], healthy children [7, 8], as well as adults with 
asthma [9], asthma and/or atopy [10], or in asthmatic 
children [11, 12]. The inter-individual variability in the 
inflammatory response characterized by FeNO may be 
explained by genetic variability [13].

Previously identified candidate genes, of which the 
protein products are thought to influence the molecu-
lar mechanism that underlie the effects of air pollution 
exposure, often form the basis for gene-environment 
interaction research. The amount or function of the pro-
tein product of a gene might be influenced by relevant 
polymorphisms in that gene, which can clarify mecha-
nisms of susceptibility to air pollution-related health 
effects [14]. The genes encoding surfactant protein A (SP-
A), Glutathione S-Transferase (GST) and Nitric Oxide 
Synthase (NOS) play potential roles in the association 
between short-term air pollution exposure and airway 
inflammation.

SP-A, encoded by two STFPA genes (SFTPA1 and 
SFTPA2), forms an important component of pulmo-
nary surfactant, a lipoprotein complex that consists 
of approximately 90% lipids and 10% proteins, includ-
ing surfactant proteins A, B, C and D, with SP-A as the 
most abundant [15]. SP-A and SP-D play important roles 
in the host defense of the lungs as components of the 
innate and adaptive immune systems, interacting either 
directly with the pathogens or indirectly by activating 
immune cells and alleviating infection and inflammation 
in the lungs [16]. SFTPA gene variation is associated with 
acute and chronic lung diseases, both infectious and non-
infectious, including asthma, COPD and lung cancer, as 
SFTPA genes are involved in inflammation mechanism 
[15]. Oxidation, a process induced by e.g. O3 exposure, 
modifies SP-A’s ability to enhance phagocytosis and 
stimulate cytokine production, two important functions 
of host defense [17, 18]. A lack of, or dysfunctional, SP-A 
might lead to increased oxidative stress and thus airway 
inflammation and increased FeNO [19].

GST genes encode proteins that are involved in the 
glutathione metabolism pathway, a part of the oxida-
tive stress metabolism pathway. These enzymes detoxify 
endogenous and exogenous agents. Polymorphisms in 
these genes affect the functional oxidative capacity in the 
lungs and increase susceptibility to oxidative stress and 
thus airway inflammation [20]. The GST theta 1 (GSTT1) 
and GST pi 1 (GSTP1) genes are involved in detoxifica-
tion of air pollutants and some polymorphisms are asso-
ciated with increased susceptibility to air pollutants and 
other environmental toxicants [20]. They are involved in 
the anti-oxidant response and can increase or decrease 
the risk of adverse respiratory health outcomes [14], with 
heterogeneous results [21].

NOS gene SNPs and haplotype variations are associ-
ated with FeNO levels [22, 23]. The association between 
NOS and FeNO is modified by exposure to PM air pol-
lution [8, 24]. Together, these findings suggest that gene-
environment interaction could play a role with regards to 
air pollutants and the NOS genes.

Although genetic susceptibility seems to play an 
important role in the health effects experienced from air 
pollution exposure, evidence of its effects on population 
health is lacking as there are few studies investigating 
this in large cohorts. The aim of this study was to explore 
gene-environment interaction between SFTPA, GST and 
NOS SNPs and short-term exposure to air pollution on 
FeNO.

Methods
Study population
The study population consists of participants from the 
ADONIX (adult-onset asthma and exhaled NO) cohort 
of 6,686 men and women between the ages of 25 to 74 
from the general population living in Gothenburg, Swe-
den [5]. The participants of this cohort were genotyped 
as part of the larger international INTERGENE-ADO-
NIX cohort. Cross-sectional data consisting of clinical 
examinations and questionnaire answers were collected 
from 2001 until 2008 [25]. Current smokers (n = 984) 
were excluded from the analysis because smoking signifi-
cantly influences the production of NO [26, 27], resulting 
in a study population of 5,702 participants.

Exposure
Air pollution measurements were provided by the local 
environmental agency in Gothenburg (https://​goteb​
org.​se/​wps/​portal?​uri=​gbglnk%​3a201​20702-​161602) as 
hourly mean concentrations from a roof-level monitoring 
station in the center of the city. To assess individual expo-
sure for each study participant, the prior 3-, 24- and 120- 
hour averages of O3, PM10, NOx, and NO2 were matched 

https://goteborg.se/wps/portal?uri=gbglnk%3a20120702-161602
https://goteborg.se/wps/portal?uri=gbglnk%3a20120702-161602
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to the time of clinical examination using the data pre-
sented in Modig et al. 2014 [5].

Outcome
The outcome measure for airway inflammation was the 
biomarker FeNO, measured at the clinical examina-
tion using an online NO monitoring system at exha-
lation flow rates of 50  ml/s and 270  ml/s [25]. Lower 
flow rates, 50  ml/s (FeNO50), represent more proxi-
mal, bronchial, parts of the airways. Higher flow rates, 
at 270 ml/s (FeNO270), represent more distal, alveolar 
parts [28]. FeNO levels are highly influenced by age, 
height and atopy [29] and predicted values have been 
established [26].

Genes
The selection of genes and SNPs for genotyping was 
based on previous literature on candidate genes,the theo-
retical background for potential interaction with air pol-
lution and association with FeNO, as well as cost–benefit 
balance for the study. Furthermore, a focused a priori 
selection of genes decreases issues pertaining to multiple 
testing.

For GSTP1, GSTT1, SFTPA1, and SFTPA2 the geno-
typing was focused on a few specific candidate SNPs with 
prior association evidence. For GSTP1 eight SNPS were 
genotyped and four had reasonable coverage and were 
used in the analysis. One GSTT1 SNP was genotyped and 
was analysed. Four SFTPA1 SNPs were genotyped and 
used, and three SFTPA2 SNPs were genotyped success-
fully and used (one assay failed). These SNPs are the same 
as are previously reported from the same cohort [30]. For 
NOS2 and NOS3 we did broader tagging SNP genotyp-
ing (including also obviously known candidate SNPs) 
across the genes to capture LD and haplotype variation.

For NOS2 good coverage of 10 SNPs with low inter-
SNP linkage disequilibrium (LD) based on haplotype 
analysis was observed in previous papers [22] and one 
more SNP was associated with FeNO was genotyped 
[23]. For NOS3 we used the SNP that was significantly 
related to FENO values in the 2012 paper [23].

Thus, in the current paper, a total of 24 SNPs in the 
SFTPA, GST and NOS genes were analysed.

For SFTPA1 four SNPs were included, three for 
SFTPA2, four for GSTP1, one for GSTT1, 11 for NOS2 
and one for NOS3.

When investigating genetic association with certain 
disease traits, it is important to take different types of 
genetic modelling into account. SNPs are made up of 
major (A) and minor (a) alleles, whereby the minor allele 
represents the one that is less frequently present in the 
population. These alleles can occur in individuals in three 
different genotypes: homozygotic for the major allele 

(AA), heterozygotic (Aa) and homozygotic for the minor 
allele (aa). Some SNPs only occur with homozygotic gen-
otypes. Commonly used models are the additive, domi-
nant and recessive models [31]. Additive models compare 
the association between predictor and outcome variables 
across all different genotypes. Dominant models compare 
AA versus Aa and aa, recessive models compare aa ver-
sus AA and Aa [32]. The choice of genetic model in this 
study was based on the Kruskal–Wallis test of difference 
in median FeNO values across the genotype variations. 
If there was a significant difference (p < 0.05) between 
all three genotypes, an additive model was applied. In all 
other cases, a dominant model for the rare allele (based 
on homozygote major versus minor allele genotype fre-
quencies) was applied.

Covariates
Potential covariates were age, height, atopy, year and 
month of measurement, and current cold symptoms, 
and ambient temperature when available for the relevant 
exposure window. The inclusion of these covariates was 
based on an earlier study on air pollution and FeNO in 
this cohort [5]. Atopy was defined as having a positive 
Phadiatop IgE test (> 0.35 kUA/L) [33] and current cold 
was defined as having a cold or sore throat at the time 
of FeNO measurement, as self-reported from the ques-
tionnaire. Outside temperature was also included as a 
covariate in the analysis of air pollutants at 24 and 120 h, 
these data were not available for measurements at the 3 h 
exposure window.

Statistical analysis
Descriptive statistics were performed for demographic 
characteristics of the study population, the distribution 
of FeNO, the allele frequencies of the SNPs and the esti-
mates of air pollution exposure. Quantile regression was 
used to first investigate the association between short-
term air pollution exposure and FeNO, because the dis-
tribution of both FeNO50 and FeNO270 were skewed. 
In quantile regression, the exposure is regressed on one 
or more percentiles of the outcome variable, and thus, 1) 
gives the possibility to investigate effects on the outcome 
variable beyond effects on the mean, and 2) does not rely 
on the assumption of normal distribution of the outcome 
variables [34]. The interpretation of the quantile regres-
sion coefficients is similar to those of linear regression, 
but instead of interpreting the parameter coefficients as 
the associations between a unit change in the exposure 
and the outcome variable mean value, the coefficient cor-
responds to a change in the outcome variable at the indi-
cated percentile [35]. Examining associations between 
exposure and FeNO outside the mean value can give a 
more detailed picture of the effects, and previous studies 
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have found stronger effects of genetics at the 50th and 
75th percentiles of FeNO [36] and thus, we chose those 
percentiles to study associations beyond the mean, while 
maintaining adequate statistical power.

SNPs were added to the regression as interaction 
terms where both the main effects of the pollutant 
and the SNP and their interaction were included in 
the models. Interaction was tested in both single pol-
lutant models as well as multipollutant models, where 
the main pollutant was added as an interaction term 

while the other pollutants were included in the model 
as covariates. Interaction terms with a p-value below 
0.05 in the 50th and/or 75th percentile of FeNO were 
considered significant. When a significant interaction 
was found, the marginal effects, that is, the stratum-
specific effects, of the air pollutant on FeNO across the 
different genotypes were calculated to clarify the direc-
tion and strength of the association [37]. The marginal 
effect coefficients per 10 µg/m3 increase in exposure are 
presented with their 95% confidence intervals (95% CI) 
and p-value for the interaction in the tables.

All statistical analyses were performed using StataSE 
16. The study protocol for ADONIX was approved by 
the regional ethical review board.

Results
Descriptive results
Of all 5,702 participants, 3,819 had data on all rel-
evant covariates and constitute the analysis popula-
tion (Table  1). Of them, 3,780 had measured values of 
FeNO50, and 3,546 of FeNO270. The proportions of 
females and males were nearly equal, and the mean age 
was 51.4 years. Since current smokers were not included, 
1,708 were former smokers and 2,111 had never smoked. 
The 50th and 75th percentile values of FeNO50 were 
17.48 and 24.18 ppb, respectively. For FeNO270 these val-
ues were 5.55 and 7.26 ppb. FeNO50 and FeNO270 were 
significantly positively correlated (r spearman = 0.84). Air 
pollution exposure estimates were moderately high, with 
shorter exposure windows showing a larger range across 
the population (Table 2), and the pollutants were signifi-
cantly correlated (Table A1). All genotype frequencies are 
shown in appendix Table A2.

Table 1  Characteristics of the study population (n = 3,819)

N (%)

Sex
  Female; n (%) 1,947 (51.0%)

  Male; n (%) 1,872 (49.0%)

Age (years); mean ± SD 51.4 (11.3)

Height (centimeters); mean ± SD 172.9 (9.2)

Smoking
  Never; n (%) 2,111 (55.3%)

  Former; n (%) 1,708 (44.7%)

Asthma; n (%) 253 (6.7%)

Atopy; n (%) 936 (24.5%)

Current cold; n (%) 357 (9.4%)

FeNO50 (ppb) (n = 3,780)
  25th percentile 12.9

  50th percentile 17.5

  75th percentile 24.2

FeNO270 (ppb) (n = 3,546)
  25th percentile 4.2

  50th percentile 5.6

  75th percentile 7.26

Table 2  Air pollution exposure averaged over 3, 24 and 120 h before FeNO measurement, based on measurements from a central 
monitoring station 2001–2008. Distribution of exposures estimated in the study population (mean, quantiles). All units µg/m3

Air pollutant Exposure window 
(hours)

Minimum 25th % Median 75th % Maximum Mean (SD)

O3 3 0.1 22.6 44.4 61.8 126.8 43.4 (25.2)

24 1.8 37.8 52.2 66.1 128.3 51.4 (20.6)

120 6.7 41.6 53.0 63.7 107.2 52.5 (15.9)

PM10 3 0.3 16.6 23.3 32.5 171.0 27.1 (16.4)

24 4.9 16.8 21.7 28.1 76.0 23.8 (10.3)

120 9.5 18.1 21.9 26.8 64.6 23.4 (8.1)

NO2 3 5.7 19.0 28.0 42.0 250.3 34.1 (22.4)

24 5.1 17.1 23.5 32.3 104.9 26.5 (12.9)

120 10.5 18.6 22.9 29.2 71.7 24.8 (8.9)

NOx 3 5.7 22.8 35.7 62.8 981.0 62.3 (78.6)

24 6.0 19.8 28.8 48.6 330.9 40.6 (34.0)

120 12.0 23.0 30.2 43.1 317.1 36.9 (23.8)
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Air pollution and FENO
In adjusted single-pollutant models, only 3  h- and 
120  h-average O3 were significantly associated, with 
FeNO270 at the 50th percentile. Although few coeffi-
cients are statistically significant, the results are fairly 
consistent across the quantiles (Table  3, unadjusted 
results in Table A3).

Gene‑environment interaction analysis
Analyzing the effects of gene-environment interactions 
on FeNO, we observed significant interactions (p < 0.05) 

in the 50th and/or 75th percentile of FeNO for six SNPs: 
rs4253527 SFTPA1), rs2266637 (GSTT1), rs4795051 
(NOS2), rs4796017 (NOS2), rs2248814 (NOS2) and 
rs7830 (NOS3). The results for FeNO50 at the 50th per-
centile are shown in Table 4. Table 5 contains the results 
for FeNO270 at the 50th percentile and Table 6 the results 
for FeNO270 at the 75th percentile.

FeNO50 at the 50th percentile
For FeNO50 at the 50th percentile (Table  4), rs7830 
(NOS3) showed significant interactions with 24 h-average 

Table 3  Adjusted associations between FeNO and air pollutants PM10, NO2, NOx, and O3 estimated from quantile regression

All models are adjusted for age, height, year, month, current cold, and atopy. All estimates are given per 10 µg/m3 increase in air pollutant exposure
a n = 3780 for 3 h, n = 3770 for 24 and 120 h
b n = 3546 for 3 h, n = 3536 for 24 and 120 h
c Also adjusted for temperature

FeNO50 (ppb)a

β coefficient (95% CI)
FeNO270 (ppb)b

β coefficient (95% CI)

O3 50th % 75th % 50th % 75th %

  3 h 0.105 (-0.046, 0.255) 0.053 (-0.201, 0.307) 0.040 (0.002, 0.078) 0.023 (-0.036, 0.082)

  24 hrsc -0.047 (-0.268, 0.174) -0.106 (-0.494, 0.282) 0.031 (-0.030, 0.091) -0.023 (-0.113, 0.068)

  120 hrsc 0.193 (-0.151, 0.537) 0.122 (-0.487, 0.731) 0.098 (0.007, 0.188) 0.081 (-0.059, 0.221)

PM10

  3 h -0.068 (-0.278, 0.142) -0.233 (-0.585, 0.120) 0.016 (-0.038, 0.071) 0.005 (-0.078, 0.087)

  24 hrsc -0.222 (-0.554, 0.111) -0.396 (-0.994, 0.201) 0.024 (-0.067, 0.114) -0.030 (-0.166, 0.106)

  120 hrsc -0.183 (-0.619, 0.254) -0.373 (-1.183, 0.438) 0.042 (-0.077, 0.160) 0.030 (-0.153, 0.213)

NO2

  3 h -0.058 (-0.211, 0.095) -0.163 (-0.419, 0.093) -0.024 (-0.064, 0.015) -0.028 (-0.085, 0.029)

  24 hrsc -0.028 (-0.305, 0.250) 0.033 (-0.457, 0.523) 0.016 (-0.060, 0.091) 0.055 (-0.058, 0.167)

  120 hrsc -0.280 (-0.684, 0.124) -0.384 (-1.111, 0.345) -0.019 (-0.129, 0.090) -0.030 (-0.193, 0.132)

NOx

  3 h -0.011 (-0.054, 0.032) -0.042 (-0.115, 0.032) -0.001 (-0.012, 0.011) -0.003 (-0.019, 0.013)

  24 hrsc -0.021 (-0.129, 0.088) 0.033 (-0.157, 0.224) 0.009 (-0.020, 0.038) 0.007 (-0.037, 0.051)

  120 hrsc -0.112 (-0.272, 0.048) -0.213 (-0.498, 0.072) -0.0004 (-0.043, 0.042) -0.025 (-0.091, 0.040)

Table 4  Gene-environment interactions between pollutant exposure and genotypes on FeNO50 estimated from single and 
multipollutant quantile regression models (50th percentile)

All 3-h interaction analyses are adjusted for age, height, year, month, current cold, and atopy. All 24- and 120-h interaction analyses are adjusted for age, height, year, 
month, current cold, atopy, and temperature. All estimates are given per 10 µg/m3 increase in air pollutant exposure
a p-value for interaction term. For additive models the genotype with significant difference from the major allele genotype is presented in parentheses
b Dominant model
c Additive model

SNP Pollutant 
(exposure 
window)

Single pollutant Multi pollutant

p-valuea Marginal effect coefficient (95%CI) p-valuea Marginal effect coefficient (95%CI)

rs7830b 
(NOS3) 
(n = 3599)

NO2 (24 h) 0.047 GG
0.259 (-0.150, 
0.668)

TG/TT
-0.264 (-0.628, 0.100)

0.033 GG
0.409 (-0.277, 
1.094)

TG/TT
-0.149 (-0.825, 0.526)

rs4795051c 
(NOS2) 
(n = 3612)

NOx (3 h) 0.155 (GC) CC
-0.060 (-0.137, 
0.016)

GC 0.012 
(-0.053, 0.076)

GG
-0.033 (-0.145, 
0.080)

0.048 (GC) CC
-0.027 (-0.153, 
0.098)

GC
0.073 (-0.043, 
0.189)

GG
0.034 (-0.111, 
0.179)
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NO2 in both the single- and multipollutant models. 
Rs4795051 (NOS2) had significant interaction with 
3 h-average NOx for FeNO50 at the 50th percentile, in the 

multipollutant model, the single pollutant model showed 
similar patterns, but did not reach significance (Table  4, 
all exposure windows are shown in Table A4).

Table 5  Gene-environment interactions between pollutant exposure and genotypes on FeNO270 estimated from single and 
multipollutant quantile regression models (50th percentile)

All 3-h interaction analyses are adjusted for age, height, year, month, current cold, and atopy. All 24- and 120-h interaction analyses are adjusted for age, height, year, 
month, current cold, atopy, and temperature. All estimates are given per 10 µg/m3 increase in air pollutant exposure
a p-value for interaction term. For additive models the genotype with significant difference from the major allele genotype is presented in parentheses
b Additive model

SNP Pollutant 
(exposure 
window)

Single pollutant Multi pollutant

p-valuea Marginal effect coefficient (95%CI) p-valuea Marginal effect coefficient (95%CI)

rs2266637 
(GSTT1) 
(n = 2880)

NO2 (120 h) 0.038 CC
-0.113 (-0.255, 
0.030)

GG
0.170 (-0.063, 0.403)

0.019 CC
-0.035 (-0.314, 
0.244)

GG
0.298 (-0.080, 0.677)

rs4795051b 
(NOS2) 
(n = 3398)

PM10 (3 h) 0.003 (GC) CC
-0.092 (-0.179, 
-0.006)

GC
0.073 (0.000, 
0.147)

GG
0.007 (-0.107, 
0.120)

0.004 (GC) CC
-0.079 (-0.169, 
0.011)

GC
0.081 (0.004, 
0.159)

GG
0.028 (-0.088, 
0.143)

PM10 (24 h) 0.050 (GC) CC
-0.111 (-0.262, 
0.040)

GC
0.075 (-0.044, 
0.195)

GG
0.018 (-0.190, 
0.195)

0.066 (GC) CC
-0.129 (-0.287, 
0.029)

GC
0.045 (-0.085, 
0.175)

GG
-0.004 (-0.218, 
0.210)

NO2 (24 h) 0.039 (GG) CC
-0.051 (-0.173, 
0.072)

GC
-0.009 (-0.106, 
0.088)

GG
0.163 (-0.007, 
0.333)

0.036 (GG) CC
-0.059 (-0.241, 
0.124)

GC
-0.011 (-0.184, 
0.162)

GG
0.157 (-0.075, 
0.389)

NO2 (120 h) 0.004 (GG) CC
-0.188 (-0.359, 
-0.018)

GC
-0.007 (-0.150, 
0.136)

GG
0.234 (-0.008, 
0.475)

0.007 (GG) CC
-0.213 (-0.507, 
0.082)

GC
-0.049 (-0.308, 
0.209)

GG
0.189 (-0.146, 
0.524)

NOx (120 h) 0.017 (GG) CC
-0.057 (-0.115, 
0.002)

GC
0.005 (-0.055, 
0.064)

GG
0.065 (-0.022, 
0.152)

0.035 (GG) CC
-0.014 (-0.106, 
0.078)

GC
0.051 (-0.054, 
0.155)

GG
0.094 (-0.022, 
0.209)

rs2248814b 
(NOS2)
(n = 3398)

PM10 (3 h) 0.033 (GA)
0.046 (AA)

GG
-0.070 (-0.157, 
0.017)

GA
0.055 (-0.023, 
0.132)

AA
0.078 (-0.041, 
0.197)

0.042 (GA)
0.079 (AA)

GG
-0.063 (-0.153, 
0.027)

GA
0.052 (-0.028, 
0.133)

AA
0.064 (-0.056, 
0.184)

Table 6  Gene-environment interactions between pollutant exposure and genotypes on FeNO270 estimated from single and 
multipollutant quantile regression models (75th percentile)

All 3-h interaction analyses are adjusted for age, height, year, month, current cold, and atopy. All 24- and 120-h interaction analyses are adjusted for age, height, year, 
month, current cold, atopy, and temperature. All estimates are given per 10 µg/m3 increase in air pollutant exposure
a p-value for interaction term. For additive models the genotype with significant difference from the major allele genotype is presented in parentheses
b Dominant model
c Additive model

SNP Pollutant 
(exposure 
window)

Single pollutant Multi pollutant

p-valuea Marginal effect coefficient (95%CI) p-valuea Marginal effect coefficient (95%CI)

rs4253527b 
(SFTPA1) 
(n = 3052)

O3 (3 h) 0.029 CC
-0.015 (-0.088, 
0.058)

TC/TT
0.155 (0.013, 0.297)

0.019 CC
-0.028 (-0.125, 0.069)

TC/TT
0.142 (-0.014, 
0.299)

NOx (3 h) 0.050 CC
0.009
(-0.012, 0.029)

TC/TT
-0.0371
(-0.078, 0.004)

0.089 CC
0.027 (-0.018, 0.072)

TC/TT
-0.014 (-0.075, 
0.046)

rs4796017c 
(NOS2) 
(n = 3378)

PM10 (120 h) 0.047 (GG) AA
-0.091 (-0.394, 
0.212)

GA
-0.125 (-0.371, 
0.121)

GG
0.396 (0.003, 
0.790)

0.077 (GG) AA
-0.032 (-0.362, 
0.297)

GA
-0.040 (-0.318, 
0.238)

GG
0.404 (-0.011, 
0.819)
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FeNO270 at the 50th percentile
For FeNO270 at the 50th percentile, the GSTT1 SNP 
rs2266637 had a significant interaction with 120 h-aver-
age NO2 in both single- and multipollutant models 
(Table 5, all exposure windows are shown in Table A5).

For FeNO270 at the 50th percentile, the NOS2 SNP 
rs4795051 had significant interactions with 24  h- and 
120  h-average NO2, 120  h-average NOx and 3  h- and 
24  h-average PM10, however, the results only reached 
statistical significance in the single pollutant model for 
24  h-average PM10 although the estimated coefficients 
were very similar. Another NOS2 SNP, rs2248814, inter-
acted with 3  h-average PM10 on FeNO270 in both sin-
gle- and multipollutant models (Table  5, all exposure 
windows are shown in Table A6).

FeNO270 at the 75th percentile
One SNP on the SFTPA1 gene, rs4253527, interacted 
significantly with exposure to 3 h-average O3 in both the 
single and multipollutant models for FeNO270 at the 
75th percentile (Table 6, all exposure windows are shown 
in Table A7). This SNP also had a significant interaction 
with 3 h-average NOx in the single pollutant model, but 
with opposite directions of the marginal effects (Table 6, 
all exposure windows are shown in Table A7). Lastly, ana-
lyzing FeNO270 at the 75th percentile (Table 6), the NOS2 
SNP rs4796017 interacted significantly with 120 h-aver-
age PM10 in the single pollutant model (Table 6, all expo-
sure windows are shown in Table A6).

The interactions of SNPs on the associations between 
specific air pollutants and FeNO, are illustrated for SNPs 
with significant interactions in the appendix (Figs. A1, 
A2, A3, A4, A5, A6, A7 and A8) for predicted values of 
FeNO for the 25th to the 75th percentile values of the rel-
evant air pollutants.

Discussion
In our study, we observed suggested signs of gene-envi-
ronment interaction of short-term air pollution exposure 
with SNPs from each of the investigated candidate gene 
categories of SFTPA, GST and NOS on FeNO. Of the 24 
SNPs analyzed in this study, six had significant interac-
tions with at least one air pollutant in at least one of the 
included exposure windows on FeNO at different percen-
tiles. We noted that O3 mainly interacted with SFTPA1, 
whereas PM2.5 and NO2/NOx had significant interactions 
with GSTT1, NOS2 and NOS3.

The direction of the marginal effect associations dif-
fered between the different genes. For NOS2 and GSTT1 
SNPs with significant air pollution interactions, the mar-
ginal effects indicated a positive association between 
air pollution exposure and FeNO in minor allele or het-
erozygote genotypes compared with the major allele 

genotypes. This was the opposite for NOS3, where the 
marginal effects indicated associations between air pol-
lution exposure and increased FeNO for the major 
allele carriers. In SFTPA1, opposing directions of asso-
ciation were observed. O3 exposure was associated 
with increased FeNO in minor allele carriers, whereas 
NOx exposure was associated with increased FeNO in 
homozygote major allele carriers (Table 6). The opposing 
direction of marginal effects associated with NOx and O3 
are likely related to their negative correlations (Appendix 
Table A1), which also complicates any interpretation of 
this result.

NOS genes
The NOS3 polymorphism rs7830 interacted significantly 
with 24  h-average exposure to NO2 on FeNO50 at the 
50th percentile with the minor allele genotype display-
ing a negative slope (Table  4). This is in line with what 
was previously reported for nicotine exposure and 
FeNO, where higher nicotine exposure was associated 
with lower FeNO levels in individuals with rs7830 TG/
TT genotypes [38]. A study of the effects of NOS3 poly-
morphisms on the association between short-term PM10 
exposure and oxidative stress markers found that some 
haplotypes which included rs7830 were at risk for higher 
levels of oxidative stress [39]. As oxidative stress can be 
a cause of airway inflammation, this suggests a possible 
mechanism for the interaction between air pollutants 
and NOS3 polymorphisms on FeNO by. Although these 
studies did not specifically investigate exposure to NO2, 
they indicate that the effects of pollutants and oxidants, 
including NO2, can be modified by NOS3 and specifically 
the rs7830 SNP (Table 4).

The NOS2 SNP rs4795051 exhibited significant inter-
actions for the heterozygote genotype (GC) with PM10, 
and for the minor allele genotype (GG) with NO2 and 
NOx (Table 5), both with positive marginal associations 
with FeNO270 at the 50th percentile. Similar effect direc-
tions were seen for the NOS2 SNPs rs2248814 (Table 5) 
and rs4796017 (Table  6) with PM10 on FeNO270 at the 
75th percentile, where the heterozygote genotypes and/or 
the minor allele genotypes were positive associated with 
FeNO compared to the major allele genotypes. NOS2 
encodes the enzyme iNOS, which is the main determi-
nant of FeNO and is induced by different stimuli. An 
increase in iNOS response, which might be present in the 
heterozygote and/or minor allele genotypes, could mean 
an increase in effective inflammatory response, thereby 
protecting the lungs from pathogens and other stress-
ors. On the contrary, it might mean these genotypes have 
an adverse effect on pulmonary health as they entail an 
increase in inflammation, and inflammation can itself be 
damaging to the lungs.
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Short-term exposure to NO2, PM2.5, a constituent of 
PM10, and traffic-related air pollution have all been asso-
ciated with lower NOS2 methylation, leading to higher 
expression of iNOS and thus higher levels of FeNO 
[35]. Furthermore, individuals with different NOS2 hap-
lotypes were found to experience different degrees of 
methylation, pointing towards a combination of genetic 
and epigenetic effects [8]. In children, this was further 
investigated using quantile regression and the associa-
tions between PM2.5 exposure, genetic and epigenetic 
effects and FeNO were more prominent among those 
with higher FeNO levels [35]. Epigenetic variations, such 
as differences in methylation, among specific SNPs have 
not been reported, but they might play a role in the inter-
actions that we found and could be a target for further 
research.

GST genes
The minor allele genotype of the GSTT1 SNP rs2266637 
was also positively associated with FeNO270 at the 50th 
percentile compared to its major allele genotype with 
exposure to 120  h-average NO2 exposure (Table  5). 
Given the anti-oxidant properties of GST [20], this also 
suggests a dysfunctional enzyme in individuals with the 
minor allele genotype, leading to higher levels of airway 
inflammation as oxidation due to NO2 exposure is less 
inhibited. Previous research into GSTT1 and respiratory 
health effects has mainly focused on differences between 
null, i.e. homozygous deletion, and non-null genotypes. 
Results from some of these studies have supported the 
presence of interaction but others found none [20, 40]. 
Specifically with NO2 exposure or traffic-related air pol-
lution, some found interaction with GSTT1 [41–43] 
whereas others found nonE [44, 45]. Variations in study 
design, the outcome investigated or differences in allele 
frequencies based on ethnicity could be responsible for 
heterogeneity in the results [21].

SFTPA gene
Our results showed that for SFTPA, the SNP rs4253527 
on the SFTPA1 gene had significant interaction with 
3 h-average exposure to O3 where minor allele genotypes 
were positively associated with FeNO270 at the 75th per-
centile (Table 6). SFTPA plays an important role in host 
defense of the lungs and aids in the alleviation of inflam-
mation [16]. This SNP, rs4253527, is characteristic for 
the SFTPA1 6A4 haplotype as it changes the amino acid 
encoded by this haplotype [46]. This is thought to result 
in a change in surfactant protein structure and function, 
affecting the carrier’s disease susceptibility [47]. Oxida-
tion of SP-A, an effect of O3 exposure, has been found 
to decrease the ability of SP-A to enhance phagocytic 
activity and cytokine production. The effects of oxidation 

differ between SFTPA1 and SFTPA2 haplotypes, with a 
seemingly stronger effect on SFTPA2 [17]. Whether these 
effects and differences therein also occur between dif-
ferent SNPs in the respective genes have not been eluci-
dated, but this may play a role in the differential FeNO 
levels among the SNP genotypes found in this study.

FeNO and results related to exhalation flow
For FeNO50, only two SNPs showed significant inter-
actions whereas more interactions were found for 
FeNO270, which represents NO produced in the more 
distal parts of the airways [28]. Previous studies have 
reported more influences of short-term air pollution 
exposure on FeNO at higher flow rates and postulate 
that air pollution-induced inflammation processes likely 
occur in the smaller, distal airways [5]. Therefore, our 
observation of more significant genetic interactions for 
FeNO270 – a distal airway biomarker—than for FeNO50, 
are plausible.

Exposure windows
Currently, there is no consensus on which time lag, inter-
val, or average of pollution exposure are most appropriate 
for observing effects of short-term air pollution expo-
sure on FeNO, so the different interactions for different 
exposure windows for different pollutants observed in 
our study are difficult to interpret. The previous study 
within this cohort reported that the longer 120-h average 
seemed more applicable for O3 whereas the 24-h aver-
age seemed more applicable for NOx [5]. In our study, 
which is based on a slightly different study population 
and methods, only O3 at 120 h and FeNO270, and NO2 
at 120 h and FeNO50 had positive associations in either 
the crude (Table A2) or adjusted models (Table  4). The 
crude models showed additional associations with NO2 
and NOx at 24 and 120 h, and the adjusted models was 
additionally associated with O3 at 3 h.

Interestingly, introducing interaction terms increased 
the number of pollutants and exposure windows with sig-
nificant associations with FeNO, such as PM10, and NOx 
at 3 h, indicating that genetic predisposition and suscep-
tibility are important when studying air pollution health 
effects. Also, the interactions occurred at different expo-
sure windows for the different pollutants, although the 
results for different exposure windows tended to be simi-
lar, and in some cases had indications of a dose–response 
pattern (e.g. Table A5 rs2266637 gg allele). Whereas most 
pollutants had interactions at more than one exposure 
window, O3 only interacted at the 3-h exposure window, 
with SFTPA SNP rs4253527 indicating that the effect of 
O3 were short-acting and transient. PM10 had interac-
tions at 3, 24, and 120 h average exposure with either of 
the two NOS2 SNPs for FeNO270, which might be due 



Page 9 of 12Bouma et al. Environmental Health           (2023) 22:50 	

to the compositional complexity of PM10 having multiple 
pathways for generating a FeNO response. All significant 
interactions for NO2 and NOx on FeNO270 were at the 
24- and 120-h exposure windows, indicating a longer 
time window of the FeNO response, and SFTPA interac-
tions were only observed at 3 or 24 h average exposure to 
O3 and NO2, indicating a faster biological response.

However, since only a limited selection of exposure 
windows and genes were tested in this study, more 
research is needed to further clarify the time windows in 
which gene-environment interaction can occur.

Quantiles
Our results were not homogenous across quantiles of 
FeNO, something that has previously been reported 
[35]. Zhang and colleagues found that joint effects of air 
pollution exposure and genetic and epigenetic variants 
occurred mainly in the upper tail of the FeNO distribu-
tion in children, suggesting that children with high FeNO 
have increased (epi)genetic susceptibility to air pollution, 
which supports what was observed in the current study 
in adults.

Single and multipollutant models
Results from single-and multipollutant models were in 
most cases largely similar (exceptions are 3-h NOx and 
24-h PM10), indicating that the effects of individual pol-
lutants are relatively independent of each other. For 
FeNO270, the rs4253527 interactions with NOx and O3 
with opposite directions in single-pollutant models, 
which remained only for O3 in the multipollutant model 
(Table  6), may be explained by the negative correlation 
between NOx and O3 in our data and which is commonly 
seen (Table A1).

Strengths and limitations
In this study, air pollution exposure was assigned based 
on measurements from centrally located air pollution 
monitors, which provides a rough estimate of the true 
exposure of individuals as the distances to the residences 
of the participants varied, although all participants lived 
in the city of Gothenburg [48]. On the other hand, all 
clinical data were collected at the same site, so for the 
3-h average exposure in particular, all participants would 
have quite comparable accuracy of exposure. The data 
used for this study is relatively old, as it was collected 
between 2001 and 2008, which could affect the generaliz-
ability of the results to present day conditions of the same 
area, as air pollution exposure levels and composition 
have changed drastically over the past decades. However, 
the mechanism of genetic susceptibility to air pollution 
would not be expected to change over time and the pol-
lutants that were investigated are still present in current 

urban air pollution. In our data, both NO2 and NOx varia-
bles have a skewed distribution, but, short-term exposure 
to air pollution is extremely variable among individuals, 
because of its dependence on weather, spatiotemporal 
variability, time spent outside, and traffic. Therefore, the 
mean exposure was deemed to be more representative of 
the true exposure of individuals.

A limitation of all gene-environment interaction 
research that investigates certain SNPs or haplotypes is 
that only a selection of genetic information is included, 
which implies that even when no interactions are found, 
they might be present with other SNPs or haplotypes that 
were not included in the analysis. Another limitation is 
the lack of replication analysis, due to difficulty of finding 
a suitable replication cohort.

The number of hypotheses tested in gene-environ-
ment studies can lead to false positives and to ensure 
the validity of positive results, adjustment for multiple 
comparisons is sometimes advised, especially when 
testing is hypothesis-free. As this study aimed to ana-
lyse associations based on a-priori hypotheses based 
on plausible biological mechanisms and employed a 
selected number of SNPs, no adjustments for multiple 
comparisons [49, 50].

Conclusion
Airway inflammation induced by short-term effects of air 
pollution exposure can accumulate over time and con-
tribute to long-term symptoms, disease and even mor-
tality. Genetic susceptibility to the effects of air pollution 
are associated with greater inflammatory response, put-
ting individuals with certain genetic markers at greater 
risk. In this exploratory study, interactions between O3 
and SFTPA1, and PM10 and NO2/NOx with GSTT1 and 
NOS genes were found to play a role in the association 
between short-term air pollution and FeNO, suggesting 
an increased inflammatory response among subjects with 
polymorphisms in these genes. These findings contribute 
to the understanding of the role that genetic susceptibil-
ity can play in the health effects of outdoor air pollution 
and provide a basis for the further exploration of biologi-
cal mechanisms as well as the identification of suscepti-
ble populations and individuals.

Supplementary Information
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org/​10.​1186/​s12940-​023-​00996-7.

Additional file 1: Table A1. Pearson correlation coefficients for all 
air pollutants at 3-, 24- and 120-hour average concentrations based 
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frequencies. Table A3. Unadjusted associations between FeNO and air 
pollutants PM10, NO2, NOx, and O3 estimated from quantile regression 
(crude models). Table A4. Gene-environment interactions between 
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pollutant exposure and genotypes on FeNO50 estimated from single 
and multipollutant quantile regression models (50th percentile). 
Table A5. Gene-environment interactions between pollutant exposure 
and genotypes on FeNO270 estimated from single and multipollutant 
quantile regression models (GST genes). Table A6. Gene-environment 
interactions between pollutant exposure and genotypes on FeNO270 
estimated from single and multipollutant quantile regression models 
(NOS genes). Table A7. Gene-environment interactions between pol‑
lutant exposure and genotypes on FeNO270 estimated from single and 
multipollutant quantile regression models (SFTPA genes). Figure A1. 
SFTPA1 SNPs: Plots of predictive margins with significant interactions. 
(A) rs4253527 with O3 at 3 hours, single pollutant model. (B) rs4253527 
with O3 at 3 hours, multi pollutant model. (C) rs4253527 with NOx at 3 
hours, single pollutant model. Figure A2. GSTT1 SNPs: Plots of predic‑
tive margins with significant interactions. (A) rs2266637 with NO2 at 120 
hours, single pollutan tmodel. (B) rs2266637 with NO2 at 120 hours, multi 
pollutant model. Figure A3. NOS2 SNPs: Plots of predictive margins 
with significant interactions. (A) rs4795051 with PM10 at 3 hours, single 
pollutant model. (B) rs4795051 with PM10 at 3 hours, multi pollutant 
model. (C) rs4795051 with PM10 at 24 hours, single pollutant model. 
Figure A4. NOS2 SNPs: Plots of predictive margins with significant 
interactions. (A) rs4795051 with NO2 at 24 hours, single pollutant model. 
(B) rs4795051 with NO2 at 24 hours, multi pollutant model. (C) rs4795051 
with NO2 at 120 hours, single pollutant model. (D) rs4795051 with NO2 
at 120 hours, multi pollutant model. Figure A5. NOS2 SNPs: Plots of 
predictive margins with significant interactions. (A) rs4795051 with NOx 
at 3 hours, multi pollutant model. (C) rs4795051 with NOx at 120 hours, 
single pollutant model. (D) rs4795051 with NOx at 120 hours, multi 
pollutant model. Figure A6. NOS2 SNPs: Plots of predictive margins 
with significant interactions. rs4796017 with PM10 at 120 hours, single 
pollutant model. Figure A7. NOS2 SNPs: Plots of predictive margins with 
significant interactions. (A) rs2248814 with PM10 at 3 hours, single pol‑
lutant model. (B) rs2248814 with PM10 at 3 hours, multi pollutant model. 
Figure A8. NOS3 SNPs: Plots of predictive margins with significant 
interactions. (A) rs7830 with NO2 at 24 hours, single pollutant model. (B) 
rs7830 with NO2 at 24 hours, multi pollutant model.

Acknowledgements
The authors acknowledge Lars Modig, Umeå University for providing the 
exposure data file.

Authors’ contributions
FB contributed to the methodology, analyzed the data, made all figures and 
tables and wrote the original draft. ACO conceptualized the study and oversaw 
the investigation, administrated the project and procured funding, as well as 
contributed to the manuscript. FN curated data and contributed to project 
administration and contributed to the manuscript. HKC Conceptualized the 
study, curated and validated the data, oversaw the investigation, and contrib‑
uted to the manuscript.

Funding
Open access funding provided by University of Gothenburg. This study was 
funded by the Swedish Research Council for Worklife and Social research (FAS, 
grants 2001–0263, 2003–0139), Swedish Heart and Lung Foundation (grant 
20050561), a collaborative research grant from AstraZeneca, The Swedish 
Research Council FORMAS, The Swedish Society for Medical Research, and the 
Swedish Environmental Protection Agency. The funders had no influence on 
the reporting of this manuscript.

Availability of data and materials
The data are available opon reasonable request and approval of science ethics 
review board.

Declarations

Ethics approval and consent to participate
The study protocol for ADONIX was approved by the Västra Götaland region 
ethical review board.

Consent for publication
Does not apply.

Competing interests
Anna-Carin Olin is one of the inventors of the PExA method and shareholder 
and boardmember of PExA AB. The authors declare no competing interests 
relevant to this manuscript.
The authors declare no perceived or real competing financial interests rel‑
evant to this manuscript.

Author details
1 Department of Occupational and Environmental Health, School of Public 
Health and Community Medicine, Institute of Medicine, Sahlgrenska Academy, 
University of Gothenburg, Medicinaregatan 16A, BOX 414, 40530 Gothenburg, 
Sweden. 2 School of Public Health and Community Medicine, Institute of Medi‑
cine, Sahlgrenska Academy, University of Gothenburg University, Gothenburg, 
Sweden. 

Received: 19 September 2022   Accepted: 2 June 2023

References
	1.	 Guarnieri M, Balmes JR. Outdoor air pollution and asthma. Lancet. 

2014;383(9928):1581–92. https://​doi.​org/​10.​1016/​s0140-​6736(14)​60617-6. 
PMID: 24792855.

	2.	 Rava M, Smit L, Nadif R. Gene-environment interactions in the study of 
asthma in the postgenomewide association studies era. Curr Opin Allergy 
Clin Immunol. 2015;15(1):70–8. https://​doi.​org/​10.​1097/​ACI.​00000​00000​
000131. PMID: 25479314.

	3.	 Larsen GL, Holt PG. The concept of airway inflammation. Am J Respir Crit 
Care Med. 2014;162(2 Pt 2):S2-6. https://​doi.​org/​10.​1164/​ajrccm.​162.​suppl​
ement_1.​maic-1. PMID: 10934122.

	4.	 Ricciardolo FLM. Multiple roles of nitric oxide in the airways. Thorax. 
2003;58(2):175–82. https://​doi.​org/​10.​1136/​thorax.​58.2.​175. PMID: 
12554905.

	5.	 Modig L, Dahgam S, Olsson D, Nyberg F, Wass K, Forsberg B, et al. Short-
term exposure to ozone and levels of exhaled nitric oxide. Epidemiology. 
2014;25(1):79–87. https://​doi.​org/​10.​1097/​ede.​00000​00000​000002. PMID: 
24213146.

	6.	 Van Amsterdam JG, Verlaan BP, Loveren HV, Elzakker BG, Vos SG, Opper‑
huizen A, Steerenberg PA. Air pollution is associated with increased level 
of exhaled nitric oxide in nonsmoking healthy subjects. Arch Environ 
Health. 1999;54(5):331–5. https://​doi.​org/​10.​1080/​00039​89990​96024​96. 
PMID: 10501149.

	7.	 Berhane K, Zhang Y, Linn WS, Rappaport EB, Bastain TM, Salam MT, et al. 
The effect of ambient air pollution on exhaled nitric oxide in the Chil‑
dren’s Health Study. Eur Respir J. 2011;37(5):1029–36. https://​doi.​org/​10.​
1183/​09031​936.​00081​410. PMID: 20947676.

	8.	 Salam MT, Byun HM, Lurmann F, Breton CV, Wang X, Eckel SP, Gilliland FD. 
Genetic and epigenetic variations in inducible nitric oxide synthase pro‑
moter, particulate pollution, and exhaled nitric oxide levels in children. J 
Allergy Clin Immunol. 2012;129(1):232-239.e1-7. https://​doi.​org/​10.​1016/j.​
jaci.​2011.​09.​037. PMID: 22055874.

	9.	 Yoda Y, Otani N, Sakurai S, Shima M. Acute effects of summer air pollu‑
tion on pulmonary function and airway inflammation in healthy young 
women. J Epidemiol. 2014;24(4):312–20. https://​doi.​org/​10.​2188/​jea.​
JE201​30155. PMID: 24857953.

	10.	 Khatri SB, Holguin FC, Ryan PB, Mannino D, Erzurum SC, Teague WG. Asso‑
ciation of ambient ozone exposure with airway inflammation and allergy 
in adults with asthma. J Asthma. 2009;46(8):777–85. https://​doi.​org/​10.​
1080/​02770​90090​27792​84. PMID: 19863280.

	11.	 Delfino RJ, Staimer N, Gillen D, Tjoa T, Sioutas C, Fung K, et al. Personal 
and ambient air pollution is associated with increased exhaled 
nitric oxide in children with asthma. Environ Health Perspect. 
2006;114(11):1736–43. https://​doi.​org/​10.​1289/​ehp.​9141. PMID: 
17107861.

	12.	 Mar TF, Jansen K, Shepherd K, Lumley T, Larson TV, Koenig JQ. Exhaled 
Nitric Oxide in Children with Asthma and Short-Term PM 2.5 Exposure in 

https://doi.org/10.1016/s0140-6736(14)60617-6
https://doi.org/10.1097/ACI.0000000000000131
https://doi.org/10.1097/ACI.0000000000000131
https://doi.org/10.1164/ajrccm.162.supplement_1.maic-1
https://doi.org/10.1164/ajrccm.162.supplement_1.maic-1
https://doi.org/10.1136/thorax.58.2.175
https://doi.org/10.1097/ede.0000000000000002
https://doi.org/10.1080/00039899909602496
https://doi.org/10.1183/09031936.00081410
https://doi.org/10.1183/09031936.00081410
https://doi.org/10.1016/j.jaci.2011.09.037
https://doi.org/10.1016/j.jaci.2011.09.037
https://doi.org/10.2188/jea.JE20130155
https://doi.org/10.2188/jea.JE20130155
https://doi.org/10.1080/02770900902779284
https://doi.org/10.1080/02770900902779284
https://doi.org/10.1289/ehp.9141


Page 11 of 12Bouma et al. Environmental Health           (2023) 22:50 	

Seattle. Environ Health Perspect.  2005;113(12):1791–4. https://​doi.​org/​10.​
1289/​ehp.​7883.

	13.	 Kleeberger SR. Genetic aspects of pulmonary responses to inhaled pol‑
lutants. Exp Toxicol Pathol. 2005;57(1):147–53. https://​doi.​org/​10.​1016/j.​
etp.​2005.​05.​017. PMID: 16092722.

	14.	 Sacks JD, Stanek L, Luben T, Johns D, Buckley B, Brown J, Ross M. Particu‑
late matter-induced health effects: who is susceptible? Environ Health 
Perspect. 2011;119(4):446–54. https://​doi.​org/​10.​1289/​ehp.​10022​55. 
PMID: 20961824.

	15.	 Silveyra P, Floros J. Genetic complexity of the human surfactant-associ‑
ated proteins SP-A1 and SP-A2. Gene. 2013;531(2):126–32. https://​doi.​
org/​10.​1016/j.​gene.​2012.​09.​111. PMID: 23069847.

	16.	 Silveyra P, Floros J. Genetic variant associations of human SP-A and SP-D 
with acute and chronic lung injury. Front Biosci. 2012;17:407–29. https://​
doi.​org/​10.​2741/​3935. PMID: 22201752.

	17.	 Mikerov AN, Umstead TM, Gan X, Huang W, Guo X, Wang G, et al. Impact 
of ozone exposure on the phagocytic activity of human surfactant 
protein A (SP-A) and SP-A variants. Am J Physiol Lung Cell Mol Physiol. 
2008;294(1):L121–30. https://​doi.​org/​10.​1152/​ajplu​ng.​00288.​2007. PMID: 
17981957.

	18.	 Wang G, Umstead TM, Phelps DS, Al-Mondhiry H, Floros J. The effect of 
ozone exposure on the ability of human surfactant protein A variants to 
stimulate cytokine production. Environ Health Perspect. 2002;110(1):79–
84. https://​doi.​org/​10.​1289/​ehp.​02110​79. PMID: 11781168.

	19.	 Haque R, Umstead TM, Freeman W, Floros J, Phelps D. The impact of 
surfactant protein-A on ozone-induced changes in the mouse bron‑
choalveolar lavage proteome. Proteome Sci. 2009;7:12. https://​doi.​org/​10.​
1186/​1477-​5956-7-​12. PMID: 19323824.

	20.	 Bowatte G, Lodge C, Perret J, Matheson M, Dharmage S. Interactions of 
GST polymorphisms in air pollution exposure and respiratory diseases 
and allergies. Curr Allergy Asthma Rep. 2016;16(12):85. https://​doi.​org/​10.​
1007/​s11882-​016-​0664-z. PMID: 27878551.

	21.	 Yang I, Fong K, Zimmerman P, Holgate S, Holloway J. Genetic sus‑
ceptibility to the respiratory effects of air pollution. Postgrad Med J. 
2009;85(1006):428–36. https://​doi.​org/​10.​1136/​thx.​2007.​079426. PMID: 
19633009.

	22.	 Dahgam S, Modig L, Torinsson Naluai A, Olin AC, Nyberg F. Haplotypes 
of the inducible nitric oxide synthase gene are strongly associated with 
exhaled nitric oxide levels in adults: a population-based study. J Med 
Genet. 2014;51(7):449–54. https://​doi.​org/​10.​1136/​jmedg​enet-​2013-​
101897. PMID: 24729625.

	23.	 Dahgam S, Nyberg F, Modig L, Naluai AT, Olin AC. Single nucleotide poly‑
morphisms in the NOS2 and NOS3 genes are associated with exhaled 
nitric oxide. J Med Genet. 2012;49(3):200–5. https://​doi.​org/​10.​1136/​
jmedg​enet-​2011-​100584. PMID: 22368302.

	24.	 Salam MT, Lin PC, Eckel SP, Gauderman WJ, Gilliland FD. Inducible nitric 
oxide synthase promoter haplotypes and residential traffic-related air 
pollution jointly influence exhaled nitric oxide level in children. PLoS one. 
2015;10(12):e0145363. https://​doi.​org/​10.​1371/​journ​al.​pone.​01453​63. 
PMID: 26714306.

	25.	 Mehlig K, Berg C, Björck L, Nyberg F, Olin AC, Rosengren A, et al. Cohort 
profile: the INTERGENE Study. Int J Epidemiol. 2017;46(6):1742–1743h. 
https://​doi.​org/​10.​1093/​ije/​dyw332. PMID: 28186561.

	26.	 Olin AC, Bake B, Torén K. Fraction of exhaled nitric oxide at 50 mL/s. 
Chest. 2007;131(6):1852–6. https://​doi.​org/​10.​1378/​chest.​06-​2928. PMID: 
17565022.

	27.	 Van Amsterdam JG, Nierkens S, Vos SG, Opperhuizen A, Loveren H, 
Steerenberg PA. Exhaled nitric oxide: a novel biomarker of adverse 
respiratory health effects in epidemiological studies. Arch Environ Health. 
2000;55(6):418–23. https://​doi.​org/​10.​1080/​00039​89000​96040​40. PMID: 
11128880.

	28.	 Högman M, Drca N, Ehrstedt C, Meriläinen P. Exhaled nitric oxide parti‑
tioned into alveolar, lower airways and nasal contributions. Respir Med. 
2000;94(10):985–91. https://​doi.​org/​10.​1053/​rmed.​2000.​087.

	29.	 Olin AC, Rosengren A, Thelle DS, Lissner L, Bake B, Torén K. Height, age, 
and atopy are associated with fraction of exhaled nitric oxide in a large 
adult general population sample. Chest. 2006;130(5):1319–25. https://​doi.​
org/​10.​1378/​chest.​130.5.​1319. PMID: 17099006.

	30.	 Carlsen HK, Nyberg F, Torén K, Segersson D, Olin AC. Exposure to 
traffic-related particle matter and effects on lung function and potential 

interactions in a cross-sectional analysis of a cohort study in west Swe‑
den. BMJ Open. 2020;10(10):e034136.

	31.	 Langefeld CD, Fingerlin TE. Association methods in human genetics. 
Methods Mol Biol. 2007;404:431–60.

	32.	 Horita N, Kaneko T. Genetic model selection for a case–control study and 
a meta-analysis. Meta Gene. 2015;5:1–8. https://​doi.​org/​10.​1016/j.​mgene.​
2015.​04.​003.

	33.	 Johansson SGO, Nopp A, Florvaag E, Lundahl J, Söderström T, Guttormsen 
AB, et al. High prevalence of IgE antibodies among blood donors in Swe‑
den and Norway. Allergy. 2005;60(10):1312–5. https://​doi.​org/​10.​1111/j.​
1398-​9995.​2005.​00896.x. PMID: 16134999.

	34.	 Koenker R. Quantile Regression (Econometric Society Monographs). 
Cambridge: Cambridge University Press. https://​doi.​org/​10.​1017/​CBO97​
80511​754098.

	35.	 Bottai M, Frongillo EA, Sui X, O’Neill JR, McKeown RE, Burns TL, et al. Use of 
quantile regression to investigate the longitudinal association between 
physical activity and body mass index. Obesity. 2014;22(5):e149–56. 
https://​doi.​org/​10.​1002/​oby.​20618. PMID: 24039223.

	36.	 Zhang Y, Salam MT, Berhane K, Eckel SP, Rappaport EB, Linn WS, et al. 
Genetic and epigenetic susceptibility of airway inflammation to PM 
2.5 in school children: new insights from quantile regression. Environ 
Health. 2017;16(1):88. https://​doi.​org/​10.​1186/​s12940-​017-​0285-6. PMID: 
28821285.

	37.	 Verhulst B, Pritikin JN, Clifford J, Prom-Wormley E. Using genetic marginal 
effects to study gene-environment interactions with GWAS data. Behav 
Genet. 2021;51(3):358–73. https://​doi.​org/​10.​1007/​s10519-​021-​10058-8. 
PMID: 33899139.

	38.	 Spanier AJ, Kahn RS, Hornung RW, Wang N, Sun G, Lierl MB, Lanphear BP. 
Environmental exposures, nitric oxide synthase genes, and exhaled nitric 
oxide in asthmatic children. Pediatr Pulmonol. 2009;44(8):812–9. https://​
doi.​org/​10.​1002/​ppul.​21071. PMID: 19603529.

	39.	 Kim JH, Choi YH, Bae S, Park HY, Hong YC. eNOS gene polymorphisms 
modify the association of PM10 with oxidative stress. Toxicol Lett. 
2012;214:263–7.

	40.	 Fuertes E, Van der Plaat DA, Minelli C. Antioxidant genes and susceptibil‑
ity to air pollution for respiratory and cardiovascular health. Free Radic 
Biol Med. 2020;151:88–98. https://​doi.​org/​10.​1016/j.​freer​adbio​med.​2020.​
01.​181. PMID: 32007521.

	41.	 Bowatte G, Lodge CJ, Lowe AJ, Erbas B, Dennekamp M, Marks GB, et al. 
Do variants in GSTs modify the association between traffic air pollution 
and asthma in adolescence? Int J Mol Sci. 2016;17(4):485. https://​doi.​org/​
10.​3390/​ijms1​70404​85. PMID: 27043549.

	42.	 Bowatte G, Lodge CJ, Knibbs LD, Lowe AJ, Erbas B, Dennekamp M, 
et al. Traffic-related air pollution exposure is associated with allergic 
sensitization, asthma, and poor lung function in middle age. J Allergy Clin 
Immunol. 2017a;139(1):122-129.e1. https://​doi.​org/​10.​1016/j.​jaci.​2016.​05.​
008. PMID: 27372567.

	43.	 Bowatte G, Erbas B, Lodge CJ, Knibbs LD, Gurrin LC, Marks GB, et al. Traffic-
related air pollution exposure over a 5-year period is associated with 
increased risk of asthma and poor lung function in middle age. Eur Respir 
J. 2017b;50(4):1602357. https://​doi.​org/​10.​1183/​13993​003.​02357-​2016. 
PMID: 29074540.

	44.	 Castro-Giner F, Künzli N, Jacquemin B, Forsberg B, De Cid R, Sunyer J, et al. 
Traffic-related air pollution, oxidative stress genes, and asthma (ECHRS). 
Environ Health Perspect. 2009;117(12):1919–24. https://​doi.​org/​10.​1289/​
ehp.​09005​89. PMID: 20049212.

	45.	 Piacentini S, Polimanti R, Moscatelli B, Re M, Fuciarelli R, Manfellotto D, 
Fuciarelli M. Glutathione S-transferase gene polymorphisms and air pol‑
lution as interactive risk factors for asthma in a multicentre Italian field 
study: a preliminary study. Ann Hum Biol. 2010;37(3):427–39. https://​doi.​
org/​10.​3109/​03014​46100​36364​19. PMID: 20367187.

	46.	 Sumita Y, Sugiura T, Kawaguchi Y, Baba S, Soejima M, Murakawa Y, et al. 
Genetic polymorphisms in the surfactant proteins in systemic sclerosis in 
Japanese: T/T genotype at 1580 C/T (Thr131Ile) in the SP-B gene reduces 
the risk of interstitial lung disease. Rheumatology. 2008;47(3):289–91. 
https://​doi.​org/​10.​1093/​rheum​atolo​gy/​kem355. PMID: 18263595.

	47.	 Selman M, Lin HM, Montaño M, Jenkins AL, Estrada A, Lin Z, et al. 
Surfactant protein A and B genetic variants predispose to idiopathic 
pulmonary fibrosis. Hum Genet. 2003;113(6):542–50. https://​doi.​org/​10.​
1007/​s00439-​003-​1015-4. PMID: 13680361.

https://doi.org/10.1289/ehp.7883
https://doi.org/10.1289/ehp.7883
https://doi.org/10.1016/j.etp.2005.05.017
https://doi.org/10.1016/j.etp.2005.05.017
https://doi.org/10.1289/ehp.1002255
https://doi.org/10.1016/j.gene.2012.09.111
https://doi.org/10.1016/j.gene.2012.09.111
https://doi.org/10.2741/3935
https://doi.org/10.2741/3935
https://doi.org/10.1152/ajplung.00288.2007
https://doi.org/10.1289/ehp.0211079
https://doi.org/10.1186/1477-5956-7-12
https://doi.org/10.1186/1477-5956-7-12
https://doi.org/10.1007/s11882-016-0664-z
https://doi.org/10.1007/s11882-016-0664-z
https://doi.org/10.1136/thx.2007.079426
https://doi.org/10.1136/jmedgenet-2013-101897
https://doi.org/10.1136/jmedgenet-2013-101897
https://doi.org/10.1136/jmedgenet-2011-100584
https://doi.org/10.1136/jmedgenet-2011-100584
https://doi.org/10.1371/journal.pone.0145363
https://doi.org/10.1093/ije/dyw332
https://doi.org/10.1378/chest.06-2928
https://doi.org/10.1080/00039890009604040
https://doi.org/10.1053/rmed.2000.087
https://doi.org/10.1378/chest.130.5.1319
https://doi.org/10.1378/chest.130.5.1319
https://doi.org/10.1016/j.mgene.2015.04.003
https://doi.org/10.1016/j.mgene.2015.04.003
https://doi.org/10.1111/j.1398-9995.2005.00896.x
https://doi.org/10.1111/j.1398-9995.2005.00896.x
https://doi.org/10.1017/CBO9780511754098
https://doi.org/10.1017/CBO9780511754098
https://doi.org/10.1002/oby.20618
https://doi.org/10.1186/s12940-017-0285-6
https://doi.org/10.1007/s10519-021-10058-8
https://doi.org/10.1002/ppul.21071
https://doi.org/10.1002/ppul.21071
https://doi.org/10.1016/j.freeradbiomed.2020.01.181
https://doi.org/10.1016/j.freeradbiomed.2020.01.181
https://doi.org/10.3390/ijms17040485
https://doi.org/10.3390/ijms17040485
https://doi.org/10.1016/j.jaci.2016.05.008
https://doi.org/10.1016/j.jaci.2016.05.008
https://doi.org/10.1183/13993003.02357-2016
https://doi.org/10.1289/ehp.0900589
https://doi.org/10.1289/ehp.0900589
https://doi.org/10.3109/03014461003636419
https://doi.org/10.3109/03014461003636419
https://doi.org/10.1093/rheumatology/kem355
https://doi.org/10.1007/s00439-003-1015-4
https://doi.org/10.1007/s00439-003-1015-4


Page 12 of 12Bouma et al. Environmental Health           (2023) 22:50 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	48.	 Brauer M. How much, how long, what, and where: air pollution exposure 
assessment for epidemiologic studies of respiratory disease. Proc Am 
Thorac Soc. 2010;7(2):111–5. https://​doi.​org/​10.​1513/​pats.​200908-​093RM. 
PMID: 20427581.

	49.	 Qu HQ, Tien M, Polychronakos C. Statistical significance in genetic asso‑
ciation studies. Clin Invest Med. 2010;33(5):E266-70. https://​doi.​org/​10.​
25011/​cim.​v33i5.​14351. PMID: 20926032.

	50.	 Perneger TV. What’s wrong with Bonferroni adjustments. BMJ. 
1998;316(7139):1236–8. https://​doi.​org/​10.​1136/​bmj.​316.​7139.​1236. 
PMID: 9553006.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1513/pats.200908-093RM
https://doi.org/10.25011/cim.v33i5.14351
https://doi.org/10.25011/cim.v33i5.14351
https://doi.org/10.1136/bmj.316.7139.1236

	Genetic susceptibility to airway inflammation and exposure to short-term outdoor air pollution
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Study population
	Exposure
	Outcome
	Genes
	Covariates
	Statistical analysis

	Results
	Descriptive results
	Air pollution and FENO
	Gene-environment interaction analysis
	FeNO50 at the 50th percentile
	FeNO270 at the 50th percentile
	FeNO270 at the 75th percentile

	Discussion
	NOS genes
	GST genes
	SFTPA gene
	FeNO and results related to exhalation flow
	Exposure windows
	Quantiles
	Single and multipollutant models
	Strengths and limitations

	Conclusion
	Anchor 32
	Acknowledgements
	References


