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A B S T R A C T

Background: Epidemiological studies have linked air pollutant to adverse health effects even at low exposure
levels, but limited evidence is available on its associations with gene expression levels.
Aim: To investigate associations between air pollutants and gene expression levels.
Methods: We collected data from Brisbane System Genetics Study (BSGS) — a family-based system genetics
study. Expression levels of candidate genes were obtained for whole blood from 266 pairs of twins (192
monozygotic and 74 dizygotic pairs) and 165 parents. Data on individual phenotypes were also obtained, in-
cluding age, sex, Body Mass Index and exposure to smoke. Daily data on mean temperature and air pollutants,
including particulate matter with aerodynamic diameter ≤2.5 μm (PM2.5), ozone (O3), nitrogen dioxide (NO2)
and sulfur dioxide (SO2), were collected from seven monitoring stations for the day when the blood samples were
collected. The association between each air pollutant and expression level of each gene was analyzed by using
generalized linear models with adjustment for temperature and individual phenotypes, and its difference be-
tween monozygotic and dizygotic twins was investigated.
Results: The mean value for daily concentration of air pollutants were 5.9 µg/m3 for PM2.5, 16.3 ppb for O3,
6.5 ppb for NO2, and 1.4 ppb for SO2, respectively. All air pollutants’ levels in Brisbane during our study period
were well under the National Air Quality Standard Air pollutant levels. We observed positive associations (false
discovery rate [ <FDR] 0.1) among twins between PM2.5 and expression levels of HSPA8 and SOD1 and also
between SO2 and AHR expression level. Negative associations were observed between SO2 and 11 genes among
twins, including AHR, DUSP1, GEMIN4, GPX1, KLF2, PTGS2, TLR4, TNF, TNFRSF1B, TXNRD1, and XBP1, with
most of them found at lag 0–7 days (FDR < 0.1). Furthermore, the association between SO2 and DUSP1 ex-
pression level was stronger among monozygotic twins than dizygotic twins (FDR < 0.1). We did not find strong
evidence linking air pollutants to gene expression levels among parents.
Conclusion: Our findings require confirmation but suggest potential associations of expression levels at several
genes with air pollutants at low exposure level and an individual’s genetic background modifies the association
between SO2 and DUSP1 gene, which may help bridge the gap of epidemiological studies with both in vivo and
in vitro toxicological experiments and provide some insights into the role of nature-nurture of an individual in
gene expression response to air pollutants.

1. Introduction

Air pollution represents the biggest environmental risk to human
health, attributing to one in every nine deaths annually, and has been
identified as a global priority in the sustainable development agenda

(WHO, 2016). Despite of improving air quality in many cities world-
wide, increasing epidemiological studies reported adverse health out-
comes, for example, mortality, in associations with air pollutants at low
exposure levels (HEI, 2015; Di et al., 2017a, 2017b; Chen et al., 2018).
A persistence of health impacts related with fine particulate air
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pollution at exposure levels well below the present European annual
mean limit value was reported in a recent study based on more than 20
existing European cohorts (Beelen et al., 2014). A small number of
studies have examined the bio-mechanism under air pollution-related
health impact at low exposure level and suggested associations of blood
cell genes and microRNA expression levels with air pollutants at the low
exposure level (Espín-Pérez et al., 2018; van Leeuwen et al., 2006).
Thus, health impact of air pollutants at low exposure level remains as
one of the major uncertainties in air quality standards evaluations and
decisions.

Air pollution may impact human health through several potential
biopathways, including Krüppel-like Factor 2 (Klf2) mediated immune
response, nuclear factor kappa-light-chain-enhancer of activated B cells
(NF-kB) signaling, acute phase response, glutathione metabolism, nu-
clear factor E2-realest factor 2 (Nrf2)-mediated oxidative stress re-
sponse, endoplasmic reticulum stress, Phase I & II metabolism, coagu-
lation system, endogenous reactive oxygen species (ROS) production,
and other cytokines signaling (Wittkopp et al., 2016). Genes relevant to
these biopathways may play an important role in the effect of air pol-
lution. For instance, Nrf2-related genes were observed to be upregu-
lated in airway epithelial cells after exposing to air pollutants (Huang
et al., 2011). Although the association between short-term exposure to
air pollutants and gene expression levels were observed in in vitro
studies, less effort has been put forth in the investigation on population
level, especially at low exposure level. Studying such issue on popula-
tion level can help us to bridge the gap between in vitro studies and
population-based epidemiological studies for the short-term effect of air
pollution in particular.

To date, a few population-based studies have investigated re-
lationships between air pollutants and gene expression levels (Espín-
Pérez et al., 2018; van Leeuwen et al., 2006; Wittkopp et al., 2016; De
Coster et al., 2013; Chen, 2018; Gou et al., 2017; Rossner et al., 2015;
Vrijens et al., 2017; Winckelmans et al., 2017; Mostafavi et al., 2017;
van Leeuwen et al., 2008). Although most of them focused on short-
term exposure, their results were generally restricted by either a small
population size or limited air pollutants investigated (Vrijens et al.,
2017; van Leeuwen et al., 2008; Espín-Pérez et al., 2018; van Leeuwen
et al., 2006; Wittkopp, 2016; De Coster et al., 2013; Chen, 2018). For
example, Wittkopp et al. (2016)) observed a positive relationship be-
tween air pollutants and Nrf2-related gene candidates in a cohort of
elderly subjects (43 individuals) with coronary artery disease. Winck-
elmans et al. reported associations of mitochondrial genes expression
levels with particulate matter with aerodynamic diameter ≤10 μm
(PM10) and ≤2.5 μm (PM2.5) in 267 healthy participants (Winckelmans
et al., 2017).

In this study, we used data from a family based systems genetics
study, including monozygotic (MZ) and dizygotic (DZ) twins, to in-
vestigate the association between short-term exposure to four main air
pollutants at low exposure level, including particulate matter with
aerodynamic diameter ≤2.5 μm (PM2.5), ozone (O3), nitrogen dioxide
(NO2) and sulfur dioxide (SO2), and expression levels of candidate
genes in Brisbane, Australia. Furthermore, given our study included
data from MZ and DZ twins, we also examined the differences of as-
sociations between MZ and DZ twins, in an attempt to investigate the
genetic and environmental influences on individual’s response to air
pollutants.

2. Method

2.1. Study population and gene expression:

We collected data from Brisbane System Genetics Study (BSGS) — a
family-based systems genetics study, consisting a total of 962 in-
dividuals originally from northern Europe (mainly Anglo-Celtic) (Ward-
Caviness, 2019). All participants were recruited as part of the Brisbane

Twin Nevus and cognition studies, aiming to investigate the impact of
genetic and environmental factors on pigmented nevi and the asso-
ciated risk of developing skin cancer and cognition (Ward-Caviness,
2019).

The study subjects were collected from 314 families, including 128
MZ pairs and 206 DZ pairs. For 72 families, data were collected on both
parents and their offspring (Powell et al., 2012a, 2012b). Gene ex-
pression data were obtained from February 2005 to March 2010 for
both whole blood (WB) and lymphoblastoid cell lines (LCL) for 50 MZ
pairs in the first stage, and only for WB for the remaining 862 in-
dividuals in the second stage (Powell et al., 2012a, 2012b). The details
of data collection were described in previous studies (Powell et al.,
2012a, 2012b). In this study, we used gene expression data from the
second stage. Among 862 individuals, we identified 266 pairs of twins
(532 individuals, including 192 DZ pairs and 74 MZ pairs), 167 parents
and 124 siblings, leaving the remaining 39 observations unidentified.
Because the information for matching parents, their twin children and
siblings are not available for current study, we excluded the uni-
dentified 39 observations and 124 siblings, and then conducted the
analysis for twins and parents separately, in order to avoid potential
effects due to related family members.

We selected 35 genes along potential mechanistic pathways relevant
to associations between air pollution and adverse health outcomes
(Wittkopp et al., 2016) and 6 more genes based on recent reviews
(Ward-Caviness, 2019; Zanobetti et al., 2011; Holloway et al., 2012).
Details of selected genes and relevant references were included in
Tables S1 and S2. Gene expression levels were generated using Illumina
HumanHT-12 v4.0 whole genome chip from whole blood collected in
the PAXgene™ tube system. Then Illumina software Genome studio was
used to calculate average bead signal, remove outliers and calculate the
detection p-values (i.e., the probability of a given transcript being ex-
pressed above the chip background level). A p-value above 0.05 in-
dicates that probes were not expressed above background level, and
probes with non-expression in > 50 of samples were removed. Probes
were also excluded if they did not map to characterized Ref-Seq genes
(Goldinger et al., 2015). Then prob expression was normalized by using
a rank-based inverse normal transformation. The polygenetic effect
(cryptic and family) effects and batch effect (e.g., chip and chip pro-
cessing) were also removed from prob expression data. The details of
normalization were described somewhere else (Goldinger et al., 2015;
Goldinger et al., 2013).

Data on individual phenotypes were also collected, including age,
sex, BMI and estimates of exposure level to smoke. In particular, ex-
posure level to smoke collected for our study were predicted by
Cytosine-phophate-Guanines (CpGs), which enables us to assess ex-
posure to secondhand smoke (McCartney et al., 2018). A DNA methy-
lation (DNAm) score was used to represent exposure level to smoke of
each individual (McCartney et al., 2018). Higher score indicates higher
exposure level.

This study was approved by the Queensland Institute for Medical
Research-Human Research Ethics Committee. The informed consent
was obtained from all participants.

2.2. Exposure data

Air pollutants, including PM2.5, O3, NO2 and SO2, and meteor-
ological data are regularly measured at seven monitoring stations in
Brisbane located in the CBD, Cannon Hill, Lytton, Rocklea, South
Brisbane, Woolloongabba, Wynnum and Wynnum West (Brisbane City
Council, accessed 16 March 2019). Hourly concentrations of each air
pollutant in each monitoring station, as well as hourly data for tem-
perature and relative humidity (RH), were obtained from Queensland
Government for the day when the blood samples were collected. Then
24-h daily averaged data was calculated for each air pollutant (expect
for O3, 8-h daily average was calculated), temperature and RH.
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2.3. Statistical analysis

In the first stage, generalized linear models were used to analyze the
relationship between each air pollutant and each gene expression level.
Gene expression levels were natural log transformed for analysis. Effect
estimate for each gene was reported as fold changes with unadjusted
95% confidence intervals (CIs) in gene expression levels related with an
increment of daily concentration of air pollutants (10 µg/m3 for PM2.5,
and 10 ppb for O3, NO2, and SO2, respectively). Nominal p-Values and
the Benjamini-Hochberg false discovery rate (FDR) were reported.
FDR < 0.05 and < 0.10 were considered as statistically significant and
borderline significant, respectively.

For each air pollutant, we examined the single day exposure (in-
cluding current day (i.e., lag 0) and one day before (i.e., lag 1)) and
multi-day average exposure for 0–1 days, 0–3 days and 0–7 days before
preceding blood draws (i.e., lag 0–1, lag 0–3, lag 0–7). We adjusted, a
priori, for temperature preceding blood draw by a linear function. We
tested natural cubic splines adjusting for potential non-linear effect of
temperature. The model fit and results did not change much, so the
linear function was used for temperature. We then included RH in the
model, but the model fit was not improved. Therefore, RH was not
adjusted in our analysis. The day of year was controlled by using a
natural cubic spine function with 4 degrees of freedom (df ).
Generalized Akaike information criterion (GAIC) was used to choose df
in spline functions.

Sex and age were adjusted in the models as well. BMI was not
controlled in the analysis for parents, due to lots of missing BMI values
(> 50%). For twins, each pair was included as random effect to account
for the correlation between twins. The DNAm score for exposure level
to smoke was controlled as a continuous variable by a linear function in
the model. However, there are missing values for the DNAm score for
185 individuals among twins and for 32 individuals among parents.
Therefore, they were excluded from main analysis.

For genes which show some associations with PM2.5 at p value <
0.05 from the main analysis described above, we fitted two-pollutant
models by adjusting for one of O3, NO2 and SO2.

In the second stage, we introduced an interaction term between
twin types (i.e., DZ and MZ) and air pollutant to investigate the dif-
ferences of associations between DZ and MZ twin. The analysis was
conducted for genes and air pollutants which showed associations at

<FDR 0.1in the first stage.

3. Results

3.1. Descriptive statics

Table 1 summarized daily concentration of air pollutants and me-
teorological factors during the study period. The daily mean tempera-
ture during our study period ranged from 11.7 °C to 28.5 °C with a mean
value of 21.6 °C. The daily RH ranged from 39.1% to 90.7% with a
mean value of 70.3%. The mean value for daily concentration of air
pollutants were 5.9 µg/m3 for PM2.5, 16.3 ppb for O3, 6.5 ppb for NO2,
and 1.4 ppb for SO2, respectively. All air pollutants’ levels were well
under the National Air Quality Standard (Fig. S1).

The mean values of age are 13.7 years for twins and 46.4 years for

parents, respectively. There are 48% females and 52% males for twins.
The mean value of BMI for twins is 19.9. DNAm score for exposure to
smoke are higher in parents ( ± ±Mean SD: 1.27 4.85) than those in
twins ( ± ±Mean SD: 2.10 1.67).

Among 41 candidate genes selected, expression levels of 13 genes
have more than 20% missing values (including CCL2, CXCL1, CYP1A1,
F3, GSTT1, HFE, IL6, MPO, NOX1, NQO1, PON1, SELP, and XDH).
These genes were excluded, leaving 28 genes for analysis. Fig. S2 shows
correlations between gene expression levels, air pollutants and ex-
posure to smoke. A positive association was observed for PM2.5 with
NO2 and SO2. We observed some negative associations for expression
levels of some genes with air pollutants and exposure to smoke. Figs.
S3–S10 show cross-correlation between each air pollutant and gene
expression levels among twins and parents. In general, most correla-
tions were observed within 5 days.

3.2. Air pollutant-gene expression associations

Estimates of associations between air pollutant and gene expression
levels among twins are shown in Tables S3–S6. We observed positive
associations between PM2.5 and expression levels of 9 genes at p
value < 0.05 (Table S3), including ATF4, GCLM, GEMIN4, GSTM1,
HSPA8, KLF2, SOD1, TNF, and XBP1, while only the estimates for
HSPA8 and SOD1 were borderline significant at <FDR 0.1 (Table 2).
An increase of 10 μg/m3 in PM2.5 concentration on current day (Lag0)
was associated with 1.023 fold changes for HSPA8 (unadjusted 95%CI:
1.007–1.040) and 1.022 fold changes for SOD1 (unadjusted 95%CI:
1.008–1.037). In addition, an increase of 10 ppb increase in SO2 on lag
0–7 days was related with 1.163 fold changes for AHR expression level
(unadjusted 95%CI: 1.035, 1.308, <FDR 0.1). Negative associations
were observed between SO2 and 11 genes, including DUSP1, GEMIN4,
GPX1, KLF2, PTGS2, TLR4, TNF, TNFRSF1B, TXNRD1, and XBP1, with
most of them found on lag 0–7 days ( <FDR 0.1, Table 2). In particular,
we found a strong evidence for negative associations of DUSP1 (0.909
fold changes, unadjusted 95%CI: 0.851–0.971), KLF2 (0.939 fold
changes, unadjusted 95%CI: 0.899–0.980), TNF (0.788 fold changes,
unadjusted 95%CI: 0.686–0.905), and TNFRSF1B (0.920 fold changes,
unadjusted 95%CI: 0.871–0.972) with per 10 ppb increase in SO2 on lag
0–7 days ( <FDR 0.05, Table 2). Although we observed associations of a
few gene expression levels with NO2 and O3 among twins at

<p value 0.05 (Tables S4 and S6), none of them were significant at
<FDR 0.1. In addition, we did not find any consist pattern across lags

from the analyses for NO2 and O3.
Tables S7–S10 show the associations between air pollutants and

gene expression levels among parents. PM2.5 was negatively associated
with a few genes ( <p value 0.05), including ATF4, CYP1B1, IL8 and
XBP1; NO2 was negatively associated with GSTM; SO2 was negatively
associated with HSPA8, IL8, NFE2L2, PTGS2, and TNF, while positively
associated with AHR, ATF4 and CAT. However, none of these estimates
were significant at <q value 0.1. Furthermore, a similar result was only
observed for the association between SO2 and AHR among twins (1.163
fold changes, unadjusted 95% CI: 1.035, 1.308, per 10 ppb increase on
lag 0–7 days, <FDR 0.1) and parents (1.292 fold changes, unadjusted
95% CI: 1.064–1.570, per 10 ppb increase on lag 0–7 days,

<p value 0.05).

Table 1
The summary of daily concentration of air pollutants and daily mean of meteorological factors.

Variables Minimum 1st quantile Median Mean 3rd quantile Maximum

Temperature (°C) 11.7 17.9 21.6 21.2 24.5 28.5
RH (%) 39.1 66.6 70.3 70.2 74.7 90.7
PM2.5 (µg/m3) 1.9 4.6 5.9 6.2 7.3 15.2
O3 (ppb) 8.3 13.4 15.8 16.3 19.0 21.5
NO2 (ppb) 2.6 4.9 6.5 7.3 9.2 16.2
SO2 (ppb) 0.4 1.0 1.4 1.7 1.8 7.5
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The results of two-pollutant models are shown in Table S12 for
associations between PM2.5 and gene expression levels by adjusting for
other pollutants. Since most associations for PM2.5 ( <p value 0.05)
were observed on the current day exposure among twins (Table S3), the
analysis was limited to current day exposure. Estimates for associations
between PM2.5 and gene expression levels remained similar after ad-
justing for SO2 and O3, while increased after adjustment for NO2. Re-
sults for HSPA8 and SOD1 remained significant at <FDR 0.1 after ad-
justment for NO2 or SO2.

3.3. Difference between MZ and DZ twins

Our analysis among twins in the first stage showed that PM2.5 and
SO2 were associated with some genes at <FDR 0.1 (Table 2). We then
investigated if the associations were different between twin types. The
differences were significant at nominal p value < 0.05 for PM2.5 with
HSPA8, SO2 with AHR and SO2 with DUSP1, while were significant at

<FDR 0.1 for SO2-DUSP1 association only (Table 3). The SO2-DUSP1
association was greater for MZ twins (0.798 fold changes, unadjusted
95%CI: 0.726–0.876, per 10 ppb increase on lag 0–7 days), and not
significant for DZ twins. We did not find evidence of difference for other
genes.

4. Discussion

In this study, we examined the associations between short-term
exposure to four key air pollutants (PM2.5, O3, NO2, and SO2) at daily
life conditions and expression levels of candidate genes from whole
blood in Brisbane- a city with low level of air pollutants. We found
suggestive evidences for positive association between PM2.5 and ex-
pression levels of HSPA8 and SOD1 among twins ( <FDR 0.1), with DZ
twins had a stronger association for HSPA8 expression levels (p
value < 0.05), despite of a q value > 0.1. We also found increased
AHR expression levels ( <FDR 0.1) while decreased expression levels of

Table 2
Fold changes and 95% unadjusted confidence intervals (CI) for expression levels of genesa in associations with an increase in pollutant’s daily concentration (10 μg/
m3 increase in PM2.5, and 10 ppb increase for NO2, SO2 and O3) among twins.

Gene Probe ID Pollutant Lagb Fold changes 95% CI p value FDR§

HSPA8 ILMN_1686367 PM2.5 Lag0 1.023 1.007, 1.039 0.005 0.075
HSPA8 ILMN_2413084 PM2.5 Lag0 1.023 1.007, 1.040 0.006 0.075
SOD1 ILMN_1662438 PM2.5 Lag0 1.022 1.008, 1.037 0.003 0.075
AHR ILMN_2162799 SO2 Lag0-7 1.163 1.035, 1.308 0.012 0.051
DUSP1* ILMN_1781285 SO2 Lag0-7 0.909 0.851, 0.971 0.005 0.046
GEMIN4 ILMN_1770206 SO2 Lag0-7 0.859 0.759, 0.971 0.016 0.060
GPX1 ILMN_1749662 SO2 Lag0-7 0.921 0.865, 0.982 0.013 0.051
KLF2* ILMN_1735930 SO2 Lag0-7 0.939 0.899, 0.980 0.005 0.046
PTGS2 ILMN_2054297 SO2 Lag0-7 0.795 0.669, 0.945 0.010 0.051
TLR4 ILMN_1706217 SO2 Lag0-7 0.855 0.759, 0.963 0.011 0.051
TNF* ILMN_1728106 SO2 Lag0-7 0.788 0.686, 0.905 0.001 0.033
TNFRSF1B* ILMN_1764788 SO2 Lag0-7 0.920 0.871, 0.972 0.003 0.046
TXNRD1 ILMN_1717056 SO2 Lag0-7 0.846 0.748, 0.957 0.008 0.051
XBP1 ILMN_1809433 SO2 Lag0-1 0.931 0.888, 0.975 0.003 0.095
XBP1 ILMN_1809433 SO2 Lag0-7 0.928 0.872, 0.988 0.020 0.067

§ Benjamini-Hochberg false discovery rate FDR( ).
a Results were only shown for genes which showed association with air pollutants at FDR < 0.1.
b Lag indicates exposure time period (Lag0: current day; Lag0-7: moving average of daily concentration of air pollutants for 0–7 days preceding gene expression

measurement).
* FDR < 0.05.

Table 3
Interaction between air pollutant and twin types.

Genea Probe ID Pollutant Lagb Fold change (95% CI)c for MZ twins Fold change (95% CI)c for DZ twins p valued FDRd

HSPA8 ILMN_1686367 PM2.5 Lag0-1 0.991 (0.961, 1.022) 1.031 (1.009, 1.054) 0.025 0.125
HSPA8 ILMN_2413084 PM2.5 Lag0-1 0.991 (0.961, 1.022) 1.031 (1.009, 1.054) 0.040 0.150
SOD1 ILMN_1662438 PM2.5 Lag0 1.011 (0.987, 1.036) 1.027 (1.010, 1.044) 0.326 0.540
AHR ILMN_2162799 SO2 Lag0-7 0.978 (0.829, 1.154) 1.261 (1.100, 1.446) 0.022 0.125
DUSP1* ILMN_1781285 SO2 Lag0-7 0.798 (0.726, 0.876) 0.960 (0.889, 1.037) 0.003 0.045
GEMIN4 ILMN_1770206 SO2 Lag0-7 0.787 (0.657,0.942) 0.877 (0.758,1.015) 0.360 0.540
GPX1 ILMN_1749662 SO2 Lag0-7 0.964 (0.879,1.057) 0.889 (0.825,0.957) 0.180 0.386
KLF2 ILMN_1735930 SO2 Lag0-7 0.942 (0.885,1.003) 0.927 (0.881,0.976) 0.707 0.884
PTGS2 ILMN_2054297 SO2 Lag0-7 0.666 (0.518,0.856) 0.858 (0.699,1.052) 0.621 0.847
TLR4 ILMN_1706217 SO2 Lag0-7 0.741 (0.623,0.881) 0.903 (0.784,1.039) 0.084 0.215
TNF ILMN_1728106 SO2 Lag0-7 0.787 (0.64,0.967) 0.778 (0.661,0.916) 0.934 0.995
TNFRSF1B ILMN_1764788 SO2 Lag0-7 0.887 (0.818,0.962) 0.935 (0.876,0.998) 0.321 0.540
TXNRD1 ILMN_1717056 SO2 Lag0-7 0.974 (0.945, 0.990) 0.987 (0.973, 1.002) 0.086 0.215
XBP1 ILMN_1809433 SO2 Lag0-1 0.993 (0.986, 0.999) 0.992 (0.986, 1.000) 0.995 0.995
XBP1 ILMN_1809433 SO2 Lag0-7 0.992 (0.985, 0.999) 0.991 (0.984,0.999) 0.973 0.995

a Interaction effect was investigated for genes in association with air pollutants at FDR < 0.1 (i.e., genes shown in Table 2).
b Lag indicates exposure time period (Lag0–1 and Lag0–7: moving average of daily concentration of air pollutants for 0–1 and 0–7-days preceding gene expression

measurement, respectively).
c Fold changes and 95% unadjusted confidence intervals for expression levels of genes in associations with an increase in pollutant’s daily concentration (10 μg/m3

increase in PM2.5 and 10 ppb increase for SO2).
d p value and FDR for interaction term (i.e., differences of association estimates between MZ and DZ).
* FDR < 0.1.
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DUSP1, KLF2, TNF, and TNFRSF1B attributable to increases with SO2

among twins ( <FDR 0.05), with MZ twins had a stronger association
for DUSP1 expression level. We did not find strong evidence linking O3

and NO2 to gene expression levels among twins. Although some asso-
ciations observed for all pollutants among parents (p value < 0.05),
none of them were significant after multiple testing adjustment.

The altered gene expression levels in association with short-term
exposure to PM2.5 has been reported by only a few studies (Espín-Pérez
et al., 2018; Chen et al., 2018; Winckelmans et al., 2017). Chen et al.
(2018) conducted a double-blind, randomized crossover study among
55 healthy young adults with a mean age of 20 years to compare gene
expression levels between two distinctly different scenarios of PM2.5

exposure under which true and sham air purifiers were used, respec-
tively. They found a decreasing expression levels of several genes, in-
cluding TNF, in comparison of the true- and sham-purified air scenario
(mean value for time-weighted personal PM2.5 exposure: 24.3 μg/m3 vs,
53.1 μg/m3). However, we did not find evidence for associations be-
tween PM2.5 and TNF expression levels. Winckelmans et al. (2017) in-
vestigated associations of 7 MitoCarta genes among 169 participants
with short- (lag 0–7 days), medium- (one month before blood sam-
pling), and long-term exposure (two-year averages) to PM2.5 but only
found a strong evidence for medium- and/or long-term exposure among
women (mean age: 58 years). Similarly, we did not find strong evidence
for associations of gene expression levels with PM2.5 across lag
0–7 days, but our findings suggested a positive association of HSPA8
and SOD1 expression levels with exposure to PM2.5 on current day
among twins ( <FDR 0.1). Furthermore, a recent investigation (Espín-
Pérez et al., 2018) reported associations of blood mRNA and microRNA
expression levels with the 2-h of exposure to low levels of air pollutants
among 89 healthy nonsmokers. Although it did not report results for
candidate genes included in current study, together with our findings
for PM2.5, a short-term effect of PM2.5 may exist on gene expression
levels even at low exposure level.

We selected most genes based on an exploratory panel study
(Wittkopp et al., 2016) conducted among 43 participants in Los Angles
(LA) and expected similar findings. However, we did not find any si-
milar associations for PM2.5. In LA study, Wittkopp et al. (2016) ex-
amined the association between short-term exposure to air pollutants
(including elemental and organic carbon, and black carbon in PM2.5,
and size-fractionated PM mass in vitro assay of ROS) and gene ex-
pression levels in a cohort of elderly subjects with coronary artery
disease. They observed a positive relationship of Nrf2-related gene
expression levels with traffic-related PM components (including ele-
mental and organic carbon, primary organic carbon, and polycyclic
aromatic hydrocarbons) with different results for specific gene and
component. For example, the largest association with NFE2L2 was for
the 7-day average of primary organic carbon in PM2.5 (2.51 fold-
change, unadjusted 95% CI: 1.18–5.53, per IQR increase (2.39 μg/m3)),
while no strong evidence was found for size-fractionated PM mass in
vitro assay of ROS and organic carbon in PM. Therefore, it is possible
that expression levels of same gene may have a different response to
different PM components. This may be one of the reasons for different
findings observed in our investigation, due to potential variation in PM
components between LA and Brisbane. On the other hand, Wittkopp
et al. (2016) focused on elderly subjects with coronary artery disease.
Elderly population, especially those with preexisting diseases, may be
more susceptible to environmental toxicants, and their time-activity
pattern can also be different, which may lead to inconsistent observa-
tions with our findings in general population. Wittkopp et al. (2016)
also included O3 in their analysis and did not find any evidence for its
associations with gene expression levels, which is consistent with our
results for O3, despite different target population and exposure level
(mean value: 24.9 ppb in LA vs. 16 ppb in Brisbane).

We found strong evidence for negative associations between SO2

and DUSP1, KLF2, TNF, and TNFRSF1B across lag 0–7 days
( <FDR 0.05, Table 2), and suggestive evidence for its positive

association with only one gene—AHR among twins ( <FDR 0.1, Table
S5). However, no strong evidence was discovered for NO2 ( >FDR 0.1).
Little evidence is available from population based epidemiological
studies for short-term effect of SO2 and NO2 on gene expression levels.
Studies (Yun et al., 2011; Bai and Meng, 2005) in rats reported an in-
crease in gene expression levels in association with SO2 inhalation with
a concentration ranging from 7 to 56 mg/m3, despite a weak evidence
for the increase at low concentration. Instead of focusing on NO2, two
epidemiological studies (Wittkopp et al., 2016; Mostafavi et al., 2017)
investigated associations of gene expression levels with short- and long-
term exposure to NOx and reported positive associations for several
genes at high concentrations (e.g., 56.5 ppb). The concentration in our
study ranged from 0.4 to 7.5 with mean value of 1.7 ppb for SO2 and
from 2.6 to 16.2 with mean value of 6.5 ppb for NO2, which may ex-
plain our weak evidence for SO2 and NO2. However, negative associa-
tions observed between SO2 and certain genes (DUSP1, KLF2, TNF, and
TNFRSF1B) in our study may not be attributed to low exposure level
and requires further investigations.

We observed a consistent finding between twins and parents only
for the association between SO2 and AHR. Despite of studies reporting
AHR in association with air pollutants, most of them investigated
polycyclic aromatic hydrocarbons (Wittkopp et al., 2016; Lawal, 2017),
instead of SO2. Our finding suggests a potential link between SO2 and
AHR, however confirmation is required from other studies in the future.
In addition, we did not observe strong evidence among parents for as-
sociations between air pollutants and gene expression levels, which
may be partly due to the following reasons: 1. Small sample size is
included in parent group (349 twins V.S. 135 parents); 2. Twins are
mostly teenagers while parents are generally working adults. Thus,
their time-activity patterns can be quite different, which subsequently
lead to different individual exposure level to various air pollutants.
Younger population in twins may spend more time outdoor resulting in
higher exposure to outdoor air pollutants, thus we were able to find
some evidence for associations between air pollutants and gene ex-
pression levels among twins. However, we observed some associations
in different direction between twins and parents, which is difficult to be
explained by arguments above. Further investigations are required to
explore the underlying reasons for such inconsistency.

Notably, gene expression levels in MZ and DZ twins collected for our
investigation gave us a unique opportunity to explore differences in
responses of gene expression levels to air pollutants by zygosity, which
may provide some insights into the roles of ‘nature and nurture’ in the
response of gene expression to air pollutants. We found some evidence
that MZ twins were more associated for SO2 and DUSP1 compared with
DZ twins. Under the equal environment assumption, i.e., MZ twins
shared the environment to the same extent as DZ twins, the different
responses of DUSP1 expression level may be due to MZ twins sharing
more genes than DZ twins. This result implies that there might be a
gene-environment interaction underlying the association between SO2

and DUSP1. Although no evidence suggesting the genetic background
modifies the other observed associations in Table 2, the sample size
may have limited our statistical power to detect such effects. The roles
of gene and environment in air pollution-related health impacts need
more investigation.

Our investigation may contribute to existing evidence in following
ways: First, it showed some evidence for associations of gene expression
levels with air pollutants at short-term of low exposure levels among gen-
eral population at daily life conditions; Second, it found some evidence that
genetic background modify the association between SO2 and DUSP1.

Some limitations need to be noted. We used measurements from
fixed monitoring stations to represent individual exposure level to air
pollutants, which may lead to measurement error and some biases in
our final assessment. In addition, we did not include susceptible po-
pulation in our analysis who may suffer more from air pollution. At last,
we did not account for potential modifiers (e.g., socio-economic status
and physical activities) in our analysis, due to the data availability.
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5. Conclusion

This study investigated the short-term effect of air pollutants at a
relatively low exposure level on gene expression levels. We identified
some associations between air pollutants and gene expression level and
found some evidence that an individual’s genetic background modifies
the association between SO2 and DUSP1. Our findings may help bridge
the gap of epidemiological studies with both in vivo and in vitro tox-
icological experiments and shed some light on the role of nature-nur-
ture in the response of gene expression to air pollution. Additional re-
search is required to confirm our findings and to characterize the role of
gene-related biopathway in air pollution-related health impact, by
using individual exposure level and including susceptible population
and detailed genetic information.
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