
Interactions between environmental pollutants and
genetic susceptibility in asthma risk
Hanna Johansson1, Tesfaye B Mersha1,2, Eric B Brandt1 and
Gurjit K Khurana Hershey1,2

Available online at www.sciencedirect.com

ScienceDirect
Exposure to air pollution is associated with enhanced risk of

developing asthma, notably in the presence of genetic risk

factors. Interaction analyses have shown that both outdoor and

indoor air pollution interact with genetic variability to increase

the incidence of asthma. In this review, we summarize recent

progress in candidate gene-based studies, as well as genome-

wide gene-air pollution interaction studies. Advances in

epigenetics have provided evidence for DNA methylation as a

mediator in gene-air pollution interactions. Emerging strategies

for study design and statistical analyses may improve power in

future studies. Improved air pollution exposure assessment

methods and asthma endo-typing can also be expected to

increase the ability to detect biologically driven gene-air

pollution interaction effects.

Addresses
1Division of Asthma Research, Cincinnati Children’s Hospital Medical

Center, Cincinnati, OH, United States
2Department of Pediatrics, University of Cincinnati College of Medicine,

Cincinnati, OH, United States

Corresponding author: Khurana Hershey, Gurjit K

(Gurjit.Hershey@cchmc.org)

Current Opinion in Immunology 2019, 60:156–162

This review comes from a themed issue on Allergy and

hypersensitivity

Edited by Pamela A Frischmeyer-Guerrerio and Joshua D Milner

For a complete overview see the Issue and the Editorial

Available online 28th August 2019

https://doi.org/10.1016/j.coi.2019.07.010

0952-7915/ã 2019 Elsevier Ltd. All rights reserved.

Background
Asthma is a highly heterogeneous disease, for which a

large number of both genetic and environmental risk

factors have been identified [1,2]. Twin studies have

allowed estimates of asthma heritability ranging from

0.35 to 0.8 [3]. It has, however, become clear that the

asthma-associated genetic variants identified so far col-

lectively account for a very small amount of the estimated

asthma heritability [4]. One of the several possible expla-

nations for this is that some genetic variants only confer

risk in individuals exposed to certain environmental
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factors, and these interactions between genes and envi-

ronmental risk factors need to be taken into account to

fully understand the impact of genetics on asthma risk

(Figure 1). Exposure to ambient air pollution (AAP)

emitted by vehicles and industrial sources has been

associated with asthma risk in both children and adults

[5–8]. AAP is a complex mix of particulate matter (PM)

and gaseous components, of which PM < 2.5 mm in diam-

eter (PM2.5), PM < 10 mm in diameter (PM10), nitrogen

dioxide (NO2), sulphur dioxide (SO2), and ozone (O3) are

among the most studied. Exposure to AAP is known to

initiate complex signaling pathways involving oxidative

stress and inflammation, resulting in an increased risk of

respiratory disease [9]. In addition to outdoor sources of

air pollution, exposure to air pollution may also occur

indoors, and the most commonly studied source of indoor

air pollution is environmental tobacco smoke (ETS).

Similar to AAP, exposure to ETS can provoke oxidative

stress and inflammation, and is well known to be associ-

ated with asthma development in both children and

adults [10].

The study of gene by environment (GxE) interactions has

the potential to greatly increase our understanding of the

etiology underlying the development of different asthma

phenotypes, and to identify vulnerable groups who are at

increased risk of asthma. The complex statistical tests

involved, however, require large sample sizes and very

high-quality data on environmental exposures, confoun-

ders, and outcomes. So far, the discovery of novel GxE

interactions is lagging behind expectations [11]. In this

review, we summarize the most recent studies of gene-air

pollution interactions. Among the vast number of studies

in this field, we limit ourselves to studies of interactions

between genes and AAP, TRAP, and ETS exposure,

although other types of air pollution can also contribute

to respiratory health risks. This review is not meant to be

comprehensive, but to provide an update on recent stud-

ies of interest. In addition, the role of epigenetic changes

in mediating GxE interactions will be explored, and

finally novel strategies and future approaches in this field

will be discussed.

Gene-air pollution interaction in asthma risk
As is the case for genetic association studies, investigations

of GxE interactions involve either hypothesis-driven stud-

ies of candidate genes or agnostic genome-wide scans. The

statistical analyses are more challenging, however, because
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Summary of the processes leading to gene-air pollution interaction effects in asthma. Inhaled particulate and gaseous components and allergens

activate inflammatory and oxidative stress-related pathways in the airways. Genetic variation may result in allele-specific air pollution-related

epigenetic modifications of genes involved in the development of asthma.
of the inherently low power of tests that include interaction

terms. Crucial to the success of all GxE interaction studies

is accurate and valid exposure assessment. A further com-

plication is that the underlying biological mechanism of the

response to individual pollutants may differ between low-

range and high-range exposures. The most common

method for exposure assessment in recent gene-AAP inter-

action studies is land use regression (LUR), which usually

combinessampling ofpollutants at stationary locationswith

regression modeling that takes into account environmental

characteristics and other predictor variables to obtain esti-

mates for unmonitored locations, for example, residential

addresses. Other methods include air dispersion models,

remote sensing by satellites, and traffic-related air pollution

(TRAP) proxy measurement such as distance to major

highways. The advantages and limitations of different air

pollution assessment methods have been reviewed else-

where [12,13].

Air pollution is a global problem that is especially severe in

developing countries in Asia, Africa, and South America.

Local specificities regarding the nature and severity of air

pollutantsaswellas the ancestryof thepopulationwill likely

results in the identification of different genes and pathways

from cohorts of European origin. Studies from these devel-

oping countries are therefore of high importance.

Studies of GxE interactions in highly admixed populations

presents additional difficulties. Different ancestral popula-

tions often have differing allele frequencies, which may

obscure the genetic component. Furthermore, the genetic

component may be confounded by environmental
www.sciencedirect.com 
covariates, and this can inflate Type I errors. Admixture,

the mixing of genetically diverse populations, can, however

also be leveraged to detect interaction effects. Localizing

disease genes using an admixed population is called admix-

ture mapping. In the study of GxE interaction, admixture

mapping may provide clues to the relative contribution and

the effect size of genetic factors contributing to the differ-

ential risk. It can also track environmental influences such as

socioeconomic status, access to health care, and socio-cul-

tural factors that influence complex diseases including

asthma [14]. For example, if an excess of global African

(or European) ancestry is noted across the entire genome in

the affected group relative to the control group but there is

no significant rise in local ancestry at a particular locus, this

may point to a stronger role for non-genetic or socio-envi-

ronmental factors (e.g. access to health care, diet, or life-

style). These insights are critical to developing public health

policies and interventions to reduce the asthma burden due

to environmental factors, and to improve clinical outcomes

for diseases with a biological basis through ancestry-specific,

personalized, drug therapies, and genetic screening.

Candidate gene approaches
Focused studies of individual candidate genes selected

based on biological plausibility has so far been the main

approach for the analysis of GxE interactions, and most

studies of interactions between genes and air pollution

have focused on genes involved in oxidative stress and

inflammatory responses.

Members of the family of glutathione S-transferases

(GST) are among the best studied candidate genes in
Current Opinion in Immunology 2019, 60:156–162
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gene by air pollution interactions. Two recent systematic

reviews have summarized the evidence for interactions

between GSTs, including GSTM1, GSTP1, and GSTT1,

and TRAP exposure and ETS, respectively [15,16]. A

majority of studies of GSTP1 found that this gene inter-

acted with one or several TRAP components to modify

the risk of allergic airway disease, but not all of the

findings were consistent with regard to direction of the

effects [15]. The heterogeneity of the studies with regard

to age of exposure, TRAP exposure assessment method,

geographic area, and outcome definition precluded meta-

analysis, and may explain inconsistencies in the results.

With regard to indoor air pollution, mainly ETS, Dai et al.
[16] found that 15 of 22 studies supported an interaction

effect between indoor air pollution and GSTs. Similar to

TRAP exposure, findings were not consistent with regard

to risk alleles and specific exposures, and again, meta-

analysis of the studies was not possible because of vari-

ability in exposure age and definitions, as well as outcome

measures.

The chromosomal region 17p11 has been implicated in an

early genome-wide linkage screen of asthma and bron-

chial hyper-responsiveness (BHR) in the presence of a

gene x early life ETS exposure interaction [17]. More

recently, Dizier et al. [18] conducted a fine-scale mapping

of this region to identify specific SNPs interacting with

ETS to modify the risk of BHR. A single SNP mapping to

the ciliary gene Dynein Axonemal Heavy Chain 9

(DNAH9) interacted significantly with ETS.

Semi-agnostic screens can be a useful way to explore

many candidate genes simultaneously with far smaller

multiple testing penalties than in genome-wide scans.

This approach was taken in a study involving children

recruited from either highly polluted urban areas or less

polluted rural regions in the Czech Republic in order to

assess the interactions between ambient Benzo[a] pyrene

(B[a]P) and 621 SNPs in genes involved in oxidative

stress response, DNA repair, xenobiotics metabolism,

and inflammation [19�]. The large eightfold difference

in median B[a]P between rural and urban areas during the

period of investigation may have increased the power of

the analysis, which found that the immune response

genes CTLA4 and STAT4 and the cytochrome P450

gene CYP2E1 interacted with high levels of B[a]P to

increase the risk of pediatric asthma.

Genome-wide environment interaction (GWEI)
studies
Although hypothesis-driven studies of candidate genes

are useful, they are limited to genes already identified by

the existing knowledge about the etiology of asthma. A

more comprehensive and unbiased approach is to scan the

entire genome for GxE effects.. These genome-wide

GxE scans are very challenging because of the large

samples sizes required and the multiple testing
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corrections involved. Most GWEI studies adopt a step-

wise analytical approach, with an initial screen for mar-

ginal genetic effects or a test that models G-E associations

in controls and cases combined [20]. SNPs selected in the

first step are included in a formal interaction test.

Gref [21��] performed a meta-analysis of genome-wide

gene-NO2 interaction results from three European birth

cohorts, followed by validation by look-up analysis of the

SNPs with the lowest interaction P values in two North

American cohorts. LUR was used for NO2 exposure

assessment. In the primary discovery model, 186 SNPs

with P < 1 � 10�4 were identified, and these SNPs were

selected for validation in validation cohorts. Eight SNPs

located in or near B4GALT5, MOCOS, ADCY2, and

DLG2 had nominally significant interaction effects

(P < 0.05), although the direction of the effect was only

consistent for the G-protein-coupled receptor associated

enzyme encoded by ADCY2. This study illustrates the

advantages of larger sample sizes with meta-analysis over

several cohorts, but also the drawbacks that can lower the

power of the analysis, such as study heterogeneity

involving, for example, differences in timing and meth-

odology of exposure assessment and different outcome

definitions.

In a Dutch GWEI study of ETS in adults with FEV1 as

the outcome, 45 SNP-by-ETS interaction were identified

after multiple testing correction [22], and two of these

were replicated in at least one of two replication cohorts.

Pathway analysis identified one significantly enriched

pathway involving apoptosis. In addition, the p38 MAPK

pathway and the tumor necrosis factor pathway were

suggestively enriched.

The role of epigenetics in air pollution-gene
interactions
Because of recent advances in epigenetics, we are begin-

ning to gain an understanding of possible mechanisms

underlying air pollution-gene interactions. The vast

majority of asthma-associated SNPs are located in non-

coding regions of genes [23], and many of these SNPs

overlap with CpG dinucleotides that are potential targets

of methylation. Epigenetic methylation of DNA occurs at

CpG sites in promoter regions as well as enhancer regions

in introns and elsewhere. Both global and specific meth-

ylation changes are associated with transcriptional dysre-

gulation leading to asthma (Figure 2) [24,25].

Several recent studies have strengthened the evidence for

associations between DNA methylation and air pollution

exposure in utero, in childhood, and in adults [26]. In a

meta-analysis of cord blood methylation data from epi-

genome-wide scans in four European and North Ameri-

can studies, significant associations were found between

maternal NO2 exposure and methylation of CpGs in

catalase and thyroid peroxidase in newborns [27�].
www.sciencedirect.com
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Figure 2
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Schematic representation of a suggested biological mechanism for

gene-air pollution interactions involving allele-specific DNA methylation

of genetic loci as a result of exposure to air pollution.
Interestingly, in a controlled human cross-over study,

sequential exposure to aeroallergens and diesel exhaust

particles (DEP) was associated with greater changes in

methylation patterns in the bronchial epithelium than

either exposure alone [28��].

Furthermore, methylation changes are also known to be

associated with asthma [29–31]. In a recent study, asthma

was shown to be associated with methylation of Forkhead

Box P3 (FOXP3) and IL10, and FOXP3 methylation was

associated with NO2, CO, and PM2.5 exposures, respec-

tively [32�]. Methylation at a single site in the Tet

Methylcytosine Dioxygenase 1 (TET1) promoter was

associated with both TRAP exposure and asthma in

African-American children [33].

The GWEI study by Gref [21��] mentioned above illus-

trates the usefulness of integrating epigenetics and gene

expression analysis with GxE studies. SNPs identified in

the GxE analyses were evaluated for expression quantita-

tive trait locus effects and for gene expression and meth-

ylation changes in peripheral blood, and it was found that

SNPs in ADCY2 was associated with ADCY2 gene expres-

sion in peripheral blood. Furthermore, methylation changes

were found for SNPs in ADCY2, DLG2, and MOCOS.

There are so far few studies of the effect of air pollution

on DNA methylation in the context of allergic responses

using cell based or animal models. Exposure of human

bronchial epithelial cells to DEP or house dust mites both

results in elevated expression TET1 and DNMT1, which

are involved in DNA methylation [34]. Prenatal exposure
www.sciencedirect.com 
to ETS in mice was shown to result in enhanced inflam-

matory responses to later house dust mite exposure, as

well as methylation changes in IL4, IL13, IFNg, and

FOXP3 [35�]. These results in part mirror an earlier study,

in which increased inflammatory responses following co-

exposure to Aspergillus fumigatus and DEP in mice was

associated with a greater level of methylation at CpG sites

in the IFNg promoter, whereas DEP exposure alone had

no effect [36].

Further use of animal models and in vitro systems with

relevant cell types will likely be useful tools for exploring

the role of asthma loci as epigenetic regulators and have

the potential to contribute a great deal to the understand-

ing of the mechanisms behind GxE interactions.

Future directions
New analytical strategies

Low power due to multiple-testing penalties remains a

substantial challenge in GWEI studues. To address this

problem, strategies that have been developed recently to

increase samples sizes and to further improve analytical

techniques. One way to increase power in GWEI studies

is to reduce multiple testing penalties by consolidating

genetic variation loci into biologically defined sets, such

as sets of variants mapping to a particular gene, a genomic

region, or a biological pathway, and test the interaction

between the set as a whole and the exposure of interest

[37�,38,39].

A possible strategy to leverage existing biological infor-

mation is to assign weight to genetic loci based on

transcriptomics and epigenomics annotation, locations

of eQTLs and regulatory regions, and/or biological path-

way analysis. Biologically assigned weights of loci can be

used as input in genome-wide GxE screens, which may

result in greater power and more functionally relevant

results. This strategy may be combined with a two-step

approach including an initial screen of loci followed by

GxE analysis to further increase power (Figure 3).

Another approach to increase power in GxE studies by

increasing the total sample size is the use of cohort consor-

tia. As mentioned under ‘Gene-air pollution interaction in

asthma risk’, however, AAP is a complex mix of particulate

and gaseous components, and the composition can vary

from region to region depending on the sources of emission.

This may complicate the interpretation of results from

consortium-based studies. In addition, confounding fac-

tors, such as diet, socio-economic status, and ancestry may

differ from region to region and from cohort to cohort, and

every effort needs to be made to control for these factors.

Improved air pollution exposure assessment and

phenotyping methods

Critical to the success of GxE studies, as well as replica-

tion and meta-analyses of previous findings, is the
Current Opinion in Immunology 2019, 60:156–162
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Figure 3
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Proposed strategy for incorporating existing biological information into the analysis of gene-air pollution interactions. The approach can be

combined an initial screening step, and the study design can be case-control or case only.
refinement and harmonization of air pollution exposure

assessment. Although recently developed low-cost moni-

tors do not yet provide the accuracy and sensitivity of

scientific-grade instruments, their low cost means that

greater density of measurements can be obtained for

longer periods of time [40,41]. Furthermore, various types

of mobile vehicle-based monitoring stations have been

developed for measurements of fine-scale spatial varia-

tions that can be used for LUR estimates [42–44].

New approaches for dynamic exposure assessment have

also been developed to take into account the spatial

mobility of study subjects. This may involve incorporat-

ing GPS to obtain time-weighted exposures at multiple

locations, and cell phones provide a convenient means of

retrieving location data. Portable personal monitors have

the advantage of providing direct exposure values at

given time points. However, developing accurate and

truly wearable personal monitors of air pollutants repre-

sents a technological challenge [45], and so far, there are

few studies incorporating their use.

As mentioned above, the age of assessed exposure varies

greatly for both AAP and ETS studies, and better consis-

tency between studies would help facilitate replication

and meta-analyses of results. Animal models could be of

help in formulating hypotheses regarding critical win-

dows of exposure.

Finally, as mentioned above, asthma is a highly hetero-

geneous disease, and progress is being made in identify-

ing clinically, biologically, and genetically defined phe-

notypes and endotypes that may have different etiologies

and risk factors [46,47]. More precise outcome definitions

in the study of asthma GxE interactions may increase the

power in the analyses and produce more meaningful

results.
Current Opinion in Immunology 2019, 60:156–162 
Conclusions
Although recent gene-air pollution interactions studies

have incorporated some promising strategies, low power

is still a major challenge and continues to impede the

identification and replication of interacting genetic loci.

Improvements in air pollution exposure assessment and

more precise asthma phenotype definitions may help

increase power in analyses and should be a priority. New

analytical strategies such as set-based analysis should be

applicable in this area and may help in exploring interac-

tions between air pollution and candidate genes or path-

ways. Integrating transcriptomics and epigenetics with

genome-wide GxE scans can provide supporting evidence

for interactions. Progress has been made in examining the

role of epigenetics in mediating interaction effects, and

animal models should provide further insight into how

DNA methylation and other epigenetic mechanisms are

involved in gene-air pollution interactions.
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