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A B S T R A C T

Background: Evidence is emerging that poor mental health is associated with the environmental exposures of
surrounding green, air pollution and traffic noise. Most studies have evaluated only associations of single ex-
posures with poor mental health.
Objectives: To evaluate associations of combined exposure to surrounding green, air pollution and traffic noise
with poor mental health.
Methods: In this cross-sectional study, we linked data from a Dutch national health survey among 387,195 adults
including questions about psychological distress, based on the Kessler 10 scale, to an external database on
registered prescriptions of anxiolytics, hypnotics & sedatives and antidepressants. We added data on residential
surrounding green in a 300m and a 1000m buffer based on the Normalized Difference Vegetation Index (NDVI)
and a land-use database (TOP10NL), modeled annual average air pollutant concentrations (including particulate
matter (PM10, PM2.5), and nitrogen dioxide (NO2)) and modeled road- and rail-traffic noise (Lden and Lnight) to
the survey. We used logistic regression to analyze associations of surrounding green, air pollution and traffic
noise exposure with poor mental health.
Results: In single exposure models, surrounding green was inversely associated with poor mental health. Air
pollution was positively associated with poor mental health. Road-traffic noise was only positively associated
with prescription of anxiolytics, while rail-traffic noise was only positively associated with psychological dis-
tress. For prescription of anxiolytics, we found an odds ratio [OR] of 0.88 (95% CI: 0.85, 0.92) per interquartile
range [IQR] increase in NDVI within 300m, an OR of 1.14 (95% CI: 1.10, 1.19) per IQR increase in NO2 and an
OR of 1.07 (95% CI: 1.03, 1.11) per IQR increase in road-traffic noise. In multi exposure analyses, associations
with surrounding green and air pollution generally remained but attenuated. Joint odds ratios [JOR], based on
the Cumulative Risk Index (CRI) method, of combined exposure to air pollution, traffic noise and decreased
surrounding green were higher than the ORs of single exposure models. Associations of environmental exposures
with poor mental health differed somewhat by age.
Conclusions: Studies including only one of these three correlated exposures may overestimate the influence of
poor mental health attributed to the studied exposure, while underestimating the influence of combined en-
vironmental exposures.

1. Introduction

Mental health disorders are one of the most important public health
challenges in Europe (WHO, 2015). It has been estimated that mental
health disorders affect more than one third of the European population
every year, the most common of these disorders being depression and

anxiety (WHO, 2015). Mental health is affected by both personal
characteristics and environmental exposures. The built, natural, and
social environments can either increase or decrease the risk of mental
health disorders (Helbich, 2018).

Recently, several epidemiological studies that investigated associa-
tions of long-term exposure to surrounding green, air pollution or traffic
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noise with poor mental health have been published. Several studies
found an increased risk of poor mental health with increasing exposure
to air pollution or traffic noise (Pun et al., 2017; Power et al., 2015;
Kioumourtzoglou et al., 2017; Kim et al., 2016; Vert et al., 2017; Seidler
et al., 2017; Halonen et al., 2014; Orban et al., 2016; Sygna et al., 2014;
Bocquier et al., 2013; Zijlema et al., 2016). Most studies that in-
vestigated the association between surrounding green and poor mental
health, reported a reduced risk of poor mental health with increasing
surrounding green (Triguero-Mas et al., 2015; Sugiyama et al., 2008;
Alcock et al., 2014; Beyer et al., 2014; Sturm and Cohen, 2014; de Vries
et al., 2016; Annerstedt et al., 2012; Van den Berg et al., 2010; Gascon
et al., 2018).

Exposures to surrounding green, air pollution and road-traffic noise
are generally spatially correlated due to common sources of air pollu-
tion and road-traffic noise and to absence of these sources in green
areas (Hystad et al., 2014; Thiering et al., 2016; Markevych et al.,
2017). We previously reported that surrounding green was negatively
correlated with air pollution and traffic noise in the Netherlands
(Klompmaker et al., n.d.). However, the large majority of studies on the
associations of surrounding green, air pollution or traffic noise on
mental health have evaluated only one of these environmental ex-
posures, ignoring potential confounding by or interaction with the
other two (Gascon et al., 2015; Tzivian et al., 2015).

The aim of this study was to evaluate associations of combined long-
term exposure to surrounding green, air pollution and traffic noise with
poor mental health in a large national health survey of 387,195 adults.
As mental health outcomes, we used self-reported psychological dis-
tress, registered prescription of anxiolytics, hypnotics & sedatives and
antidepressants. We hypothesized that surrounding green is inversely
associated and that air pollution and traffic noise are positively asso-
ciated with poor mental health in single exposure models; and that
these associations are affected by the inclusion of other exposures.

2. Methods

We specifically analyzed potential confounding and interaction of
long-term exposure to surrounding green, air pollution and road-traffic
noise. In addition, we analyzed mediation effects to evaluate whether
decreased levels of air pollution and road-traffic noise are possible
mechanisms underlying potential beneficial effects of surrounding
green on poor mental health. For the mediation analyses, we thus as-
sumed a causal effect between surrounding green and air pollution and
road-traffic noise, while for the confounding analyses we assumed a
non-causal effect. Air pollution and road-traffic noise were treated as
mutual confounders, because one exposure is not on the causal pathway
of the other exposure to health effects. Residential air pollution con-
centrations and traffic noise levels are affected both by local sources
(whose impact can be reduced by green, the causal component) and by
sources further away than local surrounding (the non-causal compo-
nent). If more local surrounding green reduces the number of air pol-
lution emitting sources, this effect is causal. An example of a non-causal
relation is that residential air pollution concentrations and traffic noise
levels are generally higher and greenness lower in city centers of major
cities due to air pollution and traffic noise sources further away than
300 - 1000m, buffer sizes used to represent surrounding green.

2.1. Study design and study population

We used data from a national health survey (Public Health Monitor,
PHM (Gezondheidsmonitor Volwassenen GGD-en, CBS en RIVM 2012))
that covered issues related to personal characteristics, lifestyle, socio-
economic status (SES) and physical and mental health. The PHM was
conducted by 28 regional Public Health Services, Statistics Netherlands
(CBS) and the National Institute for Public Health and the Environment
(RIVM) in 2012. The elderly (≥65 years) were oversampled as part of
the design of the PHM. The PHM includes information on 387,195

citizens aged ≥19 years, the response rate was 47%. The address of
each subject was geocoded; hence no individuals were excluded due to
missing geocodes.

Statistics Netherlands has enriched the PHM with information on
standardized household income and region of origin. The PHM was also
linked with information on degree of urbanization and socio-economic
status (SES) at neighborhood level (four-digit postal code representing
on average approximately 3200 addresses). This indicator represents
the educational, occupational and economical status of the neighbor-
hood and is derived every four years by The Netherlands Institute for
Social Research (SCP) (Knol, 1998). We used the neighborhood SES of
2010. A high SES-neighborhood score indicates a high SES of the
neighborhood. Degree of urbanization is based on the average address
density within a radius of one kilometer (Den Dulk et al., 1992). In
urbanized areas, the average number of addresses per neighborhood
(~8500) is higher and the average surface area (~2.9 km2) is lower
compared to the average number of addresses (~900) and surface area
(~18.7 km2) per neighborhood in non-urbanized areas.

2.2. Outcome definition

Mental health is a general term referring to a state of emotional and
psychological well-being (Van Kamp and Davies, 2008). We used sev-
eral outcomes as measures of poor mental health. The PHM included
questions developed to screen for non-specific psychological distress
based on the Kessler psychological distress scale (K10) (Kessler et al.,
2002). The K10 is based on 10 questions about anxiety and depressive
symptoms experienced during the past 4 weeks. For example, “in the
past 4 weeks, about how often did you feel tired out for no good
reason?”. Each question is rated on a scale from 1 (none of the time) to
5 (all of the time), total scores on the K10 range from 10 to 50. Anders &
Slade (Andrews and Slade, 2001) showed a significant association be-
tween the K10 and the number of consultations for a mental problem in
the previous 12months. Moreover, they showed a clear relation be-
tween scores on the K10 and scores on the General Health Ques-
tionnaire and the 12-Item Short Form Health Survey (both measured
with respect to the last 30 days), measures of symptoms and disability
respectively (Andrews and Slade, 2001).

Additionally, using an external database, we had registry informa-
tion about whether each subject had been prescribed medication in
2012. The database contains all medication that is paid for by all in-
surance companies in the framework of the national obligatory basic
health insurance for all residents of the Netherlands. Medication is
classified according to the Anatomical Therapeutic Chemical (ATC)
classification system, ATC codes are given at the third level (pharma-
cological subgroup). The database is maintained by Health Care
Netherlands (Zorginstituut Nederland). We used prescriptions of an-
xiolytics (N05B), prescriptions of hypnotics & sedatives (N05C) and
prescriptions of antidepressants (N06A) as measures of poor mental
health in our analyses. Anxiolytics and hypnotics & sedatives belong to
the psycholeptics (ATC code N05), medication that produces a calming
effect. Antidepressants on the other hand belong to the psychoanaleptics
(ATC code N06), medication that produces a stimulating effect. The
database contains only information about whether people had been
prescribed medication (yes / no). There was no information about the
amount of medication people had been prescribed.

We dichotomized scores on the K10 to identify people with severe
levels of psychological distress and to compare associations of self-re-
ported psychological distress and environmental stressors with asso-
ciations of medication prescription. Based on results of a Dutch study
about the validation of screening for depression by self-rated measures
(Donker et al., 2010), we classified subjects with a score 30≤ as sub-
jects with severe psychological distress, similar to a study in Australia
(Dal Grande et al., 2002).
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2.3. Exposure assessment

2.3.1. Surrounding green
We used two different metrics to assess surrounding green. The

Normalized Difference Vegetation Index (NDVI) was used to assess
surrounding greenness, i.e. the average density of green vegetation
within a circular buffer around a participant's residential address. The
NDVI was derived from LANDSAT_5 TM and captures the density of
green vegetation at a spatial resolution of 30m. NDVI values range
between −1 and 1, with higher numbers indicating a higher density of
green vegetation. Negative values correspond to blue spaces (water),
thus indicating absence of green. Therefore, negative NDVI values were
set to zero. We combined three cloud free images from the summer of
2010 (27th of June and 6th of September) to create a map that covers
(almost) the whole country.

A highly detailed national land-use database of the Netherlands of
2010 (TOP10NL, CC-BY Kadaster, 2010, https://www.kadaster.com/
automatic-generalisation) was used to assess surrounding green space,
i.e. the proportion of green space within a buffer around a participant's
residential address. TOP10NL divides the Netherlands into polygons
with different classes of land-use (water, road and terrain). The terrain
class is divided in 21 subclasses; eleven of these classes correspond to
green areas (cropland, orchard, plant nursery, mixed forest, willow
forest, deciduous forest, coniferous forest, fruit farm, grassland, heather
and poplar). TOP10NL does, in contrast to NDVI, not include private
green property (such as gardens) and street greenery.

Surrounding greenness and surrounding green space were assessed
in buffers with a 100, 300, 500, 1000, 3000m radius for all addresses in
the Netherlands. More information about the assessment of surrounding
green can be found elsewhere (Klompmaker et al., 2017). Analyses to
assess surrounding green were performed in ArcGIS 10.2.2 (Esri, Red-
lands, CA, USA).

2.3.2. Air pollution
For each home address, long-term average concentrations of parti-

culate matter (PM10, PMcoarse, PM2.5, PM2.5abs) and nitrogen dioxide
(NO2) were estimated by land-use regression (LUR) models developed
within the framework of the ESCAPE project (Beelen et al., 2013;
Eeftens et al., 2012). NO2 levels higher than 80 μg/m3 (n=18) were set
to 80 μg/m3 as these values are probably due to an unrealistic combi-
nation of explanatory variables (the maximum annual average NO2
concentration measured within the ESCAPE study is 61.5 μg/m3). Fur-
ther, we used long-term average concentrations of two Oxidative Po-
tential (OP) metrics – electron spin resonance (OPESR) and dithio-
threitol (OPDTT) (Yang et al., 2015). OP is an intrinsic measure of PM to
oxidize target molecules and thus effectively incorporates biologically
relevant properties of PM (Yang et al., 2015). Models were based on air
pollution measurements conducted in 2009. Performances of LUR
models were evaluated using leave-one out cross validation (R2LOOCV)
and ranged from 0.38 for PMcoarse to 0.89 for PM2.5abs (Beelen et al.,
2013; Eeftens et al., 2012; Yang et al., 2015).

2.3.3. Traffic noise
Residential traffic noise levels were estimated by the Standard

Model Instrumentation for Noise Assessments (STAMINA). STAMINA is
a model to map environmental noise in the Netherlands. This model
was developed at the Dutch National Institute for Public Health and the
Environment (RIVM) and uses the standard Dutch Calculation method
for traffic and industrial noise (Schreurs et al., 2010). The spatial re-
solution of the noise maps depends on the distance between source and
observation point. The lowest resolution is 80×80m and the level of
detail is highest close to the source, with a resolution of 10×10m
(Schreurs et al., 2010).

Daily average (24 h, Lden) and night-time average (23:00–07:00 h,
Lnight) road and rail-noise exposures were assessed for 2011. Since the
correlations between Lden and Lnight were high (spearman rho=0.99

for road-traffic and 0.95 for rail-traffic), we only used Lden in our
analyses.

2.4. Exclusion of subjects

Since we did not have land-use data across the border of the
Netherlands, subjects with residential addresses within 3 km (largest
buffer of surrounding greenness) of the border of the Netherlands were
excluded from our database (8.4%), resulting in a study population of
354,827 subjects (Klompmaker et al., n.d.; Klompmaker et al., 2017).

2.5. Statistical analyses

We developed logistic regression models to study whether the en-
vironmental exposures were associated with poor mental health. We
analyzed self-reported psychological distress and prescription of an-
xiolytics, hypnotics & sedatives and antidepressants.

All analyses were performed with R 3.3.1 (R Foundation for
Statistical Computing, Vienna, Austria) (Team, R.C., R, 2015).

2.5.1. Single exposure regression models
We used single exposure regression models to analyze individual

associations of exposures. We specified a priori several regression
models with increasing degrees of covariate adjustment. Model 1 in-
cluded age and sex only. Model 2 was additionally adjusted for marital
status, region of origin, paid occupation, household income and level of
education. Model 3 was additionally adjusted for neighborhood SES.
Model 4 was additionally adjusted for smoking status and alcohol use.
Model 5 was additionally adjusted for degree of urbanization.

In a cross-sectional study like ours, lifestyle factors can be a cause or
a result of poor mental health. Adjustment for these lifestyle factors can
introduce a “cause-and-effect” bias: adjustment for these consequences
of disease could lead to an attenuation of real effects (Seidler et al.,
2017). Therefore, we evaluated the impact of adjustment for lifestyle
separate from adjustment for generic individual and area-level SES
variables (Model 3 versus 4). Literature suggest potential bidirectional
relations of poor mental health with alcohol consumption, number of
cigarettes smoked, BMI and physical activity, but not with smoking
status (never, current, former) or alcohol use (never, current, former)
(Johnson et al., 2000; Wu and Anthony, 1999; Chang et al., 2016;
Boden and Fergusson, 2011; Luppino et al., 2010; Harvey et al., 2010).
Hence, we decided to adjust for smoking status and alcohol use status in
Model 4 and Model 5, but not for number of cigarettes smoked, alcohol
consumption, physical activity and BMI. As sensitivity analyses, we
additionally added number of cigarettes smoked, quantitative alcohol
consumption, physical activity and BMI to Model 4 (Model 4b).

Categories of covariates in the regression analyses were identical to
the categories presented in Table 1, except for age (12 categories:
19–24, 25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59, 60–64,
65–74, 75–84, ≥85 years), region of origin (7 categories: Dutch native,
Morocco, Turkey, Suriname, Netherlands Antilles, Other non-western,
Other western) and SES neighborhood (5 categories: quintiles).

Surrounding green in different buffer sizes was highly correlated
and associations between closely related buffer sizes, such as 1000 and
3000m, barely differed. Hence, we decided to only report associations
of the 300 and 1000m buffers and focus on these buffers in the multi-
exposure models to limit the number of reported analyses.

For each exposure, we specified a regression model with the ex-
posure variable as linear term (1 degrees of freedom). Additionally, we
used natural splines (3 degrees of freedom) to determine the linearity of
exposure-response curves and quintiles. To compare results of single
and subsequent multi exposure regressions models, coefficients are
needed. Splines were mainly used to judge whether a linear approx-
imation was appropriate/sufficient. We present the linear effect esti-
mate of exposure to surrounding green, air pollution and traffic noise
per interquartile range (IQR).
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We performed stratified analyses by age to evaluate whether asso-
ciations differ between the elderly (≥65 years) and the non-elderly
(< 65 years).

2.5.2. Multi exposure regression models
To evaluate potential mutual confounding of exposures, we specified

two and three exposure models. For the multi exposure models we thus
assumed a non-causal relation between surrounding green and air

pollution and traffic noise. We performed multi exposure regression ana-
lyses with combinations of one surrounding green, one air pollution and
one traffic noise exposure. Further, we performed multi exposure regres-
sion analyses with combinations of different air pollutants only. For the
multi exposure regression models, we selected exposures within each of
three groups of exposures that were most significantly associated with the
outcomes. We used generalized variance inflation factors (GVIFs) to
quantify multicollinearity between the exposures (Fox andMonette, 1992).

Table 1
Characteristics of the study population (n=354,827).

Characteristic Category n (%)

Covariates Sex Female 193,782 (54.6)
Age 19–39 years 68,940 (19.4)

40–64 years 134,161 (37.8)
≥65 years 151,726 (42.8)

Marital status Married, living together 246,775 (70.6)
Unmarried/never married 42,233 (12.1)
Divorced 22,509 (6.4)
Widowed 38,089 (10.9)

Region of origin Dutch 308,167 (86.9)
Other western 29,215 (8.2)
Other non-western 17,445 (4.9)

Education Primary or less 33,679 (9.8)
Lower-secondary 119,549 (34.9)
Higher-secondary 97,005 (28.3)
University 92,733 (27.0)

Paid occupation Yes 158,704 (48.1)
Household income <€15,200 35,539 (10.1)

€15,200–19,399 67,391 (19.1)
€19,400–24,199 74,677 (21.2)
€24,200–30,999 83,916 (23.8)
≥€31,000 91,224 (25.9)

Smoking status Current 65,702 (19.7)
Former 133,267 (39.9)
Never 134,794 (40.4)

Number of cigarettes/day for current smokers (mean (SD)) 10.2 (8.3)
Alcohol use Current 280,311 (82.2)

Former 20,564 (6.0)
Never 40,007 (11.7)

Number of alcohol glasses/week for current consumers (mean (SD)) 8.5 (9.6)
BMI < 18.5 kg/m2 4628 (1.3)

18.5–24.9 kg/m2 154,595 (44.3)
25.0–30.0 kg/m2 130,058 (37.2)
> 30.0 kg/m2 59,987 (17.2)

Physical activity ≤340min/wk 83,340 (25.1)
340–720min/wk 86,401 (26.0)
720–1380min/wk 80,470 (24.2)
> 1380min/wk 81,634 (24.6)

SES neighborhood (mean (SD)) 0.06 (1.10)
Degree of urbanization Urban (≥1500 addresses/km2) 140,260 (39.5)

Non-urban (< 1500 addresses/km2) 214,550 (60.5)
Outcome Self-reported psychological distress Severe (K10 score of 30≤) 15,656 (4.7)

Prescription of anxiolytics (N05B) Yes 7165 (2.0)
Prescription of hypnotics & sedatives (N05C) Yes 4346 (1.2)
Prescription of antidepressants (N06A) Yes 25,748 (7.3)

Exposures NDVI 300m (median (IQR)) 0.52 (0.13)
NDVI 1000m (median (IQR)) 0.56 (0.14)
TOP10NL 300m (median (IQR)) Proportion 0.24 (0.24)
TOP10NL 1000m (median (IQR)) Proportion 0.40 (0.32)
PM10 (median (IQR)) μg/m3 24.4 (1.24)
PMcoarse (median (IQR)) μg/m3 8.1 (0.82)
PM2.5 (median (IQR)) μg/m3 16.7 (0.83)
PM2.5abs (median (IQR)) 10−5/m 1.2 (0.25)
NO2 (median (IQR)) μg/m3 23.4 (7.85)
OPDTT (median (IQR)) nmol DTT/min/m3 1.19 (0.27)
OPESR (median (IQR)) A.U./1000/m3 0.89 (0.18)
Road-traffic noise (median (IQR)) Lden (dB) 53.3 (7.5)
Rail-traffic noise (median (IQR)) Lden (dB) 29.0 (8.9)

Mediators (chronic diseases) Self-reported physician-diagnosed diabetes Yes 28,312 (8.0)
Self-reported physician-diagnosed hypertension Yes 65,407 (21.6)
Self-reported physician-diagnosed asthma or COPD Yes 19,089 (6.9)
Self-reported physician-diagnosed stroke Yes 6975 (2.1)
Self-reported physician-diagnosed heart attack Yes 11,866 (3.5)
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2.5.3. Cumulative Risk Index
In epidemiological studies, it can be difficult to distinguish in-

dividual effects of correlated exposures. To overcome multicollinearity
problems, a joint effect estimate of co-occurring exposures can be as-
sessed using the Cumulative Risk Index (CRI) method (Crouse et al.,
2015; Jerrett et al., 2013; Lippmann et al., 2013). As the CRI has been
developed to determine risks, we evaluated the effect of decreased
surrounding green and increased concentrations of air pollution and
levels of traffic noise. The joint odds ratio (JOR) represents the odds for
a 1-unit (here IQR) increase in air pollution and traffic noise and a 1-
unit (IQR) decrease for surrounding green exposure relative to the odds
for no increase (decrease for surrounding green) in any of the ex-
posures.

We denote the JOR based on the combination of the P exposures
evaluated at x as the Cumulative Risk Index (CRI) and define it as

= =
= =

CRI x x JORexp exp( )
p

P
p p p

P
p1 1

where = …( , , )P1 are the estimates of the log odds ratio for the P
exposures estimated in a logistic regression model consisting of all P
exposures together, x′ = (x1, … ,xP) are the levels at which each ex-
posure-specific OR is evaluated, =JOR xexp( )p p p denotes the joint
odds ratio for the pth exposure in a multi exposure model. JORs were
estimated assuming additive effects of joint exposures. The 95% con-
fidence interval of CRI is defined by:

± × × ×x x Cov xexp{ 1.96 ( ) }. This definition of the confidence
interval is similar to that described previously (Crouse et al., 2015;
Jerrett et al., 2013).

2.5.4. Interaction effects
To evaluate potential interaction effects of combined exposures, we

specified interaction terms in two exposure models. To be able to ob-
serve patterns of interactions, we assessed interaction effects by com-
bining a continuous exposure with quintiles of another exposure and
vice versa. Interaction effects were assessed on the multiplicative scale.
Green is hypothesized to modify adverse effects of noise and air pol-
lution on health (Dimitrova et al., 2017). Hence, we expected that the
effect of air pollution or road-traffic noise is strongest (increased odds)
in the lowest surrounding green quintile and that the effect of sur-
rounding green is strongest (decreased odds) in the lowest air pollution
or road-traffic noise quintile. Further, we hypothesized that the effect of
exposure to air pollution is strongest (increased odds) in the highest
road-traffic noise quintile and vice versa.

2.5.5. Mediation analyses
We performed mediation analyses to evaluate whether decreased

levels of air pollution and traffic noise are possible mechanisms un-
derlying potential beneficial effects of surrounding green on mental
health. Here, we specified air pollution and road-traffic noise as med-
iators in the surrounding green – health association and thus assumed a
causal effect between surrounding green and air pollution and road-
traffic noise. Mediation analyses were only performed when sur-
rounding green was significantly inversely associated (decreased OR)
with an outcome in a single exposure model. Of the potential ‘mediator’
variables (air pollutants and traffic noise), we only selected the ex-
posures that were significantly positively associated (increased ORs)
with the outcome for the mediation analyses.

The PHM also included questions about chronic physical diseases.
We performed mediation analyses to evaluate the presence of chronic
physical diseases as a possible mechanism underlying potential effects
of surrounding green, air pollution and traffic noise on poor mental
health. Our main interest was to investigate whether a potential asso-
ciation between environmental exposure and poor mental health was
fully explained by the association between environmental exposure and
chronic physical diseases such as asthma, diabetes and cardiovascular

disease. We used the following chronic diseases as potential mediators
underlying the associations of exposure to environmental determinants
on poor mental health: diabetes, hypertension, stroke, heart attack and
asthma or COPD. For each chronic physical disease, subjects filled in
the following question “In the last 12 months, have you been treated for
… by a physician or a specialist?”. We used these questions to define
chronic physical disease outcomes. We previously reported associations
between surrounding green, air pollution and road-traffic noise and
diabetes, hypertension, stroke and heart attack, in this study population
(Klompmaker et al., n.d.).

We used the ‘Mediation’ package of Tingley et al. to calculate the
direct, indirect and total effects and the proportion mediated (Tingley
et al., 2014). Mediators were added one at a time in the mediation
analyses. The mediation package uses the counterfactual framework to
clarify the assumptions needed for causal mediation (Imai et al., 2010).
Briefly, we specified mediator models (mediator= environmental ex-
posure+ covariates) and outcome models (outcome= environmental
exposure+mediator+ covariates). Next, we included the model ob-
jects (mediator model and outcome model) in the mediate function and
specified the “treat” and “mediator” variable. In the mediation analyses
we assessed confidence intervals by 300 non-parametric bootstrap si-
mulations. Due to computational limitations we were not able to run
the recommended 1000 bootstrap simulations.

We note the limitation of the cross-sectional nature of our study for
these analyses. We had no information about the onset of the health
outcomes, hence, we assumed that diabetes, hypertension, stroke, heart
attack and asthma or COPD are a cause of a poor mental health.
Further, four important underlying confounding assumptions are re-
quired for the mediation analyses; no unmeasured exposure-outcome
confounding, no unmeasured exposure-mediator confounding, no un-
measured mediator-outcome confounding and no mediator-outcome
confounder is affected by the exposure (VanderWeele, 2016). While we
were not able to verify these assumptions, we included major con-
founders in our mediation analyses and hence believe these assump-
tions are reasonable.

3. Results

3.1. Study population statistics

Our study population consisted of 354,827 persons aged 19 years or
older (Table 1). Due to oversampling of the elderly, almost 43% of the
subjects were 65 years or older. Further, people of Dutch origin were
overrepresented in the PHM (86.9% compared with 78% in the general
population). More information about the study population can be found
elsewhere (Statistics Netherlands, 2015).

Of our study population, a small percentage of subjects reported
severe levels of psychological distress (4.7%, Table 1). Prevalence of
prescriptions of anxiolytics and hypnotics & sedatives were also low
(≤2.0%), prevalence of prescription of antidepressants was a little
higher (7.3%). The mental health outcomes were only weakly related
with each other; kappa ranged from 0.10 to 0.24 (Table S1). The pre-
valence of psychological distress, prescription of anxiolytics and pre-
scription of hypnotics & sedatives increased with increasing degree of
urbanization (Table S2). The prevalence of poor mental health in the
most urbanized areas was twice as high as the prevalence in the least
urbanized areas. We therefore decided to consider the model with ad-
justment for degree of urbanization (Model 5) as our main model.

3.2. Exposure distribution and correlations

The variation (IQR/median) in TOP10NL surrounding green space
was larger compared to NDVI surrounding greenness (Table 1). The
variation in PM2.5 and PM10 concentrations was substantially lower
than the variation in the concentrations of other pollutants, particularly
NO2 and PM2.5abs. Road-traffic noise varied less than NO2, but more
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than PM2.5 and PM10 (Table 1).
Surrounding green, air pollution and traffic noise exposures at the

study participants' home address were overall moderately correlated
(Fig. S1). NDVI surrounding greenness in a 300m buffer (NDVI 300m)
was negatively correlated with NO2 (−0.49) and with road-traffic noise
(−0.22). PM2.5 was not correlated with NDVI 300m (−0.05) and po-
sitively correlated with road-traffic noise (0.23). We found similar
correlations for TOP10NL surrounding green space in a 300m buffer
(TOP10NL 300m). Rail-traffic noise was weakly correlated with NDVI
300m (−0.17) and positively correlated with NO2 (0.34).

3.3. Single exposure regression models

Exposure-response curves showed a non-significant or small devia-
tion from linearity for prescription of anxiolytics and hypnotics & se-
datives and moderate deviations from linearity particularly in the tails
of the distribution for self-reported psychological distress and pre-
scription of antidepressants (Fig. S2). Hence, we decided to report re-
sults for continuous terms and quintiles. In our main model, sur-
rounding green was inversely associated with the odds of psychological
distress, prescription of anxiolytics, prescription of hypnotics & seda-
tives and prescription of antidepressants (Table 2 for linear analyses,
Table S3 for quintile analyses). Nearly all air pollutants were positively
associated with the odds of psychological distress, prescription of an-
xiolytics and prescription of hypnotics & sedatives in our main model.
Road-traffic noise was only positively associated with prescription of
anxiolytics, while rail-traffic noise was only positively associated with
psychological distress. We found no associations of traffic noise ex-
posure with prescription of antidepressants, ORs for air pollution and
surrounding green were smaller for antidepressants than for the other
mental health outcomes.

Stratified analyses showed that associations of air pollution with
psychological distress, anxiolytics and hypnotics & sedatives were
stronger for the elderly compared to the non-elderly (Table S4). For
example, for the non-elderly, the OR of NO2 with psychological distress
was 1.05 (95% CI: 1.01, 1.08) and for the elderly the OR was 1.16 (95%
CI: 1.10, 1.22). Associations of surrounding green with hypnotics &
sedatives were also stronger for the elderly, while associations with
psychological distress and anxiolytics were similar in the two age
groups. Road-traffic noise was stronger associated with anxiolytics for
the elderly, while rail-traffic noise was somewhat stronger associated
with psychological distress for the non-elderly.

Adjustments for covariates affected the associations between en-
vironmental exposures and poor mental health (Fig. S3). We found
strong associations between nearly all exposures and poor mental
health in our minimally adjusted models (Model 1, adjusted for age and

sex). When marital status, region of origin, paid occupation, household
income and level of education were added (Model 2), associations
strongly attenuated (Fig. S3). When neighborhood SES (Model 3),
smoking status and alcohol use (Model 4) and urbanization (Model 5)
were added, associations attenuated slightly further. Hence we decided
to present the results of Model 5. The sensitivity analyses with further
adjustments for lifestyle factors potentially affected by the outcome
including physical activity, BMI, number of cigarettes and alcohol
consumption (Model 4b) barely affected the associations.

3.4. Multi exposure regression models

Because NDVI 300m and TOP10NL 300m were significantly asso-
ciated with all outcomes, we used these green space variables in our
multi exposure models. As several air pollutants were equally strong
associated with the outcomes, we selected NO2 and PM2.5 as these are
the most commonly studied air pollutants. Both road- and rail-traffic
noise were taken into account for multi exposure models. In multi ex-
posure regression models with combinations of different air pollutants,
we only used PM2.5, NO2 and OPDTT. Multicollinearity of exposures was
not an issue in our regression analyses (GVIF values were below 2.2).

3.4.1. Potential for confounding
In multi exposure models, associations of surrounding green and air

pollution with psychological distress, prescription of anxiolytics and
prescription of hypnotics & sedatives slightly attenuated but remained
significant (Table 3 for linear analyses, Table S5 for quintile analyses).
For example, the OR of NDVI 300m for prescription of hypnotics &
sedatives attenuated from 0.90 (95% CI: 0.86, 0.95) to 0.93 (95% CI:
0.88, 0.98) when adjusted for NO2. The OR of NO2 on hypnotics &
sedatives attenuated from 1.13 (95% CI: 1.07, 1.20) to 1.10 (95% CI:
1.04, 1.17) when adjusted for NDVI 300m.

For prescription of antidepressants, only associations of surrounding
green remained significant in multi exposure models (Table 3 for two
exposure models, Table S5 for three exposure models). The already
weak associations of air pollution with prescription of antidepressants
disappeared when adjusted for surrounding green.

Associations of rail-traffic noise with psychological distress re-
mained significant after adjustment for air pollution and surrounding
green (Table 3). The OR of road-traffic noise on anxiolytics attenuated
from 1.07 (95% CI: 1.03, 1.11) to 1.03 (95% CI: 0.99, 1.07) when ad-
justed for NO2 and to 1.06 (95% CI: 1.02, 1.10) when adjusted for NDVI
300m. In three exposure models, the association of road-traffic noise
with prescription of anxiolytics lost significance (Table S6).

For the non-elderly and the elderly, most associations of sur-
rounding green, air pollution and traffic noise with psychological

Table 2
Associations of environmental exposures with mental health in single exposure regression models a.

Exposure Psychological distress Anxiolytics Hypnotics & sedatives Antidepressants

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

NDVI 300m 0.95 (0.93, 0.98) 0.88 (0.85, 0.92) 0.90 (0.86, 0.95) 0.96 (0.94, 0.98)
NDVI 1000m 0.98 (0.95, 1.01) 0.87 (0.83, 0.90) 0.93 (0.88, 0.98) 0.99 (0.97, 1.01)
TOP10NL 300m 0.93 (0.91, 0.96) 0.90 (0.86, 0.93) 0.85 (0.80, 0.89) 0.95 (0.93, 0.97)
TOP10NL 1000m 0.90 (0.87, 0.94) 0.83 (0.79, 0.88) 0.83 (0.77, 0.89) 0.98 (0.96, 1.01)
PM10 1.03 (1.01, 1.06) 1.09 (1.05, 1.13) 1.09 (1.05, 1.14) 0.99 (0.97, 1.01)
PM2.5 1.08 (1.06, 1.11) 1.05 (1.01, 1.08) 1.04 (1.00, 1.09) 1.01 (0.99, 1.03)
PMcoarse 1.00 (0.98, 1.02) 1.06 (1.03, 1.10) 1.04 (1.00, 1.09) 0.98 (0.96, 1.00)
PM2.5abs 1.07 (1.05, 1.09) 1.09 (1.06, 1.13) 1.10 (1.06, 1.15) 1.00 (0.99, 1.02)
NO2 1.08 (1.05, 1.11) 1.14 (1.10, 1.19) 1.13 (1.07, 1.20) 1.03 (1.00, 1.05)
OPDTT 1.12 (1.08, 1.15) 1.12 (1.07, 1.17) 1.14 (1.08, 1.21) 1.03 (1.00, 1.05)
OPESR 1.07 (1.05, 1.09) 1.07 (1.04, 1.10) 1.07 (1.03, 1.12) 1.05 (1.03, 1.07)
Road-traffic noise 1.00 (0.98, 1.03) 1.07 (1.03, 1.11) 1.01 (0.97, 1.06) 0.99 (0.97, 1.01)
Rail-traffic noise 1.04 (1.02, 1.06) 1.01 (0.98, 1.04) 0.99 (0.95, 1.03) 0.99 (0.97, 1.00)

a Results are presented as OR (95% CI) per interquartile range increase. Models were adjusted for sex, age, marital status, region of origin, education, paid
occupation, household income, neighborhood SES, smoking status, alcohol use and degree of urbanization.
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distress, anxiolytics and hypnotics & sedatives attenuated but remained
significant in two exposure models (Table S7). For example, when ad-
justed for NDVI 300m, the OR of NO2 with psychological distress
slightly attenuated from 1.16 (95% CI: 1.10, 1.22) to 1.14 (1.08–1.22)
for the elderly and from 1.05 (95% CI: 1.01, 1.08) to 1.04 (1.00–1.08)
for the non-elderly.

In two exposure models with only air pollutants, associations of NO2
and PM2.5 with psychological distress attenuated but remained sig-
nificant (Table S8). The association of PM2.5 with prescription of an-
xiolytics and hypnotics & sedatives disappeared completely when ad-
justed for NO2. In two exposure models with NO2 and OPDTT, both
exposures remained associated with prescription of anxiolytics and
prescription of hypnotics & sedatives (Table S8).

3.4.2. Cumulative risk index
The JORs were always larger than the ORs of the single exposure

models, except for antidepressants (Fig. 1). For psychological distress,
we found the largest JOR (1.18, 95% CI: 1.14, 1.23) for a combination
of exposure to air pollution (PM2.5), rail-traffic noise and decreased
surrounding green (TOP10NL 300m). For prescription of hypnotics &
sedatives, we found the largest JOR (1.27, 95% CI: 1.16, 1.39) for a
combination of exposure to air pollution (NO2 and PM2.5) and de-
creased surrounding green (TOP10NL 300m). For prescription of an-
xiolytics, we found the largest JOR for a combination of NO2, road-
traffic noise and decreased NDVI 300m.

3.5. Interaction effects

We found no indications for multiplicative interaction effects in the
hypothesized directions between combinations of exposure variables
and mental health. Some Interaction terms were significant, but there
was no clear pattern of interaction effects (Table S9). For example, an
IQR increase in NDVI 300m in the lowest NO2 quintile was associated
with lower odds of psychological distress (OR=0.91, 95% CI: 0.86,
0.97). In the highest NO2 quintile, an IQR increase in NDVI 300m was
associated with higher odds of psychological distress (OR=1.14, 95%

CI: 1.06, 1.23), opposite to the hypothesized direction of the interac-
tion.

3.6. Mediation models

Assuming underlying assumptions of the mediation analyses hold,
associations of surrounding green with psychological distress, pre-
scription of anxiolytics and prescription of hypnotics & sedatives were
partly mediated by decreased concentrations of air pollution (Table S8).
For example, NO2 explained 42% (95% CI: 19, 119%) of the association
between NDVI 300m and psychological distress. The percentage
mediated by PM2.5 was lower compared to the percentage mediated by
NO2 for all outcomes. The association between NDVI 300m and pre-
scription of anxiolytics was also partly mediated by road-traffic noise
(7%, 95% CI: 2, 13%).

Further, mediation analyses showed that the associations of sur-
rounding green with psychological distress and prescription of anti-
depressants were only for a small proportion mediated by the presence
of chronic physical diseases (Table S10). Diabetes (9%, 95% CI: 4, 18%)
and hypertension (7%, 95% CI: 3, 18%) partly mediated the association
between NDVI 300m and psychological distress. The associations of air
pollution and traffic noise with poor mental health were not explained
by the presence of chronic diseases (Table S11). For all associations
with significant mediation effects, both direct and indirect effects were
significant.

4. Discussion

In single exposure models, surrounding green was inversely asso-
ciated with poor mental health. Air pollution was positively associated
with poor mental health. Road-traffic noise was only positively asso-
ciated with prescription of anxiolytics, while rail-traffic noise was only
positively associated with psychological distress. In multi exposure
models, associations of surrounding green and air pollution mildly at-
tenuated but remained statistically significant for nearly all outcomes.
JORs of combinations of exposure to air pollution, traffic noise and

Table 3
Associations of environmental exposures with mental health in two exposure regression modelsa.

Modelb Exposure Psychological distress Anxiolytics Hypnotics & sedatives Antidepressants

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Green+ air pollution TOP10NL 300m 0.95 (0.92, 0.97) 0.92 (0.88, 0.96) 0.86 (0.82, 0.91) 0.96 (0.94, 0.97)
NO2 1.06 (1.03, 1.10) 1.12 (1.07, 1.17) 1.09 (1.03, 1.15) 1.01 (0.98, 1.04)

Green+ air pollution TOP10NL 300m 0.94 (0.91, 0.96) 0.90 (0.87, 0.93) 0.85 (0.80, 0.89) 0.95 (0.94, 0.97)
PM2.5 1.08 (1.06, 1.10) 1.04 (1.01, 1.07) 1.03 (0.99, 1.08) 1.01 (0.99, 1.02)

Green+ noise TOP10NL 300m 0.93 (0.91, 0.96) 0.90 (0.87, 0.94) 0.84 (0.80, 0.89) 0.95 (0.93, 0.97)
Noise (road) 0.99 (0.97, 1.02) 1.06 (1.02, 1.10) 0.99 (0.95, 1.04) 0.98 (0.96, 1.00)

Green+ noise TOP10NL 300m 0.93 (0.91, 0.96) 0.90 (0.86, 0.93) 0.84 (0.80, 0.89) 0.95 (0.93, 0.97)
Noise (rail) 1.04 (1.01, 1.06) 1.01 (0.97, 1.04) 0.98 (0.94, 1.03) 0.98 (0.97, 1.00)

Green+ air pollution NDVI 300m 0.97 (0.95, 1.00) 0.91 (0.87, 0.94) 0.93 (0.88, 0.98) 0.96 (0.94, 0.99)
NO2 1.07 (1.04, 1.10) 1.10 (1.05, 1.15) 1.10 (1.04, 1.17) 1.01 (0.99, 1.04)

Green+ air pollution NDVI 300m 0.96 (0.93, 0.98) 0.88 (0.85, 0.92) 0.90 (0.86, 0.95) 0.96 (0.94, 0.98)
PM2.5 1.08 (1.06, 1.11) 1.04 (1.01, 1.08) 1.04 (1.00, 1.09) 1.01 (0.99, 1.03)

Green+ noise NDVI 300m 0.95 (0.93, 0.98) 0.89 (0.86, 0.92) 0.90 (0.86, 0.95) 0.96 (0.94, 0.98)
Noise (road) 1.00 (0.97, 1.02) 1.06 (1.02, 1.10) 1.01 (0.96, 1.05) 0.99 (0.97, 1.01)

Green+ noise NDVI 300m 0.95 (0.93, 0.98) 0.88 (0.85, 0.92) 0.90 (0.86, 0.95) 0.96 (0.94, 0.98)
Noise (rail) 1.03 (1.01, 1.05) 1.00 (0.97, 1.03) 0.99 (0.95, 1.02) 0.99 (0.97, 1.00)

Noise+ air pollution Noise (road) 0.97 (0.95, 1.00) 1.03 (0.99, 1.07) 0.97 (0.92, 1.02) 0.98 (0.96, 1.00)
NO2 1.10 (1.06, 1.13) 1.13 (1.08, 1.18) 1.15 (1.08, 1.22) 1.04 (1.01, 1.07)

Noise+ air pollution Noise (road) 0.97 (0.94, 0.99) 1.06 (1.02, 1.10) 1.00 (0.95, 1.05) 0.98 (0.96, 1.00)
PM2.5 1.09 (1.07, 1.12) 1.03 (0.99, 1.06) 1.04 (1.00, 1.09) 1.01 (1.00, 1.03)

Noise+ air pollution Noise (rail) 1.03 (1.01, 1.06) 1.00 (0.96, 1.03) 0.97 (0.93, 1.02) 0.98 (0.96, 1.00)
NO2 1.08 (1.04, 1.11) 1.14 (1.10, 1.19) 1.14 (1.08, 1.20) 1.03 (1.01, 1.06)

Noise+ air pollution Noise (rail) 1.03 (1.01, 1.06) 1.01 (0.97, 1.04) 0.98 (0.94, 1.03) 0.99 (0.97, 1.00)
PM2.5 1.08 (1.06, 1.10) 1.05 (1.01, 1.08) 1.04 (1.00, 1.09) 1.01 (0.99, 1.03)

a Results are presented as OR (95% CI) per interquartile range increase. Models were adjusted for sex, age, marital status, region of origin, education, paid
occupation, household income, neighborhood SES, smoking status, alcohol use and degree of urbanization.

b In all two exposure models GVIF values were below 2.1.
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decreased surrounding green were higher than the ORs of single ex-
posure models, except for antidepressants. For the elderly and the non-
elderly, surrounding green and air pollution were significantly asso-
ciated with poor mental health. However, some associations were
stronger for the elderly than for the non-elderly, especially for air
pollution.

4.1. Relation between environmental exposures

We previously reported that surrounding green, air pollution and
traffic noise were overall moderately correlated, suggesting that con-
founding between the three environmental exposures is possible
(Klompmaker et al., n.d.). Because correlations were moderate, multi-
collinearity of exposures was not an issue in our regression analyses. We
were therefore able to study the joint effects of exposure to surrounding
green, air pollution and traffic noise on mental health.

The moderate negative correlations between surrounding green and
air pollutants and road-traffic noise that we found were also reported by
other studies (Gascon et al., 2018; Hystad et al., 2014; Thiering et al.,
2016; Dadvand et al., 2012). Moreover, the correlations we found be-
tween modeled air pollution and modeled road-traffic noise exposures
are in line with studies that evaluated correlations between measured air
pollution and measured road-traffic noise exposures in cities (Davies
et al., 2009; Allen et al., 2009). These exposures are spatially correlated
because road-traffic noise and traffic-related air pollutants, such as NO2
and PM2.5abs, are both related to traffic intensity (Münzel et al., 2016;
Tétreault et al., 2013).

4.2. Mental health

As mental health is a very general term (Van Kamp and Davies,
2008), we used different measures of poor mental health as outcomes in
this study. Agreements between the different poor mental health out-
comes (self-reported psychological distress, registered prescription of
anxiolytics, hypnotics & sedatives and antidepressants) were weak. This
might be due to the fact that people with psychological distress might
not always seek medical help or that their symptoms are not recognized
by a general practitioner (Verhaak et al., 2006). Another explanation is
that psychological distress was reported for the past 4 weeks while the
medication outcomes are based on prescriptions within the year 2012.
Levels of psychological distress can change over time (Pun et al., 2017;
Cuijpers et al., 2004) and hence people who had been prescribed
medication in 2012 might not have psychological distress when they
filled in the questionnaire. Moreover, as a result of medication use,
psychological distress might be reduced. It is also possible that subjects
used medication that is not included in the basic health insurance.

4.3. Comparison with previous studies

Surrounding green was associated with decreased odds of psycho-
logical distress in adults, in line with a review of Gascon et al. (Gascon
et al., 2015) about the mental health benefits of residential green.
Further, we found associations of psychological distress with air pol-
lution and rail-traffic noise, but not with road-traffic noise. Other stu-
dies evaluating associations of exposure to air pollution or road-traffic
noise with poor mental health showed mixed results; some studies
showed significant associations (Pun et al., 2017; Power et al., 2015;
Kioumourtzoglou et al., 2017; Kim et al., 2016; Vert et al., 2017; Seidler
et al., 2017; Halonen et al., 2014; Orban et al., 2016; Bocquier et al.,
2013), while others did not (Power et al., 2015; Vert et al., 2017; Sygna
et al., 2014; Zijlema et al., 2016; Wang et al., 2014; Turunen et al.,
2014). To our knowledge there is only one study which evaluated as-
sociations between rail-traffic noise and poor mental health. This study
showed positive associations between both road- and rail-traffic noise
and risk of hospital diagnosis of depressive disorders (Seidler et al.,
2017).

We found strong associations of surrounding green and air pollution
exposure with prescription of anxiolytics and prescription of hypnotics
& sedatives; associations with prescription of antidepressants were
weak. An important difference between these outcomes is that anxio-
lytics and hypnotics & sedatives are prescribed to produce a calming
effect, while antidepressants are prescribed to produce a stimulating
effect. Furthermore, antidepressants can also be prescribed for pain
relief. There are only a few other studies that evaluated associations
between environmental exposures and medication related to anxiety
(like anxiolytics, hypnotics and sedatives) and medication related to
depression (antidepressants) (Vert et al., 2017; Triguero-Mas et al.,
2015; Gascon et al., 2018). Gascon et al. (Gascon et al., 2018) also
found stronger associations between surrounding green and medication
with a calming effect (benzodiazepines) compared to antidepressants,
while other studies found associations for both outcomes (Vert et al.,
2017; Triguero-Mas et al., 2015). Studies that used self-reported anxiety
disorders and depression disorders as separate health outcomes showed
no clear difference in strength of the associations with surrounding
green or air pollution (Pun et al., 2017; Vert et al., 2017; Beyer et al.,
2014; de Vries et al., 2016; Gascon et al., 2018).

Associations of surrounding green with mental health outcomes
were mildly confounded by air pollution and vice versa. There are only
a few studies that evaluated relations between combined environmental
exposures and mental health. Zijlema et al. found that NO2 and PM2.5

were positively, but non-significantly, associated with depressed mood
(Zijlema et al., 2016). After adjustment for road-traffic noise, associa-
tions of NO2 and PM2.5 were attenuated, similar to our results. Gascon
et al. (Gascon et al., 2018) showed that surrounding green was asso-
ciated with a decreased odds of the use of benzodiazepines. The effect
of surrounding green on the use of benzodiazepines was mediated only
for a small fraction by NO2 (4.1%) and by noise (2.2%) in their study.
These percentages are much lower than the percentages mediated that
we reported for prescription of anxiolytics and prescription of hypnotics
& sedatives (benzodiazepines are classified as anxiolytics (N05B) or
hypnotics & sedatives (N05C) according to the ATC classification
system). For prescription of anxiolytics, we found that NO2 mediated
23% of the effect of NDVI 300m and road-traffic noise mediated 7%.
These differences might be caused by the stronger associations between
NDVI 300m and benzodiazepines in their study (OR: 0.62, 95% CI:
0.43, 0.89) (Gascon et al., 2018) compared to the associations we found
between NDVI 300m and anxiolytics (OR: 0.88, 95% CI: 0.85, 0.92). In
both studies, the direct effect of surrounding green was substantially
larger than the indirect effect.

Associations of environmental exposures with poor mental health
differed somewhat by age. For the elderly and the non-elderly, sur-
rounding green and air pollution were positively associated with poor
mental health. However, some associations were stronger for the el-
derly than for the non-elderly, especially for air pollution. As the elderly
were oversampled in the PHM, associations reported for the full study
population are probably an overestimation and therefore these asso-
ciations may not be generalizable to the general Dutch population.

We note that adjustment for urbanization may be an overadjustment
as it is a determinant of surrounding green, air pollution and noise
exposure. However, after adjustment for SES and lifestyle factors, fur-
ther adjustment for degree of urbanization barely affected ORs despite
the clear relation between degree of urbanization and poor mental
health (Table S2). This suggests that the included individual and area-
level SES variables were sufficient to adjust for the potential con-
founding by degree of urbanization.

4.4. Confounding or mediation

We specified air pollution and traffic noise both as confounder and
as mediator in the surrounding green – mental health relation.
Residential air pollution concentrations and traffic noise levels are af-
fected both by local sources (whose impact can be reduced by green, the
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causal component) and by sources further away than local surrounding
(the non-causal component). In terms of interventions: if an increase in
green within the local surrounding reduces the number of emitting
sources (e.g. green leads to decreasing number of parking lots that in
turn reduces the number of cars), this effect is causal and it would be
inappropriate to treat air pollution and surrounding green as mutual
confounders. However, if one's primary assumption is that the relation
is non-causal because air pollution and traffic noise are generally higher
and greenness lower in city centers of major cities due to sources fur-
ther away than local surrounding, it would be inappropriate to treat air
pollution as mediator in the surrounding green – health association. The
choice to treat air pollution and traffic noise as confounder or mediator
of the surrounding green - health association affects the effect size one
should use to evaluate potential health impacts of surrounding green. If
air pollution is primarily a confounder, the adjusted slopes for sur-
rounding green from Table 3 (ORs of two-exposure models) should be
used. Otherwise, the slopes from Table 2 (ORs of single-exposure
models) should be used and we expect for example that 42% of the
association between surrounding green and psychological distress may
be related to reduced NO2 concentrations.

Results of the CRI showed that JORs were always larger than the
ORs of single exposure models. This indicates that the effect of an in-
tervention that affects levels of all these environmental exposures is
underestimated if only one of these exposures is taken into account to
assess the effect. However, the effect of that specific exposure on mental
health is overestimated if one uses the OR of the single exposure model.

4.5. Explanation for associations

Various pathways have been suggested to explain the association of
the environmental exposures with poor mental health. Air pollution
exposure may affect mental health via increased neuroinflammation,
oxidative stress, cerebrovascular damage and neurodegeneration (Block
and Calderón-Garcidueñas, 2009; MohanKumar et al., 2008). It may
also lead to higher levels of cortisol and markers of glucocorticoid ac-
tivity (Thomson et al., 2013; Tomei et al., 2003). Traffic noise exposure
may affect mental health via annoyance and increased biological stress
reactions that in turn lead to decreased motor function, reduced se-
cretion of cortisol and adrenaline and suppression of the immune
system (Marquis-Favre et al., 2005; Babisch, 2002; Rylander, 2004).
Viewing green can help people to restore their adaptive resources
(Hartig et al., 2014). Beautiful sceneries and symbolic qualities of green
can evoke positive effects, which in turn can block negative thoughts
and feelings (Ulrich, 1983; Ulrich et al., 1991). Furthermore, sur-
rounding green may increase the opportunities to be engaged in out-
door physical activities. Higher levels of physical activity reduce the
risk of developing mental disorders (Mammen and Faulkner, 2013).
Surrounding green can also be a proxy for one's exposure to natural
airborne microbiota. According to Moore (Moore, 2015), exposure to
certain levels of airborne microbiota can cause health benefits by in-
hibiting the activities of interconnected cell signaling systems. This will
in turn result in a reduction in inflammatory processes that can con-
tribute to depressions.

Assuming underlying assumptions of the mediation analyses hold,
associations of air pollution or traffic noise on poor mental health were
not mediated by the presence of cardio-metabolic diseases, COPD or
asthma. Associations of surrounding green on poor mental health were
only partly explained by presence of diabetes or hypertension. We
previously showed relations between NDVI 300m and diabetes and
hypertension in this study population (Klompmaker et al., n.d.). This
suggests that the associations between environmental exposures and
mental health are not merely a reflection of an effect on physical health,
subsequently affecting mental health. However, due to the cross-sec-
tional study design, we do not know whether the onset of the chronic
physical diseases preceded the onset of poor mental health or vice
versa. Environmental exposures might also cause poor mental health,

which in turn might contribute to the development of chronic non-
communicable diseases (Dimsdale, 2008; Steptoe and Kivimäki, 2012).

In contrast to our findings for surrounding green and air pollution,
we found less strong or non-significant associations for exposure to
traffic noise for all outcomes. This might be due to the fact that people
are more aware of traffic noise exposure compared to air pollution
exposure and hence take measures to reduce traffic noise exposure, like
better home facade insulation. Moreover, people who are sensitive to
noise might move away from highly noise-exposed areas or not moving
there in the first place (Seidler et al., 2017). This is called a “healthy
resident effect”: only people who are not sensitive to traffic noise in-
habit the highest noise exposure areas (Seidler et al., 2017). Another
explanation for the lack of an association is that our exposure models
may differ in their accuracy to predict the exposure. If LUR models
predict air pollution concentrations at residential addresses more pre-
cisely than the STAMINA model predicts traffic noise at residential
addresses, it could explain the more robust associations of air pollution
exposures in this study. We have no evidence for this because of a lack
of traffic noise measurements. Performance of the LUR models differed
between pollutants and may have affected effect estimates. The weaker
effect estimates for PMcoarse compared to other air pollutants could be
due to a lower model performance. It is also possible that traffic noise
levels in residential areas of the Netherlands are relatively low resulting
in weak associations between traffic noise and poor mental health.

4.6. Strengths and limitations

We evaluated associations of multi exposures (surrounding green,
air pollution and traffic noise) on poor mental health in a large study
population (> 350.000 subjects) with national coverage, allowing us to
study confounding, interaction and mediation effects. We used multiple
indicators of surrounding green and air pollution exposure and all in-
dicators were calculated at the address level. All environmental ex-
posures were assessed between 2009 and 2011, i.e. preceding, and re-
latively close to the time the survey was administered (2012). Further,
we used self-reported psychological distress and objectively determined
medication for mental health disorders from a registry as measures of
poor mental health. We were able to adjust for a large number of in-
dividual SES and lifestyle factors.

This study has a few limitations. Psychological distress was based on
self-reported questions and the assessment of the outcomes was not
confirmed by health professionals, which may result in outcome mis-
classification. Moreover, psychological distress is based on questions
about anxiety and depressive symptoms combined, so we were not able
to evaluate associations on self-reported psychological distress related
to anxiety and depression separately. Further, we only had information
about medication that is included in the basic health insurance.
Subjects with poor mental health could have used other types of med-
ication that are not included in the basic health insurance.

Due to the cross-sectional study design, we had no information
about the onset of the health outcomes and hence we do not know
whether exposures preceded the health outcomes. However, studies
have shown that the spatial variation of surrounding green, air pollu-
tion and noise exposure levels remain generally stable over periods of
about 10 years in highly developed West-European countries (Eeftens
et al., 2012; Dadvand et al., 2012; Fecht et al., 2016; Vienneau et al.,
2017; Fuertes, 2016). Current exposure estimates hence represent past
exposure contrasts. Nevertheless, subjects may have moved after de-
velopment of the mental health problem. This residential mobility may
lead to some likely non-differential exposure misclassification and
which may have led to an underestimation of the associations with
health outcomes. Further, we were not able to verify the underlying
assumptions for the mediation analyses. However, as we included a
large number of individual SES factors, lifestyle and degree of urbani-
zation in our mediation analyses, we think that the assumptions of no
unmeasured confounding are reasonable. Further, we did not test for
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effect modification by sex, SES and degree of urbanization, while these
possibly could modify effects of the exposures.

5. Conclusion

Surrounding green was inversely associated with poor mental
health, while air pollution and to a limited extent traffic noise were
positively associated with poor mental health. Studies including only
one of these three correlated exposures may overestimate the influence
on poor mental health attributed to the studied exposure, while un-
derestimating the influence of combined exposures. Associations with
poor mental health differed somewhat by age.
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