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Abstract
The impact of air pollution on individuals’ happiness and life satisfaction (LS), and 
its relationship to other factors became the focus of recent research. Though, the 
underlying mechanism of how air pollution impacts LS remains unclear. In this 
study, we examined the direct and indirect effect of air pollution on individuals’ LS 
through health mediation. We used longitudinal individual-level data from “Under-
standing-Society: the UK Household-Longitudinal Study” on 59,492 individuals 
with 347,377 repeated responses across 11  years (2009–2019) that was linked to 
yearly concentrations of NO2, SO2, and particulate-matter (PM10, PM2.5) pollu-
tion. Generalized structural equation models with multilevel ordered-logistic regres-
sion were used to examine the direct effect of air pollution on LS and the indirect 
effect from health impairment.  Higher concentrations of NO2 (coefficient = 0.009, 
95%CI = 0.007,0.012, p < 0.001), SO2 (coefficient = 0.025, 95%CI = 0.017,0.034, 
p < 0.001), PM10 (coefficient = 0.019, 95%CI = 0.013,0.025, p < 0.001), and PM2.5 
(coefficient = 0.025, 95%CI = 0.017,0.033, p < 0.001) pollutants were associated 
with poorer health, while poorer health was associated with reduced LS (coeffi-
cient = -0.605, 95%CI = -0.614,-0.595, p < 0.001). Mediation path analysis showed 
that air pollution impacted individuals’ LS directly and indirectly. The percent of 
total effect mediated through health was 44.03% for NO2, 73.95% for SO2, 49.88% 
for PM10, and 45.42% for PM2.5 and the ratio of indirect to direct effect was 0.79 
for NO2, 2.84 for SO2, 0.99 for PM10, and 0.83 for PM2.5. Health plays a major 
mediating role in the relationship between air pollution and LS. To alleviate the 
impact of air pollution on LS, future strategies should focus on health promotion 
besides reducing air pollution emissions.
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Introduction

Life satisfaction (LS) is an important measure of peoples’ well-being, which is 
studied extensively by researchers in the fields of environmental health, econom-
ics, and impact assessments (Du et al., 2018; Liu et al., 2021; Shi et al., 2022). 
LS is affected by several factors related to the individuals’ age, gender, income, 
education, ethnicity, marital status, socioeconomic position, type of occupation, 
general health, lifestyle arrangements, and the quality of the surrounding physi-
cal environment (Dolan et al., 2008; Enkvist et al., 2012; Joshanloo & Jovanović, 
2020; Orru et al., 2016; Proctor et al., 2018). Recently, more emphasis is being 
placed on the effects of the physical environment (e.g., air quality and pollution, 
climatic factors, noise, green spaces, and neighbourhood and housing conditions) 
on well-being related factors such as LS, happiness, subjective well-being, and 
self-reported mental health (Abed Al Ahad et  al., 2022a; Ambrey & Fleming, 
2013; Fernández-Portero et al., 2017; He et al., 2022; Li & Zhou, 2020; Liu et al., 
2021; Orru et al., 2016; Urban & Máca, 2013; Zhang et al., 2022). In the context 
of well-being and LS, air pollution is one of the most studied environmental top-
ics due to the fast industrial progress and urbanisation, which makes air pollution 
an increasingly severe problem in recent years (Abed Al Ahad et al., 2020; Wang, 
2018). Based on a report by the European Environment Agency in 2020, approxi-
mately 90% of the European cities showed relatively high concentrations of air 
pollution, with life expectancy being reduced by more than eight months due to 
increased exposure to PM2.5 (particulate matter with diameter of 2.5 µm or less) 
pollution (European-Environment-Agency, 2020).

Air pollution has been found by empirical literature to negatively affect the 
individuals’ LS (Ferreira et al., 2013; Orru et al., 2016; Schmitt, 2013; Shi et al., 
2022; Silva et  al., 2012; Yuan et  al., 2018). For example, increasing concentra-
tions of NO2 (nitrogen dioxide), SO2 (sulphur dioxide), PM10 (particulate mat-
ter with diameter between 2.5 and 10 µm), and PM2.5 pollutants impacted neg-
atively LS in China (Du et  al., 2018). In Europe, a significant reduction in LS 
of 0.017 points on the European Social Survey LS 10-points scale was observed 
per 1 μg/m3 increase in PM10 annual concentrations (Orru et al., 2016). In Lon-
don, both perceived and measured air pollution levels were negatively associated 
with LS and a 10  μg/m3 increase in annual NO2 concentrations resulted in 0.5 
points reduction on the LS 11-points rating scale (MacKerron & Mourato, 2009). 
Moreover, a recent comprehensive examination of 178 published articles revealed 
that air pollution significantly diminishes levels of happiness and life satisfac-
tion, while also leading to heightened anxiety, irritation, mental health issues, and 
thoughts of suicide (Lu, 2020).

The effect of air pollution on LS is three folds. First, air pollution exerts a 
direct negative effect on the human physical health, which might result in lower 
rates of LS (Abed Al Ahad, 2023; Abed Al Ahad et al., 2020, 2022a, b, 2023b; 
Orru et  al., 2016). There is well-documented epidemiologic evidence on the 
short- and long-term effects of air pollution on morbidity and mortality, mostly 
related to cardiovascular, respiratory and cancer diseases (Ab Manan et al., 2018; 
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Abed Al Ahad et  al., 2020, 2023a; Fischer et  al., 2015; Hvidtfeldt et  al., 2019; 
Manisalidis et al., 2020). Moreover, research has shown the negative effect of air 
pollution on birth outcomes including low birth weight, preterm birth, and child-
hood respiratory diseases (Esposito et al., 2014; Shah & Balkhair, 2011).

Second, exposure to air pollution affects the human brain and the autonomous 
nervous system, reflecting changes in physiology and emotions (Abed Al Ahad 
et  al., 2022a; Dzhambov et  al., 2018; Orru et  al., 2016; Ventriglio et  al., 2021). 
Exposure to fine particulate air pollution, such as PM2.5, has the potential to induce 
oxidative stress and trigger the production of inflammatory cytokines that travel 
across the blood–brain barrier, leading to neurodegeneration and neuroinflammation 
(Calderón-Garcidueñas et al., 2015). Consequently, this heightened susceptibility is 
associated with an elevated likelihood of experiencing mental health issues, includ-
ing schizophrenia, autism spectrum disorders, psychotic episodes, cognitive impair-
ments, anxiety, and depression (Abed Al Ahad et al., 2022a; Bakolis et  al., 2020; 
Pedersen et  al., 2004; Roberts et  al., 2019; Volk et  al., 2013), leading to poor LS 
scoring.

Third, air pollution negatively affects the LS judgements due to the psychologi-
cal stress and anxiety associated with the coping behaviours that individuals have to 
follow in response to elevated levels of air pollution (Abed Al Ahad et al., 2022a; 
Orru et al., 2016). For example, a coping strategy can include opting to stay indoors 
rather than engaging in outdoor activities when air pollution is elevated, particularly 
when it exhibits visible indications (e.g., colour) or olfactory cues (e.g., bad smell) 
(von Lindern et al., 2016).

Despite the well-documented negative effect of air pollution on LS, it is often 
unclear whether this effect is more physiological or psychological. This calls for fur-
ther research to disentangle the direct psychological impact of air pollution on LS 
from the indirect physiological effect through individual’s health impairment. In this 
regard, some studies controlled for the individual’s health status when assessing the 
association between air pollution and LS (Ferreira et al., 2013; Orru et al., 2016). 
However, this was done in simple regression models by performing models with and 
without control for health measures, rather than performing mediation path analysis. 
To our knowledge, only one recent cross-sectional study from China applied media-
tion analysis to show that SO2 air pollution reduces individuals’ happiness through 
impairment of their general health (Liu et al., 2021).

Mediation path analysis is a statistical method commonly used to assess the direct 
and indirect path associations between independent and dependent variables through 
an intermediate variable called the mediator (Gunzler et  al., 2013). As indicated 
before, the effect of air pollution on lower scores of LS might be largely due to the 
negative effect of air pollution on individuals’ physical and mental health (Abed Al 
Ahad et al., 2020, 2022a, b, 2023b; Manisalidis et al., 2020). For example, in Mon-
treal-Canada, poor self-reported health has been associated with increased exposure 
to PM2.5 pollution (Goldberg et  al., 2015). Thus, health might act as a potential 
mediator for the association between air pollution and individuals’ LS.

Moreover, many of the studies on air pollution and LS rely on datasets that do not 
allow for air pollution assessments at a high spatial resolution and/or do not cover 
long periods of time (Dolan & Laffan, 2016; Ferreira et al., 2013; Orru et al., 2016). 
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This calls for further research that can look at the effects of air pollution on LS at 
finer spatial and temporal scales.

Additionally, despite the consensus of the harmful impact of air pollution on LS 
in the literature, there is significant variation in the size of effect estimates. Not to 
mention that the majority of existing studies focus on only one pollutant. For exam-
ple, Orru et al. (2016) identified an inverse correlation between heightened exposure 
to PM10 pollution and diminished life satisfaction, and Ferreira et al. (2013) found 
a negative association between increased exposure to SO2 pollution and reduced LS. 
Analysing the impact of several pollutants on LS within the same study would help 
in understanding the mechanisms by which certain pollutants influence LS, whether 
more directly or indirectly through health impairment. This is important because 
pollutants differ in size, shape, colour, odour, and physiological effects, which would 
impact LS differently. For example, small pollutants like PM2.5 can have a more 
tremendous impact on health, especially respiratory health, compared to other pol-
lutants (Abed Al Ahad et al., 2020, 2023a; Manisalidis et al., 2020).

To sum up, there is lack of research on the mediating effect of general health on 
the association between long-term exposure to air pollution and LS using longitudi-
nal individual-level data linked to fine spatial resolution air pollution data for multi-
ple pollutants. Accordingly, this study uses 11 years of longitudinal individual-level 
data from the United-Kingdom (UK) linked to air pollution data at a fine spatial 
resolution to assess the direct effect of NO2, SO2, PM10, and PM2.5 air pollutants 
on individuals’ self-reported LS and the indirect effect of the four pollutants on LS 
mediated through the individuals’ general health. The mediation path analysis will 
control for the individuals’ socio-demographic and lifestyle factors.

Methods

Study Design, Data, and Sample

In this research, we employed longitudinal individual-level data obtained from the 
“Understanding Society: The UK Household Longitudinal Study (UKHLS)” (Uni-
versityofEssex, 2020). This extensive dataset comprises 10 waves of data collection 
spanning from 2009 to 2020, involving approximately 40,000 households recruited 
in the first wave from the four nations of the UK: England, Wales, Scotland, and 
Northern Ireland.

The UKHLS dataset consists of two main surveys: the youth survey which is 
filled by young people (aged 10 to 15) and the adult survey which is filled by indi-
viduals aged 16 + (UniversityofEssex, 2020). The dataset encompasses details on 
individuals’ socio-demographic attributes like gender, age, marital status, education, 
occupation, socioeconomic classification, perceived financial situation, ethnicity, 
and country of birth (Abed Al Ahad, 2023; Abed Al Ahad et  al., 2022a, 2023b). 
Additionally, it includes self-reported information on general health, well-being, life 
satisfaction, smoking status, and the specific local authority and census lower super 
output areas (LSOAs) of residence. Further information on the UKHLS dataset is 



1 3

Air Pollution Reduces the Individuals’ Life Satisfaction…

described elsewhere (Abed Al Ahad, 2023; Abed Al Ahad et  al., 2022a, 2023b; 
Lynn et al., 2018).

In this study, we utilized individual-level data from the adult survey of the UK 
Household Longitudinal Study (UKHLS), focusing on 59,492 adults aged 16 and 
above who contributed a total of 347,377 responses spanning 11 years (2009–2019) 
across the ten data collection waves. It’s important to highlight that the initial adult 
survey for waves 1 to 10 encompassed 87,045 individuals with 444,181 surveys, and 
96,804 surveys were excluded based on the criteria outlined in Fig. 1.

Study Variables

Life Satisfaction Dependent Variable

Life satisfaction (LS) was measured as an ordered variable by asking individuals 
to rate their overall life satisfaction on a 7-points Likert scale as follows: 1 = com-
pletely dissatisfied, 2 = mostly dissatisfied, 3 = somewhat dissatisfied, 4 = neither 
satisfied nor dissatisfied, 5 = somewhat satisfied, 6 = mostly satisfied, and 7 = com-
pletely satisfied.

Air Pollution Independent Variable

Annual air pollution data, encompassing various sources like road traffic and 
industrial/combustion processes for NO2, SO2, PM10, and PM2.5 pollutants, were 
extracted from the database of the "Department for Environment Food and Rural 
Affairs" (Department-for-Environment-Food-and-Rural-Affairs, 2020). These data 
are in raster format, representing mean annual concentrations of pollutants meas-
ured in µg/m3 up to the year 2019. The estimations were derived using air dispersion 

N=444,181 surveys from 87,045 
individuals

N=347,377 surveys from 59,492 
individuals 

96,804 surveys were deleted for the following 
reasons:
1,046 surveys from the year of 2020 had missing values 
for air pollution.
1,040 surveys had missing values for the year variable 
and could not be linked to air pollution data.
190 surveys had missing values for output areas and 
could not be linked to air pollution data.
11,687 surveys were duplicates for the same individual 
within the same year.
55 surveys had missing values for age, and 2 surveys had 
missing values for gender; these missing values could not 
be imputed. 
 59,476 surveys had missing values for the life 
satisfaction dependent variable.
23,308 surveys had only one observation.

Fig. 1   The reasons for deleting survey responses from the UKHLS data
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modelling with a spatial resolution of 1 km2 and were projected using the UK 
National Grid (Department-for-Environment-Food-and-Rural-Affairs, 2020).

This raster air pollution data at 1 km2 resolution was connected to the UK House-
hold Longitudinal Study (UKHLS) data by utilizing the census Lower Super Out-
put Areas (LSOAs; data zones for Scotland and Super Output Areas for Northern 
Ireland) of residence for each individual in each year from 2009 to 2019. LSOAs, 
serving as the smallest geographical unit in the UKHLS dataset, help decompose 
England and Wales based on population size into areas with a minimum popula-
tion of 1000 people. Some LSOAs, particularly those in urbanized regions, have an 
area smaller than 1 km2, providing a high spatial resolution for assessing the impact 
of air pollution on life satisfaction (LS) and health. LSOAs in England and Wales 
are equivalent to data zones in Scotland and Super Output Areas in Northern Ire-
land, collectively referred to as LSOAs for simplicity (Abed Al Ahad, 2023; Abed 
Al Ahad et al., 2022a, 2023b).

The linkage process involved computing an area-weighted average air pollution 
concentration for each LSOA in each year, considering the proportion of area inter-
section between the 1 km2 raster squares and the corresponding LSOA. For instance, 
if a LSOA intersected with three 1 km2 squares, with one intersection covering half 
of the LSOA’s area and the other two covering proportions of 0.3 and 0.2, respec-
tively, the air pollution concentration for that LSOA would be calculated as 0.5 × the 
air pollution concentration of the first intersected square + 0.3 × the air pollution 
concentration of the second intersected square + 0.2 × the air pollution concentration 
of the third intersected square (Abed Al Ahad, 2023; Abed Al Ahad et al., 2022a, 
2023b).

Health Mediating Variable

Health was measured as an ordered variable by asking individuals to rate their gen-
eral health condition on a 5-points Likert scale as follows: 1 = excellent, 2 = very 
good, 3 = good, 4 = fair, and 5 = poor.

Socio‑Demographic and Lifestyle Control Variables

Based on the factors considered by the literature to affect individuals’ life satisfaction 
and health (Abed Al Ahad et al., 2020; Enkvist et al., 2012; Joshanloo & Jovanović, 
2020; Orru et al., 2016; Papi & Cheraghi, 2021; Proctor et al., 2018; Wang & Geng, 
2019), we selected a number of socio-demographic and lifestyle control variables 
as follows: gender (1 = male; 2 = female); age (coded as 16–18 and then in 5 years 
increments as 19–23; 24–28; 29–33; 34–38; 39–43; 44–48; 49–53; 54–58; 59–63; 
59–63; 64–68; 69–73; 74–78; > 78); ethnicity (1 = British-white; 2 = Other-white; 
3 = Indian; 4 = Pakistani/Bangladeshi; 5 = Black/African/Caribbean; 6 = mixed eth-
nicities; 7 = Other ethnicities); country of birth (1 = born in UK; 2 = not born in UK; 
3 = No answer); marital status (1 = married; 2 = living as a couple; 3 = widowed; 
4 = divorced/separated; 5 = single never married; 6 = no answer); education (1 = uni-
versity degree; 2 = high school degree; 3 = lower educational levels; 4 = other quali-
fications; 5 = still a student); occupation (1 = managers/professionals/employers; 
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2 = non-manual workers; 3 = manual workers; 4 = not applicable: Student/retired/
not working; 5 = no answer); perceived financial situation (1 = living comfortably/
doing alright; 2 = living difficultly; 3 = no answer); smoking status (0 = non-smoker; 
1 = smoker; 2 = no answer); rural–urban indicator (1 = urban; 2 = rural); and year 
dummies (calendar years: 2009–2019) (Abed Al Ahad, 2023; Abed Al Ahad et al., 
2022a, 2023b).

Data Analysis and Modelling Specifications

Percentages were computed to describe the individuals’ LS, general health, socio-
demographic, and lifestyle factors for each wave (waves 1–10) of the UKHLS sam-
ple. We also described the average concentrations of NO2, SO2, PM10, and PM2.5 
pollutants across the LSOAs for each year (2009–2019) and examined the corre-
lation between the four pollutants by constructing a Pearson’s correlation matrix. 
Due to the substantial correlations noted between the pollutants (Pearson’s coeffi-
cient ≥ 0.7 (Schober et  al., 2018)), separate models were employed to analyse the 
associations of NO2, SO2, PM10, and PM2.5 pollutants with life satisfaction (LS) 
and general health.

To examine both the direct impact of air pollution on LS and its indirect influence 
mediated through individuals’ health, we employed generalized structural equation 
modelling (GSEM) path analysis incorporating multilevel ordered-logistic regres-
sion. Ordered logistic regression is a suitable analysis method for ordinal dependent 
variables such as life satisfaction and general health (Williams, 2016) and GSEM is 
a well-established method for mediation path analysis (Danner et al., 2015; Gunzler 
et al., 2013; Wang & Geng, 2019). GSEM possesses numerous advantages over the 
standard mediation analysis proposed by Baron and Kenny (Baron & Kenny, 1986), 
which involves a series of regression equations. The first advantage of GSEM is that 
it allows for ease of interpretation and estimation by testing complicated mediation 
models that may involve multiple independent, dependent, or mediator variables in 
a single analysis (Gunzler et al., 2013). This is not available in standard regression 
analysis whereby informal methods of combining the results of two or more equa-
tions to derive the asymptotic variance are used for inference about indirect and total 
effects (Gunzler et al., 2013). Second, GSEM can be extended easily to fit longitu-
dinal data within a single conceptual framework, which is not the case for standard 
regression approaches (Gunzler et al., 2013). Finally, GSEM “implies a functional 
relationship expressed via a conceptual model, path diagram, and mathematical 
equations which account for the causal relationships in a hypothesized mediation 
process, the simultaneous nature of the indirect and direct effects, and the dual role 
the mediator plays as both a cause for the outcome and an effect of the intervention” 
(Gunzler et al., 2013).

Based on the hypothesised conceptual framework of our study (Fig. 2), we fit-
ted a two-levels (standard errors for yearly observations clustered within individ-
ual IDs) ordered logistic generalised structural equation model which consists of 
two sub-models. Model 1 estimates the association between the independent air 
pollution variable and the dependent LS variable controlling for the general health 
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mediator. Model 2 estimates the association between air pollution (independent 
variable) and general health (mediator that is considered as dependent variable 
in model 2). Both models 1 and 2 control for the same set of individuals’ socio-
demographic and lifestyle covariates described in the previous section of this arti-
cle. Those socio-demographic and lifestyle covariates affect both the indirect and 
direct paths of the association between air pollution and LS through health.

where Life satisfactionti is the dependent variable for individual i at year t; j is 
the level of an ordered category with j levels for the life satisfaction ordinal vari-
able; s is the level of an ordered category with s levels for the health ordinal vari-
able; air pollutionti is the air pollution exposure independent variable for individ-
ual i at year t; Healthti is the health mediating variable for individual i at year t; 
Control covariatesti are the socio-demographic and lifestyle control covariates 
including gender, age, ethnicity, country of birth, marital status, education, occupa-
tion, perceived financial situation, smoking status, rural–urban indicator, and year 
dummies (2009–2019); ε1 is the error term for model 1 and ε2 is the error term for 
model 2; β1, β2 …. βn are the slopes of fixed effects; β0 is the fixed intercept; ID1i is 
level 2 random intercept of yearly observations nested within individual’s IDs for 
model 1; ID2i is level 2 random intercept of yearly observations nested within indi-
vidual’s IDs for model 2; covariance matrix that allows for an interaction between 
ID1i and ID2i random intercepts was specified during the model fitting.

Model 1 ∶ log

(

���� ������������
(j)

��

1−���� ������������
(j)

��

)

= �
(j)

0
+ ID1i + �1air pollutionti + �2Healthti + �nControl covariatesti + �1

Model 2 ∶ log

(

�����h
(s)

��

1−�����h
(s)

��

)

= �
(s)

0
+ ID2i + �1air pollutionti + �nControl covariatesti + �2

Fig. 2   Conceptual framework for the mediating effect of health on the association between air pollution 
and LS. ε

1
 is the error term for model 1 and ε

2
 is the error term for model 2; ID1 is level 2 random inter-

cept of individuals for model 1; ID2 is level 2 random intercept of individuals for model 2. Therefore, 
we included in the structural equation modelling a random intercept in each of the two models at the 
individual level, and we specified a covariance matrix that allows for an interaction between ID1 and ID2 
random intercepts



1 3

Air Pollution Reduces the Individuals’ Life Satisfaction…

Following the GSEM and to obtain the direct, indirect, and total estimates for the 
health mediated association of air pollution with LS, we ran nonlinear combinations 
of parameter calculations, which are based on the “delta method”, an approximation 
suitable for large samples (Raykov & Marcoulides, 2004) such as our UKHLS sam-
ple as follows (Fig. 2):

In addition to investigating the direct and indirect effects of air pollution on LS, 
we performed heterogeneity analysis by assessing the association between air pollu-
tion, general health, and LS by the type of occupation and area of residence, com-
paring living in rural areas to living in urban areas.

Statistical analysis was conducted in STATA version 15 software and the 
GSEM package was used to perform the path mixed-effects multilevel mediation 
analysis. Spatial pre-processing for air pollution linkages was carried out using 
ArcGIS Pro software. Findings are presented in the form of coefficients and 95% 
confidence intervals (CIs) per 1 µg/m3 increase in air pollutants. Statistical sig-
nificance is determined at a P-value below 0.05.

Given that GSEM in STATA does not allow for the calculation of model good-
ness of fit statistics such as standardized root mean squared residual (SRMR) and 
coefficient of determination (CD), we repeated the same models in a sensitivity anal-
ysis using structural equation models (SEM) instead of GSEM. It should be noted, 
however, that unlike GSEM, SEM does not allow for mixed-effects multilevel struc-
tural equation modelling that is required when analysing longitudinal data. However, 
we adjusted the standard errors in SEM for the clustering of repeated observations 
within each individual ID.

We also ran sensitivity analysis to investigate the association between air pollu-
tion and LS without and with controlling for general health using three-levels mixed 
effects ordered logistic regression with a random intercept for the individual ID 
(level 2) and the LSOA of residence (level 3).

Results

Description of Life Satisfaction, General Health and Individuals’ 
Socio‑Demographic and Lifestyle Factors

In all the ten waves, the majority of individuals were mostly satisfied with their 
life (Fig. 3), had very good or good general health (Fig. 4), were females, aged 
between 34 and 58 years old, had British-white ethnicity, were born in the UK, 
were married, had a university or high school or other educational qualifications, 
were non-manual workers (if working), had a comfortable/alright financial situa-
tion, were non-smokers, and lived in urban areas (Table 1).

Indirect ef fect = Model 1 ∶ �2Healthti ×Model 2 ∶ �1air pollutionti;

Direct ef fect = Model 1 ∶ �1air pollutionti; Total ef fect = indirect ef fect + direct ef fect;

Percent of total ef fect that is mediated = (indirect ÷ total ef fect) ∗ 100;

Ratio of indirect to direct = indirect ÷ direct ef fect
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Description of Air Pollution

Across the 11  years of follow-up (2009–2019), air pollution decreased from 
17.7 µg/m3 in 2009 to 13.6 µg/m3 in 2019 for NO2, from 15.5 µg/m3 in 2009 to 
13.6  µg/m3 in 2019 for PM10, from 10.4  µg/m3 in 2009 to 8.6  µg/m3 in 2019 
for PM2.5, and from 2.7  µg/m3 in 2009 to 1.4  µg/m3 in 2019 for SO2 (Fig.  5). 
This presents a successful story for the efforts put by policymaking in the UK to 
reduce air pollution emissions.

Overall, the 11  years (2009–2019) mean of NO2, SO2, PM10, and PM2.5 
pollutants was 15.80  µg/m3 (SD = 7.47), 1.89  µg/m3 (SD = 1.26), 14.38  µg/m3 
(SD = 3.18), and 9.76 µg/m3 (SD = 2.40), respectively (Table 2).

Fig. 3   Description of individual’s life satisfaction for each wave of the UKHLS sample (N = 347,377 sur-
veys from 59,492 individuals)

Fig. 4   Description of individual’s general health for each wave of the UKHLS sample (N = 347,377 sur-
veys from 59,492 individuals)
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Moreover, a strong correlation (Pearson’s coefficient ≥ 0.7) was noted between 
NO2, PM10, and PM2.5 pollutants (Table  2), potentially attributed to chemi-
cal reactions occurring between particulate matter and NO2 pollutants within the 
atmosphere.

Empirical Results for the Health Mediated Association Between Air Pollution 
and Life Satisfaction

Results showed that lower ratings of LS (1 = completely dissatisfied to 7 = completely 
satisfied) are associated with higher concentrations of NO2 (coefficient = -0.007, 
95%CI = -0.009, -0.005, p < 0.001), SO2 (coefficient = -0.005, 95%CI = -0.012, 
0.002), PM10 (coefficient = -0.011, 95%CI = -0.016, -0.007, p < 0.001), and PM2.5 
(coefficient = -0.018, 95%CI = -0.024, -0.012, p < 0.001) pollutants (Table 3). Higher 
concentrations of NO2 (coefficient = 0.009, 95%CI = 0.006, 0.012, p < 0.001), SO2 

Fig. 5   The annual mean of NO2, SO2, PM10, and PM2.5 air pollutants at the LSOAs level in the UK 
from the year 2009 to 2019 (N = 42,619 LSOAs)

Table 2   Exposure description and correlation matrix of air pollutants at the LSOAs level (N = 42,619 
LSOAs)

Strong correlations with correlation coefficient ≥ 0.70 are highlighted in bold

Pearson’s correlation coefficient

NO2  
(µg/m3)

SO2 (µg/m3) PM10 
(µg/m3)

PM2.5 
(µg/m3)

Mean SD Median Interquartile 
range

NO2 (µg/m3) 1.00 15.80 7.47 14.91 9.69
SO2 (µg/m3) 0.36 1.00 1.89 1.26 1.59 1.06
PM10 (µg/m3) 0.76 0.28 1.00 14.38 3.18 14.53 4.32
PM2.5 (µg/m3) 0.79 0.31 0.97 1.00 9.76 2.40 9.88 3.30
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(coefficient = 0.025, 95%CI = 0.017, 0.034, p < 0.001), PM10 (coefficient = 0.019, 
95%CI = 0.013, 0.025, p < 0.001), and PM2.5 (coefficient = 0.025, 95%CI = 0.017, 
0.033, p < 0.001) pollutants were also associated with poorer health (1 = Excel-
lent health to 5 = poor health), while poorer health was associated with reduced LS 
(coefficient = -0.605, 95%CI = -0.614, -0.595, p < 0.001) (Table 3).

Besides the association between air pollution, health, and LS, results also showed 
that lower ratings of LS are associated with being from an ethnic minority, with 
being single, widowed, divorced, or living as a couple compared to married marital 
status, with having high school or lower educational levels compared to a univer-
sity level, with being non-manual worker compared to managerial or professional 
occupations, with having difficult financial situation, with being a smoker, and with 
increasing time compared to the year of 2009. On the other hand, females, old age 
people (64 + compared to young age of 16–18), non-UK-born individuals, manual 
workers (compared to managerial and professional occupations) and people who live 
in rural areas were more satisfied with their life (Tab s1, Tab s2, Tab s3, and Tab s4).

Table 3   The effect of air pollution and the general health mediator on LS (N = 347,377 surveys from 
59,492 individuals)

Model 1 includes LS dependent variable, air pollution independent variable, general health mediator var-
iable, and control variables which include gender, age, ethnicity, country of birth, marital status, educa-
tion, occupation, perceived financial situation, smoking status, rural–urban indicator, and year dummies 
(2009–2019); Model 2 includes health mediator considered as dependent variable in model 2, air pollu-
tion independent variable, and control variables which include gender, age, ethnicity, country of birth, 
marital status, education, occupation, perceived financial situation, smoking status, rural–urban indicator, 
and year dummies (2009–2019); Full results of Models 1 and 2 including control variables coefficients, 
95% CIs, and P-values are shown in Tab s1, Tab s2, Tab s3, and Tab s4

Model 1: dependent variable = LS Model 2: dependent  
variable = Health

Coefficient 95% CI P-value Coefficient 95% CI P-value

Independent 
variable

NO2 (µg/m3) -0.007 -0.009,-0.005 0.000 0.009 0.006,0.012 0.000

Mediating 
variable

General 
health

-0.604 -0.614,-0.595 0.000

Independent 
variable

SO2 (µg/m3) -0.005 -0.012,0.002 0.129 0.025 0.017,0.034 0.000

Mediating 
variable

General 
health

-0.605 -0.614,-0.595 0.000

Independent 
variable

PM10 (µg/
m3)

-0.011 -0.016,-0.007 0.000 0.019 0.013,0.025 0.000

Mediating 
variable

General 
health

-0.605 -0.614,-0.595 0.000

Independent 
variable

PM2.5 (µg/
m3)

-0.018 -0.024,-0.012 0.000 0.025 0.017,0.033 0.000

Mediating 
variable

General 
health

-0.605 -0.614,-0.595 0.000
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As for model 2 results, poorer self-reported health was associated with female 
gender, older age, being from an Indian, Pakistani, Bangladeshi, mixed, or other eth-
nicities group compared to British-White, being single, widowed, divorced, or living 
as a couple compared to married marital status, having high school or lower educa-
tional levels compared to a university level, being non-manual or manual workers 
compared to managerial or professional occupations, having difficult financial situa-
tion, and being a smoker. In contrast, better health was shown among non-UK-born 
individuals and people living in rural areas (Tab s1, Tab s2, Tab s3, and Tab s4).

Finally, mediation path analysis showed that air pollution impacted individuals’ 
LS directly and indirectly through impairing their general health (Table 4). The per-
cent of total effect mediated through health was 44.03% for NO2, 73.95% for SO2, 
49.88% for PM10, and 45.42% for PM2.5 and the ratio of indirect to direct effect 
was 0.79 for NO2, 2.84 for SO2, 0.99 for PM10, and 0.83 for PM2.5 (Table 4).

Assessing the association between air pollution, general health, and LS by the 
type of occupation (Tab s5) and area of residence (Tab s6) revealed lower LS among 
individuals living in rural areas compared to living in urban areas with higher expo-
sure to NO2 pollution, yet no significant differences were noted with respect to the 
type of occupation. Moreover, non-manual and manual workers were more likely to 
report poorer general health with increased exposure to NO2, PM10, and PM2.5 pol-
lution than managers/professionals/employers (Tab s5).

Sensitivity analysis with SEM instead of GSEM revealed a similar pattern of 
associations (Tab s7 and Tab s8). The goodness of fit statistics obtained from SEM 
showed a good fit for all the models with SRMR being less than 0.08 (Hu & Bentler, 
1999) and CD indicating that more than 25% of the variance in the dependent vari-
able (LS) is predicted by the model.

Similar results were also shown in additional sensitivity analysis with multilevel mixed 
effects ordered logistic regression instead of GSEM (Tab s9). Increased exposure to all 
four air pollutants was significantly associated with lower ratings of LS (model 1). How-
ever, when the model was adjusted for general health (model 2), the significance of the 
association between increased exposure to SO2 and lower ratings of LS disappeared, con-
firming to the GSEM analysis, and suggesting that SO2 affects LS indirectly through poor 
general health rather than directly (Tab s9).

Discussion

In this study, we demonstrated that the impact of air pollution on life satisfaction 
(LS) can manifest both directly and indirectly through health deterioration. Greater 
exposure to NO2, SO2, PM10, and PM2.5 pollutants correlated with diminished 
health, and poorer health was linked to a decline in life satisfaction. The connec-
tion between air pollution and reduced life satisfaction aligns with findings in per-
tinent literature (Du et al., 2018; MacKerron & Mourato, 2009; Schmitt, 2013; Shi 
et al., 2022; Silva et al., 2012; Yuan et al., 2018). Studies from Europe have found 
a robust negative impact of PM10 and SO2 pollutants on LS (Ferreira et al., 2013; 
Orru et al., 2016). Similarly, the association between air pollution and poor health is 
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well-documented in the literature (Abed Al Ahad et al., 2020, 2022b, 2023b; Collart 
et al., 2018; Fischer et al., 2015; Goldberg et al., 2015; Manisalidis et al., 2020).

Nevertheless, the link between air pollution, health, and LS is not fully studied 
and requires further research. Our study attempted to fill this literature gap by using 
11 years of longitudinal individual-level data linked to fine spatial resolution air pol-
lution to show that the association between multiple air pollutants and LS can be 
direct and indirect through poor health. Thus, our study provided new evidence for 
exploring the underlying mechanism for the effect of air pollution on LS through the 
mediating role of health. The direct negative impact of air pollution on LS can be 
explained by the psychological stress and anxiety associated with coping behaviours 
such as staying indoors rather than enjoying outdoor activities during periods of ele-
vated air pollution (Abed Al Ahad et al., 2022a; Orru et al., 2016; von Lindern et al., 
2016). The indirect effect can be explained through the harmful impact of air pol-
lution on humans’ health which affects the cardiovascular, respiratory, immune and 
autonomous nervous systems (Costa et al., 2014; Manisalidis et al., 2020), reflecting 
changes in physiology, emotions, and physical abilities (Abed Al Ahad et al., 2022a; 
Orru et al., 2016; Ventriglio et al., 2021) and resulting in low LS. In support to our 
findings, a recent cross-sectional study from China showed in a mediation analy-
sis that SO2 air pollution reduces individuals’ happiness through health impairment 
(Liu et al., 2021).

Our study showed that almost half of the air pollution effect on LS is mediated by 
health. However, SO2 pollutant showed a different mediation pattern than the other 
studied pollutants. For SO2, the indirect effect was stronger than the direct effect 
(ratio of indirect to direct effect = 2.84). In contrast, NO2, PM10, and PM2.5 pol-
lutants showed stronger direct effects. This could be related to the toxicity of SO2 
and its source of emission. Experimental research has shown that SO2 contributes 
to respiratory and cardiovascular symptoms such as respiratory irritation, bronchi-
tis, mucus production, and bronchospasm by penetrating deep into the lungs and 
interacting with sensory receptors leading to changes in the airway physiology 
(Chen et al., 2007; Manisalidis et al., 2020). Chronic exposure to SO2 can also dis-
rupt the signal transmission and synaptic communications between neurons and ini-
tiate oxidative stress and the production of reactive oxygen species that can cross 
the blood–brain barrier resulting in neurodegeneration and neuronal dysfunction 
(Ku et al., 2017; Manisalidis et al., 2020). The respiratory, cardiovascular, and neu-
ronal effects caused by SO2 pollutant lead to various health complications and poor 
health, which exert a strong indirect negative impact on LS.

Industry and fossil fuel combustion are the main sources of SO2 emissions 
while NO2, PM10, and PM2.5 pollutants are mainly liberated from traffic exhaust 
(Abed Al Ahad et al., 2020; Manisalidis et al., 2020). Thus, SO2 is expected to 
affect mainly people who live in the vicinity of factories and energy production 
facilities. Literature has shown that people who live near industrial complexes 
show worse respiratory and allergic symptoms and are at a higher risk of devel-
oping lung and uterine cancers (Eom et  al., 2018). Living near petrochemical 
industries was also shown to increase the risk of cancer morbidity and mortality 
(Domingo et al., 2020). Not to mention that people who live in industrial regions 
are exposed to the industrial-related SO2 pollution as well as to the traffic-related 
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NO2, PM10, and PM2.5 pollution, leading to worse health outcomes. This reiter-
ates the idea that exposure to industrial SO2 pollution affects health in a negative 
way, which reflects a strong indirect effect on low LS.

Another explanation for the stronger indirect effect of SO2 pollution on LS is 
that people who live in industrial areas and perceive their areas to be industrial 
show less depression and anxiety and better psychological health than those liv-
ing in non-industrial areas (Marques & Lima, 2011). This corresponds to the psy-
chological health hypothesis (Taylor & Brown, 1994), whereby “if I live in an 
industrial place, it is actually best for my mental health that I recognize it as such” 
(Marques & Lima, 2011). In addition, people who live in industrial areas may be 
more focused on the positive aspects of industry such as economical develop-
ment and regional employment rather than the negative impacts of air pollution 
(Boardman et al., 2008), which results in better psychological health and higher 
LS. Relative to our study, this reduces the direct effect of air pollution on low LS 
and strengthens the indirect effect through poor health.

However, it has been found in the literature that perceptions of air pollution, 
especially when characterised with visible (e.g., colour) or olfactive (e.g., bad 
smell) signs, are associated with increased psychological stress and anxiety and 
the necessity for coping behaviours such as replacing outdoor stress-relieving 
activities with indoor activities (von Lindern et  al., 2016). This in turn leads to 
strong direct effects of air pollution on low LS. Nevertheless, this can be attributed 
more to the traffic-related air pollutants (e.g. NO2, PM10, and PM2.5) (Abed Al 
Ahad et al., 2020; Manisalidis et al., 2020) characterised with odour, particles, and 
smoke that are sensed on a daily basis by all people whether living in an industrial 
or non-industrial region. This is in line with our findings whereby the direct effect 
of NO2, PM10, and PM2.5 pollutants on LS was stronger than the indirect effect, 
while SO2 impacted LS mostly indirectly through health impairment.

Further heterogeneity analysis also revealed that the rating of LS for individuals 
residing in rural areas is more sensitive to NO2 pollution exposure than for individu-
als residing in urban areas. This could be attributed to the fact that NO2 – a traffic-
related pollutant is less abundant in rural areas. Thus, when individuals who live in 
rural areas are exposed to it, this may have a greater impact on their LS ratings com-
pared to those living in urban areas who are exposed to this pollutant more frequently.

Our study is one of its kind in highlighting the direct effect of air pollution on LS 
and the indirect effect mediated through health. It exhibits methodological novelty 
by applying mediation path analysis on 11 years of longitudinal individual-level data 
(i.e., lengthy temporal scale) linked to fine spatial resolution air pollution data. In 
contrast to cross-sectional data, longitudinal data encompasses both the dynamics 
within individuals and the variations between individuals across time (Tang et al., 
2013). This gives better indication of whether changes in the mediator are more 
likely to precede changes in the outcome; thus, allowing for precise illustrations of 
the temporal order of change over time and more accurate conclusions about media-
tion (Gunzler et al., 2013).

Still, our study has some limitations. First, the study design involved linking indi-
vidual-level data from the UKHLS dataset to annual air pollution data at the LSOAs 
level, assuming that individuals in the same LSOA share the same air pollution 



	 M. Abed Al Ahad 

1 3

concentration. While LSOAs offer high spatial resolution, it is advisable to utilize 
a dataset allowing air pollution linkages at the postcode level, which has the high-
est spatial resolution in the UK, to mitigate exposure bias. Another potential source 
of bias in exposure might arise from assessing individuals’ exposure based on their 
place of residence (LSOA), which may not accurately represent their true personal 
exposure. In reality, exposure is more intricate, involving indoor settings, work-
places, and commuting patterns. Therefore, future studies should integrate air pollu-
tion exposure assessments for both residence and workplace, considering both ambi-
ent and indoor air pollution exposure. Second, our study explored the mediating role 
of self-reported health in the relationship between air pollution and life satisfaction, 
rather than employing a more objective mediator such as hospital admissions. This 
choice may introduce social desirability or reporting bias, where individuals might 
overestimate or underestimate their general health. Nevertheless, the literature dem-
onstrates high correlations between self-reported health and objective health meas-
ures, including hospital admissions, enhancing the reliability of the self-reported 
health mediator (Ul-Haq et al., 2014; Williams et al., 2017). Finally, in this study, 
we performed mediation path analysis in which the independent (i.e., air pollution), 
mediator (i.e., health) and dependent (i.e., LS) variables were all measured within 
the same year per each individual-yearly observation rather than mediation analysis 
with latent variables whereby air pollution is lagged by one, two or several years. 
Analysing the effect of lagged air pollution exposure on LS through health would 
provide a better conceptualisation of temporal sequence by ensuring that previous 
yearly exposures to air pollution are affecting LS directly and indirectly through 
health impairment rather than same year exposures. However, the UKHLS data does 
not allow for mediation analysis with latent variables because data collection includ-
ing the collection of individuals’ places of residence are based on collection waves 
(waves 1 to 10) and not all individuals are present at every wave. This makes the 
linkage of air pollution exposures at previous years impossible without knowing the 
yearly history of individual’s place of residence. Thus, for future research, it is rec-
ommended to use other data sources that allow for the linkage of lagged air pollu-
tion data such as administrative data that contain individuals’ residential histories.

Conclusion

This study utilised 11 years of longitudinal individual-level data linked to fine spa-
tial resolution data on multiple pollutants to provide evidence that air pollution 
affects the individuals’ LS directly and indirectly through health impairment. Our 
study revealed pollutant differences in the direct and indirect effects with SO2 show-
ing stronger indirect effect on low LS that is mediated through poorer health. The 
relationship between long-term exposure to air pollution and how satisfied people 
are with their lives overall and how this is related to their general health status can 
be monetized to provide the basis for air pollution abatement strategies for main-
taining both health and well-being of societies. The results of this study also sug-
gest that future policies aiming at better life satisfaction are urged to enhance the air 
quality and promote effective health planning.



1 3

Air Pollution Reduces the Individuals’ Life Satisfaction…

Supplementary Information  The online version contains supplementary material available at https://​doi.​
org/​10.​1007/​s11482-​024-​10273-5.

Acknowledgements  I would like to acknowledge Professor Hill Kulu from the School of Geography and 
Sustainable Development, University of St Andrews, Scotland, United Kingdom and Professor Roland 
Rau from the Laboratory of Statistical Demography, Max Planck Institute for Demographic Research, 
Rostock, Germany for their supervision. I would also like to acknowledge the Max Planck Institute for 
Demographic Research and their International Max Planck Research School for Population, Health and 
Data Science (IMPRS-PHDS) for providing me with a desk office and the needed software and resources 
to carry out the research presented in this paper.

Author Contribution  The author Mary Abed Al Ahad was responsible for all the aspects of this article 
including Conceptualization, Investigation, Methodology, Data curation, Formal Analysis, Writing-Orig-
inal Draft, Writing-Review and Editing, Visualization, Project administration, and Funding acquisition.

Funding  This paper was funded by the Royal Society of Edinburgh (RSE) Saltire Early Career Fellow-
ships grant (RSE Reference Number: 1846). The funding agency is not involved in the study design, col-
lection, analysis or interpretation of data, writing of the article, or the decision to submit the article for 
publication.

Data Availability  We cannot make the data underlying our analysis publicly available due to ethical and 
legal restrictions.We are using the “Understanding Society: The UK Household Longitudinal Study” 
dataset which is an initiative funded by the Economic and Social Research Council and various Govern-
ment Departments, with scientific leadership by the Institute for Social and Economic Research, Univer-
sity of Essex, and survey delivery by NatCen Social Research and Kantar Public. These data are protected 
by a copyright license and strictly distributed by the UK Data Service which is the largest digital reposi-
tory for quantitative and qualitative social science and humanities research data in the UK.Therefore, data 
underlying our analysis can only be accessed through the UK Data Service for authorized researchers 
from the following https://​beta.​ukdat​aserv​ice.​ac.​uk/​datac​atalo​gue/​series/​serie​sid=​20000​53

Declarations 

Ethical Approval  This paper is part of a project that was granted ethical approval on the 14th of May 2020 
by the School of Geography and Sustainable Development Ethics Committee, acting on behalf of the 
University Teaching and Research Ethics Committee (UTREC) at the University of St Andrews, Scotland, 
United Kingdom. This paper uses data from the “Understanding Society: The UK Household Longitudinal 
Study” which was collected by the University of Essex and can be downloaded from the UK Data Archive. 
The University of Essex Ethics Committee has approved all data collection on Understanding Society main 
study and innovation panel waves, including asking consent for all data linkages except to health records. 
Requesting consent for health record linkage was approved at Wave 1 by the National Research Ethics 
Service (NRES) Oxfordshire REC A (08/H0604/124), at BHPS Wave 18 by the NRES Royal Free Hospital 
& Medical School (08/H0720/60) and at Wave 4 by NRES Southampton REC A (11/SC/0274). Approval 
for the collection of biosocial data by trained nurses in Waves 2 and 3 of the main survey was obtained 
from the National Research Ethics Service (Understanding Society—UK Household Longitudinal Study: 
A Biosocial Component, Oxfordshire A REC, Reference: 10/H0604/2).

Competing Interests  The authors declare that they have no competing interests.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

https://doi.org/10.1007/s11482-024-10273-5
https://doi.org/10.1007/s11482-024-10273-5
https://beta.ukdataservice.ac.uk/datacatalogue/series/seriesid=2000053
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


	 M. Abed Al Ahad 

1 3

References

Ab Manan, N., Noor Aizuddin, A., & Hod, R. (2018). Effect of air pollution and hospital admission: A 
systematic review. Annals of Global Health, 84(4), 670–678. https://​doi.​org/​10.​9204/​aogh.​2376

Abed Al Ahad, M., Sullivan, F., Demšar, U., Melhem, M., & Kulu, H. (2020). The effect of air-pollution 
and weather exposure on mortality and hospital admission and implications for further research: 
A systematic scoping review. PLoS ONE, 15(10), e0241415. https://​doi.​org/​10.​1371/​journ​al.​pone.​
02414​15

Abed Al Ahad, M., Demšar, U., Sullivan, F., & Kulu, H. (2022a). Air pollution and individuals’ men-
tal well-being in the adult population in United Kingdom: A spatial-temporal longitudinal study 
and the moderating effect of ethnicity. PLoS ONE, 17(3), e0264394. https://​doi.​org/​10.​1371/​journ​
al.​pone.​02643​94

Abed Al Ahad, M., Demšar, U., Sullivan, F., & Kulu, H. (2022b). Does long-term air pollution exposure 
affect self-reported health and limiting long term illness disproportionately for ethnic minorities in 
the UK? A census-based individual level analysis. Applied Spatial Analysis and Policy. https://​doi.​
org/​10.​1007/​s12061-​022-​09471-1

Abed Al Ahad, M. (2023). The association of long-term exposure to outdoor air pollution with all-cause 
GP visits and hospital admissions by ethnicity and country of birth in the United Kingdom. PLoS 
ONE, 18(10), e0275414. https://​doi.​org/​10.​1371/​journ​al.​pone.​02754​14

Abed Al Ahad, M., Demšar, U., Sullivan, F., & Kulu, H. (2023a). Long-term exposure to air pollution 
and mortality in Scotland: A register-based individual-level longitudinal study. Environmental 
Research, 238, 117223. https://​doi.​org/​10.​1016/j.​envres.​2023.​117223

Abed Al Ahad, M., Demšar, U., Sullivan, F., & Kulu, H. (2023b). The spatial–temporal effect of air 
pollution on individuals’ reported health and its variation by ethnic groups in the United King-
dom: a multilevel longitudinal analysis. BMC Public Health, 23(1), 897.https://​doi.​org/​10.​1186/​
s12889-​023-​15853-y

Ambrey, C., & Fleming, C. (2013). Public greenspace and life satisfaction in urban Australia. Urban 
Studies, 51(6), 1290–1321. https://​doi.​org/​10.​1177/​00420​98013​494417

Bakolis, I., Hammoud, R., Stewart, R., Beevers, S., Dajnak, D., MacCrimmon, S., Broadbent, M., 
Pritchard, M., Shiode, N., Fecht, D., Gulliver, J., Hotopf, M., Hatch, S. L., & Mudway, I. S. (2020). 
Mental health consequences of urban air pollution: Prospective population-based longitudinal sur-
vey. Social Psychiatry and Psychiatric Epidemiology. https://​doi.​org/​10.​1007/​s00127-​020-​01966-x

Baron, R. M., & Kenny, D. A. (1986). The moderator-mediator variable distinction in social psychologi-
cal research: Conceptual, strategic, and statistical considerations. Journal of Personality and Social 
Psychology, 51(6), 1173–1182. https://​doi.​org/​10.​1037/​0022-​3514.​51.6.​1173

Boardman, J. D., Downey, L., Jackson, J. S., Merrill, J. B., Saint Onge, J. M., & Williams, D. R. (2008). 
Proximate industrial activity and psychological distress. Population and Environment, 30(1–2), 
3–25. https://​doi.​org/​10.​1007/​s11111-​008-​0075-8

Calderón-Garcidueñas, L., Calderón-Garcidueñas, A., Torres-Jardón, R., Avila-Ramírez, J., Kulesza, R. 
J., & Angiulli, A. D. (2015). Air pollution and your brain: What do you need to know right now. 
Primary Health Care Research & Development, 16(4), 329–345. https://​doi.​org/​10.​1017/​S1463​
42361​40003​6X

Chen, T. M., Gokhale, J., Shofer, S., & Kuschner, W. G. (2007). Outdoor air pollution: Nitrogen dioxide, 
sulfur dioxide, and carbon monoxide health effects. The American Journal of the Medical Sciences, 
333(4), 249–256. https://​doi.​org/​10.​1097/​MAJ.​0b013​e3180​3b900f

Collart, P., Dubourg, D., Levêque, A., Sierra, N. B., & Coppieters, Y. (2018). Short-term effects of nitro-
gen dioxide on hospital admissions for cardiovascular disease in Wallonia, Belgium. International 
Journal of Cardiology, 255, 231–236. https://​doi.​org/​10.​1016/j.​ijcard.​2017.​12.​058

Costa, S., Ferreira, J., Silveira, C., Costa, C., Lopes, D., Relvas, H., Borrego, C., Roebeling, P., Miranda, 
A. I., & Paulo Teixeira, J. (2014). Integrating health on air quality assessment—Review report on 
health risks of two major European outdoor air pollutants: PM and NO2. Journal of Toxicology and 
Environmental Health, Part B, 17(6), 307–340. https://​doi.​org/​10.​1080/​10937​404.​2014.​946164

Danner, D., Hagemann, D., & Fiedler, K. (2015). Mediation analysis with structural equation models: 
Combining theory, design, and statistics. European Journal of Social Psychology, 45(4), 460–481. 
https://​doi.​org/​10.​1002/​ejsp.​2106

Department-for-Environment-Food-and-Rural-Affairs. (2020). Modelled background pollution 
data https://​uk-​air.​defra.​gov.​uk/​data/​pcm-​data. Accessed 7 Jan 2020.

https://doi.org/10.9204/aogh.2376
https://doi.org/10.1371/journal.pone.0241415
https://doi.org/10.1371/journal.pone.0241415
https://doi.org/10.1371/journal.pone.0264394
https://doi.org/10.1371/journal.pone.0264394
https://doi.org/10.1007/s12061-022-09471-1
https://doi.org/10.1007/s12061-022-09471-1
https://doi.org/10.1371/journal.pone.0275414
https://doi.org/10.1016/j.envres.2023.117223
https://doi.org/10.1186/s12889-023-15853-y
https://doi.org/10.1186/s12889-023-15853-y
https://doi.org/10.1177/0042098013494417
https://doi.org/10.1007/s00127-020-01966-x
https://doi.org/10.1037/0022-3514.51.6.1173
https://doi.org/10.1007/s11111-008-0075-8
https://doi.org/10.1017/S146342361400036X
https://doi.org/10.1017/S146342361400036X
https://doi.org/10.1097/MAJ.0b013e31803b900f
https://doi.org/10.1016/j.ijcard.2017.12.058
https://doi.org/10.1080/10937404.2014.946164
https://doi.org/10.1002/ejsp.2106
https://uk-air.defra.gov.uk/data/pcm-data


1 3

Air Pollution Reduces the Individuals’ Life Satisfaction…

Dolan, P., & Laffan, K. (2016). Bad air days: The effects of air quality on different measures of subjec-
tive well-being. Journal of Benefit-Cost Analysis, 7(1), 147–195. https://​doi.​org/​10.​1017/​bca.​2016.7

Dolan, P., Peasgood, T., & White, M. (2008). Do we really know what makes us happy? A review of the 
economic literature on the factors associated with subjective well-being. Journal of Economic Psy-
chology, 29(1), 94–122. https://​doi.​org/​10.​1016/j.​joep.​2007.​09.​001

Domingo, J. L., Marquès, M., Nadal, M., & Schuhmacher, M. (2020). Health risks for the population liv-
ing near petrochemical industrial complexes. 1. Cancer risks: A review of the scientific literature. 
Environmental Research, 186, 109495. https://​doi.​org/​10.​1016/j.​envres.​2020.​109495

Du, G., Shin, K. J., & Managi, S. (2018). Variability in impact of air pollution on subjective well-being. 
Atmospheric Environment, 183, 175–208. https://​doi.​org/​10.​1016/j.​atmos​env.​2018.​04.​018

Dzhambov, A., Markevych, I., Tilov, B., Arabadzhiev, Z., Stoyanov, D., Gatseva, P., & Dimitrova, D. D. 
(2018). Pathways linking residential noise and air pollution to mental ill-health in young adults. 
Environmental Research, 166, 458–465. https://​doi.​org/​10.​1016/j.​envres.​2018.​06.​031

Enkvist, Å., Ekström, H., & Elmståhl, S. (2012). What factors affect life satisfaction (LS) among the 
oldest-old? Archives of Gerontology and Geriatrics, 54(1), 140–145. https://​doi.​org/​10.​1016/j.​archg​
er.​2011.​03.​013

Eom, S.-Y., Choi, J., Bae, S., Lim, J.-A., Kim, G.-B., Yu, S.-D., Kim, Y., Lim, H.-S., Son, B.-S., Paek, 
D., Kim, Y.-D., Kim, H., Ha, M., & Kwon, H.-J. (2018). Health effects of environmental pollution 
in population living near industrial complex areas in Korea. Environmental Health and Toxicology, 
33(1), e2018004–e2018004. https://​doi.​org/​10.​5620/​eht.​e2018​004

Esposito, S., Galeone, C., Lelii, M., Longhi, B., Ascolese, B., Senatore, L., Prada, E., Montinaro, V., 
Malerba, S., Patria, M. F., & Principi, N. (2014). Impact of air pollution on respiratory diseases in 
children with recurrent wheezing or asthma. BMC Pulmonary Medicine, 14, 130–130. https://​doi.​
org/​10.​1186/​1471-​2466-​14-​130

European-Environment-Agency (2020). Air pollution.  https://​www.​eea.​europa.​eu/​themes/​air/​intro. 
Accessed 16 May 2022

Fernández-Portero, C., Alarcón, D., & Barrios Padura, Á. (2017). Dwelling conditions and life satisfac-
tion of older people through residential satisfaction. Journal of Environmental Psychology, 49, 1–7. 
https://​doi.​org/​10.​1016/j.​jenvp.​2016.​11.​003

Ferreira, S., Akay, A., Brereton, F., Cuñado, J., Martinsson, P., Moro, M., & Ningal, T. F. (2013). Life 
satisfaction and air quality in Europe. Ecological Economics, 88, 1–10. https://​doi.​org/​10.​1016/j.​
ecole​con.​2012.​12.​027

Fischer, P. H., Marra, M., Ameling, C. B., Hoek, G., Beelen, R., de Hoogh, K., Breugelmans, O., Kruize, 
H., Janssen, N. A., & Houthuijs, D. (2015). Air pollution and mortality in seven million adults: The 
Dutch Environmental Longitudinal Study (DUELS). Environmental Health Perspectives, 123(7), 
697–704. https://​doi.​org/​10.​1289/​ehp.​14082​54

Goldberg, M. S., Wheeler, A. J., Burnett, R. T., Mayo, N. E., Valois, M.-F., Brophy, J. M., & Gian-
netti, N. (2015). Physiological and perceived health effects from daily changes in air pollution and 
weather among persons with heart failure: A panel study. Journal of Exposure Science & Environ-
mental Epidemiology, 25(2), 187–199. https://​doi.​org/​10.​1038/​jes.​2014.​43

Gunzler, D., Chen, T., Wu, P., & Zhang, H. (2013). Introduction to mediation analysis with structural 
equation modeling. Shanghai Archives of Psychiatry, 25(6), 390–394. https://​doi.​org/​10.​3969/j.​issn.​
1002-​0829.​2013.​06.​009

He, D., Miao, J., Lu, Y., Song, Y., Chen, L., & Liu, Y. (2022). Urban greenery mitigates the negative 
effect of urban density on older adults’ life satisfaction: Evidence from Shanghai. China. Cities, 
124, 103607. https://​doi.​org/​10.​1016/j.​cities.​2022.​103607

Hu, L.-T., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure analysis: Conven-
tional criteria versus new alternatives. Structural Equation Modeling, 6(1), 1–55. https://​doi.​org/​10.​
1080/​10705​51990​95401​18

Hvidtfeldt, U. A., Sørensen, M., Geels, C., Ketzel, M., Khan, J., Tjønneland, A., Overvad, K., Brandt, 
J., & Raaschou-Nielsen, O. (2019). Long-term residential exposure to PM2.5, PM10, black car-
bon, NO2, and ozone and mortality in a Danish cohort. Environment International, 123, 265–272. 
https://​doi.​org/​10.​1016/j.​envint.​2018.​12.​010

Joshanloo, M., & Jovanović, V. (2020). The relationship between gender and life satisfaction: Analysis 
across demographic groups and global regions. Archives of Women’s Mental Health, 23(3), 331–
338. https://​doi.​org/​10.​1007/​s00737-​019-​00998-w

https://doi.org/10.1017/bca.2016.7
https://doi.org/10.1016/j.joep.2007.09.001
https://doi.org/10.1016/j.envres.2020.109495
https://doi.org/10.1016/j.atmosenv.2018.04.018
https://doi.org/10.1016/j.envres.2018.06.031
https://doi.org/10.1016/j.archger.2011.03.013
https://doi.org/10.1016/j.archger.2011.03.013
https://doi.org/10.5620/eht.e2018004
https://doi.org/10.1186/1471-2466-14-130
https://doi.org/10.1186/1471-2466-14-130
https://www.eea.europa.eu/themes/air/intro
https://doi.org/10.1016/j.jenvp.2016.11.003
https://doi.org/10.1016/j.ecolecon.2012.12.027
https://doi.org/10.1016/j.ecolecon.2012.12.027
https://doi.org/10.1289/ehp.1408254
https://doi.org/10.1038/jes.2014.43
https://doi.org/10.3969/j.issn.1002-0829.2013.06.009
https://doi.org/10.3969/j.issn.1002-0829.2013.06.009
https://doi.org/10.1016/j.cities.2022.103607
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1016/j.envint.2018.12.010
https://doi.org/10.1007/s00737-019-00998-w


	 M. Abed Al Ahad 

1 3

Ku, T., Chen, M., Li, B., Yun, Y., Li, G., & Sang, N. (2017). Synergistic effects of particulate matter 
(PM2.5) and sulfur dioxide (SO2) on neurodegeneration via the microRNA-mediated regulation of 
tau phosphorylation. Toxicology Research, 6(1), 7–16. https://​doi.​org/​10.​1039/​c6tx0​0314a

Li, F., & Zhou, T. (2020). Effects of objective and subjective environmental pollution on well-being 
in urban China: A structural equation model approach. Social Science & Medicine, 249, 112859. 
https://​doi.​org/​10.​1016/j.​socsc​imed.​2020.​112859

Liu, Y., Zhu, K., Li, R.-L., Song, Y., & Zhang, Z.-J. (2021). Air pollution impairs subjective happiness by 
damaging their health. International Journal of Environmental Research and Public Health, 18(19), 
10319. https://​doi.​org/​10.​3390/​ijerp​h1819​10319

Lu, J. G. (2020). Air pollution: A systematic review of its psychological, economic, and social effects. 
Current Opinion in Psychology, 32, 52–65. https://​doi.​org/​10.​1016/j.​copsyc.​2019.​06.​024

Lynn, P., Nandi, A., Parutis, V., & Platt, L. (2018). Design and implementation of a high-quality prob-
ability sample of immigrants and ethnic minorities: Lessons learnt. Demographic Research, 38, 
513–548. https://​doi.​org/​10.​4054/​DemRes.​2018.​38.​21

MacKerron, G., & Mourato, S. (2009). Life satisfaction and air quality in London. Ecological Economics, 
68(5), 1441–1453. https://​doi.​org/​10.​1016/j.​ecole​con.​2008.​10.​004

Manisalidis, I., Stavropoulou, E., Stavropoulos, A., & Bezirtzoglou, E. (2020). Environmental and health 
impacts of air pollution: A review. Frontiers in Public Health, 8, 14–14. https://​doi.​org/​10.​3389/​
fpubh.​2020.​00014

Marques, S., & Lima, M. L. (2011). Living in grey areas: Industrial activity and psychological health. 
Journal of Environmental Psychology, 31(4), 314–322. https://​doi.​org/​10.​1016/j.​jenvp.​2010.​12.​002

Orru, K., Orru, H., Maasikmets, M., Hendrikson, R., & Ainsaar, M. (2016). Well-being and environmen-
tal quality: Does pollution affect life satisfaction? Quality of Life Research, 25(3), 699–705. https://​
doi.​org/​10.​1007/​s11136-​015-​1104-6

Papi, S., & Cheraghi, M. (2021). Multiple factors associated with life satisfaction in older adults. Prz 
Menopauzalny, 20(2), 65–71. https://​doi.​org/​10.​5114/​pm.​2021.​107025

Pedersen, C. B., Raaschou-Nielsen, O., Hertel, O., & Mortensen, P. B. (2004). Air pollution from traf-
fic and schizophrenia risk. Schizophrenia Research, 66(1), 83–85. https://​doi.​org/​10.​1016/​S0920-​
9964(03)​00062-8

Proctor, C., Alex Linley, P., & Maltby, J. (2018). Life Satisfaction. In R. J. R. Levesque (Ed.), Encyclo-
pedia of Adolescence (pp. 2165–2176). Springer International Publishing. https://​doi.​org/​10.​1007/​
978-3-​319-​33228-4_​125

Raykov, T., & Marcoulides, G. A. (2004). Using the delta method for approximate interval estimation of 
parameter functions in SEM. Structural Equation Modeling: A Multidisciplinary Journal, 11(4), 
621–637. https://​doi.​org/​10.​1207/​s1532​8007s​em1104_7

Roberts, S., Arseneault, L., Barratt, B., Beevers, S., Danese, A., Odgers, C. L., Moffitt, T. E., Reuben, 
A., Kelly, F. J., & Fisher, H. L. (2019). Exploration of NO(2) and PM(2.5) air pollution and mental 
health problems using high-resolution data in London-based children from a UK longitudinal cohort 
study. Psychiatry Research, 272, 8–17. https://​doi.​org/​10.​1016/j.​psych​res.​2018.​12.​050

Schmitt, M. (2013). Subjective Well-Being and Air Quality in Germany. Journal of Contextual Econom-
ics – Schmollers Jahrbuch, 133(2), 275–286. https://​doi.​org/​10.​3790/​schm.​133.2.​275

Schober, P., Boer, C., & Schwarte, L. A. (2018). Correlation Coefficients: Appropriate Use and Inter-
pretation. Anesthesia and Analgesia, 126(5), 1763–1768. https://​doi.​org/​10.​1213/​ane.​00000​00000​
002864

Shah, P. S., & Balkhair, T. (2011). Air pollution and birth outcomes: A systematic review. Environment 
International, 37(2), 498–516. https://​doi.​org/​10.​1016/j.​envint.​2010.​10.​009

Shi, X., Li, X., Chen, X., & Zhang, L. (2022). Objective air quality index versus subjective perception: 
Which has a greater impact on life satisfaction? Environment, Development and Sustainability, 
24(5), 6860–6877. https://​doi.​org/​10.​1007/​s10668-​021-​01730-4

Silva, J., Keulenaer, F. d., & Johnstone, N. (2012). Environmental quality and life satisfaction. https://​doi.​
org/​10.​1787/​5k9cw​678dl​r0-​en

Tang, W., Lu, N., Chen, R., & Zhang, H. (2013). Longitudinal data analysis. In W. Tang & X. Tu 
(Eds.), Modern clinical trial analysis (pp. 25–53). Springer: New York. https://​doi.​org/​10.​1007/​
978-1-​4614-​4322-3_2

Taylor, S. E., & Brown, J. D. (1994). Positive illusions and well-being revisited: Separating fact from fic-
tion. Psychological Bulletin, 116(1), 21–27. https://​doi.​org/​10.​1037/​0033-​2909.​116.1.​21

https://doi.org/10.1039/c6tx00314a
https://doi.org/10.1016/j.socscimed.2020.112859
https://doi.org/10.3390/ijerph181910319
https://doi.org/10.1016/j.copsyc.2019.06.024
https://doi.org/10.4054/DemRes.2018.38.21
https://doi.org/10.1016/j.ecolecon.2008.10.004
https://doi.org/10.3389/fpubh.2020.00014
https://doi.org/10.3389/fpubh.2020.00014
https://doi.org/10.1016/j.jenvp.2010.12.002
https://doi.org/10.1007/s11136-015-1104-6
https://doi.org/10.1007/s11136-015-1104-6
https://doi.org/10.5114/pm.2021.107025
https://doi.org/10.1016/S0920-9964(03)00062-8
https://doi.org/10.1016/S0920-9964(03)00062-8
https://doi.org/10.1007/978-3-319-33228-4_125
https://doi.org/10.1007/978-3-319-33228-4_125
https://doi.org/10.1207/s15328007sem1104_7
https://doi.org/10.1016/j.psychres.2018.12.050
https://doi.org/10.3790/schm.133.2.275
https://doi.org/10.1213/ane.0000000000002864
https://doi.org/10.1213/ane.0000000000002864
https://doi.org/10.1016/j.envint.2010.10.009
https://doi.org/10.1007/s10668-021-01730-4
https://doi.org/10.1787/5k9cw678dlr0-en
https://doi.org/10.1787/5k9cw678dlr0-en
https://doi.org/10.1007/978-1-4614-4322-3_2
https://doi.org/10.1007/978-1-4614-4322-3_2
https://doi.org/10.1037/0033-2909.116.1.21


1 3

Air Pollution Reduces the Individuals’ Life Satisfaction…

Ul-Haq, Z., Mackay, D. F., & Pell, J. P. (2014). Association between self-reported general and mental 
health and adverse outcomes: A retrospective cohort study of 19,625 Scottish adults. PLoS ONE, 
9(4), e93857–e93857. https://​doi.​org/​10.​1371/​journ​al.​pone.​00938​57

UniversityofEssex (2020). Understanding society: waves 1-10, 2009-2019 and harmonised BHPS: Waves 
1-18, 1991-2009 (6614) https://​doi.​org/​10.​5255/​UKDA-​SN-​6614-​14

Urban, J., & Máca, V. (2013). Linking traffic noise, noise annoyance and life satisfaction: A case study. 
International journal of environmental research and public health, 10(5), 1895–1915. https://​www.​
mdpi.​com/​1660-​4601/​10/5/​1895. Accessed 16 May 2022.

Ventriglio, A., Bellomo, A., di Gioia, I., Di Sabatino, D., Favale, D., De Berardis, D., & Cianconi, P. 
(2021). Environmental pollution and mental health: A narrative review of literature. CNS Spec-
trums, 26(1), 51–61. https://​doi.​org/​10.​1017/​s1092​85292​00013​03

Volk, H. E., Lurmann, F., Penfold, B., Hertz-Picciotto, I., & McConnell, R. (2013). Traffic-related air 
pollution, particulate matter, and autism. JAMA Psychiatry, 70(1), 71–77. https://​doi.​org/​10.​1001/​
jamap​sychi​atry.​2013.​266

von Lindern, E., Hartig, T., & Lercher, P. (2016). Traffic-related exposures, constrained restoration, and 
health in the residential context. Health & Place, 39, 92–100. https://​doi.​org/​10.​1016/j.​healt​hplace.​
2015.​12.​003

Wang, J., & Geng, L. (2019). Effects of Socioeconomic Status On Physical And Psychological Health: 
Lifestyle as a mediator. International Journal of Environmental Research and Public Health, 16(2), 
281. https://​doi.​org/​10.​3390/​ijerp​h1602​0281

Wang, Q. (2018). Urbanization and global health: The role of air pollution. Iranian Journal of Public 
Health, 47(11), 1644–1652.  https://​ijph.​tums.​ac.​ir/​index.​php/​ijph/​artic​le/​view/​15144. Accessed 16 
May 2022.

Williams, R. (2016). Understanding and interpreting generalized ordered logit models. The Journal of 
Mathematical Sociology, 40(1), 7–20. https://​doi.​org/​10.​1080/​00222​50X.​2015.​11123​84

Williams, G., Di Nardo, F., & Verma, A. (2017). The relationship between self-reported health status and 
signs of psychological distress within European urban contexts. European Journal of Public Health, 
27(suppl_2), 68–73. https://​doi.​org/​10.​1093/​eurpub/​ckx008

Yuan, L., Shin, K., & Managi, S. (2018). Subjective well-being and environmental quality: The impact of 
air pollution and green coverage in China. Ecological Economics, 153, 124–138. https://​doi.​org/​10.​
1016/j.​ecole​con.​2018.​04.​033

Zhang, G., Ren, Y., Yu, Y., & Zhang, L. (2022). The impact of air pollution on individual subjective well-
being: Evidence from China. Journal of Cleaner Production, 336, 130413. https://​doi.​org/​10.​1016/j.​
jclep​ro.​2022.​130413

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

https://doi.org/10.1371/journal.pone.0093857
https://doi.org/10.5255/UKDA-SN-6614-14
https://www.mdpi.com/1660-4601/10/5/1895
https://www.mdpi.com/1660-4601/10/5/1895
https://doi.org/10.1017/s1092852920001303
https://doi.org/10.1001/jamapsychiatry.2013.266
https://doi.org/10.1001/jamapsychiatry.2013.266
https://doi.org/10.1016/j.healthplace.2015.12.003
https://doi.org/10.1016/j.healthplace.2015.12.003
https://doi.org/10.3390/ijerph16020281
https://ijph.tums.ac.ir/index.php/ijph/article/view/15144
https://doi.org/10.1080/0022250X.2015.1112384
https://doi.org/10.1093/eurpub/ckx008
https://doi.org/10.1016/j.ecolecon.2018.04.033
https://doi.org/10.1016/j.ecolecon.2018.04.033
https://doi.org/10.1016/j.jclepro.2022.130413
https://doi.org/10.1016/j.jclepro.2022.130413

	Air Pollution Reduces the Individuals’ Life Satisfaction Through Health Impairment
	Abstract
	Introduction
	Methods
	Study Design, Data, and Sample
	Study Variables
	Life Satisfaction Dependent Variable
	Air Pollution Independent Variable
	Health Mediating Variable
	Socio-Demographic and Lifestyle Control Variables

	Data Analysis and Modelling Specifications

	Results
	Description of Life Satisfaction, General Health and Individuals’ Socio-Demographic and Lifestyle Factors
	Description of Air Pollution
	Empirical Results for the Health Mediated Association Between Air Pollution and Life Satisfaction

	Discussion
	Conclusion
	Acknowledgements 
	References


