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Abstract

Background

Recent studies suggest an association between ambient air pollution and mental well-being,

though evidence is mostly fragmented and inconclusive. Research also suffers from meth-

odological limitations related to study design and moderating effect of key demographics

(e.g., ethnicity). This study examines the effect of air pollution on reported mental well-being

in United Kingdom (UK) using spatial-temporal (between-within) longitudinal design and

assesses the moderating effect of ethnicity.

Methods

Data for 60,146 adult individuals (age:16+) with 349,748 repeated responses across 10-

data collection waves (2009–2019) from “Understanding-Society: The-UK-Household-Lon-

gitudinal-Study” were linked to annual concentrations of NO2, SO2, PM10, and PM2.5 pollut-

ants using the individuals’ place of residence, given at the local-authority and at the finer

Lower-Super-Output-Areas (LSOAs) levels; allowing for analysis at two geographical scales

across time. The association between air pollution and mental well-being (assessed through

general-health-questionnaire-GHQ12) and its modification by ethnicity and being non-UK

born was assessed using multilevel mixed-effect logit models.

Results

Higher odds of poor mental well-being was observed with every 10μg/m3 increase in NO2,

SO2, PM10 and PM2.5 pollutants at both LSOAs and local-authority levels. Decomposing

air pollution into spatial-temporal (between-within) effects showed significant between, but

not within effects; thus, residing in more polluted local-authorities/LSOAs have higher

impact on poor mental well-being than the air pollution variation across time within each geo-

graphical area. Analysis by ethnicity revealed higher odds of poor mental well-being with

increasing concentrations of SO2, PM10, and PM2.5 only for Pakistani/Bangladeshi, other-

PLOS ONE

PLOS ONE | https://doi.org/10.1371/journal.pone.0264394 March 9, 2022 1 / 27

a1111111111

a1111111111

a1111111111

a1111111111

a1111111111

OPEN ACCESS

Citation: Abed Al Ahad M, Demšar U, Sullivan F,

Kulu H (2022) Air pollution and individuals’ mental

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/journal.

pone.0264394

Editor: Bijaya Kumar Padhi, Post Graduate Institute

of Medical Education and Research (PGIMER),

INDIA

Received: September 28, 2021

Accepted: February 9, 2022

Published: March 9, 2022

Peer Review History: PLOS recognizes the

benefits of transparency in the peer review

process; therefore, we enable the publication of

all of the content of peer review and author

responses alongside final, published articles. The

editorial history of this article is available here:

https://doi.org/10.1371/journal.pone.0264394

Copyright: © 2022 Abed Al Ahad et al. This is an

open access article distributed under the terms of

the Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: We cannot make the

data underlying our analysis publicly available due

https://orcid.org/0000-0002-9006-730X
https://orcid.org/0000-0002-6623-4964
https://doi.org/10.1371/journal.pone.0264394
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0264394&domain=pdf&date_stamp=2022-03-09
https://doi.org/10.1371/journal.pone.0264394
https://doi.org/10.1371/journal.pone.0264394
https://doi.org/10.1371/journal.pone.0264394
http://creativecommons.org/licenses/by/4.0/


ethnicities and non-UK born individuals compared to British-white and natives, but not for

other ethnic groups.

Conclusion

Using longitudinal individual-level and contextual-linked data, this study highlights the nega-

tive effect of air pollution on individuals’ mental well-being. Environmental policies to reduce

air pollution emissions can eventually improve the mental well-being of people in UK. How-

ever, there is inconclusive evidence on the moderating effect of ethnicity.

1. Introduction

Mental health problems are rising noticeably world-wide causing serious socio-economic

losses to the societies manifested in diminished work productivity and contributing to higher

rates of criminal activity and lack of trust in governments [1, 2]. The global burden of mental

diseases is estimated at 32% of years lived with disability and 13% of disability-adjusted life-

years [3]. Mental disorders are mainly triggered by genetics and/or by psycho-social risk fac-

tors [1]. However, recent literature has shown a relationship between environmental factors

including exposure to ambient air pollution and mental well-being that ranges from subjective

stress and anxiety to more severe depression and suicidal ideation; though most of the evi-

dence is fragmented and inconclusive [1, 4–7].

Ambient air pollution is a mixture of particles (e.g., black carbon and particulate matter

with diameters less than or equal to 10 μm: PM10 and to 2.5 μm: PM2.5) and gaseous chemi-

cals (e.g., sulphur dioxide: SO2, nitrogen dioxide: NO2, carbon monoxide: CO, and ozone) that

are released to the atmosphere from natural processes (e.g., windblown soil, volcano ashes,

pollen, dust) or from man-made activities including energy production, livestock farming,

traffic exhaust, and industrial and mining processes [8, 9]. Inhalation of air pollutants can have

major consequences on the human central nervous system and neuro-behavioural mecha-

nisms [1, 5, 9, 10]. For example, particulate matter of small diameter such as PM1 or PM2.5

might initiate oxidative stress and lead to the formation of inflammatory cytokines that infil-

trate the blood-brain barrier causing neurodegeneration and neuroinflammation [11]. Specifi-

cally, exposure to ambient PM2.5 results in depressive responses and increased hippocampal

pro-inflammatory cytokines [11], while exposure to PM1 leads to increased inflammation and

reactive oxygen species (ROS) generation and impacts learning and memory [12]. In this con-

text, traffic related air pollution (e.g., particulate matter and NO2) have been linked by observa-

tional research to increased rates of mental health problems including: autism spectrum

disorders [13], schizophrenia [14], dementia [15], psychotic experiences [16, 17], cognitive dis-

abilities [18], anxiety and major depressive disorders [19]. Moreover, higher rates of emer-

gency hospital admissions for depressive disorders have been found on more polluted days in

Canada [20–22]; and self-reported mental well-being was associated with long-term exposure

to NO2, PM10, and carbon monoxide pollution in Korea [6].

Air pollution can also affect mental well-being indirectly through nuisance and individuals’

coping behaviours. Air pollution can result in cognitive anxiety, stress, and loneliness leading

to general fatigue and perceived symptoms of poor mental well-being due to aesthetic/odorous

nuisance and inhibition of psychological-supporting outdoor activities [23–25]. For example,

people may prefer to stay indoors rather than enjoying outdoor activities during periods of

high air pollution, especially when air pollution is characterised by visible signs (e.g., colour)
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and/or bad odours [26]. In a recent systematic literature review of 178 published articles, air

pollution was shown to decrease happiness and life satisfaction substantially, and to increase

anxiety, annoyance, mental problems, suicidal ideation, and coping approaches such as avoid-

ance behaviour and migration [2].

Air pollution has been also linked to stress and experiential anxiety emerging from worry-

ing feelings about one’s physical health and future [27]. Due to the more conclusive research

about the effect of air pollution on physical health including cardiopulmonary, immune system

and cancer diseases [8, 9, 28], people living in highly polluted areas might experience stress

and worrisome feelings of getting physical illness, which impairs their mental well-being.

Despite the establishment of linkages between air pollution and mental well-being in the lit-

erature, results are generally inconclusive and suffer from methodological drawbacks related

to the chosen study design and methods of estimating air pollution [16]. Most of the studies

are either cross-sectional studies or longitudinal studies that lack spatial-temporal specificity

and a lengthy follow-up time. To date, no study has tried to address the association between

long-term (11 years) air pollution exposure and mental well-being using a spatial-temporal

(between-within) longitudinal design. A between-within analysis can determine the spatial
time-constant cross-sectional (average 11 years air pollution) effect of air pollution on mental

well-being between different geographical areas (e.g., local authorities or census output areas)

as well as the temporal time-varying longitudinal (yearly air pollution deviation from the 11

years average) effect of air pollution on mental well-being within each geographical area. In

other words, this analysis reveals whether living in more polluted local authorities or census

output area is the driving cause for poor mental well-being (between) or whether it is the fluc-

tuation in air pollution across time within each local authority or census output area (within)

that is causing poor mental well-being. This type of analysis combines both cross-sectional and

longitudinal designs; thus establishing a more robust measurement of the effect of air pollution

[29].

Furthermore, published research has not yet covered population subgroups and the poten-

tial moderating effect that key demographic groups might have on the association between air

pollution and mental well-being. To date, only age (young vs elderly population) and gender

have been reported as effect modifiers for the association between air pollution and mental

well-being. In Korea, a more pronounced risk of stress and depression from air pollution expo-

sure was observed among men than among women and among people aged less than 65 [6]. In

China, exposure to increased concentrations of ambient air pollution showed a greater risk for

mental health problems and general well-being among female college students [30]. Therefore,

examining how the effect of air pollution on mental well-being varies by other key demo-

graphic characteristics such as ethnicity can provide a more conclusive explanation for the

association between air pollution and mental well-being. Earlier literature has shown that eth-

nic minorities suffer from relatively higher levels of stress, depression, and self-harm [31, 32].

This could be attributed to their lower socio-economic status and to living in more deprived

ethnic communities with poor housing and neighbourhood conditions [33–35]. Ethnicity was

also examined in the literature from the lens of migration and being a non-native resident. A

systematic literature review in Sweden showed increased risks of depression and psychotic

problems among immigrants compared to the native population [36]. Given the higher

observed risk of mental problems among ethnic minorities and immigrants, the effect of air

pollution on mental well-being among ethnic groups should be investigated.

Accordingly, this study investigates longitudinally the overall and the spatial-temporal

(between-within) effects of long-term (11 years) exposure to NO2, SO2, PM10, and PM2.5 air

pollution in the UK on individuals’ reported mental well-being measured using the 12 items

General Health Questionnaire (GHQ12) scale. Unlike other studies that assess the effect of air
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pollution on well-being using one geographical scale, our study aims to assess the effect of air

pollution exposure on mental well-being at two geographical scales, coarse local authorities

(council areas in Scotland) and detailed Lower Super Output Areas (LSOAs; data zones in

Scotland). This will allow us to compare the results between the two geographical scales and

explore in more detail the local-contextual patterns of the effect of air pollution on mental

well-being. Additionally, our study aims to consider both space and time by determining

whether living in more polluted geographical areas (local authorities and LSOAs) is the driving

cause for poor mental well-being (between) or whether it is the variation in air pollution across

time within each geographical area (within) that is causing poor mental well-being; thus pro-

viding detailed spatial-temporal evidence for policymaking decisions. Finally, we aim to inves-

tigate whether ethnic minorities including Pakistani/Bangladeshi, Indians, Black/African/

Caribbean, mixed and other ethnicities as well as non-UK born individuals suffer from a more

pronounced risk for mental well-being with increasing concentrations of the four air pollut-

ants compared to British-White ethnicity and UK-born individuals, respectively.

2. Materials and methods

2.1. Study design and population

This study utilises individual-level data from the “Understanding Society: The UK Household
Longitudinal Study (UKHLS)” [37]. The UKHLS is a rich longitudinal dataset that is composed

of 10 data collection panels/waves over a period of 12 years from (2009–2020) with about

40,000 households enrolled at the first wave from the four UK nations: England, Wales, Scot-

land, and Northern Ireland.

The dataset contains yearly information on the self-reported general health and mental

well-being of individuals and on their socio-demographic characteristics including gender,

age, educational qualification, marital status, occupation, perceived financial situation, ethnic-

ity, and country of birth. In addition, the dataset collects yearly information on individuals’

lifestyle factors such as cigarette smoking and on contextual factors such as the local authority/

council area and the Lower Super Output Areas (LSOAs)/data zones where households are

located [37].

The UKHLS main survey sample is composed of four data collection sub-samples as sum-

marised in Fig 1 and described in detail in other publications [37–39].

The present study utilises individual-level data from the UKHLS survey on 60,146 adult

(age: 16+) individuals with 349,748 repeated responses (at least 2 repeated responses per indi-

vidual) collected within 10 waves over a period of 11 years (2009–2019). It should be noted,

however, that the initial UKHLS adult survey includes a total of 87,045 individuals with

Fig 1. A diagram showing the four data collection sub-samples of the UKHLS main survey.

https://doi.org/10.1371/journal.pone.0264394.g001
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444,181 repeated responses. We dropped 94,433 observations due to the reasons described in

Fig 2.

2.2. Variables and measurements

2.2.1. Individuals’ reported mental well-being. Individuals’ reported mental well-being

was measured using the 12-items “General Health Questionnaire (GHQ12)” scale [40] which

is widely used in the population health research to capture non-psychotic psychiatric illness.

The GHQ12 scale is composed of 12 questions about the individuals’ experience of 12 symp-

toms related to mental well-being in the past few weeks preceding data collection date. The 12

questions are: 1) Ability to concentrate; 2) Losing much sleep; 3) Playing a useful part; 4) Capa-

bility of taking decisions; 5) Being under stress; 6) Inability to overcome difficulties; 7) Enjoy-

ing normal activities; 8) Being able to face up problems; 9) Feeling unhappy and depressed; 10)

Losing confidence; 11) Thinking of self as worthless; and 12) Feeling reasonably happy [41].

Individuals are then asked to rate the negative questions as 0 = ‘not at all’, 1 = ‘no more than

usual’, 2 = ‘rather more than usual’, 3 = ‘much more than usual’ and the positive questions as 0

= ‘better than usual’, 1 = ‘same as usual’, 2 = ‘less than usual’, and 3 = ‘much less than usual’

[42]. Two methods are used by relevant literature to construct the overall GHQ12 well-being

score. The first and most used method is the (0-0-1-1) method whereby responses for each of

the 12 questions of the GHQ12 scale are dichotomised (0 and 1 into 0; 2 and 3 into 1) and then

the 12 items are summed up resulting in a general mental well-being score ranging from 0 to

12 with higher scores indicating poorer mental well-being [42–46]. The second method aims

to construct a Likert scale score (0-1-2-3) by adding up all the 12 items of the GHQ12 scale

resulting in a total mental well-being score ranging from 0 to 36 with higher scores indicating

poorer mental well-being [47, 48].

For the present study, we used both methods for the GHQ12 scale, the (0-0-1-1) and the (0-

1-2-3) method. Given that the scores of the GHQ12 scale are right-skewed and based on rele-

vant literature, we dichotomised the overall GHQ12 scale using two cut off points for the

GHQ12 (0–12): our sample mean GHQ12 (0–12) score = 1.8* 2 (GHQ0-12� 2) and the

GHQ12 (0–12) score of greater than or equal to 4 (GHQ0-12� 4) as an indication of poor

mental well-being [43–46, 49, 50]. The GHQ12 (0–36) score was dichotomised based on one

cut off point of greater than or equal to 12 (GHQ0-36� 12) as an indication of poor mental

well-being [47, 48]. Therefore, GHQ0-12 and GHQ0-36 total scores were treated as binary

Fig 2. A diagram showing the reasons for dropping survey responses from the UKHLS longitudinal panel data.

https://doi.org/10.1371/journal.pone.0264394.g002
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variables: GHQ0-12� 2 (0 = scores<2, good mental well-being; 1 = scores�2, poor mental

well-being); GHQ0-12� 4 (0 = scores<4, good mental well-being; 1 = scores�4, poor mental

well-being); and GHQ0-36� 12 (0 = scores <12, good mental well-being; 1 = scores�12,

poor mental well-being).

2.2.2. Air pollution data. Raster data of annual mean concentrations of NO2, SO2, PM10,

and PM2.5 air pollutants available up to the year of 2019, measured in μg/m3, and estimated

using air dispersion models at a 1x1 km spatial resolution were downloaded from the “Depart-

ment for Environment Food and Rural Affairs (DEFRA)” online data repository [51]. These

air pollution maps at 1x1 km resolution are modelled each year by DEFRA under the “Defra’s

Modelling of Ambient Air Quality (MAAQ) contract” and are used to provide policy support

in the UK and to fulfil the UK’s reporting obligations to Europe [51]. The 1x1 km air pollution

raster data are the finest spatial resolution data that can be downloaded from DEFRA and are

sufficient to obtain good modelling estimates [52, 53].

These data were first projected using the UK National Grid projection system in ArcGIS

Pro software. Then for each of the 391 local authorities/council areas in the UK, we computed

the average concentrations of NO2, SO2, PM10, and PM2.5 pollutants from all the 1x1 km ras-

ter cells that fell within the boundaries of the respective local authorities/council areas for each

year from 2009 up to 2019. Next, we linked the average concentrations of air pollution at the

local authority level to the UKHLS dataset for each individual and each year of follow up

(2009–2019).

To minimise exposure bias and establish more robust results from a spatial perspective, we

also linked the 1x1 km raster air pollution data to the UKHLS data at the level of Lower Super

Output Areas (LSOAs; data zones for Scotland and Super Output Areas for Northern Ireland),

a finer geographical scale, for each individual and each year of follow up (2009–2019). LSOAs

are used to decompose England and Wales based on the population size into areas with a mini-

mum population size of 1000 people and are the lowest level of geography offered by the

UKHLS dataset. The LSOAs in England and Wales are equivalent to data zones in Scotland

and to Super Output Areas in Northern Ireland. For simplicity we refer to the joint LSOAs,

data zones, and Super Output Areas as LSOAs. Using these smaller spatial units, we ran our

analysis at a smaller geographic scale than local authorities, which allowed us to explore local

patterns of the effect of air pollution.

A map showing the local authorities in the UK (council areas in Scotland) and an enlarged

subset of 20 local authorities in the south-east of UK with an example of PM10 concentrations

at 1x1 km resolution for the year of 2017 for Tower Hamlets local authority and its corre-

sponding LSOAs is used to clarify the process of linking air pollution to the UKHLS dataset at

the two geographical scales, the coarse local authorities and the detailed LSOAs (Fig 3).

2.2.3. Socio-demographic and lifestyle covariates. A list of individual-level socio-demo-

graphic and lifestyle covariates summarised in Table 1 was selected a priori for this study

based on what is available in the UKHLS dataset and based on the potential confounders con-

sidered by relevant literature. Most of the researchers in the field of air pollution and mental

well-being have considered age [4, 6, 16], gender [2, 4, 6, 16], education [4, 6], marital status

[6], socio-economic deprivation and occupation [16, 56], ethnicity [1, 7, 16], cigarette smoking

[16, 56], alcohol drinking [4, 16], physical exercise [4, 16], and body mass index [4] as potential

confounders. Specifically, poor mental well-being, stress, and depression have been associated

with younger or older ages, women, cigarette smoking, alcohol drinking, physical inactivity,

lower education, divorced/widowed individuals, lower household income, and belonging to

an ethnic minority group [6, 31–33], which in turn confounds the association between air pol-

lution and mental well-being outcomes. In addition, environmental-contextual factors such as

noise pollution [1, 16], neighbourhood disorder [16], green spaces availability [25, 57], air
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temperature [57], and seasonality [16, 58] have been also considered as potential confounders

in the association between air pollution and mental well-being.

2.3. Data analysis

Individuals’ socio-demographic and lifestyle factors were described using percentages for each

wave (waves 1 to 10) of the UKHLS sample.

The mean of NO2, SO2, PM10, and PM2.5 concentrations and the Pearson’s correlation

between the four pollutants was computed at both geographical scales, the coarse local authori-

ties and the detailed LSOAs. Given the high observed correlations between NO2, PM10, and

PM2.5 pollutants (Pearson’s coefficient� 0.7 [59]; Tables 3 and 4), the association of NO2,

SO2, PM10, and PM2.5 with individuals’ reported mental well-being was analysed in separate

regression models. Nevertheless, low to moderate correlation was observed between SO2 and

each of the other three pollutants which enabled the construction of bi-pollutant models

adjusting the NO2, PM10, and PM2.5 models for the SO2 pollutant.

Intraclass correlation coefficients (ICCs) were also calculated to assess the homogeneity in

the mental well-being scores within individuals and household clusters; with an ICC of greater

than 0.3 indicating moderate to fair homogeneity [60]. Given the presence of 42% and 49%

homogeneity (ICC = 0.42 and ICC = 0.49; Table 5) for the mental well-being scores of GHQ0-

12 and GHQ0-36 within individuals’ clusters across time, respectively, the mean score of men-

tal well-being was computed from predictions of mixed effects linear models, adjusting for age

in fixed effects and for the individual ID in random intercept.

The association between the three binary measures (GHQ0-36� 12; GHQ0-12� 2;

GHQ0-12� 4) of individuals’ reported mental well-being and each of NO2, SO2, PM10, and

PM2.5 pollutants (linked at two geographical scales: once at the LSOAs and once at the local

authorities level) was examined separately and in bi-pollutant models adjusted for SO2 using

three-levels (repeated individual observations across time nested within LSOAs or local

authorities) mixed-effect logit models, adjusting for the socio-demographic and lifestyle covar-

iates and for the year (2009–2019) dummies. This type of analysis was chosen as it fits the lon-

gitudinal panel design of the study which involves repeated individual responses across time

linked to air pollution data at the LSOA or local authority level whereby repeated individual

responses are nested within LSOAs or local authorities. The individual-level random intercept

Fig 3. A map showing the local authorities in the UK and an enlarged subset of 20 local authorities in the south-

east of UK with an example of PM10 concentrations at 1x1 km grid for the year of 2017 for Tower Hamlets local

authority and its corresponding LSOAs. The map was constructed by the authors in ArcGIS Pro software using

PM10 air pollution shapefile for the year of 2017 downloaded from the DEFRA online data repository [51], local

authorities UK boundaries shapefile downloaded from the Office for National Statistics [54], and LSOAs and data

zones UK boundaries also downloaded from the Office for National Statistics, National Records of Scotland, and

Northern Ireland Statistics [55]. Both DEFRA and Office for National Statistics shapefiles are governed under the

Open Government Licence v.3.0.

https://doi.org/10.1371/journal.pone.0264394.g003
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is necessary in the multilevel models given the high homogeneity in the individual’s responses

across time (ICC = 0.42 and ICC = 0.49; Table 5), while the local authority or LSOAs random

intercept is needed to allow for less biased assessments of the contextual-linked air pollution

effect on mental well-being [61]; resulting in three-levels mixed-effect logit models. In a sup-

plementary analysis, we also show the association of individuals’ reported mental well-being

with each of the socio-demographic and lifestyle covariates (Table 1 in S1 File). It should be

noted, however, that our models did not account for the household clustering in random inter-

cepts due to the low observed homogeneity in the well-being responses within each household

cluster (ICC = 0.16 and ICC = 0.18; Table 5).

In additional analysis, we decomposed the overall effect of air pollution (linked at two geo-

graphical scales: LSOAs and local authorities) on mental well-being into between (spatial) and

within (temporal) effects. Between effects were used to examine the spatial time-constant effect

Table 1. The socio-demographics and lifestyle covariates selected for this study.

Covariates Coding

Gender 1 = Male

2 = Female

Age Coded as 16–18 and then in 5 years increments (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 ethnicities

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

Educational

qualification

1 = University degree

2 = High school degree

3 = Lower educational qualifications

4 = Other qualifications

5 = Still a student

Occupation 1 = Managers/Professionals/employers

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

Cigarette smokinga 0 = Non-smoker

1 = Smoker

2 = No answer

Cigarette smokinga: data for cigarette smoking were missing for wave 1 responses and for waves 3 and 4 among

individuals aged more than 21 years. Therefore, we replicated the smoking status responses of wave 2 in wave 1 for

each individual and in waves 3 and 4 for each individual aged more than 21 years. The smoking status in waves 1, 3,

and 4 was coded into “no answer” for individuals who were not present in wave 2.

https://doi.org/10.1371/journal.pone.0264394.t001
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of air pollution between different geographical areas (local authorities and LSOAs) by calculat-

ing the average concentrations of NO2, SO2, PM10 and PM2.5 pollutants across the 11 years of

follow up (2009–2019) for each local authority and each LSOA. On the other hand, within
effects were used to assess the temporal time-varying effect of air pollution within each geo-

graphical area by calculating the annual air pollution deviation from the 11 years average air

pollution for each local authority and LSOA. Therefore, two sets of four multilevel mixed effect

logit models (one for each pollutant) were used to examine the overall (Eq 1) and the between-
within (Eq 2) effects of air pollution on individuals’ mental well-being, respectively, at the two

geographical scales (coarse local authorities and detailed LSOAs).

ln
Ytij

1 � Ytij

� �

¼ b0 þ U0ij þ U0j þ b1overall pollutant concentrationtij þ b2Agetij þ b3Gendertij
þ b4Ethnicitytij þ b5Country of birthtij þ b6Marital statustij þ b7Educationtij

þ b8Occupationtij þ b8Perceivedfinancial situationtij þ b9Smoking statustij
þ b10Year dummiesij ð1Þ

ln
Ytij

1 � Ytij

� �

¼ b0 þ U0ij þ U0j þ b1Between pollutant concentrationtij

þ b2Within pollutant concentrationtij þ b3Agetij þ b4Gendertij þ b5Ethnicitytij
þ b6Country of birthtij þ b7Marital statustij þ b8Educationtij þ b9Occupationtij

þ b10Perceived financial situationtij þ b11Smoking statustij þ b12Year dummiesij ð2Þ

Where Ytij is the mental well-being outcome for individual i, in local authority or LSOA j at

year t; β1, β2 . . .. β12 are the slopes of fixed effects; β0 is the fixed intercept; U0ij is level 2 random

intercept of individuals nested in local authorities or LSOAs; U0j is level 3 random intercept of

local authorities or LSOAs.

To assess the effect modification of ethnicity and country of birth on the association

between air pollution and mental well-being, we added interaction terms between ethnicity

and each of NO2, SO2, PM10, and PM2.5 pollutants and between country of birth and each of

the four pollutants. These interaction terms were added into the models investigating the over-

all effect of air pollution and into the models examining the between and within effects of air

pollution at the two geographical scales of local authorities and LSOAs, separately (i.e., one

interaction term at a time, once with the between effect and once with the within effect). The

interaction results were visualised with coefficient plots.

To estimate the cohort effect and to balance the follow up time, we repeated the same multi-

level mixed effect logit modelling in a sensitivity analysis only for individuals recruited during

the first wave of the UKHLS.

STATA software (StataCorp. 2015. Stata Statistical Software: Release 14. College Station,

TX: StataCorp LP) was used for statistical analysis and ArcGIS Pro software was used for spa-

tial pre-processing of air pollution data. Odd ratios (ORs) and 95% confidence (CIs) for every

10 μg/m3 increase in air pollution were used to report the study findings. Statistical signifi-

cance was considered at a P-value < 0.05.
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2.4. Ethical considerations

This paper was granted ethical approval on the 14th of May 2020 by the authors’ affiliated insti-

tution (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). The paper uses secondary adult (age 16+) fully anonymised data from the “Under-

standing Society: The UK Household Longitudinal Study (UKHLS)” and authors did not have

access to potentially identifying information; thus, obtaining participants’ informed consent is

not applicable and was waved by the authors’ institution ethics committee. The University of

Essex responsible for the UKHLS data collection and management has already obtained writ-

ten informed consent from all the study participants [37]. Requesting consent for health record

linkage was approved at Wave 1 by the National Research Ethics Service (NRES) Oxfordshire

REC A (08/H0604/124), 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).

3. Results

3.1. Individuals’ socio-demographic and lifestyle characteristics

A total of 60,146 adult individuals with 349,748 repeated responses over 11 years (2009–2019)

of 10 data collection waves were included in this study. The mean of observations per individ-

ual was 5.81 (SD = 2.81) with a minimum of 2 observations per individual and the average fol-

low up time was 5.58 (SD = 2.98) years.

Description of the individuals’ socio-demographic and lifestyle characteristics for the 10

data collection waves of the UKHLS are summarised in Table 2. For all waves, the majority of

individuals were females, belonged to the middle-aged group (34–58 years), were married, had

Table 2. Description of individual’s socio-demographic and lifestyle factors for each wave of the UKHLS data (N = 349,748 surveys from 60,146 individuals).

Wave1

(2009–

2011)

Wave2

(2010–

2012)

Wave3

(2011–

2013)

Wave4

(2012–

2014)

Wave5

(2013–

2015)

Wave6

(2014–

2016)

Wave7

(2015–

2017)

Wave8

(2016–

2018)

Wave9

(2017–

2019)

Wave10

(2018–

2019)

N = 31,258 N = 39,858 N = 38,632 N = 37,315 N = 35,190 N = 36,349 N = 35,572 N = 34,348 N = 31,741 N = 29,485

Gender Male 43.2% 43.6% 43.8% 44.0% 44.3% 44.3% 44.4% 44.4% 44.3% 44.0%

Female 56.8% 56.4% 56.2% 56.0% 55.7% 55.7% 55.6% 55.6% 55.7% 56.0%

Age Young (<34) 26.2% 25.4% 25.8% 25.2% 25.1% 24.6% 24.0% 23.3% 22.5% 20.8%

Middle age

(34–58)

46.1% 44.8% 45.3% 44.7% 44.5% 44.7% 44.3% 43.7% 43.4% 43.5%

Old (>58) 27.7% 29.7% 28.9% 30.1% 30.4% 30.7% 31.6% 33.0% 34.2% 35.7%

Ethnicity British white 81.4% 82.5% 81.8% 81.8% 82.0% 76.6% 76.5% 76.9% 78.2% 79.1%

Other white 4.1% 4.8% 4.7% 4.6% 4.4% 5.6% 5.5% 5.4% 5.3% 5.1%

Indian 3.1% 2.5% 2.6% 2.6% 2.6% 3.8% 3.9% 3.9% 3.7% 3.6%

Pakistani/

Bangladeshi

3.5% 2.7% 3.0% 3.0% 3.1% 4.6% 4.7% 4.8% 4.6% 4.5%

Black/African/

Caribbean

4.0% 3.0% 3.4% 3.3% 3.3% 4.3% 4.4% 4.0% 3.6% 3.3%

Mixed

ethnicities

1.6% 1.3% 1.5% 1.5% 1.6% 1.8% 1.8% 1.8% 1.8% 1.7%

Other

ethnicities

2.3% 3.1% 3.1% 3.0% 3.0% 3.3% 3.2% 3.1% 2.8% 2.8%

(Continued)
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Table 2. (Continued)

Wave1

(2009–

2011)

Wave2

(2010–

2012)

Wave3

(2011–

2013)

Wave4

(2012–

2014)

Wave5

(2013–

2015)

Wave6

(2014–

2016)

Wave7

(2015–

2017)

Wave8

(2016–

2018)

Wave9

(2017–

2019)

Wave10

(2018–

2019)

N = 31,258 N = 39,858 N = 38,632 N = 37,315 N = 35,190 N = 36,349 N = 35,572 N = 34,348 N = 31,741 N = 29,485

Country of

birth

Born in the

UK

86.3% 67.7% 67.0% 68.0% 68.6% 66.3% 66.7% 67.1% 68.2% 68.4%

Not born in

the UK

13.7% 10.5% 10.5% 10.5% 10.3% 14.3% 14.3% 13.9% 12.6% 12.0%

No answer 0.0% 21.8% 22.4% 21.5% 21.1% 19.5% 18.9% 19.0% 19.2% 19.6%

Marital

status

Married 53.2% 53.6% 52.7% 52.1% 51.7% 52.9% 52.8% 53.2% 53.8% 55.2%

Living as a

couple

11.8% 11.5% 11.6% 11.8% 11.6% 10.8% 10.7% 10.5% 10.0% 9.6%

Widowed 5.5% 5.9% 5.7% 5.8% 5.8% 5.7% 5.7% 5.8% 5.9% 5.9%

Divorced/

separated

9.1% 8.4% 8.5% 8.6% 8.5% 8.1% 8.0% 7.9% 7.9% 8.1%

Single never

married

20.4% 20.6% 21.7% 21.5% 22.2% 22.2% 22.6% 22.5% 22.1% 20.8%

No answer 0.1% 0.0% 0.0% 0.1% 0.2% 0.4% 0.2% 0.2% 0.3% 0.4%

Educational

qualification

University

degree

31.9% 25.5% 27.2% 28.1% 29.3% 29.8% 30.6% 31.6% 32.8% 34.3%

High school

degree

32.9% 25.7% 26.2% 26.5% 26.7% 26.2% 26.4% 26.7% 27.0% 26.9%

Lower

educational

levels

1.4% 1.1% 1.1% 1.1% 1.1% 1.0% 1.0% 1.0% 1.0% 1.0%

Other

qualifications

27.4% 40.8% 38.7% 37.6% 36.3% 36.5% 35.5% 34.7% 33.5% 33.3%

Still a student 6.3% 6.9% 6.8% 6.7% 6.6% 6.5% 6.5% 5.9% 5.6% 4.6%

Occupation Managers/

Professionals/

employers

12.4% 12.1% 12.0% 12.3% 12.4% 12.1% 12.1% 12.2% 12.1% 11.9%

Non manual

workers

27.5% 27.1% 27.6% 27.3% 28.0% 27.5% 27.7% 27.1% 26.8% 26.5%

Manual

workers

17.9% 17.9% 18.2% 17.9% 18.3% 18.2% 18.3% 17.8% 17.2% 16.3%

Not applicable:

Student/

retired/Not

working

42.0% 42.7% 41.6% 42.1% 40.9% 41.6% 41.3% 41.9% 41.8% 42.6%

No answer 0.2% 0.2% 0.7% 0.4% 0.3% 0.6% 0.6% 1.0% 2.2% 2.7%

Perceived

financial

situation

living

comfortably/

doing alright

59.9% 62.3% 62.0% 64.5% 66.3% 70.8% 72.4% 73.1% 71.7% 71.6%

living

difficultly

40.0% 37.6% 37.9% 35.4% 33.6% 29.0% 27.5% 26.7% 28.1% 28.2%

no answer 0.1% 0.1% 0.1% 0.1% 0.1% 0.3% 0.2% 0.2% 0.2% 0.2%

Cigarette

smoking

non-smoker 73.8% 79.2% 70.7% 69.3% 82.1% 77.3% 84.4% 85.3% 86.6% 87.0%

smoker 19.6% 20.8% 19.0% 18.6% 17.9% 15.6% 15.5% 14.6% 13.3% 12.8%

no answer 6.6% 0.1% 10.4% 12.1% 0.0% 7.1% 0.1% 0.1% 0.1% 0.2%

Nation England 83.1% 75.6% 75.8% 76.1% 76.9% 78.7% 78.7% 78.7% 78.2% 78.3%

Wales 5.0% 7.8% 7.9% 7.8% 7.5% 6.6% 6.4% 6.5% 6.6% 6.5%

Scotland 7.4% 9.5% 9.5% 9.3% 9.5% 8.5% 8.6% 8.5% 8.7% 8.8%

Northern

Ireland

4.4% 7.1% 6.7% 6.8% 6.1% 6.3% 6.2% 6.2% 6.5% 6.4%

https://doi.org/10.1371/journal.pone.0264394.t002
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either a university or high school degree, were non-manual workers (if working), were living

comfortably/doing alright financially, and were cigarette non-smokers (Table 2).

For ethnicity, most individuals were UK-born (86% in wave 1) and belonged to the British-

white group (81% in wave 1). The description of other ethnic groups in wave 1 is as follows:

Other-white (4%), Indians (3%), Pakistani/Bangladeshi (3.5%), Black/African/Caribbean (4%),

mixed ethnicities (1.6%), and other ethnicities (2%) (Table 2).

3.2. Description of air pollution

3.2.1. Description of air pollution at the LSOAs level. Fig 4 shows the average yearly

concentrations of NO2, SO2, PM10, and PM2.5 pollutants across the 42,619 LSOAs in the UK

from 2009 to 2019. Air pollution showed fluctuations across time with lower concentrations

seen in the last 5 years (2015–2019) of observation compared to previous years for all four pol-

lutants (Fig 4).

We also observed high correlations (Pearson’s coefficient� 0.7) between NO2, PM10, and

PM2.5 pollutants (Table 3), which could be attributed to the source of emission and the atmo-

spheric chemical reactions between these pollutants. For example, the major source of NO2

Table 3. Correlation matrix of air pollutants at the LSOAs level (N = 42,619 LSOAs).

NO2 (μg/m3) SO2 (μg/m3) PM10 (μg/m3) PM2.5 (μg/m3)

NO2 (μg/m3) 1.00

SO2 (μg/m3) 0.37 1.00

PM10 (μg/m3) 0.76 0.28 1.00

PM2.5 (μg/m3) 0.79 0.32 0.97 1.00

https://doi.org/10.1371/journal.pone.0264394.t003

Table 4. Correlation matrix of air pollutants at the local authority level (N = 391 local authorities).

NO2 (μg/m3) SO2 (μg/m3) PM10 (μg/m3) PM2.5 (μg/m3)

NO2 (μg/m3) 1.00

SO2 (μg/m3) 0.50 1.00

PM10 (μg/m3) 0.77 0.38 1.00

PM2.5 (μg/m3) 0.81 0.42 0.97 1.00

https://doi.org/10.1371/journal.pone.0264394.t004

Table 5. Intraclass correlation coefficient for within individual and household clusters.

Mental well-being GHQ12 scale (0–

12)

Mental well-being GHQ12 scale (0–

36)

Individual ID ICC [95%CI] 0.42 [0.41, 0.42] 0.49 [0.48, 0.49]
N of surveys 349,748

N of individuals 60,146

Meana (SD) 1.81 (0.21) 11.14 (0.05)

Household

ID

ICC [95%CI] 0.16 [0.16, 0.17] 0.18 [0.18, 0.19]

N of surveys 349,748

N of

households

217,009

Moderate to fair ICCs>0.3 are highlighted in italic-bold; Meana is based on predictions from mixed effects linear

models which are adjusted for age in fixed effects and for the individual ID in random intercept.

https://doi.org/10.1371/journal.pone.0264394.t005
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and particulate matter (PM10 and PM2.5) emissions is traffic exhaust [62, 63], while industrial

processes and power plants are the major sources of SO2 pollution [64].

3.2.2. Description of air pollution at the local authority level. Similar to the air

pollution at the LSOAs level, air pollution at the local authority level also showed fluctuations

across time with lower concentrations seen in the last 5 years (2015–2019) of observation com-

pared to previous years (2009–2014) for all four pollutants (Fig 5). Likewise, high correlations

(Pearson’s coefficient� 0.7) between NO2, PM10, and PM2.5 pollutants were noticed

(Table 4).

Fig 5. The annual mean of NO2, SO2, PM10, and PM2.5 air pollutants at the local authority level in the UK from

the year of 2009 to 2019 (N = 391 local authorities).

https://doi.org/10.1371/journal.pone.0264394.g005

Fig 4. The annual mean of NO2, SO2, PM10, and PM2.5 air pollutants at the LSOAs level in the UK from the year

of 2009 to 2019 (N = 42,619 LSOAs).

https://doi.org/10.1371/journal.pone.0264394.g004
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3.3. Description of individuals’ reported mental well-being

The mean score for mental well-being GHQ12 (0–12) scale was 1.8 (SD = 0.2) with 30% of

responses having a GHQ12 score of 2 or more and 19% having a GHQ12 score of 4 or more.

The mean score for GHQ12 (0–36) Likert scale was 11.14 (SD = 0.05) with 36% of responses

having a score of 12 or more. The ICC was 0.42 and 0.49 for GHQ12 (0–12) and GHQ12 (0–

36), respectively, indicating a moderate homogeneity in the well-being responses within the

individual clusters over time, whilst low homogeneity (ICC = 0.16 and ICC = 0.18) was

detected within the household clusters (Table 5).

3.4. The effect of air pollution on individuals’ mental well-being

3.4.1. The effect of air pollution on individuals’ mental well-being at the LSOAs level.

Higher odds of poor mental well-being were observed with every 10 μg/m3 increase in NO2

(ORs ranging between 1.12–1.19), SO2 (ORs ranging between 1.29–1.49), PM10 (ORs ranging

between 1.19–1.34), and PM2.5 (ORs ranging between 1.30–1.53) air pollutants (Table 6).

We noticed similar results of higher odds of poor mental well-being with every 10 μg/m3

increase in NO2, PM10, and PM2.5 pollutants in bi-pollutant models adjusted for SO2

(Table 7).

Table 6. The association of individuals’ mental well-being with each of NO2, SO2, PM10, and PM2.5 air pollutants linked at the LSOAs level in separate models

(N = 349,748 surveys from 60,146 individuals).

Mental well-being (GHQ0-36a� 12) Mental well-being (GHQ0-12b � 2) Mental well-being (GHQ0-12b� 4)

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI]

Overall pollution effect

NO2 (μg/m3) 1.13 [1.10, 1.16]�� 1.12 [1.09, 1.15]�� 1.19 [1.16, 1.21]�� 1.14 [1.11, 1.17]�� 1.16 [1.13, 1.20]�� 1.12 [1.09, 1.16]��

SO2 (μg/m3) 1.45 [1.31, 1.61]�� 1.30 [1.18, 1.44]�� 1.44 [1.30, 1.59]�� 1.29 [1.17, 1.42]�� 1.49 [1.33, 1.67]�� 1.31 [1.17, 1.47]��

PM10 (μg/m3) 1.19 [1.12, 1.27]�� 1.22 [1.15, 1.30]�� 1.34 [1.26, 1.42]�� 1.28 [1.20, 1.36]�� 1.25 [1.17, 1.34]�� 1.23 [1.15, 1.31]��

PM2.5 (μg/m3) 1.30 [1.20, 1.42]�� 1.35 [1.24, 1.47]�� 1.53 [1.41, 1.66]�� 1.44 [1.33, 1.56]�� 1.41 [1.29, 1.55]�� 1.38 [1.25, 1.51]��

Between pollution effect

NO2 (μg/m3) 1.12 [1.09, 1.15]�� 1.11 [1.08, 1.15]�� 1.18 [1.15, 1.22]�� 1.13 [1.10, 1.17]�� 1.16 [1.12, 1.19]�� 1.12 [1.08, 1.15]��

SO2 (μg/m3) 3.78 [2.98, 4.79]�� 2.21 [1.77, 2.76]�� 2.58 [2.07, 3.23]�� 1.59 [1.29, 1.96]�� 3.51 [2.73, 4.50]�� 1.94 [1.53, 2.45]��

PM10 (μg/m3) 1.17 [1.09, 1.25]�� 1.21 [1.13, 1.30]�� 1.34 [1.26, 1.43]�� 1.28 [1.19, 1.36]�� 1.24 [1.15, 1.33]�� 1.21 [1.13, 1.31]��

PM2.5 (μg/m3) 1.29 [1.17, 1.42]�� 1.36 [1.23, 1.50]�� 1.57 [1.43, 1.72]�� 1.47 [1.34, 1.61]�� 1.40 [1.26, 1.55]�� 1.36 [1.23, 1.51]��

Within pollution effect

NO2 (μg/m3) 1.06 [0.95, 1.18] 1.01 [0.91, 1.13] 1.08 [0.97, 1.20] 1.04 [0.94, 1.16] 1.10 [0.97, 1.25] 1.06 [0.94, 1.20]

SO2 (μg/m3) 0.93 [0.78, 1.12] 0.95 [0.80, 1.13] 0.99 [0.83, 1.18] 1.04 [0.87, 1.23] 0.93 [0.76, 1.14] 0.99 [0.81, 1.20]

PM10 (μg/m3) 1.15 [0.96, 1.38] 1.08 [0.91, 1.29] 1.19 [0.99, 1.42] 1.10 [0.92, 1.31] 1.33 [1.08, 1.64]�� 1.23 [0.99, 1.51]

PM2.5 (μg/m3) 1.17 [0.95, 1.45] 1.09 [0.88, 1.35] 1.26 [1.02, 1.55]� 1.14 [0.92, 1.41] 1.35 [1.06, 1.73]� 1.24 [0.97, 1.59]

��P-value <0.01

�P-value<0.05

ORs and 95%CIs are expressed in terms of 10 μg/m3 increase in the air pollutants.

GHQ0-36a: GHQ scale composed of 12 questions, each scored using a Likert format: 0-1-2-3 and summed up by adding all the items generating a scale ranging from 0

to 36; the 0–36 scale is dichotomised using a cut-off score of 12 based on relevant literature into good mental well-being (score<12) and poor mental well-being

(score� 12)

GHQ0-12b: GHQ scale composed of 12 questions, each scored using a simple binary format: 0-0-1-1 and summed up by adding all the items generating a scale ranging

from 0 to 12; the 0–12 scale is dichotomised using two cut-off scores of 2 and 4 based on relevant literature into good mental well-being (score<2 or score<4) and poor

mental well-being (score� 2 or score� 4)

Model 1 is adjusted for age, gender and year dummies (2009–2019); Model 2 is adjusted for age, gender, ethnicity, country of birth, marital status, education,

occupation, perceived financial situation, smoking status and year dummies (2009–2019).

https://doi.org/10.1371/journal.pone.0264394.t006
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Decomposing the overall effect of air pollution on mental well-being into between (spatial:

across LSOAs) and within (temporal: across years within each LSOA) effects, revealed signifi-

cant associations with poor mental well-being for the between effects for all the four pollutants;

while no significant associations were noted for the within effects despite the sign of the odds

ratios being largely as expected. An exception was PM10 and PM2.5 pollutants which showed

significant within effects on poor mental well-being (GHQ0-12) only in model 1; yet these sig-

nificant effects disappeared after controlling for the sociodemographic and lifestyle covariates

(Table 6). Therefore, living in more polluted LSOAs was the driving cause for poor mental

well-being (between) rather than the variation in air pollution across time within each LSOA.

In a sensitivity analysis, results remained the same for the overall and for the between-within
effects of the four pollutants on individuals’ mental well-being for individuals starting at wave

1 of the UKHLS survey (Table 2 in S1 File).

3.4.2. The effect of air pollution on individuals’ mental well-being at the local authority

level. Similar to the air pollution results at the LSOAs geographical scale, higher odds of poor

mental well-being were also observed with every 10 μg/m3 increase in NO2 (ORs ranging

between 1.10–1.16), SO2 (ORs ranging between 1.27–1.51), PM10 (ORs ranging between

1.13–1.22), and PM2.5 (ORs ranging between 1.21–1.36) pollutants at the local authority level

(Table 8).

Higher odds of poor mental well-being were also observed at the local authority level with

every 10 μg/m3 increase in NO2, PM10, and PM2.5 pollutants in bi-pollutant models adjusted

for SO2 (Table 9).

The between-within (spatial-temporal) analysis of the effect of air pollution on mental well-

being at the local authority level revealed similar results to the between-within analysis at the

LSOAs level (Table 8). Thus, living in more polluted local authorities was also the driving

Table 7. The association of individuals’ mental well-being with each of NO2, PM10, and PM2.5 air pollutants linked at the LSOAs level in bi-pollutant models

adjusted for SO2 pollutant (N = 349,748 surveys from 60,146 individuals).

Mental well-being (GHQ0-36a� 12) Mental well-being (GHQ0-12b � 2) Mental well-being (GHQ0-12b � 4)

OR [95%CI] OR [95%CI] OR [95%CI]

Overall pollution effect

NO2—SO2 Model NO2 (μg/m3) 1.11 [1.07, 1.14]�� 1.13 [1.10, 1.16]�� 1.11 [1.08, 1.15]��

SO2 (μg/m3) 1.18 [1.06, 1.31]�� 1.14 [1.02, 1.26]� 1.17 [1.04, 1.31]��

PM10—SO2 Model PM10 (μg/m3) 1.19 [1.12, 1.27]�� 1.25 [1.18, 1.33]�� 1.20 [1.12, 1.29]��

SO2 (μg/m3) 1.24 [1.12, 1.37]�� 1.21 [1.09, 1.33]�� 1.24 [1.11, 1.39]��

PM2.5—SO2 Model PM2.5 (μg/m3) 1.31 [1.20, 1.43]�� 1.40 [1.29, 1.52]�� 1.34 [1.22, 1.47]��

SO2 (μg/m3) 1.23 [1.11, 1.37]�� 1.20 [1.08, 1.33]�� 1.23 [1.10, 1.38]��

��P-value <0.01

�P-value<0.05

ORs and 95%CIs are expressed in terms of 10 μg/m3 increase in the air pollutants.

GHQ0-36a: GHQ scale composed of 12 questions, each scored using a Likert format: 0-1-2-3 and summed up by adding all the items generating a scale ranging from 0

to 36; the 0–36 scale is dichotomised using a cut-off score of 12 based on relevant literature into good mental well-being (score<12) and poor mental well-being

(score� 12)

GHQ0-12b: GHQ scale composed of 12 questions, each scored using a simple binary format: 0-0-1-1 and summed up by adding all the items generating a scale ranging

from 0 to 12; the 0–12 scale is dichotomised using two cut-off scores of 2 and 4 based on relevant literature into good mental well-being (score<2 or score<4) and poor

mental well-being (score� 2 or score� 4)

Models are additionally adjusted for age, gender, ethnicity, country of birth, marital status, education, occupation, perceived financial situation, smoking status and year

dummies (2009–2019).

https://doi.org/10.1371/journal.pone.0264394.t007
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cause for poor mental well-being (between) rather than the variation in air pollution across

time within each local authority.

In a sensitivity analysis for individuals starting at wave 1 of the UKHLS survey, results

remained unchanged for the overall and for the between-within effects of the four pollutants

on individuals’ mental well-being at the local authority level (Table 3 in S1 File).

3.5. The association of air pollution with individuals’ mental well-being by

ethnicity and country of birth

3.5.1. The association of air pollution at the LSOAs level with individuals’ mental well-

being by ethnicity and country of birth. At the LSOAs level, Pakistani/Bangladeshi, other-

white, and other ethnicities group as well as non-UK born individuals showed higher odds of

poor mental well-being compared to British-white and UK-born individuals, respectively,

with every 10 μg/m3 increase in SO2, PM10, and PM2.5 pollutants only with the GHQ0-12

well-being measure (Fig 6). Nevertheless, most of these significant differences disappeared in a

cohort sub-analysis for only individuals recruited at wave 1 of the UKHLS survey (Fig 1 in S1

File). In addition, we observed no significant ethnic differences for the between or within

Table 8. The association of individuals’ mental well-being with each of NO2, SO2, PM10, and PM2.5 air pollutants linked at the local authority level in separate

models (N = 349,748 surveys from 60,146 individuals).

Mental well-being (GHQ0-36a� 12) Mental well-being (GHQ0-12b � 2) Mental well-being (GHQ0-12b� 4)

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2

OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI] OR [95%CI]

Overall pollution effect

NO2 (μg/m3) 1.11 [1.07, 1.15]�� 1.10 [1.07, 1.14]�� 1.16 [1.12, 1.20]�� 1.13 [1.09, 1.16]�� 1.13 [1.08, 1.17]�� 1.10 [1.06, 1.14]��

SO2 (μg/m3) 1.51 [1.27, 1.80]�� 1.44 [1.22, 1.71]�� 1.42 [1.20, 1.68]�� 1.34 [1.14, 1.58]�� 1.36 [1.12, 1.65]�� 1.27 [1.05, 1.53]��

PM10 (μg/m3) 1.13 [1.04, 1.23]�� 1.17 [1.09, 1.26]�� 1.22 [1.13, 1.32]�� 1.21 [1.13, 1.30]�� 1.15 [1.06, 1.26]�� 1.17 [1.08, 1.26]��

PM2.5 (μg/m3) 1.21 [1.08, 1.35]�� 1.27 [1.15, 1.41]�� 1.36 [1.23, 1.51]�� 1.35 [1.23, 1.49]�� 1.25 [1.12, 1.41]�� 1.28 [1.15, 1.43]��

Between pollution effect

NO2 (μg/m3) 1.09 [1.04, 1.13]�� 1.09 [1.05, 1.13]�� 1.14 [1.10, 1.19]�� 1.11 [1.07, 1.15]�� 1.11 [1.07, 1.16]�� 1.09 [1.05, 1.13]��

SO2 (μg/m3) 3.72 [2.53, 5.46]�� 2.62 [1.87, 3.67]�� 3.03 [2.08, 4.41]�� 2.11 [1.50, 2.96]�� 3.58 [2.40, 5.35]�� 2.39 [1.67, 3.43]��

PM10 (μg/m3) 1.09 [0.99, 1.20] 1.16 [1.06, 1.26]�� 1.23 [1.12, 1.34]�� 1.22 [1.13, 1.33]�� 1.13 [1.03, 1.24]� 1.16 [1.06, 1.26]��

PM2.5 (μg/m3) 1.16 [1.02, 1.33]� 1.26 [1.12, 1.42]�� 1.39 [1.23, 1.58]�� 1.38 [1.24, 1.54]�� 1.23 [1.07, 1.41]�� 1.27 [1.13, 1.44]��

Within pollution effect

NO2 (μg/m3) 1.07 [0.94, 1.22] 1.06 [0.93, 1.21] 1.14 [1.00, 1.30] 1.12 [0.99, 1.28] 1.08 [0.93, 1.26] 1.07 [0.92, 1.25]

SO2 (μg/m3) 1.08 [0.82, 1.44] 1.01 [0.77, 1.35] 1.13 [0.85, 1.49] 1.08 [0.81, 1.43] 0.95 [0.69, 1.32] 0.90 [0.65, 1.25]

PM10 (μg/m3) 1.11 [0.91, 1.35] 1.09 [0.89, 1.32] 1.05 [0.86, 1.28] 1.02 [0.84, 1.24] 1.22 [0.97, 1.54] 1.19 [0.94, 1.49]

PM2.5 (μg/m3) 1.09 [0.86, 1.39] 1.06 [0.83, 1.34] 1.09 [0.86, 1.39] 1.04 [0.82, 1.32] 1.17 [0.88, 1.55] 1.12 [0.85, 1.49]

��P-value <0.01

�P-value<0.05

ORs and 95%CIs are expressed in terms of 10 μg/m3 increase in the air pollutants.

GHQ0-36a: GHQ scale composed of 12 questions, each scored using a Likert format: 0-1-2-3 and summed up by adding all the items generating a scale ranging from 0

to 36; the 0–36 scale is dichotomised using a cut-off score of 12 based on relevant literature into good mental well-being (score<12) and poor mental well-being

(score� 12)

GHQ0-12b: GHQ scale composed of 12 questions, each scored using a simple binary format: 0-0-1-1 and summed up by adding all the items generating a scale ranging

from 0 to 12; the 0–12 scale is dichotomised using two cut-off scores of 2 and 4 based on relevant literature into good mental well-being (score<2 or score<4) and poor

mental well-being (score� 2 or score� 4)

Model 1 is adjusted for age, gender and year dummies (2009–2019); Model 2 is adjusted for age, gender, ethnicity, country of birth, marital status, education,

occupation, perceived financial situation, smoking status and year dummies (2009–2019).

https://doi.org/10.1371/journal.pone.0264394.t008
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effects of air pollution at the LSOAs level on mental well-being with exception of between
effects for PM10 and PM2.5 acting as protective factors (ORs<1) against poor mental well-

being for people from Indian, Black/African/Caribbean and mixed ethnicities origin (Figs 3

and 4 in S1 File).

It is worth to note that examining the association between ethnicity and mental well-being

revealed higher odds of poor mental well-being among people from Pakistani/Bangladeshi

(GHQ0-36� 12: OR = 1.17, 95%CI = 1.06–1.29; GHQ0-12� 2: OR = 1.09, 95%CI = 1.00–

1.19; GHQ0-12� 4: OR = 1.13, 95%CI = 1.02–1.25) and mixed ethnicities (GHQ0-36� 12:

OR = 1.15, 95%CI = 1.01–1.32; GHQ0-12� 2: OR = 1.21, 95%CI = 1.08–1.37; GHQ0-12� 4:

OR = 1.26, 95%CI = 1.10–1.43) origin in comparison to the British-white, even after adjusting

for socio-demographics and lifestyle covariates (Table 1 in S1 File).

3.5.2. The association of air pollution at the local authority level with individuals’ men-

tal well-being by ethnicity and country of birth. Similar to the LSOAs level, analysis at the

local authority level showed higher odds of poor mental well-being with increasing concentra-

tions of SO2, PM10, and PM2.5 pollutants among people from Pakistani/Bangladeshi and

other ethnicities origin compared to British-white and among non-UK born people compared

to natives. People from an Indian origin also showed higher odds of poor mental well-being

than the British-white with every 10 μg/m3 increase in SO2 pollution at the local authority level

(Fig 7). Yet, these significant differences disappeared in a cohort sub-analysis for only individ-

uals recruited at wave 1 of the UKHLS survey (Fig 2 in S1 File). Similarly, no significant ethnic

differences for the between or within effects of air pollution at the local authority level on men-

tal well-being were observed with exception of between effects for PM10 and PM2.5 acting as

protective factors (ORs<1) against poor mental well-being for people from Indian, Black/Afri-

can/Caribbean and mixed ethnicities origin (Figs 5 and 6 in S1 File).

Table 9. The association of individuals’ mental well-being with each of NO2, PM10, and PM2.5 air pollutants linked at the local authority level in bi-pollutant mod-

els adjusted for SO2 pollutant (N = 349,748 surveys from 60,146 individuals).

Mental well-being (GHQ0-36a� 12) Mental well-being (GHQ0-12b � 2) Mental well-being (GHQ0-12b � 4)

OR [95%CI] OR [95%CI] OR [95%CI]

Overall pollution effect

NO2—SO2 Model NO2 (μg/m3) 1.09 [1.05, 1.12]�� 1.12 [1.08, 1.16]�� 1.10 [1.06, 1.14]��

SO2 (μg/m3) 1.25 [1.05, 1.49]� 1.10 [0.93, 1.31] 1.07 [0.88, 1.30]

PM10—SO2 Model PM10 (μg/m3) 1.13 [1.05, 1.22]�� 1.19 [1.10, 1.28]�� 1.15 [1.06, 1.24]��

SO2 (μg/m3) 1.36 [1.14, 1.61]�� 1.23 [1.04, 1.45]� 1.18 [0.97, 1.43]

PM2.5—SO2 Model PM2.5 (μg/m3) 1.22 [1.10, 1.35]�� 1.32 [1.19, 1.46]�� 1.25 [1.12, 1.40]��

SO2 (μg/m3) 1.34 [1.13, 1.59]�� 1.21 [1.02, 1.43]� 1.16 [0.96, 1.40]

��P-value <0.01

�P-value<0.05

ORs and 95%CIs are expressed in terms of 10 μg/m3 increase in the air pollutants.

GHQ0-36a: GHQ scale composed of 12 questions, each scored using a Likert format: 0-1-2-3 and summed up by adding all the items generating a scale ranging from 0

to 36; the 0–36 scale is dichotomised using a cut-off score of 12 based on relevant literature into good mental well-being (score<12) and poor mental well-being

(score� 12)

GHQ0-12b: GHQ scale composed of 12 questions, each scored using a simple binary format: 0-0-1-1 and summed up by adding all the items generating a scale ranging

from 0 to 12; the 0–12 scale is dichotomised using two cut-off scores of 2 and 4 based on relevant literature into good mental well-being (score<2 or score<4) and poor

mental well-being (score� 2 or score� 4)

Models are additionally adjusted for age, gender, ethnicity, country of birth, marital status, education, occupation, perceived financial situation, smoking status and year

dummies (2009–2019).

https://doi.org/10.1371/journal.pone.0264394.t009
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4. Discussion

This study showed the negative impact of NO2, SO2, PM10 and PM2.5 air pollution (linked at

two geographical scales: coarse local authorities and detailed LSOAs) on mental well-being in

the UK for individuals followed from the year 2009 up to 2019. These results are supported by

Fig 6. The overall effect of air pollution linked at the LSOAs level on individuals’ mental well-being by ethnicity

and country of birth (N = 349,748 surveys from 60,146 individuals). The dashed line is placed at OR = 1 as a cut-off

for statistically insignificant results; The solid line separates between the air pollution-ethnicity interaction models and

the air pollution-country of birth interaction models; Air pollution-ethnicity interaction models are adjusted for

country of birth, age, gender, marital status, education, occupation, perceived financial situation, smoking status, and

year dummies (2009 to 2019); Air pollution-country of birth interaction models are adjusted for ethnicity, age, gender,

marital status, education, occupation, perceived financial situation, smoking status, and year dummies (2009 to 2019).

https://doi.org/10.1371/journal.pone.0264394.g006
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relevant literature whereby exposure to ambient air pollution has been shown to affect nega-

tively individuals’ mental well-being and contribute to increased rates of mental health prob-

lems such as autism spectrum disorders [13], schizophrenia [14], dementia [15], psychotic

Fig 7. The overall effect of air pollution linked at the local authority level on individuals’ mental well-being by

ethnicity and country of birth (N = 349,748 surveys from 60,146 individuals). The dashed line is placed at OR = 1 as

a cut-off for statistically insignificant results; The solid line separates between the air pollution-ethnicity interaction

models and the air pollution-country of birth interaction models; Air pollution-ethnicity interaction models are

adjusted for country of birth, age, gender, marital status, education, occupation, perceived financial situation, smoking

status, and year dummies (2009 to 2019); Air pollution-country of birth interaction models are adjusted for ethnicity,

age, gender, marital status, education, occupation, perceived financial situation, smoking status, and year dummies

(2009 to 2019).

https://doi.org/10.1371/journal.pone.0264394.g007
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experiences [16, 17], cognitive disabilities [18], anxiety and major depressive disorders [19].

Evidence from China revealed an elevation in the rate of depressive symptoms and poorer self-

reported mental well-being with long-term exposure to air pollution [65–67]. Similarly, expo-

sure to NO2 and particulate matter (PM10 and PM2.5) air pollution in the Netherlands was

positively associated with poor mental health and prescription of anti-anxiety drugs [68]. In

South Korea, increased exposure to NO2, SO2, and PM10 pollutants resulted in higher hazards

for suicide death [69]. In addition, a recent systematic literature review and meta-analysis of

22 articles revealed that exposure to PM2.5 pollution increases the risk for depression and anx-

iety with a pooled odd ratio estimate of 1.10 for every 10 μg/m3 increase in PM2.5 concentra-

tion [70].

The observed positive association between air pollution and poor mental well-being in this

study can be explained by four factors. The first explanation is through the biological mecha-

nisms of air pollutants on the human central nervous system and neuro-behavioural processes

[1, 5, 9, 10]. Air pollution particles of small diameters such as PM2.5 are capable of initiating

oxidative stress and forming inflammatory cytokines that infiltrate the blood-brain barrier

causing neurodegeneration and neuroinflammation [11]. The second explanation is through

the aesthetic and odorous nuisance caused by air pollution, which results in avoidance behav-

iour and inhibition of psychological-supporting outdoor activities and sports. This in turn

leads to reduced happiness and life satisfaction and to elevated levels of stress, anxiety, loneli-

ness, and poor mental well-being [2, 23–25]. The third explanation is related to experiential

anxiety and worrying feelings about one’s physical health and future [27]. Through substantive

research, people are made aware of the negative impact of air pollution on human’s physical

health and the higher risk for acute and chronic diseases such as cardiovascular, respiratory,

cancer and immune system diseases [8, 9, 28]. People living in highly polluted areas might

experience stress and anxiety about physical illness, which is reflected in poorer mental well-

being. The last explanation is manifested in the indirect effect of air pollution on mental well-

being through the physical health of individuals. People who already suffer from physical ill-

ness often also suffer from poor mental well-being. Based on an international study that utilises

data from the World Health Organisation, 9% to 23% of patients with one or more chronic

physical health conditions displayed symptoms of depression [71]. Thus, air pollution might

be associated with poor mental well-being because individuals are also suffering from a physi-

cal health condition. Conducting a simple t-test on the UKHLS data showed a higher GHQ12

(0–12) mean score (mean = 2.44, SD = 3.46) among individuals with at least one physical

health condition (e.g., asthma, arthritis, coronary heart disease, cancer, liver illness, chronic

bronchitis, diabetes, blood pressure) in comparison to a GHQ12(0–12) mean score of 1.68

(SD = 2.92) for those with non-reported physical health condition (t-test P-value = 0.000).

Despite the existence of literature on the topic of air pollution and poor mental well-being,

this study went a further step in analysing the spatial-temporal effects of air pollution on men-

tal well-being using a between-within longitudinal design. Additionally, we carried out the

analysis at two geographical scales, coarse local authorities and detailed LSOAs, which forms

another novelty of the present study. The between-within analysis is extensively used in the

fields of economics, behavioural finance, and strategic management [29], yet little used in

health research [72]; and no previous study has examined the between-within effects of air pol-

lution on mental well-being. Our study revealed significant between effects for NO2, SO2,

PM10 and PM2.5 pollutants on poor mental well-being at both the LSOAs and the local

authority geographical scales, while no significant within effects were noted. Thus, individuals

residing in LSOAs or local authorities with higher average concentrations of the four pollut-

ants across the 11 years of follow up exhibited poorer mental well-being than individuals resid-

ing in LSOAs or local authorities with lower pollution concentrations. This shows the
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importance of the spatial dimension in the association between air pollution and mental well-

being whether at the coarse local authorities or at the detailed LSOAs geographical level given

that both geographical scales resulted in similar findings. Nevertheless, the non-significant

within (temporal) effects could be related to the low variation of yearly air pollution concentra-

tions across the 11 years of follow up, particularly for SO2 pollutant as shown in Fig 4 for

LSOAs and in Fig 5 for local authorities. Therefore, further research with longer follow up

time is needed to allow for more temporal variation in air pollution which might result in sig-

nificant within effects.

In the second part of this study, we attempted to examine the moderating effect of ethnicity

and country of birth on the association between air pollution and individuals’ mental well-

being. We hypothesised that the lower socio-economic status of ethnic minorities and living in

more disadvantaged neighbourhoods, near major roads and transportation networks can

result in higher levels of stress, anxiety, and mental health problems among ethnic minority

groups; thus, moderating the association between air pollution and mental well-being. How-

ever, our findings did not reveal much difference in the overall and in the between and within
effects of air pollution on mental well-being across the ethnic groups; with exception for Paki-

stani/Bangladeshi, other-white (only at the LSOAs level but not at the local authority level),

Indians (only for SO2 pollution at the local authority level), other ethnicities, and non-UK

born individuals who showed higher odds of poor mental well-being than the British-White

and UK-born individuals with increasing concentrations of SO2, PM10, and PM2.5 pollutants.

The poorer mental well-being observed among the Pakistani/Bangladeshi, other ethnicities

group, and non-UK born individuals could be related to the socio-economic and lifestyle dif-

ferences or to place-related contextual differences. Literature on ethnic inequalities in health

has shown that ethnic minorities often live in more disadvantaged communities, and have

lower socio-economic status, lower healthcare coverage and higher job/income insecurity [34,

73, 74], which increases their risk of physical and mental illness. Nevertheless, our analysis

adjusted for the main socio-economic and lifestyle factors of individuals including age, gender,

marital status, education, occupation, financial situation, and cigarette smoking. Therefore,

the most likely explanation for the more pronounced effect of SO2, PM10, and PM2.5 pollu-

tion on poor mental well-being among Pakistani/Bangladeshi, other ethnicities, and non-UK

born individuals could be related to the contextual factors and place of residence. Ethnic

minorities and immigrants often choose to reside in large cities and highly urbanised regions,

near major roads and key transportation networks to simplify their commuting and working

conditions [75]. In addition, ethnic minorities often live in low-priced social housing offered

by local authorities, which is often situated in more deprived ethnic concentration neighbour-

hoods [35]. These place-related factors can result in more pronounced effect of air pollution

on mental well-being among ethnic minorities and immigrants due to greater exposure to air

pollution resulting from vehicles, factories, and burning of fossil fuels. In a supplementary

analysis, we show through Chi2 square tabulation that a very high percentage of non-UK born

individuals (93%) and of ethnic minorities including Pakistani/Bangladeshi (99%) reside in

urban areas; whereas this percentage is much lower for British-white (71%) and UK-born

(75%) individuals (Table 4 in S1 File). It should be noted, however, that decomposing the over-

all effect of air pollution into between (spatial) and within (temporal) effects at both the LSOAs

and local authority levels did not show significant differences among the ethnic groups, not

even for the Pakistani/Bangladeshi and non-UK born individuals. Thus, we cannot be conclu-

sive that residing in more polluted areas is the key explanation for the more pronounced effect

of SO2, PM10, and PM2.5 pollution on mental well-being among Pakistani/Bangladeshi and

non-UK born individuals. Furthermore, in a cohort sub-analysis for individuals recruited at

wave 1 of the UKHLS survey (Figs 1 and 2 in S1 File), the differences noted with respect to the
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Pakistani/Bangladeshi, other ethnicities group, and non-UK born individuals disappeared.

Therefore, our study shows no conclusive evidence of ethnicity or nativity differences in the

association between air pollution and poor mental well-being.

Despite the new insights provided by this study, it is important to discuss its limitations.

The first limitation is related to the design of the study in which individual-level data from the

UKHLS survey was linked to yearly air pollution contextual data at the local authority level.

Therefore, individuals residing within a respective local authority and a respective year were

assigned to the same value of air pollution exposure. However, we also linked the air pollution

data to the UKHLS at the LSOAs level (the lowest available geography level at the UKHLS due

to ethical considerations) which minimised the exposure bias. Air pollution linked at both, the

local authority and the LSOAs level, revealed similar results. For future research, we recom-

mended the usage of data sources that allow linkages of air pollution at the postcode level, the

lowest available geography in the UK. Second, our analysis included all individuals recruited at

different waves of the UKHLS survey, that had at least two observations through the follow up

time (2009–2019). Hence, the time window for follow up differed between the study partici-

pants, some were followed for 11 years across all the 10 waves while others entered the study at

later waves and were followed for a shorter period of time. It should be noted, however, that

similar results were observed in a sensitivity analysis on wave 1 cohort, except for the analysis

by ethnic groups whereby Pakistani/Bangladeshi, other ethnicities, and non-UK born individ-

uals did not show significant differences in the association of air pollution with mental well-

being at both the LSOAs and local authority geographical scales (Tables 2, 3 and Figs 1 and 2

in S1 File). This can be explained by the UKHLS sample design which involved ethnic minority

boost samples at waves 1 and 6 of data collection to enable ethnicity-focused research. There-

fore, by conducting analysis on only wave 1 cohort, we are missing the second ethnic minority

boost sample at wave 6 which resulted in the observed differences. Finally, the UKHLS survey

included longitudinal weights that adjust for the overrepresentation of some groups, such as

the ethnic minority groups; thus, allowing for greater generalisation of the estimates. However,

we could not add the longitudinal weights into our analysis as this requires that all individuals

be followed until the last wave (wave 10) of the survey, which was not the case.

5. Conclusion

Using a longitudinal panel design that involves linking individual to context-level data at two

geographical scales (coarse local authorities and detailed LSOAs) and a between-within analy-

sis, this study highlights the negative effect of air pollution on individuals’ mental well-being

over space and time and emphasises the importance of the spatial dimension in the shaping of

this association. Thus, environmental policies to reduce air pollution emissions with a core of

spatial planning can eventually improve the mental well-being of people residing in the UK.

There is, however, less conclusive evidence on the moderating effect of ethnicity.
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