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A good move for health?
Analyzing urban exposure trajectories of residential relocation and mental health in 
populations in Bradford

Mikel Subiza-Pérez a,b,c,d,e,*, Teumzghi F. Mebrahtu b, Kimon Krenz e,f, Aidan Watmuff b, Tiffany Yang b,e, 
Laura Vaughan e,f, John Wrightb,e, Rosemary R. C. McEachan b,e

Abstract:  Residential relocation can be leveraged as a natural experiment. This study examined the changes in environmental  
exposures due to residential relocation in two samples of within-city movers in Bradford (UK); 2089 residents (66% women, mean 
[SD] age, 47.80 [19.88] years) with preexisting common mental disorders-related prescriptions and 12,699 residents (60% women, 
mean [SD] age, 42.47 [17.40] years) without the same prescriptions at baseline (January–April 2021). Study data were extracted from 
National Health Service health records. The outcome was the presence of an active prescription for anxiolytics or antidepressants 
(yes/no) 1 year after relocation (January–April 2022). Change scores were calculated for several exposures, including the normalized 
difference vegetation index, distance decay to green spaces, coarse (PM10) and fine particulate matter (PM2.5), and nitrogen diox-
ide (NO2) at pre- and postmove addresses. Logistic regression models were used for each change score exposure, adjusting for 
covariates selected using a direct acyclic graph validated against the data. Participants without prescriptions at baseline were likely 
to relocate to less green and less polluted areas compared with those with preexisting medication. A total of 15% of participants 
without prescriptions at baseline had an active prescription at follow-up. For these, increases in normalized difference vegetation 
index were associated with lower odds of having active prescriptions at follow-up [OR (odds ratio) = 0.93 (95% confidence interval 
[CI] = 0.88, 0.98), P = 0.007], whereas increases in PM2.5 [OR = 1.1 (95% CI = 1.04, 1.16), P < 0.001] and PM10 [OR = 1.12 (95% CI 
= 1.06–1.19), P < 0.001] concentrations were associated with higher odds. Changes in environmental exposures due to residential 
relocation showed an influence on mental health only for those participants without active prescriptions in the baseline.
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Introduction
Common mental disorders (CMDs) such as anxiety and depres-
sion affect up to 580 million people across the globe.1 They 
are the leading cause of years spent living with disability and 

generate huge societal burdens from care costs to lost economic 
productivity. Socio-economically vulnerable populations, such 
as people living in poverty, facing unemployment or with low 
educational attainment, along with ethnic minority groups, 
and those living in deprived areas, are at higher risk of devel-
oping CMD.2–4 This might be caused by the cumulative burden 
of chronic stress from financial insecurity, stigma, poorer work 
conditions, and lower access to social and healthcare support.4 
Anxiolytics and antidepressants are the usual pharmacological 
treatment options for CMD.

Environmental determinants of mental health and 
residential mobility

A growing evidence points to the importance of environmen-
tal factors in promoting good mental health.5 Previous studies 
have analyzed the associations between residential greenness 
or air pollution with CMD.6–10 Plausible mechanisms behind 
such associations are related to lifestyle factors (e.g., physical 
activity or social cohesion), and inflammatory, oxidative, and  
neurotransmission-related impacts on the brain.11,12 Part of this 
evidence has been compiled in recent systematic reviews.11,13,14 

What this study adds?
This study contributes to the literatures on the environmental 
determinants of mental health and environmental justice by 
analyzing data from a diverse, multiethnic, and highly deprived 
population. To summarize, we found that residents with active 
medication prescriptions for common mental disorders were 
more likely to move to areas of worse environmental qual-
ity. Besides, we saw that changes in residential greenness and 
air pollution were linked to the onset of poor mental health 
problems.
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However, not all population groups are equally exposed to these 
environmental burdens. Environmental injustice denotes the 
unequal distribution of environmental exposures that dispro-
portionately affect certain population groups, increasing their 
exposure to harmful factors while limiting their access to ben-
eficial environmental features.15 This inequity might heighten 
the risk of already vulnerable groups and may exacerbate 
social inequalities in mental health.16 For instance, current lit-
erature shows that people living in lower socioeconomic status 
(SES) areas are exposed to lower residential greenness levels, 
lower availability of green spaces, and higher levels of pollut-
ants.17–22 However, this pattern is not always consistent.23,24 
Environmental justice is usually conceptualized in static terms. 
This is, at any given moment, vulnerable populations within a 
city or region may reside in areas of poorer environmental qual-
ity. However, environmental (in)justice may also impact people’s 
lives over time.

We know that people move for various reasons, which may 
include marital or job status changes, the death of loved ones 
or family changes such as the birth of a child.25,26 In a recently 
published study compiling information from four Northern 
European birth and adult cohorts, the authors found that res-
idential relocation was more frequently observed in nonmar-
ried, retired, younger, and low-educated adults.27 Other studies 
have shown opposite trends, such as the work by Heo and col-
leagues,28 who followed a sample of pregnant women residing 
in New York and saw that residential movers were those with 
higher educational attainment and income.

Since environmental burdens may be associated with health 
outcomes, moving to areas with fewer burdens may positively 
impact health. Conversely, relocating to areas of poorer envi-
ronmental quality may have the opposite effect, as suggested by 
Saucy et al.27 Most movers in that study relocated to areas with 
similar levels of air pollution and for movers participating in the 
birth cohorts included in that study, those with higher education 
and having the study country’s nationality were more likely to 
move to areas of improved environmental quality. Similarly, a 
study conducted in the USA used census information to track 
residential moves of older populations in southern states to 
see how relocation affected exposure to heat, extreme weather 
events, and air quality.29 They found that the older the person, 
the higher the odds of moving to areas more exposed to heat and 
that those belonging to ethnic minority groups were more likely 
to move to areas with higher number of extreme weather events 
and poorer air quality. Finally, another study conducted in the 
US informed about the environmental implications of moving to 
lower SES neighborhoods within the moving to opportunity for 
Fair Housing Program.30

The epidemiology of relocation

Changes in environmental exposures due to residential moves can 
be leveraged to study how the environment affects human health 
by conducting natural experiments, which allow researchers to 
address questions that would be impractical, unrealistic, or even 
unethical if approached through planned research.31–34 Most of the 
available evidence about the environmental determinants of health 

comes from cross-sectional studies, which do not allow for direct 
inference of causality. In the words of Rachele and colleagues35 
(see also Pedde and Adar36), relocation studies provide a strong 
basis to infer causation given that pre–postmove comparisons 
are controlled for individual observed and unobserved covariates 
that do not change over time. Besides, these sorts of studies help 
with developing a spatio-temporal approach to add the temporal/
life course perspective to the place and health literature.37 Apart 
from measuring changes in exposures, residential moves might 
also explain changes in health outcomes given the disruption of 
daily life and social interactions that ensue. Some works have doc-
umented that the number of moves is related to health outcomes, 
both during childhood and adulthood.38,39 More specifically, these 
works showed that a higher number of moves was related to 
poorer health outcomes (i.e. vaccination rates during childhood 
and lower reported physical and mental health scores).

Few studies have explored the impact of changes in environ-
mental stressors as a result of residential relocation on mental 
health. For instance, two recently published studies explored 
how changes in air pollution or walkability impacted the body 
mass index of children and adults, 180 days and 2 years after 
moving, respectively.34,35 Changes in air pollution levels have 
also been studied in relation to respiratory outcomes, pregnancy 
morbidity, or mortality.40 A limited number of works have spe-
cifically focused on mental health outcomes. The authors of a 
study using data from the British Household Panel Survey did 
not observe any statistically significant effect of changes in resi-
dential greenness due to residential moves on self-reported men-
tal health.41 Similar results were obtained in a study conducted 
in the Netherlands.42 Tunstall and colleagues43,44 used a com-
posite measure of area socio-economic status, concentrations of 
air pollutants (e.g., PM10 or NO2), and distance to industrial 
facilities. They found no effects of changes in said measure on 
postmove mental health. These studies on mental health relied 
on self-reported mental health outcomes, and those by Tunstall 
and colleagues, for the reasons explained above, did not esti-
mate the specific effects of air pollutants. A recent study using 
UK Biobank data found that participants that moved from a 
lower to a higher PM2.5 or PM10 polluted area increased the 
odds of being diagnosed with mental and behavioral disorders.45 
However, moving to areas of lower pollutant concentration did 
not show protective effects. Therefore, our study will contrib-
ute to this specific field because we used health records data 
to operationalize residents’ mental health and compiled various 
measures of residential greenness and air pollutants.

Study aims

In this study, we sought to contribute to a better understanding 
of the interrelations between residential mobility, environmental 
exposures (i.e. residential greenness and air pollution), and the 
prescriptions for anxiolytics and antidepressants in the city of 
Bradford, UK. First, we aimed to explore whether movers with 
preexisting prescriptions were more or less likely to move to 
healthier environments. Second, we wanted to analyze whether 
changes in environmental exposures due to residential reloca-
tion were associated with the prescription duration for those 
participants with preexisting conditions—and the potential 
onset of prescriptions for those without. We expected increases 
in residential greenness metrics having protective effects on 
mental health and the opposite for air pollution metrics.

Methods

Study setting and sample of participants

According to the mid-2023 census by the Office for National 
Statistics, Bradford is home to 560,200 people in West Yorkshire, 
northern England and hosts a young, diverse and multiethnic 
community; 53% of the population identifies as White British, 
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whereas citizens of Pakistani, Indian, and Bangladeshi ethnic-
ities account for 30% of the population. It is the 13th most 
deprived local authority in England, with 32% of the popula-
tion among the most deprived decile in the country. The central 
districts of the city are the most deprived and also have higher 
air and noise pollution levels and lower availability of green 
spaces than nondeprived areas.46

Our resident address and health data came from the 
Connected Bradford Whole System Data Linkage Accelerator 
(Connected Bradford Platform, CB hereafter), which contains 
information from 800,000 individuals residing in the city in the 
last 40 years.47 This platform combines, among others, primary 
care data from general practices, community care data (includ-
ing mental health, school nurse, and health visitor interac-
tions) and secondary care data from acute hospitals, Yorkshire 
Ambulance Service, and Electronic Patient Records. Relevant 
to this study, the platform also contains a comprehensive set 
of urban environmental exposure metrics (e.g., air pollution or 
residential greenness).

From the CB platform, we extracted data on National Health 
Service patients who resided in Bradford during a baseline 
period (January–April 2021) and moved to another location in 
the city in the same period.

Study variables

Urban environmental exposures

We included five residential greenness and air pollution metrics 
to characterize participants’ pre- and postmove residential set-
tings. These are described in detail elsewhere.48

Residential greenness

The extent to which the residential environment was green 
was measured with two complementary variables: the normal-
ized difference vegetation index (NDVI) and distance decay 
to major green spaces (>2 ha). NDVI measures the density 
of green vegetation captured in satellite imagery, and ranges 
from −1 to +1, with values closer to +1 indicating higher 
levels of greenness, while values near 0 indicate little to no 
vegetation, and negative values indicate nonvegetated sur-
faces, such as built-up surfaces. Cloud-free satellite images 
were obtained from the USGS Landsat 8 product for the year 
2021.49 Individual NDVI values were expressed as the mean 
value within a 300-m straight-line buffer radius around the 
participants’ residential address.50

We also used the Ordnance Survey Open Greenspace dataset 
to calculate the distance between participants’ houses and the 
entrance points of the following greenspace classifications with 
an area of at least 2 ha: public parks or gardens, allotments 
or community growing spaces, cemeteries, play spaces, religious 
grounds, bowling greens, golf courses, other sports facilities, 
playing fields, and tennis courts through the OS street, and 
urban path network (Ordnance Survey).51,52 We then calculated 
a distance decay weighted count for each participant, using an 
exponential distance decay function with a decay parameter 
of 0.007, which converges to near zero at a 1-km distance (or 
after a 12-minute walk). Higher distance decay scores indicate 
greater green space availability.

Air pollution

Following previous studies, we used UK emissions data from the 
Department for Environment, Food and Rural Affairs, which 
features a 1 km × 1 km resolution. We used this data to calcu-
late annual average levels of PM10, PM2.5, and NOx in 300-m 
straight-line buffers around participants’ residential address 
locations expressed in μg/m3.53

Mental health

We obtained data on the prescription of antidepressants and 
anxiolytics, which are used to treat depression and anxiety 
(chapters 4.1 and 4.3 of the British National Formulary) from 
primary health records. We calculated the number of partici-
pants with active medication prescriptions (i.e., a prescription 
dated within that period) during the baseline period (January–
April 2021) and at follow-up (January–April 2022). At base-
line, participants were categorized into two groups—those with 
active prescriptions and those without. Active medication pre-
scriptions in the follow-up were considered as an indicator of 
(1) not having recovered from CMD for those with medication 
at baseline or (2) new case of CMD.

Covariates

We used a set of four individual covariates in this study; age, 
sex (female/male), ethnicity (White British/ non-White British), 
and number of moves during the study period. Additionally, 
we extracted the 2019 index of multiple deprivation (DLUHC 
Open Data: English Indices of Deprivation 2019—LSOA Level 
[opendatacommunities.org]) as a measure of small area-level 
socio-economic status, specifically at the lower super output 
area (LSOA) level.

Operationalization of moves

Participants’ residential address history were accessed through 
the CB platform. We determined that a person moved to another 
address when we observed that the premove unique property 
reference number, a unique identifier assigned to every address-
able location in the United Kingdom, was different to the post-
move one. Given that some participants moved more than once 
during the study period, we considered the last known address 
as the postmove location for analyses.

Data analysis plan

We conducted the analyses using R Statistical Software (v.4.0.3; 
R Core Team, 2022). We calculated descriptive statistics (mean/
median/n; standard deviation/[IQR]/%) for all study variables. 
Given the nature and objectives of the present study, we com-
pared the pre- and postmove environmental exposure metrics 
to describe the changes in residential greenness and air pollu-
tion and to model their impact on participants’ mental health. 
This type of comparison is common in the epidemiology of relo-
cation.29,34,35,45 Following Warkentin et al.,34 we used a tertile 
approach to characterize moving patterns in the samples of par-
ticipants. More specifically, we divided premove environmental 
exposure scores into tertiles and classified participants as mov-
ing to a “similar” area if the postmove remained in the same 
tertile as the premove score, to a “better quality” area if it was 
included in a higher tertile or to a “worse quality” area if the 
opposite was the case. This procedure helped us in understand-
ing the environmental implications of the residential moves and 
observe how many participants moved to areas of higher, lower, 
or similar exposure levels.

For the modeling phase, we computed separate environmen-
tal exposure change scores by subtracting premove scores from 
postmove ones as done by Gao and Wang29 and used these scores 
in the regression models described below. We then designed a 
direct acyclic graph (DAG) (Figure 1) to represent literature-based 
assumptions and select covariates for adjustment.54,55 We exam-
ined the validity of the DAG for each exposure change score and 
study combination using the R packages dagitty and lavaan.56,57 
To do so, we checked the testable implications (i.e., pairwise mar-
ginal and conditional independencies) within our DAG following a 
procedure described elsewhere.58 In line with previous authors, we 
considered a testable implication was unmet when its associated 
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correlation index was r > 0.20 and its P-value <0.05. Once the 
DAG was validated, we extracted the minimum set of adjustment 
variables with the function adjustmentSets() within dagitty R pack-
age.7,59 We fitted logistic regression models to see whether changes 
in exposures predicted the presence of active medication prescrip-
tions in the follow-up. Odds ratios in said models reflect changes 
in the likelihood of having prescriptions by exposure change score 
increases of 1 IQR.

Results

Study samples

The samples of participants (see Table 1) with and without 
prescriptions at baseline comprised 2084 and 12,699 people, 

respectively. Most participants, regardless of the sample they 
belonged to, were female and White British. Participants with 
prescriptions at baseline were almost 10 years older on aver-
age. A total of 71% of participants with prescriptions at the 
baseline, and 15% of participants without, had active medica-
tion prescriptions in the follow-up. Summary descriptives of the 
environmental exposures can be found in Supplementary Table 
1; http://links.lww.com/EE/A355.

Description of changes in environmental exposures

The tertiles-based analyses (see Table 2 and Supplementary 
Table 2; http://links.lww.com/EE/A355) showed that most par-
ticipants moved to residential settings similar to their original 
ones, a pattern consistent across the majority of the metrics 

Figure 1.  Directed acyclic graph regarding the expected associations between change in environmental exposures and mental health in the follow-up. The 
arrows indicate causal paths. All the relationships were defined based on previous literature and discussions among the authors. Variables preceded by a “(U)” 
are unobserved variables.

Table 1.

Description of study variables in the study samples

Sample N Age Gender Ethnicity
Medication in 

follow-up
Number 
of moves

With preexisting 
prescriptions

2,084 51 (20.03) F 1,379 (66.17%)
M 705 (33.83%)

WB 1,626 (78.02%)
Non-WB 458 (21.98%)

No 598 (28.72%)
Yes 1,486 (71.28%)

1.30 (0.67)

Without preexisting 
prescriptions

12,699 42.46 (17.40) F 7,563 (59.56%)
M 5,136 (40.44%)

WB 7369 (58.03%)
Non-WB 5330 (41.97%)

No 10,775 (84.85%)
Yes 1,924 (15.15%)

1.07 (0.29)

Scores within parentheses indicate the proportion of participants in the corresponding categories or the standard deviation in continuous variables. Ethnicity was reduced to two categories so both groups 
represented at least 20% of the sample and to accommodate the variable to the computational requirements of dagitty (i.e., testable implication checks).
F indicates female, M, Male; WB, White British.

http://links.lww.com/EE/A355
http://links.lww.com/EE/A355
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considered. When looking at the moving patterns between 
participants with and without preexisting prescriptions, we 
observed that participants with preexisting prescriptions were 
more likely to move to areas with lower NDVI levels, greater 
availability to green spaces and higher concentrations of PM2.5, 
PM10, and NO2. They were also less likely to move to areas of 
similar exposure levels than their counterparts without preex-
isting prescriptions. On the contrary, participants without pre-
existing prescriptions were more likely to move to areas with 
greater availability of green spaces and lower concentrations 
of air pollutants. They were also more likely to stay in areas of 
similar exposure levels.

DAG validation and modeling

The 14 testable implications comprised in the study DAG were 
met (r < 0.20 and P > 0.05) for every metric and sample, which 
meant that amendments to the DAG were not required. Results 

of these checks can be found in Appendix I; https://links.lww.
com/EE/A352. This meant that to estimate the effect of changes 
in exposures on mental health in the follow-up, we needed to 
control for area SES.

Table 3 shows the results of the fitted regression models 
(see Supplementary Table 1; https://links.lww.com/EE/A352 
for pre–post move change scores summary statistics and IQR). 
Changes in exposures did not have any impact on medica-
tion prescriptions in the sample with prescriptions at base-
line. For those without prescriptions at baseline, we observed 
a protective effect of residential greenness. Those moving to 
areas with higher NDVI scores were 7% less likely to be on 
medication in the follow-up. However, we found a counter-
intuitive association between green space distance decay and 
prescriptions; those participants moving to areas with higher 
availability of green spaces were 4% more likely to be on 
active prescriptions in the follow-up. Regarding air pollution, 
moving to areas with higher PM2.5 and PM10 increased the 
likelihood of prescriptions at follow-up by 11% and 12%, 

Table 2.

Characterization of changes in environmental exposures due to residential moves and comparison of moving patterns between 
participants with and without preexisting prescriptions

Exposure

Sample Chi-squared 
testWith preexisting prescriptions Without preexisting prescriptions

Exposure 
tertiles

Type of 
move

Distribution of 
participants

Exposure 
tertiles

Type of 
move

Distribution of 
participants χ2 df P

NDVI (0.06, 0.19) Decrease 452 (21.69%) (0.07, 0.18) Decrease 2,304 (18.14%) 18.59 2 <0.001
(0.19, 0.23) Same 1,005 (48.22%) (0.19, 0.23) Same 6,663 (52.47%)
(0.24, 0.43) Increase 627 (30.09%) (0.24, 0.47) Increase 3,732 (20.39%)

Green space distance decay (0, 0.20) Decrease 695 (33.35%) (0, 0.22) Decrease 4,216 (33.20%) 311.97 2 <0.001
(0.21, 0.51) Same 505 (24.04%) (0.23, 0.56) Same 5,221 (41.11%)
(0.51, 2.83) Increase 888 (42.61%) (0.57, 4.59) Increase 3,272 (25.77%)

PM
2.5

(0.11, 3.21) Decrease 414 (19.87%) (0.04, 3.63) Decrease 3,420 (27.48%) 510.15 2 <0.001
(3.22, 5.34) Same 822 (39.44%) (3.64, 5.78) Same 6,909 (54.41%)
(5.35, 9.89) Increase 848 (40.69%) (5.79, 9.89) Increase 2,370 (18.66%)

PM
10

(0.16, 5.17) Decrease 412 (19.77%) (0.06, 5.9) Decrease 3,435 (27.05%) 626.46 2 <0.001
(5.18, 8.33) Same 819 (39.3%) (6, 9.15) Same 7,095 (55.87%)
(8.34, 16.20) Increase 853 (40.93%) (9.16, 16.20) Increase 2,169 (17.08%)

NOx (0.57, 9.89) Decrease 388 (18.62%) (0.36, 11.5) Decrease 3,632 (28.60%) 500.90 2 <0.001
(9.90, 17.6) Same 821 (39.4%) (11.6, 20.2) Same 6,547 (51.56%)
(17.7, 129) Increase 875 (41.99%) (20.3, 189) Increase 2,520 (19.84%)

Numbers and numbers between parenthesis in the “distribution of participants columns” correspond to the number of participants in each group and its corresponding percentage, respectively. Increases 
in NDVI and distance decay to green spaces should be interpreted as environmental quality improvements, whereas increases in air pollutants as the opposite. Types of moves were defined by comparing 
the exposure levels of the pre- and postmove residential locations. A move was considered as a “decrease” when the participant moved to a location, which exposure levels belonged to a lower tertile (e.g., 
moved from second to first NDVI tertiles). The “similar” label was used for moves within the same tertile of exposure and an “increase” happened when participants moved to a location with exposure levels 
corresponding to a higher tertile (e.g., moving from second to third PM

2.5
 tertiles).

NDVI indicates normalized difference vegetation index; NOx, nitrogen oxide; PM, particulate matter.

Table 3.

Models showing the associations between changes in environmental exposures and mental health in the follow-up

Exposure Sample Adjustment set OR z-value P-value 95% CI

Increases in NDVI With preexisting prescriptions Change in IMD 0.95 −0.76 0.451 (0.84, 1.08)
Without preexisting prescriptions Change in IMD 0.93 −2.65 0.007 (0.88, 0.98)

Increases in proximity to green spaces With preexisting prescriptions Change in IMD 1.04 0.81 0.417 (0.95, 1.14)
Without preexisting prescriptions Change in IMD 1.05 1.97 0.049 (1, 1.10)

Increases in PM
2.5

With preexisting prescriptions Change in IMD 1.01 0.19 0.848 (0.89, 1.15)
Without preexisting prescriptions Change in IMD 1.1 3.4 <0.001 (1.04, 1.16)

Increases in PM
10

With preexisting prescriptions Change in IMD 1.02 0.27 0.788 (0.90, 1.15)
Without preexisting prescriptions Change in IMD 1.12 4.12 <0.001 (1.06, 1.19)

Increases in NOx With preexisting prescriptions Change in IMD 0.94 −1.71 0.087 (0.87, 1.01)
Without preexisting prescriptions Change in IMD 0.99 −0.85 0.395 (0.95, 1.02)

Odds ratios above one indicate higher chances of having active prescriptions in the follow-up. IQR values for the sample with preexisting prescriptions: NDVI = 0.08, distance decay to green spaces = 0.52, 
PM

2.5
 = 2.91 (μg/m3), PM

10
= 4.30 (μg/m3) and NOx (μg/m3) = 11.56. IQR values for the sample without preexisting prescriptions: NDVI = 0.07, distance decay to green spaces = 0.50, PM

2.5
 = 2.30 (μg/

m3), PM
10

= 3.43 (μg/m3) and NOx = 10.50 (μg/m3). Bold numbers indicate statistically significant values.
IMD indicates Index of Multiple Deprivation; NDVI, normalized difference vegetation index; NOx, nitrogen oxide; PM, particulate matter.

https://links.lww.com/EE/A352
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respectively. Finally, we did not observe any association with 
changes in NOx levels.

Discussion
This study investigated the intersections between residential 
mobility, environmental exposures, and mental health in the 
city of Bradford. More specifically, we wanted to describe resi-
dential mobility patterns in patients with and without prescrip-
tions for anxiolytics and antidepressants and see whether the 
subsequent changes in environmental exposures were related 
to the onset and evolution of said conditions. Using tertiles to 
describe changes in exposure metrics due to residential changes, 
we saw that most participants moved to areas with similar lev-
els of greenness and pollution.34 Nevertheless, our results reveal 
two different residential moving patterns between participants 
with and without prescriptions at baseline. Those with preexist-
ing prescriptions tended to move more often during the study 
period and were more likely to move to less green and more 
polluted areas. In contrast, those movers without preexisting 
prescriptions were more likely to move to less polluted areas. 
The only exception to this trend is the availability of green 
spaces. Our study found that movers with preexisting prescrip-
tions were more likely to have moved to areas with greater green 
space availability.

Following previous research, we also wanted to see whether 
the changes in environmental exposures that participants 
experienced due to the residential relocations affected their 
mental health status. This question had different implications 
for each of the study samples. For those with preexisting con-
ditions, changes in environmental exposures could foster or 
hinder recovery, for those without preexisting conditions, 
environmental quality alterations could be associated with 
the onset of postmove disorders. We saw that changes in envi-
ronmental exposures were not related to prescription status 
in the follow-up for those participants with prescriptions at 
baseline. This means that varying environmental conditions 
did not affect the evolution of those conditions. However, we 
found that environmental improvements protected against 
the onset of prescriptions for those without preexisting ones. 
More specifically, we saw that those moving to greener areas 
(i.e., areas with higher NDVI scores) were less likely to have 
active antidepressants or anxiolytics prescriptions in the  
follow-up and that those moving to areas with higher con-
centrations of PM2.5 and PM10 were more likely to have active 
prescriptions.

We found that higher availability of green spaces led to 
increased odds of CMD medication in the follow-up in the 
sample of participants without prescriptions at baseline. 
Despite being theoretically counterintuitive, previous research 
conducted in Bradford has shown that green spaces are more 
prevalent in the most socio-economically vulnerable areas of 
the city.7 The study also showed that people living close to 
unsatisfactory parks reported higher anxiety symptoms, which 
was interpreted by the authors as a potential indicator of safety 
issues and low green space quality. In a previous study con-
ducted in Bradford, safety aspects of green spaces, such as 
antisocial or inappropriate behavior by other users and fears 
related to become a victim of verbal harassment or sexual 
assault, were relevant barriers for greenspace use.60 Although it 
remains unknown whether this generalizable to other settings 
or a particularity of the city of Bradford, but it highlights the 
need for green space quality and design features to be taken 
into account.61

Our study clearly shows that people experiencing men-
tal health problems tend to move more often and to worse 
environmental quality areas, which, in turn, may impact their 
ability to recover from said conditions. Overall, these differ-
ing moving patterns may reflect an environmental injustice15 

that warrants attention and action. As environmental burdens 
are typically concentrated in deprived urban areas, initiatives 
at a city level should allocate resources for improvements in 
these areas, to reduce this spatial inequality. Urban interven-
tions such as low-traffic neighborhoods, low-emission zones, 
enhanced provision of green spaces and infrastructures, or 
active transport schemes could all help improving overall pop-
ulation mental health and reduce environmental and health 
inequalities.62

Strengths and limitations

Our study has a number of strengths. By employing a natural 
experimental design, we contribute to the causal understand-
ing of how environmental determinants affect mental health, 
addressing a significant gap in the currently limited evidence 
base. We include a large population-based sample of residents 
in a large multiethnic city with high levels of deprivation. Using 
routine data, we were able to include the whole population, 
overcoming some of the limitations of other epidemiological 
studies (e.g., selection bias). Also, we used a diverse set of envi-
ronmental exposures comprising residential greenness and air 
pollution metrics and were able to assess their impact on not 
only the recovery of those participants already prescribed with 
anxiolytics or antidepressants but also on the development of 
new mental health problems in previously unaffected people. 
The precision of measurement of geographical change in house 
moves, that is, using the precise geolocation of all participants at 
each moment of time, is another innovation worth highlighting 
as it contributes to the reliability of the results. In the method-
ological sphere, we conducted statistical analyses following cur-
rent robust approaches to causal inference by not only designing 
a DAG but also validating it, which is still a pending issue in 
epidemiological research.58,63

Despite its interest, this study has some limitations. First, by 
limiting our sample to only individuals that moved during the 
study period, compared with the wider population, our sam-
ple over-represented females, and those of White British origin, 
which may compromise our ability to generalize. Second, we 
were unable to ascertain the reasons behind residential moves 
in our participants. This limitation is pervasive in studies using 
only routine collected health records.25,36 These motivations 
might confound the environmental exposures—mental health 
relationships and, as shown in our DAG, we could control for 
their impact on exposures by adjusting for changes in area SES. 
However, any impact of those motivations on the environmen-
tal characteristics of the postmove residential setting happening 
through pathways other than that could have confounded our 
estimates. The use of routine data comes with further limitations 
that have been described elsewhere.64,65 These are the limited 
number of potential confounders available in health records 
and the quality and completeness of data. Finally, we operation-
alized the presence of CMD in our participants by extracting 
medication prescriptions, which is neither the golden standard 
for mental health assessment nor comes from a systematic or 
formal evaluation of the mental health status of participants.

Final remarks
Our study demonstrates the importance of the neighborhoods 
in which we live as determinants of our mental health. We found 
clear examples of environmental injustice, where residents with 
preexisting vulnerabilities were more likely to move to areas 
with greater environmental burdens. We also found that neigh-
borhood urban exposures such as residential greenness and air 
pollution have an impact on the onset of poor mental health 
problems. By targeting investment in areas of deprivation with 
multiple environmental burdens, we will be able to tackle these 
injustices and protect populations' mental health.
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