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ARTICLE INFO ABSTRACT

Handling Editor: Adrian Covaci Living in an area with good availability and accessibility of residential green spaces such as parks, woodlands,

and residential gardens can improve mental health and reduce the global disease burden. Unlike for physical

Keywords: health, it is not well understood if mental health and green space associations might be modified by local area

Greensfface deprivation. Existing evidence for this association comes from cross-sectional studies, widely considered

&eglﬁa@n vulnerable to confounding and bias. Individual time-invariant mental health status, personality, and other factors
ellbeing

may result in positive effect modification on green space and mental health associations in more deprived areas.
We use fixed-effects models that remove time-invariant confounding by calculating differences within-persons to
eliminate this bias and add to the existing evidence. We modelled changes in mental health status, green space,
and deprivation (relative to the within-person mean) within 54,666 individuals with a combined total of 300,710
mental health scores from one of the world’s largest panel surveys: “Understanding Society” in the UK. We found
a positive effect of increasing residential green space on mental health and this was positively modified and
intensified by area deprivation before and after adjusting for confounding. Our results support providing green
space to protect against the negative impact of socioeconomic deprivation on health, particularly for those
moving from a less deprived to a more deprived area.

Ecosystem services
Health inequality
Epidemiology

1. Introduction Attention Restoration Theory (ART), respectively (Kaplan and Berman,

2010) which consequently improve mental health (Houlden et al.,

Mental health is an integral health component (Prince et al., 2007)
and a major contributor to the global disease burden (Vigo et al., 2016).
Understanding modifiable factors of the environment that can improve
mental health, such as green space, is vital to reduce this burden (Collins
et al.,, 2011) (Twohig-Bennett and Jones, 2018; WHO, 2017). Avail-
ability of green space near to people’s homes creates more opportunities
for nature contact to relieve stress and improve cognition, strengthen a
person’s health (build capacity) and reduce harmful environmental ex-
posures (Markevych et al., 2014), which builds biopsychosocial resil-
ience (White et al., 2023). The most cited restorative benefits of direct
nature contact are reduction in stress and cognitive fatigue restoration,
as outlined in Stress Reduction Theory (SRT) (Ulrich, 1983) and

2018). Nature contact also builds capacity for social contact (Astell-Burt
et al., 2013) and physical health, through improved physical activity,
which is linked to mental health (Hunter et al., 2015). In addition, green
space can provide many other ecosystem services, acting as a
nature-based solution reducing risk of mental health harm (Marselle
et al., 2021) from flooding, the urban heat island effect and potentially
air pollution (Richards et al., 2022; Tan et al., 2020, 2021). The bene-
ficial impact of nature contact, encourages use and further support for its
protection (Soga and Gaston, 2016).

Different environmental, social, and individual factors can modify
residential green space-mental health associations (Marselle et al.,
2021), which may impact policy and practice. One example is
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neighborhood socioeconomic deprivation. Those living in less socio-
economically deprived areas often have better health literacy (Svendsen
et al., 2020) and better general health (Stringhini et al., 2010) and are
likely to have the disposable income to substitute poor green space ac-
cess, for example, via paid gym memberships to increase physical ac-
tivity. Living in a greener area with better green space access might not
necessarily further improve their already high health status. Whereas
those living in more deprived areas often have poorer health (Pathirana
and Jackson, 2018) and would conversely benefit from more green space
(Rigolon et al., 2021). Green space may buffer the adverse impacts
associated with living in a more deprived area (Bellis et al., 2008;
Rees-Punia et al., 2018), including the deterioration of mental health
(Wells, 2021).

The evidence for deprivation modifying green space-mental health
associations is inconclusive, especially compared to green space-
physical health associations. Deprivation positively modified physical
health and green space association in most analyses across 122 recently
systematically reviewed studies, supporting the theory that green space
has an equigenic effect (Rigolon et al., 2021). However, there have been
relatively fewer studies investigating effect modification by local area
deprivation of green space and mental-health associations. These are
mostly cross-sectional studies (Rigolon et al., 2021) which are vulner-
able to confounding from time-stable factors (Barnighausen et al., 2017)
such as established aspects of a person’s personality, their generation (i.
e. age over 20-30 years) or long-standing health conditions that may
correlate with a person’s mental health and neighborhood green space.
These studies found that green space-mental health associations have
been positive in more deprived areas in some studies (Flouri et al., 2018;
McEachan et al., 2016; Mitchell et al., 2015), while others have found no
effect (Nichani et al., 2017; Sugiyama et al., 2016; Triguero-Mas et al.,
2015).

Confounding bias in studies of deprivation as a green space-mental
health effect modifier can be partially addressed by using approaches,
that only uses within-person variation, such as fixed-effect models
(Barnighausen et al., 2017; Gunasekara et al., 2014). Conceptually fixed-
effect models treat a person’s mean health and exposures through
multiple responses in time as a control for their outcome, exposures, and
effect modifiers as recorded in each response (Quintana, 2021). This
type of approach can be used to study deprivation as a green space and
mental health effect modifier. Although, fixed-effects models are not
longitudinal, by them only modelling within-person change, it addresses
time-stable confounding, which is one of the cited reasons for needing
more longitudinal green space and health research (Howard et al., 2017;
Marselle et al., 2021; Nguyen et al., 2021). Some studies have used fixed-
effects models to associate mental health and residential green space
exposure, where exposure variation comes through moving their home
address. Most of these found positive associations (Alcock et al., 2015;
Cleary et al., 2019; Gubbels et al., 2016; Krekel et al., 2016; White et al.,
2013), while one did not (Noordzij et al., 2020). The latter studies’
authors consider that there may not have been enough within-person
variation to detect significant effects of the same size as previous
studies. It is important to note that while internal validity can be
increased by this approach, by completely controlling for time-invariant
confounding, it is often at the sacrifice of external validity. This is due to
the people whose residential green space exposure changing being the
only ones contributing to the estimated impact of residential green space
(and socioeconomic deprivation). Therefore, this evidence can be seen
as complementary to the cross-sectional evidence base.

We are unaware of studies investigating whether local area socio-
economic deprivation change modifies associations between green
space change and mental health. Should green space-mental health as-
sociations be stronger in more socioeconomically deprived areas,
providing or protecting green space in these areas could reduce health
inequalities, particularly in the UK, where health disparities amongst
different socioeconomic groups are widening (Marmot, 2020). Here we
present multiple fixed-effects analyses of participants in the
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Understanding Society cohort (Institute for Social and Economic
Research, 2021) in Great Britain to address this knowledge gap. We
hypothesise that: (i) higher levels of exposure to residential green space
improves mental health. (ii) Increased local area deprivation positively
modifies this green space-mental health association.

2. Materials and methods
2.1. Study area, population and data source

Our study population was all participants in Understanding Society
(US) — The UK Household Longitudinal Study 2009-2019 (waves 1-9)
living in Great Britian (GB). We excluded responses from Northern
Ireland that were outside the domain of our effect modifier and any
response that missing information on model variables due to survey non-
response. We also excluded respondents that only participated in one
wave as they would provide no within-person variation to model. US is
one of the world’s largest panel surveys (Turek et al., 2021), and an
extension of the earlier British Household Panel Survey (BHPS)
(Institute for Social and Economic Research, 2018). Our study area is
highly urbanized, with 83 % of the population living in urban areas in
2019 (Government Office for Science, 2021). Inequality of disposable
income in the UK is ranked fourth highest amongst OECD states with
very high income (OECD, 2024).

Each US participant was interviewed approximately yearly for each
wave, across a 24 months data collection window (Institute for Social
and Economic Research, 2021). The US was initially designed in 2009 to
be a representative sample of the UK population. The general population
sample in Great Britain was identified through a two-step process. First,
postcode sectors (and smaller aggregations) were classified based on
government regions, population density, and the proportion of in-
dividuals from various ethnicities and socioeconomic statuses (Lynn,
2009). These classifications were used to stratify the sampling. A
random selection of these postcode districts, weighted by the number of
addresses they contained, was then identified as the primary sampling
units from which respondents were recruited. A smaller number of in-
dividuals from the BHPS and a “boost sample” of target ethnic minorities
are also included from the outset of US (Lynn et al., 2023). We managed
this data using the R packages “data.table” and “dplyr” (Dowle et al.,
2019; Wickham et al., 2022).

2.2. Health outcome

Our outcome of interest was the participant’s score on the Mental
Component Summary of the Short-Form 12 Health Survey. This mental
health score is on a scale of 0-100, with higher scores representing
better mental health. It is calculated from answers to six questions, some
Likert, some binary, on participants’ feelings in the past four weeks
focusing on vitality, social functioning, role-emotional and mental
health (Ware et al., 1996, 2002). The score is widely used to measure
mental health in epidemiological research and has a high specificity and
sensitivity when detecting the prevalence of medically diagnosed mental
illness in the general population (Vilagut et al., 2013).

2.3. Residential green space exposure

We defined green space exposure as the percentage of land within
1,600 m (m) of each US participant’s wave-specific household Lower
Layer Super Output Area (LSOA) Population Weighted Centroid (PWC)
covered in vegetation. A US participant’s household wave specific LSOA
was identified through postcodes that US interviewers record during
each wave. A 1,600 m distance buffer is at the upper end of commonly
used buffers in epidemiological studies (Kondo et al., 2018; van den Berg
et al., 2015) and has been shown to be more sensitive to the modifying
effect of deprivation in a previous systematic review (Rigolon et al.,
2021). 1,600 m approximates a maximum 20-minute walk. We used
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buffers from the PWC rather than the proportional coverage of LSOAs to
better represent a person’s activity radius. LSOAs are census boundaries
constructed to reflect relatively equal number of residents. This means
that their area is very large in rural areas and potentially very small in
urban areas and, therefore, not appropriate to assess green space
exposure in a comparable way across US participants.

We defined green space as vegetated land (all classes of woodland,
arable, grassland, fen, heather, and bog) according to the UK Centre for
Ecology and Hydrology Land Use Map 2017 (UKCEH-LCM 2017)
(Morton et al., 2020) (20 x 20 m resolution) or land with over 50 % tree
cover according to Copernicus Land Monitoring service Very High-
Resolution Layer — Tree Cover Density (Copernicus TCD) product
(European Environment Agency, 2018) (20 x 20 m resolution). We used
both products as tree cover outside woodland is a typical green space
exposure in cities and can, for example, identify street trees (Salmond
et al., 2016). We extracted the percentage coverage of the summed pixel
fractions for each buffer, which we define as residential green space. As
with earlier studies, we assumed green space to be static over time and
that exposure change only occurred when a respondent moved to a
different LSOA (White et al., 2013). Prior land cover products had a
lower resolution which might lead to misclassification of smaller green
space patches. We completed our exposure assessment using R’s pack-
ages ‘raster”, “exactextractr”, and “sf” (Dowle et al., 2019; Hijmans
et al., 2019; Pebesma, 2018; R Core Team, 2019).

2.4. Socioeconomic deprivation as effect modifier

We assessed effect modification by local area deprivation using the
continuous Carstairs index of socioeconomic deprivation of each par-
ticipant’s wave-specific LSOA (Carstairs and Morris, 1990). The Car-
stairs index is frequently used in epidemiological analyses to represent
socioeconomic deprivation across GB. The Carstairs index is a composite
area-level measure of deprivation and is calculated from UK census
variables related to the proportion of male unemployment, lack of car
ownership, overcrowding, and low social class. We used the 2011 Car-
stairs index at it matched most closely the US waves (2009-2019).
Rather than using a buffer around the PWC of an LSOA to identify
nearby Carstairs index derived deprivation (as we did for residential
green space), we used the Carstairs index of the LSOA a person resided
in. This is due to LSOAs being created based on the socioeconomic
similarity of their populations going back to the first census’s (Dibben,
2016). Like green space, we assumed that an area’s socioeconomic
deprivation score stayed the same over time and that any change in local
area deprivation was due to individuals moving to a different LSOA.

2.5. Covariates

We selected covariates a priori including time-varying factors that
are plausibly corelated with within-person changes in residential green
space exposure and have previously been shown to be strongly associ-
ated with health and/or directly linked to trade-offs when choosing a
new area where to live.

2.5.1. Major health determinants

Older age, becoming unemployed and having less individual
disposable income is associated with major negative mental health
changes (Nagasu and Yamamoto, 2020). These factors may also plau-
sibly correlate with within-person changes in green space exposure and
local area deprivation after moving LSOA. We, therefore, included wave-
specific age quintile, job status (categorized as employed, unemployed
or outside workforce) and individual disposable income as possible
confounders.

We created quintiles of age across all responses before excluding any
incomplete cases from the data. Incomplete cases are those that lacked
information on our outcome of interest, exposure, or potential con-
founding variables. The age groups were defined as: 15- years (reference
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group), 31-42 years, 43-52 years, 53-65 years, and 66-102 years.

We categorised individuals’ employment status declared to US to aid
interpretation as follows: employed (those declaring their wave specific
status as “self-employed” or “employed”), unemployed (self-declared
“unemployed”) and outside workforce (self-declared “retired”, “on ma-

2 s

ternity leave”, “in family care of home”, “full-time student”, “LT sick or
disabled”, “inside government training scheme”, “in unpaid work”, “on
apprenticeship”, or “doing something else™).

We followed the US-recommended approach to calculating individ-
ual disposable income (Institute for Social and Economic Research,
2021) as household income minus outgoings for rent or mortgage,
divided by an OECD-equivalence factor based on the number of children
and adults per household, deflated to a 2015 base year using the UK
consumer price index.

2.5.2. Trade-offs with having more residential green space

Some participants may trade off the economic cost of moving to a
greener neighbourhood (Belcher et al., 2019) against other home
characteristics (Stevenson et al., 2016), which may impact their mental
health. These factors may potentially confound green space-mental
health associations and therefore we have included them in adjusted
models.

2.5.2.1. Survey covariates. We, included the following wave-specific
factors which are potentially correlated with a change in green cover
caused by moving and also impact mental health:: (i) bedrooms per
person (Pierse et al., 2016), and (ii) commute time (categorized as 0 —
15 min, 15 — 30 min, 30 — 60 min, >60 min or no commute informa-
tion) (Feng and Boyle, 2014), We calculated the number of bedrooms
per person by dividing the household bedrooms in each wave by the
number of household residents.

2.5.2.2. Area level covariates. Population density is inversely correlated
with green space (Fuller and Gaston, 2009) and correlated with many
aspects of the urban environment that impact health (Beenackers et al.,
2018). Areas of high population density, for example, often have better
access to active transport facilities, encouraging physical activity and
positively impacting health (Stevenson et al., 2016). We calculated the
area-weighted mean population per pixel (100 x 100 m resolution)
within 1,600 m of each individual’s wave-specific LSOA from the 2011
WorldPop product (Lloyd et al., 2017), which is calculated from 2011
UK census data, using R’s packages “raster”, “exactextractr” and “sf”
(Dowle et al., 2019; Hijmans et al., 2019; Pebesma, 2018; R Core Team,
2019).

We excluded other area level environmental factors that impact
mental health but are also mediators between residential green space
and mental health through the provision of ecosystem services, for
example urban heat and air quality (Richards et al., 2022; Tan et al.,
2020).

2.6. Statistical methods

We ran fixed-effects models to investigate whether a change in a
person’s residential green space exposure (from moving residence) was
associated with changes in their mental health and whether changes in
their local area deprivation (from moving residence) modified this. By
design, fixed-effects models do not model differences between persons
(or groups) but differences (changes) within persons, impacting the
interpretation of coefficients (Quintana, 2021) We also only obtain
variation in green space from home movers who may have different
demographics than the general population, and or tendency to benefit
from green space exposure, which may further impact coefficient
interpretation.
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2.6.1. Determining change using within-person differences

Change in respondents’ health, green space, socioeconomic depri-
vation, and confounders, as defined in fixed effects, is relative to their
multi-wave mean score. For example, a person’s residential green space
exposure in wave 5 was subtracted from their mean exposure in waves
1-9 to obtain their change in residential green space exposure score for
wave 5. This process is called demeaning and is the standard approach in
fixed-effects models (Quintana, 2021). Therefore, our model associa-
tions are changes within people rather than differences between people
(Mummolo and Peterson, 2018). Demeaning also happens for dummy-
coded categorical variables. This represents participants wave-specific
category presence/absence relative to their mean presence in a cate-
gory across waves, leading to dummy coded scores outside 0 and 1. For
example, if a respondent participating in six waves was employed in five
waves (waves 1-5) and unemployed in one wave (wave 6), their dummy
coded “employed” score in wave 6 would be —0.833. That is their
membership of the “employed” category in wave 6 is —0.833 relative to
their mean membership. This person’s deviation from their average
“employed” status would be higher in wave 6 than for example, a person
who was only “employed” for two waves, and not for the remaining four
waves (score would be —0.33).

Changes in residential green space, local area deprivation, and
population density in this analysis come from moving to an address in a
different LSOA between responses. Other covariates, such as a person’s
income or marital status, may vary between waves.

Participants that only had one response were removed from our
analysis because at least two waves per person were needed to model
change from the within-person mean. We also excluded cases where
health outcome, green space exposure, or effect modifier information
was missing, because of question non-response or mistakes in survey
administration or participants residing in Northern Ireland (outside our
exposure and effect modifier data domain).

2.6.2. Modelling approach

We regressed change in nearby green space exposure against change
in mental health score before (Model 1) and after (Model 2) adjustment
for potential confounders. We explored effect modification by a change
in local area deprivation in Model 3 by introducing a multiplicative term
between residential green space and local area deprivation (Table 1).

We used the “panelR” package function “wbm” to create our fixed-
effects models (Long, 2021). This package uses a multilevel modelling
framework to calculate standard errors (and subsequent confidence in-
tervals and p-values) that account for within-participant correlation of
errors by fitting a random intercept for each participant (Abadie et al.,
2017). The interaction of changes from mean residential green space and
mean local area deprivation in Model 2 was double-demeaned
(Giesselmann and Schmidt-Catran, 2020), something essential to
obtain a purely within-person estimator of interaction variables in fixed-
effects models (Quintana, 2021). This works by first demeaning

Table 1
Variables used in statistical models.
Model Variables
Model 1 - Mental health score ~ residential green
Green space only space

Model 2 - Green space adjusted for
potential confounders

Mental health score ~ residential green
space + local area deprivation + age +
income + employment status + bedrooms
per person + commuting time +
population density

Mental health score ~ residential green
space + local area deprivation +
residential green space*local area
deprivation + age + income +
employment status + bedrooms per
person + commuting time + population
density

Model 3 - Green space adjusted for
potential confounders under effect
modification

Environment International 192 (2024) 109036

residential green space and local area deprivation (as described above)
and then demeaning the product of these demeaned variables.

After running models, we used the Johnson-Neyman technique to
identify at what range modification from a change in local area depri-
vation led to a significant slope (p-value < 0.05) of a change in resi-
dential green space from zero (Bauer and Curran, 2005). We calculated
Johnson-Neyman intervals using the R package “interactions” (Long,
2019). We produced effect modification and association plots using a
combination of the R packages: “dplyr”, “effects”, “ggplot2’, “in-
teractions®, and “patchwork® (Fox and Weisberg, 2019, 2018; Long,
2019; Pedersen, 2020; Wickham, 2016; Wickham et al., 2022).

3. Results

The final sample included 300,710 responses from 54,666 US par-
ticipants, out of a possible 409,863 responses from 86,094 individuals.
Individuals participated for an average of 4.8 waves across a potential 9
waves (Table 2). Less than one-quarter of respondents (12,385 or 23 %)
moved LSOA at least once and therefore had variation in their green
space or local area deprivation exposure (Table 3). There was a balance
of US participants’ mental health, green space and socioeconomic
deprivation increasing or decreasing (Fig. 1). The change in mental
health, residential green space, and local area deprivation was approx-
imately normally distributed (Fig. 1). The standard deviation of change
in mental health score, residential green space, and local area depriva-
tion was 6.40, 5.98, and 0.75, respectively. Within-person increases in
green space were moderately negatively correlated with within-person
decreases in local area deprivation and population density (r = -0.41
and —0.72, respectively, see supplementary materials I).

The median value and Inter Quartile Range (IQR) of continuous
model variables was broadly the same between all respondents, and
those that moved LSOA at least once or twice (Table 4). The distribution
of age moved towards younger age categories in the sub-sample of
movers. For example, the percentage of people aged 15-30 jumped from
19.7 % for all respondents to 32.8 % and 46.5 % for those that moved
once or twice respectively. Movers also tended to be less likely to be
employed, but when they had available commute information, more
likely to commute longer (Table 4).

There was a balance of US participants’ mental health, green space
and socioeconomic deprivation increasing or decreasing (Fig. 1). The
change in mental health, residential green space, and local area depri-
vation was approximately normally distributed (Fig. 1). The standard
deviation of change in mental health score, residential green space, and
local area deprivation was 6.40, 5.98, and 0.75, respectively. Within-
person increases in green space were moderately negatively correlated
with within-person decreases in local area deprivation and population
density (r =-0.41 and —0.72, respectively, see supplementary materials
D.

In univariate analysis, we found no significant association between
residential green space change and mental health score change (Model 1
in Table 5). However, after adjusting for potential confounders, the as-
sociation between residential green space change and mental health

Table 2

The number of waves per participant in our final dataset. We removed
individuals with less than two waves and missing information on
explanatory variables and confounders.

Number of waves Number of individuals

10,017
6,997
5,019
4,840
4,668
5,865
8,994
8,266

O 0N WN
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Table 3
The number of times US participants moved their LSOA during the nine un-
derstanding society waves.

Number of times moved Number of Percentage of
LSOA individuals individuals

0 42,281 77.34

1 9,271 16.96

2 2,246 4.11

3 630 1.15

4 194 0.35

5 36 0.07

6 8 0.01

score change was significant and positive (Model 2 in Table 5). Local
area deprivation change had a significant (p < 0.05) positive modifying
effect on the mental health score change - residential green space
change association (Model 3 in Table 5). Johnson-Neyman intervals
revealed that the slope of residential green space change significantly
differed from zero when local area deprivation increased by more than
—0.09 in Model 3. Potential socioeconomic confounders had the ex-
pected direction of association when statistically significant (Fig. 3).

4. Discussion

We found a significant positive association between changes in home
movers residential green space and changes in mental health after
adjusting for potential covariate confounders. This finding aligns with
the majority of previous research investigating residential green space
and mental health associations cross-sectionally (Kondo et al., 2018;
Twohig-Bennett and Jones, 2018) and using within-person variation
(Cleary et al., 2019; Gubbels et al., 2016, 2016; Krekel et al., 2016),
including those conducted on home movers in the BHPS which Under-
standing Society is an extension of Alcock et al. (2015), White et al.
(2013). Our finding adds to the evidence supporting creating and pro-
tecting green spaces for public health in the UK.

We also found a significant positive modifying effect of local area

30,000 -

25,000 -

20,000 -

15,000 -

Count

10,000 -

5,000 -

-50 -40 -30 -20 -10 0 10 20 30 40

Change in mental health score (SF-12)
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deprivation change on the green space change and mental health score
change association. This finding aligns with the few previous cross-
sectional studies (Rigolon et al., 2021). However, the slope of residen-
tial green space was only significant when deprivation stayed constant
or increased, as revealed by Johnson-Neyman intervals (Fig. 2). This
indicates that for residential green space to have an increased effect the
area where a person moved to needs to be more deprived relative to their
historical average local area deprivation exposure. Furthermore,
decreasing a person’s residential green space exposure (again, through
moving) had a minor impact on their mental health unless local area
deprivation also increased (effect size near zero, Fig. 3).

Our results, contingent on the direction of deprivation change and
the amount of deprivation change, have a few possible explanations. If
an individual’s mental health is impacted from moving to a more
deprived area, they may be more amenable to the restorative benefits of
residential green space. This is something supported by experimental
evidence grounded in ART and SRT whereby individuals are first given a
stressor before the restorative benefits of green space can be detected
(Kaplan and Berman, 2010; Ulrich, 1983). Furthermore, empirical
studies have found nature to buffer stressful life events and adversity
more generally (Wells, 2021). This is related to previous work that
people in less socioeconomically deprived areas have a higher baseline
mental health status, that is much harder to improve, for example by
providing more residential green space (Rigolon et al., 2021). Secondly,
an individual’s mental health may be damaged if an individual feels
forced to live in a particular geographic location that is both less green
and more socioeconomically deprived to have access to work and/or
family (Morris et al., 2018). These may be the only places where these
individuals can buy/rent a property of the required size and within a
travelling distance needed to be near work and family. Additionally, the
probability of encountering the effects of local area deprivation (for
example, crime and violence, lack of resources) may also be lower in a
greener area due to there being fewer built-up surfaces that can show
apparent signs of deprivations effects (Bellis et al., 2008; Rees-Punia
et al., 2018). Lastly, those living in less deprived areas could have the

Change in local area deprivation
o

-80 -60 -40 -20 0 20 40 60 80

Change in nearby green space (%)

~— MeanandSD  Count (log'’) (NI

1 10 100 1,000

Fig. 1. Distribution of change in outcome (A) and exposure and effect modifier (B). Each n is one score (from one wave). (A) Histogram of change from within-person
mean mental health score (the mental score component of the SF-12 survey) n = 300,710. (B) density plot of change in local area deprivation scores (Carstairs index)
and residential green space from their respective within-person mean, n = 78,065. We removed 222,645 points (74 % of all responses) in (B) from individuals who
did not change LSOA for display purposes only. The minimum and maximum deprivation score change was —11.2 and 10.3, respectively. The minimum and
maximum green space change was —80.9 and 81.2, respectively. Density counts in plot B are on a log-10 scale. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)
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Table 4
Difference in model continuous variable median and Inter Quartile Range (IQR) values and the categorical variable percentage in each category for: all responses (All)
and responses where a participant moved at least once (1 + ) or twice (2 + ).

Explanatory variable Median IQR Percent in categories
All 1+ 2+ All 14+ 24 All 14+ 2+

Mental health score (sf-12) 51.8 50.7 49.4 43.9-57.1 42.8-56 41.5-55

Residential green space (%) 48.6 46.8 44.2 29.7-68.9 28.7-67.2 26.9-66.1

Local area deprivation (Carstairs score) -0.871 —0.879 -0.735 —2.53-1.88 —2.48-1.74 —2.4-1.66

Population density (residents per ha) 11.6 12.3 13.2 5.4-20.1 5.91-20.8 6.42-22.2

Residents per bedroom 1 1 1 0.75-1.5 0.75-1.5 0.75-1.5

Disposable household income (£) 1,340 1,310 1,240 902-1,920 852-1,900 783-1820

Age
7 % 19.7 32.8 46.5
31 — 42 years 20.3 29.5 29.6
43 — 52 years 19 15.3 11.9
53 — 65 years 21.2 13.6 8.69
66 — 102 years 19.8 8.94 3.33

Employment status
Unemployed 56.1 64.7 67.2
Employed 39.4 29.8 26.3
Outside workforce 4.55 5.45 6.45

Commute time
0 — 15 min 20.2 22 22.2
15 — 30 min 15.3 18.5 20
30 — 60 min 10.1 13.3 15.3
>60 min 2.36 3.2 3.76
No commute information 52 43 38.7

Table 5

Coefficients and 95% Confidence Intervals (CI) from the fixed-effects models. Coefficients are predicted for each model explanatory variable’s one-unit increase
relative to each respective variable within-person mean.

Explanatory variable Model 1 Model 2 Model 3
Est. CI p- Est. CI p- Est. CI p-
value value value
Residential green space (%) 0.00418  —0.000119 — 0.057 0.0069 0.000589 — 0.032 0.0069 0.000209 — 0.0128  0.32
0.00848 0.0132

Local area deprivation (Carstairs —0.0482 —0.0871 — 0.01 —0.0481 —0.0857 — -0.0103  0.013
score) -0.0117

Residential green space*local area 0.00273 0.0000939 — 0.04
deprivation 0.00537

Population density (residents per ha) 0.00695 —0.00523 — 0.292 0.00735 —0.00483 — 0.237

0.0191 0.0195

Residents per bedroom -0.31 —0.393 — -0.231 <0.001 —0.309 —0.258 — -0.0886 <0.001

Disposable household income 0.0134 —0.00287 — 0.138 0.0134 —0.00295 — 0.108
(£1,000's) 0.0297 0.0297

Age
15 — 30 years (reference) — — — — — —
31 — 42 years -1.72 —-1.91 — -1.52 <0.001 -1.72 —-1.91 — -1.52 <0.001
43 — 52 years -2.67 —2.93 — -2.42 <0.001 —2.67 —2.93 — -2.42 <0.001
53 — 65 years —-3.06 -3.36 — -2.75 <0.001 —3.06 —3.36 — -2.76 <0.001
66 — 102 year s -3.16 —-3.51 — -2.81 <0.001 -3.17 —3.52 — -2.81 <0.001

Employment status
Unemployed (reference) — — _ _
Employed 1.40 1.21 - 1.6 <0.001 1.4 1.21 — 1.60 <0.001
Outside workforce 1.29 1.11 - 1.46 <0.001 1.29 1.11 — 1.46 <0.001
Commute time
0 — 15 min (reference) — — _ _ _ _

15 — 30 min -0.333  -0.456 —-0.209  <0.001  -0.333  —0.457 —-0.210 <0.001
30 — 60 min -0.451 -0.602 — -0.299  <0.001  —0.451 —0.602 — -0.299 <0.001
>60 min 0475  —0.728 —-0.223  <0.001 0475  —0.728 — -0.223 <0.001
No commute information -0.211 —0.354 — 0.004 —0.211 —0.354 — -0.0676 0.004
-0.0678
disposable income to substitute poor green space access (and its health deprivation exposure was within respondents and came from individuals
benefits) with paid gyms, for example. Therefore, the health benefits of moving home. Only modelling within-person variation was the primary
having additional green space for them would be lower than in more strength of this analysis, as it allowed us to control bias from between-
deprived populations (Rigolon et al., 2021). person confounding. However, the act of moving itself could have an

impact on health (Cheung and Wong, 2022). Future research should
investigate the impact of changing levels of deprivation and residential
4.1. Strengths and limitations green space on health within the same location.
Conducting a fixed-effects analysis by demeaning our model
Variation in green space and neighbourhood socioeconomic
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Region of significance

Slope (SF-12) of change in residential greenspace

-10 5 0 5 10
Change in local area deprivation

Fig. 2. Johnson-Neyman plot showing the effect modification by change in
local area deprivation on change in residential green space and change in
mental health associations with adjustment for potential confounders (Model
3). Johnson-Neyman intervals are used to indicate at what values of an effect
modifier an associate has a significant association with an outcome. All values
have been demeaned within persons, showing the effect of change of each wave
response from the multi-wave within-person means. The region of significance
indicates the levels of change in local area deprivation where the slope of
residential green space is significantly different from zero.

variables with a simple linear regression allowed us a greater number of
degrees of freedom with which to estimate associations than would be
possible using, for example trends over time using a first difference
estimator (Wooldridge, 2010). However, this assumed that each yearly
exposure to residential green space and local area deprivation was an
individual exposure-response event. However, there may be cumulative
or adaptive effects from living in an environment for more than one
year, although this has not been found in one study (Alcock et al., 2014).

Model 2

Change in mental health score (SF-12)

-50 0 50
Change in residential green space (%)
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For example, a respondent’s first year of exposure to more residential
green space after moving may be associated with only temporary mental
health improvements, but their mental health may return to pre-move
levels in subsequent years. In this case, our model predicted associa-
tions might underestimate green space benefits in the first year after
moving and overestimate them later.

We may not have identified all time-variant confounders and effect
modifiers (such as ethnicity and urbanicity) which could potentially bias
associations. Variation in respondent green space and socioeconomic
deprivation was due to them moving home, and the characteristics of
movers differed slightly to that of our overall sample which was more
representative of the general population. Specifically, movers were more
likely to be younger, not employed and when employed, commute
longer times to work. As the underlying population of movers had a
slightly different demographic profile, the mental health response to a
change in green space on its own and under effect modification from
deprivation may be different for a more representative general popula-
tion sample. This could be investigated in the future as another effect
modifier.

We may have potentially misclassified an individual’s true exposure
to green space, by using the percentage of all green space within 1,600 m
of a respondents LSOA PWC as an approximation for their actual
exposure. Many people do not use residential green spaces, so the ex-
pected mental health impact on those who do will likely be under-
estimated. However, this information was not available in
Understanding Society. A buffer distance of 1,600 m assumes that these
green spaces are the ones truly available to our sample, however, many
people will lack the ability to travel that distance. Furthermore, we did
not have the residential address of respondents, and had to use their
LSOA PWC as a proxy for where they live. We chose the buffer distance
based on it being sensitive to the modifying effect of socioeconomic
deprivation in previous studies (Rigolon et al., 2021), it representing a
20-minute walk and it being at the upper end of previous studies (Kondo
et al., 2018; van den Berg et al., 2015), which is relevant due to recent
research finding people travel further to their nearest green space than
previously thought (Schindler et al., 2022). Furthermore, using our
LSOA PWC availability approach, avoided the modifiable areal unit
problem presented in previous similar studies that use the percentage of
green space within LSOAs (Alcock et al., 2014; Bu et al., 2022; Cummins

Model 3

Change in
local area
deprivation
10.0
75

5.0

2.5

0.0

50 0 50

Fig. 3. Predicted associations between residential green space change and mental health score change under effect modification from a change in local area
deprivation (see definitions in Methods). All values have been demeaned within persons, showing the effect of a change from the within-person means. The predicted
model 3 surface is clipped to values where the slope of change in residential green space significantly differs from zero according to Johnson-Neyman intervals (see
Fig. 2). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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and Fagg, 2012; Dennis et al., 2020; Dennis and James, 2017; Mytton
et al., 2012; White et al., 2019). We did not differentiate between
different types of green space, for example, arable land and forests, or
use other green space exposure indicators such as neighbourhood
greenness. It may be that certain green space types have a different as-
sociation with health or are modified differently by local area
deprivation.

We used a combination of 20 m x 20 m land cover maps to assess
green space exposure for one time point, the UKCEH-LCM 2017 and the
Copernicus TCD map (European Environment Agency, 2018; Morton
etal., 2020). This allowed us to quantify exposure to smaller green space
patches, which can be important residential green space exposures (e.g.,
street trees). However, only having a land cover map covering one time-
point (as opposed to many of different time points) was a limitation as it
makes the assumption that a local area’s green space did not change over
time. This may introduce misclassifications of residential green space,
for example, if there was dynamic land cover change throughout the 9
Understanding Society waves. However, change in green space cover of
GB cities (where most people live) is relatively stable, with a median
change of 5 % between 2000 and 2015 (Richards and Belcher, 2020). We
also assume that deprivation did not change during our study period.
Although, area-level deprivation has been shown to be stable over time
(Norman, 2010) this might not be the case for each LSOA due to local
development. This might have introduced misclassification. Lastly, as
we did not have the residential address of respondents, we needed to
identify exposure from their LSOA PWC.

4.2. Recommendations

Our findings support conserving and providing green space in more
deprived areas to address health disparities across a deprivation
gradient—a global population health issue (UN General Assembly,
2015), evident in the UK (Marmot, 2020) and also a key to the United
Nations Sustainable Development Goal (SDG) 11.7 to provide “universal
access to green and public spaces” (UN General Assembly, 2015). The
moderate negative correlation between change in residential green
space and change in local area deprivation shows that individuals
moving to a more deprived area are less likely to have green space
nearby. It also adds to cross-sectional evidence that green space provi-
sion is lower in more deprived areas (Ridgley et al., 2020). We recom-
mend caution on extrapolating these results to outside of the UK, due to
the impact of how green space is used across different cultures and
climates.

5. Conclusion

This is one of the relatively few studies that investigate how a change
in local area deprivation modifies the benefits to mental health from
changing residential green space exposure, which varied due to in-
dividuals moving to a different local area. By using a fixed-effects
approach, our findings add robustness to the limited cross-sectional
evidence that green space is more beneficial to the mental health of
those living in (or moving to) more deprived areas. We also add to the
broader evidence that adding green space to socioeconomically
deprived areas can reduce inequalities in health. These findings support
calls from international bodies such as the World Health Organization
and the United Nations SDG 11.7 to provide universal access to urban
green space by 2030.
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