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ABSTRACT

The Value of a Park in Crises: Quantifying
the Health and Wellbeing Benebts of
Green Spaces Using Exogenous Variations
in Use Values”

Most people consider parks important for their quality of life, yet systematic causal
evidence is missing. We exploit exogenous variations in their use values to estimate causal
effects. Using a representative household panel with precise geographical coordinates of
households linked to satellite images of green spaces with a nationwide coverage, we
employ a spatial difference-in-differences design, comparing within-individual changes
between residents living close to a green space and those living further away. We exploit
Covid-19 as exogenous shock. We find that green spaces raised overall life satisfaction
while reducing symptoms of anxiety (feelings of nervousness and worry) and depression.
There is also suggestive evidence for reduced loneliness. Given the number of people
in their surroundings, a compensating-surplus calculation suggests that parks added
substantial benefits during the period studied.
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1 Introduction

More than half of the worldOs population ® about 55% or 4.2 billion people B are living in
cities, and their share is expected to increase to 68% by 205N Department of Economic
and Social Al airs, 2018. This rapid rate of urbanisation is putting increasing pressure on
public open areas like parks to provide additional room for housing, especially in urban areas
where land is scarce.

Yet, most people consider parks important for their quality of life, as ref3ected in the UN
Sustainable Development Goals (SDGs). SDG 11 (OSustainable Cities and CommunitiesO)
aims at, amongst others, providing Ouniversal access to safe, inclusive, and accessible green and
public spacesOYN Development Programme 2022). Indeed, correlational evidence suggests
that people put great value on green spaces, as places for recreation, physical activity, and
social interaction with family or friends (cf. Berman et al.,, 2008 Leslie and Cerin 2008
Richardson et al, 2013. However, systematic causal evidence on the health and wellbeing
benebts of green spaces is missing, which means that they may not be (adequately) accounted
for in social welfare analyses. This is because there are typically little to no exogenous
variations in green spaces and because householdsO locational choices are endogenous.

We work around these issues by exploiting exogenous variations not in green spaces them-
selves but in their use values brought about by Covid-19 restrictions. Our unique quasi-
experimental setting is Germany, and our observation period covers both the strict lockdown
period (March 22 to May 4, 2020) and an ensuing period of eased restrictions (May 5 to
July 4, 2020). During the strict lockdown period, Covid-19 restrictions required residents
to reduce social contact by meeting a maximum of one person outside of their household,
maintaining social distancing, and avoiding leaving their house for reasons other than neces-
sary work, essential shopping, medical appointments, or walking and exercising. Importantly,
visiting a park was always permitted in Germany and parks remained open, unlike in other
countries. During the ensuing period of eased restrictions, members of two households were
allowed to meet, schools and shops of certain sizes were re-opened, and sports clubs were
allowed to operate again, if outdoors Federal Government of Germany 2020. Restrictions
were equal between all sixteen German federal states during the strict lockdown period, and
they remained broadly equal thereafter.

We ask: was there a positive causalleect of living close to a green space on residentsO



wellbeing during that time? If so, what were the potential mechanisms? And, Pnally, what
were, and are, the implications for social welfare, if any?

To estimate causal & ects, we use a representative household panel with precise geograph-
ical coordinates of households linked to satellite images of green spaces with a nationwide cov-
erage. We employ a spatial dierence-in-dl erences design that compares within-individual
changes between residents living close to a green space and those living further away, from
before to during Covid-19. Our outcomes are overall life satisfaction as an overall welfare
measure and, to explore potential mechanisms, mental health and loneliness. Finally, we cal-
culate the compensating surplus to provide a willingness-to-pay estimate of the benebts added
by parks during the period studied.

There are three reasons to expect positive leacts. First, biophilia theory suggests that
nature has a direct positive impact on health and wellbeing Wilson, 1984). Experimental
evidence from psychology shows that even short-term exposure to green natural environments
can improve mood Ulrich, 1984 Ulrich et al., 1991 Cackowski and Nasar 2003, reduce stress
(Agyemang et al, 2007 Nielsen and Hansen2007 van den Berg et al, 2010, restore cognition
and memory capacity Berman et al., 2008, and facilitate better self-regulation and executive
function (Hartig et al., 2003 van den Berg et al, 201Q Bourrier et al., 2018.* Second, green
spaces can have indirect impacts via the promotion of behaviours that are conducive to health
and wellbeing, such as physical activity Maas et al, 2008 Richardson et al, 2013, social
interaction (Leslie and Cerin 2008, or even pro-social behaviours {Veinstein et al., 2009.
Finally, they may improve environmental quality, by reducing public bads such as air or noise
pollution ( Gidlef-Gunnarsson andOhrstren, 2007 while, at the same time, providing public
goods such as scenic amenitySeresinhe et al. 2019.

So far, however, most evidence is correlational and comes from cross-sectional studies (see
Houlden et al. (2018 and Jiminez et al. (2021 for reviews) while Pndings from longitudinal
studies have been mixed, with weak positive associations at besiGeneshka et al, 2021).
Studies that have been able to estimatecausal el ects have been local interventions or exper-
iments with small samples (seeHunter et al. (2019 and Wendelboe-Nelson et al.(2019 for

reviews). In a natural experiment in Wuhan, China, Xie et al. (2022 Pbnd that residents living

1Using the day-reconstruction method ( Kahneman et al., 2004), where participants keep diaries of their daily
activities and feelings, White and Dolan (2009 show that outdoor activities are amongst the most pleasurable
and purposeful activities. Similarly, using a smartphone app that randomly asks users about their momentary
feelings and activities (so-called experience-sampling), MacKerron and Mourato (2013 show that people are
happier in greener or more natural habitats.



within Pve kilometres to a greenway intervention b a landscaped and tfac-calm pathway for
pedestrians and cyclists B show improved mental health compared to those living further away.
Branas et al. (2011) examine the € ects ofrandomly greening vacant lots in Philadelphia, US.
The authors bnd that greening leads to less stress and more exercise, as well as reductions
in gun assaults and vandalism. In contrast, our study covers all major German cities and
metropolitan areas with more than 100,000 inhabitants.

We arrive at three results. First, living close to a green space during the pandemic had
a positive @ ect on overall life satisfaction, a validated measure for personal wellbeing that
is routinely asked by the O' ce for National Statistics (ONS) in the UK, amongst others (cf.
Dolan and Metcalfe, 2012. Second, a potential mechanism through which this &ect may
have come about is better mental health: residents living close to a green space showed lower
symptoms of anxiety (feelings of nervousness and worry) and depression, as measured by the
Patient Health Questionnaire 4 (PHQ-4), a routine instrument for assessing symptoms of
common mental health disorders amongst general and clinical populationsKfoenke et al,
2009. There is also suggestive evidence for reduced loneliness, measured by the UCLA 3-
Iltems Loneliness ScaleRussell 1996. As Covid-19 a ected people around green spaces less
adversely than others, green spaces played a bering role against this stressful event. While
larger patches of green space yield stronger returns to mental health and wellbeing, there is
evidence for diminishing returns to the number of patches in peopleOs surroundings. Finally, we
calculate the compensating surplus, showing that an individual who didnot live within 1,000
metres of a green space of at least 15 hectares would need to be compensated ab®&t950
($6,190) per year during Covid-19 (or similar) restrictions to achieve the same level of life
satisfaction as an individual who did. Given the number of people in its surroundings (about
63% of individuals in our estimation sample, equivalent to about 16.1 million in Germany), this
points towards substantial benebts added by parks during the period studied. In Sectioh, we
discuss the implications of our results for normal times, by adopting an actuarial perspective
and calculating an expectedcompensating surplus per year.

We contribute to the literature on the health and wellbeing impacts of urban infras-
tructure, which includes, amongst others, low-emission zonedargaryan, 2021), place-based
programmes Grossman 2019, or housing retrobts (Kduhn and Palacios 2024, as well as

residential segregation and sprawl Zhao and Kaestner 201Q Alexander and Currie, 2017



Vu et al., 2024, local environmental quality ( Giaccherini et al., 2021, Dave and Yang 2022
Fan et al., 2023, or neighbourhood & ects more generally Bilger and Carrieri, 2013 Jacob
et al.,, 2013. We add to this literature by looking at the health and wellbeing impacts of
green spaces as an important type of urban amenity, for which systematic causal evidence is
missing (seeRichardson and Mitchell (2010, van den Berg et al. (2010, or Astell-Burt et al.
(2022, amongst others, for important correlational evidence).

We also contribute to the literature on the monetary valuation of intangible benebpts, in
particular of green infrastructure. Studies in this literature typically regress either respon-
dents® wellbeing Ambrey and Fleming, 2014 Bertram and Rehdanz, 2015 Tsurumi and
Managi, 2015 Krekel et al., 2016 Li and Managi, 2021) or house prices Morancho, 2003
Panduro and Veig 2013 Czembrowski and Kronenberg 2016 Votsis, 2017 Liebelt et al.,
2018 Daams et al, 2019 Stromberg et al, 2021) on the quantity of, or distance to, infras-
tructure in a pre-debned area around households, and then monetarily value these using either
the compensating surplus (or marginal rate of substitution) between wellbeing and income
or hedonic pricing? Our paper di! ers, in that we are estimating the causal returns to green
spaces using quasi-experimental methods, and in particular, exogenous variations in their use
values, brought about by Covid-19 restrictions. The study most closely related to ours isrwin
and Livy (2021, who estimate the causal ¢ects of Covid-19 stay-at-home orders on house
prices in Baltimore, US. The authors observe changes in house prices near a major road. In
contrast to house prices, which tend to be sticky, wellbeing data may be more susceptible to
short-term Buctuations in use values. Our paper conbrms correlational bndings berdejo-
Espinola et al. (2021) who, using data from Brisbane, Australia, show that living close to a
green space during the pandemic was associated with reduced stress.

Finally, we contribute to the literature on public amenities and disamenities more gener-
ally, including open space provision [Lichtenberg et al., 2007 Lang, 2018 Picard and Tran,
202) and conservation (Kotchen and Powers 2006 Wu, 2014 Sims and Alix-Garcia, 2017,
complementarities between parks and neighbourhood safetyAlbouy et al., 2020, absence of
environmental toxins (Billings and Schnepe] 2017, and better air, water, and climate (Tra,

201Q Baylis, 2020 Kuwayama et al., 2022.

2Another, less related, stream of literature uses stated preferences such as contingent valuation (cf. Sirina
et al., 2017 Wang et al., 2018 Hui and Jim, 2022 or discrete choice experiments (cf. Bertram et al., 2017,
Soto et al., 2018 Liu et al., 2020. An overview and comparison of di! erent valuation methods can be found
in Ferreira and Moro (2010 and Fleming and Ambrey (2017).



To our knowledge, we are the brst to provide systematic causal evidence on the health and
wellbeing benebts of green spaces using quasi-experimental methods. Our approach can be
used to quantify the benebts of other public goods too, in particular those that have similar
identibcation issues. Our bndings ber important insights into the role of green spaces for the

guality of life in cities, with implications for policy.

2 Data and Methods

2.1 Data

We use the German Socio-Economic Panel (SOEP), a large-scale, nationally representative
panel of private households in Germany $OEP, 2021). It has been conducted annually since
1984 and includes almost 40,000 individuals in over 19,000 households in its most recent
pre-pandemic wave (the year 2019). For 2020, we use the brst round of the SOEP Covid-19
guestionnaires, which complemented the regular SOEP wave in 2020, covering the period from
March 31 to July 4, 2020. It includes a random sub-sample of the regular respondents and
asks a smaller Covid-19-specibc set of questions.

An advantage of the SOEP and its Covid-19 wave is that they provide the precise geo-
graphical coordinates of every household in every year, allowing us to merge data on household
members with data on green spaces in their surroundingsQGoebel et al, 2019. For green
spaces, we use the most recent European Urban Atlas (EUA) in 2018, which provides data
on urban land use in all major German cities and metropolitan areas with more than 100,000
inhabitants.®> The EUA is based on satellite images, recording patches of land as small as 0.25
hectares. A major advantage is that it records information on landuse not cover: the data
preparation includes a validation stage that checks whether satellite imaging output is consis-
tent with actual usage. This is important, considering that we exploit exogenous variations
in use values to estimate causal leects.

Our variable of interest is green spacewhich is debned as all green publicly accessible land

3The cities in our estimation sample include the following (either by themselves or within metropolitan

area boundaries): Aachen, Augsburg, Berlin, Bielefeld, Bochum, Bonn, Bottrop, Braunschweig, Bremen, Bre-
merhaven, Chemnitz, Cottbus, Darmstadt, Dortmund, Dresden, Duisburg, Dusseldorf, Erfurt , Essen Frankfurt
am Main, Freiburg im Breisgau, Gelsenkirchen, Gettingen, Hagen, Halle (Saale), Hamburg, Hamm, Han-
nover, Heidelberg Heilbronn, Herne, Hildesheim, Ingolstadt, Jena, Karlsruhe, Kassel Kiel, Koblenz, Keln,
Krefeld, Leipzig, Lubeck Ludwigshafen am Rhein, Magdeburg Mainz, Mannheim, Moers, Menchengladbach
Mulheim an der Ruhr, Munchen, Munster, Narnberg, Oberhausen Oldenburg (Oldb), Osnabrtck Paderborn,
Pforzheim, Recklinghausen Regensburg Remscheid Reutlingen, Rostock, Saarbrtcken Salzgitter, Siegen Solin-
gen, Stuttgart, Trier , Ulm, Wiesbhaden Wolfsburg, Wuppertal, and Wdrzburg.



for predominantly recreational use? Since we have precise information on location, size, and
shape of every patch of green space as small as 0.25 hectares in all major German cities and
metropolitan areas, we use a Geographical Information System (GIS) to calculate continuous
green space areas with dierent minimum sizes, namely 5, 10, 15, and 20 hectares. Based
on these minimum sizes, we also derive terent patch sizes (from 5 to 10, 5 to 15, or 5
to 20 hectares; 10 to 15 or 10 to 20 hectares; or 15 to 20 hectares). We then calculate the
Euclidean distance between every household and the nearest area (of varying sizes) to allocate
households into treatment and control. Figure1A plots the spatial distribution of green spaces

in Germany in our estimation sample, Figure 1B plots this distribution in the capital, Berlin,

as an example.

Figures 1A and 1B about here

Outcomes. We uselife satisfaction as our overall welfare measure, which is obtained from
a single-item eleven-point Likert-scale question asking: OHow satisPed are you with your life,
all things considered?O Responses range from 0 (Ocompletely dissatisPedO) to 10 (Ocompletely
satisbedO). This question has been validated and is routinely asked by the'@e for National
Statistics (ONS) in the UK, amongst others, to measure personal wellbeing (cfDolan and
Metcalfe, 2012. As an evaluative measure of wellbeing, life satisfaction has been shown to
capture a wide range of living conditions, including health, social relations, and employment
(cf. Clark et al., 2018. Evidence from choice experiments and vignette studies suggests that
life satisfaction is perceived as an important overarching life outcomeBenjamin et al., 2012
Adler et al., 2017, 2022. Importantly, accounts of life satisfaction can be used to monetarily
value intangible impacts (Kahneman and Sugden 2005 Welsch and Ferreirg 2014, and so
have been frequently applied to value, amongst others, air and noise pollutionven Praag and
Baarsma, 2005 Luechinger, 2009 Levinson, 2012, natural disasters (Luechinger and Raschky
2009, the climate (Maddison and Rehdanz 2011), public open space Bertram and Rehdanz
2015 Krekel et al., 2016, renewable energy plant externalities Krekel and Zerrahn, 2017

von Mellendorl and Welsch 2017, and public services and events Dolan et al., 2019 Krekel

“Private gardens, cemeteries, agricultural areas, green belds not managed for recreational use, and sports
and leisure facilities are not included. Appendix Table A1l shows raw correlations between green spaces and
other types of urban land use in our estimation sample. As seen, most correlations are weak. Note that sports
and leisure facilities, which can be part of a green space if located within its boundaries, remained closed
during the strict lockdown period in Germany, and were only opened for outdoor activities thereafter. As seen
in Section 4.2, our results are robust to the choice of period.



et al., 2024 Oparina, E. !'r C. Krekel !r S. Srisumal!r , 2024). Accounts of life satisfaction
are also advocated for policy analysis by HM Treasury in the UK @M Treasury, 2021ha).°

To explore potential mechanisms, we look at mental health outcomes, which the litera-
ture has shown to be a major contributor to overall life satisfaction (cf. Clark et al., 2018.
The SOEP and its Covid-19 wave include the Patient Health Questionnaire 4 (PHQ-4), a
validated and routine instrument for assessing symptoms of common mental health disorders
amongst general and clinical populations Kroenke et al., 2009. It consists of four items,
asking respondents whether they have felhervous or worried (to assess symptoms of anxi-
ety) or depressedor no interest (to assess symptoms of depression) during the last two weeks.
Responses to each item are 0 (ONot at all®), 1 (OOn some daysO), 2 (OOn more than half the
days0), or 3 (OAImost every dayO). Aummary scaleis then constructed by adding up these
items, such that higher scores represent poorer mental health.

In addition, we look at loneliness as an outcome, given that Covid-19 restrictions in Ger-
many allowed residents to meet a maximum of one person outside of their household and
green spaces may provide places for social interaction. We use a version of the UCLA 3-ltems
Loneliness Scale Russell 1996 that has been incorporated into the SOEP and its Covid-19
wave (though only irregularly in the pre-pandemic waves). It is the sum of three single-item
Likert-scale questions asking: OHow often have you had the feeling thdt) you miss having
other people around, (ii) you are left out, and (i) you are socially isolated?O. Responses to
each item are 1 (OHardly everQ), 2 (OSome of the timeO), or 3 (OOftenO).

We complement our outcomes with covariates at the individual, household, and area level,
as well as with alternative outcomes for placebo (household income) and conbrmation tests
(health and sleep satisfaction)® Appendix Table A1 shows summary statistics for our esti-

mation sample

2.2 Estimation and ldentibcation

Estimation. We employ a spatial dil erence-in-dl erences design which compares the changes
in outcomes of individuals living close to a green space (treatment group) with those of indi-

viduals living further away (control group), from before to during the Covid-19 period. We

5In particular, HM Treasury allows the use of a Wellbeing-Year (WELLBY) as a measure of benebt in
cost-benebt analyses, debned as one point of life satisfaction on a zero-to-ten Likert scale for one individual for
one year (cf. Frijters et al. , 2020, Frijters and Krekel , 2021; Frijters et al. , 2024).

6See Section4.4 for our placebo and conbrmation tests and the depnitions of these alternative outcomes.



estimate the following model:

yit = ! + "1Greens! Post+ ",Greens+ "3Post+ ty + tm + tgy + C+ Ui + # (1)

whereyi;; is the outcome of individual i at time t and Greeng is a time-invariant dummy that

is one if there is a green space with a minimum size o = {5, 10, 15,20} hectares within

a pre-debned treatment radius around the individualOs residence, and zero else. As there is
no clearly debned theoretical cut-b6, we are guided by the literature and choose a default
treatment radius of 1,000 metres, corresponding to a walking distance of up to 15 minutes, in
line with previous correlational studies (cf. Bertram and Rehdanz 2015 Krekel et al., 2016.
Besides these minimum sizes, we also look at !derent patch sizes, as well as the number
of green spaces in the intensive margin around the individualOs residendeost is a dummy
that is one if the individual is interviewed during the Covid-19 period, and zero else. ty,
tm, and tqy are year, month, and day-of-week, andc and u; city and individual Pxed e! ects.
The latter implicitly control for time-invariant observables and unobservables at the city and
individual level.” In addition, we apply two types of matching to make treatment and control
group more comparable to each other(i) propensity-score matching based on pre-treatment
observables and(ii) spatial matching based on geography, as described in detail below. As
seen in Section3, both types of matching produce similar results. Sectior4.1 shows that our
results are robust to not matching treatment and control group.

We consider only a short panel,t = {2019 202Q, with 2020 constituting the Covid-19
period. We take the entire observation period in 2020 as the relevant treatment period, which
is a conservative approach. When restricting the treatment period to the strict lockdown
period in Germany (March 22 to May 4, 2020), our identibed treatment ¢ ects become stronger
(see Section4.2 for these results)® To avoid concern about householdsO locational choices
being endogenous, we exclude the very few individuals who move during our observation
period. Note that Covid-19 restrictions made moving virtually impossible during the strict

lockdown period in Germany. Equation 1 thus simplipes to:

"Note that we cannot control for time-varying observables X , given that most of the covariates in the
SOEP are not available in its Covid-19 wave (which asks a smaller Covid-19-specibc set of questions).

80ur results remain similar when using more pre-treatment years, e.g. from 2016 onwards (available upon
request).



yii = ! + "1Greens! Post+ "3Post+ tm + tgy + Ui + # (2)

where Greens, ¢, and ty drop out due to collinearity. Our model is estimated using OLS, with
robust standard errors clustered at the interview date level, which is justiped by the daily
variation in exposure to the pandemic, e.g. via changes in positive cases and media reporting
over time. Our results are robust to clustering at the household level. As treatment occurs
at a single point in time, we avoid bias due to treatment @ ect heterogeneity and dynamics
found in two-way Pxed-é ects models with staggered designs, s€&oodman-Bacon(2021) and

de Chaisemartin and DOHaultfiuille (2020; Athey and Imbens (2022; Borusyak et al. (2022.

Identifying Assumptions. We are interested in" 1, which is the average treatment ¢ ect

on the treated (ATT) if two identifying assumptions are satisbed:

1. Exogeneity of Treatment. Allocation to our treatment or control group is as good as
random, conditional on temporal bxed é ectsT = {tn, tqw} and individual Pxed € ects

uj, i.e. Greens" 0, 1|T, u;.

2. Common Trend. In the hypothetical absence of treatment, our treatment group would
have followed the same time trend in outcomes as our control group, conditional on tem-
poral bxed @ ectsT = {ty, tqw} andindividual bxed € ectsu;, i.e. E[yi# yu 1|T, u;, Greeng =

1] = Elyt # yu 1|T, u;j, Greens = 0].

Regarding exogeneity of treatment Covid-19 and ensuing restrictions were sudden, unex-
pected, and binding, d ecting most individuals in a similar way. They are thus largely exoge-
nous to any single individual. By construction, our sample is relatively homogeneous, in that
it is restricted to all major German cities and metropolitan areas with more than 100,000
inhabitants. By including individual Pxed e! ects and excluding movers, our model estimates
within-individual changes in the same city This eliminates any time-invariant (observable or
unobservable) confounders at the individual or city level (e.g. individual preferences, city-
specibc spatial distributions of urban land use) that may explain selection into the proximity
to a green space. It also reduces concern that individuals may have been exposed td elient

Covid-19 restrictions in di! erent federal states after the strict lockdown period in Germany

10



had ended, i.e. when federal states were given more autonomy in certain areas of life (though
restrictions remained broadly equal).

In addition, to make individuals in our treatment and control group more comparable,
we apply two types of matching. First, we apply propensity-score matching which matches
treated individuals to their nearest control neighbours based on pre-treatment observables in
20197 We then include only matched pairs in our model. Second, we usspatial matching,
restricting control individuals to those who have a green space outside the treatment radius
of 1,000 metres but inside a (matching) radius of 1,500 metres. The choice of this matching
radius is guided agnostically by achieving roughly equal areas? We perform both types of
matching separately for green spaces with dierent sizes'’ Under propensity-score matching,
our estimation sample for green spaces with a minimum size of = 15 hectares includes
10,336 observations, 4,040 of which belong to the treatment and 6,296 to the control group.
Under spatial matching, it includes 5,602 observations (4,040 in the treatment and 1,562 in the
control group). Without any matching (which produces similar though slightly attenuated
estimates), we have 13,207 observations (5,099 in the treatment and 8,108 in the control
group). As propensity-score matching is likely more precise when it comes to netting out
potential di! erences between groups, it is our preferred specibcation.

Regarding common trend, we Prst look at level di erences in pre-treatment observables
between treatment and control. Appendix Table A2 presents scale-free normalised ter-
ences between both groups for our preferred specibcation, i.e. propensity-score matchitig.
Treatment here is dePned as having a green space with a minimum size sf= 15 hectares
within a treatment radius of 1,000 metres. According to Imbens and Wooldridge (2009, a
normalised dil erence greater than 0.25 suggests covariate imbalance. As seen, we do not bnd
any imbalances. This also reduces concern that individuals in our treatment group may be hit
di! erently by the pandemic, e.g. because they may be better shielded due to higher income.

Next, we look at changes in overall life satisfaction as our overall welfare measure over

®We match on demographics (i.e. dummies for age in ten-year brackets and log annual net household
income in quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent
in quintiles, and area type). The choice of observables is guided by relative covariate imbalance in 2019.

1031 million square kilometres versus 3.9.

A third option is to combine both types of matching. This produces similar results, which are available
upon request.

12Contrary to simple di ! erences, normalised di erences are independent of sample size, and hence more
informative about the degree of covariate imbalance, if any, between rglatively large groups (Imbens and
Rubin, 2015. The normalised di! erence is calculated as" x = (& ! &)/ (12 + !2), where xg and »z is the
sample mean of variable x in the treatment and control group, respectively. ! ? denotes the respective variance
(Imbens and Wooldridge, 2009 Imbens and Rubin, 2015).

11



time. Appendix Figure Al plots mean life satisfaction in the pre-treatment years 2016 to
2019 and the Covid-19 period by treatment status. While mean life satisfaction is slightly
(though not statistically signibcantly) higher in our control group, both groups show similar

changes up until the Covid-19 period, after which they diverge, suggesting a common trend
while giving a brst glance at our results. Note that level dl erences between our treatment
and control group in the pre-treatment years are no threat to identibcation, as we are only

interested in relative changesover time.

3 Results

3.1 Non-Parametric Results

Figure 2 plots the di! erence in overall life satisfaction as our overall welfare measure (averaged
by interview date) between the Covid-19 period and 2019, between our treatment and control
group, using our preferred specibcation, i.e. propensity-score matching. Treatment is debned
as having a green space with a minimum size of = 15 hectares within a treatment radius of
1,000 metres. The vertical line illustrates the end of the strict lockdown period in Germany
(May 4, 2020). Overlaying each scatter plot are non-parametric Epanechnikov-kernel-weighted
local quadratic polynomials. The bgure thus provides a non-parametric, graphical illustration

of our spatial di! erence-in-dl erences design in Equatior?.

Figure 2 about here

As seen, our treatment group showed an increase in life satisfaction in the Covid-19 period

relative to 2019, compared to our control group.

3.2 Regression Results

Wellbeing.  We now turn to parametric estimates of the relative di! erences in Figure?2.
Table 1 presents the estimates of our spatial dierence-in-dl erences design in Equation2:
Columns 1 to 4 show estimates from our preferred specibcation, i.e. propensity-score match-
ing, Columns 5 to 8 from our alternative specibcation, i.e. spatial matching. Each column
here is a separate estimation of Equatior?2 for green spaces with a dierent minimum size,

i.e. s= {5,10, 15, 20} hectares, respectively.
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| Table 1 about here|

We Pnd that having a green space within a treatment radius of 1,000 metres during the
Covid-19 period had a signibcant positive eect on overall life satisfaction as our overall
welfare measure. There is a concave relationship: life satisfaction is increasing at a decreasing
rate in the minimum size of green spaces (up to a threshold of 15 hectares), under propensity-
score matching from about 0.12 points on a zero-to-ten Likert scale (0.0%) for s = 5 hectares

to about 0.22 points (0.13$) for s = 15 hectares. We observe similar impacts under spatial
matching. However, whereas all Eects are signibcant under propensity-score matching, only
the el ects fors = {5, 10, 15} hectares reach statistical signiPcance at conventional levels under
spatial matching (where estimates are less precise). For green spaces with a large minimum
size ofs = 20 hectares, we generally Pnd weaker impacts than for those with a minimum size
of s = 15 hectares. A reason may be that green spaces of 20 hectares or greater do not tend
to be located in dense inner cities but rather at the urban fringes, where public open areas
like grassland or forests are already more abundant.

Appendix Table A3 looks at the intensive margin using our preferred specibcation, by
estimating the el ect of the number of green spaces of dlierent minimum sizes (one, more
than one, or more than two) on life satisfaction. In line with our estimates of the extensive
margin, there is a concave relationship: life satisfaction is increasing at a decreasing rate in
the number of green spaces of a particular minimum size, with a clear pattern that larger
green spaces have stronger impacts. Note, however, that the treatment group reduces sharply
the larger the number of green spaces of a particular minimum size, especially for larger sizes.
Instead of minimum sizes, Appendix TableA4 looks at patch sizes (from 5to 10, 5to 15, or 5
to 20 hectares; 10 to 15 or 10 to 20 hectares; or 15 to 20 hectares). In line with our previous
estimates, we bnd that larger green spaces have stronger impacts, with ect sizes between
0.22 and 0.52 points on a zero-to-ten Likert scale (0.07 and 38) for green spaces between
s =15 and s = 20 hectares.

Compared to previous studies (cf.Bertram and Rehdanz 2015 Krekel et al., 2016, e! ect
sizes are large: living close to a green space with a minimum size sf= 15 hectares, which
yields the strongest é ects, increased life satisfaction by about 0.22 points on a zero-to-ten

Likert scale (0.13 $) during the Covid-19 period.'®> Although this may be in part due to

13 Appendix Table A12 provides a literature review of e! ect sizes of green spaces during normal times.

13



methodological dil erences in the literature, it is most likely due to exogenous variations in
their use values brought about by Covid-19 restrictions, when having a park close to home

suddenly became very valuable:?

Mental Health. To explore potential mechanisms, we look at mental health, which has been
shown to be positively correlated with the availability and use of green spaces (cBratman

et al., 2019. Arguably, these correlations should become stronger in times of heightened
use values. Table2 presents the estimates of our spatial dierence-in-di erences design in
Equation 2 for mental health from the PHQ-4 and loneliness from the UCL 3-ltems Loneliness
Scale, using our preferred specibcation, i.e. propensity-score matching, and a green space with
a minimum size ofs = 15 hectares, for which we consistently found &ects across specibcations.

Appendix Table A5 replicates our analysis for spatial matching: our results remain similar.

| Table 2 about here|

In line with our Pndings for wellbeing, we bnd that having a green space within a treatment
radius of 1,000 metres during the Covid-19 period had signibcant positive! &cts on mental
health. In particular, it reduced symptoms of anxiety, by decreasing feelings of nervousness
and worry by about 0.08 and 0.04 points on a zero-to-three Likert scale (0.11 and 0.05), as
well as symptoms of depression, by decreasing feelings of depression by about 0.07 points (0.10
$), in the two weeks prior to respondentsO interviews. Overall, respondentsO summary scores
of mental ill health (the sum of the individual items) decreased by about 0.2 points on a zero-
to-12 scale (0.09%), which is similar though somewhat smaller than the é ect size for overall
life satisfaction as our overall welfare measure. Instead of using the full support, Appendix
Table A6 estimates linear probability models, dichotomising each mental health outcome such
that zero denotes no and one or more denotes (any frequency) of symptoms, and the loneliness
outcome such that three to Pve denotes no and six to nine denotes symptoms of loneliness
(cf. Steptoe et al, 2013. When doing so, our results remain similar, with the exception that
feelings of nervousness turn out insigniPcant and feelings of no interest signibcant.

Amongst others, green spaces are often seen as places for social interaction, and Covid-19

restrictions in Germany allowed residents to meet a maximum of one person outside of their

¥1n unreported regressions, we found little evidence for heterogeneous &ects by dwelling type (whether a
respondent lives in a large apartment building or a high rise) or dwelling characteristics (whether a respondent
has a balcony or a garden). These results are available upon request.
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household. In line with this, we Pnd suggestive evidence for reduced loneliness, by about 0.12
points on a three-to-nine scale (0.08%), though statistical signibcance is at the 10% level
only.*> Under spatial matching, loneliness turns out insignibcant (cf. Appendix TableA5).

As with life satisfaction, Appendix Table A7 looks at the intensive margin, by estimating
the el ect of the number of green spaces of dierent minimum sizes on mental health, proxied by
respondents® summary scores of mental ill health to reduce dimensionality. As before, there is
a concave relationship: mental health is increasing at a decreasing rate in the number of green
spaces of a particular minimum size, with an even clearer pattern than for life satisfaction
that larger green spaces have stronger impacts. As to patch sizes, Appendix Tabk8 shows
that, similar to life satisfaction, larger green spaces have stronger impacts on mental health,
with e! ect sizes between 0.54 and 0.67 points on a zero-to-12 scale (0.23 and$39or green

spaces betweers = 15 and s = 20 hectares.

4 Robustness Checks

Next, we conduct several robustness checks based on our preferred specibcation, i.e. propensity-
score matching, and a green space with a minimum size af= 15 hectares. These are presented

in Table 3.

| Table 3 about here|

4.1 No Matching and Extended Controls

So far, we matched our treatment and control group based on observables in the pre-treatment
year (2019). In Table 3 Column 1, we do not match both groups. As they become less com-
parable, we expect our estimate to be attenuated downwards. Indeed, our estimate decreases
slightly, from about 0.22 (cf. Table 1 Column 3) to about 0.19 points on a zero-to-ten Likert
scale for overall life satisfaction as our overall welfare measure, while continuing to be signip-
cant at the 1% level. The fact that our results remain similar regardless of whether we apply
matching or not suggests that omitted variable bias is, if anything, only a minor concern.

One might argue that weather could be a potential omitted variable d ecting both life

satisfaction and use values of green spaces b bias could be in either direction, depending on

S Unfortunately, the UCLA 3-Items Loneliness Scale was only irregularly included in the SOEP in the years
prior to Covid-19, which is why we had to include more pre-treatment years, up until 2016.
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conditions at the time. To be clear, weather is a threat to identibcation only if it a! ected
our treatment group systematically di! erently than our control group, which is unlikely (es-
pecially in our spatial-matching specibcation). We nevertheless obtain data on daily average
temperature, precipitation, and cloud cover at the city level from the German Meteorological
O" ce (Deutscher Wetterdienst and include them as extended controls. As Table3 Column
2 shows, our estimate increases slightly, from about 0.22 to about 0.23 points. It continues to

be signibcant at the 1% level.

4.2 Strict Lockdown Period

We exploit exogenous variations in use values of green spaces brought about by Covid-19
restrictions to estimate causal & ects. We expect use values to be higher during times of
harsher restrictions. In line with our expectation, when restricting our treatment period to
the strict lockdown period in Germany (March 22 to May 4, 2020) in Table 3 Column 3,
our estimate increases from about 0.22 (cf. Tablel Column 3) to about 0.24 points for
life satisfaction on a zero-to-ten Likert scale. It is highly signibcant at the 1% level. This
Pnding also reduces concern that our results may be driven by terent Covid-19 restrictions

in di! erent federal states after the strict lockdown period had ended (though restrictions
remained broadly equal). Finally, it reduces concern that our results may be driven by facilities
that may be located within the boundaries of green spaces, such as sports and leisure facilities,
which remained closed during the strict lockdown period. In any case, Appendix TableA11
shows that raw correlations between green spaces and other types of urban land use in our

estimation sample are weak.

4.3 Estimation

We applied a linear model for cardinal data to an ordinal outcome, life satisfaction. Empiri-
cally, it has been shown that both linear and ordered probit or logit models produce similar
estimates (cf. Ferrer-i Carbonell and Frijters, 2004. We nevertheless re-estimate our model
using a bxed-¢ ects ordered logit model, using the more recent Blow-Up-and-Cluster (BUCH

estimator (Baetschmann 2012 Baetschmann et al, 2015. Table 3 Column 4 presents our
estimate as an odds-ratio: having a green space with a minimum size of = 15 hectares

within a treatment radius of 1,000 metres during the Covid-19 period continues to have a
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signibcant and strong positive & ect on life satisfaction at the 5% level. In particular, it in-
creased the probability of being in a higher category of life satisfaction (a one-point increase

on the zero-to-ten Likert scale) by about 30%.

4.4 Placebo and Conbrmation Tests

We conduct two placebo tests: brst, we re-estimate our model for the placebo period 2018 to
2019, i.e. the years before the Covid-19 pandemic. We do not expect to detect ah ect, as
there were no exogenous variations in use values of green spaces during this period. Second,
we re-estimate our model for the placebo outcome log annual net household income. Again,
we do not expect to detect an éect, as exogenous variations in use values of green spaces
should have no direct é ect on household income. As Table3 Columns 5 and 6 show, we
indeed do not detect any é ects in either test. The latter test is also supporting evidence that
our identibed € ects are driven by exogenous variations in use values of green spaces brought
about by Covid-19 restrictions, rather than di! erent economic impacts of Covid-19 on our
treatment and control group.

We further re-estimate our model for health and sleep satisfaction as conbrmation out-
comes’® If green spaces reduced symptoms of anxiety, by decreasing feelings of nervousness
and worry, as well as symptoms of depression, one might expect this to translate into higher
health and sleep satisfaction. As Table3 Columns 7 and 8 show, we indeed bnd that having a
green space with a minimum size of = 15 hectares within a treatment radius of 1,000 metres
during the Covid-19 period had signibcant and strong positive eects on both outcomes at

the 5% level.

45 Further Robustness Checks

Selection on Unobservables and Coe ! cient Stability. Implicit in our argument that
our results remain similar regardless of whether we apply matching or not is that cok cient
movements are informative about relative omitted variable bias due to unobservables. Yet,
this is only the case if observables are correlated with unobservables. In Appendix Section
A, we follow the argument by Oster (2019 that both coe" cient movementsand R Squared

movements need to be taken into account to make informative statements about the degree

16 These outcomes are obtained from single-item eleven-point Likert-scale questions asking: OHow satisbed are
you right now with the following areas of your life?0, followed by OYour HealthO and OYour SleepO. Responses
range from 0 (OCompletely dissatisbedO) to 10 (OCompletely satispedO).
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of selection on unobservables. In particular, we implement a bounding analysis based on
the maximum attainable R Squared and the degree of selection on unobservables relative
to observables. We bnd that, in our case, selection on unobservables is consideralidss
important than selection on observables and obtain an interval of [015;0.22] for " 1. As the
lower bound excludes zero at the 5% signibPcance level, selection on unobservables and resulting

omitted variable bias is, if anything, only a minor concern.

Multiple Hypotheses Testing. In Appendix Section B, we implement the stepdown mul-
tiple testing procedure by Romano and Wolf (2005ha) in our preferred specibcation, i.e.
propensity-score matching, for life satisfaction and green spaces with a minimum size of
s = {5,10, 15,20} hectares (Table1 Columns 1 to 4) and for mental health (including lone-
liness) and a green space with a minimum size o = 15 hectares (Table 2). We bnd that

our stepdown-adjusted P-values continue to show statistical signiPcance at conventional levels
for life satisfaction and green spaces with a minimum size o = {10, 15} hectares as well

as respondentsO summary scores of mental ill health and their feelings of nervousness and

depression.

5 Social Welfare Implications

Finally, we put our Pndings into perspective, by calculating the compensating surplus for
having a nearby green space during the Covid-19 period. We base our calculation on our
preferred specibcation, i.e. propensity-score matching, and a green space with a minimum
size ofs = 15 hectares. Calculations for other minimum or patch sizes can be performed
analogously. We then discuss the implications of our results for normal times.

The causal return to overall life satisfaction as our overall welfare measure from a nearby
green space is about 0.15 points on a zero-to-ten Likert scale (cf. Tablé Column 3). The
causal return to life satisfaction from log annual gross household income is about 0.35 points
(Lindqgvist et al., 2020.17 As there is little di! erence in our estimates between the strict lock-
down period in Germany (cf. Table 1 Column 3) and the ensuing period of eased restrictions

(cf. Table 3 Column 3), one can assume that the return to life satisfaction from a nearby

Lindqvist et al. (2020 exploit exogenous lottery wins to estimate the causal e! ect of household income
on life satisfaction in Sweden, with auto-enrolment into lotteries. To our knowledge, the authors® income
coéft cient is the most robust to date.
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green space remains similar for as long as restrictions are in place. The median annual gross
household income in our estimation sample is about 36,800 $38,640). The compensating

surplus (CS) can be calculated as:

Py 3)

CS=(Q1 # exp(—
Y

where" 1 is the causal ¢ ect of a nearby green space on life satisfactionl,y is the causal ¢ ect
of log annual gross household income on life satisfaction, and is the median annual gross
household income.

We arrive at about e 15,460 $16,080) per household per yeat® With, on average, 2.6
individuals per household (cf. Appendix Table Al), this yields about €5,950 $6,190) per
individual per year b a large bgure for a willingness-to-pay estimate. That is, an individual
who doesnot have a nearby green space would need a compensation of ab@#,950 $6,190)
per year to achieve the same level of life satisfaction as an individual who does, during Covid-
19 (or similar) restrictions.

Covid-19 restrictions are, of course, exceptional. However, we can adopt an actuarial
perspective to derive a more useful, lower-bound value for normal times. In particular, it is
estimated that the annual probability of a pandemic with similar impact as Covid-19 is about
2% (Marani et al., 2021).2° Adjusting our compensating surplus accordingly, an individual
who doesnot have a nearby green space would bexpectedto need a compensation of about
e 119 @$124) per year to achieve the same level of life satisfaction as an individual who does,
in any given year. This is a lower bound, as these expected benebts aire addition to any
baseline benebts that green spaces may already provide during normal times.

About 63% of individuals in our estimation sample have a nearby green space. At about
25.5 million people in Germany living in cities and metropolitan areas with more than 100,000

inhabitants, this makes about 16.1 million individuals. Given this prevalence and the calcu-

8We converted e into $ using an exchange rate of 1:1.04 as of February 5, 2025.

1970 arrive at this probability, Marani et al. (2021) use records of novel disease outbreaks over the past 350
years. Two percent is at the lower end of their 95% conbdence interval. The authors bnd that this probability
is, in fact, increasing rapidly, such that the probability of novel disease outbreaks may grow up to threefold
in coming decades. Alternatively, using catastrophe risk modelling on a historical database of 2,600 disease
outbreaks and epidemics since the 1918 Spanish Flu pandemic, and hundreds of thousands of simulated event
catalogues, Microbiota B a US brm focused on tracking infectious disease risks and outbreaks B estimates the
probability to be between 2.5% and 3.3% (Cheney, 2021). We take 2% as a lower bound to be conservative.
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lated compensating surplus, green spaces added substantial benebts during the period studied,

and are likely to add signibcant benebts during normal times too.

6 Discussion and Conclusion

We set out to answer three questions: was there a positive causal ect of living close to a
green space on residentsO wellbeing during the Covid-19 period? If so, what were the potential
mechanisms? And, pnally, what were, and are, the implications for social welfare, if any?

We found that having a nearby green space during the Covid-19 period had a signibcant
positive € ect on overall life satisfaction as our overall welfare measure. There was a concave
relationship: life satisfaction was increasing at a decreasing rate in the minimum size of green
spaces, although large green spaces had weaker impacts or turned out statistically insignibcant,
most likely because they tend to be located at the urban fringes, where public open areas like
grassland or forests are already more abundant. A similar picture arose for the number of
patches of a particular minimum size in the intensive margin. Finally, we found that larger
green spaces had stronger impacts.

When it comes to potential mechanisms, we found that residents living close to a green
space had signibcantly better mental health, and in particular, had reduced symptoms of
anxiety (feelings of nervousness and worry) as well as symptoms of depression (feelings of de-
pression) in the two weeks prior to respondentsO interviews. We also found suggestive evidence
for reduced loneliness. These Pndings resonate well with previous correlational evidence on
the relationship between green spaces and health and wellbeing in the literature, in general
and when it comes to their role as bui ers against stressful life eventsl(eslie and Cerin 2008
Maas et al,, 2008 Richardson et al, 2013 Houlden et al., 2018 Geneshka et al, 2021; Jiminez
et al., 2021).

We then looked at social welfare implications, by calculating the compensating surplus
for having a nearby green space during the Covid-19 period. We showed that an individual
who did not have a nearby green space would need a compensation of aba5,950 $6,190)
per year to achieve the same level of life satisfaction as an individual who did. Adjusting
our compensating surplus by the annual probability of a pandemic with similar impact as
Covid-19, we also derived a more useful, lower-bound value for normal times: aexpected

compensation of aboute 119 ($124) per individual per year. Given the number of people
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around green spaces, especially in dense inner cities, this points towards substantial benebpts,
during the period studied and likely during normal times too.

Our bndings are based on a spatial dierence-in-dl erences design, using a large-scale,
nationally representative household panel with precise geographical coordinates of households
linked to satellite images of green spaces with nationwide coverage. Our results are robust
to di! erent model specibcations, sample restrictions, and various placebo and conbrmation
tests. They also withstand a correction for multiple hypotheses testing.

Although most people consider parks important for their quality of life, the lack of sys-
tematic causal evidence on their health and wellbeing benebts means that they may not be
(adequately) accounted for in social welfare analyses. Our approach, which exploited exoge-
nous variations in their use values, can be used to quantify the benebts of other public goods
too, in particular those that have similar identibcation issues. A promising avenue for future
research specibcally on green infrastructure would be to look beyond averagé exts, and

study which quality and spatial distribution of green spaces yield the strongest benebpts.

21



References

Adler, M. D., P. Dolan, A. Henwood, and G. Kavetsos (2022). OBetter the devil you knowO:
Are stated preferences over health and happiness determined by how healthy and happy
people are? Social Science Medicine 303115015.

Adler, M. D., P. Dolan, and G. Kavetsos (2017). Would you choose to be happy? Tradeos
between happiness and the other dimensions of life in a large population surveylournal
of Economic Behavior Organzation 139 60D73.

Agyemang, C., C. van Hooijdonk, W. Wendel-Vos, E. Lindemann, K. Stronks, and
M. Droomers (2007). The association of neighbourhood psychosocial stressors and self-
rated health in Amsterdam, The Netherlands. Journal of Epidemiology and Community
Health 61(12), 1042D1049.

Albouy, D., P. Christensen, and I. Sarmiento-Barbieri (2020). Unlocking amenities: Estimat-
ing public good complementarity. Journal of Public Economics 182 104110.

Alexander, D. and J. Currie (2017). Is it who you are or where you live? Residential segre-
gation and racial gaps in childhood asthma.Journal of Health Economics 55 186D200.

Ambrey, C. L. and C. M. Fleming (2014). Public Greenspace and Life Satisfaction in Urban
Australia. Urban Studies 51(6), 1290D1321.

Astell-Burt, T., M. Navakatikyan, S. Eckermann, M. Hackett, and X. Feng (2022). Is ur-
ban green space associated with lower mental healthcare expenditure?Social Science
Medicine 292 114503.

Athey, S. and G. W. Imbens (2022). Design-based analysis in Dierence-In-Di erences settings
with staggered adoption. Journal of Econometrics 226(1), 62D79.

Baetschmann, G. (2012). Identibcation and estimation of thresholds in the bPxed!ects ordered
logit model. Economics Letters 1153), 416D418.

Baetschmann, G., K. E. Staub, and R. Winkelmann (2015). Consistent estimation of the bxed
el ects ordered logit model.Journal of the Royal Statistical Society: Series A (Statistics in
Society) 178(3), 685D703.

Baylis, P. (2020). Temperature and temperament: Evidence from Twitter. Journal of Public
Economics 184 104161.

Benjamin, D. J., O. He! etz, M. S. Kimball, and A. Rees-Jones (2012). What Do You Think
Would Make You Happier? What Do You Think You Would Choose? American Economic
Review 1025), 2083D2110.

Berdejo-Espinola, V., A. F. Suarez-Castro, T. Amano, K. S. Fielding, R. R. Y. Oh, and R. A.
Fuller (2021). Urban green space use during a time of stress: A case study during the
COVID-19 pandemic in Brisbane, Australia. People and Nature 33), 597D609.

Berman, M. G., J. Jonides, and S. Kaplan (2008). The Cognitive Benebts of Interacting With
Nature. Psychological Science 1), 1207D1212.

Bertram, C., J. Meyerho! , K. Rehdanz, and H. Wdstemann (2017). Di erences in the recre-
ational value of urban parks between weekdays and weekends: A discrete choice analysis.
Landscape and Urban Planning 1595D14.

22



Bertram, C. and K. Rehdanz (2015). The role of urban green space for human well-being.
Ecological Economics 120139D152.

Bilger, M. and V. Carrieri (2013). Health in the cities: When the neighborhood matters more
than income. Journal of Health Economics 321), 1D11.

Billings, S. B. and K. T. Schnepel (2017). The value of a healthy home: Lead paint remediation
and housing values.Journal of Public Economics 153 69D81.

Borusyak, K., X. Jaravel, and J. Spiess (2022). Revisiting Event Study Designs: Robust and
E" cient Estimation. Technical report.

Bourrier, S. C., M. G. Berman, and J. T. Enns (2018). Cognitive Strategies and Natural
Environments Interact in InBuencing Executive Function. Frontiers in Psychology 9

Branas, C. C., R. A. Cheney, J. M. MacDonald, V. W. Tam, T. D. Jackson, and T. R.
Ten Have (2011). A Di! erence-in-Di erences Analysis of Health, Safety, and Greening
Vacant Urban Space. American Journal of Epidemiology 174(11), 1296D©1306.

Bratman, G. N., C. B. Anderson, M. G. Berman, B. Cochran, S. de Vries, J. Flanders,
C. Folke, H. Frumkin, J. J. Gross, T. Hartig, J. Kahn, P. H., M. Kuo, J. J. Lawler, P. S.
Levin, T. Lindahl, A. Meyer-Lindenberg, R. Mitchell, Z. Ouyang, J. Roe, L. Scarlett, J. R.
Smith, M. van den Bosch, B. W. Wheeler, M. P. White, H. Zheng, and G. C. Daily (2019).
Nature and mental health: An ecosystem service perspectiveScience Advances %7), 1b14.

Cackowski, J. M. and J. L. Nasar (2003). The Restorative E ects of Roadside Vegetation: Im-
plications for Automobile Driver Anger and Frustration. Environment and Behaviour 35(6),
736D751.

Cheney, C. (2021, July). How might probability inform policy on pandemics? Metabiota
has ideas.Devex https://www.devex.com/news/how-might-probability-inform-policy-on-
pandemics-metabiota-has-ideas-100427.

Clark, A. E., S. FEche, R. Layard, N. Powdthavee, and G. Ward (2018). The Origins of
Happiness: The Science of Well-Being over the Life Course Princeton, NJ: Princeton
University Press.

Czembrowski, P. and J. Kronenberg (2016). Hedonic pricing and dierent urban green space
types and sizes: Insights into the discussion on valuing ecosystem servicdsandscape and
Urban Planning 146, 11D19.

Daams, M. N., F. J. Sijtsma, and P. Veneri (2019). Mixed monetary and non-monetary
valuation of attractive urban green space: A case study using Amsterdam house prices.
Ecological Economics 166 106430.

Dave, D. M. and M. Yang (2022). Lead in drinking water and birth outcomes: A tale of two
water treatment plants. Journal of Health Economics 84 102644.

de Chaisemartin, C. and X. DOHaultfluille (2020). Two-Way Fixed E! ects Estimators with
Heterogeneous Treatment E ects. American Economic Review 11Q9), 2964D2996.

Dolan, P., G. Kavetsos, C. Krekel, D. Mavridis, R. Metcalfe, C. Senik, S. Szymanski, and
N. R. Ziebarth (2019). Quantifying the intangible impact of the Olympics using subjective
well-being data. Journal of Public Economics 177 104043.

Dolan, P. and R. Metcalfe (2012). Measuring Subjective Wellbeing: Recommendations on
Measures for use by National Governments.Journal of Social Policy 41(2), 409D427.

23



Fan, M., H. Jiang, and M. Zhou (2023). Beyond particulate matter: New evidence on the
causal @ ects of air pollution on mortality. Journal of Health Economics 91 102799.

Federal Government of Germany (2020). Besprechung der Bundeskanzlerin mit den
RegierungschebPnnen und Regierungschefs der Lander vom 22.03.2020 (in German
only).  https://lwww.bundesregierung.de/breg-de/themen/coronavirus/besprechung-der-
bundeskanzlerin-mit-den-regierungschebnnen-und-regierungschefs-der-laender-vom-22-03-
2020-1733248.

Ferreira, S. and M. Moro (2010). On the Use of Subjective Well-Being Data for Environmental
Valuation. Environmental and Resource Economics 46249D273.

Ferrer-i Carbonell, A. and P. Frijters (2004). How Important is Methodology for the estimates
of the determinants of Happiness?Economic Journal 114(497), 641D659.

Fleming, C. and C. Ambrey (2017). The Life Satisfaction Approach to Environmental Val-
uation. In Oxford Research Encyclopedias of Environmental ScienceOxford University
Press.

Friters, P., A. E. Clark, C. Krekel, and R. Layard (2020). A happy choice: wellbeing as the
goal of government. Behavioural Public Policy 4(2), 126D165.

Frijters, P. and C. Krekel (2021). A Handbook for Wellbeing Policy-Making Oxford: Oxford
University Press.

Frijters, P., C. Krekel, R. Sanchis, and Z. I. Santini (2024). The WELLBY: a new measure
of social value and progressHumanities and Social Sciences Communications 11736.

Geneshka, M., P. Coventry, J. Cruz, and S. Gilbody (2021). Relationship between green and
blue spaces with mental and physical health: A systematic review of longitudinal observa-
tional studies. International Journal of Environmental Research and Public Health 1§17),
9010.

Giaccherini, M., J. Kopinska, and A. Palma (2021). When particulate matter strikes cities:
Social disparities and health costs of air pollution.Journal of Health Economics 78 102478.

Gidlef-Gunnarsson, A. and E. Ohrstren (2007). Noise and well-being in urban residential
environments: The potential role of perceived availability to nearby green areasLandscape
and Urban Planning 82(2b3), 115D126.

Goebel, J., M. M. Grabka, S. Liebig, M. Kroh, D. Richter, C. Schreder, and J. Schupp (2019).
The German Socio-Economic Panel Study (SOEP).Jahrbtcher far Nationalekonomie und
Statistik 239(2), 345B360.

Goodman-Bacon, A. (2021). DI erence-in-dl erences with variation in treatment timing.
Journal of Econometrics 225(2), 254D277.

Grossman, D. (2019). The unintended &ects of place based programs: Fertility and health
el ects of urban empowerment zonesJournal of Health Economics 63 114D127.

Hartig, T., G. W. Evans, L. D. Jamner, D. S. Davis, and T. Garling (2003). Tracking
restoration in natural and urban Peld settings. Journal of Environmental Psychology 232),
109D123.

HM Treasury (20214a). Green Book Supplementary Guid-
ance: Wellbeing. Monetisation of Life Satisfaction B ect Sizes.
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment qata/file/

24

10058



HM Treasury (2021b). Green Book Supplementary Guidance: Wellbeing. Wellbeing Guidance
for Appraisal. https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment gata/

Houlden, V., S. Weich, J. Porto de Albuquerque, S. Jarvis, and K. Rees (2018). The relation-
ship between greenspace and the mental wellbeing of adults: A systematic reviewPLOS
ONE 13(9), e0203000.

Hui, L. C. and C. Y. Jim (2022). Urban-greenery demands are &aected by perceptions of
ecosystem services and disservices, and socio-demographic and environmental-cultural factors.
Land Use Policy 12Q 106254.

Hunter, R. F., C. Cleland, A. Cleary, M. Droomers, B. W. Wheeler, D. Sinnett, M. J. Nieuwen-
huijsen, and M. Braubach (2019). Environmental, health, wellbeing, social and equity Eects
of urban green space interventions: A meta-narrative evidence synthesi€nvironment Inter-
national 130, 104923.

Imbens, G. W. and D. B. Rubin (2015). Causal Inference for Statistics, Social and Biomedical
Sciences Cambridge: Cambridge University Press.

Imbens, G. W. and J. M. Wooldridge (2009). Recent Developments in the Econometrics of
Program Evaluation. Journal of Economic Literature 47 (1), 5D86.

Irwin, N. B. and M. R. Livy (2021). Measuring environmental (dis)amenity value during a
pandemic: Early evidence from Maryland. Journal of Environmental Economics and Man-
agement 106 102417.

Jacob, B. A., J. Ludwig, and D. L. Miller (2013). The e! ects of housing and neighborhood
conditions on child mortality. Journal of Health Economics 321), 195D206.

Jiminez, M. P., N. V. DeVille, E. G. Elliot, J. E. Schi !, G. E. Wilt, J. E. Hart, and P. James
(2021). Associations between nature exposure and health: A review of the evidencénter-
national Journal of Environmental Research and Public Health 189), 4790.

Kahneman, D., A. B. Krueger, D. A. Schkade, N. Schwarz, and A. A. Stone (2004). A Survey
Method for Characterizing Daily Life Experience: The Day Reconstruction Method. Sci-
ence 3065702), 1776D©1780.

Kahneman, D. and R. Sugden (2005). Experienced Utility as a Standard of Policy Evaluation.
Environmental and Resource Economics 32161D181.

Kotchen, M. J. and S. M. Powers (2006). Explaining the appearance and success of voter
referenda for open-space conservationJournal of Environmental Economics and Manage-
ment 52(1), 373b390.

Krekel, C., J. Kolbe, and H. Wdstemann (2016). The greener, the happier? Thelesct of urban
land use on residential well-being.Ecological Economics 121 117D127.

Krekel, C., G. Shreedhar, H. Lee, C. Marshall, A. Boler, A. Smith, and P. Dolan (2024). Happy
to Help: Welfare E! ects of a Nationwide Volunteering Programme.Review of Economics and
Statistics forthcoming.

Krekel, C. and A. Zerrahn (2017). Does the presence of wind turbines have negative externalities
for people in their surroundings? Evidence from well-being data.Journal of Environmental
Economics and Management 82221D238.

Kroenke, K., R. L. Sptitzer, J. B. Williams, and B. Lewe (2009). An Ultra-Brief Screening Scale
for Anxiety and Depression: The PHQDB4.Psychosomatics 5@6), 613D621.

25



Kuwayama, Y., S. Olmstead, and J. Zheng (2022). A more comprehensive estimate of the value
of water quality. Journal of Public Economics 207 104600.

Kdhn, S. and J. Palacios (2024). Health implications of housing retrobts: Evidence from a
population-wide weatherization program. Journal of Health Economics 98 102936.

Lang, C. (2018). Assessing the 'eciency of local open space provision.Journal of Public
Economics 158 12D24.

Leslie, E. and E. Cerin (2008). Are perceptions of the local environment related to neighbourhood
satisfaction and mental health in adults? Preventive Medicine 47(3), 273D278.

Levinson, A. (2012). Valuing public goods using happiness data: The case of air qualitydournal
of Public Economics 969D10), 869D880.

Li, C. and S. Managi (2021). Land cover matters to human well-being. Scientibc Reports 11
15957.

Lichtenberg, E., C. Tra, and |. Hardie (2007). Land use regulation and the provision of open
space in suburban residential subdivisions.Journal of Environmental Economics and Man-
agement 542), 199D213.

Liebelt, V., S. Bartke, and N. Schwarz (2018). Revealing Preferences for Urban Green Spaces:
A Scale-sensitive Hedonic Pricing Analysis for the City of Leipzig.Ecological Economics 146
536D548.

Lindqvist, E., R. Ostling, and D. Cesarini (2020). Long-Run E ects of Lottery Wealth on
Psychological Well-Being. Review of Economic Studies 876), 2703b2726.

Liu, Z., N. Hanley, and D. Campbell (2020). Linking urban air pollution with residentsO willing-
ness to pay for greenspace: A choice experiment study in BeijingJournal of Environmental
Economics and Management 104102383.

Luechinger, S. (2009). Valuing Air Quality Using the Life Satisfaction Approach. Economic
Journal 119(536), 482D515.

Luechinger, S. and P. A. Raschky (2009). Valuing Rood disasters using the life satisfaction
approach. Journal of Public Economics 93(3b4), 620D633.

Maas, J., R. A. Verheij, P. Spreeuwenberg, and P. P. Groenewegen (2008). Physical activity as
a possible mechanism behind the relationship between green space and health: A multilevel
analysis. BMC Public Health 8, 260D273.

MacKerron, G. and S. Mourato (2013). Happiness is greater in natural environments.Global
Environmental Change 235), 992D1000.

Maddison, D. and K. Rehdanz (2011). The impact of climate on life satisfaction. Ecological
Economics 70(12), 2437D2445.

Marani, M., G. G. Katul, W. K. Pan, and A. J. Parolari (2021). Intensity and frequency
of extreme novel epidemics. Proceedings of the National Academy of Sciences 1185),
€2105482118.

Margaryan, S. (2021). Low emission zones and population health.Journal of Health Eco-
nomics 76 102402.

26



Morancho, A. B. (2003). A hedonic valuation of urban green areas. Landscape and Urban
Planning 66(1), 35b41.

Nielsen, T. S. and K. B. Hansen (2007). Do green areas! act health? Results from a Danish
survey on the use of green areas and health indicatord-dealth and Place 134), 839D850.

Oparina, E. !Ir C. Krekel Ir S. Srisumal!r (2024). Talking Therapy: Impacts of a Nation-
wide Mental Health Service in England. CEP Discussion Paper 1982, Centre for Economic
Performance.

Oster, E. (2019). Unobservable Selection and Cdecient Stability: Theory and Evidence. Jour-
nal of Business Economic Statistics 372), 187D204.

Panduro, T. E. and K. L. Veie (2013). Classibcation and valuation of urban green spaces - A
hedonic house price valuation.Landscape and Urban Planning 120119D128.

Picard, P. M. and T. T. H. Tran (2021). Small urban green areas. Journal of Environmental
Economics and Management 106102418.

Richardson, E. A. and R. Mitchell (2010). Gender dil erences in relationships between urban
green space and health in the United Kingdom.Social Science Medicine 713), 568D575.

Richardson, E. A., J. Pearce, R. Mitchell, and S. Kingham (2013). Role of physical activity in
the relationship between urban green space and healthPublic Health 127(4), 318D324.

Romano, J. P. and M. Wolf (2005a). Exact and Approximate Stepdown Methods for Multiple
Hypothesis Testing. Journal of the American Statistical Association 100(469), 94D108.

Romano, J. P. and M. Wolf (2005b). Stepwise Multiple Testing as Formalized Data Snooping.
Econometrica 73(4), 1237D1282.

Romano, J. P. and M. Wolf (2016). E' cient computation of adjusted p-values for resampling-
based stepdown multiple testing. Statistics Probability Letters 113, 38D40.

Russell, D. W. (1996). UCLA Loneliness Scale (Version 3): Reliability, Validity, and Factor
Structure. Journal of Personality Assessment 6§1), 20D40.

Seresinhe, C. I, T. Preis, G. MacKerron, and H. S. Moat (2019). Happiness is Greater in More
Scenic Locations. Scientibc Reports 9 4498.

Sims, K. R. E. and J. M. Alix-Garcia (2017). Parks versus PES: Evaluating direct and incentive-
based land conservation in MexicoJournal of Environmental Economics and Management 86
8D28.

Sirina, N., A. Hua, and J. Gobert (2017). What factors infuence the value of an urban park
within a medium-sized French conurbation? Urban Forestry Urban Greening 24 45D54.

SOEP (2021). Data for Years 1984-2019, SOEP-Core v36, EU Edition 2021.

Soto, J. R., F. J. Escobedo, H. Khachatryan, and D. C. Adams (2018). Consumer demand for
urban forest ecosystem services and disservices: Examining tradé-®using choice experiments
and best-worst scaling. Ecosystem Services 2@art A), 31D39.

Steptoe, A., A. Shankar, A. Demakakos, and J. Wardle (2013). Social isolation, loneliness,
and all-cause mortality in older men and women. Proceedings of the National Academy of
Sciences 11@15), 5797D5801.

27



Stromberg, P. M., E. Ohrner, E. Brockwell, and Z. Liu (2021). Valuing urban green amenities
with an inequality lens. Ecological Economics 186 107067.

Tra, C. (2010). A discrete choice equilibrium approach to valuing large environmental changes.
Journal of Public Economics 94(1D2), 183D196.

Tsurumi, T., A. Imauiji, and S. Managi (2018). Greenery and Subjective Well-being: Assessing
the Monetary Value of Greenery by Type. Ecological Economics 148 152D1609.

Tsurumi, T. and S. Managi (2015). Environmental value of green spaces in Japan: An application
of the life satisfaction approach. Ecological Economics 1201D12.

Ulrich, R. S. (1984). View Through a Window May InBuence Recovery from Surgery. Sci-
ence 2244647), 420b421.

Ulrich, R. S., S. R. F., B. D. Losito, E. Fiorito, A. M. Miles, and M. Zelson (1991). Stress
recovery during exposure to natural and urban environments. Journal of Environmental
Psychology 113), 2019230.

UN Department of Economic and Social A airs (2018). World Urbanization Prospects: The
2018 Revision. https://population.un.org/wup/Publications/Files/WUP2018-KeyFacts.pdf.

UN  Development Programme  (2022). Sustainable  Development  Goals.
https://www.undp.org/sustainable-development-goals.

van den Berg, A. E., J. Maas, R. A. Verheij, and P. P. Groenewegen (2010). Green space as a
bu! er between stressful life events and healthSocial Science Medicine 7@8), 1203b1210.

van Praag, B. M. S. and B. E. Baarsma (2005). Using Happiness Surveys to Value Intangibles:
The Case of Airport Noise. Economic Journal 115(500), 224D246.

von Mellendor! , C. and H. Welsch (2017). Measuring Renewable Energy Externalities: Evidence
from Subjective Well-being Data. Land Economics 93(1), 109D126.

Votsis, A. (2017). Planning for green infrastructure: The spatial € ects of parks, forests, and
Pelds on HelsinkiOs apartment price€cological Economics 132 279D289.

Vu, H., T. L. Green, and L. E. T. Swan (2024). Born on the wrong side of the tracks: Exploring
the causal é ects of segregation on infant health.Journal of Health Economics 95 102876.

Wang, Y., X. Li, M. Sun, and H. Yu (2018). Managing urban ecological land as properties:
Conceptual model, public perceptions, and willingness to pay.Resources, Conservation and
Recycling 133 21D29.

Weinstein, N., A. K. Przybylski, and R. M. Ryan (2009). Can Nature Make Us More Caring?
E! ects of Immersion in Nature on Intrinsic Aspirations and Generosity. Personality and Social
Psychology Bulletin 3510), 1315D1329.

Welsch, H. and S. Ferreira (2014). Environment, Well-Being, and Experienced Preference.
International Review of Environmental and Resource Economics 73D4), 205D239.

Wendelboe-Nelson, C., S. Kelly, M. Kennedy, and J. W. Cherrie (2019). A scoping review
mapping research on green space and associated mental health benebtternational Journal
of Environmental Research and Public Health 16§12), 2081.

White, M. P. and P. Dolan (2009). Accounting for the Richness of Daily Activities. Psychological
Science 2(8), 1000D1008.

28



Wilson, E. O. (1984). Biophilia. Cambridge, MA: Harvard University Press.

Wu, J. (2014). Public open-space conservation under a budget constraintJournal of Public
Economics 111 96D101.

Xie, B., Y. Lu, and Y. Zheng (2022). Causal evaluation of the & ects of a large-scale greenway
intervention on physical and mental health: A natural experimental study in China. Urban
Forestry Urban Greening 67, 127419.

Yuan, L., K. Shin, and S. Managi (2018). Subjective Well-being and Environmental Quality: The
Impact of Air Pollution and Green Coverage in China. Ecological Economics 153 124D138.

Zhao, Z. and R. Kaestner (2010). E ects of urban sprawl on obesity. Journal of Health Eco-
nomics 29(6), 779D787.

29



Figure 1A: Spatial Distribution of Green Spaces in Germany in Estimation Sample
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Notes: The map shows the spatial distribution of green spaces in Germany in our estimation sample. The gray lines denote the federal states
in Germany, the blue lines the core regions covered by the European Urban Atlas, and the red lines the German cities and metropolitan areas
with more than 100,000 inhabitants. The gray dots denote green spaces with a minimum size ofs = 5 hectares covered by the European
Urban Atlas, the green dots green spaces included in our estimation sample.

Sources: EUA, 2018; own calculations.



Figure 1B: Spatial Distribution of Green Spaces in Berlin, Germany, in Estimation Sample
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Notes: The map shows the spatial distribution of green spaces in Berlin, Germany, in our estimation sample. The red line denotes the
administrative boundaries of Berlin, the gray dots green spaces with a minimum size of s =5 hectares covered by the European Urban Atlas,
and the green dots green spaces included in our estimation sample.

Sources: EUA, 2018; own calculations.



Figure 2: Di! erence-in-Di erences in Life Satisfaction Between Treated and Controlled, 2020-2019
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Notes: Scatter plot shows the di! erence-in-dil erences in raw responses forlife satisfaction (measured on a zero-to-ten Likert scale,
whereby zero denotes Ocompletely dissatisbedO and ten Ocompletely satisbedO) between the Covid-19 period (2020) and the pre-treatment
year 2019, averaged by interview date, between the treated and controlled, after propensity-score matching on observables (without further
manipulation). The propensity-score matching matches individuals in the treatment group to their nearest neighbours in the control group
based on pre-treatment observables, including demographics (i.e. dummies for age in ten-year brackets and log annual net household
income in quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent in quintiles, and area type).
Treatment is debned as being located inside a treatment radius of 1,000 metres to a green space with a minimum size of = 15 hectares.
The vertical line illustrates the end of the strict lockdown period in Germany (May 4, 2020). In addition, each panel shows non-parametric
Epanechnikov-kernel-weighted local quadratic polynomials. The SOEP Covid-19 wave ran from March 31 to July 4, 2020.

Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table 1: Impacts of Nearby Green Spaces With Various Minimum Sizes on Life Satisfaction

Life Satisfaction (0-10)

Propensity-Score Matching

$ 10 Hectares $ 15 Hectares $ 20 Hectares

$ 5 Hectares

$ 5 Hectares

Spatial Matching

$ 10 Hectares $ 15 Hectares $ 20 Hectares

(1) (2 3) 4) (5) (6) (1) 8

Green 5 x 2020 0.120** 0.125*

(0.054) (0.065)
Green 19 x 2020 0.150%** 0.166**

(0.046) (0.068)
Green 15 x 2020 0.218*** 0.185**
(0.050) (0.076)
Green 2o x 2020 0.109** 0.130
(0.054) (0.081)

2020 -4.,280*** -5.921 %+ -5.967*** -4, 145%+* -1.602* -2.265** -0.766 -3.338***

(0.280) (0.443) (0.432) (0.282) (0.844) (1.017) (1.354) (0.257)
Propensity-Score Matching Yes Yes Yes Yes No No No No
Spatial Matching No No No No Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes Yes Yes
Mean 7.478 7.478 7.478 7.478 7.476 7.484 7.474 7.483
$ 1.629 1.629 1.629 1.629 1.632 1.613 1.627 1.627
N 10,336 10,336 10,336 10,336 9,192 6,993 5,602 4,842
N Treated 7,632 5,431 4,040 3,280 7,632 5,431 4,040 3,280
N Controlled 2,704 4,905 6,296 7,056 1,560 1,562 1,562 1,562
Within R Squared 0.175 0.176 0.178 0.175 0.190 0.236 0.282 0.320

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, *p< 0.1

Notes: Treatment is debPned as being located inside a treatment radius of 1,000 metres to a green sp&geeens with

a minimum size of s hectares. Each column is a separate estimation of Equatio. The propensity-score matching
specibcation matches individuals in the treatment group to their nearest neighbours in the control group based on
pre-treatment observables, including demographics (i.e. dummies for age in ten-year brackets and log annual net
household income in quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross
rent in quintiles, and area type). The spatial-matching specibcation restricts individuals in the control group to
those who are located outside the treatment radius of 1,000 metres but inside a matching radius of 1,500 metres to a
green space. Both types of matching are performed separately for green spaces with minimum sie {5, 10, 15, 20}
hectares. See Sectiof2.1 for a detailed description of the data and Section2.2 for the model.

Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table 2: Impact of Nearby Green Space With Minimum Size of 15 Hectares on Mental Health and Loneliness
(Propensity-Score Matching)

Patient Health Questionnaire-4 (PHQ-4) UCLA
Anxiety Depression 3-ltems
Summary Scale (0-12) Nervous (0-3) Worried (0-3) Depressed (0-3) No Interest (0-3) Loneliness Scale (3-9)
(1) 4 (5) (3) (2 (6)
Green 15 x 2020 -0.219%** -0.080*** -0.044** -0.068*** -0.027 -0.120*
(0.080) (0.026) (0.022) (0.025) (0.033) (0.064)
2020 10.637**= 2.563*** 3.664*** 1.767** 2.643%* -2.190%**
(0.471) (0.246) (0.275) (0.283) (0.252) (0.816)
Propensity-Score Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
Mean 2.036 0.566 0.321 0.451 0.698 5.562
$ 2.328 0.746 0.655 0.715 0.795 1.590
N 10,336 10,336 10,336 10,336 10,336 11,711
N Treated 4,040 4,040 4,040 4,040 4,040 4,510
N Controlled 6,296 6,296 6,296 6,296 6,296 7,201
Within R Squared 0.219 0.179 0.185 0.179 0.218 0.182

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, * p< 0.1

Notes: Treatment is dePned as being located inside a treatment radius of 1,000 metres to a green sp&aeeens with a
minimum size ofs = 15 hectares. Each column is a separate estimation of Equatio?. The propensity-score matching
specibcation matches individuals in the treatment group to their nearest neighbours in the control group based on
pre-treatment observables, including demographics (i.e. dummies for age in ten-year brackets and log annual net
household income in quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross
rent in quintiles, and area type). See Sectior2.1 for a detailed description of the data and Section2.2 for the model.
Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table 3: Robustness Checks

Life Satisfaction (0-10)

No Matching Meteorological Controls  Strict Lockdown Period  FE Ordered Logit (Odds Ratio)
(1) (2) (3) 4
Green 15 x 2020 0.186*** 0.226*** 1.300**
(0.050) (0.063) (0.146)
2020 -2.771%** -4,751%**
(0.261) (0.513)
Green 15 X Lockdown 0.242%*
(0.066)
Lockdown -0.246
(0.486)
Propensity-Score Matching No Yes Yes Yes
Month Fixed E! ects Yes Yes Yes No
Day-of-Week Fixed E! ects Yes Yes Yes No
Individual Fixed E ! ects Yes Yes Yes Yes
N 13,207 10,336 10,136 3,074
N Treated 5,099 4,040 3,961 1,204
N Controlled 8,108 6,296 6,175 1,870
Within / Pseudo R Squared 0.156 0.189 0.197 0.014
Placebo Tests Conbrmation Tests
Life Satisfaction (0-10) Log Household Income Health Satisfaction (0-10) Sleep Satisfaction (0-10)
(5) (6) (7) (8)
Green 15 x 2020 -0.001 0.146** 0.157*
(0.005) (0.065) (0.064)
2020 -0.089 -1.946%** -5.306%**
(0.081) (0.478) (0.620)
Green 15 x 2019 -0.017
(0.024)
2019 -0.792
(0.733)
Propensity-Score Matching Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes No
Day-of-Week Fixed E! ects Yes Yes Yes No
Individual Fixed E ! ects Yes Yes Yes Yes
N 18,237 10,336 10,336 10,336
N Treated 7,114 4,040 4,040 4,040
N Controlled 11,123 6,296 6,296 6,296
Within R Squared 0.080 0.203 0.233 0.177

Robust standard errors clustered at interview date level in parentheses. **p < 0.01, ** p< 0.05, *p < 0.1

Notes: Treatment is dePned as being located inside a treatment radius of 1,000 metres to a green sp&aeens with a
minimum size ofs = 15 hectares. Each column is a separate estimation of Equatio2. Column 1 does not perform any
matching (neither propensity-score nor spatial matching). In all other columns, propensity-score matching matches
individuals in the treatment group to their nearest neighbours in the control group based on pre-treatment observables,
including demographics (i.e. dummies for age in ten-year brackets and log annual net household income in quintiles)
and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent in quintiles, and area type).
Column 2 additionally controls for meteorological conditions, including daily average temperature, precipitation, and
cloud cover at the city level. Column 3 restricts the treatment period to the strict lockdown period in Germany
(March 22 to May 4, 2020). Column 4 uses, instead of a linear model, an ordered logit model, i.e. the Blow-Up-and-
Cluster (BUC-% estimator by Baetschmann(2012; Baetschmann et al.(2015. Columns 5 and 6 conduct placebo
tests, by estimating our preferred specibcation for the years 2018 to 2019 instead of 2019 to 2020 (Column 5) and by
replacing life satisfaction with log annual net household income as outcome (Column 6). Columns 7 and 8 conduct
conbPrmation tests, by replacing life satisfaction with health and sleep satisfaction as outcomes. See SectidA for a
detailed description of the data and Section2.2 for the model.

Sources: SOEP, 2018 to 2020; EUA, 2018; own calculations.
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Figure Al: Common Trend Between Treated and Controlled, 2016 to 2020
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Notes: Scatter plot shows levels in raw responses forlife satisfaction (measured on a zero-to-ten Likert scale, whereby zero denotes
Ocompletely dissatisbedO and ten Ocompletely satispedO) from the pre-treatment year 2016 to the Covid-19 period (2020), averaged by
interview date, separately for the treated and controlled, after propensity-score matching on observables (without further manipulation).

The propensity-score matching matches individuals in the treatment group to their nearest neighbours in the control group based on
pre-treatment observables, including demographics (i.e. dummies for age in ten-year brackets and log annual net household income in
quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent in quintiles, and area type). Treatment

is dePned as being located inside a treatment radius ofr = 1,000 metres to a green space with a minimum size ofs = 15 hectares.

Sources: SOEP, 2016 to 2020; EUA, 2018; own calculations.



Table A1: Summary Statistics for Estimation Sample (Table 1 Column 3)

Outcomes
Life Satisfaction 7.478 1.629 0 10 10,336
Patient Health Questionnaire-4 (PHQ-4) 10,336

. Summary Scale 2.036 2.328 0 12 10,336
... Nervous 0.566 0.746 0 3 10,336

. Worried 0.321 0.655 0 3 10,336

. Depressed 0.451 0.715 0 3 10,336
... No Interest 0.698 0.795 0 3 10,336
UCLA 3-Items Loneliness Scale 5.562 1.590 5 9 11,711
Covariates
Age 49.314 17.283 18 89 10,336
Is Male 0.443 0.497 0 1 10,336
Is Female 0.557 0.497 0 1 10,336
Is Single 0.292 0.455 0 1 10,336
Is Married 0.538 0.499 0 1 10,336
Is in Civic Partnership 0.003 0.057 0 1 10,336
Is Divorced 0.117 0.321 0 1 10,336
Is Widowed 0.050 0.217 0 1 10,336
Has Very Good Health 0.156 0.363 0 1 10,336
Has Good Health 0.413 0.492 0 1 10,336
Has Satisfactory Health 0.284 0.451 0 1 10,336
Has Bad Health 0.117 0.322 0 1 10,336
Has Very Bad Health 0.029 0.168 0 1 10,336
Has Migration Background 0.270 0.444 0 1 10,336
Is in Civil Service 0.000 0.022 0 1 10,336
Is in Training 0.030 0.170 0 1 10,336
Is Employed 0.633 0.482 0 1 10,336
Is Marginally Employed 0.026 0.159 0 1 10,336
Is on Parental Leave 0.019 0.137 0 1 10,336
Is Unemployed 0.050 0.218 0 1 10,336
Is Out of Labour Force 0.066 0.249 0 1 10,336
Log Annual Net Household Income 10.447 0.630 7.554 14.180 10,336
Lives in Farm House 0.002 0.048 0 1 10,336
Lives in Detached House 0.127 0.333 0 1 10,336
Lives in Terraced House 0.183 0.386 0 1 10,336
Lives in Small Apartment Building 0.100 0.300 0 1 10,336
Lives in Medium-Sized Apartment Building 0.287 0.452 0 1 10,336
Lives in Large Apartment Building 0.269 0.443 0 1 10,336
Lives in High Rise 0.032 0.177 0 1 10,336
Lives in Other Building Type 0.000 0.000 0 0 10,336
Is Owner 0.335 0.472 0 1 10,336
Is Renter 0.665 0.472 0 1 10,336
Log Annual Gross Rent 6.668 3.023 2.485 10.919 10,336
Number of Individuals in Household 2.590 1.419 1 12 10,336
Number of Children in Household 0.605 1.010 0 7 10,336
Lives in Old Residential Area 0.481 0.500 0 1 10,336
Lives in New Residential Area 0.228 0.420 0 1 10,336
Lives in Mixed Area 0.287 0.452 0 1 10,336
Lives in Commercial Area 0.003 0.050 0 1 10,336
Lives in Commercial or Industrial Area 0.002 0.042 0 1 10,336
Urban 0.932 0.252 0 1 10,336
Rural 0.068 0.252 0 1 10,336




Table A2: Balancing Properties for Estimation Sample (Table 1 Column 3)

Mean Normalised Di " erence
Treated Controlled

Age 48.942 49554 0.025
Is Male 0.443 0.443 0.000
Is Female 0.557 0.557 0.000
Is Single 0.306 0.283 0.035
Is Married 0.523 0.548 0.036
Is in Civic Partnership 0.005 0.002 0.041
Is Divorced 0.122 0.113 0.019
Is Widowed 0.044 0.053 0.029
Has Very Good Health 0.163 0.152 0.021
Has Good Health 0.405 0.419 0.020
Has Satisfactory Health 0.278 0.288 0.016
Has Bad Health 0.119 0.116 0.006
Has Very Bad Health 0.035 0.025 0.042
Has Migration Background 0.275 0.267 0.013
Is in Civil Service 0.000 0.000 0.001
Is in Training 0.032 0.028 0.014
Is Employed 0.631 0.635 0.005
Is Marginally Employed 0.028 0.024 0.018
Is on Parental Leave 0.021 0.018 0.018
Is Unemployed 0.050 0.051 0.004
Is Out of Labour Force 0.070 0.064 0.016
Log Annual Net Household Income 10.415 10.467 0.058
Lives in Farm House 0.001 0.003 0.027
Lives in Detached House 0.076 0.159 0.183
Lives in Terraced House 0.173 0.189 0.029
Lives in Small Apartment Building 0.095 0.103 0.021
Lives in Medium-Sized Apartment Building 0.300 0.279 0.032
Lives in Large Apartment Building 0.314 0.240 0.118
Lives in High Rise 0.041 0.027 0.055
Lives in Other Building Type 0.000 0.000 0.000
Is Owner 0.297 0.359 0.094
Is Renter 0.703 0.641 0.094
Log Annual Gross Rent 6.909 6.514 0.093
Number of Individuals in Household 2.528 2.630 0.051
Number of Children in Household 0.585 0.617 0.022
Lives in Old Residential Area 0.466 0.490 0.035
Lives in New Residential Area 0.223 0.232 0.015
Lives in Mixed Area 0.307 0.274 0.050
Lives in Commercial Area 0.003 0.002 0.021
Lives in Commercial or Industrial Area 0.001 0.002 0.007
Urban 0.946 0.923 0.067
Rural 0.054 0.077 0.067
N 4,040 6,296 -




‘suofe|nded umo :8T0¢ ‘'YN3 ‘0202 01 6T0C ‘dIOS :S82N0S

‘|[9pOoW 8] 10} Z'ZUondas pue eiep ayl Jo uondiosap pajrelsp e 10j T'gondas 93s ‘(2dA eale pue ‘sajnuinb ul ual ssolb enuue Boj

‘diysiaumo ‘adAl Buljamp 40} salwwinp “a'1) suonipuod bBuisnoy pue (sajuinb ul swooul pjoyasnoy 1au [enuue Ho| pue s)axoelq Jeak-ual ul abe o) saiwwnp
'9'1) solydesbowap Buipnjoul ‘sajgqealasqo juawieall-aid uo paseq dnoib [01u0d a8yl ul sinoqybiau 1saleau Jiayl 01 dnoub Juswieall ayl ul SfenplAlpul saydiew
uoneadioads Buiyorew alods-Alusuadold syl ugrenb3 jo uonewnsa ajesedas e SI UWN|OD Yydoe3 snipel ay) apisul sadeds uaalb Jo Jaquinu ay) sajousp X
Agasaym ‘saselosay s Jo 9zIs wnwiuiw e yum [x]Suasagpds usaib e 01 saiaw 000‘T 4O Sniped Juswieal) e apisul paledo| buiaq se paudap s Juswieal] :Sa10N

T0 >d 4 ‘GO0 >d 4 ‘TO0 > Ouxx "SOSOYIUAIE Ul [SAS] 37D MBIAISIUI T8 P2IISN|D SIOLS prepuels 1snqoy

veC0 €220 G.T°0 9520 JASAL] 8.T°0 0T€0 0S¢0 9/.T°0 T0€°0 9¢2’0 S.T°0 parenbs ¥ ulyum
950°, 9502 950°2 962'9 962'9 962'9 S06't S06'Y S06'Y ¥0.L'C ¥0.L'C ¥0.L'C ps|j0u0d N
6¢¢ [443) 08z'c 14%14 901'T ovo'y 886 ¥0€'C TEV'S S19'¢C 869'% 2e9'L pareall N
G8Z'L 8/6'L 9¢€'0T 8v.'9 20L'L 9€€'0T €68'G 602'L 9e€'0T 6vE'S cov'L 9e€'0T N
8¢9'T 1€9'T 629'T 829'T 9297 629'T 1997 899'T 629'T LY9'T 99T 629'T $
VA2 08Y°L 8LV L T6v°L 96 L 8LV L YNAA Sov°L 8LV L €LV L 1A 8.V L uesiy
SaA SOA SOA SaA SOA SBA SOA SOA SBA SaA SBA SBA S109 | 3 paxiq [enpiAlpu|
SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA S109 3 paxi4 3o9M-jo-Aeq
SaA SOA SOA SaA SOA SBA SOA SOA SBA SOA SOA SBA S199 | 3 paxid YIUOW
SaA SOA SOA SaA SOA SBA SOA SOA SBA SBA SaA SOA Buiyore|\ a109s-Alsuadold

(€920) (e66'0) (z820) | (20€0) (162°0) (zevo) | (2€9°0) (92v°0) (evv0) | (ovz0) (09z°0) (08z°0)

«&*me.®. m._”m._” «&*m?.ﬂ.?. «,«&@Nm._wu ***Hmm._wu ***N@@.mu «&*NOV.?. «&*HWN.OH- «&*HN@.M. «&*HVM.N- ***@NN.N- ***O@N.V- ONON
(69T°0) (8z1T°0) (9200 (¥90°0)
+/GE'0 »x9EE°0 LTT°0 =IGT°0 020z x [+2]° usain
(180°0) (990°0) (¥90°0) (850°0)
ZET0 x2/92°0 xx922°0 x»9GT°0 020z X [+T]° usai
(¥S0°0) (050°0) (9v0°0) (¥S0°0)
x60T°0 #8120 #x0GT°0 »02T°0 020z X [T]° usain
(€49) (T7) (o1) (6) (8) () (9) (q) (2] (€) (2) (1)
0z=s GT=s 0T =s g=s

(0T-0) uonoeysnes ay

(Buyorey a109s-Alsuadoid) uibrely anIsusiu] @ uondeISneS )7 Uo SazIS WnNwiul SNoLeA YA Saoeds usalo Agieap Jo s1oedw) £V a|qel



Table A4: Impacts of Nearby Green Spaces With Various Patch Sizes on Life Satisfaction (Propensity-Score

5 to 10 Hectares 5 to 15 Hectares 5 to 20 Hectares

)

&)

Matching)

Life Satisfaction (0-10)

®

10 to 15 Hectares 10 to 20 Hectares

4

®)

15 to 20 Hectares
(6)

Green x 2020 0.011 0.031 0.126* 0.077 0.222%** 0.521%**
(0.082) (0.070) (0.065) (0.089) (0.070) (0.114)
2020 -6.296*** -9.127 %+ 1.100 -5.164** -9.049%** -4.306***
(0.382) (0.403) (0.997) (0.402) (0.373) (0.831)
Propensity-Score Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
Mean 7.485 7.493 7.485 7.494 7.485 7.485
$ 1.645 1.626 1.626 1.626 1.626 1.626
N 4,905 6,296 7,056 6,296 7,056 7,056
N Treated 2,201 3,592 4,352 1,391 2,151 760
N Controlled 2,704 2,704 2,704 4,905 4,905 6,296
Within R Squared 0.332 0.264 0.236 0.264 0.237 0.241

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, * p< 0.1

Notes: Treatment is debPned as being located inside a treatment radius of 1,000 metres to a green sp&geeen with

various patch sizes, from 5 to 10, 5 to 15, or 5 to 20 hectares; 10 to 15 or 10 to 20 hectares; or 15 to 20 hectares. Eacl
column is a separate estimation of Equation2. The propensity-score matching specibcation matches individuals in
the treatment group to their nearest neighbours in the control group based on pre-treatment observables, including
demographics (i.e. dummies for age in ten-year brackets and log annual net household income in quintiles) and
housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent in quintiles, and area type). See
Section 2.1 for a detailed description of the data and Section2.2 for the model.

Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table A5: Impact of Nearby Green Space With Minimum Size of 15 Hectares on Mental Health and Loneliness

(Spatial Matching)

Patient Health Questionnaire-4 (PHQ-4) UCLA
Anxiety Depression 3-ltems
Summary Scale (0-12) Nervous (0-3) Worried (0-3) Depressed (0-3) No Interest (0-3) Loneliness Scale (3-9)
(1) 4) (5) (3) (2 (6)
Green 15 x 2020 -0.294** -0.122*** -0.060* -0.089** -0.024 -0.056
(0.124) (0.042) (0.035) (0.040) (0.047) (0.093)
2020 0.674 0.050 0.496* 0.469 -0.341 -1.944%**
(1.159) (0.311) (0.294) (0.443) (0.317) (0.093)
Spatial Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
Mean 6.040 1.559 1.320 1.458 1.703 5.580
$ 2.354 0.747 0.655 0.728 0.809 1.644
N 5,602 5,602 5,602 5,602 5,602 7,911
N Treated 4,040 4,040 4,040 4,040 4,040 5,601
N Controlled 1,562 1,562 1,562 1,562 1,562 2,310
Within R Squared 0.296 0.254 0.273 0.282 0.302 0.273

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, * p< 0.1

Notes: Treatment is debned as being located inside a treatment radius of 1,000 metres to a green spdseseng
with a minimum size of s = 15 hectares. Each column is a separate estimation of Equatior2. The spatial-matching
specibcation restricts individuals in the control group to those who are located outside the treatment radius of 1,000
metres but inside a matching radius of 1,500 metres to a green space. See Sectioh for a detailed description of the
data and Section2.2 for the model.
Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table A6: Impact of Nearby Green Space With Minimum Size of 15 Hectares on Mental Health and Loneliness b
Linear Probability Models (Propensity-Score Matching)

Patient Health Questionnaire-4 (PHQ-4) UCLA
Anxiety Depression 3-ltems
Summary Scale (0-1) Nervous (0-1) Worried (0-1) Depressed (0-1) No Interest (0-1) Loneliness Scale (0-1)
1) 4 (5) 3 (2 (6)
Green 15 x 2020 -0.037* -0.012 -0.029** -0.038** -0.037* -0.042*
(0.019) (0.018) (0.014) (0.017) (0.021) (0.022)
2020 0.339* 0.489** 1.128*** 0.264 0.221 -1.285***
(0.188) (0.247) (0.146) (0.269) (0.195) (0.326)
Propensity-Score Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
Mean 0.680 0.445 0.240 0.347 0.533 0.522
$ 0.467 0.497 0.427 0.476 0.499 0.500
N 10,336 10,336 10,336 10,336 10,336 11,711
N Treated 4,040 4,040 4,040 4,040 4,040 4,510
N Controlled 6,296 6,296 6,296 6,296 6,296 7,201
Within R Squared 0.237 0.184 0.190 0.171 0.220 0.173

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, *p< 0.1

Notes: Treatment is debPned as being located inside a treatment radius of 1,000 metres to a green sp&aeng with a
minimum size of s = 15 hectares. Each column is a separate estimation of Equatio2. The propensity-score matching

specibcation matches individuals in the treatment group to their nearest neighbours in the control group based on
pre-treatment observables, including demographics (i.e. dummies for age in ten-year brackets and log annual net
household income in quintiles) and housing conditions (i.e. dummies for dwelling type, ownership, log annual gross
rent in quintiles, and area type). See Sectior?2.1 for a detailed description of the data and Section2.2 for the model.
Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



‘suoire|nd[ed umMo :8T0Z ‘YN3 :020¢ 0} 6T0Z ‘d30S :S8IN0S

‘lapow 8y} 10} Z'ZUondaS pue elep ayl Jo uonduosap pajieiap e 1oy T gondas 9as (8dA eare pue ‘sajnuinb ul ual ssolb fenuue Hoj

‘diysiaumo ‘adAl Buljamp J10J saiwuwinp "a'1) suonipuod Buisnoy pue (sajnuinb ul swodul pjoyasnoy 1au [enuue Ho| pue s1axoelq Jeak-ua) ul abe 1oj saiwwnp
'9°1) solydesbowap Buipnjoul ‘SajqeAlasqo Juawieall-aid uo paseq dnolb [01u0d ayl ul sinoqybiau 1saseau Jisy) 01 dnoub uswiean ayl ul SfenpIAIpul saydew
uoneadioads Buiyorew aloas-Ausuadoid ayugpenb3 jo uonewnss areledas e S| UWN|OD Yok ‘snipel ayl apisul sadeds uaalb Jo Jaquinu ay) Salouap X
Agaiaym ‘saleioay S Jo 9zIs wnwiulw e yum [x]Susagpds uaalb e 01 sanaw 000‘T JO Snipes Juawieal) e apisul pajedo| bulaq se paudap SI Juswieal] :Sa10N

T0 >0« ‘GO0 >d 4 ‘TO0 > Ouxx "SOSBYIUBIR Ul [DAS] BYEP MBIAISIUI T PBIBISN|O SI0LIS pIepuelsS 1SNqoy

S82°0 €920 8120 S62°0 692°0 6120 SYE0 1620 122°0 ¥2€°0 020 8120 parenbs H ulynm
950°2 9502 9502 962'9 962'9 962'9 G06'? 506'% 506' ¥0L'C ¥0L'C ¥0L'C pajjonuod N
62¢ 443 08z'e [4°14 90¥'T ov0'y 886 Y02 TEY'S S¥9'C 869' 2€9'L pareall N
682, 8.6'L 9€€'0T | 8vL9 20L°'L 9e€'0T €68'S 602°L 9€€'0T 6ve's 207, 9€e'0T N
6622 00€2 82eC €122 922 82eC 1922 00€2 82e 822 6822 82€ $
1202 G102 9€0C 0002 686'T 9€0C 586'T S10C 9€0C 066'T 800°C 9€0C uesiy
SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA S99 | J paxiq [enplalpu|
SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA S199 i3 paxid Xaap-jo-Aeq
SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA S108 | 3 paxid Yo
SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA SOA Buiyoyey 8109s-Aisuadoid
(6v€°0) (8vg'0)  (2L20) | (5090) (06%°0) (T2¥°0) (9ev°0) (019°0) [(ZA40)] (125°0) (etv'0)  (L080)
#x290°€ GG6'0  xTG88 | xmG80°L  xu8TTL  xxxlEQ'OT | xxx8EBE #«T0C°CT 4B29°0T | xaTP9Z-  »B6TE'9  xx¥00'6 020z
(r9g°0) (1€2°0) (zsT'0) (90T°0)
€780 #xx769°0" #xE7G 0" »T192°0- 0202 X [+2]s ussin
(6ST°0) (811°0) (T0T°0) (680°0)
x0E€0" 222l 9V°0" €170 =ETZ0" 020z X [+T]S usain
(080°0) (080°0) (¥80°0) (580°0)
280°0- 2x6T2°0" xxL2€°0 «€9T°0- 0202 x [1]° usain
(1) (t1) (o1) (6) (8) (2) (9) (C)) ) (e) (@ (™)
0z=s GT =S 0T =S G=S

(21-0) oredS Arewwns
(7-OHd) p-8areuuonsand yyesH iusied

(Bulyorey a109s-Alsuadoid) uibrey anisusiu] @ YieaH [RIUSIAl U0 S9ZIS WNWIUIN SnoleA YA sadeds uaals AgleaN Jo s1oedw| @2V a|qel



Table A8: Impacts of Nearby Green Spaces With Various Patch Sizes on Mental Health (Propensity-Score Matching)

Patient Health Questionnaire-4 (PHQ-4)
Summary Scale (0-12)

5 to 10 Hectares 5 to 15 Hectares 5 to 20 Hectares 10 to 15 Hectares 10 to 20 Hectares 15 to 20 Hectares
(1) (2) (3) (4) (5) (6)

Green x 2020 0.132 -0.015 -0.171* -0.394*** -0.542%** -0.670***

(0.105) (0.097) (0.100) (0.128) (0.120) (0.176)
2020 14.257*** 11.796*** 0.745 11.817*** 11.634*** 9.427***

(0.392) (0.267) (0.938) (0.615) (0.316) (1.008)
Propensity-Score Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
Mean 1.985 2.005 2.023 2.005 2.023 2.023
$ 2.252 2.273 2.297 2.273 2.297 2.297
N 4,905 6,296 7,056 6,296 7,056 7,056
N Treated 2,201 3,592 4,352 1,391 2,151 760
N Controlled 2,704 2,704 2,704 4,905 4,905 6,296
Within R Squared 0.400 0.317 0.295 0.320 0.302 0.300

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, * p< 0.1

Notes: Treatment is dePned as being located inside a treatment radius of 1,000 metres to a green sp&geeen with
various patch sizes, from 5 to 10, 5 to 15, or 5 to 20 hectares; 10 to 15 or 10 to 20 hectares; or 15 to 20 hectares. Eacl
column is a separate estimation of Equation2. The propensity-score matching specibcation matches individuals in
the treatment group to their nearest neighbours in the control group based on pre-treatment observables, including
demographics (i.e. dummies for age in ten-year brackets and log annual net household income in quintiles) and
housing conditions (i.e. dummies for dwelling type, ownership, log annual gross rent in quintiles, and area type). See
Section 2.1 for a detailed description of the data and Section2.2 for the model.
Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



A Selection on Unobservables and Coe ! cient Stability

Implicit in our argument that our results remain similar regardless of whether we match individuals or not is that
co€' cient movements are informative about relative omitted variable bias due to unobservables. Yet, this is only
the case if observables are correlated with unobservablester (2019 shows that both co€' cient movementsand

R Squared movements need to be taken into account to make informative statements about the degree of selection
on unobservables. Note that our (Within) R Squared moves only slightly after matching, from 0.156 (cf. Table3
Column 1) to 0.178 (cf. Table 1 Column 3) in our preferred specibcation, i.e. propensity-score matching, and a green
space with a minimum size ofs = 15 hectares.

Oster (2019 suggests a bounding analysis to make informative statements about selection on unobservables and
co€' cient stability, which is based on two key parameters: the maximum attainable R Squared R2,., ) and the degree
of selection on unobservables relative to observables,(whereby & = 2, for example, would imply that selection on
unobservables istwice as important as selection on observables). In particular, the author argues that one should
calculate the & that would be necessary to explain away the treatment &ect obtained in the full model, i.e. "1 =0
in Equation 2. Following this line of reasoning, and assuming thatRZ,., = 1, we obtain &= #0.01. This implies that
selection on unobservables is considerabligss important than selection on observables.

An alternative is to calculate bounds around" 1, by varying &and R2,, . If we set &= 0 (i.e. unobservables are
irrelevant for selection) and R2,,, = 1, we obtain "; = 0.15. If we set&= 1 (i.e. unobservables are as important
as observables for selection) andR2,, = 0.018 (i.e. the R Squared in our full model), we obtain"; = 0.22. This
gives us an interval of [015;0.22] for " 1, whereby the lower bound excludes zero at the 5% signibcance level given a
standard error of 0.05 in our full model, i.e. 0.15# 1.96! 0.05 = 0.053. Note that Oster (2019 considers&= 1 to be
an appropriate seed value, as observables should, in theory, be at least as important as unobservables.

Taken together, our bounding analysis suggests that selection on unobservables and potentially resulting omitted

variable bias is, if anything, only a minor concern.



B Multiple Hypotheses Testing

We test ten hypotheses in our preferred specibcation, i.e. propensity-score matching: four hypotheses for life satis-
faction and green spaces with a minimum size o§ = {5, 10, 15,20} hectares and six hypotheses for mental health
(including loneliness) and a green space with a minimum size of = 15 hectares.

To account for multiple hypotheses testing, we use the stepdown multiple testing procedure birRomano and Wolf
(2005ha), with the four-step algorithm by Romano and Wolf (2016. The algorithm constructs a null distribution for
each of our ten hypothesis tests based on a set of null resampling test statistics (using a bootstrap with 1000 repetitions
and robust standard errors clustered at the interview date level in both the original regression and the resampling
procedure). We bnd that our stepdown-adjusted P values (corresponding to the signibPcance of a hypothesis test
where ten tests are implemented) continue to show statistical sighibcance at conventional levels for life satisfaction
and green spaces with a minimum size of = {10, 15 hectares as well as respondents® summary scores of mental ill

health and their feelings of nervousness and depression. (Appendix Tables9 and A10).



Table A9: Impacts of Nearby Green Spaces With Various Minimum Sizes on Life Satisfaction ® Multiple Hypotheses
Testing (Propensity-Score Matching)

Life Satisfaction (0-10)

$ 5 Hectares $ 10 Hectares $ 15 Hectares $ 20 Hectares
1) 2) 3) 4)
Green 5 x 2020 0.120**
(0.054)
Original P Value 0.025
Stepdown-Adjusted P Value 0.145
Green 19 x 2020 0.150***
(0.046)
Original P Value 0.001
Stepdown-Adjusted P Value 0.022
Green 15 x 2020 0.218***
(0.050)
Original P Value 0.000
Stepdown-Adjusted P Value 0.005
Green 2o x 2020 0.109**
(0.054)
Original P Value 0.042
Stepdown-Adjusted P Value 0.145
2020 -4.280%** -5.921*** -5.967*** -4,145***
(0.280) (0.443) (0.432) (0.282)
Propensity-Score Matching Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes
N 10,336 10,336 10,336 10,336
N Treated 7,632 5,431 4,040 3,280
N Controlled 2,704 4,905 6,296 7,056
Within R Squared 0.175 0.176 0.178 0.175

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, * p< 0.1



Table A10: Impact of Nearby Green Space With Minimum Size of 15 Hectares on Mental Health and Loneliness B
Multiple Hypotheses Testing (Propensity-Score Matching)

Patient Health Questionnaire-4 (PHQ-4) UCLA
Anxiety Depression 3-ltems
Summary Scale (0-12) Nervous (0-3) Worried (0-3) Depressed (0-3) No Interest (0-3) Loneliness Scale (3-9)
1 4 5) 3 2 (6)
Green 15 x 2020 -0.219%** -0.080%** -0.044** -0.068*** -0.027 -0.120*
(0.080) (0.026) (0.022) (0.025) (0.033) (0.064)
Original P Value 0.001 0.001 0.031 0.000 0.218 0.062
Stepdown-Adjusted P Value 0.023 0.023 0.158 0.007 0.322 0.333
2020 10.637*** 2.563*** 3.664%** 1.767%* 2.643%** -2.190%**
(0.471) (0.246) (0.275) (0.283) (0.252) (0.816)
Propensity-Score Matching Yes Yes Yes Yes Yes Yes
Month Fixed E! ects Yes Yes Yes Yes Yes Yes
Day-of-Week Fixed E! ects Yes Yes Yes Yes Yes Yes
Individual Fixed E ! ects Yes Yes Yes Yes Yes Yes
N 10,336 10,336 10,336 10,336 10,336 11,711
N Treated 4,040 4,040 4,040 4,040 4,040 4,510
N Controlled 6,296 6,296 6,296 6,296 6,296 7,201
Within R Squared 0.219 0.179 0.185 0.179 0.218 0.182

Robust standard errors clustered at interview date level in parentheses. ***p < 0.01, ** p< 0.05, *p< 0.1



Table All: Correlations Between Green Urban Areas and Other Urban Land Use Types in Estimation Sample

Correlation With

EUA Code Urban Land Use Type Green Urban Areas
14100 Green Urban Areas 1.000
11100 Continuous Urban Fabric (Soil Sealing> 80%) 0.121**
11210 Discontinuous Dense Urban Fabric (Soil Sealing 50% to 80%) 0.052**
11220 Discontinuous Medium Density Urban Fabric (Soil Sealing 30% to 50%) -0.104**
11230 Discontinuous Low Density Urban Fabric (Soil Sealing 10% to 30%) -0.127**
11240 Discontinuous Very Low Density Urban Fabric (Soil Sealings 10%) -0.103**
11300 Isolated Structures -0.203**
12100 Industrial, Commercial, Public, Military, and Private Units 0.058**
12210 Fast Transit Roads and Associated Land -0.041**
12220 Other Roads and Associated Land 0.238**
12230 Railways and Associated Land -0.008
12300 Port Areas -0.025**
12400 Airports -0.028**
13100 Mineral Extraction and Dump Sites -0.041**
13300 Construction Sites -0.031**
13400 Land Without Current Use -0.030**
14200 Sports and Leisure Facilities 0.150**
21000 Arable Land (Annual Crops) -0.321**
22000 Permanent Crops -0.091**
23000 Pastures -0.319*
24000 Complex and Mixed Cultivation -0.036**
31000 Forests -0.272**
33000 Open Space With Little or No Vegetation -0.006
40000 Wetlands -0.030**
50000 Water -0.005
** p< 0.05

Sources: SOEP, 2019 to 2020; EUA, 2018; own calculations.



Table Al2: Literature Review on E! ect Sizes and Monetary Valuations of Green Spaces

# Study Data and Methods E " ect Size on Life Satisfaction Monetary Value Notes

1 Present Study All major German cities and metropolitan areas with E! ect of green space of at least 15ha within 1,000m radiusEUR 1,664 per capita per
more than 100,000 inhabitants; N=11,082. of household on life satisfaction measured on 0-10 scale: year for green space of at
Data: survey data from German Socio-Economic Panel +0.151 during Covid-19, least 15ha within 1,000m
(SOEP), years 2019 to 2020, providing geographical coor- +0.003 (=0.151x0.02) during normal times (lower bound). radius of household during
dinates of households, linked to data on urban land use Covid-19; EUR 63 during
from European Urban Atlas (EUA), year 2018. normal times (lower bound).

Methods: spatial di! erence-in-dl erences.

2 Krekel et al. (2016 All major German cities and metropolitan areas with E! ect of 1ha increase (mean of 23ha) in green space withinEUR 276 per capita per year
more than 100,000 inhabitants; N=6,959 1,000m radius of household on life satisfaction measuredfor 1lha increase in green
Data: survey data from German Socio-Economic Panel on 0-10 scale: space within 1,000m radius
(SOEP), years 2000 to 2012, providing geographical coor- +0.007. of household.
dinates of households, linked to data on urban land use
from European Urban Atlas (EUA), year 2006.

Methods: FE regression, selection on observables.
3 Bertram  and Rehdanz Berlin, Germany; N=316 No signibcant linear & ect of green space on life satisfac- EUR 322 per capita per year Monetary value calculated
(2019 Data: web survey (cross-section) including residential ad- tion, but signibcant inverse U-shaped éect (with peak for lha increase (mean of for di! erent point estimates
dresses, year 2012, linked to data on urban land use fromabove mean green space, suggesting undersupply). 24ha) in green space within of life satisfaction (given
European Urban Atlas (EUA), year 2006. 750m radius of household.  non-linear relationship).
Methods: ordered logit regression, selection on observ-
ables.
4 Ambrey and Fleming (2014 Capital cities in Australia; N=6,156. E! ect of 1ha increase (mean coverage unknown) in greenEUR 22,681 (AUD 32,797)
Data: survey data from Household, Income and Labour space within 750m radius of household on life satisfaction per capita per year for
Dynamics in Australia (HILDA) panel at small area level measured on 0-10 scale: lha increase in green space
(1.85sgkm), year 2005, linked to GIS data on public green +0.22. within 750m radius of house-
space, year 2010. hold.
Methods: OLS regression, selection on observables.

5 Li and Managi (2021) Sub-prefecture regions Japan; N=1,234. E! ect of 1ha increase in grasslands in neighbouring city EUR 96,393 (JPY Life satisfaction not associ-
Data: aggregated survey data (sub-prefecture level), years of respondent on life satisfaction measured on 0-10 scale:13,210,565) per  capita ated with grassland in re-
2015 to 2017, linked to aggregated land cover data (30m +0.118. per year for 1ha increase in spondentOs own region.
resolution) generated through remote sensing satellite grasslands in neighbouring
data, years 2014 to 2016. city.

Methods: OLS and others, selection on observables.

6 Tsurumi and Managi (2019 Kanto and Kansai, Japan; N=2,158. N/A. Per household per year for No signibcant ¢ ect for green
Data: web survey data (cross-section) providing residen- 1% increase in green cov- coverage within 100m radius;
tial addresses, year 2012, linked to GIS data on green erage: EUR 683 (JPY absolute mean coverage un-
spaces (i.e. Digital Map 5000 from Geospatial Informa- 93,714) within  100-300m, known.
tion Authority of Japan), various years. mean of 0.15; EUR 1,168
Methods: 2SLS IV models, with past income and past (JPY 160,065) within 300-
green spaces as IVs. 500m, mean of 0.18.

7 Tsurumi et al. (2018 Tokyo, Japan; N=2,758. E! ect of 1sqm increase in green space within 1,000m ra-EUR 18 (JPY 2,503) per Some types of greenery have
Data: web survey data, year 2014, linked to high- dius of household on life satisfaction measured on 0-10household per year for 1sqm higher monetary values than
resolution satellite images (which allow extraction of data scale: increase in green coverage others.
at tree level, QuickBird, pixel resolution = 61cm) com- +0.095. within  0-100m radius of
piled using GIS software, year 2011. household, mean of 0.12;

Methods: OLS regression, selection on observables. EUR 1 (JPY 109) within
100-500m, mean of 0.15.
8 Yuan et al. (2018 China; N=18,441. E! ect of 1% increase in green coverage (mean of 0.4) alEUR 410 (CNY 2,808) per No information on size of

Data: web survey data, year 2016, linked to city-level data
on green coverage area, year 2013.
Methods: OLS regression, selection on observables.

city level on life satisfaction measured on 0-10 scale:
+0.010.

capita per year for 1% in- city, but for context, one

crease in green coverage atof cities is Beijing, which

city level. has 64,137ha of green space,
making up 51% of total area.

Sources: Own research, own calculations.
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