
König, Christian

Article  —  Published Version

Neighbourhood structure and environmental quality:
A fine-grained analysis of spatial inequalities in urban
Germany

Urban Studies

Provided in Cooperation with:
WZB Berlin Social Science Center

Suggested Citation: König, Christian (2024) : Neighbourhood structure and environmental quality:
A fine-grained analysis of spatial inequalities in urban Germany, Urban Studies, ISSN 1360-063X,
Sage, Thousand Oaks, CA, Vol. 61, Iss. 10, pp. 1968-1989,
https://doi.org/10.1177/00420980231224224

This Version is available at:
https://hdl.handle.net/10419/313528

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

  https://creativecommons.org/licenses/by/4.0/

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1177/00420980231224224%0A
https://hdl.handle.net/10419/313528
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Article

Urban Studies
2024, Vol. 61(10) 1968–1989
� Urban Studies Journal Limited 2024

Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/00420980231224224
journals.sagepub.com/home/usj

Neighbourhood structure
and environmental quality:
A fine-grained analysis of spatial
inequalities in urban Germany

Christian König
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Abstract
Urban environments are characterised by sparsity of space, elevated levels of air pollution and
limited exposure to natural environments. Yet, residential environmental quality varies substan-
tially both between and within cities. This study combines information on the socio-economic
and demographic composition of 243,607 urban neighbourhoods with administrative and remote
sensing data on the spatial distribution of industrial plants and urban green space to investigate
patterns of environmental inequality in urban Germany at unprecedented levels of spatial granu-
larity. It disentangles neighbourhood disadvantages experienced by foreign minorities (non-
nationals) from those experienced by low-income households in order to assess the plausibility
of economic explanations of residential sorting. The high level of spatial granularity makes it possi-
ble to examine patterns of environmental inequality not only between the relatively large areas
that have been used as units of analysis in previous work but also within them, while reducing the
threat of ecological bias. Results indicate that non-nationals are more likely to be exposed to
industrial air pollution and less likely to live close to green spaces. This association holds even
after adjusting for neighbourhood income composition and in fixed-effects specifications that
restrict the analysis to within-city variation. I find no evidence for environmental inequality by
socio-economic status. Exploratory sub-sample analyses show that neighbourhood disadvantages
for non-nationals are higher in cities characterised by high levels of anti-foreigner sentiment,
pointing towards housing market discrimination as a potentially important driver of foreign resi-
dents’ neighbourhood disadvantage.
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Introduction

Urbanisation has led individuals worldwide
to reside in densely populated areas marked
by sparsity of space, elevated air pollution
and limited exposure to nature. Residential
environments vary substantially both
between and within cities. Scholars have
emphasised the role of residential segrega-
tion in processes of stratification, operating
through differences in locational attainment
such as school quality or public service pro-
vision (Alba and Logan, 1993; Massey et al.,
1987).

Residential environmental quality is one
crucial dimension of spatial inequality in

urban settings that has been shown to affect

health and life chances more broadly.

Studies have demonstrated robust associa-

tions and plausibly causal effects of environ-

mental quality on physical health (Currie,

2013; Currie and Walker, 2011), mental

health (Engemann et al., 2019; Roberts

et al., 2019) and other key outcomes, such as

educational performance (Heissel et al.,

2022), crime (Bondy et al., 2020; Manduca

and Sampson, 2019) and inter-generational
economic mobility (Colmer and Voorheis,
2020; Manduca and Sampson, 2019; O’Brien
et al., 2018).

Research on environmental inequality (EI)
examines differences in exposure to environ-
mental ‘goods’ and ‘bads’ according to
socio-economic status and ethno-racial
background (Ash and Fetter, 2004).
Previous, predominantly North American,
work has shown that socio-economically dis-
advantaged households and members of
racial and ethnic minorities are disproportio-
nately affected by environmental hazards
and have lower access to natural environ-
ments at their place of residence (Ard, 2015;
Ash and Boyce, 2018; Banzhaf et al., 2019;
Crowder and Downey, 2010).

The present paper adds to an emerging
body of EI literature focusing on Germany
(e.g. Diekmann et al., 2023; Jünger, 2021;
Rüttenauer, 2018), (i) by analysing patterns
of EI in urban Germany at unprecedented
levels of spatial granularity and (ii) by
exploring two possible mechanisms underly-
ing residential sorting: income inequality
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and housing market discrimination resulting
from anti-foreigner sentiment. I combine
data on demographic and socio-economic
composition for all 243,607 urban German
neighbourhoods (containing around 65
households, on average) with industrial pol-
lution register data as well as remote sensing
green space data. These two dimensions of
environmental quality are well-suited to
studying neighbourhood disadvantages of
non-nationals, defined as the neighbour-
hoods’ proportion of residents without
German citizenship, and low-income house-
holds because they can be precisely located.

Results indicate that non-nationals are
more likely to be exposed to industrial air
pollution and less likely to live close to green
spaces. Notably, this association holds even
after adjusting for neighbourhood income
composition and in fixed-effects specifica-
tions that restrict the analysis to within-city
variation. I find no evidence for EI by socio-
economic status. Further sub-sample analy-
ses suggest that neighbourhood disadvan-
tages for non-nationals are higher in cities
with higher levels of anti-foreigner senti-
ment, suggesting that housing market dis-
crimination might contribute to
neighbourhood disadvantages of foreign
residents.

This study contributes to previous litera-
ture on EI in several ways: First, it disentan-
gles potential neighbourhood disadvantages
experienced by non-national residents from
those experienced by low-income households
to assess the plausibility of economic expla-
nations of residential sorting.

Second, it contributes to the still limited
literature on EI in Germany (Diekmann
et al., 2023; Jünger, 2021; Rüttenauer,
2018).The utilisation of neighbourhood-level
data warrants an examination of EI patterns
not only between the relatively large areas
(e.g. municipalities, counties) that have
served as units of analysis in previous work

but also within them. I exploit important
within-area variation that would be masked
by spatial aggregation in the case of coarser
spatial data. If EI occurred only between cit-
ies, this could be driven by the (historical)
sorting of minorities into more industrialised
cities. However, this explanation does not
convincingly account for within-city EI.
Scrutinising potential between-city varia-
tions, I also conduct exploratory sub-sample
analyses to investigate differences in EI
based on city-level contexts.

Third, the high level of spatial granularity
reduces the risk of ecological bias. Ecological
bias arises due to within-area variability in
exposures and confounders, which tends to
be smaller in more confined and homoge-
nous spatial units. Typically, spatial aggre-
gation of data is carried out according to
administrative units whose division does not
prioritise grouping individuals or areas with
constant or even similar exposures.
However, aggregating across larger geopoli-
tical units (e.g. US states or counties,
German districts or municipalities etc.) may
dilute or even conceal important local nuan-
ces and anomalies.

Finally, the analyses use a comparatively
precise spatial treatment assignment
approach. Environmental quality measures
are assigned to neighbourhoods based on
their distance to industrial facilities and
green spaces, which – together with the very
fine-grained neighbourhood data – addresses
important limitations of previously used
approaches (e.g. unit-hazard coincidence
approach). This distance-based approach
entails creating circular buffers with a cer-
tain diameter around each neighbourhood,
defining ‘proximity’. I conduct all analyses
for a range of buffer sizes to account for the
arbitrary choice of buffer size in distance-
based approaches, ensuring a comprehensive
exploration of proximity and exposure to
green spaces and industrial facilities.

1970 Urban Studies 61(10)



Theory and background

Theoretically, EI has often been attributed
to two broad classes of causal mechanisms:
selective siting and selective migration.
Selective siting means that environmental
hazards are disproportionately placed in
areas with lower socio-economic status and
higher minority shares. Selective migration,
by contrast, means that residential sorting
emerges as a post-siting process following
changes in neighbourhood environmental
quality (Mohai and Saha, 2015).
Disentangling the (dynamic) processes of sit-
ing and sorting is generally difficult with
cross-sectional data. Investigating selective
siting, in particular, necessitates longitudinal
data due to the typically prolonged nature
of changes in land use patterns compared to
households moving to different neighbour-
hoods. Consequently, the focus of this paper
is directed towards residential sorting. In the
following, I will discuss three major types of
sorting processes.

Socio-economic explanations of
residential sorting

Economic explanations of residential sorting
and environmental inequality propose that
more affluent households move into more
desirable and less polluted neighbourhoods,
while low-income households are drawn
towards neighbourhoods with lower envi-
ronmental quality where housing prices are
more affordable.

Evidence indeed suggests that environ-
mental goods, such as trees and open spaces,
increase housing value, whereas environmen-
tal bads like landfills, roads or proximity to
high voltage lines negatively affect selling
prices (Bolitzer and Netusil, 2000; Cavailhès
et al., 2009; Sirmans et al., 2005). Previous
studies have demonstrated the sensitivity of
housing prices to air pollution (Chay and
Greenstone, 2005) and the presence of green
spaces (Panduro et al., 2018).

The racial income inequality hypothesis
(Crowder and Downey, 2010) posits that
ethnic and racial minorities reside in lower-
quality neighbourhoods because they have,
on average, fewer economic resources.
Rüttenauer and Best (2021) investigate the
socio-economically selective in- and out-
migration of neighbourhoods affected by
industrial plant openings and closings. They
show that municipalities’ average income
decreases after plant openings, but find no
effect of facility closures on an area’s socio-
economic composition. Akee et al. (2019)
found that Black people, Native Americans
and Hispanics in the US – as compared to
White people and Asians – have significantly
lower average incomes and are also highly
immobile in terms of overall economic
mobility. Giesecke et al. (2017), in their
examination of poverty risk by migration
background in Germany, found that individ-
uals with a migration background face twice
the risk of poverty compared to individuals
without a migration background.

If economic disadvantage is the main driver
of ethno-racial differences in neighbourhood
attainment, non-nationals’ neighbourhood
disadvantage should vanish once adjusting for
income at the neighbourhood level.

Preference-based explanations of
residential sorting

Although group-level differences in prefer-
ences are beyond the scope of this study,
persistent residential segregation could be a
realisation thereof. If ethnic minorities are
less bothered by low environmental quality
at the place of residence (e.g. due to lower
environmental awareness or because they
apply higher thresholds for hazardous expo-
sure) this could explain their tendency to
move into environmentally less attractive
neighbourhoods.

Alternatively, EI by ethno-racial back-
ground might be rooted in minorities having
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different preferences for neighbourhood
characteristics that happen to be correlated
with low environmental quality. For ethnic
minorities, residing with co-ethnics has been
shown to influence internal location and
migration decisions (Mossaad et al., 2020).
Ethnic networks are believed to equip mar-
ginalised immigrant groups with employ-
ment and housing opportunities that may
not be available elsewhere. Wiedner et al.
(2022) demonstrated that ethno-religious
infrastructures in Germany indeed increase
immigrants’ life satisfaction but are often
located in socio-economically disadvantaged
inner city areas. As residents of inner-city
areas frequently contend with elevated
levels of pollution, location-dependent social
and network resources could partly repro-
duce EI by ethno-racial background, once
established.

Discrimination-based explanation of
residential sorting

Finally, neighbourhood disadvantages of
migrants and non-nationals might be due to
ethnic or racial discrimination in the housing
market, pushing them into less desirable
neighbourhoods irrespective of their income.
Housing choices of ethnic minorities and
individuals without German citizenship are
restricted, if access to living space is denied
by private landlords and real estate agents.
Experimental studies have indeed shown dis-
crimination against members of ethnic or
racial minorities as potential tenants
(Auspurg et al., 2017; Massey and Lundy,
2001; Yinger, 1986, 1995). The role of land-
lords and rental agents as gatekeepers affect-
ing patterns of residential sorting is likely to
be more relevant in countries with large
shares of rental housing. In 2021, more than
half of the German population (50.9%) lived
in rental housing, representing the largest
rental housing sector in Europe (Eurostat,
2022).

The extent of housing market discrimina-
tion is likely to vary across different local
contexts. Racial prejudice and anti-foreigner
sentiment have been suggested to increase
discrimination against minorities (Bobo and
Zubrinsky, 1996). This could be attributed
to prejudiced attitudes towards outgroup
populations by gatekeepers who discrimi-
nate to avoid dealing with them, or due to
agents’ and landlords’ expectations of preju-
diced customers and tenants which they
might hope to appease by restricting minor-
ity access (Page, 1995).

Audit studies indeed suggest that, all else
being equal, agent and customer prejudice
are linked to elevated housing market dis-
crimination (Ondrich et al., 1999; Page,
1995). Evidence for Germany is limited to a
few cities and rather mixed. Auspurg et al.
(2017) found that discrimination against
Turkish residents was strongest in neigh-
bourhoods with high shares of Turkish resi-
dents. Müller (2015), in contrast, found that
city districts of Berlin with relatively high
shares of migrant residents tended to treat
ethnic minority applicants more equally with
regard to invitations to view a flat.

If housing market discrimination partly
explains neighbourhood EI, I expect neigh-
bourhood disadvantages of non-nationals to
be stronger in areas with high levels of local
anti-foreigner sentiment. To shed light on
the plausibility of discrimination-based
explanations, I employ sub-sample analysis
by city-level anti-foreigner sentiment, prox-
ied by right-wing votership (see Measures
Section below).

Environmental inequality
in Germany

Most earlier studies for Germany either
focus on single cities or regions (Diekmann
et al., 2023; Flacke et al., 2016; Kabisch and
Haase, 2014; Raddatz and Mennis, 2013;
Schüle et al., 2017) or employ subjective
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measures of pollution exposure (Kohlhuber
et al., 2006). Rüttenauer (2018) provided a
first nation-wide assessment of the socio-
spatial distribution of industrial air pollution
using objective data. He found that the share
of minorities within a census tract positively
correlates with pollution exposure. While
not directly accounting for income, housing-
related control variables are included but do
a poor job in explaining minorities’ neigh-
bourhood disadvantage, casting doubt on
the racial income inequality hypothesis. A
recent study by Jünger (2021) investigates
socio-economic and ethnic disparities
regarding land use by combining land use
data with German survey data. He finds that
low-income migrants are particularly likely
to live in areas with limited access to green
space and high levels of soil sealing.
Diekmann et al. (2023) investigated expo-
sure to noise from road traffic and aviation,
finding small to moderate effects of income
and non-Western migration background on
noise exposure. The evidence with regard to
the role of economic resources in residential
sorting, thus, remains mixed, while other
structural factors have received even less
attention.

Against this background, the paper seeks
to further our understanding of EI in urban
Germany (i) by studying neighbourhood
environmental disadvantage at higher spatial
resolution than previous studies and (ii) by
exploring two possible underlying mechan-
isms: income inequality and discrimination
resulting from anti-foreigner sentiment
(proxied by right-wing vote shares).

Methods

Data

The following analyses use geo-referenced
data on neighbourhood composition, indus-
trial air pollution and land use in urban
areas, supplemented by further municipality-
level information.1

I focus on urban areas for two reasons:
first, because these are the areas where natu-
ral environments are scarce, potentially
showing marked inequalities; and second,
high-quality land use data employed here is
not available for all Germany, but only for
so-called functional urban areas (FUAs).
According to the EU-OECD definition
(Dijkstra et al., 2019), a FUA comprises a
city (i.e. a municipality whose majority of
residents live in contiguous, high density
grid cells with at least 50,000 inhabitants)
and its commuting zone. Commuting zones
contain a city’s surrounding travel-to-work
areas where at least 15% of employed resi-
dents are working in a city. Figure S1 in the
Online Supplemental Material illustrates the
designation of urban cores (henceforth also
referred to as cities) and commuting zones
(periphery) based on the EU-OECD defini-
tion. I restrict the main analyses to the
urban cores but will point the interested
reader to supplementary analyses based on
commuting zones and entire FUAs.

Infas360 provides socio-economic and
demographic information for all German
neighbourhoods in 2017. The neighbour-
hood units are based on administrative set-
tlement blocks (Siedlungsblöcke) from the
digital landscape model by the Federal
Agency for Cartography and Geodesy
(Bundesamt für Kartographie und Geodäsie,
BKG). This dataset allows for an unprece-
dented level of spatial granularity in analys-
ing EI in Germany. Note, however, that
data at this granularity is the result of small
area estimation techniques using both
administrative and privately purchased data,
a general limitation compared to similarly
fine-grained administrative data – which is
unavailable for Germany. Infas360 intersects
neighbourhood polygons with gridded data
(1 km · 1 km) from the 2011 census to
obtain within-district and -municipality dis-
tributions. Together with annually updated
administrative data at these higher levels,
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projections are performed to obtain fine-
grained data in more recent years. Refer to
the Measures subsection below for details
on key variables.

Germany comprises roughly 2 million
neighbourhoods and 41 million households.
Neighbourhoods located in cities sum up to
243,607 neighbourhoods containing 39%
(16 million) of all households.

Data on industrial air pollution is
obtained from the European Pollution
Release and Transfer Register (E-PRTR,
European Commission, 2006). Industrial
plants are obliged to disclose information on
pollutants released to air, water and soil,
subject to pollutant-specific reporting thresh-
olds. The E-PRTR covers 91 key pollutants
including heavy metals, pesticides, dioxins
and other chemicals, as well as greenhouse
gases. The empirical analyses are restricted
to air pollutants directly relevant to health.
Greenhouse gases like carbon dioxide (CO2)
and methane (CH4) are excluded, as their
inhalation is not considered an immediate
carcinogenic or non-carcinogenic health risk
(California Environmental Protection
Agency, 2022). Following the restrictions
above, the 2017 dataset contains 1256 facili-
ties reporting emissions to air, with 862
located within 3 km buffer distance of FUAs
and 350 are located within buffer distance of
cities.

Data on land use in FUAs, including
green space, is obtained from the Urban
Atlas 2018 (European Environment Agency,
2020), offering high-resolution data derived
from satellite imagery.2 For this study, the
following land use categories related to
urban green space are merged: ‘Green urban
areas’, ‘Sports and leisure facilities’, ‘Forests’
and ‘Herbaceous vegetation associations’.
Other types (e.g. arable land, permanent
crops and pastures) are excluded, as their
benefits and desirability are potentially
ambiguous. Access to these open spaces may

not be freely available, and they may also be
associated with noise or odours.

Municipality-level information is gath-
ered from the Statistical Offices of the
Federal States3 and the Federal Institute for
Research on Building, Urban Affairs and
Spatial Development.4

Spatial treatment assignment

When working with geographic information
system (GIS) data, there are different
approaches of exposure assignment.5 Simple
spatial coincidence techniques assume that
exposure to environmental hazards is con-
fined to the boundaries of predetermined
geographic units, such as counties, munici-
palities or census tracts (Chakraborty et al.,
2011). Studies employing this unit-hazard
coincidence approach typically classify popu-
lations residing in spatial units that host an
environmental hazard as exposed and com-
pare them to residents in non-host units.
This is problematic because hazards near the
edge of a host unit could equally or even
more strongly affect neighbouring non-host
units and because it assumes uniform expo-
sure within host units. While the use of high-
resolution data helps alleviate false positives
(i.e. areas considered exposed without being
substantially affected), it increases the risk
of false negatives, as only a limited popula-
tion is regarded as exposed.

Therefore, I employ a distance-based
approach to spatial treatment assignment
using buffer analysis which entails generat-
ing circular polygons around geographical
point locations or areas. This approach rests
on the idea that environmental features of
neighbouring and other close-by units are
likely to affect the quality of life of residents
in a unit under study (local spillovers). It
offers a more accurate geographic represen-
tation of exposure to environmental factors,
as it recognises that their effects are not con-
fined solely to host units.

1974 Urban Studies 61(10)



Previous studies have used buffers of var-
ious sizes to identify exposed units and
populations, ranging from a few 100 m up
to 5 km in the case of industrial pollution
(Mohai and Saha, 2006, 2007; Pastor et al.,
2004; Walker et al., 2005) and from 0 to
1000 m with regard to green space exposure
(Cohen-Cline et al., 2015; Engemann et al.,
2019; Jünger, 2021). The choice of buffer
sizes is often insufficiently motivated and, at
times, arbitrary. To ensure that results do
not hinge on measurement choices, I employ
a range of buffer sizes representing reason-
able measures of proximity and exposure.

While distance-based approaches provide
a more precise approximation of exposure,
they come with inherent limitations: discrete
buffers remain a fuzzy proxy for exposure,
since dispersal of pollutants is likely to occur
gradually and asymmetrically, influenced by
factors like topography and prevailing wind
direction (Chakraborty et al., 2011).

Analyses of industrial exposures will be
run for 1, 2 and 3 km buffers around

industrial facilities. I further include a set of

‘exclusion rings’ (0, 500, 1000 m), represent-

ing buffers around the treatment buffer that

are excluded from the sample in order to pre-

vent areas of unclear exposure to attenuate

potentially substantive patterns of EI.
For the green space analyses, I start with

the surface shares of the neighbourhood

areas themselves that are covered by green

space (0 m of buffering) and then continue

to draw buffers of 250 m, 500 m and 750 m

in diameter around each neighbourhood for

green space assignment. Due to the construc-

tion of the green space variable as the sur-

face share covered by green space, increasing

buffer sizes only alter neighbourhoods’ green

space exposure at the margin. In contrast to

the assignment of air toxins, there are no

binary non-treated/treated jumps at the mar-

gin (i.e. no need to apply ‘exclusion rings’).

Figure 1 visualises the different layers of spa-

tial data and the buffer approach to spatial

treatment assignment.

Figure 1. Visualisation of the spatial data and the approach to spatial treatment assignment underlying the
subsequent analyses. The city district of Berlin–Spandau serves as an example only. Panel (a) shows the
area’s neighbourhood units (grey). Panel (b) highlights one specific neighbourhood (black) to illustrate the
construction of circular buffers determining exposure to green spaces (dashed line) and industrial sites
(solid line) around that neighbourhood. Panel (c) adds spatial information on green spaces (dotted areas)
and industrial plants (crosses).
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Measures

Outcomes: Neighbourhood-level shares of non-
nationals and low-income households. The
neighbourhood share of non-national resi-
dents, defined as the proportion of inhabi-
tants without a German citizenship, is the
main dependent variable. Estimations at the
neighbourhood level are derived from
administrative data on non-nationals at the
municipality and district level for 2017,
which are then distributed across neighbour-
hoods using gridded census data from 2011.

The main analyses are additionally run
using the neighbourhood share of low-
income households, defined by a monthly
household income of 1500 EUR or less
(after taxes), as dependent variable. This
measure relies on administrative data
regarding income shares typically spent on
housing by different income groups, along
with neighbourhood-level housing price
data. It is adjusted for housing type, the dis-
tribution of age and household size at the
neighbourhood level, and then calibrated
with annual income survey data (CASA-
Monitor).

Neighbourhood environmental quality variables. The
two explanatory variables of interest are expo-
sure to industrial air pollution and access to
green space.

Exposure to industrial air pollution is
measured by two variables: a binary variable
indicating whether a neighbourhood is
exposed to at least one large industrial plant
and the natural logarithm of the toxicity-
weighted amount of all pollutants emitted
by any industrial plant within the buffer.

For the latter, non-exposed neighbourhoods
are assigned the minimum positive exposure
value observed in the data to prevent issues
during subsequent log-transformation (due to
limx!0+ ln xð Þ= - ‘).6 Consequently, the
regression coefficient of the binary exposure
variable indicates estimated mean differences

in outcomes between non-exposed and mini-
mally exposed neighbourhoods. The coefficient
of the adjusted and log-transformed variable
estimates differences in outcomes associated
with different levels of air pollution exposure
among neighbourhoods in proximity of at least
one industrial site. A one-unit increase in the
toxicity-weighted pollution variable is equiva-
lent to a 2.7-fold increase in exposure.7

This approach is preferable to using
ln(x+ z), where x is the toxicity-weighted
amount of pollution and z some ‘small’
constant (e.g. 1, 0.1 or 0.001). Unlike the
approach of using ln(x+1), for instance,
the method employed here avoids arbitra-
rily setting the difference in exposure
between non-exposed and minimally
exposed units by choosing a small con-
stant. Additionally, it avoids imposing any
unjustified assumptions on the functional
form of the relationship between these
groups of neighbourhoods.

Collapsing exposure to different toxins
into a single index of pollution exposure
requires pollutant-specific toxicity weights.
Here, I use the inverse of the pollutant-
specific threshold for reporting set by
E-PRTR legislation. These thresholds
consider pollutant-specific adverse effects on
human health and the environment, making
their inverse a suitable proxy of pollutants’
toxicity.

The green space variable is more straight-
forward. Simple buffers are drawn around
every neighbourhood in the sample, and
access to urban green space is then con-
structed as the buffer area surface share cov-
ered by green space.

Neighbourhood-level controls. To examine
whether potential disadvantages for non-
nationals can be attributed to group-level
differences in economic resources, I control
for the neighbourhood income composi-
tion (share of low-income households).
Neighbourhood age structure – measured as
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the share of residents age 65 or older – is likely
to be a confounder, being associated with citi-
zenship in the sense that non-nationals, on
average, are younger than the majority popu-
lation (Statistisches Bundesamt, 2018).
Moreover, age is linked to the level of neigh-
bourhood environmental quality through
population growth of inner city areas, driven
by economic, social and educational possibili-
ties, and the fact that young households are
particularly attracted by these amenities
(Kabisch and Haase, 2011; Moos, 2016).
Family structure – that is, the share of house-
holds with underage children – should be con-
trolled for, as family status might affect
migration decisions. Families may require
more space and have stronger preferences for
natural environments.

Municipality-level moderator: right-wing vote
share. To shed light on the plausibility of
discrimination-based explanations, I exploit
regional variation in EI and municipality-
level anti-foreigner sentiment in an explora-
tory sub-sample analysis. As I do not obtain
a direct measure of anti-foreigner sentiment,
I use municipality-level right-wing votership
(votes for the Alternative für Deutschland,
AfD) during the 2017 general elections as a
proxy measure. Based on data from 12
European countries including Germany,
Semyonov et al. (2006) show that political
orientation (i.e. support of right-wing ideol-
ogies) is among the strongest predictors of
anti-foreigner sentiment (alongside eco-
nomic vulnerability).

Municipality-level controls. Population density
is a likely confounder, as urbanity is associ-
ated with both the level of environmental
quality and the sociodemographic composi-
tion of neighbourhoods. Controlling for
municipalities’ distance to the German bor-
der accounts for the possibility that large
industrial facilities are more frequently

located near the border due to lower levels
of local opposition (NIMBYism). Moreover,
areas close to the border might exhibit dif-
ferent shares and compositions of non-
national residents due to cross-border com-
muters. Finally, per capita income tax reve-
nue adjusts for income at the city level, not
least to test whether differences in EI by
city-level right-wing votership are merely an
artefact of city-level economic vulnerability.

Descriptive statistics

Table S1 of the Online Supplemental
Material shows descriptive statistics for key
variables weighted by the number of house-
holds per neighbourhood. The final data set
contains 243,607 neighbourhoods in urban
cores (cities). The average neighbourhood
contains around 65 households, is roughly
1.9 ha large. Relative to 1 km2 census grid
cells, the neighbourhood data is distinctly
more disaggregated, not to mention even
larger units such as city districts or munici-
palities. For reference, the average urban
census grid cell from the 2011 census con-
tained around 841 households and was
100 ha (1 km2) large.8

Neighbourhoods in cities accommodate
17% of non-nationals and 35% of low-
income households on average. Five percent
of all neighbourhoods are exposed to at least
one plant within 1 km. The share of exposed
neighbourhoods increases with larger buffers
(20% in the case of a 2 km buffer, 37% in
the case of a 3 km buffer). Similarly, the
average number of plants and the toxicity-
weighted amount of pollution increase with
buffer size. The latter ranges from 0 to 6.58
(1 km buffer). Note that this implies a wide
range of pollution exposure, as this variable
has been log-transformed to account for skew-
edness. The most exposed neighbourhoods are
exposed to toxicity-weighted pollution around
720 times larger than the neighbourhood with
the lowest positive amount of exposure
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(2:726:58 ’ 723:5). Neighbourhoods’ green
space coverage varies considerably from basi-
cally no green space within the buffer area to
almost entirely green neighbourhood buffer
areas. The mean share of green space within
the neighbourhood areas themselves is nota-
bly lower compared to other buffer specifica-
tions. This discrepancy arises from the fact
that neighbourhood areas are best described
as dense urban fabric, typically featuring few
green spaces. The introduction of buffers
leads to a clear increase of green space.
Surface shares covered by green space tend to
increase with buffer size, but remain rather
similar across the buffer specifications.

Statistical approach

Whether non-national residents are dispro-
portionately affected by low levels of envi-
ronmental quality is assessed with a series
of weighted bi- and multivariate regres-
sions that are run separately for the differ-
ent dimensions of environmental quality.
First, I estimate bi-variate associations
(M1) before step-wise introducing further
neighbourhood-level controls (income,
family and age composition; M2) and
municipality-level controls (municipality
size, distance to border and per capita
income tax revenue; M3). The final model
(M4) includes the full set of neighbourhood
controls and municipality fixed effects to
test whether inequalities persist within
municipalities. Note that this final model
does not include municipality-level controls
as these do not vary within cities.

To examine EI by income, these models
are also conducted using the share of low-
income households as the dependent vari-
able. The key insights with regard to EI by
income are briefly discussed in the Results
section; corresponding plots and regression
tables are part of the Online Supplemental
Material.

To investigate whether patterns of EI dif-
fer by local anti-foreigner sentiment, separate
sub-sample analyses were run for neighbour-
hoods located in municipalities with low and
high shares of right-wing (AfD) votes. The
sub-sample analyses are based on M4 (i.e.
including neighbourhood-level controls and
municipality FEs). The results are supposed
to provide some evidence on the plausibility
of discriminatory explanations of EI with
regard to non-nationals (e.g. housing market
discrimination).

Previous studies on EI have used models
with ‘spatial lags’ (i.e. Anselin and Bera,
1998; LeSage and Pace, 2009) to account for
spatial autocorrelation and investigate spil-
lover effects (e.g. Rüttenauer, 2018). I do
not adopt this approach in the present
study. The buffer-based approach to assign-
ment of treatment (e.g. industrial pollution
exposure) pursued here, in combination with
small geo-spatial units such as neighbour-
hoods, is bound to create strong spatial
autocorrelation in environmental quality
variables by design because substantively
meaningful buffers are much larger than the
average neighbourhood. This leads to signif-
icant buffer overlap among adjacent neigh-
bourhoods and consequently to spatial
dependence. I discuss these issues in more
detail in Section E in the Supplemental
Material, where I also report results from
models that include spatial lags. The main
insight from this comparison is that models
with spatial lags of environmental quality
variables would lead to results that are less
readily interpretable, yet qualitatively similar
to those in the main article.

Results

Running different analyses for several buffer
size and exclusion ring specifications leads to
a considerable amount of results. Therefore,
the first part of the results section is limited
to a graphical presentation of results for
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selected buffer specifications (2 km buffer
without exclusion ring for industrial expo-
sures, 500 m buffer for green spaces).
Results across different buffer specifications
follow thereafter.

Exposure to industrial air pollution

The top panel of Figure 2 depicts the rela-
tionship between exposure to industrial air
toxins and the neighbourhood share of non-
nationals. The left graph presents the regres-
sion coefficients alongside their 95% confi-
dence intervals for the four model
specifications outlined above. Model 1 (M1)
is a bi-variate regression of the share of non-
nationals on exposure to industrial air pollu-
tion. Model 2 (M2) additionally controls for
the neighbourhood income composition, as
well as age and family structure. Model 3
(M3) further adjusts for municipality-level
number of inhabitants, income tax revenue

per capita and distance to the German bor-
der. Model 4 (M4) includes the full set of
neighbourhood-level controls as well as
municipality fixed effects. The right graph
shows the prediction of the full model (M4).
Recall that exposure to industry is measured
with two variables: a binary exposure vari-
able and the toxicity weighted amount of
pollution. The binary exposure variable esti-
mates differences in the share of non-
nationals between non-exposed and mini-
mally exposed neighbourhoods, represented
by the dot and arrow at x equal to zero. The
toxicity-weighted pollution coefficient esti-
mates the link between the amount of pollu-
tion and the share of non-nationals for
exposed neighbourhoods (conditional associ-
ation), captured by the slope of the
prediction.

The coefficient for the exposure indicator
variable based on the bi-variate model (M1)
indicates a 4.5 percentage points increase in

Figure 2. Main analyses for the neighbourhood-level share of non-nationals as dependent variable.
Left column shows estimated coefficients from a series of OLS regressions: M1 is a bivariate regression; M2 adds

neighbourhood-level controls (income, sex and age composition); M3 further controls for municipality size, income tax

revenue and distance to border; M4 includes the full set of neighbourhood-level controls and municipality fixed effects.

Right column shows predictions of non-nationals by neighbourhood environmental quality based on M4. Top row shows

results with regard to exposure to industrial air pollution. Bottom row shows results with regard to green space access.
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the share of non-nationals in minimally
exposed neighbourhoods compared to non-
exposed neighbourhoods. Conditional on
being exposed, higher levels of toxicity-
weighted pollution are further associated
with an even greater share of non-national
residents. Overall, this bi-variate model pre-
dicts that the share of non-nationals in the
most polluted neighbourhoods is about
14 percentage points higher than in neigh-
bourhoods not exposed to any industry.
Notably, including neighbourhood income
composition and further neighbourhood
controls (M2) results in largely unchanged
outcomes, contradicting the idea that non-
nationals’ disproportionate exposure is dri-
ven by lower economic resources. Adding
municipality-level controls only marginally
attenuates the estimated coefficients (M3),
suggesting that neighbourhood disadvan-
tages of non-nationals cannot be substan-
tially explained by their residence in larger –
and potentially more polluted – cities.

Fixed effects results (M4) reveal that EI
by citizenship occurs not only between cit-
ies, but persists when restricting the analysis
to within-city variation. The (partial) asso-
ciations between the pollution exposure
variables and the share of non-nationals are
slightly weaker than in Models 1–3 but
remain substantial. The share of non-
national residents in moderately exposed
neighbourhoods is around 3.4 percentage
points higher than in non-exposed ones.
Elevated levels of toxicity-weighted pollu-
tion again appear to be associated with
higher shares of non-nationals; however, the
coefficient is no longer statistically significant.

To explore whether the results are specific
to cities, I have also run the above analyses
separately for commuting zones (periphery)
and the entire FUAs (core and periphery).
Results are displayed in the upper panel of
Figure S3 in the Online Supplemental
Material. Findings for the entire FUAs mir-
ror those for the cities, with virtually

identical differences between non-exposed
and moderately exposed neighbourhoods
and slope of the prediction. The level differ-
ence in the predictions makes intuitive sense,
as the added peripheral areas typically exhi-
bit fewer non-national residents. When
restricting to the periphery, shares of non-
nationals are still considerably higher in
neighbourhoods exposed to industry. The
amount of pollution, conditional on being
exposed, is associated with relatively small
increases in the share of non-nationals.

The same set of analyses using the share
of low-income households as a dependent
variable, indicates that the share of low-
income households actually tends to be
lower in moderately exposed compared to
non-exposed neighbourhoods. Including
municipality fixed effects attenuates the
coefficient to - 1.4 percentage points, while
the toxicity-weighted pollution coefficient
becomes practically zero. Notably, industrial
exposure regression coefficients in the case
of low-income households lack statistical
significance across all models.

Hence, I do not find clear patterns of
environmental inequality by neighbourhood
income composition. See Figure S2 and
Tables S4 and S5 in the Online Supplemental
Material for more detailed results.

Access to urban green space

Unlike exposure to industrial air pollution,
access to green space is measured by a single
variable: the proportion of the neighbour-
hood buffer area covered by green space.
Residential green space is considered an
environmental good. Higher levels of green
space access, thus, represent elevated levels
of residential environmental quality.

The bottom panels of Figure 2 depict
regression results on the relationship
between green space access and the share of
non-nationals. In the bivariate analysis
(M1), a one standard deviation increase in
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green space correlates with a 1.6 percentage
point (0.15 standard deviations9) decrease in
the share of non-nationals. When adjusting
for neighbourhood income, age and family
composition (M2) this association is attenu-
ated, but remains substantial. The associa-
tion is remarkably robust to adding
municipality-level controls (M3) and includ-
ing municipality fixed effects (M4), indicat-
ing a substantial and statistically significant
neighbourhood disadvantage for non-
nationals. Importantly, unequal green space
access is not primarily driven by non-
nationals’ selection into less green cities. The
fixed effects specification predicts that, even
within the same city, the share of non-
nationals in the greenest neighbourhoods is
around 9 percentage points lower than in
the least green ones.

Online Figure S3 supplements the afore-
mentioned estimates with identical analyses
for the periphery and the overall FUAs.
Even in suburban and rural areas surround-
ing cities, non-nationals reside in less green
neighbourhoods, although disparities are
substantially smaller than in urban cores.
This aligns with expectations, given the

prevalence of natural environments in more
rural areas.

Regarding the neighbourhood share of
low-income households, I do not find evi-
dence of neighbourhood disadvantages in
terms of green space access. If anything, low-
income households might be slightly more
exposed to green spaces in cities, although
these estimates are statistically insignificant.

Results across different buffer size
specifications

The results presented above were derived
from specific buffer size specifications (2 km
buffer, 0 m exclusion ring for industrial
exposure, 500 m buffer for green space
access). I have estimated these models for a
number of reasonable buffer size specifica-
tions to ensure that results are not crucially
dependent on the choice of buffer size.

Comparing results across specifications,
three observations stand out: first, the
strength of the relationship between pollu-
tion and neighbourhood composition
slightly diminishes with larger buffers. This
can be seen in Figure 3 where coefficient

Figure 3. Estimated regression coefficients of environmental quality variables from the full model (M4) for
different buffer specifications.
Dependent variable: neighbourhood-level share of non-nationals. The two columns on the left are based on analyses of

exposure to industrial air pollution, the right column is based on analyses of green space access.
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estimates for both the binary exposure indi-

cator and the continuous pollution variable

are slightly attenuated with increasing buffer

size. This aligns with expectations, as neigh-

bourhoods closest to an environmental

hazard likely are the most affected. Second,

statistical precision tends to increase with

larger buffer sizes, an intuitive phenomenon,

as larger buffers result in more observations

in the treatment group. Third, the positive

association between pollution exposure and

the share of non-nationals in Figure 3

becomes more pronounced with the intro-

duction and expansion of exclusion rings.

This supports the argument that these areas

can be considered areas of unclear exposure,

which typically attenuate the strength of the

relationship.
Regarding the spatial assignment of green

space available to neighbourhoods, associa-
tions tend to increase with buffer size. As
previously noted (refer to Online
Supplemental Table S1), the average share
of green space within neighbourhoods is low
and exhibits limited variation, primarily
comprising residential buildings. This may,

in part, explain why inequalities become
more pronounced when considering neigh-
bourhoods’ surrounding areas.

Effect heterogeneity by right-wing vote
share

So far, the analysis has shown, (a) that non-
national residents face comparatively low
levels of residential environmental quality
and (b) that these patterns are not primarily
due to the fact that non-nationals live in cit-
ies with lower overall environmental quality:
marked environmental inequalities by citi-
zenship are evident even within German
cities.

To explore the potential of discriminatory
explanations (e.g. in the housing market), I
conducted municipality fixed effects estima-
tions using two sub-samples of neighbour-
hoods located in cities with below and above
median shares of right-wing votes during the
2017 general election.

Figure 4 demonstrates that neighbour-
hood disadvantages of non-national resi-
dents in Germany seem to be more

Figure 4. Sub-sample re-analysis of the association between the share of non-nationals and environmental
quality.
Separate sub-sample analyses of municipalities with below- and above-median right-wing vote shares. The first two

columns on the left are based on models with exposure to industrial pollution as the main independent variable for the

2 km buffer, 0 m exclusion ring specification. The right column is based on models with regard to green space access and

the 500 m buffer specification. All coefficients are based on the full model including neighbourhood-level controls and

municipality fixed effects (M4).
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pronounced in cities with high levels of anti-
foreigner sentiment.

In municipalities with high right-wing
vote shares in the 2017 general election,
moving from non-exposed to moderately
exposed neighbourhoods is linked to a
4.5 percentage point increase in the share of
non-nationals. In contrast, the estimated dif-
ference in the share of non-nationals between
these types of neighbourhoods is only
2.6 percentage points in cities with relatively
low right-wing vote shares. This pattern
holds true for the toxicity-weighted amount
of pollution, which is a stronger predictor of
non-national residents in cities with high
right-wing vote shares. Nevertheless, the esti-
mated differences in coefficients fail to reach
statistical significance.

With regard to green space presence, I
find neighbourhood disadvantages by citi-
zenship once more to be particularly strong
in municipalities with high shares of right-
wing votes. The estimated coefficient is
almost twice as large as in municipalities
with below-median right-wing vote shares.
Here, the estimated difference in coefficients
of 0.053 percentage points is statistically sig-
nificant at the 95% level (p-value equal to
0.041).

Discussion

This study reveals that non-nationals in
Germany experience disproportionately low
levels of residential environmental quality.
The associations between low environmental
quality and the share of non-nationals hold
net of the neighbourhood income composi-
tion which, notably, is not independently
associated with lower environmental quality.

Comparing results from pooled and
municipality fixed effects models shows that
neighbourhood inequalities are unlikely to
result from sorting of non-nationals into
more polluted and less green cities. Even

within a given German city, non-nationals
face lower environmental quality on average.

Conducting analyses across various buffer
specifications that have been applied in pre-
vious research corroborates the findings of
socio-spatially unequal distribution of envi-
ronmental goods and bads. Patterns of EI
remained rather stable across the different
specifications.

Housing market discrimination might
limit housing choices of non-nationals,
regardless of their income. The exploratory
sub-sample analyses aim to assess the plausi-
bility of discrimination-based explanations
of residential sorting. Results indicate that
non-nationals’ neighbourhood disadvantage
in terms of access to green space is larger in
contexts of high right-wing votership. Non-
nationals’ neighbourhood disadvantages in
terms of exposure to industrial toxins tend
to show similar patterns, but are less pro-
nounced and not statistically significant.
While these analyses serve as a circumstan-
tial test of discrimination-based mechanisms
of sorting, the inability to directly distin-
guish discrimination from other factors that
might prevent non-nationals from moving
into cleaner neighbourhoods (e.g. antici-
pated discrimination or lack of perceived
fit), warrants further investigation of the
revealed patterns.

In summary, this paper provides proof of
neighbourhood disadvantages for non-
nationals that goes beyond group differences
in financial resources, age, family formation
and selection into municipalities, contradict-
ing the ethnic income inequality hypothesis.
The empirical insights point towards other
important mechanisms of residential sorting
such as housing market discrimination.

Conclusions

The study’s findings on industrial exposure
align with prior work by Rüttenauer (2018)
who demonstrated a positive correlation
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between the presence of non-nationals in a
census cell and exposure to industrial air
pollution. The results further suggest that
the presence of an industrial plant, even with
moderate levels of toxic emissions, predicts
the presence of non-national residents. The
amount of toxic emissions moderately
increases the share of non-nationals in a
neighbourhood, once exposed. Apparently,
the physical visibility of industrial sites
reduces the attractiveness of neighbourhoods
and triggers processes of residential sorting,
somewhat independently of the levels of
toxic emissions. This is in line with prior evi-
dence (Currie et al., 2015; Rüttenauer and
Best, 2021).

The study’s results on green space access
add to initial evidence on unequal land use
exposures by Jünger (2021). Green space
data in this study is limited to types of green
spaces accessible to everybody and unam-
biguously fostering well-being (e.g. parks,
forests), while more ambiguous green space
types (e.g. arable land) are excluded. Green
space presence might affect individuals (a)
by reducing harm (e.g. reduced pollution,
noise or heat), (b) by building capacities
(e.g. promoting physical activity) and (c) by
restoring capacities (e.g. aiding stress recov-
ery) (Markevych et al., 2017). Notably,
green space types considered here – focusing
on accessibility and the absence of environ-
mental hazards – align more with the first
two mechanisms than the third: even the
mere visual presence of other types of open
space, accessible or not, might contribute to
stress recovery, for instance.

I have considered two important dimen-
sions of environmental quality: industrial air
pollution and proximity to green space. The
precise locatability is a notable advantage of
these measures. In contrast, ambient air pol-
lution data from sources like traffic and
households relies on measurements from a
coarse net of monitoring stations combined
with geo-statistical modelling, resulting in

coarser estimates of background pollution.
Nevertheless, the results presented here can-
not readily be extrapolated to other sources
and dimensions of environmental quality.

The fine-grained socio-economic and
demographic neighbourhood data comes
with a number of limitations, being based
on small area estimations combining admin-
istrative data and privately purchased infor-
mation. It cannot be reproduced because the
underlying algorithms are not fully public.
Neighbourhood administrative data would
be preferable in this regard, but is unavail-
able at this level of spatial granularity.
Another limitation is that it involves data
sources from different years, as small-scale
estimates partly hinge on gridded data from
the German census in 2011. This becomes
more problematic in the case of substantial
changes in a measure’s within-municipality
distribution between 2011 and 2017 and
could be an issue with regard to the large
inflow of non-nationals (relative to previous
numbers) around 2015 in Eastern Germany.

In the absence of similarly fine-grained
data from administrative sources, the data
provides estimates for neighbourhood com-
position that may be useful for future cross-
sectional research on neighbourhood
inequalities. Its utility for longitudinal analy-
ses is limited due to forward projections
based on less recent data involved in small-
area estimations.

The study’s main outcome, the share of
non-national residents, serves as a proxy for
ethnic minorities. Ethnic minorities are par-
ticularly relevant in understanding neigh-
bourhood segregation and inequality
because they are among the groups most
likely to face structural discrimination.
However, since the Second World War, the
German state has not gathered explicit data
on ethnicity and race, but rather related data
on foreigners, migrants and their descen-
dants (Will, 2019). German citizenship does
not clearly differentiate between natives born
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in Germany and newcomers. The categories
of ‘German citizens’ and ‘non-nationals’ get
more diverse as groups of ‘German immi-
grants’ (e.g. naturalised persons and late
resettlers) and ‘native foreigners’ (children
born to foreigners in Germany) are growing
(Will, 2019). Unfortunately, reliable data on
individuals with migration background at a
high level of spatial granularity was not
available.

In 2017, the group of non-nationals com-
prised 49% of the German residents with a
migration background and most non-
nationals (84%) have migrated themselves
(Statistisches Bundesamt, 2018). Within this
group, first generation immigrants are, thus,
overrepresented compared to all individuals
with migration background.

Using non-national residents may pose
challenges for the sub-sample analyses. The
neighbourhood disadvantages of non-
nationals are particularly evident in munici-
palities with high levels of anti-foreigner sen-
timent. I cannot determine whether non-
nationals across municipalities with varying
degrees of anti-foreigner sentiment are com-
parable in terms of their individual back-
ground characteristics such as country of
birth or level of education. If not, the findings
regarding municipality-level anti-foreigner
sentiment might (partly) be due to heteroge-
nous non-national groups between cities.

Environmental hazards affect residents’
health and well-being even at relatively low
levels of pollution. Conversely, exposure to
natural environments benefits health out-
comes. While there is some overlap in the
specific health outcomes affected by these
two dimensions of environmental quality,
they are not identical (König and Heisig,
2023). Expanding the scope of EI research
to encompass environmental dimensions
beyond (industrial) air pollution is crucial
for future research on health inequalities.
The paper’s findings on differences in the
extent of EI by local anti-foreigner sentiment

suggest that a more detailed investigation of
regional variation in EI as well as predictors
thereof might be a fruitful avenue for future
research.
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Notes

1. Preparation and combination of different
types of (geo-referenced) data as well as anal-
yses have been carried out with R v4.1.2 (R
Core Team, 2021) with extensive use of tidy-
verse (Wickham et al., 2019), sf (Pebesma,
2018), spdep (Bivand, 2022) and spatialreg
(Bivand et al., 2021) packages.

2. Land uses are generally mapped if they cover
at least 0.25 ha. Homogenous types of land
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uses (e.g. green space) that are divided by
roads can, however, further split into several
polygons that are only required to cover at
least 500 square meters to be mapped which
must be considered very fine grained (roughly
equal to a square of 22.3 m · 22.3 m).

3. Statistische Ämter des Bundes und der Länder,
GENESIS-Datenbank Regionalstatistik.

4. Bundesinstitut für Bau-, Stadt- und
Raumforschung (BBSR). Data access via
Indikatoren und Karten zur Raum- und
Stadtentwicklung (INKAR).

5. See Chakraborty et al. (2011) for a thorough
discussion of different approaches.

6. Once log-transformed, the variable has been
shifted to fix the lower end of the distribution
to zero to facilitate the interpretation of sum-
mary statistics and predictions later on.

7. Rules for logarithms imply that a relative
change in X (here, toxicity-weighted pollu-
tion) implies a constant increase in Y, that is,

dY =b � dX =b � ln x2ð Þ � ln x1ð Þð Þ=b � ln x2=x1ð Þ.
Increasing the natural logarithm of X by 1,
therefore implies 1= ln x2=x1ð Þ and
e1 = x2=x1’2:7.

8. The average number of households per cen-
sus grid cell is based on own calculations
with 2011 census grid data (Statistische
Ämter des Bundes und der Länder, 2014).
Grid cells have been restricted to municipali-
ties with at least 100,000 inhabitants to match
this paper’s focus on cities. The average grid
cell in cities contains 1860 inhabitants. To
calculate the average number of households
within these cells, this number was divided by
the average household size (=2.21) in urban
grid cells.

9. �0:139�11:80ð Þ=10:75.
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