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A B S T R A C T

This study investigates the presence of environmental inequality in Germany and analyses its
spatial pattern on a very fine grained level. Using the 2011 German census and pollution mea-
sures of the E-PRTR, the study relies on nearly 100,000 one squared km census cells over
Germany. SLX and community-fixed SLX models incorporate spatial spillover-effects into the
analysis to account for the spatial distribution of socio-demographic characteristics. Results re-
veal that the share of minorities within a census cell indeed positively correlates with the ex-
posure to industrial pollution. Furthermore, spatial spillover effects are highly relevant: the
characteristics of the neighbouring spatial units matter in predicting the amount of pollution.
Especially within urban areas, clusters of high minority neighbourhoods are affected by high
levels of environmental pollution. This highlights the importance of spatial clustering processes
in environmental inequality research.

1. Introduction

Environmental inequality research addresses the question of whether environmental pollution is unequally distributed across
different groups of citizens. In the United States, a vast body of research has shown that ethnic minorities and socio-economically
disadvantaged groups face a disproportionately high exposure to environmental pollution (e.g. Ash and Fetter, 2004; Ash et al., 2013;
Banzhaf and Walsh, 2008; Been and Gupta, 1997; Crowder and Downey, 2010; Downey and Hawkins, 2008; Downey et al., 2008;
Mohai and Saha, 2007; Pais et al., 2014; Pastor et al., 2001; Szasz and Meuser, 2000). While the assessment of environmental
inequality in some European countries has grown during the last years (e.g. Diekmann and Meyer, 2010; Funderburg and Laurian,
2015; Havard et al., 2009; Padilla et al., 2014; Richardson et al., 2010), empirical analyses in Germany are still scarce. Furthermore,
the existing studies in Germany either use subjective measures of environmental pollution (Kohlhuber et al., 2006; Mielck, 2004) or
focus on single regional areas (Kabisch and Haase, 2014; Raddatz and Mennis, 2013). Although this research has contributed greatly
to the understanding of environmental inequality, Germany lacks a nation-wide assessment of environmental inequality that uses
objective indicators for environmental pollution.

The present study addresses this gap in the literature by analysing the connection between the foreign-minority population and
objectively measured industrial pollution. By connecting 2011 German census data with industrial facilities of the European Pollutant
Release and Transfer Register (E-PRTR), the analyses build on an original dataset of 93,777 (1 km2 sized) grid cells over Germany.
Thus, the connection between the socio-demographic distribution and environmental pollution is evaluated on a very fine grained
spatial level. The study uses the proportionate toxicity-weighted pollution from surrounding facilities as well as the proximity to the
nearest facility as indicators for environmental pollution. Additionally, it incorporates housing indicators to test whether the con-
nection between minority groups and pollution is mediated by income-related variables.
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Furthermore, this paper extends the question regarding the presence of environmental inequality in Germany in two ways. First,
spatial models (SLX) are used to test for the existence of spatial spillover effects. Using these models allows for separating the effects
of the unit's characteristics itself and the effects stemming from neighbouring spatial units. Hence, this study explicitly models the
spatial pattern of environmental inequality and tests whether neighbouring units matter in predicting environmental pollution.
Second, it investigates whether the spatial spillover effects differ between rural and urban areas. Therefore, community-fixed effects
SLX models are used to compare environmental inequality within urban and rural areas. This analysis contributes to the existing
literature not only by assessing the presence of environmental inequality but also by investigating its spatial structure. The results
highlight the importance of spatial spillover and clustering effects in environmental inequality research.

2. Theoretical background

Previous scholars have argued that environmental inequality may stem from two different processes: Selective siting and selective
migration. While the selective siting argument posits that hazardous facilities are disproportionately sited in minority neighbour-
hoods, the selective migration argument assumes that minority households may disproportionately migrate into polluted areas.1

The reason for selective siting may be twofold. First, areas holding a high minority share are expected to face lower housing costs
(Downey, 2005; Farber, 1998; Saha and Mohai, 2005; Wolverton, 2009, 2012). Second, minority groups may lack the political power
to prevent the siting of new facilities (Hamilton, 1995; Mohai and Saha, 2015a; Pastor et al., 2001). Both characteristics make high
minority areas an attractive location for industrial facilities. However, the empirical results regarding the causal mechanisms are
mixed. While some studies find a connection between minority share and the probability of receiving an industrial facility
(Funderburg and Laurian, 2015; Mohai and Saha, 2015b; Pastor et al., 2001), others find none (Downey, 2005; Oakes et al., 1996) or
only weak support (Been and Gupta, 1997; Shaikh and Loomis, 1999) for selective siting.

In contrast to the selective siting argument, the selective migration argument assumes that neighbourhood characteristics are not a
predictor of facility siting. Instead, the argument works the other way round: neighbourhood pollution predicts neighbourhood char-
acteristics. This means that minority households selectively move into polluted areas. Again, two mechanisms clarify this argument. First,
lower housing prices in polluted areas make these areas more attractive for low income households and, thus, to minority households
because of their lower socio-economic status (Been and Gupta, 1997; Campbell et al., 2010; Downey, 2005; Crowder et al., 2011; Pais
et al., 2014). This is called the racial income inequality hypothesis, which will be tested indirectly in the analysis. Second, minority
households may face significant discriminatory barriers on the housing market when trying to enter high quality neighbourhoods (Crowder
et al., 2011, 2012; Pais et al., 2014). While previous research on the macro level failed to identify selective migration as a cause of
environmental inequality (Been and Gupta, 1997; Downey, 2005; Funderburg and Laurian, 2015; Mohai and Saha, 2015b; Oakes et al.,
1996; Pastor et al., 2001; Shaikh and Loomis, 1999), research on the household level found clear evidence for selective migration of
minority households into polluted areas (Crowder and Downey, 2010; Pais et al., 2014). Furthermore, those studies on the micro level
conclude that socio-economic factors can only partly explain the racial gap in moving behaviour.

Although studies conducted in Germany did not aim to compare the causes of environmental inequality, they give important
insights about the presence of environmental inequality. Kohlhuber et al. (2006) find non-German citizens to perceive a higher degree
of exposure to noise and air pollution also when controlling for socio-economic indicators. In the same manner, Raddatz and Mennis
(2013) find the percentage of foreigners to be negatively correlated with the distance to the next industrial facility in the city of
Hamburg, even when controlling for the percentage of welfare recipients. For the city of Berlin, Kabisch and Haase (2014) identify a
lower provision of urban green space in city districts with a higher minority share. In addition to the identification of general
environmental inequality in Germany, the first two studies show that dissimilarities in the exposure to pollution between minority
and majority groups cannot be explained solely by socio-economic variables. However, while the first study uses subjective measures
of pollution, the latter concentrate on single German cities. Therefore, the present study is the first nation-wide assessment of
environmental inequality that uses objective measures of pollution.

3. Neighbours matter

Following theoretical explanations as well as findings from previous research, we expect the percentage of minority members to
be positively correlated with the exposure to environmental pollution and the proximity to the next industrial facility. However, this
simple correlation does not take into account the spatial distribution of minority groups and environmental pollutants. Although the
cross-sectional design of this study does not allow testing causal mechanisms that lead to environmental inequality, the theoretical
explanations offer some predictions of the spatial patterns that are to be expected from these processes.

First, if selective siting causes the unequal distribution of environmental pollution over different households, we expect the
broader neighbourhood to be a main driver of environmental pollution. In other words, when companies decide where to place a new
facility, it is not a single neighbourhood that is decisive but rather whole clusters of neighbourhoods. If the theory of selective siting is
correct, companies will place facilities where low-income or minority households cluster, because lower housing prices and less
political protest can be expected in those areas. Therefore, not only the minority share of a unit itself, but also the minority share of

1 Note that minorities in the United States are predominantly defined as ethnic minorities. In Germany, minorities stem mostly from recent migration processes, and
are thus defined as foreign-minority and later operationalized as foreign population. Still, it is assumed that the same mechanisms apply as discussed in the American
literature.
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the broader neighbourhood is expected to be an important predictor of environmental pollution. Furthermore, existing industrial
facilities may attract new industrial facilities due to attractive infrastructure opportunities (Ard, 2016; Elliott and Frickel, 2013). This
would reinforce the clustering of industrial facilities and minority neighbourhoods.

Second, if selective migration causes environmental inequality, the broader neighbourhood may be important as well. The ar-
gument of selective migration, as outlined above, only considers environmental quality as a decisive preference for a household's
relocation. However, as shown theoretically by Schelling (1978) and confirmed by recent research (Clark and Coulter, 2015; Crowder
et al., 2011, 2012; Krysan et al., 2009; Rathelot and Safi, 2014; Sager, 2012), minority and majority groups tend to segregate spatially
because of similarity preferences, which means households prefer to have members of their own group within their neighbourhood.
Thus, if households of minority groups tend to move into polluted areas because of affordable housing opportunities, they will attract
even more members of the minority group, while staving off majority-group households. Kim et al. (2014) show formally that the
similarity preferences of households help to explain the observed disproportionate exposure of minority groups. As in the previous
case of selective siting, minority households are expected to cluster around high pollution areas.

Again, it is important to note that it is impossible to distinguish between those processes–selective siting and selective mi-
gration–in a cross-sectional design. However, it is possible to test whether pollution correlates especially with high minority clusters
by incorporating spatial spillover effects. More precisely, the present study will test if the minority share of neighbouring spatial units
will influence the exposure to environmental pollution or, in other words, if neighbours matter. Additionally, housing market
characteristics of the census tract and housing market characteristics of the neighbourhood are incorporated to investigate whether
these characteristics can explain the correlation between minority share and environmental pollution.

Furthermore, there might also be significant variation in the patterns of environmental inequality between different types of
communities. As previous research has shown, urban and rural areas may face differences in segregation processes (Catney, 2016;
Crowder et al., 2012; Sager, 2012) as well as in pollution patterns (Ard, 2015; Briggs et al., 2008). Therefore, patterns of environ-
mental inequality may differ between urban and rural areas in two ways. First, the direct correlation between minority share and
pollution may be stronger within metropolitan areas because these areas generally face higher segregation levels (Sager, 2012) and
pollution may be more concentrated in these segregated areas. In line with this argument, results by Ard (2016) indicate that
segregation is associated with increasing overall health risks from industrial pollution but also with additional health risks for
minority neighbourhoods. Second, the spatial spillover effects may be stronger in metropolitan areas. Previous research has shown
that segregation between central and suburban districts within metropolitan areas (macro segregation) increased during the last
decades (Lichter et al., 2015). This could indicate that the expected clustering effects may be stronger within urban areas.

On the other hand, segregation could also reduce environmental inequality. As Downey (2007) notes, minority succession pro-
cesses may lead to the concentration of minority groups in city centres (or in other parts of the city) absolutely independent from the
concentration of pollution sources. In contrast to the first argument, this second argument would result in a lower correlation
between minority share and pollution within urban areas.

In sum, the present paper tests 1) if there is environmental inequality in Germany when using objective measures, 2) if neighbours
matter in explaining the level of pollution and 3) if the patterns of environmental inequality differ between urban and rural areas.

4. Data and methods

4.1. Data

To answer these questions two different data sources are combined: demographic data of the 2011 German census and pollution
reports of the European Pollutant Release and Transfer Register (E-PRTR) for 2011.

The German census (Statistische Ämter des Bundes und der Länder, 2015) provides information about the population on the basis of a
one squared km grid. This grid divides Germany into 361,478 equally sized and distributed grid cells, of which 214,633 are populated by
at least one household. Excluding grid cells with missing data (due to low numbers of inhabitants and confidentiality issues) leads to a final
dataset of 93,777 grid cells.2 This final dataset still contains information of nearly 73 million inhabitants (90.94% of the total German
population). The 93,777 grid cells are defined as neighbourhoods in the current study, though they represent no administrative or real-life
boundaries of neighbourhoods, but result from a random grid. This is an advantage for the present research question, as the grid
boundaries itself should not be related to siting or clean-up decisions (because they are not meaningful for administrative authorities). On
average, these one squared km sized neighbourhoods contain 778 inhabitants (median: 303 inhabitants) and thus, offer a very fine grained
spatial level to assess the presence and the spatial patterns of environmental inequality.

The E-PRTR (European Commission, 2006) contains information about industrial facilities falling under one or more of the 65 E-PRTR
industrial activities (European Commission, 2006, pp. 79–82), which exceed a pollutant specific threshold of emissions (European Commission,
2006, pp. 83–86). For 2011 the dataset contains a total of 4971 facilities, of which 1476 report industrial emissions to air, and 3495 report waste
management activities or emissions to land and water.3 In sum, these facilities report nearly 1b tonnes of emissions to air and nearly 90m tonnes
of processed waste. These pollution data are matched with the grid cells of the German census by using the georeferenced location of the facilities.

2 When including all 201,101 non-missing units into the baseline model (containing only the minority share as explanatory variable), results similar to the presented
baseline model M1 are obtained.
3 Note that the E-PRTR relies on self-reported emissions, which is prone to reporting biases. However, complementary analyses using the E-PRTR reports from 2010

to 2012 and 3-years average emissions yield nearly identical results.
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4.2. Variables

To measure the exposure to environmental pollution, two different indicators were constructed. The main indicator is the amount
of toxicity-weighted industrial air pollution, while the proximity to the nearest industrial facility is used as a complementary in-
dicator to examine the robustness of the results.

To compute the air pollution for each census grid cell, a 2 km buffer around each facility location was constructed and the
emissions were allocated to the census cells proportional to the overlap of the 2 km buffer and the census cell boundaries. This
method is similar to the method used by Banzhaf and Walsh (2008) and addresses the problem that facilities may be sited at the edges
of spatial units (Mohai and Saha, 2006, 2007). In a second step, the aggregated air pollution was calculated as the toxicity-weighted
sum of all air pollutants, which were allocated to each census grid cell in the first step. For weighting, the inhalation toxicity weights
of the United States Environmental Protection Agency's (EPA) Risk Screening Environmental Indicators (RSEI) database were used
(Environmental Protection Agency, 2015). The resulting measure is similar to the hazard-based results in the RSEI data and provides
an estimate of the amount of industrial emissions weighted by each pollutant's potential for long-term health risks. This includes
pollutants like chlorinated substances, heavy metals, and other gases and organic substances (like ammonia, benzene, or fluorine),
while excluding greenhouse gases (like CO2, NOX, PM10, SOX), which are not classified as causing chronic human health impacts (e.g.
cancer).4 In a final step, the natural logarithm of this proportionate amount of toxicity-weighted air pollution was computed to take
the right skewness into account.

This measure of exposure to pollution (as used by Banzhaf and Walsh, 2008) is superior to the widely used unit-coincidence
methods (for a discussion see e.g. Mohai and Saha, 2007) or hazard-proximity measures (e.g. Crowder and Downey, 2010), but less
sophisticated than the RSEI scores used in recent studies in the United States (e.g. Ash et al., 2013; Ard, 2015). In contrast to the
United States RSEI, the European E-PRTR does not offer exposure estimates based on plume models, accounting for stack high, wind
direction, wind speed, and resulting surrogate dose of emissions. Though the current study uses the same air pollutants and toxicity-
weights as RSEI data, it can only use a less accurate approximation of actual exposure to pollution as provided by the RSEI.

The second measure, the proximity to the nearest facility, is calculated as the inverted Euclidean distance between the centre of
each census grid cell and the facility located nearest to the grid cell. In contrast to the measure of air pollution (including 1476
facilities), the second measure also includes facilities reporting waste management activities or emissions to land and water (4971
facilities). The proximity to industrial facilities does not aim for measuring any physical health impacts, but rather represents an
indicator of reduced neighbourhood quality (due to potential noise, visibility of industrial facilities, or odour). Thus, the two mea-
sures, toxicity weighted air pollution and proximity to the nearest facility, offer the possibility to evaluate the presence of en-
vironmental inequality by using two distinct dimensions of exposure to environmental pollution. While the amount of toxicity
weighted pollution provides a measure related to health risks, the proximity should mostly capture disadvantages due to visibility or
odour nuisances of close facilities. However, both measures can only provide an approximation of exposure to environmental pol-
lution (though it is the best possible approximation based on the available data in Europe).

The explanatory variables stem from the 2011 census data. Minority share is available as the percentage of foreigners, which is
defined as the proportion of inhabitants without a German citizenship. Additional control variables are included to test if the cor-
relation between minority share and pollution can be explained due to differences in socio-economic characteristics. Most im-
portantly, the living space per inhabitant can be seen as a proxy of socio-economic status.5 Second, the percentage of vacant housing
approximates the housing market conditions, as a higher percentage of vacant housing should correlate with less demand for housing
and, therefore, lower housing prices. To investigate the differences between urban and rural areas, a dichotomous variable is con-
structed that takes the value one for all grid cells that are located within a community with at least 100,000 inhabitants, and zero
otherwise. Furthermore, the number of inhabitants (which equals population density because of similar census cell sizes) as well as
the percentage of inhabitants aged 65 or older are included as controls.

4.3. Method

In a first step, a simple OLS model is used to investigate the connection between minority share and pollution. However, the
simple OLS model is not able to take the spatial nature of the data into account. Moran's I test confirms that the non-spatial OLS model
exhibits a highly significant spatial residual correlation, indicating that observations are not independent. As shown by Pace and
LeSage (2010), spatial auto-correlation in the dependent variable ≠Wy ycov ( , ) 0 does not only lead to erroneous inferences, but also
to biased point estimates in case of ≠Wx xcov ( , ) 0, whereW specifies the ×N N spatial weights matrix (all >w 0ij for neighbouring i
and ≠j i, and =w 0ij otherwise), y the ×N 1 vector of the dependent variable and x the ×N 1 vector of the independent variable. In
other words, if the explanatory variable xi of unit i is correlated with the explanatory variable xj and the outcome variable yj of the
neighbouring unit j, OLS estimates of βx suffer from omitted variable bias.

Several model specifications exist that incorporate the spatial dependence of the data by including spatial lags of the dependent
variable (SAR), a spatially weighted error term (SEM), or both (e.g. LeSage and Pace, 2009; Ward and Gleditsch, 2008). However, the

4 Additional analyses not using toxicity weights but aggregating over all emission (including greenhouse gases) lead to similar conclusions but less conservative
point estimates (not shown).
5 Note that this is the best available proxy for wealth at this fine-grained spatial level. Though wealthy people might move to small flats in inner cities (e.g. to reduce

commuting distance), this problems seems less severe in the present study, as the analysis simultaneously controls for population density.
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SEM does not estimate spatial spillover effects, which are of interest for the research question at hand. Though the SAR does provide
estimates of direct and spillover effects, those are global spillover processes, as a change in the explanatory variable of one ob-
servation affects all other observations, which is not intuitively interpretable in a cross-sectional design (for a detailed explanation see
e.g. LeSage, 2014). In addition, the ratio between direct and spillover effects is fixed for all parameters of the covariates, as a SAR
specification estimates only one autoregressive parameter. Thus, the flexible SLX model is more suitable for the research question of
this study (Elhorst, 2014; Halleck Vega and Elhorst, 2015). This model allows for testing whether ‘neighbours matter’ or more
precisely, whether the minority share of neighbouring units spills over and affects the level of pollution in the focal spatial unit.
Furthermore, the SLX model is attractive due its simplicity, as the coefficients can be interpreted directly (in contrast to the SAR
coefficients).

The SLX model is specified as

= + + +y ι Xβ WXθ εα ,

where W and y are defined as above, ι is a ×N 1 vector of ones, α the model intercept, X a ×N K matrix of K covariates, and ε a
×N 1 vector of residuals (for = …i N1, , units). β and θ are ×K 1 parameter vectors: while β contains the parameters of the direct

effect estimates, θ contains the parameters of the local spatial spillover effects between neighbouring units. These spillover effects can
be interpreted as the average effects of the focal unit's neighbours. In the present study, the weights matrix is defined as row-
normalized contiguity (Queens) neighbours matrix, which includes all units as neighbours sharing at least one common border. As
this would drop all observations without a direct neighbour (otherwise w xij j would spuriously equal zero), the nearest neighbouring
unit was imputed for all units without a direct neighbour. In the final sample this affects 6.8% of the units. The outlined modelling
strategy leads to an average number of 3.6 neighbours per unit (ranging from 1 to 8 neighbours). Alternative measures are considered
in the discussion section.

Two different modelling strategies are used to investigate the correlation between minority share and pollution. The first strategy
uses an overall SLX model (as defined above), thus investigating if the minority share in a census grid cell is correlated with pollution
in a nation-wide comparison. This might, however, result from the fact that the average minority share is higher in cities or areas
where also pollution is high (e.g. the mid-western region of Germany), thereby only capturing regional level-differences. Thus, the
second strategy uses community-fixed effects SLX models. This strategy controls for the community-constant differences between
4518 communities (e.g. the community's share of minorities or level of pollution) and, additionally, ‘differences out’ unobservable
differences between the communities. Consequently, those fixed effects models investigate whether census grid cells with a high
minority share are affected by a disproportionately high pollution within the communities (compared to census grid cells within the
same community), independent of general regional differences. All models were estimated using R's package spdep (Bivand and Piras,
2015).

5. Results

Table 1 shows the descriptive statistics of the used variables separated by rural and urban areas. The table includes the distance
instead of the proximity to the nearest facility because it is intuitively interpretable (in contrast to its inverse). Industrial air pollution
tends to be higher, and the average distance to the nearest industrial or waste management facility tends to be lower in urban areas.
This indicates a generally higher exposure to industrial pollution in urban areas. At the same time, the percentage of minority
inhabitants living within each census cell is nearly three times higher in urban areas. These summary statistics clearly indicate that it
is important to account for the differences between urban and rural areas when analysing the patterns of environmental inequality.

Fig. 1 illustrates the spatial distribution of air pollution and minority share graphically. Analogue to the descriptive statistics,
Fig. 1 shows that highly polluted census cells as well as neighbourhoods with a high percentage of minority inhabitants cluster
around urban areas. Particularly the mid-western part of Germany holds a high pollution and census cells with a high minority share.
Regarding the remaining parts of Germany, high levels of minority inhabitants and pollution (to a lower extent) occur especially
around the metropolitan areas. The spatial clustering of the variables of interest further supports the finding of high spatial corre-
lation between the units of observations and illustrates graphically that the individual census cells cannot be handled as if they were

Table 1
Descriptive statistics.

Variable Rural Urban Overall

Mean SD Mean SD Mean SD

Air pollution (ln kg) 0.54 (2.59) 1.79 (5.01) 0.66 (2.93)
Distance to nearest facility (km) 7.82 (4.57) 3.21 (1.81) 7.37 (4.59)
% Foreigners 3.02 (4.66) 9.00 (8.43) 3.59 (5.44)
Population 577.58 (835.71) 2649.91 (2887.97) 777.82 (1345.95)
% 65 and older 19.56 (8.74) 20.57 (7.44) 19.65 (8.63)
% Vacant housing 3.46 (4.12) 3.50 (3.54) 3.46 (4.07)
Living space 44.93 (6.66) 41.74 (5.95) 44.63 (6.66)

N 84716 9061 93777
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independent of each other. To take the city of Berlin as an example (Fig. 2), this finding does not only apply for the whole country but
also for the distribution within cities. The Berlin district ‘Mitte’, for example, is characterized by a high percentage of minority
inhabitants and is also affected by high pollution. Another interesting pattern can be found within the districts of ‘Neukölln’ and
‘Spandau’: within the districts, those cells with a high share of minorities are affected by the highest level of pollution. These
geographical patterns offer a first sign for a positive correlation between minority share and pollution in Germany as a whole but also
within metropolitan areas. Very similar patterns can be seen when looking at the proximity to the nearest industrial facility (as shown
in Figures A.1 and A.2 in the appendix).

To test whether census cells with a higher minority share face a higher exposure to industrial pollution, Table 2 presents the
results of the multiple regression models, regressing the industrial air pollution on the percentage of foreigners and further controls.
All variables (except dichotomous variables) are standardized, allowing for the interpretation of the coefficients' magnitude in terms
of standard deviations.

Model M1 represents the baseline model without any control variables or spatially lagged explanatory variables. The model
confirms the impression of the previous figures: the percentage of minority inhabitants within a census cell is positively correlated
with air pollution. Thus, model M1 confirms the presence of environmental inequality in Germany. Model M2 indicates, however,
that the effect magnitude of model M1 is likely to be biased. When incorporating the spatially lagged minority share—meaning the
average minority share in the neighbouring census cells—the model yields a much weaker direct correlation between minority share

Fig. 1. Spatial distribution of air pollution and minority share in Germany.

Fig. 2. Spatial distribution of air pollution and minority share in Berlin.
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and air pollution. A big proportion of the effect in model M1 seems to be driven by the spatial correlation between neighbouring
units. Furthermore, it confirms the hypothesis that neighbours matter. The level of pollution is not only correlated with the minority
share of the focal unit but also with the minority share of neighbouring units.

When comparing the effect magnitudes of direct and spillover effects, it is important to keep in mind that the spatially lagged
minority share represents the average minority share of the neighbours. This means that an increase in the minority share in all
neighbouring units together (which are 3.6 neighbours on average) by one standard deviation is correlated with a 0.11 standard
deviations higher pollution in the focal unit. Consequently, one could say that the characteristics of the surrounding area matter more
than the characteristics of the census cell itself. However, this does not mean that a higher minority share in just one neighbouring
unit has a stronger impact than the unit specific characteristics themselves.

The results presented so far support the hypothesis that high minority neighbourhoods experience a disproportionate high ex-
posure to environmental pollution and that neighbours matter by influencing the pollution level. However, the models do not control
if the correlation between minority share and pollution is a consequence of socio-economic or housing-related characteristics. Model
M3 adds several control variables, all modelled as direct and spillover effects. Living space per inhabitant and the share of vacant
housing show a significant and theoretically plausible effect on the amount of pollution. More importantly, these area- and housing-
related control variables explain a considerable proportion of the minority effect. The magnitude of the direct as well as the spillover
effect of the minority share is reduced by more than 25%. However, supplementary models (not shown) reveal that the housing-
related variables do a rather poor job in explaining the disproportionate burden of neighbourhoods facing a high minority share. The
reduction of the minority effect occurs mainly due to controlling for urban areas (or if excluded due to population density). Thus, a
significant proportion of the correlation between minority share and pollution found in model M2 can be ascribed to the fact that
minority households cluster in urban areas, which tend to suffer from higher levels of industrial air pollution. The argument that
disproportionate pollution in high minority areas stems from cheaper housing opportunities cannot be supported by the analysis.

Model M4 further investigates if the patterns of environmental inequality significantly differ between urban and rural areas. Note
that all covariates are interacted with the urban dummy in model M4, as all processes may differ in urban areas (control interactions
are not shown). Both interaction terms are significant and show that the direct as well as the spillover correlations between minority
share and pollution are higher in urban areas. While the main effect of the urban dummy shows that people in general experience

Table 2
OLS and SLX estimates. Dependent variable: Industrial air pollution.

OLS SLX

M1 M2 M3 M4

(Intercept) 0.000 −0.003 −0.027*** −0.027***
(0.003) (0.003) (0.003) (0.003)

% Foreigners 0.120*** 0.054*** 0.039*** 0.012*
(0.003) (0.005) (0.005) (0.005)

W [% Foreigners] 0.113*** 0.084*** 0.014*
(0.005) (0.006) (0.007)

Population −0.006 0.009
(0.005) (0.007)

W [Population] 0.002 0.064***
(0.007) (0.010)

% 65 and older 0.003 0.003
(0.003) (0.003)

W [% 65 and older] 0.006 0.009
(0.005) (0.005)

% Vacant housing 0.009** 0.003
(0.003) (0.004)

W [% Vacant housing] 0.010* −0.003
(0.005) (0.005)

Living space −0.034*** −0.027***
(0.004) (0.004)

W [Living space] −0.075*** −0.055***
(0.005) (0.005)

Urban 0.245*** 0.117***
(0.013) (0.016)

Urban × % Foreigners 0.055***
(0.013)

Urban × W [% Foreigners] 0.290***
(0.017)

R2 0.014 0.019 0.032 0.044
Adj. R2 0.014 0.019 0.031 0.044
Num. obs. 93777 93777 93777 93777

<p*** 0.001, <p** 0.01, <p* 0.05. Standardized coefficients. Standard errors in parentheses. W is specified as contiguity neighbours weights matrix. Model M4
interacts all covariates with the urban dummy (interaction with controls not shown).
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higher levels of pollution in urban areas, the interaction confirms an additional burden for minorities in urban areas. Comparing main
and interacted minority-effect indicates that the magnitude of the disadvantage results mainly from disadvantages in urban areas.
Another interesting finding is that the difference in spillover effects is much stronger than the difference in direct effects. While the
direct effect in urban areas is approximately six times as strong as in rural areas, the spillover effect is more than twenty times higher
in urban areas. This indicates that neighbours matter especially in urban areas. Particularly in urban areas, pollution is correlated
with clusters of high minority areas. This holds true even when accounting for the higher average number of neighbours in urban
(5.87) than in rural (3.29) areas.

However, the results presented so far do not control for regional level-differences over Germany. Community-specific un-
observables may bias the results. This might be especially problematic when comparing rural and urban areas. Therefore, Table 3
presents results from community-fixed effects models. These models control for the differences between 4518 German communities
and use only the ‘within-community variance’ to estimate the effects, while conditioning for all community-constant characteristics.
For ease of interpretation an overall model as well as two models separately for urban and rural areas are estimated. The fourth
column of Table 3 additionally presents a test for differences between urban and rural areas. These differences were computed by
interacting all covariates in the overall model (M5) with the urban dummy.

First of all, model M5 estimates the within-community environmental inequality for all communities taken together. It turns out
that the extent of environmental inequality is even stronger within communities than it is in a country-wide comparison (comparing
M3 and M5). This finding is in line with results from the American context, where environmental inequality is found to be stronger
within than between cities (Ash and Fetter, 2004). Again, results support the hypothesis that neighbours matter. Also within com-
munities, clusters of high minority neighbourhoods correlate significantly and positively with pollution. Additionally, the minority
share is by far the strongest predictor of environmental pollution, though the models include controls for the share of vacant housing
and living space per inhabitant, which should be more important if the socio-economic disadvantages of minority groups and re-
sulting need for cheap housing are responsible for the higher exposure to environmental pollution.

Models M6 and M7 compare whether the patterns of environmental inequality differ between urban and rural areas. A first
interesting finding is that population density of the surrounding area is a significant predictor of pollution only in urban areas,
whereas the percentage of vacant housing correlates with pollution only in rural areas. In both urban and rural areas, pollution is
significantly lower in areas with higher living space per inhabitant, though the direct effect is non-significant for urban areas.
Regarding the minority share, the direct effect in urban areas is twice as strong as in rural areas. Furthermore, there are highly
significant and strong differences in the spillover effects. The effect of the minority share spilling over from neighbouring units is
more than four times higher within urban than within rural areas. Even when taking into account that observations in urban areas
have on average 5.87 neighbours, the spatial spillover effect from a single neighbouring unit is nearly as strong in its magnitude as
the effect of the focal unit's minority share itself. According to M6, a one-unit change in a single neighbouring cell has only a slightly

Table 3
Community-fixed effects estimates. Dependent variable: Industrial air pollution.

Overall Urban Rural Diff

M5 M6 M7 (M6-M7)

% Foreigners 0.062*** 0.076*** 0.035*** 0.041*
(0.009) (0.016) (0.007) (0.017)

W [% Foreigners] 0.163*** 0.391*** 0.077*** 0.315***
(0.025) (0.070) (0.015) (0.071)

Population −0.010 −0.011 −0.008 −0.002
(0.007) (0.009) (0.006) (0.011)

W [Population] −0.039 −0.124*** −0.023 −0.100**
(0.023) (0.030) (0.017) (0.034)

% 65 and older −0.005 −0.001 −0.000 −0.000
(0.004) (0.017) (0.003) (0.017)

W [% 65 and older] −0.009 −0.101 0.004 −0.105
(0.007) (0.072) (0.005) (0.072)

% Vacant housing 0.014** 0.035 0.012** 0.023
(0.005) (0.027) (0.004) (0.027)

W [% Vacant housing] 0.021* 0.087 0.020** 0.068
(0.008) (0.092) (0.007) (0.093)

Living space −0.012** 0.014 −0.008* 0.022
(0.004) (0.022) (0.003) (0.022)

W [Living space] −0.036*** −0.161* −0.022*** −0.139*
(0.007) (0.070) (0.006) (0.070)

R2 0.018 0.076 0.005
Adj. R2 −0.031 0.067 −0.050
Num. obs. 93777 9061 84716

<p*** 0.001, <p** 0.01, <p* 0.05. Standardized coefficients. Cluster robust standard errors in parentheses. W is specified as contiguity neighbours weights matrix. The
differences and standard errors in column 4 are obtained by an overall fixed-effects model with interaction terms of the urban dummy and all covariates.
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lower impact (0.391/5.87 = 0.067) than a one-unit change of the focal unit's minority share in urban areas (0.076). If all neighbours
increased their minority share simultaneously, this would lead to an effect that is more than four times higher than the effect of an
increase in the unit's own minority share.

In sum, the analyses reveal: 1) the disadvantage of minority neighbourhoods is stronger within urban areas and 2) this stems
mostly from the fact that neighbours matter especially in urban areas. In general, results confirm that neighbours matter: industrial
air pollution tends to be especially high in areas where high proportions of foreign inhabitants agglomerate.

6. Discussion

Though the theoretical predictions are supported by the results, there remain three critical issues regarding the presented models.
First, although the models account for the covariance between y and WX , there still remains spatial autocorrelation in the residuals,
which might result from spatially clustered unobservables that influence y and X . Second, the conclusions, especially regarding the
spatial spillover effects, might depend on the specification of the neighbourhoods weights matrix W and third, all analyses rely on
toxicity-weighted air pollution from industrial facilities as an indicator for the exposure to environmental pollution. Therefore, these
issues are addressed in the following paragraphs.

To reduce the remaining spatial autocorrelation of residuals, a spatial Durbin model was estimated. The Durbin model, ad-
ditionally, includes the spatially lagged dependent variable Wy on the right-hand side of the equation (e.g. LeSage and Pace, 2009).
This method reduces the spatial correlation of the residuals dramatically. Regarding the effect magnitudes, the spatial Durbin models
yield similar direct but slightly higher spillover effects.6 This applies to the overall as well as the fixed effects Durbin model. Ad-
ditionally, overall and fixed-effects Durbin models confirm that direct and spillover effects are significantly stronger in urban areas. In
sum, the spatial Durbin models offer very similar results to the SLX models, while reducing the remaining residual autocorrelation.

Regarding the specification of the neighbourhood weights matrix, additional models were estimated with alternative specifica-
tions. When excluding cases without direct neighbours instead of imputing these connections, nearly identical results are obtained.
When replacing the weights matrix by a 10 nearest neighbours matrix (while weighting the neighbours by inverse distance), direct
effect magnitudes decrease while the spillover effects increase. However, the main story does not change. Another model specifi-
cation includes first as well as second order neighbours separately (two different weights matrices). These models produce nearly
identical direct effects but slightly smaller spillover effects for the first order neighbours. Interestingly, also the second order
neighbours produce effects comparable to first order neighbours with particularly strong impacts in urban areas. Combining first and
second order effects, these models estimate an even stronger spillover effect from neighbouring units. This further supports the story
that neighbours matter: even the neighbours of the neighbours play a role in determining the level of pollution. All estimated
alternatives also support the findings from the community-fixed effects models and the different patterns between urban and rural
communities.

To ensure that the conclusions do not depend on the measure of exposure to environmental pollution, Tables A.1 and A.2 in the
appendix present the analyses of the results section using an alternative measure, the proximity to the nearest facility. In contrast to
the first indicator, this measure additionally includes waste management facilities (like landfill sites). These analyses basically
confirm the previous results. Census grid cells with a high minority share are located closer to industrial facilities and, again,
neighbours matter: a high minority share of neighbouring units is associated with closer industrial facilities. Though the relative
effect magnitude of the spillover effects compared to the direct effects is lower when using the proximity, these analyses confirm that
the total effect of neighbouring units is stronger. Furthermore, the results confirm the conclusion regarding the area differences. The
correlation between minority share and proximity to industrial facilities is stronger in urban areas, especially regarding the spatial
spillover effects. Hence, neighbourhoods with a high minority share and neighbourhoods lying in an area with a high minority share
are not only exposed to a higher amount of air pollution but are also located closer to industrial and waste management facilities.
However, it must be noted that both measures only use indicators of industrial pollution and do not account for other sources of
pollution like traffic.

7. Conclusion

Although environmental inequality has gained increasing interest in Europe, this is the first nation-wide wide assessment of
environmental inequality in Germany that uses objectively measured pollution. Furthermore, the present study includes the spatial
nature of environmental inequality patterns by using innovative spatial methods and including the characteristics of neighbouring
units. This seems to be important, as the theoretical mechanisms of environmental inequality concern not only single units but rather
spatial clusters. In sum, the analyses yield three important results.

First, there is a considerably high correlation between the minority share and exposure to environmental pollution. Not only in a
nation-wide comparison, but also within communities, minorities experience a higher exposure to environmental pollution. This
means that minorities live in more polluted areas in Germany and in more polluted neighbourhoods within communities. Housing-
related control variables do a poor job in explaining the correlation between minority share and pollution, indicating that the racial
income inequality hypothesis finds no support. It rather indicates that the high exposure of minorities does not mainly stem from

6 Note that the impacts in a Durbin model depend on the weights matrix and differ from the model's coefficients. I refer to the average direct and indirect effects over
all units here (for more information see e.g. Halleck Vega and Elhorst, 2015; LeSage and Pace, 2009).
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their low socio-economic status and the resulting need for low-cost housing. However, to adequately confirm this finding, panel data
or natural experiments are needed to account for other non-observable confounders. With certainty, it can only be stated that
neighbourhoods and areas with a high level of minorities are exposed to disproportionately high levels of pollution.

Second, neighbours matter, which means that neighbourhoods that are located within clusters of high minority neighbourhoods
face a higher level of pollution, independent of their own characteristics. Thus, processes of spatial clustering seem to play an
important role in shaping patterns of environmental inequality. One explanation could be that regions where minorities agglomerate
offer attractive sites for industrial facilities, as the probability of resistance declines with distance rather than boundaries. Another
explanation could be that segregation of minorities around industrial facilities contributes to their disproportionate exposure to
pollution. In combination with further attraction of minority households due to similarity preferences, this could induce a self-
reinforcing processes leading to a clustering of minorities around industrial facilities. This is especially interesting, as results from the
United States (Downey, 2007) rather indicate that segregation patterns do not play a crucial role in determining the extend of
environmental inequality. If this also applies to Germany, why do we than observe these clustering processes? To answer this question
empirically, further research should have a more detailed look at the spatial patterns of environmental inequality. Especially in a
time-series framework this could lead to new insights regarding the causes or structural conditions generating the disproportionate
exposure of minority households to industrial pollution.

Third, the correlation between the minority share and environmental pollution is stronger within urban than within rural areas.
Especially the spatial spillover effects stemming from neighbouring units are much stronger within urban communities. Urban in-
frastructures, the level of segregation, or urban housing opportunities may foster the extend of environmental inequality. On the one
hand, minorities might be less clustered or segregated in rural areas, which prevents companies from selectively siting facilities close
to minorities. Spatial restriction in urban areas, in contrast, could ‘force’ companies to place facilities closer to inhabitants, which
might than disproportionately affect minorities. On the other hand, rural areas exhibit a lower population density and more relaxed
housing markets, which might provide better opportunities to ‘escape’ polluted areas. This is also supported by the finding that higher
vacancy rates are correlated with pollution within rural areas (but not within urban areas): people seem to leave polluted neigh-
bourhoods in rural areas. Especially minority households might, in turn, profit from those relaxed housing situations, leading to lower
barriers regarding discriminating behaviour as well as financial pressure.

In sum, the present study offers a first assessment of environmental inequality in Germany using objective measures of air
pollution, but also highlights the importance of spatial processes associated with environmental inequality. However, the results also
open new issues for further research. This study estimates the exposure to environmental pollution by proportionately allocating the
toxicity-weighted emissions of facilities to surrounding neighbourhoods. Though this is an improvement over other studies in
Germany using subjective measures, it is far behind the accuracy provided by EPA's RSEI in the United States. Further effort should be
undertaken to improve the data quality in Europe, including advanced models based on estimated surrogate doses of exposure as it is
done by the RSEI. This would not only improve the quality of environmental inequality research in Europe but also offer the
opportunity to conduct comparative studies between different countries, thereby providing new insights for international research in
this area.

Further research should also investigate the question why neighbours matter. Though the discussion above offers some possible
explanations, further research is needed to explain the patterns observed in this study. The strong difference between urban and rural
areas indicates that structural characteristics might play an important role. Thus further research should try to enrich the analyses by
other structural variables and investigate their influence on the clustering processes presented here. Geographic data on urban forms
as provided by OpenStreetMap, for example, would offer an interesting extension of socio-demographic characteristics usually used
in environmental inequality research. Moreover, combining the spatial patterns of environmental inequality with individual mobility
data might offer important insights of the causal mechanisms leading to the disproportionate exposure of minorities to environmental
pollution.
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Appendix A. Proximity to nearest facility

Fig. A.1. Spatial distribution of proximity to nearest facility and minority share in Germany.

Fig. A.2. Spatial distribution of proximity to nearest facility and minority share in Berlin.

Table A.1
OLS and SLX estimates. Dependent variable: Proximity to nearest facility.

OLS SLX

M1 M2 M3 M4

(Intercept) 0.000 −0.007* −0.049*** −0.025***
(0.003) (0.003) (0.003) (0.003)

% Foreigners 0.320*** 0.155*** 0.119*** 0.076***
(0.003) (0.004) (0.004) (0.005)

W [% Foreigners] 0.282*** 0.165*** 0.089***
(0.005) (0.006) (0.006)

Population −0.035*** 0.061***
(0.005) (0.006)
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W [Population] 0.180*** 0.372***
(0.007) (0.009)

% 65 and older 0.014*** 0.005
(0.003) (0.003)

W [% 65 and older] 0.021*** 0.004
(0.004) (0.004)

% Vacant housing 0.016*** 0.006
(0.003) (0.003)

W [% Vacant housing] 0.004 −0.012**
(0.004) (0.004)

Living space −0.039*** −0.025***
(0.003) (0.003)

W [Living space] −0.069*** −0.046***
(0.004) (0.004)

Urban 0.378*** 0.459***
(0.012) (0.015)

Urban × % Foreigners 0.070***
(0.012)

Urban × W [% Foreigners] 0.142***
(0.016)

R2 0.103 0.131 0.173 0.193
Adj. R2 0.102 0.131 0.173 0.193
Num. obs. 93777 93777 93777 93777

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Standardized coefficients. Standard errors in parentheses. W is specified as contiguity neighbours weights matrix. Model M4
interacts all covariates with the urban dummy (interaction with controls not shown).

Table A.2
Community-fixed effects estimates. Dependent variable: Proximity to nearest facility.

Overall Urban Rural Diff

M5 M6 M7 (M6-M7)

% Foreigners 0.132*** 0.153*** 0.088*** 0.065*
(0.009) (0.025) (0.008) (0.027)

W [% Foreigners] 0.216*** 0.357*** 0.122*** 0.236***
(0.018) (0.036) (0.013) (0.038)

Population −0.044*** −0.086*** 0.017* −0.102***
(0.009) (0.010) (0.007) (0.012)

W [Population] 0.079*** −0.013 0.169*** −0.182***
(0.013) (0.024) (0.016) (0.029)

% 65 and older 0.005 −0.011 0.004 −0.015
(0.002) (0.012) (0.002) (0.012)

W [% 65 and older] 0.007 0.018 0.006 0.012
(0.004) (0.044) (0.004) (0.045)

% Vacant housing 0.017*** 0.035* 0.011*** 0.024
(0.003) (0.017) (0.003) (0.017)

W [% Vacant housing] 0.009 0.036 0.003 0.033
(0.005) (0.053) (0.005) (0.054)

Living space −0.035*** −0.086*** −0.018*** −0.067**
(0.004) (0.023) (0.003) (0.023)

W [Living space] −0.063*** −0.358*** −0.032*** −0.325***
(0.007) (0.052) (0.004) (0.053)

R2 0.069 0.167 0.044
Adj. R2 0.066 0.166 0.042
Num. obs. 93777 9061 84716

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Standardized coefficients. Cluster robust standard errors in parentheses. W is specified as contiguity neighbours weights
matrix. The differences and standard errors in column 4 are obtained by an overall fixed-effects model with interaction terms of the urban dummy and all covariates.
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