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Abstract

The clean energy transition and large-scale deindustrialization have caused major changes
in the industrial landscape of many high-income economies. This paper investigates
how closures of large industrial facilities in Germany affect surrounding communities.
By exploiting quasi-random variation in the timing of facility shutdowns, I analyze the
neighborhood-level effects of these closures using data at the 1km x 1km grid cell level.
I find that shutdowns of industrial sites lead to significant improvements in environmen-
tal amenities as represented by air quality. These environmental benefits, however, do
not capitalize into increasing housing prices. Instead, housing values fall by up to 5%
following facility shutdowns – a result that contrasts with existing evidence for the US
context. Neighborhoods affected by industrial closures also experience substantial local
downturns with average household income dropping by 4% in the most affected neighbor-
hoods. The resulting total annual income loss attributable to facility shutdowns amounts
to e0.7 - e1.9 billion. Using a simplified model of neighborhood choice, I further show
that neighborhoods surrounding a closed industrial site become less amenable over time.
These findings have important implications for place-based policies in the context of sig-
nificant structural change. Additionally, using the newly assembled granular data, I reveal
biases originating from the ecological fallacy in previous assessments of environmental
inequality in Germany and show that there exists significant inequality in the exposure to
fine particulate matter across the income distribution.
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The transition to a decarbonized economy and the expansion of renewable energy generation
have sparked local economic booms and job creation in many places. At the same time, such
large-scale structural change entails disruptions in regions with large employment shares in
traditional, carbon intensive industries. The question of who will be the winners and losers of
the clean energy transition has triggered heated discussions in many high-income economies.
While employment in renewable energy has increased almost fourfold since the beginning
of the century in Germany (Umweltbundesamt, 2020), structural change has heavily affected
certain regions and contributed to increasing wage inequality (Goebel and Gornig, 2015). In
this light, the question of what happens to neighborhoods that experience shutdowns of major
industrial sites naturally arises. This papers constructs a novel dataset at the 1km x 1km grid
cell level to shed new light on this question.

In a first step, I quantify the current degree of inequality in terms of access to environmental
amenities as measured by air quality and proximity to industrial sites. This exercise reveals
a significant degree of inequality in Germany. Low-income neighborhoods face an annual
PM2.5 exposure burden that is 0.5 µg/m3 higher than that of more affluent neighborhoods -
a gap that amounts to 0.22 standard deviations of pollution exposure across the full period.
Similarly, neighborhoods from the bottom of the income distribution are significantly more
likely to be located within direct proximity of a large industrial site than grid cells from
the top of the income distribution. These facts have been overlooked in previous studies of
environmental inequality in Germany which are conducted at more aggregate levels.

Building on the granular data, I exploit the staggered closure of large industrial sites in Ger-
many to causally estimate the effect of these closures on environmental quality and socio-
economic conditions at the neighborhood level. The estimates show that, while shutting
down industrial sites improves local air quality, the most affected neighborhoods lose 4%
in disposable household income annually relative to the period before the closure. The total
annual loss in income incurred by these neighborhoods amounts to e0.7 - e1.9 billion. Simi-
larly, housing prices drop by 5% four years after the shutdown in neighborhoods surrounding
closed industrial sites. This finding indicates that the positive environmental amenity effect
of improved air quality does not capitalize into increased housing prices but is outweighed
by local economic downturns - a result that contrasts with existing findings from the US.
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Lastly, I use a revealed preferences approach to quantify the overall amenity impacts from
large industrial closures. My findings show that neighborhoods that experience facility clo-
sures in their vicinity become slightly less amenable over time. This effect is observed de-
spite improvements in air quality which should in principle make the affected places more
amenable. Hence, these neighborhoods face an interacting double burden on welfare - de-
creasing income and deteriorating amenities follow the shutdown of major industrial sites.
These finding make a case for targeted compensation and place-based policy in the most af-
fected neighborhoods to counteract phenomena of persistent regional deprivation observed in
other countries.
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1 Background

What is the role of local environmental amenities in shaping the residential and economic
composition of communities? This question has received considerable attention among en-
vironmental and urban economists over the past decades. Seminal contributions illustrate
the importance of environmental quality in shaping the composition of modern cities and
communities (Banzhaf and Walsh, 2008; Currie et al., 2015; Heblich et al., 2021). In many
cases, however, environmental quality correlates with other amenities and local employment
opportunities. For instance, in a place where a large industrial site induces a significant en-
vironmental disamenity but also provides employment to the local population, the local net
welfare effects of shutting down such a site are unclear. Against the backdrop of ongoing
deindustrialization and the phase-out of nuclear and coal power, there are various communi-
ties in Germany that are facing such trade-offs.

The US-centered literature has produced exhaustive evidence on the distributional implica-
tions of the clean energy transition (Carley and Konisky, 2020), regional decline in coal com-
munities (Colmer et al., 2024; Krause, 2023), and the neighborhood effects of exogenous
changes in local environmental quality (Banzhaf and Walsh, 2008; Chay and Greenstone,
2005; Currie et al., 2015; Gamper-Rabindran and Timmins, 2011; Zivin and Singer, 2022).
At the same time, the literature is significantly less conclusive regarding the local impacts of
the renewable energy transition and structural change in Europe. Recent contributions sug-
gest significant worker-level costs of the coal transition in the UK and Germany (Haywood
et al., 2024; Rud et al., 2024). I contribute to the emerging literature for Europe by combining
novel data on the closure of large industrial sites in Germany with socio-economic data at the
small spatial scale. This paper relates to two major strands of the literature. The descriptive
part of the paper contributes to the rapidly growing field of environmental justice research
while the second part interests itself in the local-level effects of large industrial shutdowns.

Regarding the first strand, ever since the seminal report of Chavis and Lee (1987) exposed
striking racial and socio-economic injustices with respect to the location of hazardous waste
sites among US communities, researchers have devoted considerable attention to the empiri-
cal and theoretical study of environmental amenities and their distribution. A first part of the
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literature is chiefly concerned with quantifying the exposure to environmental disamenities
across different ethnic and socio-economic groups.

In this context, persuasive evidence showing that non-white and economically deprived com-
munities are exposed to disproportionate environmental burdens for a variety of pollutants
has been put forward (see e.g. Ash and Boyce, 2018; Bell and Ebisu, 2012; Miranda et al.,
2011; Mohai et al., 2009). Inequality in exposure to ambient air pollution has been one of the
most salient research areas in this regard (Mohai et al., 2009; Pais et al., 2014). Recent stud-
ies appear to find some reductions in fine particulate matter exposure disparities. Currie et al.
(2020) attribute a narrowing of the racial PM2.5 exposure gap to over proportionate air quality
improvements in predominantly black neighborhoods induced by the Clean Air Act. Colmer
et al. (2020) find a convergence effect between the most and least polluted census tracts in
the US over the period 1981-2016 albeit strong persistence in relative exposure disparities.

A second strand of the literature has investigated the effects of changing environmental
amenities on a variety of socio-economic and demographic outcomes at varying geographical
levels. Banzhaf and Walsh (2008) were among the early studies to document residential sort-
ing in response to pollution from TRI sites in the US. Currie et al. (2015) show that housing
prices decrease in the immediate proximity of newly opened TRI sites illustrating the poten-
tially significant effects of local environmental amenities on neighborhood-level outcomes.
Gamper-Rabindran and Timmins (2011) provide evidence for environmental gentrification,
i.e. increased household income and shares of college-educated population within a neigh-
borhood following the cleanup of toxic waste sites. Such evidence on the importance of
environmental quality for mechanisms of residential sorting has led to the inclusion of envi-
ronmental amenities in quantitative spatial models which can rationalise location decisions
on the basis of location-specific amenities among other variables (Bayer et al., 2016; Heblich
et al., 2021). More recently, (Graff Zivin and Singer, 2022) show that, on top of unequal
base amenities, there exist significant differences in amenity capitalization rates across racial
groups when environmental quality does improve. Their results show that the same air qual-
ity improvement translates into stronger housing price increases for white households relative
to non-white households in the US because white households are more likely to benefit from
capitalization gains through favorable correlated amenities in their neighborhoods. In sum-
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mary, there exists a body of evidence on the role of environmental amenities in determining
neighborhood composition largely focussed on the anglo-saxon context.

As for Germany, Bauer et al. (2017) show that the decision to close nuclear power plants led
to an average decrease in housing prices of 5% along with significant employment reduc-
tions in the immediate proximity of closed plants. These results imply that the detrimental
economic effects of plant shutdowns dominate the positive amenity effect of reduced nuclear
risk perception. In a recent contribution, Quentel (2023) shows that housing prices in Ger-
many also decrease by approximately 2% in reaction to the proximate construction of new
wind farms. As wind farms construction should not have any significant local employment
effects, this estimate is likely to represent a pure amenity effect driven by factors such as noise
pollution or visual disamenities. Haywood et al. (2024) further show significant worker-level
welfare costs for German coal miners following the phase-out of coal mining in Germany.

In light of the existing literature, the contribution of this paper is twofold: I first quantify
the current state of environmental inequality in Germany with regard to air pollution and
proximity to industrial sites at the grid cell level - an exercise that has not been conducted
at a reasonable level of spatial disaggregation in a longitudinal setup. Secondly, I exploit
quasi-random variation in the closure of large industrial sites to estimate the neighborhood-
level impacts of these shutdowns - which, in many cases, represent a simultaneous shift in
environmental quality and economic conditions.
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2 Data

The analysis in this paper relies on the combination of data from five main sources: remote
sensing data on air pollution and weather variables, real estate and socio-economic data for
the contiguous area of Germany on grid cell level and information on industrial facilities
and their location. The data is annual and spans a common period from 2009 to 2021 at the
level of 1km×1km grid cells. This section describes the individual datasets which have been
combined to construct the database used in the analysis.

2.1 Socio-Economic Data

Socio-economic data at the grid cell level are obtained from the Leibiz Institute for Economic

Research (RWI). The data is provided on a regular grid with more than 300,000 grid cells
across the country. Retaining only populated cells results in a panel of approximately 220,000
grid cells of 1km2 covering all populated areas of Germany. The grid is based on the EU-
INSPIRE projection whose aim is to facilitate a harmonised provision of spatial information.
The data was made available by the RWI as scientific use file where observations are censored
if less than five household live within a grid cell (RWI and Microm, 2023). The dataset is
constructed based on more than 1 billion individual observations from a variety of sources,
including official statistics, data from private geomarketing companies and data collected by
public enterprises such as the Deutsche Post (Breidenbach and Eilers, 2018). The data is
validated using official statistics and observations from the Socio-Economic Panel (SOEP),
the largest household panel in Germany which includes detailed information on household
location.

The dataset contains information on the residential structure of the grid cells, demographic
information on population, age structure, share of foreign-born residents and economic vari-
ables such as unemployment and disposable household income. I complement the grid cell
data with information on the industrial employment share at the district level from the German
Federal Institute for Research on Building, Urban Affairs and Spatial Development (BBSR,
2024). Precisely, the industrial employment share is measured as the share of employees in
industrial employment in the total working age population.
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2.2 Real Estate Data

Real estate data is also retrieved from the research data center at the RWI. The data is con-
structed from listings on Germany’s largest online real estate platform Immobilienscout24

and contains monthly observations on the number of listings, mean and median rental rates
and sale prices for houses and appartments respectively for the period from 2007 to 2022.
The data is provided on the same grid as the socio-economic variables. I thus aggregate the
real estate data to the annual level and match it with the socio-economic information for the
common period of 2009 to 2021.

It is important to note that the data is based on the listings of one single platform only. A
priori, there is no way to ensure that the properties listed on this platform are representative
of the real estate market in all regions of Germany. As landlords and sellers are required
to pay a fee to post their offers on the website, it may be that the propensity to use the
platform is higher for relatively more expensive properties. In this case, the observed prices
would not be representative of the overall real estate market in Germany. While this is a
valid concern, Immobilienscout24 is the largest platform for real estate listings in Germany
with a market share of approximately 70% of all rental and sale offerings combined in 2016.
Given that most properties are offered on multiple platforms at the same time, such a large
market share does plausibly imply that most online real estate listings in Germany do appear
on Immobilienscout24. Furthermore, the platform is equally used by private home owners
and professional real estate agents which are likely to represent different market segments.

Another concern is that the prices indicated in the dataset represent offering prices only.
Hence, I do not observe the final sales or rental prices of the different properties. This is
arguably a more severe issue for sales than for rentals as there is likely a larger margin of
negotiation for property sales than for rental leases. This is potentially problematic if the
difference between offer price and final sale price varies systematically across regions as a
function of the local real estate market. While such regional variation in the relative difference
between listing and final sales price might exist, it appears unlikely to be large enough to
invalidate the listing price as a good proxy for the final sale price.
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2.3 Air Pollution Data

Pollution Data for ambient ground-level mean PM2.5 concentration stems from estimates pro-
vided by the Atmoshpheric Composition and Analysis Group (ACAG) at Washington Univer-
sity.1 The surface PM2.5 estimates are based on a combination of several data sources, most
importantly data from ground-based monitoring networks and data on aerosol optical depth
based on satellite imagery.2 Direct measurements of surface concentration are naturally the
most reliable source of pollution data. However, they are usually exclusively located in urban
areas and monitoring networks are extremely sparse in many countries and rural areas in par-
ticular. van Donkelaar et al. (2016) therefore combine the monitoring data with information
on aerosol optical depth (AOD) based on satellite imagery. AOD is a measure of the extent
to which aerosols prevent the reflection of light from the earth’s surface to the top of the at-
mosphere and is thus directly related to the volume of aerosols in a given column of air (Wei
et al., 2020). AOD measurements are available at fine spatial resolutions thanks to satellite
remote sensing. van Donkelaar et al. (2016) use AOD data projected onto a 0.01◦ x 0.01◦

grid covering the entire globe. While AOD is a general measure of the density of particles of
a given size in a column of air between the surface of the earth and the atmosphere, it can be
related to specific pollutants, such as PM2.5 through a model of atmospheric chemistry. van
Donkelaar et al. (2016) make use of GEOS-Chem, a geochemical transport model to derive a
relationship between the general AOD data and PM2.5 pollution levels at the grid cell level.3

These geophysical estimates are then validated against the observed ground-level measure-
ments from monitoring stations. The resulting pollution estimates are available at a resolution
of 0.01◦ x 0.01◦ which corresponds to grid cells of just over 1 km2 at the equator. Fowlie
et al. (2019) show that remote sensing data on PM2.5 exhibit considerable attenuation bias
and tend to underestimate extreme pollution concentrations. Their results show significant
attenuation at pollution concentrations of 15µg/m3 and above. While such concentrations do
occur in Germany, they are present only within the upper end of the pollution distribution.
Nonetheless, it is important to keep in mind that exposure at the higher end of the pollution

1Data is available at: https://sites.wustl.edu/acag/datasets/surface-pm2-5/ (Accessed 29.11.2021)
2The data for European measurement stations can be retrieved from the EEA’s Air Quality e-Reporting

database available at: https://www.eea.europa.eu/data-and-maps/data/aqereporting-9
3The model is open source and publicly available at: http://www.geos-chem.org
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distribution might be underestimated.

Since the air pollution data and the socio-economic data are provided roughly at the same
resolution, I compute average annual grid cell PM2.5 exposure as the area-weighted mean
of the pollution grid cells that overlap with a given reference grid cell. Figure A.1 shows
the spatial distribution of PM2.5 at the grid cell level for Germany at the start and end of the
sample period respectively.

2.4 Weather Data

In order to control for variation in annual weather patterns, I obtain data on mean monthly
precipitation and temperature on a 0.5◦× 0.5◦ grid from the Climate Research Unit at the

University of East Anglia (Harris et al., 2020). I further use data on wind speed and direc-
tion at the same spatial resolution from the ERA5 global reanalysis dataset (Hersbach et al.,
2020). I aggregate the data to the annual level and merge it to the reference grid for Germany
provided by the RWI.

2.5 Industrial Facility Data

Finally, I retrieve data on polluting industrial facilities in Germany from the EU Industrial
Reporting Database.4 This database results from the integration of two previously existing
sources, namely the European Pollutant Release and Transfer Register (E-PRTR) and the data
reported under the EU Industrial Emission Directive (IED) (European Environment Agency,
2023).5 Both of these EU directives regulate the reporting of industrial activities and the
associated emissions and are applied at the level of industrial facilities. The key difference
between the two separate reporting requirements lies in the scope of the activties that are
regulated. IED reporting is more focused on monitoring emissions, compliance with emission
limit values, and permit conditions for specific industrial activities covered by the directive.

4I use the 2023 release of the data (version 8) available at https://www.eea.
europa.eu/data-and-maps/data/industrial-reporting-under-the-industrial-7/
eu-registry-e-prtr-lcp.

5The respective legislation for reporting under the IED and the E-PRTR can be found at https://eur-lex.
europa.eu/eli/dir/2010/75/oj and https://eur-lex.europa.eu/legal-content/GA/TXT/?uri=
celex:32006R0166
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On the other hand, E-PRTR reporting is broader and includes a wider array of industrial
sectors, focusing specifically on the release and transfer of pollutants to the environment,
irrespective of whether they fall under the IED.6

Given that many industrial facilities meet the reporting requirements of both, the IED and
the E-PRTR, the Industrial Reporting Database now combines the data which is reported
under the two directives. This does not imply that the legislation itself has been changed,
the reporting requirements have remained unchanged for both directives, only the resulting
data is now reported under a common infrastructure. The latest version of the Industrial
Reporting Database covers 99,500 industrial facilities in the EU, 13,318 of which are located
in Germany.

The combined database contains information on the location of the regulated facilities, their
parent companies, the main industrial activities of the facilities and the type and amount of
all released pollutants that fall under the regulation requirements. The data also documents
which medium pollutants are released into (air, water or soil). A drawback of the previous
reporting databases, in particular the E-PRTR, was that facilities could drop out of the report-
ing if the releases of specific pollutants dropped below the respective reporting thresholds
for these pollutants. More precisely, the E-PRTR regulation defines reporting requirements
based on two criteria (i) the physical size of the facility installations (e.g. the burning ca-
pacity of a waste incinerator) and (ii) pollutant-specific reporting thresholds (e.g. the amount
of NOx released in a given reporting year). This implies that facilities whose installation
size is below the reporting thresholds can drop out of the reporting if their emissions of the
specific pollutant which made them eligible for reporting falls below the threshold. In this
case, the facility would not be observed in the data in the year where the pollutant threshold is
not exceeded and there would be no way of inferring whether this was due to fluctuations in
emission levels around the reporting threshold or due to the closure of the respective facility.
This caveat is overcome in the new database as closed facilities remain in the database and
facility status is reported as one of "operating", "disused", "decommissioned" or "notRegu-
lated", thus enabling me to distinguish between facilities that stop operating and those who
stop reporting their emissions because they have dropped below respective reporting thresh-

6The specific reporting requirements are documented in Annex I of the corresponding directives cited above.
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olds. This feature of the data currently only records the status for non-functional sites after
2016.

I match the facility data with the grid cell information by projecting the coordinates of facility
location onto the reference grid for the socio-economic data. I assign a facility to a grid cell
if the area of the grid cell overlaps with a buffer of radius r around the point coordinates for
the facility provided in the Industrial Reporting Database. Using a radius of five km around
the point coordinates of the facilities, there exist 118,000 grid cells that are located within
proximity of an operating facility at some point during the sample period. Furthermore,
there are 509 distinct facilities in the data whose status changes from "functional" to either
"disused" or "decommissioned" at some point during the observation period. This translates
to approximately 17,400 grid cells within a 5km radius of facilities that change their status
from "functional" to "decommissioned" or "disused" at some point during the sample period.
For these grid cell I can directly infer that there is at least one large industrial facility in their
proximity that stops operating during the observed period. Figure A.7 plots the location of
these grid cells throughout Germany.

The combination of the above sources results in a dataset of roughly 2,000,000 grid cell -
year observations for the common period 2009-2021. Note that the socio-economic data is
available starting in 2005 and the air pollution and weather data are available at even longer
horizons. Therefore, in the parts of the paper that do not rely on the IRD or real estate data, I
use the full available time period starting in 2005.

3 PM2.5 Exposure Across the Income Distribution

Before investigating the effects of industrial shutdowns on local welfare, it is useful to quan-
tify the current state of environmental justice with respect to air pollution in Germany. In this
regard, the following section is devoted to a descriptive exploration of these patterns at the
small spatial scale.

While the US-centered literature has produced a wealth of evidence on unequal pollution
exposure at varying levels of aggregation, many existing papers on the link between socio-
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economic variables and environmental hazards in the European context face one of two prob-
lems. Either, their unit of analysis is some relatively large predefined administrative unit,
which typically masks a significant degree of within-unit variation in the socio-economic
variable of interest (e.g. household income) and makes them susceptible to issues related to
the ecological fallacy (Banzhaf et al., 2019), or, when the analyses are conducted at a more
disaggregated level, they typically draw on cross-sectional data (see e.g. Neier, 2021; Rütte-
nauer, 2018), thereby making any comparison over time impossible.7 Figure A.2 illustrates
the aggregation problem by plotting the distribution of PM2.5 exposure across pollution and
income percentiles respectively within the city of Berlin in 2021. The figure shows that there
is considerable variation within Berlin – variation that would be aggregated into one munici-
pality if the analysis were to be conducted at this level.8

Figure A.2 illustrates how using aggregate data overlooks a considerable degree of within-
unit variation in pollution exposure. This can lead to spurious conclusions with regard to
inequality in pollution exposure. It is thus natural to ask how the PM2.5 exposure gradient
across the income distribution changes when moving from municipality-level to more granu-
lar data. I investigate this by regressing the mean annual PM2.5 concentration on an indicator
variable for the income decile that a given grid cell belongs to in a model of the following
form

PM2.5,nt =
10

∑
k=2

θk ×1[Dnt = k]+Xntδ
′+Cntβ

′+ωl×t + εnt (1)

where PM2.5,nt denotes the mean annual concentration of PM2.5 in grid cell n in year t, Dit

indicates which national-level income decile grid cell n belongs to in year t, Xnt and Cnt are
vectors of socio-economic and meteorological controls respectively.9 Finally, ωl×t is a vector
of land-by-year fixed effects which capture regional shocks at the Bundeslaender level, the

7Examples of studies conducted at a higher level of spatial aggregation include European Environmental
Agency (2018); Germani et al. (2014); Lavaine (2015); Richardson et al. (2013) and a meta-study for Europe
has been conducted by Fairburn et al. (2019).

8Hsiang et al. (2019) further show that the cross-sectional relationship between household income and ex-
posure to air pollution in the US is highly sensitive to the administrative level it is estimated at.

9The meteorological controls contain average temperature and precipitation at the grid cell level.
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highest administrative unit below the federal level in Germany. This choice is motivated by
the relatively high degree of administrative and political autonomy of the Bundeslaender, en-
abling them to enact policies that might influence pollution concentrations differently across
different Bundeslaender and independently from federal legislation.

Figure A.5 illustrates the results from this exercise using a model with and without grid cell
fixed effects. The results show that when comparing all grid cells across Germany, there exists
a large and significant gap in PM2.5 exposure between the most modest and the more affluent
neighborhoods in Germany. The suggestive U-shaped pattern is consistent with some existing
cross-sectional evidence on exposure disparities and may be explained by higher pollution
concentrations in comparatively more affluent urban agglomerations (Champalaune, 2020;
Hsiang et al., 2019). Such regional differences (along with other constant grid cell features)
are absorbed in the specification using grid cell fixed effects. Nonetheless, the empirical fact
that the bottom 20% of the income distribution face significantly higher pollution loads than
higher income neighborhoods persists when estimated using only within-grid cell variation.

Additionally, it is noteworthy that the results in Figure A.5 are obtained while controlling for
the share of foreign born residents per grid cell. Hence, income remains a significant predictor
of pollution exposure in Germany even when controlling for a proxy of ethnicity. This is a
notable results as it contrasts with existing studies which suggest that race is the predominant
predictor of environmental injustice and income plays a subordinate role when race/ethnicity
is accounted for (see e.g. Hernandez-Cortes et al., 2023; Neier, 2021; Rüttenauer, 2018).

To compare these results to analyses conducted at the level of administrative units, I aggregate
the grid cell data to the municipality level and reestimate Equation 1 at the municipality level.
Figure 1 compares the estimates obtained at the two levels of aggregation. The findings in-
dicate that analyses of environmental justice conducted at the municipality level in Germany
suffer from ecological fallacy biases. While the grid cell analysis shows a significant ex-
posure gap between the bottom and the top of the income distribution, the model estimated
at municipality level does not suggest a difference in pollution burden between the bottom
10% and the top 30% of the income distribution. This result clearly illustrates how the use
of aggregate data can lead to spurious conclusions with regard to environmental justice and
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underlines the importance of granular data to quantify exposure differentials.

Figure 1: Cross-Sectional Ambient PM2.5 Exposure Across the Income Distribution

Note: The graph displays point estimates and 95% confidence intervals for βk from Equation (1) estimated at
the level of grid cells (dots) and municipalities (triangles) without unit fixed effects. The omitted decile in both
models is the bottom decile. Estimates represent exposure differentials relative to the bottom decile.

The above results suggest that low-income neighborhoods see themselves exposed to signif-
icantly higher levels of harmful ambient air pollution than their more affluent counterparts.
Such differences in mean exposure are likely to correlate with increased occurrence of ex-
treme pollution loads. This fact is illustrated by Figure A.3 which shows the population share
of each income decile within the top pollution decile for each year. The graph shows that
the poor bear a disproportionate exposure burden when it comes to extreme pollution levels
(i.e. those above the 90th percentile of the pollution distribution). The poorest 30% of grid
cells account for more than 50% of the population in the most polluted regions throughout
almost the entire sample period. At the same time, relatively more affluent neighborhoods are
clearly underrepresented within the top pollution decile.10 The richest grid cells account for

10Figure A.4 in the Appendix shows the same graph for pollution exposure around the median for comparison.
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population shares far below 5% for most of the observed period. This disproportionate share
of low-income grid cells within the top of the pollution distribution is still observed in recent
years despite a reduction in absolute pollution levels. The average share of the richest neigh-
borhoods among the most polluted places in Germany is equal to 4.3% compared to 19.6%
for the neighborhoods from the lowest income decile. Hence, while the absolute pollution
burden has been decreasing in Germany in recent years, the exposure distribution remains
skewed and low-income areas continue to be exposed to the highest observed pollution levels
in the country at a much higher likelihood than richer areas. Given that the concentration
of PM2.5 exceeds WHO health guidelines virtually everywhere in Germany, this exposure
gradient is likely to directly translate into an unequal distribution of the detrimental effects
associated with exposure to fine particulate matter.

In summary, although purely descriptive so far, the empirical results show a clear pattern of
environmental inequality with respect to air pollution exposure in Germany - the degree of
which is significantly more pronounced than one would find in aggregate municipality-level
data. Hence, economic deprivation and exposure to ambient air pollution tend to coincide
at the neighborhood level. In this light, it is pertinent to ask how shocks to local amenities
influence the relative welfare of neighborhoods. Answering this question is the aim of the
subsequent sections.
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4 The Impact of Large Industrial Shutdowns

What role do industrial sources play in shaping the overall distribution of exposure to fine par-
ticulate matter? While traffic is one of the main sources of fine particulate matter, industrial
sources such as power plants, steel production or livestock farming are significant contribu-
tors to the overall pollution load. The European Environment Agency (EEA) estimates that
air pollution from industrial facilities alone caused damages of up to e50 billion in 2017.
These damage estimates are cumulated across all air pollutants and damage types, such as
damages to human health, productivity or agriculture and are contingent on specific param-
eter choices (regarding the VSL, for instance). Nonetheless, these estimates illustrate the
relevance of air pollution from industrial sources for the overall pollution burden. Similarly,
seminal papers such as Currie et al. (2015) show the detrimental effect of industrial facility
presence on public health. It is thus straightforward to see the environmental disamenity ef-
fect that comes with the presence of industrial sites and existing studies have found evidence
for residential segregation in response to the presence of industrial sites (Gamper-Rabindran
and Timmins, 2013). This section provides new evidence on the causal effect of industrial
shutdowns on both, environmental and economic outcomes in surrounding neighborhoods.

To begin with, it is useful to establish whether there exists a correlation between the location
of IRD sites and neighborhood income in Germany.11 To this end, Figure A.6 in the Appendix
plots the share of grid cells within the direct proximity (i.e. located within the focal or a
directly adjacent grid cell) of an operating IRD site as a function of the within-district income
percentile pooled across all observation years. The graph shows that within a district, poorer
grid cells have a significantly higher propensity of being located close to polluting industrial
sites.

Hence, all else equal, industrial shutdowns might be beneficial from an environmental justice
standpoint as they are likely to increase environmental quality in comparatively low-income

11There is a large body of work on the correlation between neighborhood characteristics and proximity to
pollution sources (see e.g. Ash and Boyce, 2018; Rüttenauer, 2018) These studies have raised questions around
the drivers of inequality in pollution exposure. Explanations that have been evoked are residential sorting, i.e.
’coming to the nuisance’ dynamics, selective siting of polluting firms into deprived areas, etc.. Here, I do not
attempt to explain the drivers of the observed correlation
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neighborhoods. However, when such industrial sites are also a main provider of employment
options to the local community, the presumed improvement in environmental quality may be
outweighed by other impacts on local outcomes so that the sign of the net welfare effect is
not clear a priori. The following section is thus devoted to disentangling the welfare effects
of shutting down large industrial sites.

4.1 Empirical Strategy

I am interested in causally estimating the neighborhood level impact of shutting down IRD
sites on several outcomes of interest. To this end, I exploit the staggered treatment adoption
(i.e. variation in shutdown timing across different locations) to estimate an event study model
of the following form

Ynt = ∑
s ̸=−1

θs ×1[Closurent ]×1[t − τn = s]+Cntβ
′+αn +ωl×t + εnt (2)

where Closurent is an indicator variable that equals one if grid cell n is within a 5km radius
of a facility that stops operating in year t, τn is the year of first treatment for grid cell n and
all remaining variables are as defined above. I define grid cell n as treated if at least one
facility in its vicinity is shut down, even when other operating IRD facilities are present. For
grid cells that are located within the intersection of multiple treatment buffers, i.e. such grid
cells that are within a 5km radius of multiple facilities, I consider a grid cell as treated once
the first facility in its vicinity has been shut down. Since the binary treatment status does
not change again once a given grid cell has moved into the treated group, this implies that
some grid cells receive additional treatment doses while already being considered as treated.
Figure A.7 maps all the places in Germany that experience such a closure during the sample
period. I estimate Equation (2) on the subsample of grid cells that experience a closure at
some point during the sample period. This reduces the sample used to estimate the causal ef-
fects of facility shutdown to approximately 220,000 grid cell – year observations. Using only
observations that will eventually experience a closure implies that there are no never treated

units in the sample and the control group for treated units are not yet treated grid cells, i.e.
those grid cells for which τn > t in a given year t. As compared to the commonly used con-
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trol buffer approach, this approach has the advantage of avoiding potentially "contaminated"
comparisons between treated and presumably untreated units within a control buffer with
larger radius around the treatment buffer. Aside from the arbitrariness of choosing treatment
and control buffer radii, the control buffer approach has been shown to suffer from SUTVA
violations due to spillover effects. It further requires strong assumptions for identification
of a direct treatment effect (Pollmann, 2023). By using not yet treated grid cells as control
units, the identifying assumption in the above model becomes that the timing of facility clo-
sures across units is quasi-random and does not structurally depend on any unobserved grid
cell characteristics. I bin all pre-treatment years that precede the closure by five years or
more into one category. I further restrict the endpoint of the event window to four years after
treatment adoption to avoid biases that may arise due to the decreasing size of the control
group.

4.2 Air Quality Impacts

In order to get an empirical hold on the different impacts of industrial shutdowns, the first
step is to establish whether there exists a statistically significant link between the presence
of industrial facilities and the concentration of fine particulate matter. The average effect
of shutting down an IRD site on PM2.5 concentration in surrounding neighborhoods across
all post-treatment periods is displayed in the first row of Table 1. The effects are statisti-
cally significant and consistent across all specifications. On average, shutting down one IRD
site reduces annual PM2.5 concentration in surrounding neighborhoods by approximately
0.2µg/m3 - an effect that corresponds to 0.12 standard deviations of PM2.5 concentration
at baseline. To further corroborate these results and show that the observed pollution reduc-
tions are attributable to the industrial shutdown, the second row displays results for the same
model where the treatment variable is interacted with an indicator for whether grid cell n is
located downwind relative to the treatment plant it is assigned to. A grid cell is considered
downwind in year t if it is located within the half-circle obtained by bisecting the treatment
buffer along a line perpendicular to the predominant wind direction computed at the level of
the municipality the facility is located in. Again, the results are statistically significant and of
constant magnitude across all models. The estimated dynamic effects of facility closures on
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air pollution concentration in surrounding grid cells are shown in Figure A.8.12

Table 1: Effect of Facility Shutdown on PM2.5 Concentration in Surrounding Neighborhoods

Dependent Variable: PM2.5
Model: (1) (2) (3)

Closure -0.1856∗∗∗ -0.1909∗∗∗ -0.1990∗∗∗

(0.0546) (0.0523) (0.0525)

Closure × Downwind -0.2141∗∗∗ -0.2157∗∗∗ -0.2221∗∗∗

(0.0643) (0.0600) (0.0598)

Fixed Effects
Grid Cell Yes Yes Yes
Bundesland × Year Yes Yes
Year Yes

Weather Controls Yes Yes

Mean (SD) at t-1 11.30 (1.72)

Observations 223,801 223,801 223,801

Standard errors clustered by municipality
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Note: The first row shows point estimates and standard errors for the treatment effect of facility shutdowns
on surrounding grid cells as defined in Equation 2 averaged across all post-treatment periods. The second row
reports results from the same model where treatment is interacted with an indicator variable for whether a given
grid cell n is located downwind from the closest industrial site to be shut down during the observation period.

The results clearly indicate that shutting down IRD facilities induces a positive effect on air
quality. Four years after the shutdown, mean annual PM2.5 exposure is reduced by 0.48
µg/m3 on average. Interestingly, while there appears to be an immediate pollution reduction
following the shutdown, the air quality improvement builds up during the years following
the shutdown. This could either be driven by an overall reduction in industrial activity and
related traffic that follows the closure of a major industrial hub within a local network or by
the fact that, given the way treatment is defined, grid cells that are in the intersection of two or
more treatment buffers receive an additional treatment dose from further shutdowns in their

12I estimate Equation (2) using the two-stage estimator proposed in Gardner et al. (2024) via the accom-
panying R command did2s to account for potential treatment effect heterogeneity across treatment adoption
dates.
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proximity while already in the treated group.

In summary, the results show clear local air quality improvements following the shutdowns
of IRD sites. Further, it is noteworthy that, given the size of the treatment buffer, the esti-
mated effect on air quality is entirely attributable to avoided primary PM2.5 release at the
emission source and does not include presumably large additional benefits from reductions
in secondary PM2.5 which can be realised at large distances from the emission source.

4.3 The Effect of Industrial Shutdowns on the PM2.5 Exposure Gap

The estimates displayed in Table 1 represent the average effect of shutting down IRD sites
on air quality in surrounding neighborhoods. To assess the impact of these shutdowns on
the degree of inequality in pollution exposure, Figure 2 plots the treatment effect from the
specification used in column (2) of Table 1 separately for each income decile. The results
indicate that air quality improvements from IRD shutdowns are fairly uniform for neighbor-
hoods from the bottom 70% of the income distribution while comparatively high-income grid
cells benefit less from air quality improvements induced by facility shutdowns. Hence, IRD
shutdowns contribute to narrowing the gap in pollution exposure between the most deprived
and the most affluent neighborhoods at the local level. A priori, the effect on the national
level pollution gap cannot be evaluated based on these estimates as such an evaluation would
require information on the dispersion of air pollutants from the closing plants across the en-
tire area of Germany before shutdown. While modern chemical transport models are capable
of providing such estimates in principle, such an exercise is outside the scope of this paper.
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Figure 2: Treatment Effect Heterogeneity for PM2.5 by Income Decile

Note: The figure shows the average treatment effect and 95% confidence interval of facility shutdowns on PM2.5
concentration in surrounding neighborhoods averaged across all post-treatment periods by baseline income
decile of the treated grid cells. Estimates correspond to results obtained using the model in Column (2) of Table
1 with treatment interacted with baseline income decile.

4.4 The Local Economic Consequences of Industrial Closures

Figure A.8 shows that industrial closures cause significant improvements in local air quality
- shutting down large IRD sites thus arguably represents a positive environmental amenity
shock. At the same time, IRD plants represent large industrial sites that can play a major
role within local economies. Hence, the local welfare impacts of shutting down such sites
depend on more factors than the improvement in environmental quality. Regarding the US
context, Gamper-Rabindran and Timmins (2013) provide evidence for increases in neighbor-
hood level income following TRI closures which might plausibly be driven by environmental
gentrification mechanisms. Similarly, Fraenkel et al. (2022) show increases in housing prices
following decreased local pollution from coal power plants. These estimates would suggest
that a decrease of industrial pollution is followed by a revaluation of the surrounding neigh-
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borhoods in terms of residential attractiveness. To assess whether these results translate to the
European context, I reestimate Equation (2) with a variety of economic outcome variables.

To begin with, I quantify the impact of IRD shutdowns on average housing price per square
meter (in logs) of house and apartment sales at the neighborhood level. I restrict the sample
to neighborhoods in which at least 5 house or apartment sales are recorded in the data in a
given year. Figure 3 displays the effect of facility closures on the average housing price in grid
cells within a 5km radius around the closed facilities. The estimates show a significant drop in
housing prices starting immediately after the shutdown. By year t+4, the decrease in housing
prices reaches 5% relative to the pre-shutdown period. Hence, housing prices substantially
drop following IRD closures despite the significant improvements in local air quality. This
finding suggests that the positive environmental amenity effect of increased air quality is
outweighed by other detrimental effects on the valuation of neighborhoods surrounding a
closed plant. Interestingly, these results contrast with the US literature which finds either
no effect of plant closures on housing prices (Currie et al., 2015) or positive capitalization
effects of coal plant unit retirements (Fraenkel et al., 2022) or general pollution improvements
(Chay and Greenstone, 2005; Zivin and Singer, 2022). It thus appears that the local "cleanup
effect" induced by shutting down large industrial sites does not capitalize into housing values
in Germany.

The negative effect of facility closures on housing prices suggests that the improvements in
environmental amenities are not represented in the hedonic valuation of these neighborhoods.
However, it is important to bear in mind that (i) in the presence of effects on population com-
position, the housing price estimates cannot be interpreted as WTP for facility shutdowns
and (ii) the housing price estimates represent the net effect of multiple changes to the envi-
ronmental and economic conditions of the neighborhoods that occur simultaneously. It may
thus be that the air quality improvements are valued but do not appear as positive price ef-
fects because they are outweighed by the detrimental local economic shocks induced by plant
closures. This interpretation is in line with the results by Bauer et al. (2017) who find signif-
icant housing price declines in the vicinity of closed nuclear power plants in the wake of the
Fukushima accident in Germany.
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Figure 3: Effect of facility closures on log housing price in surrounding grid cells

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The outcome
variable is average log housing price per square meter at the grid cell level for grid cells with at least five house
or apartment sales per year. The model is estimated without controls. The full sample consists of all grid cells
within a 5km radius around plants that close down during the sample period. Standard errors are clustered by
Bundesland. All estimates are weighted by grid cell population.

Therefore, to assess whether industrial shutdowns induce significant local economic down-
turns, I finally also estimate Equation (2) using neighborhood level employment and mean
annual disposable household income as outcome variables. As for the employment effect,
shutting down IRD facilities significantly drives up neighborhood unemployment starting
two years after the shutdown. Four years after the closure, average unemployment is 0.3
percentage points higher than before the shutdown (see column (3) in Table A.3). Relative
to a mean unemployment rate of 6.97% at baseline, the rise in unemployment following IRD
shutdown appears relatively mild.

Regarding the effects on neighborhood income, the estimates plotted in Figure 4 show that, at
the aggregate, there appears to be no significant effect on average neighborhood income from
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facility closures. This result might be driven by neighborhoods where industrial employment
does not play a significant role in overall employment. I thus estimate the model separately
for two subgroups of neighborhoods: grid cells that are located within districts with an in-
dustrial employment share above and below 25%, respectively (results are also reported in
Figure 4). The results expose significant heterogeneity with respect to the income effects
induced by industrial closures. The estimates show that, while areas with comparatively low
industrial employment shares do not face significant income shocks following industrial clo-
sures, neighborhoods with significant industrial employment do experience significant losses
in average household income. These effects reach up to 4% of lost disposable household
income annually four years after a shutdown. Interestingly, this effect is robust to controlling
for neighborhood level unemployment (see Figure A.11). Hence, the observed income losses
do not predominantly originate from prolonged unemployment but presumably represent the
effect of switching to lower skilled or part-time employment following the industrial shut-
down. This finding is in line with Haywood et al. (2024) who show that the largest fraction
of welfare losses experienced by coal miners in the clean energy transition in Germany is
explained by switching to lower paid employment rather than persistent unemployment.

Table A.2 in the Appendix displays the unconditional absolute income effects of facility shut-
downs by baseline industrial employment. Neighborhoods located within districts with high
baseline industrial employment share see their mean income drop by an average amount of
e930 four years after the closure - an effect equivalent to approximately 0.2 standard devi-
ations of baseline income in the complete estimation sample. Based on these estimates, it
is possible to perform a simple back-of-the-envelope calculation to estimate the total annual
amount of foregone income attributable to facility closures. In total, roughly 2,700 grid cells
are located in districts with baseline industrial employment above 25% and experience a shut-
down during the sample period. Figure A.10 displays the location of these grid cells. These
neighborhoods have an average adult population of 525 inhabitants per grid cell. Hence, the
total adult population within the subsample of neighborhoods that exhibit significant income
losses amounts to just over 1.4 million adults. Based on the 95% confidence interval for the
estimated coefficient four years after shutdown, the total income loss falls within the range
of e0.7 to e1.9 billion - an amount equal to between 0.2 and 0.4% of total federal public
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expenditure in Germany in 2023.

Figure 4: Effect of Facility Closures on Disposable Household Income per adult (in logs)

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The outcome variable
is log disposable household income per adult at the grid cell level. The model is estimated without controls.
The dots represent the aggregate effect in the full sample, triangles represent estimates for grid cells located
in districts with industrial employment share equal to or above 25%, squares represent estimates for grid cells
located in districts with industrial employment shares below 25%. The full sample consists of all grid cells
within a 5km radius around plants that close down during the sample period. Standard errors are clustered by
Bundesland. All estimates are weighted by grid cell population.
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4.5 Estimating the Net Amenity Effects of Industrial Closures

The results so far indicate that facility closures simultaneously entail significant air quality
gains and detrimental local economic effects in a relevant subset of neighborhoods. The
negative housing price effects appear to indicate that the economic losses outweigh the en-
vironmental gains in terms of welfare impacts. However, if the neighborhoods affected by
industrial shutdowns experienced substantial amenity improvements, then these could po-
tentially compensate the income losses in welfare terms. Therefore, the following section
lays out a framework that allows for the estimation of the net amenity effects of industrial
closures. The model used in this section builds on the canonical Rosen-Roback framework
(Rosen, 1974; Roback, 1982) and is directly adapted from Bartik et al. (2019) who in turn
build on the seminal work by Moretti (2011). Quentel (2023) provides a recent application
of the framework for the German context.

Consider an economy that consists of N neighborhoods denoted by n and is populated by a
mass of L workers denoted by l. Location-specific individual utility is a function of neigh-
borhood amenities (An), the consumption of housing (h) and a numéraire consumption good
(c) and a location-specific taste shock (θln). Let the price of housing and the wage rate in
neighborhood n pn and wn respectively. Assuming that workers’ utility is Cobb-Douglas and
that every worker inelastically supplies one unit of labor in the neighborhood they live in, the
workers’ maximization problem writes as

max
c,h

uln = An ·hα · c1−α ·θln

s.t. h · pn + c = wn.
(3)

The solution to the above problem yields the indirect utility of living in neighborhood n.13

13Since the utility takes a standard Cobb-Douglas form, the solution to the consumer problem is straightfor-
ward. The full derivation is given in the appendix.
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Uln =
Anwn

pα
n

θln (4)

Hence, the probability that a worker chooses neighborhood n over any neighborhood r is
given by

P
(Anwn

pα
n

θnl ≥
Arwr

pα
r

θrl

)
∀ r ̸= n.

Assuming that the neighborhood specific taste shocks are distributed according to a Type II
extreme value distribution with shape parameter φ , i.e. θln ∼ F(θn) = exp(−θ−φ ), the share
of workers living in neighborhood n is given by

sn =

(
Anwn

pα
n

)φ

∑
N
r=1

(
Arwr
pα

r

)φ
. (5)

Recall that total population in the economy is equal to L, so that the population in neighbor-
hood n is equal to Rn = L · sn. Substituting into (5) and taking logs of the equation, we can
solve for amenities in neighborhood n as a function of observables and amenities in other
neighborhoods.

ln(An) =
1
φ

ln(Rn)+α ln(pn)− ln(wn)−
1
φ

ln(L)+
1
φ

ln
( N

∑
r=1

Arwr

pα
r

)φ

(6)

For estimation purposes, note that the total population L and the sum ∑
N
r=1

Arwr
pα

r
vary across

years, but not across grid cells. Hence, introducing a time dimension and subsuming the two
terms that are constant in cross-section into ct , Equation (6) writes as

ln(Ant) =
1
φ

ln(Rnt)+α ln(pnt)− ln(wnt)+ ct (7)
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Under the assumption that average disposable income per grid cell is a reasonable proxy for
wages, Equation (7) gives a representation of amenities as a function of observed variables,
a time-variant term that will be absorbed by the fixed effects in the empirical application and
the parameters φ and α . The shape parameter φ governs the dispersion of the taste shock. A
larger value for φ increases the mass in the tail of the probability density function of the taste
shock distribution and thus increases the probability that a worker chooses a neighborhood n
although it is dominated by another neighborhood with respect to observable characteristics.
I follow recent estimates for Germany as provided in Krebs and Pflüger (2023) and calibrated
in Quentel (2023) and set φ = 4.56. As for α , the income share spent on housing, the range of
parameters used in the literature varies considerably. In one of the seminal contributions to the
quantitative spatial literature, Monte et al. (2018) argue for a comparatively high expenditure
share of 0.4. Quentel (2023) estimates an expenditure share closer to 0.2 based on data
from the German microcensus. I thus compute amenities for a range of values between 0.2
and 0.4 to assess the robustness of the results to the choice of this parameter. I can thus
now use Equation (7) to estimate the effect of facility closures on amenities in the affected
neighborhoods using the same event-study methodology as above:

ln(Ant) = ∑
s̸=−1

θs ×1[Closurent ]×1[t = s]+αn +ωt×l + εnt

where ln(Ant) is computed as in Equation (7) for values of α between 0.2 and 0.4 and ct is
contained in ωt . The results for different values of α are shown in Figure 5.
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Figure 5: Effect of Facility Closures on Log Amenities

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The outcome variable
is log amenities at the grid cell level. Amenities are computed as in Equation 7 for values of α between 0.2 and
0.4. The different estimates represent the effect on amenities computed for varying values of α . The full sample
consists of all grid cells within a 5km radius around plants that close down during the sample period. Standard
errors are clustered by Bundesland. All estimates are weighted by grid cell population.

While the estimates are fairly noisy, the results for higher values of α point towards a negative
aggregate amenity effect of plant closures on surrounding neighborhoods. In any case, facility
closures do not induce positive net amenity effects through the cleanup of polluted neighbor-
hoods. Despite the air quality improvements which should in principle make neighborhoods
more amenable, there appear to be other channels at play that decrease the desirability of the
affected neighborhoods. Examples of such channels could be a deterioration of public ser-
vices as a consequence of decreasing corporate tax revenues at the municipality level or the
retirement of other businesses or services that correlate with the presence of large employers.
For interpretation, it is helpful to recall the indirect utility function in Equation (4) and to note
that amenities and income both enter indirect utility multiplicatively without any exponents.
Hence, in terms of welfare effects, a one percent change in amenities is equivalent to a one
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percent change in income. Therefore, the estimate based on the expenditure share of housing
calculated in Monte et al. (2018) would suggest a welfare loss of almost 2% four years after
the closure. Note that this is the welfare loss induced by the decrease in amenities only. Given
that some neighborhoods already incur significant income losses due to industrial shutdowns,
the reduction in amenities adds an additional burden in terms of welfare loss for the neighbor-
hoods. Combining this finding with the observation that industrial facilities tend to be present
in poorer neighborhoods within a district, facility closures aggravate regional inequalities and
make low-income neighborhoods within a region less amenable despite presumably desirable
benefits for environmental quality. These results have important implications for regional in-
equality and the political management of large scale structural transformation which will be
discussed below.

5 Conclusion

Climate change mitigation policies and the energy transition induce large-scale structural
change in countries all around the globe. Policies such as the phase-out of coal power gen-
eration are often determined at the national level and their macro-level effects are fairly well
understood. At the same time, the local environmental and economic repercussions of such
policies have not been explored in detail, especially in Europe. I leverage plausibly exoge-
nous variation in the timing of large industrial shutdowns to estimate the local welfare effects
of such closures.

Understanding the localized impacts of industrial closures requires an analysis at the small
spatial scale. The first contribution of this paper thus lies in assembling information on socio-
economic variables, real estate prices and air quality at the neighborhood level for Germany.
A descriptive analysis of this novel dataset shows that inequality in exposure to air pollution
is significantly underestimated when using more aggregate data at the municipality level.
The results show a clear gradient in PM2.5 exposure across the income distribution - a result
that contrasts with studies for the US where race is the dominant determinant of pollution
exposure.

I then build on this novel dataset to causally estimate the effect of industrial shutdowns on
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environmental quality and welfare at the neighborhood level. The estimates show that in-
dustrial closures significantly increase local air quality. However, these improvements in
environmental quality do not capitalize into housing price increases. Instead, housing prices
drop by over 5% four years after the closure in surrounding neighborhoods - a result that
again contrasts with the US literature where pollution reductions tend to capitalize into hous-
ing price increases. These results indicate that industrial shutdowns have detrimental effects
on local welfare that presumably outweigh the gains in environmental quality. My findings
do indeed suggest that neighborhoods that are located in areas with high baseline industrial
employment incur significant and sizeable income losses following plant closures. Four years
after the shutdown, average disposable household income in these neighborhoods drops by
4% relative to the year before the closure. Using a stylized model of neighborhood choice,
I further show that the net change in neighborhood amenities induced by industrial closures
is negative despite improved air quality. This finding implies that, in contrast to the environ-
mental gentrification hypothesis, neighborhoods do not become more amenable in the wake
of industrial shutdowns and environmental cleanup. Instead, deteriorating amenities add to
the welfare loss induced by industrial shutdowns.

Given that industrial plants are more likely to be located in comparatively low-income neigh-
borhoods within a region, my findings suggest that structural change increases local inequal-
ity. The results thus have important implications regarding the management of large-scale
transformation policies. My estimates provide guidance for thinking about compensation
and place-based policies to cushion the effects of industrial shutdowns in the most affected
areas (see e.g. Hanson, 2023). My findings suggest that compensating income losses from
past industrial shutdowns would require expenditures between 0.2% and 0.4% of federal pub-
lic spending in Germany. Further research will require the use of a full quantitative spatial
model to investigate trade-offs in welfare from improvements in environmental quality and
the slowdown of local economic activity and to determine the optimal spatial allocation of
place-based policies to respond to welfare losses incurred by the most affected neighbor-
hoods.
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A APPENDIX

A.1 Utility Maximization Problem

The utility maximization problem of a worker in neighborhood n is given in Equation (3):

max
c,h

uln = An ·hα · c1−α ·θln

s.t. h · pn + c = wn.
(8)

The Lagrangian then writes

L = An ·hα · c1−α ·θln +λ (wn −h · pn − c) (9)

and the FOCs are given by

∂L

∂h
= αAnθln

(c
h

)1−a
−λ pn

!
= 0 (10)

∂L

∂c
= (1−α)Anθln

(h
c

)α

−λ
!
= 0 (11)

∂L

∂λ
= wn −h · pn − c !

= 0. (12)

Dividing (10) by (11) and using the constraint yields the well-known expressions for optimal
consumption under Cobb-Douglas preferences.
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c =(1−α)wn (13)

h =α
wn

pn
(14)

Substituting back into the utility function, we obtain the following expression for indirect
utility

Uln = α
α(1−α)1−α Anwn

pα
n

θln. (15)

Since α is a constant, it can be ignored for ordinal utility comparisons and the expression
reduces to Equation (4).

39



A.2 Figures

Figure A.1: Spatial Distribution of Mean Annual PM2.5 Exposure in Germany

(a) 2009 (b) 2021

Note: The graph shows the average annual concentration of ambient PM2.5 by grid cell in Germany for (a) 2009
and (b) 2021. PM2.5 concentration is computed as the area-weighted mean of all pixels from van Donkelaar
et al. (2021) that overlap with a given grid cell.
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Figure A.2: Within-Municipality Distribution of PM2.5 for Berlin 2021

(a) PM2.5 Percentile (b) Household Income Percentile

Note: The figure shows the mean PM2.5 exposure across population-weighted percentiles of the pollution
distribution (a) and the household income distribution (b) within the municipality of Berlin in 2021. The dashed
line in panel (b) represents OLS fit of regressing the mean annual PM2.5 concentration on the household income
percentile.

Figure A.3: Share of Population within Top Pollution Decile by Income Deciles, 2009-2021

Note: The plot shows the composition of the population within the neighborhoods that belong to the top decile
of PM2.5 exposure in Germany by income decile for every year in the sample period. Income deciles are popu-
lation weighted, so that each decile comprises 10% of the German population instead of 10% of neighborhoods.

41



Figure A.4: Share of Population in p45p55 of the Pollution Distribution by Income Decile,
2009-2021

Note: The plot shows the composition of the population within the neighborhoods that are between the 45th
and the 55th percentile of PM2.5 exposure in Germany by income decile for every year in the sample period.
Income deciles are population weighted, so that each decile comprises 10% of the German population instead
of 10% of neighborhoods.
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Figure A.5: PM2.5 exposure difference with respect to bottom income decile of grid cells

Point estimates and 95% confidence intervals for βk from Equation (1), with and without grid cell FE Note: The
graph displays estimates and 95% confidence intervals for βk from Equation (1). The estimated effects display
PM2.5 exposure relative to the bottom decile. Controls include average annual temperature and precipitation
and the share of foreign born residents at the grid cell level. Standard errors are clustered by Bundesland.
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Figure A.6: Association Between Neighborhood Income and Proximity to IRD Facilities

Note: The figure shows the average share of grid cells for a given within-district income percentile that is located
within the direct vicinity of an operating IRD site. A grid cell is defined as being within the direct vicinity of a
plant if the plant is located within the focal or one of the adjacent grid cells. Income percentiles are computed as
rolling within-district percentiles for every year. PM2.5 concentration is averaged across all years in the sample.
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Figure A.7: Location of Facility Closures in Germany

Note: The map shows the spatial distribution of plant closures in Germany across all years of the sample. The
displayed radii are slightly larger than the ones used to define treatment in the empirical analysis to improve
visual clarity.
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Figure A.8: Effect of Facility Closures on Ambient PM2.5 Concentration

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The outcome variable
is mean annual ambient PM2.5 concentration at the grid cell level. The regression includes for mean annual
temperature and precipitation at the grid cell level. The sample consists of all grid cells within a 5km radius
around plants that close down during the sample period. Standard errors are clustered by Bundesland. All
estimates are weighted by grid cell population.
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Figure A.9: Effect of Facility Closures on Housing Price per sqm (in logs)

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The dots represent
the same estimates as in Figure 3, the triangles represent estimates while controlling for grid cell unemployment
rates. The sample consists of all grid cells within a 5km radius around plants that close down during the sample
period. Standard errors are clustered by Bundesland. All estimates are weighted by grid cell population.
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Figure A.10: Spatial Distribution of Places Experiencing Significant Income Losses

Note: The map shows all places in Germany that experience a facility shutdown and are located within a district
where the industrial employment share is at least 25%. These places correspond to the subsample used to
estimate the effects in Figure 4.
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Figure A.11: Effect of facility closures on mean disposable household income in surrounding
grid cells with unemployment controls

Note: The figure shows point estimates and 95% confidence intervals for θs in Equation 2. The outcome variable
is log disposable household income per adult at the grid cell level. The figure represents the same estimates as
in Figure 4, but controlling for unemployment. The sample consists of all grid cells within a 5km radius around
plants that close down during the sample period. Standard errors are clustered by Bundesland. All estimates are
weighted by grid cell population.
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A.3 Tables
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Table A.1: Relative PM2.5 Exposure by Income Decile
Regression Results from Equation 1

Dependent Variable: PM2.5
Grid Cell Municipality

Model: (1) (2) (3) (4)

Income Decile 2 -0.1483∗∗∗ -0.1096∗∗∗ -0.2122∗∗∗ -0.0026
(0.0237) (0.0093) (0.0183) (0.0075)

Income Decile 3 -0.3451∗∗∗ -0.1445∗∗∗ -0.2548∗∗∗ -0.0323∗∗∗

(0.0325) (0.0126) (0.0220) (0.0094)
Income Decile 4 -0.4757∗∗∗ -0.1500∗∗∗ -0.2460∗∗∗ -0.0535∗∗∗

(0.0369) (0.0140) (0.0243) (0.0110)
Income Decile 5 -0.4872∗∗∗ -0.1470∗∗∗ -0.2102∗∗∗ -0.0600∗∗∗

(0.0397) (0.0150) (0.0260) (0.0121)
Income Decile 6 -0.4628∗∗∗ -0.1489∗∗∗ -0.1458∗∗∗ -0.0644∗∗∗

(0.0414) (0.0157) (0.0272) (0.0134)
Income Decile 7 -0.4084∗∗∗ -0.1494∗∗∗ -0.0748∗∗∗ -0.0558∗∗∗

(0.0427) (0.0167) (0.0286) (0.0147)
Income Decile 8 -0.3561∗∗∗ -0.1516∗∗∗ -0.0190 -0.0562∗∗∗

(0.0435) (0.0181) (0.0299) (0.0164)
Income Decile 9 -0.3207∗∗∗ -0.1597∗∗∗ 0.0190 -0.0605∗∗∗

(0.0455) (0.0204) (0.0320) (0.0188)
Income Decile 10 -0.3126∗∗∗ -0.1631∗∗∗ 0.0702∗∗ -0.0372∗

(0.0554) (0.0246) (0.0353) (0.0221)
Share Foreign Born -0.0029 -0.0013∗∗∗ -0.0028 -0.0124∗∗∗

(0.0030) (0.0004) (0.0022) (0.0012)
Precipitation -0.0166∗∗∗ 0.0242∗∗∗ -0.0291∗∗∗ 0.0282∗∗∗

(0.0025) (0.0006) (0.0012) (0.0004)
Temperature 0.3322∗∗∗ -0.4628∗∗∗ 0.0380∗∗ 0.4392∗∗∗

(0.0294) (0.0255) (0.0193) (0.0198)

Fixed-effects
Year Yes Yes Yes Yes
Grid Cell Yes
Municipality Yes

Fit statistics
Observations 2,078,131 2,078,131 139,710 139,710
R2 0.71889 0.94622 0.76443 0.94518
Within R2 0.08603 0.05499 0.09044 0.04103

Standard errors clustered by Municipality
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.2: Income Effects of Plant Closures by Industrial Employment Share

Dependent Variable: Mean Disposable Household Income

Industry Share

Model: <= 25% > 25%

Relative Time
t - 5 0.0115∗ 0.0049

(0.0065) (0.0071)
t - 4 -0.0032 0.0107

(0.0176) (0.0367)
t - 3 0.0447∗∗∗ 0.0577

(0.0157) (0.0563)
t - 2 -0.0097 0.0304

(0.0252) (0.0287)
t -0.1409∗∗∗ -0.0277

(0.0482) (0.0588)
t + 1 -0.0672 -0.3811∗∗

(0.0452) (0.1650)
t + 2 -0.0663 -0.3641∗∗

(0.0652) (0.1691)
t + 3 -0.1168 -0.8009∗∗∗

(0.0998) (0.2139)
t + 4 -0.0731 -0.9308∗∗∗

(0.1539) (0.2161)

Baseline Income
Estimation Sample 27.42 27.48
Full Sample 27.57 28.13

Fit statistics
Observations 187,882 34,801
R2 0.00154 0.07952
Adjusted R2 0.00150 0.07931

Custom standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.3: Effect of Facility Closures on All Outcomes for Full Estimation Sample
Regression Output for Equation 2 on listed outcomes

Dependent Variables: PM2.5 Log Income Unemployment Log Housing Pr Log Amenities
Model: (1) (2) (3) (4) (5)

t - 5 0.0138∗∗∗ 0.0003∗ -0.0168∗∗∗ 0.0026∗∗ 0.0004
(0.0040) (0.0002) (0.0040) (0.0011) (0.0003)

t - 4 0.0600 -0.0004 0.0556∗∗ 0.0014 0.0016
(0.0435) (0.0006) (0.0256) (0.0029) (0.0010)

t - 3 -0.0580∗∗ 0.0011∗∗ 0.0012 -0.0021 -0.0016
(0.0253) (0.0005) (0.0180) (0.0031) (0.0010)

t - 2 -0.0228 8.39×10−5 0.0126 -0.0006 6.38×10−5

(0.0201) (0.0007) (0.0159) (0.0035) (0.0015)
t -0.0449 -0.0043∗∗∗ 0.0289 -0.0229∗∗∗ -0.0029

(0.0322) (0.0015) (0.0490) (0.0065) (0.0024)
t + 1 -0.1414∗∗∗ -0.0029∗ -0.0194 -0.0100 -0.0017

(0.0399) (0.0016) (0.0507) (0.0087) (0.0029)
t + 2 -0.1011 -0.0036 0.1531∗ -0.0210∗∗ -0.0054

(0.0628) (0.0023) (0.0911) (0.0097) (0.0038)
t + 3 -0.1993∗∗∗ -0.0064∗∗ 0.1839∗ -0.0237∗∗∗ -0.0027

(0.0505) (0.0030) (0.0955) (0.0086) (0.0031)
t + 4 -0.4824∗∗∗ -0.0068 0.3228∗∗ -0.0471∗∗∗ -0.0138∗∗

(0.0846) (0.0050) (0.1451) (0.0168) (0.0062)

Mean (SD) at t-1 11.77 (1.64) 3.30 (0.17) 6.97 (4.04) 7.77 (0.71) –

Weather Controls Yes No No No No

All models estimated with grid cell and bundesland × year FE

Fit statistics
Observations 223,801 224,152 224,152 101,168 101,168
R2 0.04098 0.00249 0.00640 0.00264 0.00116
Adjusted R2 0.04095 0.00245 0.00636 0.00256 0.00108

Standard errors clustered by Municipality
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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