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Abstract

Electricity production from wind and solar energy is projected to grow twelvefold until 2050. This paper
studies the impact of renewable energy infrastructure on surrounding neighborhoods, its potential welfare
costs for residents, and the implications for inequality. I focus on the wind energy expansion in Germany,
2000-2017. Using neighborhood data at 1-by-1 kilometer resolution and an IV strategy that exploits
technology-induced changes in effective wind potential, I document that wind turbines decrease house
prices and lead to residential sorting driven by the emigration of college-educated residents. Combined
with a theory-consistent revealed preference argument, the reduced form results suggest that residents
would be willing to pay between 0.9 and 1.4 percent of their income to avoid an additional wind turbine.
I develop and estimate a quantitative spatial model in which wind turbines decrease amenities, residents
can adapt, for example through sorting, and housing and labor markets respond in general equilibrium.
The quantified model suggests that turbine disamenities cost residents 0.84 percent of welfare or 31
billion USD. Allocating wind turbines in neighborhoods with low willingness-to-pay substantially reduces
welfare costs but also places the burden on rural, poorer, and less educated regions. Finally, I discuss

Germany’s wind development plans for 2030, and the implications for welfare and inequality.
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1 Introduction

Renewable energies are becoming increasingly cheap. By 2050 wind and solar energy are
estimated to account for a staggering 70 percent of global electricity production (Arkolakis
and Walsh, 2023, DNV, 2023). The transition requires a large expansion of decentralized
infrastructure. Local residents, however, often object to the installation of wind turbines
and solar parks (Economist, 2021, New York Times, 2022), and their resistance remains
a key obstacle to a rapid energy transition (Jarvis, 2022). Against this backdrop, it is
important to understand the local costs of renewable energy infrastructure, and to learn
how future allocations of renewable energy infrastructure can achieve climate targets while

keeping adverse impacts on welfare and inequality low.

Quantifying the impact of renewable energy infrastructure on residents’ welfare is chal-
lenging. Anecdotally, residents are concerned about visual impacts, noise pollution, and
potential adverse health effects, but how much these concerns affect their utility is unob-
served. To overcome the challenge, I build a theory-consistent revealed preference argument

to infer residents’ welfare costs from changes in their observed behavior.

First, I develop a novel instrumental variable (IV) strategy that exploits technology-
induced changes in wind potential to predict which locations become more suitable for wind
energy over time. I use the IV and granular data from the wind energy expansion in Germany,
2000-2017, to show that wind turbine development leads to long-run decreases in house
prices, population and the share of college-educated residents in surrounding neighborhoods.
Second, I leverage that state-of-the-art location choice models (Rosen, 1974, Roback, 1982,
Ahlfeldt et al., 2015) allow to infer changes in local quality of life, for example due to
wind turbines, from changes in population, house prices, and income. I combine the IV
results and the model-implied mapping to estimate residents’ willingness-to-pay to avoid
wind turbines in their neighborhood. Third, I embed residents’ preference against wind
turbines in a quantitative spatial general equilibrium model. In the model, wind turbines
decrease the local quality of life, residents can adapt by moving to other locations, and
housing markets and labor markets adjust in general equilibrium. I use the quantified model
to study how different allocations of wind turbines affect residents’ welfare and inequality,

and the implications for wind turbine development in the future.

Wind energy in Germany is an ideal empirical setting. First, the country is an early
adopter of wind energy which allows to study its long-run consequences. Since the early 2000s

Germany has heavily subsidized wind energy, and today wind energy is Germany’s largest



source of electricity, producing 23 percent of the national mix. Second, the context highlights
the challenges that residents and policy-makers face as wind energy becomes a prominent
energy source. The country operates a staggering 28,000 wind turbines, of which 97 percent
are located within two kilometers of residential population. Residents’ objections and local
policy-makers’ attempts to restrict turbine development close to residences are ubiquitous
themes in the German energy transition, and they are likely to have contributed to the recent
slowdown in turbine development. Third, Germany has ambitious wind development goals
that are threatened by residents’ concerns. The federal government plans to double wind
energy capacity until 2030, which may require the installation of an additional 25,000 wind
turbines. Understanding the costs for residents and how to mitigate them is decisive for a

successful energy transition.

Throughout the empirical analysis, I draw on a unique data set that links turbine con-
struction, house prices, population, income, employment, and wage data for the universe
of German neighborhoods at 1-by-1 kilometer resolution. The information on population,
income, employment, and wages stems from restricted-access social security data hosted by
the Institute for Employment Research in Nuremberg, Germany. It is constructed from the
universe of employees covered by German social security, approximately 40 million workers
annually. To construct the local house price index, I leverage geo-located information on 35
million houses and flats offered on Germany’s largest online real estate platform. I collect
the data for the years 2000 to 2017 (except house prices which are available from 2007),

covering the key period of the German expansion in wind energy.

In the first part of the paper, I provide systematic evidence that wind turbine development
decreases house prices and the share of high-skilled residents in surrounding neighborhoods.
I develop a novel IV strategy that exploits how changes in technology interact with local
wind conditions, making some neighborhoods more attractive for wind energy over time than
others. Specifically, wind turbines have become taller over time, from 71 meter in 2000 to
127 meter in 2017. Wind conditions are better high above the ground, though how much
a neighborhood benefits depends on the topography around it. High terrain ruggedness
upwind of the neighborhood, for example due to hills, blocks wind speeds closer to the
ground, leading to a larger vertical dispersion of wind speeds, see Figure 4 for an illustration.
In these neighborhoods, turbine development becomes disproportionally more attractive as
wind turbine heights increase. I show that the implied changes in wind energy suitability
strongly predict turbine development. Comparing neighborhoods that are relatively close
and have similar geography, I use the IV strategy to estimate the long-run effect of turbine

development on surrounding neighborhoods.



Wind turbine development has important local costs. I find that the construction of an
additional wind turbine within three kilometers of a neighborhood reduces house prices by
2.1 percent. As neighborhoods become less attractive, high-skilled residents with college-
education move away. For each additional wind turbine, the share of high-skilled residents
decreases by 0.6 percentage points. I show that the effects are entirely driven by neighbor-

hoods that have sufficient space for wind turbine development.

In the second part of the paper, I use a revealed preference argument to quantify the
first-order impact of wind turbines on residents’ utility. I build on the formulation of res-
idents’ location choice in the Rosen-Roback framework (Rosen, 1974, Roback, 1982) and
more generally in the standard quantitative urban model (Ahlfeldt et al., 2015). I show that
the models imply a mapping between changes in local quality of life, for example due to wind
turbines, and changes in population, house prices, and income. Intuitively, if real income
increases, for example due to lower house prices, and yet residents move away, by revealed
preference the neighborhood must have become less attractive. Combining the mapping and
my IV strategy, I show that each additional wind turbine within three kilometers decreases

utility of high- and low-skilled residents by 1.4 and 0.9 percent, respectively.

In the third part of the paper, I embed the estimated preference against wind turbines in
a quantitative spatial general equilibrium model. In the model, wind turbines decrease local
quality of life, henceforth referred to as amenities. Residents choose where to live and where
to work given amenities, house prices, wages, and commuting costs (as in Ahlfeldt et al.,
2015). To capture residential sorting, I allow residents to be high- or low-skilled (similar to
Tsivanidis, 2023). Labor demand flexibly allows for substitution and productivity spillovers
across skill types (following Diamond, 2016), and housing supply is inelastic with a supply

elasticity that depends on local land constraints (following Saiz, 2010).

I estimate the model for 133,339 neighborhoods at 1-by-1 kilometer resolution. In my
main exercise, I counterfactually remove all wind turbines and compare the resulting equi-
librium to the data observed in 2017. Wind turbine neighborhoods, especially concentrated
in the North and North-West, see decreases in house prices, population, and the share of
high-skilled residents, as residents move to rural locations nearby, big cities, and the South
that is less affected by wind turbine construction. I find that the disamenities from wind tur-
bines result in welfare costs of 0.84 percent, or about 31 billion USD. A cost-benefit analysis
suggests that the benefits outside of the model, for example from abated emissions, are likely
larger than the costs. Nevertheless, the costs are substantial and in line with the resistance

against renewable energy infrastructure observed worldwide.



I use the model to discuss if alternative allocations of wind turbines across space can re-
duce the welfare costs for residents. Taking into account the constraints in land availability
for wind energy development and the geographic variation in wind potential, I show that a
wind turbine allocation that minimizes the first-order welfare impact on residents can achieve
the same electricity production while reducing general equilibrium welfare costs from 0.84 to
0.09 percent. The gains are substantial. At the same time, this and other cost-minimizing
scenarios disproportionally put wind turbines in rural, low-income, and low-educated mu-
nicipalities. As a consequence, inequality across space increases which is further amplified
by residential sorting. Finally, I use the model to evaluate Germany’s wind development
plans until 2030. I show that achieving the development goals is only possible if regional
planners free up more space for wind development, for example by reducing the required min-
imum distance between wind turbines and residential areas. I show that a cost-minimizing
allocation of the required 25,000 wind turbines can limit welfare costs to 0.07 to 0.22 but,
again, strongly increases spatial inequality. The results suggest a trade-off between aggregate
welfare and spatial inequality. For policy-makers that are interested in reducing both, the
results highlight how important it is to share the profits of wind energy more strongly with

affected communities.

The paper relates to several strands in the literature. Most directly, it connects to a large
literature that estimates the welfare costs of environmental disamenities, primarily focusing
on house prices as a revealed preference measure of decreased quality of life. Previous
papers have studied the impact of renewable energy infrastructure (Gibbons, 2015, Droes
and Koster, 2016, Sunak and Madlener, 2016, Frondel et al., 2019, Drées and Koster, 2021),
as well as other environmental disamenities (Chay and Greenstone, 2005, Greenstone and
Gallagher, 2008, Currie et al., 2015). I make four contributions. First, studies on wind
turbines commonly use difference-in-difference and event-study methods, and find a wide
range of house price effects between -1.6 and -14.0 percent. I develop a novel IV strategy
that exploits geographic and time variation in local suitability for wind energy, and find a
per turbine effect of -2.1 and a total effect of -6.3 percent for the median neighborhood. The
results confirm the previous results qualitatively and point to effect sizes in the lower half
of the distribution. Second, I use a location choice model to infer the implied welfare.! T
show that ignoring population and income responses would lead to an underestimation of the
amenity cost of wind turbines by 41.7 percent for low-skilled and by 65.5 percent for high-

skilled residents. Third, I embed the the amenity costs in a quantitative spatial model to

Here, I also relate to Bartik et al. (2019) and Brinkman and Lin (2022) use the same class of location
choice models to infer the amenity costs of fracking and freeway construction, respectively. Compared to
them, I contribute by estimating the amenity costs separately for high- and low-skilled residents.



understand the welfare costs in general equilibrium, and to show that alternative allocations
of wind turbines may achieve the same electricity production while reducing welfare costs

by an order of magnitude.

Secondly, the paper connects to a growing literature that uses quantitative spatial general
equilibrium models to study the geographic implications of climate change. A large share
of the literature focuses on adaptation to climate change. Previous papers study where
individuals move in response to higher temperatures and rising sea levels (Conte, 2022;
Cruz and Rossi-Hansberg, 2022; Bilal and Rossi-Hansberg, 2023), how firms diversify their
production network in response to increasing risk of natural disasters (Castro-Vincenzi, 2022;
Balboni et al., 2023), and how countries adapt to a warming world by specializing in the
sector of their comparative advantage (Conte et al., 2021; Nath, 2022). I contribute to a
small but growing literature that focuses on climate change mitigation (Conte et al., 2022;
Arkolakis and Walsh, 2023). The implications of climate change mitigation are particularly
policy-relevant because they can inform current efforts to reduce emissions and reduce the
welfare costs that will eventually arise as individuals, firms, and countries have to adapt to
a warming world. Most closely related to me are Arkolakis and Walsh (2023) who integrate
renewable energy production into a spatial growth model to measure the welfare effects of
increasingly cheap electricity. Their paper abstracts from the negative externalities that
renewable energy infrastructure creates for residents. My paper shows that local costs are
quantitatively important for aggregate welfare and the optimal allocation of renewable energy
production. I also complement Balboni (2021) and Hsiao (2023) who study the optimal
allocation of infrastructure, roads and seawalls respectively, in response to rising sea levels.
I study optimal infrastructure allocation of renewable energy production, a policy to reduce

emissions and limit damages before they arise.

2 Background

Climate change and the rise of renewable energy. Climate change is caused by
the emission of greenhouse gases (GHGs) into the atmosphere. In the Paris Agreement in
2015 the international community declared its goal to reduce net GHG emissions to zero
by 2050 in order to limit global warming relative to pre-industrial temperature levels to a
maximum of 2°C' and ideally to 1.5°C". One of the largest contributors to emissions is heat
and electricity production from fossil fuels. Renewable sources of energy, such as wind, solar,

hydro, and geothermal energy are sustainable alternatives. Especially, wind and solar energy



Figure 1: Projection Cost of Electricity by Energy Source (in USD/MWh)
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Notes: Figure 1 shows projections of the levelized cost of electricity (in USD/MWh) for coal, gas, nuclear,
hydro, solar, onshore wind, fixed offshore, and floating offshore wind energy. Source: Energy Transition
Outlook 2023 (DNV, 2023).

are becoming increasingly prevalent as technological advances cut down their costs. Figure
1 shows the evolution of electricity costs by source. Costs are shown for the period 2010 to
2050 as estimated in the Energy Transition Outlook (DNV, 2023). The estimates report the
levelized cost of electricity (LCOE), a standard measure that calculates the net present cost
of electricity of a plant installed in a given year, taking into account the plant’s fixed and

variable cost as well as the total electricity produced over its lifetime.

The costs of wind and solar energy have fallen sharply between 2010 and 2020. Today,
both sources are cheaper than traditional sources such as coal, gas or nuclear energy. In
2022, a newly installed wind turbine produces electricity at 49 USD/MWh, while newly
installed fossil and nuclear plants produce electricity at around 75 USD/MWh (DNV, 2023).
Moreover, the price of wind energy is projected to fall to 27 USD/MWh by 2050, while the

cost of gas and nuclear stays constant, and the price of coal is projected to sharply increase.

As a result, wind and solar energy are becoming increasingly present. Figure 2 reports
the evolution of the global electricity mix between 1990 and 2050. Electricity production
from 2023 onward is based on projections in the Energy Transition Outlook (DNV, 2023).
Between 2000 and 2010, electricity production from wind energy grew by 454 percent, and
its contribution to the global mix grew from 1.6 to 6.0 percent. By 2050, the report expects
the share of wind energy in global electricity to grow to 30 percent, and for solar and wind
energy together to account for 69 percent. Arkolakis and Walsh (2023) find that by 2040,



Figure 2: Projection Electricity Production by Energy Source (in billion MWh)
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Notes: Figure 2 shows projections of global electricity production (in billion MWh) for wind, solar, other
renewables, coal and oil, gas, and nuclear energy. Source: Own calculation based on the Energy Transition
Outlook 2023 (DNV, 2023).

solar and wind energy will account for 50 to 70 percent of global electricity production.

Wind energy in Germany. Systematic wind development in Germany began in the
mid 1990s. From the early 2000s the government heavily subsidized turbine development
through feed-in-tariffs. Today, wind energy is Germany’s largest source of electricity. In
2022, it produced 125 TWh, contributing about 22.8 percent of German gross electricity

consumption.

Wind energy can be produced by wind turbines at land (”onshore”) and at sea (”off-
shore”). In Germany, approximately 87 percent of wind energy are produced at land. In
2022, Germany operated 28,443 wind turbines at land. Due to the high population den-
sity of the country, 97 percent of turbines are located within two kilometers of residential

population.

Impact of wind turbines on residential amenities. The two primary channels

through which wind turbines may affect residential amenities are visual and sound pollution.



Modern wind turbines are up to 200 meter high with rotor blades up to 75 meter long.
Exploiting that wind turbines are visible for some residents but not for others due to the
terrain, for example hills between residents and the turbine, Gibbons (2015) shows that a
wind turbine reduces house prices by 6.5 percent within one kilometer and between 5.5 and
6 percent within two kilometers. The results suggest that the visual impact of turbines is

important for residential amenities.

A second concern is that the rotation of wind turbines’ blades produces noise and in-
frasound that are negatively perceived by residents. The noise effects of turbines are very
localized. At a distance of 500 meter turbines can be heard at about 45 decibel, comparable
to the noise that light car traffic generates for residents at a street. After 500 meter the
noise level declines rapidly. This suggests that the disamenity effect of noise is relatively
low. Residents have also complained about infrasound, low frequency sound that cannot be
perceived by the human ear, claiming that it disrupts their sleep and causes stress. The
medical literature is mostly doubtful of the health effects of infrasound. However, even the
belief in adverse health effects may harm sleep quality and induce stress. Zou (2020) shows

that wind turbines decrease self-reported sleep quality and may even increase suicide rates.

Development plans until 2030. Germany has ambitious goals for the further devel-
opment of wind energy. With the 2021 Climate Act Germany is bound to reduce its GHG
emissions by 65 percent until 2030 (relative to 1990 emission levels) and to achieve climate
neutrality by 2045. As part of the legislation, the government plans to provide 80 percent of
gross electricity consumption in 2030 from renewable sources. Figure A.1 in the Appendix
shows the explicit capacity development goal that the government has given out for wind

and solar energy as well as the evolution of the electricity mix in the past.

For wind energy at land, the law requires that capacity grows approximately 98 percent
from 58 GW in 2022 to 115 GW in 2030. Despite the expected growth in turbine efficiency;,
the capacity goal requires an enormous speed-up in the number of wind turbines constructed
per year. Figure A.2 in the Appendix shows the net number of wind turbines installed each
year as well as the turbines required to reach the 2030 goal.? On average, Germany would
have to add about 2200 wind turbines per year, more than were installed in any year in the

past two decades.

The ambitious goals are in stark contrast to the recent slowdown in turbine develop-

2The Climate Act specifies only the wind energy capacity in 2030, not the number of wind turbines. To
translate capacity into the number of turbines needed, I assume that capacity per turbine grows linear (as
it did between 2000 and 2022) and that Germany adds an equal number of wind turbines each year.



ment. Between 2017 and 2022 the number of active wind turbines decreased from 28,675 to
28,443 turbines. Because today’s turbines are more efficient than the older models that are

deinstalled, total capacity is still growing but more slowly than ever before.

The central reason for the slowdown in turbine construction is that there is not enough
area for new constructions (Wind, 2023). Since 2017 various states have enacted minimum
distance rules that forbid turbine construction close to residential population. Minimum
distance rules vary across states, ranging from 500 to 1500 meters. Conservation, for example

to protect birds, and construction regulation at the local level further amplify the problem.

3 Data

This section describes the main data used in the analysis. Details on the construction of

variables and further information on auxiliary data can be found in Appendix B.

In brief, I divide Germany into 133,339 populated 1-by-1 kilometer cells and collect
information on wind turbines, house prices, residential and workplace population and wages
at this level. With the exception of house prices (which are available from 2007), I collect
all data between 2000 and 2017. I add cross-sectional information on wind conditions and

other geographic variables.

Geographic unit of analysis. As the unit of analysis, I choose the 1-by-1 kilometer
grid cell level. The cells are delineated using the European cartography standard INSPIRE.
Compared to administrative units such as municipalities, the grid cells are considerably finer
and have consistent shape and size. For the analysis this is important because wind turbines
are likely to have local effects and may lead to substantial within-municipality residential

sorting across neighborhoods that an analysis at a coarser level would mask.

Sample. The base sample consists of 133,339 grid cells in contiguous Germany that have
positive residential or workplace population.® 92 percent of cells have positive population,
49 percent have positive employment, and 45 percent have both positive population and

employment. I refer to all cells as neighborhoods.

3Residential and workplace population are measured from the Integrated Employment Biographies. The
data includes the universe of all employees in Germany, excluding civil servants and self-employed. To
preserve anonymity of the population in smaller cells, the base sample only includes cells with at least ten
residents or ten employees in all years between 2000 and 2017. Nevertheless, in 2017 the base sample captures
98.4 percent of total residential population and 97.8 percent of total workplace population.



Figure 3: Wind Turbines
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Notes: Figure 3 shows the distribution of wind turbines installed in 2000 and 2017, respectively. For
reference, the wind power density (in kg/s) at 100 meter above ground is shown in blue. Wind power
density is grouped into quintiles. Dark blue indicates strong winds, light blue indicates weak winds. Source:
Own calculation using data on wind turbines from The Wind Power and data on wind power density from
the Global Wind Atlas.

Wind Turbines. The data on onshore wind turbines stems from Eichhorn et al. (2019)
who collect and systematize the information from the authorities of the federal states in
Germany. Most importantly, the data comes with the coordinates and the construction year
of each turbine. Since the data only includes wind turbines built until 2015, for the years
2016 and 2017 I complement the data with information from the wind energy intelligence
company The Wind Power. Figure 3 shows the distribution of wind turbines in Germany

in 2000, the start of my sample period, and in 2017, the end of the sample period.

House prices. I construct a quality-adjusted house price index using object level data
from Germany’s largest online real estate platform ImmobilienScout24. The data has been
previously used in Economics research; a detailed description can be found in Schaffner
(2020). Due to the website’s start year, the data is only available from 2007. Over the
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sample period, the website listed more than 35 million houses and flats. Each listing comes
with information on the asking price, the date of the ad, the object’s location, and a rich
set of object characteristics. To obtain the quality-adjusted house price index, I residualize
the rental price per square meter on a flexible function of these characteristics, and calculate
the average residual house price in the neighborhood. Since the number of listings each year

varies especially for smaller neighborhoods, I take a three year rolling window average.

Residents, workers, and wages. The data on the residential and workplace population
as well as workers” wages in each neighborhood stems from the GridAB data provided by the
Institute for Employment Research (IAB). The GridAB draws on the Integrated Employment
Biographies (IEB), individual level social security data that cover close to the universe of

the German workforce, including approximately 40 million individuals every year.*

A neighborhood’s residential population is measured as the number of individuals in the
IEB that have their residential address in the neighborhood. Conversely, the workplace
population is measured as the number of individuals whose job address is located in the
neighborhood. Finally, I calculate wages as the average wage among all full-time workers
(not residents) in a neighborhood. To measure residential sorting, I obtain all variables
separately for college-educated residents and workers and those without college education.
Following the literature on residential sorting (for example Diamond, 2016), I refer to college-

educated as high-skilled and to individuals without college education as low-skilled.

Instrument data. To construct the instrument, I collect information on wind power
density at 50, 100, and 150 meters above ground from the Global Wind Atlas. I also obtain
information on the average turbine height for a wind turbine installed in a given year from
the company The Wind Power. Moreover, I collect geographic information on land use from
the German Environment Agency and on natural reserves from the German Federal Agency

for Nature Conservation.

4The data includes regular (full- or parttime) employees whose jobs are subject to social security con-
tributions, marginal employees whose jobs are not subject to social security contributions, individuals who
report seeking employment or who receive unemployment benefits. It excludes civil servants, self-employed,
and individuals outside of the labor force.
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4 Estimating the Impact of Turbines on Neighborhoods

4.1 Empirical Strategy

The goal of this section is to estimate the impact of wind turbine development on housing
prices and the residential composition of the surrounding neighborhood. Since households
may face short-term migration frictions that prevent them from reacting immediately to
the change in residential amenities, I focus on the long-term effects of turbine development.
Due to data availability, I use changes between 2007 and 2017 for house prices, and changes
between 2000 and 2017 for residential sorting and all other outcomes. Specifically, I am

interested in a causal estimate of 3 in the following specification.

Ay, = B-AT, +¢, (1)

Where Ay, are long-run changes in the outcome variable, for example in house prices, in
neighborhood n and AT, is the number of wind turbines constructed over the same period.
Following previous studies that suggest that the cost of wind turbines, as measured by house
price changes, drops sharply at two to three kilometers (Gibbons, 2015, Drées and Koster,
2016, Sunak and Madlener, 2016), throughout the paper AT,, measures turbine construction

within three kilometer of neighborhood n.

The identification challenge in Equation (1) is that wind turbine development may be cor-
related with unobserved trends in the outcome variable €,,. On the demand side, politicians
may preferentially allow wind turbine development in regions where they expect electricity
demand to grow. On the supply side, wind turbine developers may avoid regions in which
they expect strong resistance from residents. To overcome the identification challenge, I
develop an instrumental variable (IV) strategy that exploits technology-induced changes in
wind turbine development that are arguably unrelated to confounding demand and supply

factors.

Instrumental variable strategy. The electricity production of a wind turbine depends
on local wind conditions, specifically the local wind power density. Local wind conditions
do not vary decisively over the years, and in my data they are cross-sectionally fixed. How-
ever, the effective wind power density that turbines reap has changed considerably due to

technology-induced increases in wind turbine height. Between 2000 and 2017, the average
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height of wind turbines has increased from 71 to 127 meters. Wind conditions are better
high above the ground, and for the average neighborhood in Germany, a typical® turbine
installed in 2017 would reap a wind power density that is 59 percent higher than a wind
turbine installed in 2000, simply due to the height increase.

I exploit that the common technology change has made some neighborhoods more attrac-
tive for wind energy than others because their vertical wind shear - how much cross-sectional
wind power density increases with turbine height above ground - is larger. The variation in
wind shear that I use arises from the direction of the wind and its interaction with elements
of rugged terrain, for example hills, that block the wind at lower heights and lead to larger
vertical wind shear up to ten kilometers downwind of the rugged terrain (Global Wind Atlas,
2023). Figure 4 illustrates the idea for two hypothetical neighborhoods A and B that are
separated by a hill. In the example, wind flows from West to East. The hill blocks the wind
at lower heights, leading to a higher vertical wind shear in neighborhood B on the east side
of the hill. As a consequence, wind turbine development becomes more attractive in village

B over time, relative to village A.

Construction of the instrument. I obtain cross-sectional data on wind power density
from the Global Wind Atlas. The data is available at three heights, at 50, 100, and 150 meter
above ground. For heights in between, I calculate wind power density by linear interpolation.
Since [ want to predict wind turbine development within three kilometers of a neighborhood,
I also calculate the average wind power density within three kilometers. Then, I calculate
the effective change in wind power density between 2000 and 2017 as the change in wind
power density between height 71 meter, the average height of a turbine installed in 2000,
and height 127 meter, the average height of a turbine installed in 2017.

Figure 5 shows the resulting change in effective wind power density across all 1-by-1 kilo-
meter grid cells in Germany. Panel 5a reports the raw variation, Panel 5b reports the residual
variation that remains after controlling for district fixed effects as well as the neighborhood’s
altitude, ruggedness, slope, and the share of land used for buildings, agriculture, forests,
and water bodies. My empirical specification uses the residual variation. Importantly, the
district fixed effects ensure that I compare only neighborhoods relatively close to each other,
and the geographic controls ensure that I remove any variation in vertical wind shear that
arises from the neighborhood’s geography. The identifying variation, thus, comes from larger

scale wind patterns and their interaction with topography upwind of the neighborhood.

°I define a "typical” turbine in a year as one that is as tall as the average turbine installed in the year.
Figure A.3 in the Appendix plots the distribution of turbine heights in 2000 and 2017 and confirms that a
turbine of average height indeed represents a typical turbine.
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Figure 4: Schematic Illustration of IV Idea
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Notes: Figure 4 illustrates the idea of the IV strategy. It depicts two fictive villages A and B, separated by
a hill. In the hypothetical example, wind flows from West to East. The wind is disrupted by the hill which
leads to higher vertical wind shear on the right side of the hill. Since wind turbines become taller over time -
from 71 meters in 2000 to 127 meters in 2017 - effective wind power density accessible for a turbine installed
in a given year increases over time. As a consequence, wind turbine development becomes more attractive
in village B over time, relative to village A.

Secondly, I construct the share of land within three kilometers of each neighborhood
that is available for wind turbine development. I use this variation as a placebo check as
changes in wind power density should not affect wind turbine development in places where
no turbines can be constructed, for example a densely built city like Berlin. Moreover, I
interact changes in wind power density with the share of land available for wind energy in

order to increase the power of the instrument.

To construct the share of land available, I obtain high-resolution data on built areas and
water bodies, where turbine construction is physically impossible, and on conservation zones
that forbid wind turbine development. I also exclude 400 meter bands around urban areas
accounting for the legally mandated minimum distance between residential areas and wind

turbine development. Section B.1 in the Appendix provides additional details.

IV specification. I estimate the following specification,
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Figure 5: Change in Wind Power Density, 2000-2017

(a) Raw Variation (b) Residual Variation
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Notes: Figure 5 shows the effective change in wind power density (in kg/s) between 2000 and 2017 that
occurs due to increases in turbine heights. Wind power density in 2000 is measured as cross-sectional wind
power density at 71 meters, the average height of turbines installed in 2000. Analogously, wind power density
in 2017 is measured at 127 meters, the average height of turbines installed in 2017. Panel 5a shows the raw
variation. Panel 5b shows the residual variation in wind power density changes that remains after controlling
for district fixed effects as well as geographic characteristics including altitude, terrain ruggedness, slope and
the share of land that is covered by buildings, agriculture, forests, and water. The variation is grouped into
quintiles. Dark blue indicates large changes, light blue indicates small changes. Source: Own calculation
based on wind power density data from the Global Wind Atlas.

where Ay, is a change in the outcome variable, AT, is the predicted change in wind
turbines, X, is a vector of geographic controls including altitude, ruggedness, slope, and the
share of land used for built areas, agriculture, forests, and water bodies, and d4(,) denotes
district fixed effects. I instrument AT, with changes in wind power density AW, and
depending on the specification, also with the interaction of changes in wind power density

with the share of land that is available for wind turbine development AW,,.S,,.
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The parameter of interest is 8. The identifying assumption is Ele,|AW,, AW, S,] = 0,
and more narrowly that changes in wind power density are uncorrelated with unobserved
trends in the outcome variable in general, as well as in neighborhoods with different degrees
of land availability specifically. The assumption holds if changes in wind power density are
quasi-randomnly assigned, conditional on all control variables. Since the estimation equation
is in (long) differences, any (unobserved) time-invariant variation is already differenced-
out, so that any correlation of changes in wind power density with variation in geography,
invariant wind conditions, or cross-sectional socio-economic characteristics does not affect
the consistency of the estimate. Moreover, I include district fixed effects, which take out any
changes in the outcome variable that are common in the district and ensure that, effectively,
I compare changes in wind power density for close® neighborhoods. Furthermore, I control
for all the neighborhood’s geographic characteristics that according to the data provider
may affect vertical wind shear Global Wind Atlas (2023). These include the altitude of the
neighborhood, its terrain ruggedness and average slope, and the share of land that is covered
by buildings, agriculture, forests, and water, respectively. The remaining variation in changes
in wind power density appears as good as random as indicated by Figure 5. Moreover, in
Section 4.2 I show that changes in wind power density affect all outcome variables only in
areas where wind turbine development is possible, lending further support to the identifying

assumption.

Thus, the identifying variation comes from comparing neighborhoods that i) are in the
same region and share similar geographic characteristics but ii) experience different changes
in wind power density due the increasing height of wind turbines and the vertical wind shear

in the neighborhood.

To account for spatial correlation in the error term, I cluster the standard errors at the

district level in all specifications.

4.2 Main Results

First-stage. Table 1 reports the first-stage results. Column (1) regresses wind turbine
construction between 2000 and 2017 on the change in wind power density over the same
period. The coefficient indicates that changes in wind power density are a strong and signif-

icant predictor of turbine development. Moving a neighborhood from the 25th to the 75th

6The average district in Germany has 892 square kilometer, a bit under a third of the size of a county in
the US.
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Table 1: First-Stage
(1) (2)

A Wind Turbines

A Wind power density 1.76*** 0.09
(0.24)  (0.21)

A Wind power density 2. 2] HK*
x Share land available (0.17)
District FE y y
Geographic controls y y
Observations 133,339 133,339

Notes: Table 1 shows the first-stage results. The dependent variable is changes in wind turbines between
2000 and 2017. The independent variable is changes in wind power density (in 100 kg/s%) induced by changes
in wind turbine heights between 2000 and 2017 (in both columns) and the interaction of changes in wind
power density with the share of land within three kilometers that is available for wind turbine construction
(only in the second column). All regressions are at the neighborhood level and control for district fixed effects
as well as altitude, terrain ruggedness, slope and the share of land that is covered by buildings, agriculture,
forests, and water. The standard errors are clustered at the level of 401 districts.

percentile in the distribution of wind power density changes at baseline, i.e. from 205 to 347
kg/s® increases the expected number of turbines constructed within three kilometers of the

neighborhood by 2.5 wind turbines.

Column (2) regresses wind turbine construction on the change in wind power density
and the interaction of wind power density with the share of land that is available for wind
turbine construction. The results indicate that changes in wind power density affect turbine
construction only in neighborhoods that have land available. For neighborhoods that are in
the urban core or surrounded by natural parks, on the other hand, changes in wind power
density do not significantly affect turbine construction. Moving a neighborhood from the
25th to the 75th percentile in the distribution of wind power density changes increases wind
turbine development by 0.13 turbines if there is no land available and by 3.3 turbines if all

land around the neighborhood is available.

House prices. Table 2 reports the effect of wind turbine development on house prices.
Panel A shows the intention-to-treat effects, regressing changes in log house prices on changes
in wind power density and its interaction with the share of land available for turbine construc-
tion. Panel B shows the IV effects, regressing changes in log house prices on wind turbine

development. Since house prices are only available from 2007, all changes are measured be-
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Table 2: Effects of Turbines on House Prices
(1) (2) (3) (4)

A Log House Prices, 2007-2017

Panel A: Intention-To-Treat

A Wind power density -0.031*%  -0.028 -0.006 -0.006
(0.018) (0.018)  (0.019)  (0.019)

A Wind power density -0.032%**  -0.0297%**
x Share land available (0.008) (0.008)

Panel B: IV Estimates
A Wind turbines -0.024*  -0.022 -0.021*** _0.020***
(0.014) (0.014) (0.005) (0.005)

Effective F-Statistic 34 33 66 64

District fixed effects y y y y
Geographic controls y y y y
Socioeconomic controls y y
Observations 79,573 79,573 79,573 79,573

Notes: Table 2 shows the estimates for the intention-to-treat and IV specification corresponding to Equation
(2). Panel A shows the intention-to-treat effect, Panel B the IV effect. The dependent variable are log changes
in house prices between 2007 and 2017. The independent variables are changes in wind power density and
its interaction with the share of land within three kilometers that is available for wind turbine construction
in Panel A, and the instrumented change in wind turbines in Panel B. The Effective F-Statistic is calculated
following Montiel and Pflueger (2013). Geographic controls include altitude, terrain ruggedness, slope and
the share of land that is covered by buildings, agriculture, forests, and water. Socioeconomic controls include
population density, income per capita and the share of high-skilled residents in 2000. The standard errors
are clustered at the level of 401 districts.

tween 2007 and 2017. Columns (1) and (2) report the effects using only wind power density
as the instrument, Columns (3) and (4) include wind power density and the interaction with

land available as instruments.

The intention-to-treat effects in Panel A indicate that changes in wind potential are
associated with a decrease in house prices. When including wind power density and its
interaction with land available, the entire negative effect is picked up by the interaction
coefficient. This result is consistent with the first-stage results in Table 1 which indicates that

changes in wind power density strongly predict turbine development only in neighborhoods
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with potential areas for turbine development. In neighborhoods that have no area around
them that can be used for turbine development, changes in wind power density do not
predict turbine development or decreases in house prices. These results lend support to
the identifying assumption that changes in wind power density are unrelated to unobserved

trends in house prices.

The IV estimates in Panel B show that the effect is robust across specifications. My
preferred specification, reported in Column (3), indicates that each additional wind turbine
within three kilometers decreases house prices by 2.1 percent. The result are broadly in
line with the previous literature. Gibbons (2015) finds that visible wind turbines reduce
house prices by 5-6 percent within two kilometers, and by 2 percent between two and four
kilometers. Drées and Koster (2016) find that wind turbines within two kilometers reduce
house prices by 1.4 percent. However, their analysis focuses on an earlier period in which
the average wind turbine was only 60 meter high while wind turbines in my sample are on
average 100 meter high. For wind turbines larger than 100 meter, they find that house prices

decrease by 3.7 percent.

Residential sorting. Table 3 reports the effect of wind turbine development on residen-
tial sorting. The outcome variable is the change in the share of high-skilled residents between
2000 and 2017. High-skilled residents are defined as individuals with college education. The
intention-to-treat estimates indicate that changes in wind power density decrease the share
of residents that is high-skilled. As for house prices, the effect appears only in neighborhoods

with sufficient area for turbine development.

The IV estimates in my preferred specification in Column (3) suggest that each additional
wind turbine within three kilometers decreases the share of residents by 0.6 percentage
points. Among neighborhoods that see wind turbine development between 2000 and 2017,
the median neighborhood receives three wind turbines, implying a cumulative effect of 1.8

percentage points.

4.3 Further Outcomes and Robustness

High-skilled emigration drives sorting. The main results show that wind turbine devel-
opment decreases house prices and leads to a reduction in the share of high-skilled residents.
Columns (3) and (4) in Table 4 suggest that (net) emigration of high-skilled residents drives

changes in the residential composition. Specifically, each wind turbine decreases the number
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Table 3: Effects of Turbines on Residential Sorting
(1) (2) (3) (4)

A Share High-Skilled Residents, 2000-2017

Panel A: Intention-To-Treat
A Wind power density -0.011%%*  -0.013***  -0.002 -0.0003
(0.002)  (0.003)  (0.002)  (0.003)
A Wind power density -0.012%**  -0.017%**
x Share land available (0.001) (0.001)

Panel B: IV Estimates
A Wind turbines -0.007**%*  ~0.007***  -0.006%** -0.008***
(0.002) (0.002) (0.001) (0.001)

Effective F-Statistic 52 51 134 131

District fixed effects y y y y
Geographic controls y y y y
Socioeconomic controls y y
Observations 128,209 128,209 128,209 128,209

Notes: Table 3 shows the estimates for the intention-to-treat and IV specification corresponding to Equation
(2). Panel A shows the intention-to-treat effect, Panel B the IV effect. The dependent variable are changes
in the share of high-skilled residents between 2000 and 2017. The independent variables are changes in
wind power density and its interaction with the share of land within three kilometers that is available
for wind turbine construction in Panel A, and the instrumented change in wind turbines in Panel B. The
Effective F-Statistic is calculated following Montiel and Pflueger (2013). Geographic controls include altitude,
terrain ruggedness, slope and the share of land that is covered by buildings, agriculture, forests, and water.
Socioeconomic controls include population density, income per capita and the share of high-skilled residents
in 2000. The standard errors are clustered at the level of 401 districts.

of high-skilled residents by 1.9 percent while there is no effect on low-skilled residents. For
the median neighborhood that sees construction of three wind turbines, this implies a total

effect of 5.7 percent.

Downstream effects on the labor market. The emigration of high-skilled residents
affects employment. Columns (5) and (6) in Table 4 show that each additional wind tur-
bine decreases high-skilled and low-skilled employment in the neighborhood by 4.7 and 2.2
percent, respectively. Since the sample of residential and workplace neighborhoods differ

considerably, the comparison of residential and workplace sorting is not straightforward.
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Taken at face value, however, the results suggest that the emigration of high-skilled res-
idents causes more than a one-for-one decrease in high-skilled workers. This is consistent
with the literature on agglomeration economics that shows that high-skilled workers increase
the productivity of other high-skilled workers around them (Moretti, 2004, Diamond, 2016)
as well as the estimation of the labor demand function in Section 6, Table 8. Secondly, the
results suggest that low-skilled employment falls even though low-skilled residential popu-
lation stays constant which is consistent with positive spillovers of high-skilled workers on

low-skilled workers as well as with complementarity between the two.

Finally, I find that wages increase in respond to lower employment. As Columns (7)
and (8) show that each additional wind turbine increases high-skilled and low-skilled wages
by 1.4 and 0.6 percent, respectively. Wage increases are larger for high-skilled, consistent
with the fact that high-skilled employment falls more than low-skilled employment. Overall,
the results support the interpretation that wind turbines make neighborhoods less attractive
for residents which results in a negative labor supply shock while ruling out alternative
interpretations. For example, if wind turbines made neighborhoods more productive we
should observe rising wages and rising employment. The results are also consistent with

Fabra et al. (2023) who find limited employment effects of wind energy infrastructure.

Robustness. Finally, Table A.1 in the Appendix reports additional robustness checks
for the two main results on house prices and residential sorting. Column (1) repeats the
base specification, Column (2) repeats the augmented base specification that additionally
controls for population density, income per capita, and the share of high-skilled residents
in 2000. Since the specification is in (long) differences, including these variables controls
for trends in the outcome variable in less dense, poorer, or less educated neighborhoods.
Thus, the wind turbine effect is not driven by initial differences in the three socioeconomic
indicators. Column (3) controls for the demography of the residential population in 2000,
including the share of female residents, the share of residents aged 15-25, 26-35, 36-45, 46-
55, and above 55, and the share of foreign residents. Initial differences in demography do
not drive the wind turbine results. Column (4) controls for the industrial structure in and
around the neighborhood. Specifically, I control for the share of residents that work in each
of the 21 industries in the WZ 2008 classification. The results do not change significantly.
Column (5) adds wind power density in 2000. With this column, I confirm that changes in
wind power density due to technological advances drive the result, not differences in initial
wind conditions. Column (6) adds the longitude and latitude of the neighborhood, clarifying
that the changes in outcomes are not driven by the location of the neighborhood within

the district, for example because neighborhoods closer to the coast in Northern Germany
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experience different changes in wind power density and different changes in the outcome

variable.

Finally, Columns (7) and (8) interrogate the validity of the Stable Unit Treatment Value
Assumption (SUTVA). There are two potential concerns. First, how many residents leave
when turbines are built depends on their outside option. If there are many turbines built in
the whole region fewer people emigrate, and from the observed migration and house price re-
sponses, we would underestimate residents’ preferences against wind turbines, see Borusyak
et al. (2023) for a detailed explanation of the concern. Second, the reduced form com-
pares neighborhoods that experience turbine construction with neighborhoods that remain
unspoiled. The latter serve as a control group but as residents leave wind turbine neigh-
borhoods and settle in unspoiled neighborhoods, the control group, too, maybe affected,

potentially biasing the results upwards.

To rule out both concerns, I include a measure of the aggregate shock that surrounding
neighborhoods experience as a control variable. Following Borusyak et al. (2023), the aggre-
gate shock weights shocks in surrounding neighborhoods by their population as well as the
distance.” Column (7) includes changes in wind power density and its interaction with land
available aggregated over surrounding neighborhoods. Column (8) includes predicted wind
turbines based on both instruments aggregated over surrounding neighborhood. Compared
to the base specification, the coefficient is virtually unchanged. This lends support to the
assumption that potential violations of SUTVA do not bias the results. Intuitively, under
both violations of SUTVA discussed above, being surrounded by neighborhoods that are also
treated induces bias in the estimates. Under concern one, it leads to worse outside options
and less emigration. Under concern two, it leads to a higher ratio of treated to control
units, inducing larger spillovers on the control group and a larger bias. By controlling for
the prevalence of shocks in surrounding neighborhoods, I account for these two alternative

stories, confirming that the results are not driven by SUTVA violations.

"Specifically, the shock is 241t = Cn ﬁ?k)/(zkin (disliikm)‘)’ Zr is the shock, for example
changes in wind power density, or predicted wind turbines, Ry is the number of residents in k, dist, is the
distance between n and k and < is the elasticity of migration with respect to distance which I set as —1.25
as Borusyak et al. (2023).
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5 Using Theory to Infer the Implied Amenity Cost

Section 4 shows that wind turbine development decreases house prices and leads to emigra-
tion of high-skilled residents. Implicitly these results suggest that wind turbine development
makes neighborhoods less attractive, especially for high-skilled residents. In Section 5, I use
a revealed preference argument to infer how much residents would be willing to pay to avoid
wind turbine development and the associated amenity cost. Specifically, I show location
choice models in the spirit of the Rosen-Roback framework (Rosen, 1974, Roback, 1982)
and the standard urban quantitative spatial model (Ahlfeldt et al., 2015) admit a mapping
between changes in house prices, population, and (model-implied) income and changes in
amenities, and I combine the mapping and the reduced form strategy to estimate the impact
of wind turbines on amenities. For ease of exposition, I develop the amenity mapping for the
Rosen-Roback framework and discuss how it generalizes in the case of Ahlfeldt et al. (2015)

at the end of the section.

5.1 Mapping Between Reduced Form Effects and Amenity Costs

Setup. The economy is populated by L workers. Each worker w is high-skilled or low-skilled.
Variables and parameters that differ by type are denoted with a superscript 6§ € {h,l}. The
total measure of high- and low-skilled workers in the economy is L" and L', respectively.

There are N neighborhoods in the economy, denoted by subscript n.

Utility. Workers derive utility from non-tradable housing h? with Cobb-Douglas weight
o’ and from a freely tradable consumption good ¢’. I denote @,, the price of housing and
normalize the price of consumption to one. Workers also derive utility from the amenities in
their neighborhood A% and an individual location-specific taste shock €% (w). Workers inelas-
tically supply one unit of labor and earn wage w?. They choose housing and consumption

to maximize their utility.

af —at

maxuf (@) = A5 - (W) - ()7 anw) st Queh'+d=uwl (3)
Location choice. The maximization yields the workers’ indirect utility of living in

neighborhood n which depends on the local amenities, wages, and housing costs, as well as

the taste shock.
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_ Agfjéz () (4)

vn(w)

Workers choose to live and work in the neighborhood that maximizes their utility. I
follow the quantitative spatial literature and assume that the taste shock is drawn from a
Frechet distribution with shape parameter %, that is £ (w) ~ F?(g) = exp(—e~*"). Under
this assumption, one can show that the share of workers that choose to live in neighborhood

n 18

()
)\9 — Q%G

n 20
ZN Abw?
r=1 Qoﬁ

(5)

and the number of residents in a neighborhood is R? = L. \?. Solving for amenities and
taking logs, one can derive the mapping between amenities, population, house prices, wages,

and the two parameters x’ and af. Specifically,

In(A%) = L. In(R)) +a’ In(Q,) —In (w)) + ¢’ (6)

<0
where I denote the constant ¢ short for the denominator sum and total population.®

Interpretation. Models in the spirit of the Rosen-Roback framework and Ahlfeldt
et al. (2015) use amenities, which are unobserved, as a fundamental characteristic of a
neighborhood that rationalizes the distribution of population across space. Intuitively, if
many residents live in a neighborhood despite high house prices and low wages, by revealed
preference, there must be something in the neighborhood that makes it attractive, and the
models use amenities a summary statistic for that attractiveness, without having to take a

stance what exactly makes the neighborhood attractive.

To understand the welfare costs of wind turbines, the revealed preference summary statis-
tic is particularly useful. First, wind turbines may affect the quality of a neighborhood
through various channels, for example, through their visual impact on the landscape, their

effect on noise pollution, or their (perceived) health costs for residents. Second, a change in

K,g
8Formally, ¢/ = 1/k?(In(3-N (Aﬁwf) ) — In(LY)).

r=1 Qa9
r
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amenities has a clear economic interpretation. Amenities enter the utility multiplicatively.
A one percent decrease in amenities is equivalent to a one percent decrease in income, which

helps to interpret the magnitudes of an amenity change.

Generalization. In Appendix C, I show that the amenity mapping generalizes to the
location choice problem in Ahlfeldt et al. (2015), in which residents are allowed to choose
a different residence and workplace, and to commute between the two. In the general case,

the amenity mapping is almost unchanged. Specifically,

1
In(A%) = h In(R) +a’ - In(Q,) —In (W) + (7)
where the key change is that model-consistent income in the residential neighborhood

WY now depends on the wages in surrounding workplaces i, weighted by the commuting cost
0

d%.. Formally, W/ = <Zf\i1 (w?/ clfn«)'f"g)l/fC . In the case of the Rosen-Roback framework,
where commuting costs are one for n = ¢ and infinite for n # ¢, commuting cost-weighted
access to wages WY collapses to income in the neighborhood wf. I show that using either
approach does not change the estimated amenity costs of wind turbines (in Section 5.2),
and develop and estimate the quantitative spatial model (in Section 6) allowing residents to

commute between the different neighborhoods at 1-by-1 kilometer resolution.

5.2 Estimation of Amenity Costs

Next, I use the amenity mapping and my IV strategy to estimate how much wind turbine
development decreases amenities, and thus welfare. Given Equation (6), estimating the effect
of wind turbine development on amenities requires information on population, house prices,

and wages (which are observed in the data) as well as the parameters of, and x°.

Parameters. I estimate a’, the income share that residents spend on housing, from the
expenditure survey in the German Microcensus in 2018. I find af to be 0.25 for low-skilled
and 0.23 for high-skilled residents. Secondly, I calibrate the Frechet parameter s’ to be
4.56, drawing on a recent estimate for Germany by Krebs and Pfliiger (2023). Choosing
a uniform value for high- and low-skilled residents has the obvious disadvantage that it
ignores (potential) differences in labor mobility across skill types. Nevertheless, I find that
the different strategies to estimate x? that are common in the literature (Ahlfeldt et al.,

2015, Monte et al., 2018) yield very different results in my context. In light of this, I choose
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the value of 4.56, which conveniently lies between the value 3.3 estimated by Monte et al.
(2018) for the US, and the value 6.83 estimated by Ahlfeldt et al. (2015) for Berlin, and, for
transparency, report how the estimated wind turbine preference of each type changes as I

vary the parameter.

Estimation. Since I am interested in the long-run impact of wind turbines on amenities,

I take long-differences of Equation (6).

1
Aln (4%) = 5+ Aln (R%) + o - Aln (@) — Aln (w)) + Ac? (8)
Because the data on house prices is only available from 2007, I take long-differences
between 2007 and 2017. Then, I calculate changes in amenities given changes in population,
house prices, and wages, and the estimated parameters, and I regress the resulting log
amenities on the predicted number of wind turbines using the IV strategy in Equation (2)

discussed in Section 4.7

Main results. Table 5 shows the results. Panel A reports the results for high-skilled,
Panel B for low-skilled residents. As Column (1) reports, I find that each additional wind
turbine within three kilometers of a neighborhood decreases amenities by 1.4 percent for high-
skilled and by 0.9 percent for low-skilled residents. For the median neighborhood affected
by wind turbine development, the effects imply a total decrease of amenities by 4.2 percent
for high-skilled and by 2.7 percent for low-skilled, respectively. Thus, the estimates indicate
a strong average residential preference against local wind turbine development. The closest
comparable paper in the literature, Brinkman and Lin (2022), shows that living directly
next to a highway decreases amenities by 18 percent. The comparison suggests that wind

turbines have a meaningful but reasonable negative effect on amenities.

To better understand the estimates, Columns (2), (3), and (4) report the separate effects
of wind turbines on R?, Q,, and w?, respectively. The columns highlight how much the
individual effects on population, house prices, and wages contribute to the total amenity
effect. First note, that the difference in the amenity effect for low- and high-skilled is
mostly driven by skill-differences in population changes. Each turbine decreases high-skilled
population by 3.2 percent and low-skilled population by an imprecisely estimated 0.7 percent.
Weighted by 1/x? with x? being 4.56 for both types, the contribution to the amenity effect

9 Alternatively, one can use the IV strategy to estimate the reduced form impact of wind turbines on
population, house prices, and wages, and weigh them by the parameters to get effect of wind turbines on
amenities. Since (6) exactly decomposes amenities, both yield the same point estimates.
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Table 5: Effects of Turbines on Amenities
(1) (2) (3) (4)

A In(A) A In(R) A In(Q) A In(W)
Amenities Population House Prices = Wages

Panel A: High-Skilled
A Wind turbines -0.014%**  -0.032%** -0.0217%** 0.002%*
(0.003) (0.008) (0.005) (0.001)

Panel B: Low-Skilled

A Wind turbines -0.009%** -0.007* -0.021%** 0.002
(0.002) (0.004) (0.005) (0.001)
Effective F-Statistic 7 7 7 7
District fixed effects y y y y
Geographic controls y y y y
Observations 76,497 76,497 76,497 76,497

Notes: Table 5 shows the estimates for the intention-to-treat and IV specification corresponding to Equation
(2). The dependent variable are log changes in Amenities in Column (1), log changes in the number of
residents in Column (2), log changes in house prices in Column (3), and log changes in wages in Column (4).
Panel A reports all variables for high-skilled, Panel B reports all variables for low-skilled residents. Model-
consistent amenities are calculated given Equation (6): In (49) = J;in (RY) + o’In(Qy) — In (W) + ¢
with x? set to 4.56 for both types, and af set to 0.23 for high-skilled and 0.25 for low-skilled. Weighting the
estimates in Columns (2) to (4) as shown in the formula yields the estimate in Column (1), up to rounding
errors. Changes in the dependent variable are measured between 2007 and 2017, due to data availability.
The IV estimates use both instruments, changes in wind power density and its interaction with the share of
land available for wind turbine development. The Effective F-Statistic is calculated following Montiel and
Pflueger (2013). All regressions control for district fixed effects, altitude, terrain ruggedness, slope and the
share of land that is covered by buildings, agriculture, forests, and water. Standard errors are clustered at
the level of 401 districts.

is -0.70 percent for high-skilled and -0.15 percent for low-skilled. The estimate on house
prices is not skill-specific but its weight, the share spent on housing is. Each wind turbine
decreases house prices by 2.1 percent. High-skilled spend an income share of 0.23 on housing,
low-skilled spend 0.25. As a consequence, the contribution of house prices is -0.48 percent
for high-skilled and -0.53 percent for low-skilled. Finally, wages increase by 0.2 percent for
both types. Summing these contributions, yields the (rounded) amenity cost of 1.4 percent
for high-skilled and 0.9 for low-skilled.
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Figure 6: Geographic Impact of Wind Turbines on Amenities

(a) High-Skilled (b) Low-Skilled

Al--14
-1.4-0 0.8-0

Notes: Figure 6 shows the first-order welfare costs due to the amenity impact of wind turbines in 2017.
Panel 6a depicts the amenity loss for high-skilled residents, Panel 6b for low-skilled residents. The variation
in amenity losses is grouped into quintiles, with dark red representing largest losses. Amenity losses are
calculated using the number of wind turbines within three kilometers of the neighborhood, and a semi-
elasticity of amenities with respect to wind turbines of 0.014 for high-skilled and of 0.009 for low-skilled
residents as estimated in Table 5.

First-order impact of wind turbine expansion. Given residents’ preferences against
wind turbines, I calculate the first-order impact of wind turbine development on residents’
welfare. Figure 6 plots the change in amenities caused by the distribution of wind turbines in
2017. The distribution follows the distribution of wind turbines, as each wind turbine within
three kilometer mechanically reduces a neighborhood’s amenities. However, it also differs in
that wind turbines that affect few neighborhoods leave a smaller imprint on amenities. As
a consequence, the most affected regions are in the North-West while the largest number of

wind turbines is in the less densely populated North.
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6 Estimating Welfare Costs in General Equilibrium

Section 5 shows that wind turbine development has important first-order costs for residents.
Since residents may adapt, for example through residential sorting as evidenced by the
reduced form results, the first order costs are only indicative. In Section 6, I develop and
estimate a quantitative spatial model that allows residents to adapt and labor and house
markets to adjust in general equilibrium, as motivated by the reduced form results, and use

it calculate the welfare costs of the turbine expansion in general equilibrium.

6.1 Model

Setup. The economy is populated by L workers. Each worker w is high-skilled or low-skilled.
Variables and parameters that differ by type are denoted with a superscript 6 € {h,l}. The
total measure of high- and low-skilled workers in the economy is L" and L', respectively.

There are N neighborhoods in the economy, denoted by subscript n and.

Residence and workplace choice. Individuals choose a residence neighborhood n and
a workplace ¢ given the amenities A;f in the residential neighborhood, the wages w;‘) paid at
the workplace, the commuting cost d’; between n and i, house prices @, in the residence,
and a residence-workplace pair specific individual taste shock 9,(w).1° Their corresponding

indirect utility is

A’G ‘0
Un) = G e i) (9)

Wind turbines affect amenities such that A% = a.-exp(5?-T;,) where a.’ are fundamental
amenities in the neighborhood, T}, is the number of wind turbines within three kilometer of
the neighborhood and /37 is the skill-specific preference against wind turbines estimated in
Section 5. T model commuting cost as d’; = exp(—u’r,;) where 7,; is the commuting time
in minutes and .’ is the semi-elasticity of costs with respect to travel times (Ahlfeldt et al.,
2015).

For each residence-workplace pair individuals draw an idiosyncratic preference shock from
a Frechet distribution such that e (w) ~ F(e) = exp(—D? E%<~"). The shape parameter

10 Amenities and wages are indicated with a prime to simplify notation further down the line.
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x? controls the dispersion of the taste shock distribution and can be interpreted as the labor

supply elasticity. The scale parameters DY and EY determine the average utility of living in
n and working in ¢, respectively. Empirically, they are used to match the spatial distribution

of residents and workers in the data.

Using the properties of the Frechet distribution, we can write the share of individuals

that live in n and work in 7 as

0 106 ! A0 \ K7
DTLEZ (dé) QO‘ > (dO"Q; >

0 6
K A9 9 K
Zr lZs 1D0E§ <d9 Qa > Zr lZs 1 <d9 Qa >

PR

n

(10)

The scale parameters for the average utility DY and the amenities A;f enter isomorphi-
cally and cannot be identified separately. To simplify notation I denote A% = (Df)1/=" A'?
as adjusted amenities. Similarly, average utility at the workplace EY and wages w;‘g enter
isomorphically. 1 denote w? = (E?)Y ”ew;(’ as adjusted wages. Summing the bilateral com-
muting shares over workplaces yields the share of residents, summing over residences yields

the share of workers, so that the number of residents and workers is

=LY N, LI=L"> XN, (11)

iEN neN

where L? is total number of individuals of type @ in the economy.

Labor market. Labor supply is given by L! above. For labor demand, I follow Diamond
(2016) and model (inverse) labor demand as log-linear function of high-skilled and low-skilled

workers, so that high-skilled wages in workplace ¢ are determined as

ln(w?) = yhhln(L?) + vlhln(Lé) + zlh (12)

and low-skilled wages are determined as

In(w}) = y"In(L}) ++"In(L}) + 2| (13)
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The labor demand parameters 7", 4, 4" and " allow to capture substitution patterns
across skill types and spillovers between workers without taking a stance on the functional
form of the production function and the embedded agglomeration externalities. Finally, the

labor market clearing implies that

Y=Y R, =>"1L) (14)

neN neN

Housing market. The demand for housing HD,, is the total income that both types
spend on housing divided by the price of housing

hh o h Lol o
_ Rivpa” + R, 0,

HD,
@n

(15)

where #¥ is the average income of residents in the neighborhood. Average income is
calculated over the wages in the surrounding neighborhoods i weighted by the probability

that a resident from n commutes to 3.

070 \*
v = Z Mow? = Z (/) w! (16)

ni|n i 0
ieN ieN ZseN (UJg/dgs)K

For the supply of housing, I assume that each neighborhood draws on a fixed pre-existing

housing stock H,, and that housing is supplied inelastically with elasticity 7, such that

HS, = H,Q"" (17)
Equating supply and demand, the market clearing is
H,QFm = RMhal 4+ R o o (18)

Welfare. From the indirect utility and using properties of the Frechet distribution, the

expected utility of a resident is
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Table 6: Summary Parameters

Parameter Symbol h 1 Estimation Strategy

Amenity cost of turbines 3? -0.014  -0.009  Wind power density IV

a? 0.23 0.25 Microcensus 2018
Frechet scale parameter K’ 4.56 4.56 Krebs and Pfliiger (2023)
Commuting semi-elasticity v? -0.085 -0.120 Commuting gravity equation
Labor demand elasticity, w" 7y 0.053 -0.007 Migration shift share IV
Labor demand elasticity, w' ol -0.010 -0.061 Migration shift share IV
Total Labor LY 7.6M 30.8M  GridAB Data 2017

Share spent on housing

>
>

Housing supply elasticity M IQR = [0.25,0.28] Saiz (2010), Beze (2023)

1
<0

0’ = B [vf,(w)] =F(“ _1) [ZZ (A7) (dfsczsg)”] (19)

reN seN

where I' is the Gamma function. Because residents are free to move expected utility

equalizes across locations.

Equilibrium. An equilibrium is a vector {R9 L2 0% wl, Q"}n , and two scalars U? such
0

that residents R? and workers LY are determined by Equations (27) and (28), wages w? are

determined by firms’ labor demand given by (12) and (13), average income o2

is given by
(16), the housing market clearing (18) pins down the rental price @Q,,, and the labor market

clearing (14) pins down U°.

6.2 Parameters

Table 6 summarizes the model parameters as well as the estimation strategy or source. I

detail the estimation of each parameter in the rest of the section.

Previously estimated parameters. For the estimation of the semi-elasticity of ameni-
ties with respect to wind turbines, the share of income that residents spend on housing, and

the Frechet parameter, I refer to Section 5.2.

Commuting semi-elasticity ", ! and travel times 7,,. Given the commuting

shares in Equation (27) and the commuting costs, the model implies the commuting gravity
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estimation equation

In (A2) =" 70 4 6; + 0 + Eni (20)

where 1/ = pf - k% is the commuting semi-elasticity with respect to travel times, 7,;
measures travel times in minutes, the workplace fixed effect 9; absorbs wages, the residence
fixed effects 6,, absorbs neighborhood amenities and house prices, and I add ¢,; to allow for

measurement error and other deviations from the model-implied commuting equation in the
data.

I construct bilateral travel times using data from OpenStreetMap and the routing software
developed by Huber and Rust (2016), see Section B.3 in the Appendix for details. For
commuting shares, I use data on the district-pair level that I construct from the SIAB data,

a two percent random sample of the German workforce, see Section B.2 in the Appendix.

Since the commuting shares are zero for the majority of pairs, I estimate Equation (20)
using Poisson Pseudo Maximum Likelihood (PPML, Silva and Tenreyro, 2006, Ahlfeldt et
al., 2015). Table 7 shows the results. Columns (1) and (3) indicates that an increase in travel
times by one minute decreases commuting by 8.5 percent for high-skilled and by 12 percent
for low-skilled. As Columns (2) and (4) show, the results are robust to excluding district
pairs with less than 10 commuters. Quantitatively, the results are higher than in Ahlfeldt et
al. (2015) who find that each additional minute travel time decreases commuting in Berlin
by 7 percent. A possible reconciliation of both estimates is that pecuniary commuting costs
are higher in Germany (which includes rural commutes) due to higher mileage and fuel costs

per minute travelled.

Labor demand elasticities v"*, v", v~/ To estimate the long-run labor demand
elasticites, I take long differences of the model’s labor demand in Equations (12) and (13).

Specifically,

Aln(wl) = 4" Aln(L) + " Aln(LY) + AP (21)

and

Aln(wh) = Y™ Aln(LF) + 4" Aln(LL) + Az (22)
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Table 7: Commuting Semi-Elasticity

(1) (2) (3) (4)
High-Skilled ~ High-Skilled ~ Low-Skilled  Low-Skilled

Travel time (v¢)  -0.085%** -0.083%#* -0.120%%* -0.12717%%*
(0.001) (0.001) (0.001) (0.001)

Sample All > 10 Commuters All > 10 Commuters

Observations 160,801 5,881 160,801 9,468

Notes: Table (20) shows Poisson Pseudo Maximum Likelihood estimates for the commuter gravity Equation
(2). Each Column reports a separate regression. The regressions are at the district-pair level. Standard
errors are clustered at the residence and at the workplace level. Columns 2 and 4 only include residence-
workplace pairs with at least 10 commuters.

where Aln(w?) are log changes in the wage of type 6 between 2000 and 2017, and Aln(L?)
are log changes in the number of workers of type 6 between 2000 and 2017. Estimating
the labor demand equations using OLS would likely yield bias estimates due to reversed
causality. Instead, I develop a migration shift share IV strategy that shifts labor supply
and allows me to trace out the (inverse) labor demand curve. The strategy exploits the
historical distribution of migrants from different origin countries and national skill-specific
shifts in immigration between 2000 and 2017. Specifically, I construct the expected increase

in workers over the period as

Rig.2000
ABZQ = Z (R;QOl?,—i - Rz,zoom—i) : —Rg (23)
e 49,2000

where Rz,2017,7i - Rz,2000,7i is the national change in immigrants of skill 6 from country
group g between 2000 and 2017, leaving out migrants to ¢ to avoid a mechanic effect, and
Rig2000/ Ry 2000 is the share of immigrants of group ¢ that live in ¢ among all immigrants of
group ¢ in Germany. For the national trend, I net out the number of migrants in ¢, indicated
by the —i subscript, to avoid any mechanic correlation with changes in LY. Data Appendix

B.4 describes the data sources, the construction of groups and the variables in detail.

Since Aln(L}) and Aln(L!) capture relative changes, I use AB["/L,0, and AB} /L 500
as the instruments, respectively. Table A.3 in the Appendix reports the first-stage results.
Reassuringly, it shows that the predictive power in the change in labor supply of each skill
type comes from the migration-induced labor supply shock for that skill type.

Table 8 shows the IV estimates for the four labor demand elasticities. For high-skilled
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Table 8: Labor Demand Elasticities

(1) (2)
Log Wages
High-Skilled Low-Skilled

Log workers, high-skilled 0.053%** -0.010*
(0.016) (0.006)
Log workers, low-skilled -0.007 -0.061**
(0.047) (0.023)
Kleibergen-Paap F-Statistic 9.6 4.4
Observations 35,918 32,539

Notes: Table 8 estimates the long-run labor demand elasticities in Equations (21) and (22). I instrument
Aln(L) and Aln(L}) using the migration shift-share instruments ABJ'/L!'5q, and ABL/L! 4, constructed
in Equation (23). The standard errors are clustered at the level of 401 districts.

workers, I find that a one percent increase in high-skilled workers increases wages by 5.3
percent percent while a one percent increase in low-skilled workers decreases wages by 0.7
percent. The positive own-wage elasticity suggests positive spillovers between high-skilled
workers and is qualitatively consistent with previous estimates, for example in Diamond
(2016). For low-skilled workers, a one percent increase in high-skilled and low-skilled work-
ers decreases wages by 1.0 percent and 6.1 percent, respectively. The own-wage elasticity
suggests that there are few (if any) spillovers between low-skilled workers, again consistent

with previous evidence (Diamond, 2016).

Housing supply elasticity 7,. Following Saiz (2010) and Beze (2023), I approximate
the location-specific housing supply elasticity as function of variation in land constraints.
The intuition is that housing supply typically reacts less to house prices when there is little
land for development available. Specifically, I construct the share of land that is unavailable
due to water bodies and steep terrain with a slope larger than 15 percent as well as the share

of land that is already developed, and calculate the housing supply elasticity as

Nn = 0.310 — 0.463 - share_developed,,,) — 1.01 - share_unavailable,(,) (24)

using long-run estimates for the German housing market, 2008-2019 by Beze (2023).!

HFive districts, Berlin, Munich, as well as Oberhausen, Gelsenkirchen, Herne in the Ruhr area are so
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The average neighborhood in my sample has a housing supply elasticity of 0.26. The 25th
percentile is 0.25, the 75th percentile 0.28. Although the estimates are small relative to the
US context (Saiz, 2010), they are consistent with Beze (2023) who finds an average elasticity
of 0.22 and Caldera and Asa Johansson (2013) who report a Germany-wide housing supply
elasticity of 0.43.

6.3 Estimation

I estimate the model for 133,339 neighborhoods in Germany. Since individuals choose among
bilateral commutes, estimating and solving the model would require 133, 3392, or approxi-
mately 100 calculations per matrix multiplication. To make the estimation computationally
feasible, I divide Germany into 257 regional labor markets and assume that individuals com-
mute only within their labor market. Empirically, the simplification is reasonable. First,
quantitative spatial models that study the allocation of economic activity within a city, for
example Ahlfeldt et al. (2015), implicitly assume that there is no commuting beyond the
city’s labor market. Secondly, Dauth and Haller (2020) show that the vast majority of Ger-
man workers commutes less than 20 kilometer, and approximately 94 percent of Germans
commute less than 50 kilometer. Third, I show that the number of residents and workers
in each labor market is fairly balanced, see Figure A.5 in the Appendix. o ensure that the
commuter market clears everywhere, I re-scale the number of workers in all workplaces so

that the total population matches total employment in each labor market.

Recovering location fundamentals. Given data on population, employment, house
prices, and bilateral travel times as well as the parameters estimated in Section 6.2, one
can invert the model and obtain adjusted amenities A%, adjusted wages w?, productivity z¢,

and the housing stock H?. Adding data on wind turbines, one can further obtain adjusted
0

n*

shows that the obtained location fundamentals are unique, in the case of amenities and wages

fundamental amenities a;. Section D in the Appendix formalizes the model inversion and

up to a normalization.

First, I use the commuter market clearing and data on population, employment, and
commuting costs to recover adjusted wages w?. Intuitively, the model structure uses adjusted
wages to match employment in the data. If a workplace has high employment even though

observed wages are low and the workplace has bad access to commuters, the location must

densely built that the implied supply elasticity would be (slightly) negative. For these districts, I replace
the elasticity with zero.
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pay high adjusted wages. Second, I use the labor supply equation, the adjusted wages and
data on population, house prices, and commuting costs to recover adjusted amenities A?.
Intuitively, the model structure uses adjusted amenities to match population in the data. If a
residence has high population despite high house prices and weak commuting-cost weighted
access to jobs with high adjusted wages, the neighborhood must have high amenities. Given
adjusted amenities and data on wind turbines, one can infer adjusted fundamental amenities
a?. Third, T use the labor demand equations and data on adjusted wages and employment
to recover productivity fundamentals 2. Fourth, I use the housing market clearing and data
on house prices, population, adjusted wages, and commuting costs to recover the housing
stock HY.

6.4 Model Assessment

Next, I assess if the quantified model replicates the patterns observed in the data. To do so,
I use the estimated fundamentals and parameters to solve for the equilibrium distribution
of house prices, residents, workers, and wages in two scenarios. In the first, I assume the
wind turbine distribution in 2017. Because the model fundamentals were calibrated against
this scenario, the solution corresponds to the distribution of residents and economic activity
observed in the data in 2017. In the second scenario, I maintain all fundamentals and
parameters and counterfactually remove all wind turbines. The difference between variables
in both scenarios captures the general equilibrium effect of wind turbine construction as
evaluated by the model. Then, I construct the changes in all variables and regress them on
the number of wind turbines within three kilometers. Table 9, Panel B reports the results.

For comparison, Panel A repeats the analogous reduced form effect previously reported in

Table 4.

Overall the quantified model replicates the reduced form results well, especially consid-
ering the simplicity of the model and that none of the moments were directly targeted. In
the model, each wind turbine decreases house prices by 1.8 percent, compared to 2.1 percent
in the reduced form. The model also correctly predicts residential sorting with differential
population changes between high- and low-skilled residents that are approximately as large
as in the reduced form. The total population response predicted by the model is higher than
in the reduced form. Specifically, each wind turbine decreases the number of high-skilled and
low-skilled residents in the model by 4.7 percent and 1.9 percent, respectively, while the re-

duced form suggests a 1.9 percent decrease for high-skilled and an 0.4 increase for low-skilled
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Table 9: Model Assessment - IV Estimates vs. Model Estimates

@) 2) ®3) (4) (4) (6) (7)

Log Log Residents Log Workers Log Wages
House Prices  High-Skilled Low-Skilled High-Skilled Low-Skilled High-Skilled Low-Skilled

Panel A: IV Estimates
A Turbines -0.021%** -0.019%** 0.004 -0.047%** -0.022%** 0.014%** 0.006***
(0.005) (0.005) (0.003) (0.011) (0.008) (0.004) (0.002)

Panel B: Model Estimates

A Turbines -0.018%** -0.047%%% -0.019%% -0.016%** -0.004%* -0.001 -0.001
(0.001) (0.0003) (0.0001) (0.001) (0.0002) (0.002) (0.002)
Observations 79,573 102,597 102,597 43,748 43,748 33,419 33,419

Neighborhoods House Data Residential Residential Workplace Workplace Wage Data Wage Data

Notes: Table 9 compares the effect of wind turbines on key outcomes in the reduced form and in the
quantified model. Panel A reports the reduced form estimates repeated from Table 4. Panel B reports the
effects of regressing the change in the outcome variable between the counterfactual equilibrium without wind
turbines and the observed equilibrium with wind turbines on the number of wind turbines. The standard
errors are clustered at the level of 401 districts.

that is statistically indistinguishable from a zero effect. All in all, the model replicates well

that house prices decrease and that the amenities lead to skill-biased emigration of residents.

The model also captures well how the changes in residential population feed down to
the labor market. Specifically, I find that each wind turbine decreases high-skilled and low-
skilled employment in the model by 1.6 percent and 0.4 percent, respectively. Relative to
the reduced form, these effects are smaller but qualitatively capture that the emigration of
residents leads to a skill-biased negative labor supply shock. Finally, in the model I do not
observe that wages rise in response to lower employment. Overall, the model replicates the
indirect effects on the labor market reasonably well, though the direct effects on residents

are closer to the reduced form.

7 Welfare, Redistribution, and Policy

Section 7 uses the quantified model to evaluate the wind turbine expansion in Germany.
Using model counterfactuals, I find that the specific allocation of wind turbines led to sub-
stantial welfare costs for residents, amounting to 0.84 percent of welfare or about 31 billion
US Dollar. T then show that alternative allocations of wind turbines that take the varying

willingness-to-pay across neighborhoods into account could have decreased welfare costs by
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factor five to ten. While these alternative turbine allocations reduce welfare costs, they also
increase inequality across space. Specifically, they tend to allocate wind turbines to loca-
tions with low population density, low per capita income, and a low share of high-skilled
residents. Finally, Germany’s wind development plans for 2030, evaluating different wind

turbine distributions and their impact on welfare and inequality.

7.1 Wind Energy Development until 2017

First, I use the quantified model to study the general equilibrium effects of the wind tur-
bine expansion on house prices, residential sorting, and welfare. In my main counterfactual
exercise, I remove all wind turbines and solve for the equilibrium distribution of residents,
workers, house prices, and wages, and compare the equilibrium with the equilibrium observed
in the data in 2017.

Wind turbine development. Since I observe when wind turbines are connected to
the grid but not if and when they are removed or replaced, taking all wind turbines con-
structed until 2017 may imply that some wind turbines are counted double. In the reduced
form, the instrumental variable strategy corrects for the implied measurement error. In the
quantitative model, double-counting would lead to inflated welfare costs of the expansion.
To correct for this, I assume that wind turbines have a lifetime of 20 years'?, and that, as
a consequence, the distribution of active wind turbines in 2017 consists of all wind turbines
constructed between 1997 and 2017. Figure A.7 in the Appendix shows the geographic

distribution of wind turbines active in 2017 for reference.

House prices and residential sorting. Figure 7 shows how the expansion of wind
energy affects my two main outcomes, house prices and the share of residents that are high-
skilled, in general equilibrium. Figure 7a shows the effect on house prices, Figure 7b shows
the effect on sorting. Each map plots percentage changes in the outcome variable between
the counterfactual equilibrium (without wind turbines) and the data in 2017 (with wind
turbines). The variation in changes is split into quintiles, with red indicating decreases and

blue indicating increases.

Consistent with the reduced form results, house prices and the share of high-skilled

residents decrease in neighborhoods surrounding wind turbines. Beyond the immediate area

12 After 20 years, maintenance costs for turbines increase and the subsidies granted by the government
end. As a consequence, developers often remove the wind turbine or replace it with a new model (FA Wind,
2018).
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Figure 7: General Equilibrium Effects of Wind Turbine Development

(a) House Prices (b) Share of High-Skilled Residents

Notes: Figure 7 shows percent changes of house prices and the share of high-skilled residents, comparing the
counterfactual equilibrium in which wind turbines are absent with the wind turbine equilibrium observed in
the data. Panel 7a shows the changes in house prices, Panel 7b shows the changes in sorting. The variation
is grouped into quintiles, ranging from the most negative changes in red to the most positive changes in blue.

around wind turbines, there is considerable spatial heterogeneity. House price increases
are largest in the big cities, Hamburg, Berlin, the Rhein-Ruhr area, Stuttgart and Munich.
House prices also increase in rural neighborhoods that are far enough from wind turbines,
so that they do not experience the amenity cost, but close enough so that residents can

commute and work in the neighborhoods closer to wind turbines.

Similarly, the share of residents that are high-skilled decreases predominantly in the
neighborhoods that are affected by the amenity cost, and increases in the large cities. Un-
like for house prices, the high-skilled share also decreases in rural communities that are
close to wind turbines but do not experience direct amenity costs. As high-skilled residents
leave directly affected neighborhoods, the number of high-skilled workers in the surrounding
neighborhoods decreases. Since labor demand for high-skilled workers is calibrated to be
upward-sloping in high-skilled labor, possibly due to productivity spillovers between high-
skilled workers, high-skilled wages decrease and the entire region becomes less attractive

for residents. As high-skilled residents emigrate from wind turbine regions, larger cities in
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Germany, Hamburg, Berlin, the Rhein-Ruhr area, Stuttgart, and Munich as well as more

rural areas in the South benefit.

Welfare. The first-order impact of wind turbines on amenities in Figure 6 suggests
substantial welfare costs. At the same time, Figure 7 indicates substantial adaptation of
residents through residential sorting. This adaptation can lower welfare costs as residents,
and especially high-skilled, move away from neighborhoods that suffer amenity costs due to
turbines. The adaptation can also theoretically increase welfare costs since (high-skilled)
workers have positive spillovers, and their emigration may reduce wages in wind turbine

regions.

To understand the general equilibrium welfare effects, I use Equation (19) to calculate
welfare in the counterfactual equilibrium and in the data. I find that the amenity cost
associated with the expansion of wind energy leads to welfare losses of 1.02 percent for high-
skilled and 0.80 percent for low-skilled, resulting in an average welfare loss of 0.84 percent.
Relative to Germany’s GDP in 2017, the welfare costs would suggest total losses of about
31 billion USD or about 375 USD per capita. While there is meaningful methodological
and statistical uncertainty around these costs, the estimates suggest that the welfare costs

of wind turbines for residents are substantial.

Cost-benefit analysis. While the quantified model suggests large costs for residents,
there are also important benefits of wind energy that are outside of the model. First, wind
energy is Germany’s largest source of electricity, and it is becoming increasingly cheap.
Second, wind energy avoids greenhouse gas emissions and mitigates climate change. Third,
wind energy avoids the air pollution costs that come from fossil sources such as coal energy.

I discuss these three benefits in turn.

First, wind energy is Germany’s largest source of electricity and it is getting increas-
ingly cheap. Figure 1 in the Appendix reports projections on the levelized cost of electricity
(LCOE)'? of different types of energy reported by DNV (2023). While wind energy has
historically been more expensive than fossil sources, advances in turbine technology have de-
creased its price substantially. An onshore wind turbine installed in 2022 provides electricity
for 49 USD per MWh, compared to coal, gas, and nuclear electricity provided at around 75
USD. Multiplying the price difference by total electricity produced by onshore wind energy
in 2022, about 99 TWh, saves 2.6 billion USD, or about 0.07 percent of GDP. By 2050, the
LCOE is projected to fall to 27 USD, while the LCOE of coal, the source that is most likely

13The LCOE measures the net present cost of electricity of a plant installed in a given year, taking into
account the plant’s fixed and variable cost as well as the total electricity produced over its lifetime.
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to be replaced by wind energy, will increase to around 125 USD. Given this cost differential,
wind energy production of 99 TWh may save up to 9.7 billion USD, or about 0.26 percent
of GDP.

Secondly, Germany wind energy replaces fossil sources of energy and leads to lower emis-
sions. The German Environment Agency estimates that onshore wind energy production
in 2018 decreased emissions by 63 million CO2 equivalent tons (Umweltbundesamt, 2019).
Moreover, the agency estimates welfare benefits between 207 USD and 721 USD per avoided
ton of CO2 (Federal Environment Agency, 2020).1* Together with the total emissions es-
timates, the price implies that onshore wind energy production in 2018 increased welfare
by between 0.35 and 1.22 percent. Nevertheless, there is substantial methodological uncer-
tainty around pricing the welfare costs of Carbon emissions, and previous estimates have
often seen upward corrections over time. For example, a special report of the Intergovern-
mental Panel on Climate Change suggests that limiting global warming to 1.5 degrees above
pre-industrial temperatures would require a social of cost of carbon between 135 USD and
5500 USD (IPCC, 2018). This wider range of estimates implies that onshore wind energy
production in 2018 increased welfare by between 0.23 and 9.39 percent.

Thirdly, electricity production from wind energy avoids air pollution that fossil sources
of energy create. The reduced air pollution following the German phaseout of coal energy is

estimated to increase welfare by about 0.12 percent (Béhringer and Rosendahl, 2022).

The discussion suggests that there is meaningful methodological uncertainty around the
benefits of wind energy. Nevertheless, the estimates imply that the benefits are very likely
to be larger than the residential costs estimated in this study, especially as the costs of wind
energy technology continue to fall, and as policy-makers are becoming more ambitious in

their climate policies.

7.2 Alternative Turbine Placements, Welfare, and Redistribution

The quantified model suggests that wind turbine development has important costs for resi-
dents, around 0.84 percent of welfare. In the following, I use model counterfactuals to show
that alternative placements of wind turbines substantially lower model-implied welfare costs

while achieving the same electricity production.

14The German Environment Agency reports benefits between 190 Euro and 680 Euro per ton of CO2
equivalents. I translate the costs to USD using the recent exchange rate of 1.06 USD per Euro (October
2023).
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Alternative turbine placement. Identifying the turbine allocation that minimizes
welfare costs in general equilibrium is hard. Placing a wind turbine in a given neighborhood
affects individuals’ decisions in other locations due to the amenity impact on surrounding
neighborhoods and the spatial linkages in the labor market. Moreover, since I estimate the
semi-elasticity of amenities with respect to wind turbines, residents dislike each additional
wind turbine (slightly) less than the previous, making the problem non-linear even in the

absence of general equilibrium effects.

Cost-minimization problem. To simplify the problem, I identify the turbine allocation
that minimizes the first-order costs for residents, abstracting from general equilibrium effects.
Moreover, I assume that each additional wind turbine costs high-skilled residents 1.4 percent

and low-skilled residents 0.9 percent of their indirect utility.'®

N
Rhyh RLW!
minimize Z <—0.014 .2l 0.009 - M) T,  such that

h )
{Tn}n vt Qe a

1. Wind turbines can only be placed in available areas

2. Wind turbines achieve the same electricity capacity as in the data in 2017

Constraint 1: Areas available for wind development. To define which areas are
theoretically available for wind energy development I draw on a recent study published
by the German think tank Agora-Energiewende (2021). The study identifies all areas in
Germany that are theoretically available for wind energy while trying to be as conservative
as possible. To assess if an area is available, the study excludes all areas that are legally
exempt from wind turbine development and areas in which the construction of turbines
is physically impossible. These include built areas, for example residential areas, industry
parks, and land used for transport or other energy infrastructure, military exclusion zones,
areas excluded for aviation security reasons, natural parks and other areas in which wind
turbine construction is prohibited for environmental or land protection reasons, water bodies,
and steep terrain with a slope gradient larger than 30 degrees. The report also excludes
buffer zones around each area, taking into account the specific regulations for each area. For
example, the report excludes 40 meter on each side of a highway, and 5000 meter around

airports. Finally, the study reports different maps, taking into account different assumptions

15For brevity, I refer to the turbine distribution that solves the resulting problem as the cost-minimizing
turbine distribution, even though its important to be aware that the distribution need not be the optimal
distribution in a general equilibrium sense.
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on regulations that are not uniform across Germany. Here, I choose the map that restricts
available land as much as possible, to make the comparison with the actual distribution of
wind turbines as fair as possible. In doing so, I exclude areas within 1000 meter of residential
areas, forests, and landscape protection areas (”Landschaftsschutzgebiete”) in which wind
turbine development is sometimes allowed, and sometimes not. Contrary to the report, I
allow turbine construction in the precise locations in which I observe wind turbines in the
data. Appendix Section E.1 lists all excluded areas, and the specific minimum distance rules

for each area.

Constraint 2: Achieving the same electricity capacity as in the data. Secondly,
the minimization problem allocates wind turbines conditional on achieving the same wind
energy capacity as in the data. Specifically, I calculate the capacity reached in the data,
multiplying the number of wind turbines in each location with the wind power density at

height 100 meter (the average turbine height during the sample period) above ground.

Wind turbine scenarios. Figure 8 reports four different wind turbine scenarios. Panel
8a shows the distribution of active wind turbines in 2017. Panel 8b shows the turbine
distribution that minimizes the costs for residents in Equation (25) under constraints 1 and
2. Panel 8c and Panel 8d show the wind turbine distributions that minimize the costs under

further restrictions that I discuss further below.

First, note that the turbine allocation in the data in Panel 8a and the turbine allocation
in the cost-minimizing scenario in Panel 8b are similar in that they place wind turbines
predominantly in areas with high wind potential, especially in Northern Germany. This
suggests that the minimization problem subject to the capacity constraint captures policy-

makers’ and turbine developers’ incentives to allocate turbines in high wind areas.

However, the allocations differ in two important aspects. First, in the cost-minimization
scenario wind turbines are concentrated even more heavily in high wind areas, especially in
the North and North-East. Secondly, the cost-minimization scenario allocates much fewer
wind turbines in areas with high population density. The difference can be seen most strik-

ingly looking at the Rhein-Ruhr area in West Germany.

Feeding the alternative wind turbine allocation into the quantitative spatial model, I
find general equilibrium welfare costs of 0.09 percent, a sizeable reduction compared to the

previously estimated 0.84 percent of the current allocation.

Decentralized turbine allocations. One concern with the cost-minimizing scenario
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Figure 8: Wind Turbine Scenarios

(a) Data (b) Cost-Minimization

Notes: Figure 8 reports four different wind turbine scenarios. Wind turbines are depicted as pink dots. For
reference, dark blue areas indicate high wind power density. Figure 8a shows the wind turbine distribution
observed in the data in 2017. Figures 8b, 8c, 8d show wind turbine distributions obtained by minimizing the
turbine-implied first-order welfare costs in Equation (25). Figure 8b matches wind energy capacity at the
national level. Figure 8c matches wind energy capacity at the state level, ensuring that each state produces
the same capacity as in the data. Figure 8d matches wind energy capacity at the district level.
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is that it concentrates wind turbines, especially in the North-East. In reality this may be
difficult, because heavily concentrating wind turbines in one or two states is politically not
feasible, and because there are additional costs from transporting electricity to the population
and energy-intensive locations in West and South Germany. As a robustness check, I identify
the cost-minimizing turbine construction using two scenarios that force a more decentralized
allocation of wind turbines. Specifically, instead of matching total electric capacity at the

national level, I match total capacity at the state and district level, respectively.

Figure 8c shows the cost-minimizing wind turbine allocation when matching capacity at
the state level, Figure 8d shows the allocation when matching capacity at the district level.
The resulting scenarios show turbine distributions that look much closer aligned with the
distribution in the data. Nevertheless, they still lead to important reductions in the welfare

costs.

In the scenario that matches capacity at the state level the welfare costs increase from 0.09
to 0.14 percent but are still considerably lower than the welfare costs of 0.84 percent estimated
for the wind turbine allocation in the data. The result suggests that most improvements

come from allocating wind turbines within states, not across states.

In the scenario that matches capacity at the district level the costs increase to 0.30
percent. The costs are still substantially lower than for the current allocation, but increase
costs relative to the previous allocations. The reason is that districts include city-districts,
and thereby the turbine allocation follows the data in placing cities in cities and other areas

with high preference to avoid wind turbines.

Inequality. While putting wind turbines in locations with low willingness-to-pay re-
duces aggregate welfare costs for residents, it may also increase inequality across space. For
example, the extreme scenario concentrates wind turbines in North-East Germany, a region

that has low average population density, income, and education.

7.3 Wind Energy Development Plans for 2030

Wind energy capacity goals. With the Renewable Energy Act the German government
declared to increase onshore wind energy capacity from 58 Gigawatt (GW) in 2022 to 115
GW in 2030, an increase of 98 percent. Assuming that Germany builds the same number
of wind turbines each year and that the capacity added per wind turbine increases at the

same speed as in the past, I calculate that the capacity expansion until 2030 requires the
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Table 10: Welfare and Inequality by Wind Turbine Scenario

(1) (2) (3) (4)

Panel A: Welfare
Welfare Loss (in Percent) -0.84 -0.30 -0.14 -0.09

Panel B: Inequality
Share turbines in disadvantaged municipalities:

Low-income 0.47 0.50 0.54 0.61
Low-education 0.54 0.55 0.59 0.59
Low-population density 0.61 0.68 0.75 0.84
Scenario Data Cost- Cost- Cost-

Minimizing Minimizing Minimizing

Match wind capacity at District State National
Level Level Level

Notes: Table 10 reports the welfare and inequality implications of different wind turbine scenarios. Panel A
shows the welfare losses calculated the quantitative spatial model given the specific turbine scenario. Panel
B shows the share of wind turbines placed in the bottom half of municipalities in terms of their income per
capita, share of high-skilled residents, and population density. Column (1) uses the wind turbine distribution
observed in the data in 2017. Columns (2) to (4) use wind turbine distributions obtained by minimizing the
turbine-implied first-order welfare costs in Equation (25). Column (2) matches wind energy capacity at the
district level, ensuring that each district produces the same capacity as in the data. Column (3) and (4)
match the wind energy capacity at the state and national level, respectively. Figure 8 shows the distribution
of wind turbines in all scenarios for reference.

installation of 24,970 additional wind turbines.

To achieve the national goal, the federal government commits states to contribute a
share of their total land to wind energy development (WindBG, 2022). The city states
Berlin, Hamburg, and Bremen are required to provide 0.5 percent of their area while the

other states are required to provide between 1.8 and 2.2 percent of their area.

Wind turbine development scenarios. I evaluate two development scenarios. Both
solve for the cost-minimizing turbine allocation given Equation (25) subject to land avail-
ability and the capacity goal. In the first scenario, I assume that the state-specific area goals
are not binding, and that wind turbines are distributed freely across Germany. In the second

scenario, I assume that wind turbines are distributed proportionally to the state-specific area
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Figure 9: Wind Turbine Scenarios for 2030

(a) National Goal (b) State-Specific Goals

Notes: Figure 9 reports two wind turbine scenarios for 2030. Wind turbines are depicted as pink dots. For
reference, dark blue areas indicate high wind power density. Figure 9a shows the wind turbine distributions
obtained by minimizing the turbine-implied first-order welfare costs in Equation (25). Figure 9a shows the
wind turbine distributions obtained under the additional restriction that wind turbines have to be allocated
proportionally to the state-specific area goals enacted in WindBG (2022).

goal, subtracting areas that are already used for wind energy development in 2022. Moreover,
I assume in both scenarios that the minimum distance required between residential areas
and wind turbine development is 400 meter (as opposed to 1000 meter assumed in 2017
scenarios) because otherwise achieving the state-specific area goals would be impossible for

about half of the German states.

Results. Figure 9 shows the resulting turbine distributions. Panel 9a shows the dis-
tribution under the flexible national scenario, Panel 9b shows the distribution assuming
state-specific turbine goals. As expected given the cost minimization problem both wind
turbine distributions allocate wind turbines to high wind potential areas. In the national
scenario this results in a concentration in North-East Germany, a region that is both high
in wind potential and low in population density. The state scenario, however, spreads wind

turbines more evenly across Germany with a slight concentration on Southern Germany.

Using the quantified model, I analyze the welfare costs that residents would face under
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both scenarios. The model suggests that the nationally-flexible distribution of wind turbines
is able to limit the welfare costs to 0.07. Under state-specific goals the welfare costs are 0.22

percent, approximately three times larger than in the nationally-flexible distribution.

Moreover, both scenarios tend to allocate wind turbines to rural, low-educated, and low-
income regions. In 2017, the share of wind turbines in municipalities with below-median
population density, share of high-skilled, and income per capita is 61, 54, and 47 percent,
respectively. In the scenario with state-specific goals, the shares increase by 8, 6, and 5
percentage points, while in the national scenarios they increase by 14, 1, and 9 percentage
points, respectively. The increases in inequality are especially high under the nationally-
flexible scenario, suggesting that the German policy-maker may face a trade-off between

maximizing aggregate welfare and reducing spatial inequality.

8 Conclusion

Against the backdrop of climate change, countries around the world engage in policies that
aim to reduce emissions and mitigate climate change. These policies may ultimately bring

large welfare benefits, but they may also create local costs and increase inequality.

In this paper, I study one particularly important climate change mitigation policy, the
transition to renewable energy. I show that the allocation of renewable energy infrastructure
has important implications for welfare and redistribution. Focusing on the expansion of
wind energy in Germany, I document that the construction of wind turbines decreases house
prices and induces residents, especially the high-skilled, to move away. Combined with a
theory-consistent revealed preference argument, my estimates suggest that residents would
be willing to pay a non-negligible share of their income to avoid wind turbines close to their
residence. Embedding residents’ preferences in a quantitative spatial general equilibrium
model suggests that all wind turbines in Germany together implicitly cost residents 0.84

percent of their welfare.

Understanding the costs of renewable energy infrastructure and other climate mitigation
policies is important for a successful climate transition. Douenne and Fabre (2022) and
Dechezleprétre et al. (2022) show that the (perceived) costs and fairness of climate policies are
important determinants of public support for the climate transition. In the case of renewable
energy infrastructure, the reduced support of local communities may lead to an inefficiently

low investment in wind energy production and delay the energy transition (Jarvis, 2022).
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In response to these concerns, this paper suggests that allocating renewable energy in-
frastructure in communities with lower willingness-to-pay may substantially reduce welfare
costs. However, such turbine allocations also put the burden disproportionally in rural,
poorer, and less educated communities. As a consequence, the results highlight the impor-
tance of compensating communities affected by wind turbine development, either through
federal transfers or by sharing the economic profits of local wind turbines, to keep the welfare

costs and inequality impacts of wind turbine development low.
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Appendices

A Additional Figures and Tables

Figure A.1: Current Installed FElectricity Capacity and Plan Until 2030
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Notes: Figure A.1 shows the evolution of electricity mix between 2002 and 2022, as as well as government’s
goals until 2030. Over the time, the installed wind energy capacity at land rises from 12 GW in 2002, to
32 GW in in 2012, to 55 GWW in 2022. With the Renewable Energy Act 2023, the government plans to
increase the capacity to 115 GW until 2030, a 98 percent increase in capacity in eight years. Source: Own
calculation based on data provided by the project Energy Charts operated by the Fraunhofer Institute for
Solar Energy Systems ISE (for 2002-2022) and the government’s expansion goals enacted with the Climate
Act 2023.
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Figure A.2: Past Wind Turbine Construction and Plan Until 2030
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Notes: Figure A.2 shows the evolution of wind turbine construction in Germany. The blue bars indicate the
number of new constructed turbines, net of old turbines that were taken off the grid. The red line shows the
cumulative number of wind turbines. The light blue bars in 2022 to 2030 show the number of new turbines
that would be necessary to reach the government’s capacity goal, 115 GW until 2030. The government does
not name an explicit goal for the number of wind turbines. In translating wind capacity goals to annual
turbine, I assume that capacity per wind turbine continues to increase at the same rate as in the past and
that the same number of wind turbines is installed each year. Source: Own calculation based on data from
the Bundesverband Windenergie (for 2000-2021) and the government’s expansion goals enacted with the

Climate Act 2023.
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Figure A.3: Distribution of Turbine Heights

(a) Turbines constructed in 2000 (b) Turbines constructed in 2017
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Notes: Figure A.3 shows the distribution of wind turbine heights. Panel 7?7 plots the distribution in 2000,

Panel 77 plots the distribution in 2017. Source: Own calculation based on data from The Wind Power.

Figure A.4: Changes in Wind Power Density and Turbines, 2000-2017
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Notes: Figure A.4 shows the change in wind turbines between 2000 and 2017 for deciles in the change of
wind power density (in kg/s®) over the same period. Panel A.4a uses the raw variation of both variables.
Figure A.4b uses the residual variation that remains after controlling for district fixed effects as well as
geographic controls including altitude, terrain ruggedness, slope and the share of land that is covered by
buildings, agriculture, forests, and water. Source: Own calculation using data on wind turbines from The
Wind Power and data on wind power density from the Global Wind Atlas.
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Figure A.5: Balance Residents and Workers Across Labor Markets
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Notes: Figure A.5 plots the log number of residents against the log number of each workers. Each dot

represents one of 257 labor markets. The red line represents the 45 degree line.
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Figure A.6: Amenities

(a) High-Skilled (b) Low-Skilled

Notes: Figure A.6 shows the model-implied amenities in 2017. Panel A.6a shows amenities for high-skilled
residents, Panel A.6b for low-skilled residents. The variation is grouped into quintiles. Dark quintiles indicate

high amenities, light quintiles indicate low amenities.
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Figure A.7: Geographic Distribution of Wind Turbines Active in 2017

Notes: Figure A.7 shows the geographic distribution of active wind turbines in 2017.

Table A.3: Labor Demand Estimation, First-Stage

(1) (2) (3) (4)
Aln(Lh)  Aln(LY)  Aln(LF)  Aln(LY)

ABL/ L s000 0.097%%%  0.006  0.094%%%  0.004
(0.009)  (0.003)  (0.009)  (0.003)

ABL/ L 500 “0.062FF%  0.050%F%  -0.087FFF  (0.052%**
(0.013)  (0.014)  (0.026)  (0.023)

2nd-Stage Dep. Var. Aln(wl) Aln(wl) Aln(wl)  Aln(w))

i

Observations 35,918 35,918 32,539 32,539

Notes: Table (20) shows Poisson Pseudo Maximum Likelihood estimates for the commuter gravity Equation

. Each Column reports a separate regression. The regressions are at the district-pair level. Standard

errors are clustered at the residence and at the workplace level. Columns 2 and 4 only include residence-

workplace pairs with at least 10 commuters.
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B Additional Details on the Data

B.1 Area Available for Wind Turbines (Placebo Check)

I construct the share of land within three kilometers of a neighborhood that is theoretically
available for wind turbine construction. The variation serves two purposes. First, I use
it as a placebo check, to confirm that changes in wind power density do not affect the
outcome variables for neighborhood where wind turbine development is physically impossible
or forbidden. Second, I interact the variation in land available with changes in wind power

density to increase the power of my instrument.

To make the placebo check useful, I make sure to only exclude areas where wind turbine
development is definitely impossible. First, I obtain data on land use in Germany in 1990,
before the start of wind turbine development, from the German Federal Environment Agency.
I exclude urban areas (CLC codes 111 and 112), industrial areas (121), road infrastructure
(122), green urban araes (141) and sport and leisure facilities (142). Moreover, I exclude 400
meter bands around urban areas (CLC codes 111 and 112) as minimum required distance
between residential areas and wind turbine development. Minimum distance rules have
changed over time, and are heterogeneous across German states. I decide to take 400 meter as
it is the bare minimum enacted by the vast majority of states (FA Wind, 2022).' Moreover,
I exclude all water bodies (CLC codes starting with 4 or 5).

Secondly, I obtain maps on conservation areas from Germany’s Federal Agency for Na-
ture Conservation. In line with the placebo argument, I only exclude conservation areas
where turbine development is strictly or almost always prohibited. Following a report by
the German Federal Environment Agency (2013) on the availability of land for wind energy,
I exclude nature reserves (Naturschutzgebiete, § 23 BNatSchG), national parks and monu-
ments (Nationalparke und Nationale Naturmonumente, § 24 BNatSchG), the core areas of
bioshphere reserves (Kern- und Pflegezone der Biosphérenreservate, § 25 BNatSchG), flora
and fauna protection areas (FFH Gebiete), and wetlands basd on the RAMSAR convention
(RAMSAR Feuchtgebiete).

1613 out of 16 states have minimum distance rules of at least 400 meter. Bavaria has a minimum distance
rule equal to the height of the turbine times factor ten, which in practice is always larger than 400 meter.
Baden-Wiirttemberg and the Saarland use case-by-case minimum distance rules.
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B.2 Commuting Times

To calibrate commuting costs in the model, I calculate the approximate travel times 7,;
for all neighborhood pairs ni. Since there are 133,339 neighborhoods and more than 10
pairs, I simplify the problem as follows: for neighborhood pairs in different municipalities, I
approximate the travel time by using the travel time between population-weighted centroids
of both municipalities. I calculate these travel times using data from OpenStreetMap and
the routing algorithm developed by Huber and Rust (2016). For neighborhood pairs within
the same municipality, I calculate the distance as-the-crow-flies and translate distances to

travel times by assuming a commuting speed of 50 kilometers per hour.

To estimate the commuting gravity equation (for which I draw on district pair level
commuter shares), I aggregate travel times at the district pair level by taking the population-

weighted average of the travel times across all municipality pairs within the district pair.

B.3 Commuter Data

In Section 6.2, I estimate the commuting cost semi-elasticity using a commuting gravity
equation. To do so, I draw on individual level data from the SIAB, a two percent random
sample of workers in the IEB. I restrict the sample to all individuals between 25 and 65 years.
Moreover, I follow Monte et al. (2018) and exclude all commutes longer than 120 kilometer
one-way. These commutes are likely to arise from measurement error in the data. For
example, when I plot commuting share against distance the relationship is clearly negative
below 120 kilometer, suggesting that residents dislike longer commuters, but turns flat for
commutes above 120 kilometer. Finally, I calculate the mean commuting shares over the
entire sample period, 2000 to 2017, to reduce year-to-year measurement error and improve
the reliability of the data.

B.4 Migration Data

In Section 6.2, I estimate the the labor demand elasticities using a shift-share design exploit-
ing the geographic distribution of migrants of different origin across Germany at baseline

and national trends in migration over the sample period.

Specifically, I calculate the shift share instrument
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Rig 2000
AB? = Z (RZ,2017,4 - Rz,Qooo,ﬂ') ) —Rg (25)
e 9,2000

where Rg’20177_i - R§,2000,—i is the national change in immigrants of skill 6 from country
group g between 2000 and 2017, leaving out migrants to ¢ to avoid a mechanic effect, and
Rig 2000/ Rg,2000 is the share of immigrants of group g that live in ¢ among all immigrants of

group g in Germany.

As the groups g € G, 1 use the following six country groups (determined by the GridAB
data). West-European and North American countries (Austria, Belgium, Canada, Denmark,
Finland, France, Greece, Iceland, Ireland, Italy, Luxembourg, Netherlands, Norway, Portu-
gal, Spain, Sweden, Switzerland, United Kingdom, United States), East European countries
based on the expansion of the European Union in 2004 (Cyprus, Czech Republic, Estonia,
Hungary, Latvia, Lithuania, Malta, Poland, Slovakia, Slovenia), East European countries
based on the expansion of the European Union in 2007 and later (Bulgaria, Croatia, Ro-
mania), Balkan countries not in the European Union (Albania, Bosnia and Herzegovina,
Serbia and Montenegro, Macedonia, Kosovo), ex-Soviet countries (Armenia, Azerbaijan, Be-
larus, Kazakhstan, Kirghistan, Moldavia, Russia, Tajikistan, Turkmenistan, Uzbekistan,
Ukraine, Georgia), and countries that are historic origins of the refugee population in Ger-

many (Afghanistan, Eritrea, Iraq, Iran, Nigeria, Pakistan, Somalia, Syria).

I obtain the migration distribution at baseline R;g 2000/ Ry 2000 from the GridAB data. For
the national trends Rgzon,—i — Rz,zooo,—m I use individual data from the SIAB. I define high-
skilled individuals as those with college education, and low-skilled individuals as everyone
else. Since the SIAB is a 2 percent sample, I multiply the numbers with 50 to obtain the
total number of residents from each country. I aggregate the numbers by the origin groups
of the GridAB data, and calculate the national change in migrants in each origin group
between 2000 and 2017. To avoid any mechanic positive correlation, I subtract the number
of residents of the specific origin country group in each neighborhood when constructing the

nationwide trends.

C Additional Details on the Amenity Mapping

In Section 5.1 I derive the mapping between amenities and population, house prices, and

wages for the location choice in the Rosen-Roback framework, in which residents only choose
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a place of residence (in which they also work). Here, I derive the general mappping for the
standard quantitative urban model by Ahlfeldt et al. (2015), in which residents choose a

place of residence and a workplace, and pay cost for commuting between them.

Residence and workplace choice. Individuals choose a residence neighborhood n and
a workplace 7 given the amenities A"’ in the residential neighborhood, the wages w,? paid at
the workplace, the commuting cost d?; between n and i, house prices @, in the residence,
and a residence-workplace pair specific individual taste shock %;(w). Their corresponding

indirect utility is

A’G ‘0
) = 7 e a(@) (26)

For each residence-workplace pair individuals draw an idiosyncratic preference shock from
a Frechet distribution such that & (w) ~ F(e) = exp(—D¢E?e""). The shape parameter
Y controls the dispersion of the taste shock distribution and can be interpreted as the labor
supply elasticity. The scale parameters DY and E? determine the average utility of living in
n and working in ¢, respectively. Empirically, they are used to match the spatial distribution

of residents and workers in the data.

Using the properties of the Frechet distribution, we can write the share of individuals

that live in n and work in 7 as

/ / 119 0
D@ E9 Angwig Afz“’? "
) 0 4 9 0
" N N pope (ALwl e N N A0t \*
Zr:l Zs:l rEs dQQQ%G Zr:l Zs:l dﬁgQge

The scale parameters for the average utility DY and the amenities A'? enter isomorphically
and cannot be identified separately. To simplify notation I denote A% = (D?)V/5° A% as
adjusted amenities. Similarly, average utility at the workplace E? and wages w,’ enter

isomorphically. T denote w? = (E?)Y/*"w? as adjusted wages.

Summing the bilateral commuting shares over workplaces yields the share of residents

and multiplying by total labor in the economy L? yields the number of residents.
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Afl K N wf "
<Q%0> Zi:l <d?u'>
RO =1L° N (28)
w
21 2 (dﬁf@?)

Solving for A% and taking logs, we obtain

0

) 9 10 1/k
ln(AZ):KQ In (R9)+a9 In(Q,) —In <Z (da) ) +f (29)

=1

d9 Qa
mapping in the Rosen-Roback framework in two ways. First, the constant sums across all

1{9
where ¢ = 1/x° (ln (ZT 125 1 < A > ) —In (La)). The mapping differs from the

residence-workplace pairs. Second, and more importantly, the income term depends on wages
in all possible workplaces, weighted by the commuting cost between the neighborhood and
each workplace. In the Rosen-Roback location choice where commuting costs are assumed
to be one if n = ¢ and infinite if n # ¢, this commuting-cost weighted wage term collapses to

wages paid in the neighbourhood w?.

D Additional Details on the Model Inversion

D.1 Adjusted Wages

In the first step, I use the commuter market clearing, data on residents R?, workers RY and
estimated commuting costs information on d?; as well as the parameter x° to infer adjusted

wages w’. Specifically, the model implies the following commuter market clearing.

N /0 w?
oy ) g (30)
i=1 25:1 (ws/dfw)”

Workplaces with zero employment (L) have zero adjusted wages. For the rest of locations

with strictly positive employment, Section S.3.1.1 in the Online Appendix of Ahlfeldt et al.

(2015) shows that the recovered wages are unique (up to a normalization).
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D.2 Adjusted Amenities

In the second step, I use the location choice Equation (27) and data on residents R?, house
prices Q,,, adjusted wages w? and estimated commuting costs d?; as well as the parameters

k% and of to infer adjusted amenities A%. From the location choice equation, we have

2
K
[Z
)\9 _ dle%

ni g
SN SN (e
r=1 s=1 ngQErxe

(31)

0

o, and dividing by the same equation for the

Summing across workplaces, solving for A

first equation yields
- - \N1/k% -
A= (R) " @ wy (32)

where X,, = X,,/X; and W, = 3, w?/d%,. From this mapping, one can calculate the

unique (up to a normalization) vector A?. With further information on 4° and T}, one can
0

n:

further infer fundamental amenities a

D.3 Productivity Fundamentals

In the third step, I use the labor demand Equations (12) and (13), data on employment

LY, and the labor demand elasticities v, 4" ~" and ~" to infer adjusted productivity
0

fundamentals z;. Solving the labor demand equations for productivity, we obtain high-

skilled fundamental productivity

2= In(w!) — A"In(LE) +A"in(L)) (33)

]

and low-skilled fundamental productivity

P ln(wl.) — fyhlln(LZh) + ”y”ln(Li) (34)

(2
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When employment of both types is zero, I assume a fundamental productivity of zero.
When employment of one type is zero, I add 107, to calculate approximate productivity.

With these additions, the inferred vector of fundamental productivity are unique.

D.4 Housing Fundamentals

In the fourth step, I use data on adjusted wages and commuting costs to calculate adjusted

income

(wf /)"
o= Mg =Y ! (35)

0
iEN iEN ZseN (WE/d%s)N

Then, I use the housing market clearing in Equation (18), data on house prices, residents,
and income and the estimated housing supply elasticities 7, to solve for housing fundamentals

H,. Specifically,

hsh o h Ll ol
7o Ryvp o™ + R, v, «

H, T
Qn+77n

(36)

yields the unique housing fundamentals H,,.

E Additional Details on Turbine Scenarios

E.1 Areas Available for Wind Turbine Development

To identify potential areas for alternative wind turbine allocations, as well as areas for
future wind turbines, I draw on maps published by Agora-Energiewende (2021), and the
accompanying method report (Reiner Lemoine Institute, 2022). The maps start with a base
map of Germany and exclude all areas in which wind turbine development is forbidden or
physically impossible. Table E.4 lists all excluded areas, as well as the buffer zone around
each area. The method report Reiner Lemoine Institute (2022) explains in detail why areas
are excluded, and links to further documentation on the legal regulation of wind turbine

development in each area type.
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Table E.4: Areas Fxcluded from Wind Turbine Development - Scenarios

Area Excluded Buffer (in meter)

Settlements and Infrastructure:

Industrial parks Yes 0
Residential areas Yes Depends
Freeways Yes 40
Other roads Yes 20
Railroads Yes 50
Other train infrastructure Yes 0
Airports Yes 5000
Airfields Yes 1760
Power lines Yes 141
Military exclusion zones Yes 0
Aviation communication beacons Yes 3000

Environmental Protection Areas:

National parks Yes 0
Protected areas (Naturschutzgebiet) Yes 0
Bird protection areas Yes 0
Wetlands (Ramsar) Yes 0
Nature reserves (Biosphérenreservat, Kern- und Pflegezone) Yes 0
Protected areas (Landschaftsschutzgebiet) Depends 0
Fauna and flora habitats (FFH) Yes 0
Drinking water protection areas Yes 0
Other Areas:

Forests Depends

Water bodies, standing Yes

Water bodies, running Yes 50
Flood plains Yes 0
Steep terrain (slope larger than 30 degrees) Yes 0

Notes: The table shows all areas that are excluded from wind turbine development. For further details, see
Reiner Lemoine Institute (2022).
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