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Abstract
The Great Lakes and their tributaries make up the largest freshwater system on the planet, providing drinking water and recreational value to millions
of people. Yet manufacturing plants have left a legacy of toxic pollutants
in the region, tarnishing it as the “Rust Belt.” In 1987, the Area of Concern
(AOC) Program designated 31 areas in the region as having hazardous water
quality. Over 700 million federal dollars have been spent since 2004 on grants
to clean up the areas. Our paper provides causal estimates of the program’s
impact on local housing markets. We find negative and statistically significant
effects of AOC designation, indicating that consumers value clean water and
incorporate information about water quality into their housing purchases.
We develop two specifications to bound the effects of remediation grants on
housing prices. Our estimates imply that the benefits of remediation grants
range from $16.9 billion to $25.6 billion, greatly exceeding grant costs.
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Introduction

The Great Lakes and their tributaries make up the largest freshwater system on
the planet. They supply drinking water to millions of people in the Great Lakes
region, in addition to providing nonmarket services to several sectors: recreation,
tourism, shipping, and commercial fishing. In historical terms, the Great Lakes
region served as the United States’ industrial heartland for much of the 20th century.
Yet manufacturing plants began closing across the region more than thirty years
ago, tarnishing the region as the “Rust Belt” and leaving a legacy of toxic pollutants
that were generated as joint products of the manufacturing. To this day, persistent
chemicals such as PCBs and PBDEs1 are found in the water, sediment, wildlife,
and people who live near the Great Lakes. Exposure to these chemicals comes
with significant health effects, including birth defects, infertility, cancer, and neurobehavioral disorders (McCartney, 2017). Efforts to clean up these pollutants are
ongoing.
We study the Area of Concern (AOC) program in the Great Lakes Basin. In 1987,
31 water-based areas across the five Great Lakes were listed as AOCs and designated
for pollution remediation. These areas were assessed as the most environmentally
degraded rivers, lakes, and bays that connect to the Great Lakes. Cleanup of
the AOCs languished for fifteen years (International Joint Commission, 2003; U.S.
Government Accountability Office, 2002) until two federal grants programs were
established under the Great Lakes Legacy Act (2002, hereafter GLLA) and the Great
Lakes Restoration Initiative (2010, hereafter GLRI). Almost $700 million has been
spent across more than 700 remediation projects under these two programs through
2017, and both programs continue to fund new projects.
We estimate the housing market impacts of the two main features of the AOC
program: AOC listing in 1987 and the grants programs for remediation projects
from 2004 to 2017.2 AOC listing disseminated new information to the public about
1 PCBs are polychlorinated biphenyls, which were commonly used as coolants and insulating
fluids. PBDEs are polybrominated diphenyl ethers, which were widely used as flame retardants.
2 AOC delisting is the ultimate goal of these programs, signaling that the pollutants and their
effects have been fully remediated at the site. We do not analyze AOC delisting. Only four AOCs
have been delisted to date (three since 2013), and our preliminary analysis showed that the number
of repeat-sales observations of houses were too few to develop meaningful econometric results on
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the extent of an area’s degradation. It thus provided only an information treatment,
as the underlying environmental quality did not change with listing. Designation as
an AOC, moreover, potentially stigmatized these areas and their local communities.3
Under the grants program, we study the effect of grant dollars awarded for AOClevel projects. In contrast to the information treatment, grant dollars awarded
serves as a proxy for pollution remediation. The estimates thus provide suggestive
evidence of consumers’ valuation of environmental quality improvements. In
both analyses, we apply a spatially explicit hedonic price approach following, for
example, Currie, Davis, Greenstone, and Walker (2015), Muehlenbachs, Spiller, and
Timmins (2015), and Albouy, Christensen, and Sarmiento-Barbieri (2020).4 The
treatment effects are identified by comparing differences near versus far from an
AOC, before and after treatment.5,6
To estimate the impacts of AOC listing, we define distance bins of equal length,
5 kilometers (km) per bin. The distance bins create multivalued treatments based
on progressively longer distances from the AOC boundary, thereby allowing the
treatment effects to vary through space. Our analysis extends to 25 kilometers
(km) – farther than most distance-based treatments in this hedonic price literature.
Utilizing data on individual housing transactions for houses with a record of repeat
sales, the analysis differences out house fixed effects to control for house and
neighborhood characteristics that remain fixed over time.7
delisting.
3 We follow the Elliot-Jones (1996) stigma definition: “a negative attribute of real estate acquired
by environmental contamination and reflected in its value.”
4 As some have noted (see e.g., Leggett and Bockstael (2000) and Taylor, Phaneuf, and Liu (2016)),
the effect of environmental quality may differ from the disamenity of the pollution emitter. Given
AOC designation is based on area water quality, not a particular pollution point source, this analysis
focuses on the former not the latter.
5 Chay and Greenstone (2005) pioneer the approach of combining quasi-experiments and hedonic
price theory to develop causal estimates for valuing environmental public goods.
6 This paper contributes to a historical literature on hedonic estimates of water quality (e.g., David
(1968)). Existing cross-sectional studies apply the hedonic price method to understand residential
property markets at particular AOCs (Braden, Won, Taylor, Mays, Cangelosi, and Patunru, 2008b;
Braden, Patunru, Chattopadhyay, and Mays, 2004; Braden, Taylor, Won, Mays, Cangelosi, and
Patunru, 2008a; Isely, Isely, Hause, and Steinman, 2018) and thus differ from the quasi-experimental
approach employed here.
7 The repeat-sales approach has become commonplace in housing market applications of hedonic
price theory. See, for example, Mendelsohn, Hellerstein, Huguenin, Unsworth, and Brazee (1992);
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Our estimates of AOC listing impacts on housing prices are negative and both
statistically and economically significant, indicating that consumers value clean
water and factor it into their purchase decisions when buying a home. The estimated
impacts decrease in absolute magnitude as distance from the AOC increases, ranging
from –$25,391 in the 0 km bin (15.8% of the bin’s average sale price) to -$12,407 in
the 15-20 km bin (6.9% of the bin’s average sale price). The estimates are all relative
to an excluded distance bin of 20–25 km away from the AOCs.
With such large negative effects of listing, it is important to understand how
these compare with the effects of cleanup. To estimate the effects of remediation
efforts, we use data on grant dollars awarded for AOC-level projects under the GLLA
and GLRI from 2004–2017. Such awards might be capitalized into housing values
and manifest as housing price changes. We develop an econometric approach using
difference-in-difference estimators to identify the effect of a change in cumulative
grant dollars awarded on the change in sales prices. This grants analysis takes
advantage of the substantial variation in dollars awarded to projects across AOCs
and over time.8 Based on the listing effect found out to 20 km, this grant analysis
maintains houses in the 20-25 km distance bin as the control group and those
within 20 km of the AOC as the treatment group. To address potential concerns
that AOC-level grant dollars are non-randomly awarded across AOCs,9 we develop
three main specifications for our grants analysis. The first documents an effect of
grants on housing prices without using variation in the dollar value of grants. The
second specification uses variation in the grant dollar amounts awarded between
sales, and yields a lower-bound estimate of the effect of grant dollar changes on
housing price changes. The third specification uses the same variation, but yields
an upper-bound estimate.
Currie et al. (2015); Muehlenbachs et al. (2015); Balthrop and Hawley (2017); Kuwayama, Olmstead,
and Zheng (2020).
8 Our grants variable, the dollars awarded for remediation projects at each AOC through time,
contrasts with that used in the Keiser and Shapiro (2019a) study of the Clean Water Act’s program
to upgrade municipal water treatment plants throughout the United States. Their grants variable is
a count of the number of grants awarded to each plant through time.
9 An example of this potential endogeneity comes from an official review of the GLRI (US
Government Accountability Office, 2015). According to the review, consideration of how close an
AOC was to being delisted was factored into federal funding allocations in the early years of the
GLRI.
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We find positive, statistically significant, and economically meaningful effects
of the remediation grants. Estimates indicate that a one dollar increase in grants
resulted in a 0.05- to 0.08-cent increase in housing prices. This implies that the
price increase corresponding to the average total grant dollars from 2004–2017 for a
house within 20 km of the AOC site is between $14,900 and $22,553. Summing these
over the housing stock, the estimated benefits of remediation grants range from
$16.9 to $25.6 billion. The cost-benefit results indicate that these benefits exceed
the remediation grant costs; we strongly reject the null hypothesis that benefits
equal costs. Our analysis shows that funding for cleanups can have a powerful
impact on surrounding areas, and can work to combat stigma effects of negative
information shocks.
This paper contributes to a growing body of research that develops spatially
explicit evidence on the causal impacts of environmental quality changes.10 Our
research is most closely related to research on the Superfund program for pollution
remediation (Greenstone and Gallagher, 2008; Gamper-Rabindran and Timmins,
2013) and the Toxics Release Inventory for information provision on pollution
releases (Bui and Mayer, 2003; Oberholzer-Gee and Mitsunari, 2006).
Our paper also contributes to research on water pollution and its cleanup. Keiser
and Shapiro (2019b) describe the “dearth” of academic research on water pollution
and its regulation, certainly in comparison to air pollution. Keiser and Shapiro
(2019b) also summarize 240 regulations subject to Regulatory Impact Analysis by
staff at government agencies, while Keiser, Kling, and Shapiro (2019) summarize
20 studies performed by academic researchers. The former concludes that roughly
two-thirds of the regulations on surface water pollution failed the benefit-cost
test, while the latter concludes that 18 of 20 regulations and policies failed the
benefit-cost test.11 The AOC grants program, according to our analysis, stands out
as a relatively rare case of rigorously passing the benefit-cost test.
10 The two outcomes most studied are infant health and residential housing prices. On infant
health, see for example Currie et al. (2015); Currie and Walker (2011); and Schlenker and Walker
(2016). On the residential housing market, see for example Currie et al. (2015); and Muehlenbachs
et al. (2015). Herrnstadt, Heyes, Muehlegger, and Saberian (2020) study the effect on violent crime
in Chicago of air pollution from major interstate highways that transect the city.
11 Keiser et al. (2019) also conclude that, in many cases, the benefits are undercounted, which
raises uncertainty about whether the regulations actually fail a benefit-cost test.
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The paper continues as follows. Section 2 describes the AOC program, while
Section 3 reports the data. Section 4 develops the econometric models for analysis
of AOC listing and describes results on the effects of AOC listing on residential
housing prices. Section 5 develops the econometric models for analysis of grant
dollars and describes results on the effects of grant dollars awarded on residential
housing prices. Section 6 concludes.

2

The Area of Concern Program

The AOC program originated in 1987 as an amendment to the Great Lakes Water
Quality Agreement of 1972. The original agreement was a binational agreement between Canada and the United States addressing the Great Lakes as a transboundary
resource. The amendment identified AOC areas as the worst cases of environmental degradation in the Great Lakes coastal regions and directed the countries to
remediate the persistent toxic pollutants at these sites. Forty-three AOCs were
designated in 1987, with 31 in U.S. waters (Figure 1). Most AOCs include a river
segment as the river enters a Great Lake or a river segment in tandem with a bay on
a Great Lake. Official boundaries of the AOC areas follow these basic parameters
of encompassing water bodies and some adjacent land. We focus on the U.S. AOC
program, which is administered by the Great Lakes National Program Office of the
U.S. Environmental Protection Agency (USEPA).
The environmental condition of each AOC was initially evaluated by assessing
fourteen potential “beneficial uses” of the water bodies. For the program, these are
construed in negative terms by using the official label of Beneficial Use Impairments
(BUIs) of an AOC site, i.e., a BUI constitutes a significant environmental degradation
of the resource. BUIs are consequences of toxic pollutants and the related resource
degradation, and they include such categories as fish and wildlife deformities,
degradation of small plant and animal life in aquatic ecosystems, and beach closings
due to public health concerns.12 Each AOC was evaluated, as a baseline, by finding
12 The

full list of 14 BUIs includes: restrictions on fish and wildlife consumption; tainting of fish
and wildlife flavor; degraded fish and wildlife populations; fish tumors or other deformities; bird or
animal deformities or reproductive problems; degradation of benthos; degradation of phytoplankton
and zooplankton populations; loss of fish and wildlife habitat; eutrophication or undesirable algae;
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the number of BUIs present at the time of listing in 1987. Three AOCs had the
maximum number of BUIs, fourteen, as their baseline. At the other extreme, one
AOC had only two BUIs and three AOCs had three BUIs as baseline conditions.
The mean number of BUIs was 8.2 per AOC.
The AOC program, historically, lacked a mechanism to require or promote
remediation. For example, it was not accompanied by a law that, as in the Superfund program, assigned legal liability for remediation to a polluting firm. Thus,
although initiated in 1987, cleanup languished until the GLLA (2002) and GLRI
(2010) remedied this deficiency by providing federal dollars for cleanup projects.
The GLLA authorized $50 million per year in federal expenditures for projects in
AOCs that remove contaminated sediments in rivers and harbors (i.e., persistent
toxic chemicals in the bottom sediments of these water bodies), and $338 million in
federal dollars has been spent on these projects.13 New GLLA projects continue to
be funded. The GLRI – a major federal initiative for the Great Lakes14 – expanded
the scope of funding for AOC site remediation beyond sediment removal. GLRI
funding under the category Toxic Substances and Areas of Concern was steady at
just over $100 million per year for 2011–2019. The GLRI completed a second phase
in 2019, with a third phase underway for 2020–24 (Great Lakes Interagency Task
Force, 2019).
Both the GLLA and GLRI establish grants programs for funding projects. Under
the GLLA, the USEPA solicits project proposals from qualified remediation contractors on a rolling basis.15 The GLRI, in contrast, operates with a competitive
grants program. The GLRI Action Plan16 outlines restoration priorities, and the
federal agencies administering the program solicit proposals on an annual basis
restrictions on dredging activities; restrictions on drinking water consumption or taste or odor
problems; beach closings; degradation of aesthetics; and added costs to agriculture or industry.
13 Since 2004, 4 million cubic yards of contaminated sediments have been removed through Legacy
Act projects (https://www.epa.gov/great-lakes-legacy-act/about-great-lakes-legacy-act).
14 The GLRI designates five focal areas for Great Lakes restoration activities, with AOC remediation
being just one of the five. As of 9/30/18, $2.43 billion in federal dollars had been awarded to 4,706
projects under the GLRI (https://www/glri/us).
15 The application for GLLA funding is available at https://www.epa.gov/great-lakes-legacyact/applying-great-lakes-legacy-act-funding#request.
16 The GLRI Action Plan for 2020–2024 is available at https://www.epa.gov/sites/production/files/
2019-10/documents/glri-action-plan-3-201910-30pp.pdf.
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for projects aligned with the priorities. Five agencies administer AOC remediation
under the GLRI: National Oceanic and Atmospheric Administration, U.S. Army
Corps of Engineers, USEPA, U.S. Fish and Wildlife Service, and U.S. Geological
Survey. Examples of AOC projects include shoreline restoration, aquatic habitat
restoration, navigation improvement, restoration of fish passage, species and other
biophysical assessments, and removal of contaminated sediments.
In tandem, the GLLA and GLRI combined for almost $700 million in federal
remediation expenditures on over 700 projects through 2017. This amounts to an
average of $23 million per AOC site, which is comparable to the average expenditure
of $43 million per site for remediation of Superfund sites (Greenstone and Gallagher,
2008), especially given that new expenditures are continuing at the 27 AOC sites
remaining to be delisted. In our econometric analysis of grant impacts, we use a
cleaned database of 406 AOC projects from 2004 through 2017. The awards range
from $1,418 to $29,111,000, with a mean value of $1,083,255.17

3

Data

We obtained housing data, specifically from county deed and tax records, for the
Great Lakes region for 1980-2017 from CoreLogic. We limit the sample to singlefamily residential homes. Within the dataset, we use the following variables: sales
price, sales date, year built, square footage of the house, number of full baths, and
geographic coordinates (latitude and longitude).18 In addition, we further refine
the dataset by dropping outliers with respect to real prices and the house’s square
footage.19
17 In

the analysis of grant impacts, we confine the grant dollars in three ways: solely federal
dollars, solely for AOC remediation projects, and solely for projects targeted to a single AOC. Our
grant dollars are not comparable to expenditures cited in Hartig, Krantzberg, and Alsip (2020). They
cite a large figure, $22.78 billion, spent on AOC restoration from 1985-2019. Over 70 percent of this
amount was actually spent on compliance with the Clean Water Act, in the form of upgrades to
municipal wastewater treatment plants and sewer systems. Almost 10 percent was for remediation
of land-based pollutants, not AOC-related water quality. The remaining dollars includes federal,
state, local, and Canadian spending on AOC projects of all types.
18 Sales prices are adjusted from nominal to real terms as of May 2018 using the CPI series
“Consumer Price Index for All Urban Consumers” (U.S. Bureau of Labor Statistics, 2018).
19 Outliers are the top and bottom 1% for each variable.
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The CoreLogic data are merged with several other datasets. Using the georeferenced house data, we generate a GIS shape file on house locations that is then
merged with shape files of AOC boundaries and 1980 census tracts.20 We then
develop three variables for each house: distance to the nearest AOC boundary;
distance to the nearest water body; and population of the census tract in which
the house is located.21 Each house is matched to the nearest AOC through this
procedure.
This merged dataset is then limited to create two separate samples, one for the
listing analysis and the other for the grants analysis, as we describe in the following
subsections.

3.1

Listing Sample and Descriptive Statistics

The AOC listing analysis uses a sample of the housing dataset from 1980 to 1997.
To implement the repeat-sales approach, only houses that were sold at least twice –
at least once before and once after the listing date – during this time period are
retained. This transformation is suitable to our context, as it is not common to
encounter more than two sales of a particular home during this time period.
Furthermore, our use of just two sales per home in our sample is particularly
well suited to analysis of housing markets. The sample uses only two data points
per home, one of which occurred before and one of which occurred after AOC
listing in 1987. In real estate, this design has advantages over generalized (panel)
difference-in-difference models with time fixed effects that include observations
with more than two or less than two data points per home, or even studies that
restrict to two sales but allow homes to differ in whether those sale pairs occurred
both before, one before and one after, or both after treatment. The reason is that,
with sales data, we generally do not observe every home in every single year. If
we observe a home being sold every single year, it is being repeatedly flipped and
should be excluded. Therefore, in general, the composition of homes before and
after the event can differ by treatment group if the frequency of sales changes
due to the event (e.g., people sell immediately after the event in the near group
20 Shapefiles
21 The

can be found at https://www.epa.gov/great-lakes-aocs/list-great-lakes-aocs.
population is obtained from the 1980 Census.
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because they realize the water quality is bad), if people sort across treatment groups
due to the event (e.g., people decide to build a home farther away from the AOC
than they originally would have), or simply because of over-time macroeconomic
trends unrelated to treatment. These compositional effects would not be a problem
if researchers observed a latent sales price for every home in every year. In our
design, using only two sales per house means that the sample of homes is exactly
the same before and after the listing.
We pre-specify six bins representing different distances from the AOCs. The first
bin represents houses within an AOC boundary, while the subsequent bins represent
intervals of 5 km distances from the AOCs out to 25 km. Figure 2 illustrates these
distance bins in a map of the Wisconsin Green Bay-Fox River AOC and houses
located within each distance bin.
Table 1 presents summary statistics for each of the distance bins. Each observation is a pair of sales, where one sale occurred before (Price 1) and the other
occurred after (Price 2) the listing. As expected, distance to water is monotonically
increasing as we move farther from the AOC. Both the mean change in price and
Figure 3, which plots the average change in price by distance bin, demonstrate
that the average change in price increases in distance from the AOC, such that the
graph looks monotonic.

3.2

Grants Sample and Descriptive Statistics

The sample of sales pairs of homes for the grants analysis is constructed as follows.
We begin with the two databases: the remediation projects and their grant dollars
awarded, by AOC and by year from 2004 to 2017, and the housing sales pairs (repeat
sales) from 1995 to 2017, where all pairs contain sales that are within 10 years of
the area being awarded a grant. For the latter data, we again keep houses that sold
at least twice – once before and once after the grant programs began – during the
grant study period, in order to implement a repeat-sales approach.
To conduct our grants analysis, we add project-level data compiled by the
USEPA in its role as the lead agency for the GLLA and GLRI. The data for each
grant (i.e., for each project) include information on the AOC of the project, federal
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dollars awarded in the grant, and year awarded. We cleaned the data to assure that
the project (i) focused on AOCs and not toxic substances,22 and (ii) focused on a
single AOC rather than multiple AOCs. We aggregated the data to the AOC level
and then formed a variable that measures cumulative grant dollars awarded to the
AOC by year for the period between 2004 and 2017.23
We merge the grants data with the housing price data by forming a variable
for the change in cumulative grant dollars at the AOC to which the house is
matched. For each home within 25 km of an AOC for which we have a sale pair,
we calculate the change in total cumulative grant dollars from the program that
occurred between the two sale years in the pair. We only use the sale pairs where
at least one grant occurred between the two sales (Δ𝐺𝑖𝑠 > 0), to parallel the listing
specification, which has the setup of sale-event-sale. In cases where there are
multiple positive grant changes in a single AOC occurring in different years, the
sample might include multiple observations for a single home. We discard sale
pairs where one of the sales occurred in the same year as a grant was awarded.24
Table 2 reports summary statistics for these variables. Given the grants sample
is comprised of a smaller number of house observations, relative to the listing
sample, a single distance bin of 0-20 km is used for the treatment area instead of
the 5 km bins used in the listing analysis.

4

AOC Listing

In theory, the listing of a site may induce an increase or decrease in housing
prices (Greenstone and Gallagher, 2008). If listing is understood as an increased
probability that site remediation will occur, then demand for housing around the
site may increase leading to an increase in housing prices. If site listing provides
new information about the extent of pollution and/or stigmatizes it as an area of
22 The label for Focus Area 1 under the GLRI is Toxic Substances and Areas of Concern,

not simply
AOCs.
23 Grant dollars are adjusted from nominal to real terms as of May 2018 using the CPI series
“Consumer Price Index for All Urban Consumers” (U.S. Bureau of Labor Statistics, 2018).
24 Data on when grants were awarded only specifies the year, and so we do not know whether
the sale occurred before or after the grant was awarded if both the sale and the grant occurred in
the same year.
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environmental decay, then housing prices may decrease (McCluskey and Rausser,
2003). To motivate the AOC listing analysis that follows, we conducted an event
study analysis, which shows no evidence of a pre-trend in the sales data (Appendix
Section A.3.1).

4.1

Specification

To estimate the effect of AOC listing on housing prices, we use the sample described
in Section 3.1, using only repeat sales of houses from before and after the 1987
listing. We specify the change in sales price before and after the listing as a function
of distance bins:
Δ𝑃𝑖 𝑗𝑠𝑡 =

𝐾
Õ

𝛼𝑘 𝑑𝑖𝑘 + 𝜃 0𝑋𝑖 𝑗 + 𝛾𝑠 + 𝛾𝑡 + 𝜖𝑖 𝑗𝑠𝑡

(1)

𝑘=0

in which Δ𝑃𝑖 𝑗𝑠𝑡 is the change in price of house 𝑖 near AOC 𝑗 from sale dates 𝑠 to 𝑡,
𝑑𝑖0 is a binary variable that equals 1 if house 𝑖 is 0 km from the nearest AOC and 0
otherwise, and 𝑑𝑖𝑘 is a dummy variable that equals 1 if house 𝑖 is in the 𝑘th distance
bin from the nearest AOC and 0 otherwise. 𝑋𝑖 𝑗 is a vector of controls (described in
more detail below), 𝛾𝑠 and 𝛾𝑡 are sale-year fixed effects for the sale before and the
sale after the AOC listing, and 𝜖𝑖 𝑗𝑠𝑡 is an idiosyncratic error term. The parameters
of interest 𝛼𝑘 are the effects of AOC listing by 5 km distance bin 𝑘.
The specification in (1) is equivalent to a difference-in-differences regression
with house fixed effects and year fixed effects, without the vector of controls 𝑋𝑖 𝑗 .
With the vector of controls, we allow for the price trend to depend on the controls.
This would be equivalent to including controls interacted with a 𝑃𝑜𝑠𝑡 dummy in
a difference-in-differences specification.25 This specification follows the intuition
of Muehlenbachs et al. (2015) which studies the impact of proximity to shale gas
25 Note

that by taking the difference of the two sale prices, we have already differenced out the
features of individual houses, just as one would in a difference-in-differences specification.
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wells.26,27
Our vector of controls includes distance to water28 , census tract population
in 1980, and year built. These controls are determined prior to AOC listing and
therefore do not vary over the sample period; as such, they are not affected by
the treatment. The purpose of the controls is twofold. First, preferences for these
features could be changing over time. Because the distance bins have different
compositions of these features, our regression could pick up a spurious relationship
between distance to AOC and the price change if that were the case. For example,
homes in the 0 km bin are within AOCs, and AOCs are located on or adjacent to the
shoreline. In contrast, fewer homes in the 20–25 km bin are close to the shoreline,
and thus they tend to be farther away from water on average. If preferences
for distance to water are changing over time, then that could be reflected in our
estimate of 𝛼 if we do not control for distance to water. Second, the controls can add
precision by capturing residual variation in the change in price under the presence
of heterogeneous price trends in these features over time.

4.2

Listing Results

Our main specification estimates effects out to 25 km. The 20-25 km bin is the excluded group, making all estimates relative to that bin.29 Assuming a monotonically
26 Muehlenbachs

et al. (2015) define three bins of unequal sizes by using a cross-sectional local
polynomial regression to detect the distances at which effects of shale wells seem to have heterogeneous impacts before they estimate the effect of shale wells on price; this procedure was first
proposed in Linden and Rockoff (2008). We choose not to use this procedure because we find that
bin cutoffs are highly sensitive to choice of bandwidth in our context. This is probably because
there simply is no discrete change in effect after a certain distance. We discuss this more below.
Instead, we construct bins of equal sizes.
27 An alternative estimation approach could use data from other areas rather than comparing
homes near to and far from, but still within 25 km of AOCs. This approach is typically used in
contexts where an entire city is affected, and is particularly convincing in situations where cities
with similar features and historical trends in the outcome variable are available; see for example,
Christensen, Keiser, and Lade (2019). In our case, areas in the vicinity of AOCs are not well-defined
geographic entities like cities. The distance buffers used in our regressions encompass both urban
and rural properties, which means that a matching procedure to find control areas for AOCs might
be more difficult to justify.
28 Distance to water is calculated as the distance to the nearest of the following major water
bodies: all Great Lakes, Clinton River, Detroit River, Lake St. Clair, and Rouge River.
29 Appendix A.1 describes the choice of the 20-25 km bin as the control distance.
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decreasing function in distance (in absolute magnitudes) as a general relationship
for the effect, the 𝛼𝑘 in equation (1) represent lower-bound estimates of the listing
effects.30
Table 3 presents our main results. Overall, the estimated effects of AOC listing
are negative and statistically significant at the 1% level across distance bins and,
as well, across four specifications. Column 1 of the table contains estimates corresponding to equation (1) with no controls. Columns 2–4 present results including
the controls. The posited distance-decay relationship holds generally, with the
absolute magnitudes decreasing as the distance from the AOC increases across
the distance bins. The magnitudes are relatively stable across the specifications,
although estimates are higher in magnitude in all bins when we control for distance
to water, tract population in 1980, and year built. These controls could be important
determinants of price growth during this time period, such that their inclusion
results in more representative average treatment effects.
Our preferred specification, which includes all three controls, is found in column
4. The estimated effects on sales prices range from -$25,391 in the 0 km bin (15.8%
of the bin’s average sale price) to -$12,407 in the 15-20 km bin (6.9% of the bin’s
average sale price).
We report robustness checks in a set of tables in Appendix Section A.5. These
include: two specifications with different delineations of the distance bins; a specification that uses the change in prices in logarithms, rather than levels, as the
outcome variable (Appendix Table A.1); and a specification that conducts the analysis out to 30 km, not 25 km, in 5 km bins (Appendix Table A.4). We continue to find
evidence that the results are statistically significant and monotonically decreasing
in distance from the AOC; and that there is no discrete cutoff after which we can
conclude that the effect goes to zero (furthermore, they do not become economically
insignificant in magnitude).
As an additional robustness check and a benchmark for the analysis in Section
5, we produce results from a simple two-bin specification in which there is a treated
bin (0–20 km from the AOC) and an omitted control bin (20–25 km). Results, in
Appendix Table A.7, are qualitatively similar to those in Table 3 and indicate that
30 If

the effect truly ends at exactly 20 km, then the estimates are not lower bounds.
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the listing effect was approximately $20,000 for homes located 0–20 km from the
AOC, in comparison to the omitted group (20–25 km away).

4.3

Discussion of Listing Effects

Our results differ from recent results on the listing impacts of Superfund sites.31
Greenstone and Gallagher (2008) find no evidence that listing on the Superfund
registry affected housing prices; using a variety of quasi-experimental specifications,
the null hypothesis for the listing effect was not rejected at conventional significance
levels across all specifications. Gamper-Rabindran and Timmins (2013) investigated
both being proposed for the Superfund registry and then being listed on the registry.
For both questions, they cannot reject the null hypothesis of no effect across a wide
range of different specifications.
Three differences across the AOC and Superfund programs could explain the
different results. First, we argue that a positive effect based on the prospect of
pollution cleanup is unlikely for the AOC program since it was not embedded
in a clear federal program. The Superfund program is based on a federal law –
the Comprehensive Environmental Response, Compensation, and Liability Act of
1980 – that committed to completing remedial cleanups at Superfund sites, and
that developed financial tools to fund the cleanups. In contrast, the AOC program
originated in a binational agreement between Canada and the United States –
the Great Lakes Water Quality Agreement of 1987 – that neither embedded the
program in a new federal law nor provided a funding mechanism for cleanup
projects. Second, AOC listing created new information on the severity of persistent
pollutants at the sites and generated a stigmatizing effect on the local communities
surrounding the AOCs. Superfund sites were nominated by local organizations,
thereby reflecting a local awareness of the pollution. The list of AOCs, in contrast,
was created by an expert panel that was convened by a binational organization,
the International Joint Commission. AOC listing thus provided new information in
31 Our

results for AOC listing – negative, statistically significant, and economically meaningful
– also relate to the broader literature estimating the stigmatizing effect of other environmental
disamenities. See for examples, McClelland, Schulze, and Hurd (1990), Dale, Murdoch, Thayer, and
Waddell (1999), McCluskey and Rausser (2003), Messer, Schulze, Hackett, Cameron, and McClelland
(2006).
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1987. Moreover, being labelled in the listing as one of 31 severely degraded areas in
the Great Lakes region likely induced a stigmatizing effect for the AOC communities.
Third, water-based sites like the AOCs create several distinctions relative to landbased sites. As a mobile natural resource, water creates the prospect of an extensive
spatial transport of pollution as well as uncertainty about the extent of the transport.
Water pollution also has multiple possible channels of human exposure, including
drinking water, water-based recreation, and (indirectly) consumption of hazardous
fish. All these factors suggest that the negative effect of AOC listing might be large
and could extend over a substantial spatial range.32 In sum, our novel results on
the magnitude and spatial extent of AOC-listing effects contribute new insight on
the housing market impacts of initiating a new environmental program.
A second comparison is to research on the federal Toxics Release Inventory
(TRI), which is an early example of information-based environmental policy from
the 1980s. The TRI requires companies to report quantities of production, handling,
or release of toxic chemicals, and it makes the data available publicly. Bui and Mayer
(2003) and Oberholzer-Gee and Mitsunari (2006) studied the original inception of
TRI reporting in the late 1980s. The former found no effect on prices in the Massachusetts housing market, while the latter found a statistically significant decrease
in prices in the greater Philadelphia market. Mastromonaco (2015) found that a
new TRI requirement to report on the chemical lead, invoked in 2001, decreased
housing prices by 11% within one mile of facilities in a study of the San Francisco
Bay Area. Information treatments thus show some evidence of affecting housing
prices in the TRI case, and the 11% decrease in the lead example is substantial.33 Our
results complement the TRI research by providing new evidence on environmental
information treatments.
32 Keiser

and Shapiro (2019a) provide an additional rationale for an expansive spatial range when
considering water, rather than land, applications. Water bodies frequently are destination sites for
outdoor recreation. Recognizing that natural features play a role in housing markets, they analyze
housing units within a 25-mile radius of affected river segments (where 25 miles is a common range
for daily recreational travel) to understand the impact of the grants to upgrade water treatment
plants.
33 Currie et al. (2015) also use the TRI to frame their research design, but assess TRI plant openings
and closings as changes in environmental quality, not as information treatments.
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5

Remediation Grants

Section 4 presented results indicating AOC listing effects of large economic magnitude that extend out to at least 20 km. We next ask whether the remediation
grants counteracted this: did grants awarded for AOC remediation projects lead to
increased housing prices? To do so, we estimate three distinct specifications with
results presented in the sub-sections that follow. Each uses the change in house 𝑖’s
sales price as the outcome variable, Δ𝑃𝑖 𝑗𝑠𝑡 .
The first is a coarse specification that reflects the awarding of at least one grant,
without accounting for the number of grants or the dollars awarded. It identifies
the effect of the grant by before-after and near-far differences. This specification
is intended to provide preliminary evidence about the effect of grants on housing
prices. To complement this analysis, we also conduct an event study analysis to
document these dynamics. Event study results are available in Appendix A.3.2.
The second specification uses variation in grant dollars awarded between the
house’s sales dates 𝑠 and 𝑡. It differences cumulative grant dollars awarded to AOC
𝑗 at 𝑡 from cumulative grant dollars awarded at the earlier date 𝑠, thus creating the
variable Δ𝐺𝑖 𝑗𝑠𝑡 . It identifies the effect of grant dollars by before-after differences
and the continuous intensity of grant dollars (i.e., variation in the grant amount
awarded). The second specification establishes an estimated upper bound on the
effect of grant dollars on housing prices.
The third specification uses this same variation in grant dollars awarded between
the house’s sales dates, Δ𝐺𝑖 𝑗𝑠𝑡 . This specification identifies the effect of grant dollars
using three sources of variation in treatment exposure: before-after the grant
and near-far the AOC as well as differences in the grant size. This specification
establishes an estimated lower bound on the effect of grant dollars on housing
prices. We explain the logic of the upper and lower bounds in the respective
sub-sections.
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5.1

Preliminary Analysis of the Effect of Grants on Housing
Prices: Specification and Results

We recognize that awarding of grants and, conditional on grants being awarded, the
dollar amount of the grants could both be endogenous to the AOCs. The decision to
seek and/or award grants, for example, might depend on trends in housing prices
or on local economic conditions that affect housing prices. Moreover, an oversight
review of the GLRI program found that grant administrators were more likely to
allocate federal funds to AOCs that were relatively closer to official delisting (US
Government Accountability Office, 2015).
The first margin for potential endogeneity is whether the area received a grant.
Our sample includes only sale pairs where one or more grants (Δ𝐺𝑖𝑠𝑡 > 0) were
awarded in between the sales, so that our approaches will not be subject to this
type of endogeneity.34
The second potential source of endogeneity is the amount of grant dollars
received between the two sales. In our initial specification, we want to abstract
away from this source of endogeneity so that we can cleanly establish whether an
effect of grants exists.
Motivated by this latter concern, we start with a coarse specification in which
we simply compare the price change in the 0–20 km bin to that in the 20–25 km
bin.35 These bins are selected for two reasons. First, in our analysis of AOC listing
effects we found statistically significant effects out to 20 km. Second, the analysis is
limited in the number of sales pairs in this sample, which prevents a specification
using finer distance bins. We specify this as:
Δ𝑃𝑖 𝑗𝑠𝑡 = 𝛼 1 {0 − 20𝑘𝑚}𝑖 + 𝜃 0𝑋𝑖 𝑗 + 𝛾𝑠 + 𝛾𝑡 + 𝜖𝑖 𝑗𝑠𝑡

(2)

In (2), 1 {0 − 20𝑘𝑚}𝑖 is an indicator variable that equals 1 if the house is located
in an AOC or less than 20 km away, 𝛾𝑠 is an indicator variable that equals 1 if
the first sale occurred in year 𝑠, and 𝛾𝑡 is an indicator variable that equals 1 if the
second sale occurred in year 𝑡. This specification is equivalent to a difference-in34 Although,
35 We

as we discuss below, site selection bias could be an issue.
only use observations within 25 km of the AOCs in this specification.
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differences setup with the two differences being near-far and before-after. Because
the same area could have more than one positive grant change and homes in a
single census tract could experience correlated shocks to their price trends, standard
errors are clustered at the census tract level. This accounts for serial correlation
and cross-house correlation within tracts.36
The parameter of interest, 𝛼, represents the effect of the grant(s), identifying
off of the differences in the price change before and after the grant(s), and across
the 0–20 km and the 20–25 km bins. The results are displayed in Table 4. Across
all 3 columns, including various control variables, we find that the grant(s) exert a
positive and statistically significant effect on the areas that received them. We find
an 𝛼 of 1.0516 for our preferred set of controls (col 3), where price is measured in
$10,000 units for readability. This translates to a price change due to a change in
grant(s) between the two sales of $10,516.
If the 0–20 km and 20–25 km distance bins would have had a similar price trend
in the absence of the grant being administered, then 𝛼 represents the causal effect
of getting grant(s) on the housing price. This assumes that the 20–25 km bin do
benefit from the grant(s). If houses in the 20–25 km bin are able to benefit from the
grant(s), then they are also treated albeit to a lesser extent, due to the distance-decay
relationship. In this situation, 𝛼 serves as a lower bound on the causal effect of
obtaining a grant on housing prices. Given the strong but monotonically decreasing
effects we found in our listing results, we emphasize this lower bound interpretation
of 𝛼. From this perspective, our estimates indicate that the average grant raised
housing prices for the average home in the 0–20 km bin by at least $10,516.
We note two limitations when interpreting these preliminary estimates. First,
because the estimates are an effect of treatment (getting grant(s)) on the treated,
they do not necessarily capture what the effect would be for untreated areas or
time periods for treated AOCs during which treatment did not occur. Site selection
bias (Allcott, 2015) could plausibly result in estimates that do not represent the
treatment effects expected for AOCs that were not treated.37
36 We also report standard errors robust to clustering at the county (FIPS) level, as an additional
robustness check.
37 This is a conditional average treatment effect in the cases in which we use controls.
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Second, the specification in (2) could fall prey to what Smith and Sweetman
(2016) call the “common and prosaic practice of reducing heterogeneous programs
and policies to binary indicator variables.” It masks what could be extremely heterogeneous treatment effects due to the wide range of values of Δ𝐺𝑖𝑠𝑡 . These values
in our sample range from $57,442 to $54,103,863, a difference of nearly 1000%. This
could lead to imprecision in our estimates and could also mean that our estimated
effect is not necessarily close to the differential effect of an average-sized Δ𝐺𝑖𝑠𝑡 on
near and far houses. Therefore, although Table 4 shows clear evidence that grants
had a positive and statistically significant average treatment effect on the treated
(ATET), these results are not necessarily the policy parameters of interest.

5.2

Upper Bound on the Effect of Grant Dollars on Housing
Prices: Specification and Results

An important part of the grants analysis is to understand the intensive margin:
what is the impact of a dollar of grants on homes in or nearby an AOC? To estimate
the price change, we regress the change in housing price from before to after the
grant on the change in grant dollars, including fixed effects for years 𝑠 and 𝑡. The
sample consists only of sale pairs that saw a positive change in cumulative grant
dollars and only of homes in the 0–20 km bin. That is, we specify:
Δ𝑃𝑖 𝑗𝑠𝑡 = 𝛽Δ𝐺𝑖 𝑗𝑠𝑡 + 𝜃 0𝑋𝑖 𝑗 + 𝛾𝑠 + 𝛾𝑡 + 𝜖𝑖 𝑗𝑠𝑡

(3)

In (3), Δ𝐺𝑖 𝑗𝑠𝑡 is the difference in the cumulative dollar value of grants awarded
to the AOC nearest to home 𝑖 between years 𝑠 and 𝑡. This amounts to the analogue
of a continuous (intensity) difference-in-differences specification for these areas,
where the two “differences” are before-after and the continuous (intensity) grant
variable.38
The specification in (3) better uses the variation across AOCs than the previous
specification in (2). However, it does impose a linear functional form on the
relationship between price and grants, making it sensitive to outliers if the true
relationship is not linear. Our parameter of interest favors the linear approach.
38 We

could think of these as a before-after and high grant change-low grant change.
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We focus on the effects of grants on prices, keeping both grant dollars and price
in levels rather than transforming to logarithms. Not transforming the variables
is preferable in our specifications with a continuous grant variable because we
wish to know the capitalization in dollars of a dollar value of grants. We are not
inherently interested in what the effect of a percentage change in the cumulative
dollar value of grants is on the percentage change in prices, as it is not the statistic
relevant to policymakers. Given that we ultimately seek the parameter in levels
(capitalization in dollars of a dollar of grants), were we to specify any type of
nonlinear relationship, we would violate Jensen’s inequality when interpreting
the estimates in levels, and thus our welfare effects would be biased. We show
data-driven evidence of linearity in the following sub-section.
The parameter of interest, 𝛽, represents the effect of a change in grant dollars
on the change in housing price for homes in the 0–20 km bin. The estimates of 𝛽
are reported in Table 5 with our standard set of controls. The estimates are positive,
statistically significant, and similar in magnitude across the three specifications.
The estimate in column 3 is 0.8172, which is interpreted as the effect of a change of
$10,000,000 in grants on the change in price (in units of $10,000) of homes within
0–20 km of the AOC. This translates to 0.0817 cents per dollar of grants.
The coefficient 𝛽 can be interpreted causally only if we assume that conditional on getting a grant, the dollar value of grants are randomly assigned.39 The
specification in (3), however, differs from many continuous (intensity) difference-indifferences designs. In the typical continuous (intensity) difference-in-differences
design, the variable that represents intensity of treatment is assigned before the
treatment takes place. In our study, the intensity variable could be endogenous.
Grant values, for instance, could respond to changes in areas’ housing prices.
Economic intuition can help us sign the endogeneity bias in specification (3)
to establish the interpretation of an upper bound. The payoff to seeking a grant is
highest for areas where housing prices inside and close to the AOC are comparatively low and/or decreasing more rapidly (or increasing at a slower rate) than
39 Note that Table 4, by contrast, does not assume that conditional on getting a grant, the dollar
values of grants are randomly assigned; in that specification, we do not need to make any assumption
on how dollar values of grants are assigned because the intensity of grants is not being utilized as
variation.
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other areas, potentially due to idiosyncratic shocks to housing prices, which tend to
be mean-reverting. If prices are simply lower in levels for areas that sought larger
grants, but are on the same growth path as prices for areas that sought smaller
grants, then this difference will be netted out when we difference over time. However, if areas where prices near and inside AOCs are decreasing more rapidly (or
experiencing more sluggish growth) are also more motivated to seek larger grants
than other areas, or if the grant-awarding mechanism awards more grants to places
where housing values are decreasing more rapidly (or growing more sluggishly),
then this mean reversion will result in a phenomenon akin to Ashenfelter’s dip
(Ashenfelter, 1978).40 This is because the reversion to the mean, which would have
occurred in the absence of treatment, is attributed to the treatment and pushes the
treatment effect upwards. In other words, results produced by estimating equation
(3) should constitute an upper bound on the ATET.
One possible channel for local economic trends to influence GLRI and GLLA
funding decisions is the public advisory committees associated with each AOC.
These committees were prescribed for AOCs as part of the organizational structure
of the program. They are composed of local stakeholders, including members of
community groups, business leaders from different sectors, and key staff of local
government agencies. These committees might be more motivated to seek larger
grants when housing prices are declining.41
A conceptual diagram describing the argument for why (3) is an upper bound
is given in Figure 4 and described in its caption. To fix ideas, the figure abstracts
away from the continuous variation in grant amounts used in (3) and considers the
case where an area could receive one of two grant types– a large and small grant.
The specification in (3) in this simplified case measures simply the difference in the
housing price change from receiving the large grant and the housing price change
from receiving the small grant.
Suppose there are two types of AOCs- an AOC where the advisory committee
perceives a lower benefit to getting the grant (called “Low Benefit”) and an AOC
40 Ashenfelter’s dip causes (2 time period) difference-in-differences estimates to overstate the
magnitude of the treatment effect.
41 See Holifield and Williams (2019) for more on the AOC public advisory committees.
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where the advisory committee perceives a higher benefit to getting the grant
(called “High Benefit”). The High Benefit AOC, perceiving a higher benefit to grant
dollars, seeks and gets a larger grant (grant H) because the general area has been
experiencing depressed price growth. The Low Benefit AOC, perceiving a lower
benefit to grant dollars, seeks and gets a smaller grant (grant L). The red solid line
in the figure depicts the High Benefit AOC’s average price. The green solid line in
the figure depicts the Low Benefit AOC’s average price. Without the temporary
local negative shock to price growth, the red solid line would coincide with the
purple dotted line and would be parallel with the green solid line prior to grant
administration. The solid lines after grant administration depict the observed price
trajectories when the Low Benefit AOC receives the small grant and the High
Benefit AOC receives the large grant. The standard dashed lines represent the
counterfactual of no grants for both groups– note that the High Benefit AOC’s
price would have reverted to the purple line in the absence of the grants.
The dashed-and-dotted lines represent the counterfactual where each AOC
receives the grant that the other AOC actually received. The green dashed-anddotted line depicts the counterfactual in which the Low Benefit AOC receives the
large grant. The red dashed-and-dotted line depicts the counterfactual in which the
High Benefit AOC receives the small grant. Without mean reversion, the impact of
the small grant would be the same for the High Benefit AOC and the Low Benefit
AOC. But with mean reversion, the impact of the small grant will appear larger.
The true effect of the grant for the Low Benefit AOC when the Low Benefit AOC
gets the small grant is shown in green brackets, and the true effect of the grant for
the High Benefit AOC when the High Benefit AOC gets the large grant is depicted
in red brackets. Thus, the true effect of getting the large grant instead of the small
is the red brackets minus the green brackets. But, the measured effect is the aqua
bracket minus the yellow bracket, which is much larger than the red brackets
minus the green brackets. For this reason, we argue that estimates produced by
(3) constitute an upper bound on the effect of grant dollars on house prices within
0–20 km of the AOCs.
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5.3

Lower Bound on the Effect of Grant Dollars on Housing
Prices: Specification and Results

Here we develop a specification that provides a lower bound on the effect of grant
dollars to complement the upper bound results presented in Section 5.2. We explore
the effect of a dollar of grants by examining the differential change over time for
the near and far bins (0-20 km and 20-25 km), again using just the sale pairs that
occurred before and after a positive change in the cumulative grants awarded to an
AOC:
Δ𝑃𝑖 𝑗𝑠𝑡 = 𝛽 1 {0 − 20𝑘𝑚}𝑖 𝑗 × Δ𝐺𝑖 𝑗𝑠𝑡 + 𝜎Δ𝐺𝑖 𝑗𝑠𝑡 + 𝜃 0𝑋𝑖 𝑗 + 𝛾𝑠 + 𝛾𝑡 + 𝜖𝑖 𝑗𝑠𝑡

(4)

where 𝛽 is the differential change in price associated with a dollar of grants for
the near bin minus that same change for the far bin. The 𝜎Δ𝐺𝑖 𝑗𝑠𝑡 term captures
linear selection bias in the awarding of grants to AOCs that is common to both
distance bins. We only use sale pairs that occurred within 10 years before or after
a positive change in the cumulative grants awarded to an area. For this reason, this
specification in (4) is not quite a triple-difference specification and there are no
“untreated” observations in the Near bin. As such, we do not include the regressor
𝑁 𝑒𝑎𝑟 in the equation.
This regression uses the change in price associated with a one dollar increase
in grants in the far bin as a counterfactual for the same change in the near bin.
More precisely, it addresses the potential endogeneity of grant amounts in (3) by
using the 20–25 km distance bin to net out AOC-specific factors that determine
the magnitude of grants awarded. That is, even if grant dollars are endogenously
awarded to AOCs (conditional on a grant being awarded) in (4), if the process is
endogenous in a way that is uncorrelated with differential changes in prices over
time in the near and far bins, then 𝛽 can still be interpreted as a lower bound
on the average causal effect of one dollar of grant money on the homes in the
0–20 km distance bin (or a lower bound on the conditional average treatment
effect on the 0–20 km group, when controls are included). This approach would
be invalid if an AOC’s motivation to seek larger grants depended on differential
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price trends between homes in the two distance bins.42 For example, it would be
problematic if areas where the prices of waterfront homes (or homes close to water)
have decreased the most seek larger grants for AOCs remediation. For this reason,
we include control variables, such as the distance to water.
The estimates of 𝛽 in (4) are provided in Table 6. Including three different sets of
controls, we find that the coefficients are all around 0.5399 (or around 0.05 cents per
dollar of grant change between the sales).43 The effects are economically significant
in magnitude.
We would expect the estimated treatment effect of a dollar of grants in (4), 𝛽,
to be lower than the estimated 𝛽 in (3). This is because 𝛽 in (4) is the difference
between the change in price associated with a dollar change in grants for the near
bin and the far bin, whereas 𝛽 in (3) is simply the raw change in price from before
to after the grant change associated with a dollar change in grants. To the extent
that the 20–25 km bin reaps some benefits of the grants, this raw change should be
higher. Indeed, we find that in all columns of Table 6, the implied effect of a dollar
of grants on average is less than the corresponding column in Table 5. That the
estimates are very similar in magnitude, however, is reassuring. For these reasons,
we interpret our 𝛽 from (3) to be an upper bound and our 𝛽 from (4) to be a lower
bound of the ATET.
Like (3), the specification in (4) has strengths and weaknesses. (4) similarly employs a continuous grants variable and makes the same functional form assumption
regarding linearity. To its advantage, the specification uses the substantial variation within the grants data and produces an easy-to-interpret estimator. However,
similar to the specification in (3), it suffers from potential misspecification bias and
sensitivity to outliers if the true relationship is not linear.
To shed light on the linearity assumption inherent to the estimation of (4), we
summarize in a figure the results from regressions specific to each grant amount
Δ𝐺𝑖𝑠𝑡 . We check whether the relationship between the coefficients and the grant
42 Note

that because we only use sale pairs where there is a positive grant change between the
sales, there is no threat of endogeneity due to areas being more likely to seek a grant in the first place
if differential trends in housing prices in the two distance bins follow a certain pattern; however,
the arguments about site selection bias given in Section 5.1 still apply here.
43 As described in Section 4, we believe the controls serve an important function.
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amounts is monotonic and linear by estimating (2) separately for each level of Δ𝐺𝑖𝑠𝑡
that we observe in our sample. If the relationship between grant amounts and price
is truly linear, then the coefficients coming from estimation of (2) should be linear
in Δ𝐺𝑖𝑠𝑡 . The results are produced in Figure 5. The purple dots are coefficients
from (2). The sizes of the purple dots indicate how many observations from our
full sample are in each regression. The blue and orange dots are lower and upper
bounds for the 95% confidence intervals from each regression. The green line is a
fitted line; the slope and intercept are given in the lower left-hand corner of the
figure.
The results in Figure 5 are reassuring, with a general upward trend and a relationship that looks monotonic. This generates confidence that grants to remediate
areas around AOCs raised housing values. It is also reassuring that the relationship
between the dollar effect of grants and the coefficient giving the differential change
in price for near versus far bins looks roughly linear. The coefficient is 0.4698 (or
around 0.05 cents per dollar of grant change between the sales), which is similar
to the coefficient of 0.5399 in column 3 (our preferred set of controls) of Table 6.
The intercept is -0.4135 (or about -$4,135 dollars), which is close to 0 considering
the scale of the grants, and not significant in this meta-regression. Thus, we are
confident in our linearity assumption in (3) and (4).

5.4

Cost-Benefit Analysis

To put the effects of grants into context, we next estimate the total impact of
grants on home prices near AOCs, and compare it to the grant dollars received for
AOC remediation.44 Hedonic price theory provides a foundation for cost-benefit
comparisons due to its foundation in welfare economics (Rosen, 1974; Greenstone,
2017). Our cost-benefit analysis is reported in Table 7. Appendix Section A.2
describes an analysis of demographic changes during the AOC grants programs.
We conclude that there was little change in demographic variables, such that
interpreting results as welfare changes is warranted.
44 Our

approach follows that of Keiser and Shapiro (2019a), although we do not account for
pass-through of grants (as explained in Appendix Section A.4).
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To be conservative, we take the houses within 0–20 km of an AOC with transactions recorded by CoreLogic as the housing stock for this analysis (a total of
1,117,712 houses within 20 km of 24 AOCs).45 To compute benefits, we multiply our
estimate of the effect of grant dollars on housing prices by the total grant dollars
awarded for each AOC, and multiply that quantity by the number of houses within
0–20 km of the AOC. Then, we sum up over all the AOCs.46 We do this using four
different estimates to develop a range of benefit measures. Two calculations use
the point estimates from the lower bound grants estimator and the upper bound
grants estimator, respectively. A third calculation uses the estimate of the lower
bound of the 99% confidence interval of the lower bound estimator to construct a
very conservative lower bound. A final calculation uses the estimate of the upper
bound of the 99% confidence interval of the upper bound estimator to develop a
generous upper bound.
The benefit results are shown in Table 7. These indicate a very wide interval
in which the benefits could fall– between $1,209,251,397 and $33,468,255,627– a
difference of an order of magnitude.
Our data on remediation grants includes only federal grant dollars, and thus
our econometric analysis only assessed the impact of federal grant dollars. In the
cost-benefit analysis, though, we account for the fact that state and local matches
were typical in AOC remediation projects. We have actual match rates for the
GLLA grants; the average match for GLLA grants is 70.6%. We do not have actual
match rates for the GLRI grants (which are the vast majority of all grants), but
we do know the minimum match rates for these grants. The highest minimum
required match rate among agencies participating in the GLRI is 69.8% (required by
the U.S. Fish and Wildlife Service), though minimum match rates are as low as 5%.
Therefore, to be conservative in our comparison of benefits to costs, we make the
simplifying assumption that all grants have the GLLA match rate of 70.6%. This
45 We could use the American Community Survey, but it records more than single-family detached
housing, whereas CoreLogic tends to focus on single-family detached housing. We worry that effect
sizes might be different for homes that are not in the CoreLogic dataset.
46 We get the welfare effect by multiplying the number of homes in our grants sample times the
total grant change over the course of 2004–2017 in that AOC (which is not the same as the grant
changes between sales, because there could be multiple sales of a given home).
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results in an estimated cost of the remediation grants of $1,029,430,401.
Our cost-benefit analysis tests the null hypothesis that the benefits of the grants
equal the costs. We reject the hypothesis at a 1% significance level, thus finding
that the benefits exceed the costs. We also calculate a breakeven threshold: for
the cost of the grants to equal the lower bound of the 99% confidence interval of
benefits exactly, the match rate would have to be 100.4% on average.47
A second cost-benefit perspective returns to the issue of AOC listing: are the
benefits of the grants large enough to overcome the negative impact (the “stigma
effect”) associated with listing? Because our grant specifications pool together bins
within 0–20 km of the AOCs, we re-estimate our listing specification to get the
average stigma effect over the entire 0–20 km bin for comparison. We find an effect
size of −2.2051, or a decrease of $22,051, for our preferred specification.48 We sum
this over the same 1,117,712 houses as we used to estimate benefits to arrive at a
total aggregate price decrease of $24,646,667,312 for houses near the AOCs due to
listing. Because the point estimate falls within the bounds we calculated for the
aggregate benefit of grants, we cannot reject the null hypothesis that the benefits
of the grants equal the stigma costs of the listing. This is new insight into how
the benefits of an environmental cleanup program can overcome the stigma of
legacy pollutants. These results also highlight the harm to home owners from a
federal program that drew attention to problematic and polluted sites (and thereby
stigmatizing their properties), without any immediate provision of federal funding
to remediate the pollution at those sites. We note that the analysis of the listing
effect does not fully account for this delay between the listing and the start of the
grants programs. As a result, we underestimate the full negative effect of listing on
housing prices.
Our results contrast with the cost-benefit results of similar programs, including
the Superfund program, brownfield site remediation, and the federal grants program
to upgrade municipal water treatment plants. Evidence on remediation and delisting
under the Superfund program is mixed. Greenstone and Gallagher (2008) find that
47 In this breakeven calculation, we again assume a conservative 70.6% match rate on federal
funds; the breakeven threshold would be higher for a lower match rate.
48 Results can be found in Table A.7 in the appendix.
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its benefits were substantially smaller than the costs, while Gamper-Rabindran
and Timmins (2013) find that benefits outweighed costs at 39 of 52 sites. Haninger,
Ma, and Timmins (2017) find that, for 34 of 51 brownfield site remediations, the
estimated benefits exceeded the average cost of cleanup. Their comparison applied
the lowest benefit estimates to be conservative. Keiser and Shapiro (2019a) show
that, under the Clean Water Act, the grants program’s benefits were substantially
smaller than its costs.49 Both Greenstone and Gallagher (2008) and Keiser and
Shapiro (2019a) are noteworthy for constructing their benefit-cost assessments as
statistical hypothesis tests.
One caveat is that our cost-benefit analysis only factors in housing price gains
when calculating benefits. These gains can be seen as a lower bound on the welfare
effect of the amenity, under certain assumptions (Banzhaf, 2019). Indeed, we
expect the grants to stimulate local economic activity. University of Michigan
Research Seminar in Quantitative Economics Report (2018) undertake a multifaceted
evaluation of the GLRI and find that the overall benefits accruing due to increased
economic output and tourism activity are much larger than the estimated effect on
housing prices.50

6

Conclusion

This research develops the first causal evidence of the housing-market impacts of
the AOC program. We find robust evidence that the official listing of the AOCs in
1987 negatively impacted housing prices in areas within 20 km of the AOCs. This
is, interestingly, a pure information effect: because the environmental quality of
AOCs did not change at the point of listing, the effect reflects dissemination of new
public information about the extent of AOC degradation along with, potentially, a
stigmatizing effect of being identified as one of 31 areas with legacy pollutants in
49 Olmstead

(2010) provides a thorough review of earlier benefit-cost analyses of the Clean
Water Act and policy instrument choice in water quality regulation. More recently, Keiser et al.
(2019) review 20 cost-benefit analyses of various water-quality regulations and find that only two
estimate benefits that clearly exceed costs. They also conclude that, in many cases, the benefits are
undercounted, which raises uncertainty about whether the regulations actually fail a benefit-cost
test.
50 They find an overall multiplier of 3.35, projecting out to 2026.
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the U.S. waters of the Great Lakes.
This set the stage for analysis of the effect of GLLA and GLRI grant dollars
on housing prices from 2004–2017. We assess the effect of $523 million in grants
awarded to 406 remediation projects across AOCs and over time. We develop two
specifications, one providing a lower-bound estimate and one an upper-bound
estimate. They generate estimates that are very similar in magnitude: the effect of
a dollar increase in cumulative grant dollars to an AOC resulted in an increase in
housing price in a range of 0.05–0.08 cents. These estimates translate into average
price effects in the range of $14,900 to $22,550 per house for the residential housing
stock within 20 km of the AOCs.
We thus learned that the AOC grants were (roughly) effective at offsetting
the original effect of AOC listing. The average listing effect, a decline in $22,050
per house, is within the range of the average grants effect, an increase of $14,900
to $22,550 per house. The remediation grants assisted in reversing the stigma of
listing.
The contemporary policy issue concerns whether the benefits of the AOC grants
exceed their costs. They do: our analysis shows that the net benefits are positive at
a high level of statistical significance. This finding is in stark contrast with other
studies that, when testing whether the total benefits of cleanup equal the total costs,
do not reject the null hypothesis that benefits equal costs (e.g. Keiser and Shapiro,
2019a; Greenstone and Gallagher, 2008). More broadly, the general consensus is
that the average ratio of total benefits to costs for cleaning up surface water is
less than one even for studies that do not undertake such hypothesis tests.51 Our
cost-benefit finding is especially germane since federal funding continues under
both the GLLA and GLRI programs.
We note that, in conceptual terms, the estimated benefits of the grants programs
omit at least two categories of remediation benefits. Benefits that accrue to people
who do not live within 20 km of an AOC are not incorporated into our housing
51 Keiser

and Shapiro (2019b) compiled cost-benefit analyses from the “Report to Congress on
the Benefits and Costs of Federal Regulations and Unfunded Mandates on State, Local, and Tribal
Entities” covering the years 1970–1990. They found that for clean up of surface water, the average
ratio of total benefits to costs was 0.79, the ratio of mean benefits to mean costs was 0.57, and the
share with benefits < costs was 0.67.
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market analysis. These could be individuals who travel to an AOC for recreation
or tourism. In addition, the estimates do not count existence value that accrues to
individuals simply from knowing that formerly degraded areas within the Great
Lakes basin are being restored to places that are safe and pleasant for people, and
that provide healthy habitats for fish and wildlife.
With the dramatic increase in remediation activities over the last decade, many
AOCs are now on track for formal delisting over the next decade. By early 2020,
for instance, nine AOCs had completed all management actions necessary for
delisting.52 A task for future research is to assess the housing market impacts of
delisting. An interesting question is whether the majority of the economic benefits
of remediation will have already accrued via the grants program, or whether
delisting shows a distinct effect that is positive and economically significant.
Policymakers and stakeholders have long thought that these two major initiatives to remediate legacy pollutants in the Great Lakes – the Legacy Act and
the Restoration Initiative – provide economic benefits in addition to improving
environmental and ecological conditions in the AOCs. The positive causal effects
of grant dollars on housing prices – in tandem with estimated benefits exceeding
costs at a high confidence level – now provide strong empirical evidence in support
of these perceptions. By cleaning up the Rust Belt, the AOC programs substantially
improved the economic well-being of the Great Lakes region.

52 See

https://www.epa.gov/great-lakes-aocs/restoring-great-lakes-areas-concern.
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7

Tables
Table 1: Summary Statistics by Distance Bin, Listing Sample

Variable

Living Sqft (1,000)
Year Built
Full Baths
Distance to Water
Price 1 (10,000)
Price 2 (10,000)
Δ Price (10,000)
Land Sqft (1,000)
Tract Population (1980)

Observations

0 km

0–5 km

5–10 km

10–15 km

15–20 km

20–25 km

1.649
(0.651)
1949.513
(23.641)
1.389
(0.571)
11.860
(12.073)
15.268
(9.696)
16.758
(10.737)
1.490
(5.664)
16.175
(986.001)
3888.202
(1325.512)

1.536
(0.591)
1947.034
(24.210)
1.308
(0.522)
13.743
(17.535)
14.578
(9.004)
16.197
(10.016)
1.619
(5.574)
14.438
(53.910)
3968.661
(1324.420)

1.555
(0.611)
1955.524
(23.682)
1.431
(0.576)
17.043
(17.062)
16.059
(9.068)
17.777
(10.426)
1.718
(6.648)
18.166
(51.272)
4142.757
(1469.342)

1.473
(0.552)
1951.105
(25.409)
1.387
(0.570)
18.517
(18.708)
15.052
(8.557)
17.382
(10.963)
2.329
(7.300)
16.156
(53.042)
4257.716
(1482.783)

1.461
(0.581)
1955.029
(22.993)
1.378
(0.563)
22.807
(21.457)
16.531
(9.661)
19.178
(11.550)
2.647
(6.934)
13.201
(43.975)
4312.842
(1417.319)

1.478
(0.565)
1945.134
(28.496)
1.390
(0.580)
24.716
(23.248)
16.049
(10.140)
19.737
(13.278)
3.688
(7.949)
11.646
(45.196)
4310.764
(1435.721)

73,521

29,545

16,331

14,175

15,695

16,604

Notes: These are means and standard deviations (in parentheses) for each distance bin for our listing sample, which is described in Section 3.1 and covers the
years 1980–1997.
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Table 2: Summary Statistics by Distance Bin, Grants Sample
Treatment Level
0–20 km
Living Sqft (1,000)
Year Built
Full Baths
Distance to Water
Δ Price (10,000)
Land Sqft (1,000)
Tract Population (1980)
Price 1 (10,000)
Price 2 (10,000)
Total Cumulative Number Grants
Total Cumulative Grant $
20–25 km
Living Sqft (1,000)
Year Built
Full Baths
Distance to Water
Δ Price (10,000)
Land Sqft (1,000)
Tract Population (1980)
Price 1 (10,000)
Price 2 (10,000)
Total Cumulative Number Grants
Total Cumulative Grant $

Mean

Std Dev

Min

Max

Obs

1.633
1,957.691
1.452
8.105
-4.620
18.025
3,871.584
18.741
14.121
10.517
14,414,174.570

0.711
27.068
0.626
10.399
9.177
70.139
1,503.781
14.075
12.489
7.460
1.046e+07

0.664
1,800.000
1.000
0.000
-80.661
0.001
120.000
0.421
0.421
3.000
498,108.000

4.105
2,013.000
6.000
85.697
93.488
4,356.000
9,106.000
99.661
98.689
50.000
54,103,864.000

37,772
37,772
37,772
37,772
37,772
37,772
37,772
37,772
37,772
37,772
37,772

1.597
1,963.321
1.604
51.472
-2.155
47.864
3,607.277
17.712
15.557
5.967
10,951,380.118

0.664
31.211
0.713
31.170
8.141
157.049
1,347.339
13.061
10.816
4.484
1.509e+07

0.670
1,825.000
1.000
0.123
-73.876
0.436
267.000
0.501
0.437
3.000
498,108.000

4.102
2,011.000
4.000
90.481
59.955
4,032.785
6,932.000
98.521
79.341
20.000
54,103,864.000

1,829
1,829
1,829
1,829
1,829
1,829
1,829
1,829
1,829
1,829
1,829

Notes: These are the summary statistics for each distance bin. The sample is our grants sample, which is described in Section 3.2
and covers the years 1995–2017.

38

Table 3: Effect of Listing
Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0 km

−2.0523∗∗∗
(0.5175)

−2.3702∗∗∗
(0.5048)

−2.4671∗∗∗
(0.5085)

−2.5391∗∗∗
(0.5047)

0–5 km

−1.9870∗∗∗
(0.5155)

−2.2591∗∗∗
(0.4981)

−2.3359∗∗∗
(0.5038)

−2.3709∗∗∗
(0.5017)

5–10 km

−1.9218∗∗∗
(0.5912)

−2.1160∗∗∗
(0.5721)

−2.1446∗∗∗
(0.5733)

−2.3035∗∗∗
(0.5681)

10–15 km

−1.3605∗∗
(0.5467)

−1.5185∗∗∗
(0.5165)

−1.5140∗∗∗
(0.5132)

−1.6091∗∗∗
(0.5109)

15–20 km

−1.0515∗∗
(0.4366)

−1.0996∗∗
(0.4262)

−1.0922∗∗∗
(0.4161)

−1.2407∗∗∗
(0.4079)

−0.0255∗∗∗
(0.0075)

−0.0217∗∗∗
(0.0072)

−0.0228∗∗∗
(0.0068)

−0.0003∗∗∗
(0.0001)

−0.0003∗∗∗
(0.0001)

Distance to Water

Tract Population (1980)

0.0147∗∗∗
(0.0037)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
Tract Clusters
Observations

Year
3.688
297
165,958

Year
3.688
297
165,958

Year
3.688
297
165,958

Year
3.688
297
165,958

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
20-25 km bin.

Table 4: Effect of a Grant

0–20 km

Distance to Water

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

1.0330∗∗∗

1.0359∗∗∗

(0.3766)

(0.3761)

1.0516∗∗∗
(0.3803)

0.0517∗∗∗
(0.0066)

0.0516∗∗∗
(0.0066)

0.0531∗∗∗
(0.0067)

−0.0000
(0.0001)

−0.0000
(0.0001)

Tract Population (1980)

−0.0076∗∗
(0.0037)

Year Built
Base Bin Δ Price (10,000)
Grant Measure
Avg Δ𝐺 (10 mil)
Fixed Effects
Tract Clusters
Observations

−2.155
> 0, No Endpoints
0.284
Year
2,026
40,065

−2.155
> 0, No Endpoints
0.284
Year
2,026
40,065

−2.155
> 0, No Endpoints
0.284
Year
2,026
40,065

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
20–25 km bin.
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Table 5: Upper Bound Effect of Grant Dollars

Δ Grant (10,000,000)
Distance to Water

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0.8180∗∗∗

0.8201∗∗∗

(0.0965)

(0.0966)

0.8172∗∗∗
(0.0974)

0.0832∗∗∗
(0.0078)

0.0830∗∗∗
(0.0079)

0.0865∗∗∗
(0.0080)

−0.0000
(0.0001)

−0.0001
(0.0001)

Tract Population (1980)

−0.0099∗∗
(0.0039)

Year Built

Grant Measure
Fixed Effects
Tract Clusters
Observations

> 0, No Endpoints
Year
1,920
38,236

> 0, No Endpoints
Year
1,920
38,236

> 0, No Endpoints
Year
1,920
38,236

Notes: These results correspond to our upper bound estimator. They include the 0–20 km bin only. This specification includes
sale year 1 and sale year 2 fixed effects. We include variables determining the composition of our distance bins, controlling for
them linearly. Standard errors clustered by census tract are in parentheses.

Table 6: Lower Bound Effect of Grant Dollars

0–20 km × Δ Grant

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0.5426∗∗∗

0.5457∗∗∗

(0.1878)

(0.1879)

0.5399∗∗∗
(0.1943)

Δ Grant (10,000,000)

0.2462
(0.1998)

0.2449
(0.1999)

0.2452
(0.2068)

Distance to Water

0.0495∗∗∗
(0.0070)

0.0494∗∗∗
(0.0071)

0.0506∗∗∗
(0.0072)

−0.0000
(0.0001)

−0.0001
(0.0001)

Tract Population (1980)

−0.0073∗
(0.0037)

Year Built
Base Bin Δ Price (10,000)
Grant Measure
Fixed Effects
Tract Clusters
Observations

−2.155
> 0, No Endpoints
Year
2,026
40,065

−2.155
> 0, No Endpoints
Year
2,026
40,065

−2.155
> 0, No Endpoints
Year
2,026
40,065

Notes: These results correspond to our upper bound estimator. They compare the 0–20 vs 20–25 km bins. This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of our distance bins, controlling
for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is 20–25 km bin.
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Table 7: Cost-Benefit Analysis
Bound

Estimate

99% CI LB

Lower
Upper

16,911,226,805
25,597,064,406

1,209,251,397

99% CI UB

Fed. Grant

Est. Grant (.7x)

33,468,255,627

603,399,210
603,399,210

1,029,430,401
1,029,430,401

Houses
1,117,712
1,117,712

AOCs
24
24

Notes: “Estimate” refers to the welfare gain corresponding to either the lower or upper bound estimated effect of a dollar of
grants. “99% CI LB” refers to the welfare gain corresponding to the lower bound of the 99% confidence interval associated with
the estimate. “Fed. Grant” describes the total federal grant dollars that we used in this welfare calculation. “Est. Grant” assumes
a 70.6% local match on federal grant funds. “Houses” and “AOCs” respectively refer to all houses and AOCs used in this welfare
calculation. Our CoreLogic data only contains homes within 20 km of 24 AOCs and only has 1,117,712 houses within 20 km of
these AOCs.
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8

Figures
Figure 1: Map of the AOCs
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Figure 2: Green Bay-Fox River AOC

Green Bay/Fox River AOC

Notes: This is a map of the Green Bay-Fox River AOC. The green dots are houses from our listing sample. The AOC is outlined in
red, and is the first distance bin included in (1). The other distance bins used are depicted in gray. Here, we have plotted distance
bins out to 25 km as in our main listing results (Table 3).
Sources: Esri, HERE, Garmin, Intermap, increment P Corp., GEBCO, USGS, FAO, NPS, NRCAN, GeoBase,
IGN, Kadaster NL, Ordnance Survey, Esri Japan, METI, Esri China (Hong Kong), swisstopo, © OpenStreetMap
contributors, and the GIS User Community

Figure 3: Change in Price, by Distance from AOC, Listing
Average Change in Price (10,000), by Distance from AOC
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Notes: This figure plots the average change in price by distance from AOC for the listing sample that goes out to 20–25 km (the
sample used to produce Table 3).
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Figure 4: Overestimation of Effect of Grant Dollars in (3)

Notes: This figure illustrates why 𝛽 in (3) will overestimate the effect of grant dollars, and thus can be seen as an upper bound.
The standard dashed line depicts the counterfactual had there been no grant. The solid line depicts the observed price path after
a large grant was administered to the high benefit group and a small grant was administered to the low benefit group. The
dashed-and-dotted line depicts the counterfactual in which the large grant was administered to the low benefit group and the
small grant was administered to the high benefit group. The measured effect is the aqua bracket minus the yellow bracket. The
true effect for the high benefit group is the red bracket, and the true effect for the low benefit group is the green bracket. The aqua
minus yellow bracket distance exceeds even the red bracket in this case, indicating that 𝛽 will overestimate the effect of grant
dollars on price. One way that a high benefit group might exist is if a certain AOC has a temporary negative shock to price,
which causes them to be more motivated to seek grants, but the AOC would have recovered anyways (similar to an “Ashenfelter
dip”). In the diagram, this is indicated by the purple line, which provides a benchmark for how the high benefit group’s price
may have evolved in the absence of the temporary negative price shock.
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Figure 5: Change in Price Coefficients by Grant Magnitude
Coefficients from Grant-Specific Regressions
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Slope of line= .4698
Intercept of line= -.4135
Notes: This figure presents individual coefficient magnitudes from regressions unique to each grant that include year fixed effects
and control for our three main control variables: distance to water, tract population, and year built. In the case of multiple
grant changes of a given size, the coefficients are averaged for the purposes of the figure. The circles represent the number of
observations from our main regression that had a grant of a given size. The fitted line is from the unweighted regression of
the coefficients on the change in grant. The upper bound and lower bound of the confidence intervals are presented in blue and
orange, respectively.
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A

Appendix (For online publication)

The appendix has five sections. We first describe the rationale for using the 20-25
km bin as the control distance. A second section reports the analysis of possible
demographic changes that could bias the results. The third section presents event
study figures for both the AOC listing and the grants. The fourth section discusses
pass-through of AOC grants, and how the AOC case is problematic relative to the
case of federal grants to municipal wastewater treatment plants. The final section
consists of tables reporting robustness checks.

A.1

Using 20–25 km as the control distance

We identify effects to 20 km in the main results on AOC listing by using the
omitted distance bin, 20-25 km, as the control distance. In deciding on the 20 km
cutoff, we do not develop evidence of a “bright line” at which the estimated effect
unambiguously goes to zero. Instead, we rely on multiple sources of evidence and,
in the end, make the case that the results are a (conservative) lower bound on the
true effects of listing.
Here we describe (i) robustness checks on the main specification with 20-25 km
as the omitted bin and (ii) a sensitivity analysis that uses 25-30 km as the omitted
bin. Tables A.1–A.3 report the former, and they include: house prices in logs rather
than levels, clustering by county (FIPS) codes instead of census tracts, and AOC-byyear fixed effects instead of year fixed effects. Table A.2, with clustering by FIPS
codes, provides the only evidence that the estimated effects are not statistically
significant through 20 km. This arises in the first three columns when two control
variables, Distance to Water and Tract Population, are added sequentially to the
specification. Specifically, the estimated coefficients in the 15-20 km bin are not
significant in these three columns of the table. With the three control variables
in place in the fourth column, the estimated coefficient is statistically significant.
The gaps in which the estimated coefficients are insignificant provide very limited
evidence that the effects are significant only through 15 km. However, using 15
km as the cutoff distance seems too conservative given the totality of the evidence,
and instead we use 20 km as the cutoff.
A second piece of evidence is in Tables A.4-A.6, which report the results with
25–30 km bin as the omitted bin, i.e., we estimate effects through 25 km. The
majority of estimated coefficients in the 20–25 km bin are statistically significant
in these three tables. However, one result with house prices in logs rather than
levels, in Table A.6, provides an exception. In the fourth column, with the three
control variables in place, the estimated coefficient in the 20-25 km bin is marginally
significant, i.e., it is insignificant at p < 0.05. This provides limited evidence of the
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effect going to zero in the 20–25 km bin. To err on the conservative side, we use
the 20–25 km bin, and not 25–30 km, as the control distance in analysis of AOC
listing. Moreover, we continue using this bin as the control distance in analysis of
AOC remediation grants.
By relying on estimates through 15–20 km, we develop a lower bound on the
true effects of AOC listing. Strong evidence of a distance-decay relationship emerges
throughout the listing results. If the true relationship follows a distance-decay
function, and if the true effect goes to zero beyond the 20–25 bin, our estimates are
a lower bound in magnitude. We apply this logic for both the analysis of listing
and the grants analysis.
Lastly, two related studies inform our choice of control distance. First, a hedonic
price study examines the housing market impacts of spending under the Great Lakes
Restoration Initiative (University of Michigan Research Seminar in Quantitative
Economics Report, 2018). The study is similar in spirit to ours, although it uses
different econometric methods and zip-code-level data on housing price changes
rather than individual parcel data. They estimate positive effects through 10 miles
(16.1 km); this lends some support to our use of 20 km as the cutoff distance. Second,
a hedonic price study of the housing market impacts of grant funding under the
Clean Water Act applies 25 miles as one of its distance cutoffs (Keiser and Shapiro,
2019a). This distance, according to the authors, encompasses the majority of trips
for outdoor recreation at river resources. This provides support for the general
notion that the housing market impacts of water quality improvements can extend
a substantial distance.

A.2

Demographic changes

To investigate the potential for demographic changes over time that could bias our
estimates of the impact of the grants, we analyzed data on demographic variables.
The earliest grant was awarded in 2006, but the majority of grant dollars were
awarded after 2010. The most reliable datasets to gauge demographic changes over
time would be the Decennial Censuses, but the 2020 Decennial Census was not
available at the time of the release of this draft. Using only houses near AOCs with
grants awarded between 2006 and 2010, but not including 2010, leaves too little
grant dollars represented, so we do not use the 2000 and 2010 Decennial Censuses
for the analysis. Instead, we use the 2000 Decennial Census and the 2017 5-year
American Community Survey (ACS). Because of potential differences in the way the
variables are measured across the Census and the ACS, we omit from our analysis
any variables where the means and medians are implausibly dissimilar between the
two datasets. This leaves 16 demographic variables to be independently analyzed.
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These regressions contain one observation per home, and we use the sample of
sales that occurred between 2000 and 2012, where 2012 is the last year prior to data
being incorporated into the 2017 ACS.
The specification parallels our lower bound specification in the grants analysis:
Δ𝑌𝑖 𝑗 = 𝛼 + 𝛽 1 {0 − 20𝑘𝑚}𝑖 𝑗 × Δ𝐺𝑖 𝑗,2000−2012 + 𝜎Δ𝐺𝑖 𝑗,2000−2012 + 𝜃 0𝑋𝑖 𝑗 + 𝜖𝑖 𝑗

(A.1)

In (A.1), Δ𝑌𝑖 𝑗 is the change in the outcome between the 2000 Census and the
2017 ACS, 𝛼 is a constant, Δ𝐺𝑖 𝑗,2000−2012 is the total cumulative change in grants
for the AOC closest to the house between 2000 and the last sale after the grant but
before 2012, 𝑋𝑖 𝑗 is a vector of non-time varying controls: Tract Population in 1980,
Distance to Water, and Year Built. As in our regular specification, it represents a
time trend that depends on that baseline value.53
Table A.8 describes results from the 16 regressions. The first column reports the
demographic variable and the second column reports the estimates of 𝛽 from (A.1).
Only two of the 16 estimated coefficients are significant in response to cumulative
change in grants. We conclude that, by 2012, AOC grants did not induce changes
in the demographic characteristics of people living within 20 km of the AOCs.
Population demographics thus appear not to be a source of bias in the grants
analysis. Further, this also provides evidence to rule out shifts in the hedonic
price function over this period. This lends supports to interpreting results of the
grants analysis as indicative of a welfare change, i.e., the results reflect marginal
willingness-to-pay rather than a simple capitalization effect (Kuminoff and Pope,
2014).
A limitation of the demographic analysis is use of the end date of 2012 instead
of 2017. This is due to the data availability described above.

A.3

Event studies

A.3.1

Listing Event Study

In an effort to parallel our AOC listing specification in an event-study setup, we
regress price on the interaction of year and the Near (0–20 km) distance bin, with
controls for post-listing interacted with each of the three main controls: distance
to the nearest water, tract population and year built. We include year fixed effects.
We cluster on census tract, as in our main regressions on AOC listing.
In lieu of house-level fixed effects, we use bin effects to increase precision of
53 We

do not include fixed effects, because the Census outcomes are not measured in varying
years as it is with our specifications where price is the dependent variable.
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event time-specific treatment coefficients. Our reasoning is as follows. In the early
years of our listing panel, we have fewer observations than in later years. In our
main regressions, we are primarily using data from later years, with fewer cases
from 1980 through 1982. This is not a problem in our main regressions; however, for
the event study, it could result in less reliable event-time specific estimates of the
treatment effect in these early years. For this reason, we use singleton observations
to maximize the number of observations in these early years. Including house-level
fixed effects would mean singletons would be dropped from the estimation and
would not contribute to our estimation of the treatment effects in any event time.
We replace the house-level fixed effects with bin effects so that we can use as many
observations as possible. This is equivalent to replacing the individual fixed effects
in a two-way fixed effects diff-in-diff specification with an indicator for whether
the individual was in the treatment group.
The excluded event time is January 1-November 17, 1987. We drop all observations from November 18, 1987 to Dec 31, 1987 from the regression; there are not
enough of these sales to estimate a separate event time treatment coefficient for
this period.
Figure A.1: Listing Event Study
Event Study: Listing
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Notes: This chart produces descriptive evidence on the effect of listing over time. The excluded event time is January 1-November
17, 1987. We drop all observations from November 18, 1987 to Dec 31, 1987 from the regression; there are not enough of these
sales to estimate a separate event time treatment coefficient.

Results are found in Figure A.1. We do not find evidence of a pre-trend. The
downward jump in the event study graph appears slightly larger than the corresponding estimate found in Table A.7, which is -2.2051. However, the confidence
intervals for the coefficients in the event study do not rule out the effect size of
-2.2051, which is reassuring.
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A.3.2

Grants Event Study

We perform a grants event study to document the dynamics of getting a single
grant, paralleling the specification given in Equation (2), and to allay potential
concerns about pre-trends.
Producing an event study for these grants is complicated. AOCs often get multiple grants in consecutive years, so there is no natural “Post” period. Furthermore,
heterogeneity in grant amounts causes the interpretation of the effect of a grant
to be unclear.54 Therefore, for ease of interpretation, this event study analysis
includes only houses for which the nearest AOC received one grant by the end of
the sample.
Our specification parallels the AOC listing event study specification, in which
each point in the graph is the coefficient on the interaction of being in the 0–20
km bin and the corresponding event time. Because the interactions are event times,
we can also add an indicator variable for post-grant, which represents the constant
term in our main grant regressions (this term would be absorbed by the year fixed
effects in the listing specification). We use a cohort fixed effect to account for the
fact that the grants occur in different years. Just as in the listing event study, we
include controls for post-listing interacted with each of the three main controls:
distance to the nearest water, tract population and year built, as well as year fixed
effects. We cluster on census tract.
We have 5 post-grant years for this sample of houses, so the event-study graph
ends at event time 5. As with the listing event study specification, we use bin effects
so that singletons can be used to maximize precision in the later event years.
The excluded event time is the year prior to the year the grant was awarded. As
in our main grants regressions, we drop all observations from the year in which the
grant was awarded because we have no way of knowing whether a sale occurred
before or after the grant award within that year. Therefore, there is no event year 0
on the horizontal axis of the grant event study graph.
Results are presented in Figure A.2. The figure suggests a very slight downward
pretrend; however, this is not particularly disconcerting given the large magnitude
of the jump in prices at event time 1. The direction of the pretrend would bias our
grant estimates of the effect of a grant toward zero.
We note that the jump in the event study graph at event time 1 is roughly an
order of magnitude larger than the estimates associated with Equation (2) (which
are found in Table 4). The bottom of Table 4 summarizes the average change in
54 Please

see the discussion of specification (2) for more on this. Our paper considers specification
(2), which finds the effect of getting grants, as preliminary evidence that the AOC grant program
had an effect, rather than a treatment effect of interest; we do not use these estimates in our welfare
calculation. Instead, our main treatment effects take advantage of variation in grant amounts.
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Figure A.2: Grants Event Study
Event study: Grant Receipt
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Notes: This chart produces descriptive evidence on the effect of getting a single grant over time. The excluded event time is the
year just before the grant was awarded. We drop all observations from the year in which the grant was awarded from the
regression because we only have data on the year of grant award (and thus cannot tell if a particular sale occurring in that year
was before or after the award).

grants that is being capitalized for the sample included in that table to be 0.284
(in units of 10 million dollars). We note, however, that the event study analyzes
a different sample, which includes singletons and restricts to areas that received
one grant over the entire sample period. The bottom of the figure summarizes the
average grant in that sample to be 2.513 (also in units of 10 million dollars)– an
order of magnitude larger than 0.284. That the capitalization effect associated with
a grant is 10 times larger in the event study is reassuring given that our upper and
lower bound specifications – presented in Sections 5.2 and 5.3 – take advantage of
variation in grant amounts and assume that capitalization is linear in grant dollars.

A.4

Pass-through of AOC grants to municipal expenditures

Keiser and Shapiro (2019a) analyze pass-through of grants under the Clean Water
Act to municipal expenditures. They use these regression results to inform their costbenefit analysis. We investigated a similar idea with AOC grants and concluded that
we cannot conduct a similar analysis of pass-through to inform our cost-benefit
analysis. The explanation follows. Their case is very clean: federal grants for
new/renovated wastewater treatment plants (under the Clean Water Act) go directly
to municipalities (cities and town) that operate the plants. Data on municipal
expenditures on treatment plants are then applied from the Annual Survey of State
and Local Government Finances. This survey has a category “sewerage” and a
sub-category “capital outlays” under sewerage. “Sewerage” includes wastewater
treatment along with the sewer system. So, the relational link is ideal for developing
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data/variables for the analysis of pass-through.
We cannot analyze pass-through for two reasons. First, a diversity of organizations receive GLLA and GLRI grants, i.e., our case is “not clean.” The organizations
include: state DEQs/DNRs, NGOs, municipalities and metropolitan authorities,
counties, soil and water conservation districts, stormwater management commissions, universities, private corporations (under GLLA), and the federal agencies
themselves (who then administer the grant and, in some cases, contract with a company that delivers the necessary services). Federal agencies include EPA, USACE,
USGS, USFWS, and NOAA.
The diversity of organizations reflects that (a) the grants programs are organized
differently than the Clean Water Act case and (b) governance of AOCs is not
associated with units of local governments, which perhaps explains why the grants
programs are organized differently.
This first reason is compelling and sufficient for our argument. The second
reason is a bit contorted, because it begins with an “even if” qualifier, nevertheless
we will explain it.
Second, even if the grants went solely to municipalities, the Annual Survey
of State and Local Government Finances does not have a category for “pollution
remediation” or “habitat restoration.” The nearest category, perhaps, is Natural
Resources; but this category is a hodge-podge of several examples (forestry, soil
conservation, conservation of natural resources, and such). Thus, data from this
category would not be useful – it could not be tied directly to AOC projects –
thereby making the Annual Survey of State and Local Government Finances not
relevant to our case.
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A.5

Appendix Tables
Table A.1: Effect of Listing, Price in Logs
Δ Log Price

Δ Log Price

Δ Log Price

Δ Log Price

−0.0974∗∗∗

−0.0997∗∗∗

−0.1051∗∗∗

(0.0226)

(0.0222)

(0.0224)

−0.1095∗∗∗
(0.0227)

0–5 km

−0.0816∗∗∗
(0.0221)

−0.0835∗∗∗
(0.0218)

−0.0879∗∗∗
(0.0218)

−0.0900∗∗∗
(0.0222)

5–10 km

−0.0950∗∗∗
(0.0309)

−0.0964∗∗∗
(0.0305)

−0.0980∗∗∗
(0.0303)

−0.1076∗∗∗
(0.0305)

10–15 km

−0.0755∗∗∗
(0.0265)

−0.0766∗∗∗
(0.0259)

−0.0764∗∗∗
(0.0256)

−0.0822∗∗∗
(0.0260)

15–20 km

−0.0436∗∗
(0.0200)

−0.0439∗∗
(0.0199)

−0.0435∗∗
(0.0190)

−0.0526∗∗∗
(0.0193)

−0.0002
(0.0004)

0.0000
(0.0004)

−0.0000
(0.0004)

−0.0000∗∗∗
(0.0000)

−0.0000∗∗∗
(0.0000)

0 km

Distance to Water

Tract Population (1980)

0.0009∗∗∗
(0.0002)

Year Built

Fixed Effects
Base Bin Δ Log Price
Tract Clusters
Observations

Year
0.187
297
165,958

Year
0.187
297
165,958

Year
0.187
297
165,958

Year
0.187
297
165,958

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
20-25 km bin.
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Table A.2: Effect of Listing, Clustering on FIPS
Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0 km

−2.0523∗∗
(0.8360)

−2.3702∗∗∗
(0.7058)

−2.4671∗∗∗
(0.7283)

−2.5391∗∗∗
(0.6937)

0–5 km

−1.9870∗∗
(0.7859)

−2.2591∗∗∗
(0.6842)

−2.3359∗∗∗
(0.7050)

−2.3709∗∗∗
(0.6995)

5–10 km

−1.9218∗
(1.0058)

−2.1160∗∗
(0.9259)

−2.1446∗∗
(0.9215)

−2.3035∗∗
(0.8377)

10–15 km

−1.3605
(0.8958)

−1.5185∗
(0.8316)

−1.5140∗
(0.8066)

−1.6091∗∗
(0.7128)

15–20 km

−1.0515
(0.7186)

−1.0996
(0.6912)

−1.0922
(0.6897)

−1.2407∗∗
(0.5982)

−0.0255∗∗
(0.0112)

−0.0217∗
(0.0107)

−0.0228∗∗
(0.0108)

−0.0003∗∗∗
(0.0001)

−0.0003∗∗∗
(0.0001)

Distance to Water

Tract Population (1980)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
FIPS Clusters
Observations

0.0147
(0.0095)
Year
3.688
27
165,958

Year
3.688
27
165,958

Year
3.688
27
165,958

Year
3.688
27
165,958

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by FIPS code are in parentheses. Excluded bin is 20-25
km bin.
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Table A.3: Effect of Listing, AOC by Year FE
Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

−2.1455∗∗∗

−2.7272∗∗∗

−2.6756∗∗∗

(0.6157)

(0.6782)

(0.6512)

−2.6939∗∗∗
(0.6576)

0–5 km

−1.9290∗∗∗
(0.6158)

−2.4288∗∗∗
(0.6373)

−2.3886∗∗∗
(0.6132)

−2.4028∗∗∗
(0.6198)

5–10 km

−1.8778∗∗∗
(0.6200)

−2.2060∗∗∗
(0.6145)

−2.1617∗∗∗
(0.6009)

−2.2506∗∗∗
(0.5947)

10–15 km

−1.3653∗∗∗
(0.5165)

−1.5776∗∗∗
(0.4934)

−1.5530∗∗∗
(0.4935)

−1.6128∗∗∗
(0.4887)

15–20 km

−1.1086∗∗∗
(0.4039)

−1.1708∗∗∗
(0.3932)

−1.1643∗∗∗
(0.3899)

−1.2552∗∗∗
(0.3800)

−0.0230∗∗
(0.0093)

−0.0202∗∗
(0.0090)

−0.0218∗∗
(0.0088)

−0.0002∗∗∗
(0.0001)

−0.0002∗∗∗
(0.0001)

0 km

Distance to Water

Tract Population (1980)

0.0088∗∗
(0.0042)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
Tract Clusters
Observations

AOC × Year
3.688
297
165,958

AOC × Year
3.688
297
165,958

AOC × Year
3.688
297
165,958

AOC × Year
3.688
297
165,958

Notes: We include variables determining the composition of our distance bins, controlling for them linearly. Standard errors
clustered by census tract are in parentheses. Excluded bin is 20-25 km bin.
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Table A.4: Effect of Listing, out to 30 km
Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0 km

−3.8192∗∗∗
(0.5426)

−3.9916∗∗∗
(0.5250)

−4.0490∗∗∗
(0.5401)

−4.1118∗∗∗
(0.5419)

0–5 km

−3.7499∗∗∗
(0.5383)

−3.8690∗∗∗
(0.5191)

−3.9106∗∗∗
(0.5372)

−3.9471∗∗∗
(0.5405)

5–10 km

−3.6793∗∗∗
(0.6251)

−3.7073∗∗∗
(0.6109)

−3.7112∗∗∗
(0.6252)

−3.8344∗∗∗
(0.6252)

10–15 km

−3.1114∗∗∗
(0.6396)

−3.0973∗∗∗
(0.6110)

−3.0756∗∗∗
(0.6252)

−3.1539∗∗∗
(0.6295)

15–20 km

−2.8048∗∗∗
(0.6432)

−2.6625∗∗∗
(0.6050)

−2.6370∗∗∗
(0.6143)

−2.7517∗∗∗
(0.6125)

20–25 km

−1.7434∗∗∗
(0.6417)

−1.5452∗∗
(0.6058)

−1.5247∗∗
(0.6237)

−1.5346∗∗
(0.6268)

−0.0297∗∗∗
(0.0080)

−0.0272∗∗∗
(0.0079)

−0.0283∗∗∗
(0.0076)

−0.0003∗∗∗
(0.0001)

−0.0002∗∗∗
(0.0001)

Distance to Water

Tract Population (1980)

0.0103∗∗∗
(0.0039)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
Tract Clusters
Observations

Year
5.427
326
183,829

Year
5.427
326
183,829

Year
5.427
326
183,829

Year
5.427
326
183,829

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
25–30 km bin.
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Table A.5: Effect of Listing, out to 30 km, Clustering on FIPS
Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

0 km

−3.8192∗∗∗
(0.7611)

−3.9916∗∗∗
(0.6748)

−4.0490∗∗∗
(0.7178)

−4.1118∗∗∗
(0.6846)

0–5 km

−3.7499∗∗∗
(0.7068)

−3.8690∗∗∗
(0.6399)

−3.9106∗∗∗
(0.6850)

−3.9471∗∗∗
(0.6847)

5–10 km

−3.6793∗∗∗
(1.0743)

−3.7073∗∗∗
(1.0236)

−3.7112∗∗∗
(1.0339)

−3.8344∗∗∗
(0.9409)

10–15 km

−3.1114∗∗∗
(1.0743)

−3.0973∗∗∗
(1.0309)

−3.0756∗∗∗
(1.0182)

−3.1539∗∗∗
(0.9379)

15–20 km

−2.8048∗∗∗
(0.9247)

−2.6625∗∗∗
(0.8954)

−2.6370∗∗∗
(0.8958)

−2.7517∗∗∗
(0.8039)

20–25 km

−1.7434∗∗∗
(0.5518)

−1.5452∗∗∗
(0.4750)

−1.5247∗∗∗
(0.4819)

−1.5346∗∗∗
(0.4680)

−0.0297∗∗
(0.0122)

−0.0272∗∗
(0.0122)

−0.0283∗∗
(0.0122)

−0.0003∗∗∗
(0.0001)

−0.0002∗∗∗
(0.0001)

Distance to Water

Tract Population (1980)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
FIPS Clusters
Observations

0.0103
(0.0107)
Year
5.427
29
183,829

Year
5.427
29
183,829

Year
5.427
29
183,829

Year
5.427
29
183,829

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by FIPS code are in parentheses. Excluded bin is 25–30
km bin.
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Table A.6: Effect of Listing, Logs, out to 30 km
Δ Log Price

Δ Log Price

Δ Log Price

Δ Log Price

0 km

−0.1421∗∗∗
(0.0162)

−0.1437∗∗∗
(0.0163)

−0.1474∗∗∗
(0.0172)

−0.1513∗∗∗
(0.0180)

0–5 km

−0.1261∗∗∗
(0.0152)

−0.1272∗∗∗
(0.0153)

−0.1299∗∗∗
(0.0161)

−0.1322∗∗∗
(0.0169)

5–10 km

−0.1392∗∗∗
(0.0274)

−0.1394∗∗∗
(0.0274)

−0.1397∗∗∗
(0.0274)

−0.1473∗∗∗
(0.0278)

10–15 km

−0.1192∗∗∗
(0.0226)

−0.1191∗∗∗
(0.0224)

−0.1177∗∗∗
(0.0226)

−0.1226∗∗∗
(0.0234)

15–20 km

−0.0873∗∗∗
(0.0198)

−0.0860∗∗∗
(0.0197)

−0.0844∗∗∗
(0.0191)

−0.0915∗∗∗
(0.0197)

20–25 km

−0.0435∗∗
(0.0204)

−0.0417∗∗
(0.0198)

−0.0404∗∗
(0.0203)

−0.0410∗
(0.0210)

−0.0003
(0.0004)

−0.0001
(0.0004)

−0.0002
(0.0004)

−0.0000∗∗∗
(0.0000)

−0.0000∗∗∗
(0.0000)

Distance to Water

Tract Population (1980)

0.0006∗∗∗
(0.0002)

Year Built

Fixed Effects
Base Bin Δ Log Price
Tract Clusters
Observations

Year
0.229
326
183,829

Year
0.229
326
183,829

Year
0.229
326
183,829

Year
0.229
326
183,829

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
25–30 km bin.
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Table A.7: Effect of Listing, 0–20 vs 20–25 km bins

0–20 km

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

Δ Price (10,000)

−1.8502∗∗∗
(0.4847)

−2.0553∗∗∗
(0.4684)

−2.1111∗∗∗
(0.4775)

−2.2051∗∗∗
(0.4751)

−0.0208∗∗∗
(0.0069)

−0.0169∗∗
(0.0065)

−0.0184∗∗∗
(0.0058)

−0.0003∗∗∗
(0.0001)

−0.0003∗∗∗
(0.0001)

Distance to Water

Tract Population (1980)

0.0157∗∗∗
(0.0038)

Year Built

Fixed Effects
Base Bin Δ Price (10,000)
Tract Clusters
Observations

Year
3.688
297
165,958

Year
3.688
297
165,958

Year
3.688
297
165,958

Year
3.688
297
165,958

Notes: This specification includes sale year 1 and sale year 2 fixed effects. We include variables determining the composition of
our distance bins, controlling for them linearly. Standard errors clustered by census tract are in parentheses. Excluded bin is
20-25 km bin.
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Table A.8: Demographic Changes
Coef
Population
Population
Gender
% Female
% Male
Age
Median Age
Median Age (Females)
Median Age (Males)
Race
% Asian
% Black
% White
% White, Non-Hispanic
Education
% Less than High School
% High School
% Bachelor’s Degree
Housing
Median Gross Rent
Median Number of Rooms
Occupied Housing Units

Obs

Tract Clusters

30.9545
(46.8349)

9,154

744

−0.0279
(0.2627)
0.0280
(0.2626)

9,154

744

9,154

744

0.6036
(0.5691)
0.7866
(0.5684)
0.5032
(0.6258)

9,154

744

9,154

744

9,154

744

0.1332
(0.1264)
−0.2259
(0.2868)
0.0355
(0.3696)
−1.1236
(5.4015)

9,154

744

9,154

744

9,154

744

9,154

744

9,154

744

9,154

744

9,154

744

8,882

717

9,154

744

9,154

744

0.3726
(0.3730)
−0.3662
(0.5741)
0.3892∗
(0.2214)
−36.2465∗∗∗
(10.8989)
0.0285
(0.0868)
10.5944
(18.0669)

Notes: This is a linear DID regression. This specification includes variables determining the composition of our distance bins,
controlling for them linearly. Standard errors are in parentheses. Base distance bin is 20–25 km bin.
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