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Abstract
The estimated marginal cost of U.S. water pollution control often exceeds its
marginal benefit. We provide intuition, theory and empirical evidence suggesting that
the hedonic property model—a common revealed-preference approach to valuing pollution control—may not capture water’s recreational benefits. Using the case of Tampa
Bay, Florida, we estimate willingness to pay (WTP) for water quality improvements by
combining a recreation demand model with a hedonic property model. Results indicate
that homeowners have significant WTP for both local and regional recreational water
quality improvements, and suggest that prior hedonic studies may underestimate the
benefits of water pollution control.
JEL codes: Q51, Q53, Q58
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Introduction
Valuation of non-market environmental amenities such as clean air and water is a long-standing

challenge in economics. Revealed preference approaches tend to be preferred over stated preference
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approaches, and the literature (especially for air pollution) has developed significantly over the past
few decades. The hedonic property model, a prominent valuation tool attributed to Rosen (1974),
monetizes pollution and pollution control impacts via their influence on property prices.
Plausibly causal estimates of the value of environmental amenities and disamenities using hedonics have valued proximity to hazardous waste sites (Greenstone & Gallagher 2008), shale gas
wells (Muehlenbachs et al. 2015), and improvements in air quality under the Clean Air Act (Bento
et al. 2015, Bajari et al. 2012). The general approach in contemporary hedonics defines a circle
of influence around properties in the sample – for example, assuming that air quality affects property values at some standard radius – usually performing sensitivity analysis around the baseline
radius and reporting a range of results. This seems, intuitively, to be good practice when household
members tend to be exposed to the environmental condition primarily at or near their home.
Water pollution has also been valued using hedonic property methods using this approach (e.g.
Keiser & Shapiro (2019b)). The assumption that exposure to water pollution occurs primarily at
or near one’s property may not be tenable, however. In this paper, we argue for a departure from
the long prior literature using hedonics to value water quality changes, based on this premise. Our
basic intuition is that, while property owners likely have some marginal willingness to pay (MWTP)
for pollution reductions in small creeks, canals, streams, ponds, lakes and other waterbodies near
their homes, their MWTP for water quality is likely also influenced by the degree to which water
quality affects regional recreational opportunities. For example, a resident of Brooklyn, New York,
may value improvements in water quality in the Gowanus Canal if they live nearby; the canal may
smell better and be more visually appealing, for example. But Brooklyn residents may also value
improvements in water quality at Brighton or Rockaway Beaches, or the fact that they can compete
in the New York City triathlon with a swim portion in the Hudson River. However, the standard
hedonic approach may not capture such benefits of improvements in waterbodies that are farther
away from the homes of these residents. A more comprehensive economic valuation framework is
needed in order to evaluate the benefits of major water quality improvements and compare them
with costs.
In this paper, we apply such a framework to the case of water pollution abatement in Tampa
Bay, Florida. We show that the recreation benefits of reducing water pollution are substantial,
and that excluding them results in dramatic underestimation of benefits. We demonstrate that the
hedonic property model may not be well-suited in its basic formulation to capture the recreational
benefits of water pollution abatement. The standard hedonic property approach fails in this setting
because, unlike air pollution, individuals in high-income countries like the United States are exposed
to ambient water pollution via recreation at times and in places of their choice, at locations that may
be some distance from where they live. Thus, an accurate estimate of water pollution abatement
benefits at recreation sites requires an approach that matches property owners with the sites they
frequent.
Theoretically, we are motivated by an integrated, two-part model of recreation and housing
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demand developed by Phaneuf et al. (2008). The first stage consists of a random-utility model of
recreation demand, with which we estimate Tampa Bay households’ indirect utility from recreational
fishing trips. The second stage involves a hedonic property model. The time-varying independent
variables in the hedonic model include both local ambient water quality very close to each home and
estimates of indirect utility from the first-stage recreation demand model, such that our hedonic
estimates of MWTP reflect the value of both amenity and recreational improvements due to water
pollution abatement. As a result, we are able to estimate separately the portions of property value
increases due to water quality improvements that can be attributed to amenity and recreational
benefits. In their original application, Phaneuf et al. (2008) used cross-sectional property price and
water quality data, and assessed recreation behavior with a household survey. We adapt this model
in two ways. First, we adopt a panel data approach and exploit variation from repeat home sales
using both property FE models and an innovative long-difference hedonic model. Second, we match
households with recreation behavior using a national recreational fishing survey in which visitation
is captured at the zip code level, rather than at the household level. The first adaptation is an
improvement over prior work with respect to identification. The second is done out of necessity;
because household surveys are costly, the approach we take to dealing with measurement error in
attributing zip-code-level average recreation behavior to individual households may be useful in
other applications.
The water pollution problem we examine in Tampa Bay is nutrient over-enrichment and eutrophication, a common water quality problem, especially in coastal areas. During our study period,
1998–2014, the region successfully reduced nutrient pollution in the watershed and experienced
notable improvements in water quality. We find significant household MWTP for these nutrient
pollution reductions driven by both local amenity benefits and improved recreation opportunities;
both factors are capitalized into housing prices and both are statistically and economically significant. Using our more conservative long-difference approach, for the observed average 10 percent
increase in dissolved oxygen (our main indicator of good water quality) in the watershed from 1998
to 2014, our baseline estimates suggest that homeowners’ valuation of the marginal improvement
in very local water quality—an indicator of amenity values—is about $440 per home. Applied to
all the repeat-sales homes in our sample, the total value of the observed improvement in amenity
values is about $75 million; applied to all owner-occupied homes in the Tampa metro area, the
aggregate value is about $356 million. The Tampa housing market capitalized much larger values
for the impact of water quality improvements on regional recreation opportunities over the same
time period: about $980 per household, which aggregates to $167 million for our entire repeat-sales
sample and $789 million for all owner-occupied homes in the metro area. A comparison of these
benefit estimates to a very rough estimate of the costs of obtaining the observed water quality
improvements suggests a favorable benefit-cost ratio. Though we focus only on a single coastal city,
our results suggest that omission of recreational benefits within a hedonic framework may result
in dramatic underestimation of the value of water quality improvements to homeowners. More
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comprehensive estimates that that capture homeowner benefits from both local and regional water
quality improvements—like the ones we present in this paper—may serve as counterpoints to the
existing lack of evidence that the benefits of water quality exceed the billions of dollars that are
spent controlling water pollution in the United States every year.
The rest of the paper proceeds as follows. In Section 2, we review the prior literature on the
economic benefits of water quality improvements. Section 3 presents our theoretical model. Our
data and study area are described in Section 4, and econometric models are presented in Section 5.
Section 6 summarizes the main results and robustness checks. In Section 7, we implement our rough
benefit-cost analysis and we conclude.

2

Literature Review

2.1

Hedonic Analysis and Water Quality

Many hedonic analyses in the prior literature estimate the impacts of one or more water quality
parameters on property prices, starting with Epp & Al-Ani (1979) and continuing through Keiser
& Shapiro (2019b).1 While all of these published studies find significant positive effects of water
quality improvements or, conversely, negative effects of water pollution, on property prices, only one
(Mendelsohn et al. 1992) uses property fixed effects to control flexibly and comprehensively for nontime-varying property characteristics.2 Omitted variables are a significant concern in these analyses,
given the likely correlation between unobserved drivers of property prices (such as proximity to areas
with high runoff or point source emissions) and water pollution. Some of the later papers in this
literature use neighborhood fixed effects and difference-in-differences approaches (Horsch & Lewis
2009, Keiser & Shapiro 2019b) that likely provide a good approximation to models in which the
identifying variation comes from repeat sales of the same property over time. However, given
that the repeat-sales approach has become standard in the hedonics literature for non-water-quality
applications (Bajari et al. 2012, Muehlenbachs et al. 2015, Walls et al. 2015), applying this approach
in an analysis of water pollution is one of our significant contributions.
A second critical difference between our paper and prior work is our approach to defining the
spatial extent of water quality impacts on property prices. Because the benefits of water quality
improvements may vary with distance to the waterbody, some papers only attempt to quantify
1

The full list of hedonic analyses includes: Epp & Al-Ani (1979), Young (1984), d’Arge & Shogren (1989),
Mendelsohn et al. (1992), Steinnes (1992), Boyle et al. (1999), Leggett & Bockstael (2000), Poor et al. (2001),
Gibbs et al. (2002), Boyle & Bouchard (2003), Poor et al. (2007), Phaneuf et al. (2008), Horsch & Lewis
(2009), Zhang & Boyle (2010), Walsh et al. (2011), Netusil et al. (2014), Wolf & Klaiber (2017), Walsh et al.
(2017), Keiser & Shapiro (2019b).
2
Theoretically, hedonic analysis involves two stages. The first stage is the use of property prices and
characteristics to obtain a marginal implicit price. The second stage estimates a demand curve for the environmental good or service to use for welfare analysis. Given limitations in data availability, most empirical
analyses focus on the first stage.
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impacts on waterfront homes (Leggett & Bockstael 2000, Poor et al. 2001, Gibbs et al. 2002, Zhang
& Boyle 2010). Other papers estimate benefits at different distances from the waterbody (Poor
et al. 2007, Walsh et al. 2011, 2017, Guignet et al. 2017, Keiser & Shapiro 2019b). In this literature,
MWTP for water quality diminishes quickly with distance, generally between 2 and 3 kilometers
(km) from the water.
Our concern with these findings is that they may not fully capture the recreational benefits
of water quality. Most individuals do not recreate in waters within 3 km of their property. For
example, in our sample, recreational anglers’ average roundtrip travel time to fishing sites is almost
90 minutes. Unlike in the case of air quality, where health impacts occur everywhere individuals
spend time (e.g., at home or on a commute), individuals generally choose when and where they
recreate in or near water (and thus experience water pollution), and examining impacts based on
simple spatial criteria of proximity of houses to water may be misleading.
In theory, hedonic property studies like those cited above could pick up both amenity and
recreational benefits of water quality improvements. When economists have looked for effects outside
of a very tight radius around properties, however, many have not found such effects (Walsh et al.
2011, Keiser & Shapiro 2019b). This has been interpreted as evidence that homeowners only value
water quality close to their homes. However, the maps in Figure 1 demonstrate our concern about
this interpretation. The red dots at the center of each panel in the figure represent two households
in our study area. The house at the center of Figure 1a is an inland property, and the house in
Figure 1b is located near Tampa Bay. The black dots and triangles indicate the location of water
quality monitors. Concentric circles are drawn with radii of 1, 2, 3, and 5 km from the property
at the center of each panel. First, consider the property in Figure 1a. A 2-km circle captures a
handful of water quality monitors that, when averaged, may yield a reasonably good representation
of water quality very close to the home. If one wanted to capture water quality in waterbodies that
this household could use for recreational purposes, drawing increasingly larger circles nets many
additional water quality monitors but few, if any, are in locations with which the household has
any regular contact. Thus, increasing the assumed “zone of influence” for this household by drawing
larger circles will attenuate any impact of willingness to pay for nearby water quality, and it will
not capture recreational values.
In a coastal metropolitan area like Tampa Bay, averaging observations from water quality monitors in larger circles for properties closer to the coast like that in Figure 1b will capture some
recreation sites, as the 5-km circle does in Figure 1b. However, the ability of an econometric model
to effectively detect the signal of recreational water quality values from the monitors in the Bay
(to the east of the property) will depend on how many irrelevant monitors (i.e., those inland and
quite far from the home) are also captured. In addition, the standard hedonic model does not
capture households’ actual recreation sites—it only links homes to sites by proximity. Given these
challenges, it is not surprising that regressing housing prices on average measures of water quality
within circles around properties frequently generates null results beyond 2 km.

5

(a) An inland property

(b) A property near Tampa Bay

Figure 1: Two sample properties in Pinellas County
Notes: The red polygons in Panel A and Panel B indicate two properties in Pinellas County. The black dots are local water quality monitors, and the black triangles are recreational water quality monitors
in Tampa Bay. The radii of the four circles are 1km, 2km, 3km and 5
km.
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2.2

Recreation Demand Analysis and Water Quality

Another commonly used approach to estimate water quality benefits is recreation demand estimation using random utility models (RUMs). We identified 11 papers in the literature that use
these models to value water quality changes (Mullen & Menz 1985, Smith et al. 1986, Bockstael
et al. 1987, 1989, Phaneuf et al. 2000, Phaneuf 2002, von Haefen 2003, Phaneuf et al. 2008, Egan
et al. 2009, Abidoye et al. 2012, Abidoye & Herriges 2012). Similar to the hedonic literature, all
but one of these studies finds that water quality improvements increase recreational visitation and
willingness to pay, but omitted variables bias is a concern for interpreting these results (Moeltner &
von Haefen 2011, Phaneuf 2013). Only two of the studies (Abidoye et al. 2012, Abidoye & Herriges
2012) control comprehensively for both site and visitor characteristics. Three additional papers
control for either unobserved site characteristics (Phaneuf et al. 2008) or visitor characteristics (von
Haefen 2003, Egan et al. 2009), but not both.
The recreation demand component of our two-stage approach breaks no new ground. Rather,
our contributions lie in: (1) a focus on a large, charismatic water body (Tampa Bay) that is the
locus of recreational activity in a major coastal metro area and has experienced noticeable water
quality improvements over the study period; and (2) integration of a RUM with a hedonic model,
which allows us to estimate the value of recreational water quality improvements across the whole
metro area housing market, rather than valuing water quality benefits to visitors only at recreation
sites.

2.3

Economic Impacts of Nutrient Pollution

Nutrient over-enrichment is caused by the addition of excess nutrients, primarily nitrogen and
phosphorous, to waterbodies via agricultural and urban nonpoint source pollution, which stimulates
excessive algae growth. When the algae die, they decay and deplete dissolved oxygen (Morrison
& Greening 2006). Because nitrogen and phosphorous enter waterbodies over a broad catchment
area, there are negative impacts not only locally in small streams but also regionally in large
streams, rivers, bays and estuaries. Among the serious consequences of eutrophication are hypoxic
or dead zones, in which many kinds of marine life cannot be supported. Reported dead zones
worldwide doubled between 1995 and 2008 to more than 400 zones, and increased to 515 sites in
2011 (Rabotyagov et al. 2014). Other than Tampa Bay, U.S. waters that experience this phenomenon
include other estuaries connected to the Gulf of Mexico, Chesapeake Bay, the Great Lakes (especially
Lake Erie), Puget Sound, Long Island Sound, and the North Carolina coast. Economists have
estimated significant impacts of eutrophication on commercial and recreational fisheries (Massey
et al. 2006, Smith et al. 2017), though other economic damages are largely unknown (Barbier
2012).3
3

Anecdotal evidence suggests that recreational impacts could be significant. In 2005, one of the years
included in our study period, Florida’s swimming beaches experienced almost 3,500 closures and health
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3

Theoretical Model
We adapt the theoretical model in Phaneuf et al. (2008), which has long-run and short-run

decision-making components. In the long run, consumers evaluate neighborhood and property
amenities, including pollution, to choose a home. In the short run, once a location is chosen, a
household allocates its resources (including time) to market goods and recreation, that is, households evaluate the benefits of outings to recreation sites conditional on residential location. Since
short-run recreation decisions are affected by long-run residential location choices, we assume that
when making property purchase decisions, consumers will consider each location’s accessibility to
recreation opportunities.
Let x(Q) represent a household’s utility from recreation trips, where Q measures water quality
at recreation sites in the region. In addition, let px be the price of a trip, z be a numeraire good
with price equal to 1, and h(a, q) be the value of housing services which is quasi-fixed in the short
run and is a function of a vector of property attributes, a, and water quality close to the home, q
(which can differ from regional recreational water quality Q). The household maximizes its utility
for recreation trips and market goods conditional on its income after housing expenditures. Thus,
the household’s short-run maximization problem is:
max
x,z

U (x(Q), z|h(a, q)) s.t. m = px x(Q) + z,

(1)

where m is household income net of the property price. Note that this model assumes that households can perceive a change in Q. For instance, if nutrient pollution results in excessive algae in a
recreational waterbody, households notice a change in the color of the water, a decline in fish catch,
or a beach closure. Solving the problem in (1) yields the household’s conditional indirect utility
function:
V = V (px , m, Q, q, ),

(2)

where  captures unobserved property heterogeneity.
Suppose that water quality at recreation sites improves from Q0 to Q1 . A welfare measure for
this improvement is compensating surplus (CS), which can be described implicitly by the following
equation:
V (px , m, Q0 , q) = V (px , m − CS(m), Q1 , q).

(3)

That is, CS measures the income that a household is willing to forgo to obtain the improved water
quality (Kim et al. 2015).
We can estimate the indirect utility from recreation using a recreation demand model. Let
CS(Q, ) measure the gains to a household from visiting recreation sites in Tampa Bay with water
quality Q. When households make recreation decisions, they consider potential benefits and costs
advisories due to high levels of bacteria caused by algal blooms, including toxic cyanobacteria blooms (Clean
Water Network of Florida 2008).
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from visiting each possible site. If water quality and recreation costs vary spatially, different neighborhoods will offer different potential net benefits from recreation to households located in those
neighborhoods. Thus, we can model expected recreational net benefits as an attribute of location:
ECS(Q) = E[CS(Q, )]

(4)

In long-run equilibrium, housing prices should capitalize the expected benefits from recreation at
a given location. Since recreation decisions are made conditional on residential location decisions,
we replace the x(Q) in equation (1) with ECS(Q) as defined in equation (4). The long-run utility
maximization problem is thus:
max
a,q

s.t. m∗ = ph (a, q) + px x̃ + z.

U (ECS(Q), h(a, q), z)

(5)

Households choose a residential location such that the sum of their expected marginal benefit from
recreation and from services directly available from the property (including environmental services)
is equal to the marginal property purchase price.4

4

Study Area and Data
The Tampa Bay watershed (Figure 2) covers more than 400 square miles. It contains Florida’s

largest open-water estuary and second-largest metropolitan area, and is the second-largest city on
the Gulf of Mexico. The Bay provides important social value through species habitat and other
ecosystem services, recreational use such as boating and fishing, power plant heat exchange, and
commercial ports. Our study area comprises three counties within this watershed—Hillsborough,
Pinellas, and Manatee counties—in which more than 2.3 million people live. Almost 90 percent of
the total employment within the three counties is located in the watershed (Tampa Bay Estuary
Program & Tampa Bay Regional Planning Council 2014).
Nutrient loading to the Bay originates from a variety of sources including agricultural runoff,
phosphate mining, fertilizer production, urban stormwater runoff, municipal sewage treatment discharges, industrial point sources, and atmospheric deposition from power plants (Greening et al.
2014, Sherwood et al. 2016). Paired with other aspects of urbanization (for example, construction of causeways that modified the Bay’s hydrology), nutrient loadings generated between the
1950s and the 1980s caused a dramatic shift from a “clear-water, seagrass-based system” to a “turbid, phytoplankton-based system” in which blooms of harmful phytoplankton were common and
macroalgae mats covered large portions of open water, tidal flats, and seawalls (Greening et al.
2014). One impact of this water quality shift was an estimated 50 percent decline in seagrass
coverage, an important indicator of the health of aquatic ecosystems (Greening et al. 2014).
4

Our model does not incorporate the fact that local water quality q and recreational water quality Q are
often correlated, an important potential extension of this work.
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Figure 2: Map of study area: Tampa Bay watershed, Florida
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Beginning in the late 1970s, citizens pressured the Florida legislature to impose advanced
wastewater treatment standards on municipal sewage treatment plants discharging to Tampa Bay,
and the resulting changes in point source emissions have been statistically associated with water
quality improvements (Beck et al. 2019). This legislation was followed by new regulations and practices including statewide permitting requirements for urban stormwater systems, coastal habitat
acquisition and restoration projects, fuel-switching and nitrogen oxide (NOx) abatement technology upgrades by local power plants that reduced atmospheric deposition of nitrogen, and residential
fertilizer use ordinances (Beck et al. 2019). These actions led to a recovery from widespread, frequent eutrophic conditions. Tampa Bay’s seagrass coverage in 2016 exceeded that observed in
1950—considered by local recovery proponents to be the “reference state” for the Bay (Greening
et al. 2014). Other water quality measures are also approaching the conditions last observed in the
pre-disturbance 1950s (Greening et al. 2014).
Tampa Bay’s recovery and the existence of rich long-term monitoring data documenting that
recovery motivate our work. While we do not observe property transactions during the entire
recovery period, water quality improves noticeably over our study period, 1998–2014. In addition,
the region’s recreation opportunities, rapid growth and active housing market make it an ideal place
for this study.
At the beginning of our study period, the U.S. Environmental Protection Agency (EPA) developed a Total Maximum Daily Load (TMDL) pollution budget for Tampa Bay covering 189 different
sources, based on management targets set by the Tampa Bay Estuary Program. The Tampa Bay
Nitrogen Management Council (TBNMC), a public/private partnership of local governments, agencies, and industries, developed an action plan for TMDL compliance and for supporting the Bay’s
continued recovery. From 1998 to 2014, the TBNMC implemented more than 600 projects to reduce nitrogen loading to the Bay (Beck et al. 2019).5 While we cannot causally link the observed
improvements in water quality to these projects, at the end of the paper, we compare our water
quality benefit estimates to a rough estimate of the costs of these nutrient removal projects over
our study period.

4.1

Recreation Demand Data

For the recreation demand model, we use angler data from the Marine Recreational Fisheries
Statistics Survey (MRFSS) and the Marine Recreational Information Program (MRIP) produced by
the National Ocean and Atmospheric Administration (NOAA) (NOAA Fisheries 2008). The MRIP
surveys a random sample of U.S. recreational anglers (NOAA Fisheries 2013). From the MRIP, we
are able to obtain the year, month and time that each interview takes place, the zip code of each
angler’s residential address, fishing site locations, the number of people in each fishing group, and
other visit characteristics.
5

Hundreds of additional projects also preceded the TMDL.
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Table 1: Descriptive statistics
Variable

N

Mean

Std. dev.

Min

Max

Water quality measures
Local dissolved oxygen (DO) (mg/L)
Average local DO 1998-2003 (mg/L)
Average local DO 2009-2014 (mg/L)
Change in average DO (mg/L)
Tampa Bay DO (mg/L)
Local parks DO (mg/L)
Dummy for local DO ≥ 5mg/L
Seagrass abundance (index)

146903
14390
14390
14390
146903
41618
146903
146903

5.79
5.88
5.89
0.01
6.40
5.38
0.36
2.35

4.07
8.42
1.40
8.45
0.83
1.60
0.48
0.91

0.20
0.61
1.04
-100.22
3.16
1.12
0.00
0.00

104.00
104.00
12.37
7.99
10.53
12.01
1.00
4.79

Recreation demand
Travel time (minutes)
Travel cost ($)
Estimated ECS ($)
Average ECS 1998-2003 ($)
Average ECS 2009-2014 ($)
Change in average ECS ($)

146903
146903
146903
14390
14390
14390

87.24
43.12
35.98
35.30
34.35
-0.95

34.95
20.64
2.42
1.56
2.46
2.89

1.64
0.34
29.28
29.28
30.69
-6.54

267.06
152.33
38.67
37.40
38.15
8.80

Distance to water
Distance to Tampa Bay (m)
Distance to local waters (m)

146903
146903

15317.35
2796.27

15212.89
1742.42

0.00
0.00

120557.70
11372.92

Property characteristics
Repeat-sales sample sale price (2014$)
Long-diff. sample sale price (2014$)
Average sale price 1998-2003 (2014$)
Average sale price 2009-2014 (2014$)
Change in average price (2014$)
Year
Property age (years)

146903 229306.50 154742.5 5262.23
21639 166442.50 120243.80 5000.00
14390 204674.30 137652.90 6873.87
14390 195782.90 140483.20 7724.32
14390 -8891.35
63111.49 -581720.80
146903 2005.76
4.44
1998.00
146903 32.99
21.07
1.00

1541511.00
1395970.00
1097957.00
684031.80
2014.00
133.00

Since the MRIP data do not have anglers’ full address or self-reported travel cost, we use
latitude and longitude information for fishing sites and anglers’ residential zip codes to estimate
travel costs for each trip. We use the 2010 Census Bureau zip code tabulation area (ZCTA) maps
and population data to create a population-weighted center for each zip code in the three counties
using ArcGIS, and assume that all anglers live in the population-weighted center of their zip code.6
6

Figure A.1 in the online appendix shows the locations of fishing sites, along with recreational water
quality monitors and geographic boundaries in the region. The Census Bureau generates ZCTAs to represent
the United States Postal Service (USPS) zip code service areas. Going forward, we refer to the US Census
ZCTAs as zip codes given the fact that, in most instances, they are the same.
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We then use the Open Source Routing Machine API to calculate round-trip travel time from the zip
code-weighted population centers to fishing sites (Luxen & Vetter 2011). Our travel cost estimate
has two components: the value of this estimated travel time and the operational cost of travel.
The value of travel time is estimated at 1/3 of visitors’ forgone wages, using the mean hourly
wage in the Tampa-St.Petersburg-Clearwater Metropolitan Statistical Area from the Occupational
Employment Statistics (OES) Survey (U.S. Bureau of Labor Statistics 2018). For the operational
cost of travel, we multiply the round-trip distance by the driving cost per mile reported by the
American Automobile Association (AAA 2019). Both the wage and the cost-per-mile estimates
vary over time. Table 1 reports summary statistics for our estimated travel times and costs. The
mean round-trip travel time in our angler data is 87.24 minutes, or about an hour and a half, and
the average trip costs $43.12.

4.2

Property Transaction Data

We collect property sales data from the property appraiser’s offices in Hillsborough, Manatee
and Pinellas Counties. In order to better identify the effect of water quality on residential property
prices and maintain consistency with prior hedonic analyses, we restrict the sample to single-family
homes. Sales dates, dates of construction, parcel size, and transaction prices are available for all three
counties. The Hillsborough County Property Appraiser’s Office provided additional information,
including dates of major improvements, size of living spaces, number of stories, and number of
bedrooms and bathrooms. Our sample includes only homes sold at least twice between 1998 and
2014, given our desire to include property fixed effects in our hedonic specifications (Manatee County
data are only available from 2005-2014). Hillsborough County has 186,289 repeat property sales
that occurred during this period, Pinellas County has 107,701 repeat sales, and Manatee county has
20,699 repeat sales.7
We geocode the sales records and relate them in ArcGIS with shapefiles of house locations and
characteristics. We then relate these property data with water quality data, also using ArcGIS. For
each model we estimate, we use only properties that have at least one water quality monitor within
the relevant distance and time window prior to a transaction. For example, our baseline model uses
monitors within 3 km of a home to capture local water quality and uses water quality observations
in the calendar year of each property transaction. Thus, for this model, we drop the 153,304 repeat
sales in our data that lack water quality monitors within 3 km in the calendar year of the sale.8
We also link properties with the zip code-year level recreational index we create, resulting in
additional narrowing of the sample (in our baseline model, this requires dropping 14,482 properties).
The remaining 146,903 properties comprise our full sample for the property fixed effects model—
7

Repeat sales represent 63.2% of all sales in Hillsborough County (1998-2014), 59.7% of all sales in
Pinellas County (1998-2014) and 44.9% of all sales in Manatee County (2005-2014).
8
35.1% of repeat sales in Hillsborough (1998-2014), 62.1% of repeat sales in Pinellas (1998-2014) and
70.9% of repeat sales in Manatee (2005-2014) have reporting water quality monitors within 3 km in the
calendar year of the sale.
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65,301 in Hillsborough County, 66,926 in Pinellas County, and 14,676 in Manatee County. The
mean property price in the sample is about $230,000 (Table 1).9 Properties in our sample were sold
on average three times from 1998 to 2014 and were about 32 years old when a transaction occurred.

4.3
4.3.1

Water Quality Data
Local Water Quality Data

We obtained waterbody shapefiles from the Tampa Bay Water Atlas (University of South Florida
Water Institute 2017), which is derived from the 1:24,000 USGS National Hydrography Dataset
(NHD) and contains 749 water resources, including 12 bays, 506 lakes, 230 rivers and the Gulf of
Mexico. We define ponds, lakes, wetlands, rivers, swamps, reservoirs and canals as local waterbodies
and refer to water quality monitors in these waterbodies as “local water quality monitors.” Water
quality measures at these monitors are obtained from EPA’s STOrage and RETrieval (STORET)
data warehouse, which includes water quality monitoring data collected by states, tribes, watershed
groups, federal agencies, volunteer groups, and universities. We keep all observations for which
monitoring date, station latitude, and station longitude are reported. The resulting sample includes
209,336 water quality observations collected from 5,913 monitoring stations. The mean number of
readings from each station per year is 53, and the monitors report on average for 8 years (see Table
A.1 in the online appendix).10
There is no single accepted best indicator for water quality in hedonic and recreation demand
analysis. Water quality measures used in past hedonic studies include dissolved oxygen (DO), fecal
coliform, total suspended solids, dissolved inorganic nitrogen, pH, Secchi depth and harmful algal
concentrations. We use DO, one of the most common measures of water quality in research on water
pollution’s economic impacts (Keiser & Shapiro 2019b), and a key indicator of nutrient pollution.
Higher DO levels indicate better water quality. DO is critical for fish survival, and water quality
that meets the criteria for fish survival also meets criteria for most other beneficial water uses and
is often of good ecological status (U.S. Environmental Protection Agency 2001). DO is also a good
indicator of water quality conditions that are noticed by people, and are thus likely to correlate
with property prices. Noticeable impacts of low DO include reduced fish catch and the presence of
algae mats.
The large red dots in Figure 2 depict the location of the STORET local water quality monitors
and the smaller dots in pink, yellow, and green show the locations of repeat-sales properties in our
sample. We calculate the mean DO concentration of all the monitors within varying radii in the
calendar year of a property sale to generate the local water quality measure for each property. For
9

All prices are in 2014 dollars. Table A.2 in the online appendix lists summary statistics for the additional
property attributes available for Hillsborough County.
10
Some monitors change names slightly, and monitor identification numbers are not unique across counties.
Following Keiser & Shapiro (2019b), we define a station as a unique latitude-longitude pair when we link
properties with nearby monitors.
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our baseline model, we choose a 3-kilometer radius, based on existing evidence that nationwide
water pollution impacts are capitalized for homes within 3 km (Keiser & Shapiro 2019b). We also
test the robustness of our results to other radii, from 300 meters (m) to 5 km, and to varying time
windows around the date of a property sale.
We also create a dummy variable indicating whether the DO level for any given observation
is above 5 milligrams per liter (mg/L); a DO concentration of 5 mg/L is a critical value for fish
survival and may capture a threshold for detectable impacts (U.S. Environmental Protection Agency
1994). Table 1 shows that the mean DO value in our sample is 5.79 mg/L, with about 36 percent
of properties near waters having less than 5 mg/L DO, on average. We use the continuous DO
concentration in all models in the paper, reporting the 5 mg/L threshold results in the online
appendix.
Table A.2 in the online appendix lists summary statistics for properties categorized by our
principal independent variable, the DO level in local water bodies. Properties near polluted water
bodies are older, smaller and have fewer bedrooms, bathrooms and stories on average. They also
are located further from nearby water bodies and from Tampa Bay. These differences highlight the
importance of controlling comprehensively for property characteristics when estimating the impact
of water pollution on property prices.

4.3.2

Recreational Water Quality Data

For the recreation demand model, we use DO values from STORET monitors near fishing
locations in Tampa Bay, which we refer to as “recreational water quality monitors,” mapped in
Figure A.1 in the online appendix. Consistent with the methods we use to define water quality in
local waterbodies, we spatially join all monitors within a 3 km radius of each of our 85 fishing sites
and calculate the annual mean DO. The mean DO level at recreational water quality monitors is
6.4 mg/L (Table 1).
In addition to observations from water quality monitors, we rely on seagrass acreage measurements from the Tampa Bay Estuary Program (TBEP) (Johansson 2016). The health of Tampa Bay
seagrass meadows has become an important issue in recent decades as scientists and environmental
managers have worked to reverse the effects of nutrient pollution in the Bay. In 1997, the TBEP
coordinated the creation of a Bay-wide seagrass monitoring program to document temporal and spatial changes in seagrass species composition, abundance, and distribution. Currently, 62 locations
are monitored (Florida Fish and Wildlife Conservation Commission 2003). The TBEP’s seagrass
abundance data are reported as an index, with higher values representing greater abundance. We
match fishing sites with their closest seagrass transects.11 Average seagrass coverage (converted
from the TBEP index) is about 29,920 hectares (ha) from 1998-2014 (Table 1). While seagrass
11

We exclude seagrass transects more than 11,000 m from each fishing site in order to avoid spatially
joining fishing sites located along the west coast of Pinellas County with seagrass transects in Tampa Bay,
which lie across the peninsula formed by Pinellas County (Figure A.1).
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coverage is an important positive indicator of ecosystem health and fish abundance, it may also be
a disamenity for anglers because these plants can get caught on fishing lines and boat propellers
(Guignet et al. 2017), and boaters can be fined for scarring seagrass beds with their motors.
The yellow line in Figure 3 shows the trend in the average annual DO concentration over
time, using all of the local and recreational water quality monitors in the data. While the yearto-year variation can be substantial, the trend is increasing, reflecting the regional water quality
improvements described in the literature. The annual average DO concentration in 2014 is 11%
higher than in 1998. Similarly, the average DO over the earliest six years (1998-2003) and latest six
years (2009-2014)—the periods we will use to calculate long-run changes in some of our models—is
10%. Thus, throughout the discussion of results in Section 6, we use a 10% improvement in average
DO concentrations over the 16-year study period to interpret coefficient estimates and compare
them across models.
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Figure 3: Average property prices in the three counties and average DO concentration among
all water quality monitors, 1998-2014
Notes: “All sales” averages annual property transaction prices across the 241,909 properties sold
in Hillsborough, Pinellas and Manatee Counties at least once, 1998-2014. “Repeat sales” averages
annual prices across the 170,192 properties sold at least twice, 1998-2014. “Long difference repeat
sales” averages prices across the 14,390 properties sold at least once during 1998-2003, and at least
once during 2010-2014. Mean DO is the average dissolved oxygen concentration observed at all
local and Tampa Bay water quality monitors each year.

5

Methods

5.1

Random Utility Specification for Recreation Demand

In the random utility model, properties in Tampa Bay are located in J zip codes, and anglers
can choose to fish at K recreation sites in the region. Each recreation site k ∈ K has an observable
level of water quality, W Qkt , which can vary over time. The literature recognizes the need to control
for unobserved site characteristics in random utility models (Moeltner & von Haefen 2011, Phaneuf
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2013). One strategy is the use of Alternative Specific Constants (ASCs)–equivalent to site fixed
effects–in the basic RUM model. Following Phaneuf et al. (2008), we assume the indirect utility for
a visit to site k by individual i in year t is a linear function. The RUM specification is:
Vikt = α0 + α1 T ravelikt + α2 W Qkt + ηk + νikt ,

(6)

where Vikt represents indirect utility of fishing trips and T ravelikt denotes the round-trip travel
cost. ηk is an ASC that captures time-invariant site characteristics, such as the number of boat
ramps or slips, whether the fishing site has lodges, and other attributes we assume remain constant
over time. We use a conditional logit model, so νikt is an error term distributed Type-I Extreme
Value.
The expected utility per trip for person i in year t is then:

EVit = ln[

K
X

exp(V̂ikt )] + C

(7)

k=1

where V̂ikt is the observed element of utility, and C is an unknown constant indicating that the
absolute level of utility cannot be measured. Because the term C in equation (7) does not affect
utility differences, we drop it in the remaining equations (Haab & McConnell 2002). The average
compensating surplus per trip is thus given by:
E(CS)it =

EVit
αˆ1

(8)

We divide EVit by the coefficient on the travel cost variable, interpreted as the marginal utility of
income, to obtain a monetary measure of E(CS)it . If water quality improves from W Q0 to W Q1 ,
0 to V̂ 1 (per equation (6)) and the average compensating surplus per
indirect utility rises from V̂ikt
ikt

trip then is given as:
1
E(CS)it =
αˆ1

(
ln

"

K
X

#
1
exp(V̂ikt
)

"
− ln

K
X

k=1

#)
0
exp(V̂ikt
)

(9)

k

Our estimate of E(CS)it varies across zip codes and over time. The average recreational compensating surplus in zip code j in year t can be expressed as the average utility of all person-trips (Njt )
originating from the zip code in that year:

ECS jt =

−1
Njt

Njt
X

E(CS)it

(10)

i=1

We incorporate this estimated ECS jt into our hedonic model to capture how recreational impacts
of water quality improvements may be capitalized in housing prices.
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5.2

Hedonic Specification

Our hedonic specifications control for observable and unobservable property attributes by exploiting only price changes within a property over time (Palmquist 1982). We use two approaches:
a standard property fixed-effects model and an innovative model using long differences. Further
extensions to both of these basic models are discussed in Section 6.

5.2.1

Property Fixed Effects Model

Using a log-log specification in line with the previous literature, the basic property fixed-effects
model is as follows:
\jt + αi + γt + ijt .
lnPijt = β0 + β1 Ageit + β2 lnW Qit + β3 ECS

(11)

Home age is the only time-varying property characteristic in our data. The main coefficients of
interest are β2 and β3 . Using DO as the main local water quality measure, we expect β2 >0 since
higher DO represents better water quality. We also expect β3 >0 if buyers are willing to pay higher
prices for properties that offer more and better recreation opportunities. We will interpret β2 as
homeowners’ MWTP for an increase in DO within water bodies close to homes. We will use β3 and
equations (7) through (10) to estimate MWTP for an increase in DO in the regional recreational
waters frequented by residents of homeowners’ zip codes. The property fixed effect, αi , removes the
effects of time-invariant omitted variables, and we also include a year fixed effect, γt .
As noted in Section 4.1, the MRIP data include anglers’ zip codes, but not their street addresses.
Thus, our estimate of ECS jt is a zip-code-level average measure of recreational utility in each year.
The sample of anglers in the MRIP data in any individual household’s zip code in a given year
is small, and different households have different numbers of fellow anglers from the same zip code
who are surveyed in the MRIP. In estimating equation (11), we treat the resulting potential bias
from heteroskedastic measurement error as a partial missing-data problem, using multiple imputation (Blackwell et al. 2017). We first generate 250 stand-alone recreational demand datasets—
representing what could have been observed if there were no measurement error—randomly drawing
(with replacement) 20% of anglers (10,373 individuals) from the full MRIP sample each time. We
estimate equation (6), and then use each set of coefficients and equations (7) through (10) to estimate ECS jt . On average across the 250 replications, we obtain 1,790 estimates of ECS jt .12 We
then merge the ECS jt estimates with the hedonic data, creating 250 datasets with which to estimate equation (11). We combine the estimates from these regressions using Rubin’s Rule (Rubin
1987), reporting the mean of each resulting vector of coefficient estimates in the results tables.
To calculate the standard errors, we first estimate the within imputation variance as Varwithin =
P250
P250
2
2
k=1 SEk /250 and between imputation variance as Varbetween =
k=1 (βk − β̄) /(250 − 1), where
12

There are 2,083 zip-code-years in the data with some visitation, but our data-generating process excludes
some zip-code-years from each replication dataset.
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k indexes the individual replication sample. We then calculate the total variance as Vartotal =
Varwithin + Varbetween + Varbetween /250.The standard error is the square root of total variance. The
individual replication standard error estimates are clustered by property or zip code, depending on
the model.
The repeat sales model is not without its challenges. Only a subset of housing units in the data
have sold more than once, given the limited market and time period of the study, and homes that
sold more than once may have different attributes than properties that sold only once (or not at
all) in given study period. Thus, restricting the sample to repeat sales may produce a selective
implicit price (Freeman et al. 2014). The 300,207 repeat sales in our data, and 146,903 sales in the
sample for our baseline model, account for more than 50% and more than 25% of qualified sales in
our original data, respectively. Thus, they may be reasonably representative of the housing market
in the Tampa metropolitan area. Figure 3 shows that average repeat-sales prices (red line) and
average prices for all observed property transactions (blue line) in the three counties during the
study period have very similar trends over time.

5.2.2

Long-Difference Model

Although the property fixed-effects model represents an advance over the cross-sectional approaches in the literature on water quality, we make an additional modification in the interest of
better matching the econometric approach with the theoretical model in Section 3. Recall that in
that model, households make short-run recreation decisions, conditional on home location, based
on water quality at recreation sites. Thus, the impacts of recreational water quality on visitation
are identified from short-run variation. The home purchase decision, however, is a long-run choice,
and home prices should capitalize the expected long-run benefits from recreation and amenity value
of water quality. In our view, a long-difference hedonic model may better fit this theory than the
standard fixed-effects approach described above, in which the identifying variation for both the local
water quality and recreational utility parameters is short-run.
The climate literature uses long-difference models to identify the impacts of medium- to longrun variation in temperature on economic outcomes of interest (Dell et al. 2014). Following this
literature, we construct average long-run housing price changes, average local water quality changes,
and average recreational utility index changes in two time periods for the same property. The two
time periods in our main long-difference specification are 1998–2003 and 2009–2014, which we refer
to as period a and period b, respectively. We choose these two periods because they represent the
earliest and latest six-year periods in our data, and because doing so allows us to avoid the unusual
property price changes during the housing boom and bust, evident in Figure 3. Our long-difference
sample is very small because inclusion in the sample requires that a property sell at least once in both
the early and late time periods, so that we can take differences, instead of at least twice in the full
sample (the inclusion constraint in the property fixed-effects model). In addition, we only observe
Manatee County transactions beginning in 2005, so properties in this county drop out entirely. In
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Figure 3, we can see that the average price in the long-difference sample (green lines) starts out
somewhat lower than the full and repeat-sales samples in 1998, but then tracks very closely with
the larger groups through 2003 (the pre-housing crisis, early period used for differencing). Posthousing-crisis, the price level for this small sub-sample is again slightly lower than the larger groups,
but the trends over time are very similar.
Our approach estimates the average price of property i during time period a as:
Pija =

1X
Pijt ,
n t∈a

(12)

where n is the number of times the property sold in time period a. We then construct the following
equation:
lnPija = θ0 + θ1 Ageija + θ2 lnW Qija + θ3 ECS ja + αi + ija ,

(13)

where W Qija , Ageija , and ECSja measure the average local water quality, average property age
and average recreational utility index of property i in zipcode j during period a. An analogous
equation can be written for period b, in which the subscript a in equation (13) is replaced with the
subscript b.
Differencing the two time periods drops the time-invariant property fixed effect αi and results
in:
\j + ∆ij ,
∆lnP ij = θ0 + θ1 ∆Ageij + θ2 ∆lnW Qij + θ3 ∆ECS

(14)

where ∆lnPij is the change in the log housing price of property i in zipcode j between period a and
period b. The independent variables are interpreted in a similar way.
The coefficients of interest are θ2 and θ3 , which measure how long-run changes in local water
quality and recreational opportunities affect the housing price. Similar to β2 and β3 in equation (11),
we expect θ2 and θ3 to be positive. The interpretation of θ2 and θ3 is complicated by the fact that
the dependent variable is the difference in log prices, and our independent variables are differences
in log water quality and average ECS. We interpret the coefficients as marginal effects, instead of
actual MWTP estimates. For instance, we interpret θ2 as the marginal effect of the average water
quality increase from period a to period b on the average housing price in period b, holding constant
the average housing price and water quality in period a.
As we did for the property fixed-effects models, we use multiple imputation to obtain coefficient
estimates and associated standard errors for equation (14), in order to address potential measurement error from estimating ECSj at the zipcode, rather than the property level, following the
procedure described in Section 5.2.1.
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6

Results

6.1

Demonstration of the Typical Hedonic Approach

Before estimating our preferred two-stage model, we start with a demonstration of the typical
hedonic approach, providing some analysis to support the heuristic critique we developed around
Figure 1. We estimate equation (11), leaving out the recreational utility component (ECS jt ), and
assigning water quality monitors to properties as long as they are within a specified radius of the
home—defined at 1, 2, 3, 5, and 10 km—ignoring actual recreation behavior. We do this, first, using
only the local water quality monitors, and leaving out the recreational water quality monitors in
Tampa Bay. Next, we run the same set of regressions using all (local and recreational) water quality
monitors within the specified radii, so that the contribution of recreational waters to homeowners’
WTP for pollution abatement can be captured within the five different radii.
Coefficient estimates and their 95 percent confidence intervals, measured against the lower horizontal axis, are reported in Figure 4, with the local-monitor results in blue and the all-monitor
results in red. The sample size for each regression is reported above each estimate; sample size
grows with the specified radius for the “zone of influence” because there are many fewer properties
with reporting water quality monitors a short distance away, so the number of property transactions
with reporting monitors grows as we draw larger circles. To ease interpretation, the implied MWTP
for the observed average 10% increase in DO in the Tampa Bay watershed from 1998-2014 can be
read from the upper horizontal axis.
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Figure 4: Coefficient estimates and MWTP for DO from a typical hedonic approach when
water quality measurements are averaged for monitors within varying radii of properties.
Notes: Red point estimates and confidence intervals are from regressions using only local water
quality monitors. Blue point estimates and confidence intervals are from regressions using all (local
and Tampa Bay) water quality monitors. Sample sizes for each regression are reported above each
estimate.
Several insights arise from Figure 4. First, estimated coefficients for the local measures of DO are
mostly small and positive, hovering around 0.01, for an implied MWTP for the average water quality
improvement in the watershed during the study period of $100-$300. Second, once we include the
recreational monitors, the estimated coefficients increase appreciably. For the smallest radii, the red
coefficient estimates in Figure 4 imply a MWTP for the average water quality improvement from
1998 to 2014 of between $2,500 and $3,000 per property—an order of magnitude larger than those
without the recreational waters included. Third, the all-monitor coefficients decrease in magnitude
as we draw larger and larger circles around Tampa Bay homes to describe water quality, until the
estimates at 10 km are in the range of the local-monitor-only estimates. This is consistent with
the issue we raised in the heuristic discussion of Figure 1; it may be the case that the larger “zones
of influence” capture so many irrelevant water quality monitors (those that describe water quality
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in locations that a household does not value) that the signal of pollution abatement’s value at key
sites gets lost in the noise from the sites with little or no value.
This last insight is also consistent with households further from water having systematically lower
MWTP for water quality improvements. As we allow monitors at increasing distances from each
property to influence our coefficient estimates, we are also able to include homes in the sample that
are further and further from any water quality monitor, and are thus further from water altogether.
If heterogeneity in MWTP among property-owners depending on water proximity explains the
observed pattern of decreasing “all-monitor” coefficient estimates, then it is a real phenomenon that
one would want to capture in any estimate of the monetized benefits of water pollution abatement.
We do not observe this pattern consistently in the local-monitor results, however. The value of local
water pollution abatement is quite similar when we use monitors between 1 km and 10 km.
Though this analysis—comparable to the standard hedonic approach when valuing changes in
pollution—points to the importance of recreational benefits in estimating MWTP for water pollution
abatement, it is naïve relative to actual recreation behavior. A different approach is needed to
match homes with the recreation sites that individuals living in those homes typically visit. Thus,
we implement the two-stage approach described in Sections 3 and 5.

6.2

Main Model: First Stage Recreation Demand Results

Results from the recreation demand model are reported in Table 2. Columns 1 and 2 define
water quality as the average DO at Tampa Bay monitors within 3 km of each fishing site in a
given year; column 3 uses a 5-km radius to define average water quality in a site-year. Column 2
reports estimates from a model using travel time, rather than travel cost, as the relevant travel cost
variable, an alternative approach in the literature (Cesario 1976, Wilman 1980), using the 3-km
radius. Results are robust to these differences in specification. As the travel cost to a site increases
by $1, the probability of an angler fishing at the site decreases by about 11%. In columns 1 and 3,
this coefficient can be interpreted as the marginal utility of income, and our estimate is similar to
others in the literature (von Haefen 2003). In the recreation demand model, there is little difference
in the estimates when we use monitors within 3km of a fishing site to describe water quality, or
those within 5km.

24

Table 2: First-stage recreation demand model
(1)
Travel cost (3km)
Travel cost (US dollars)

(2)
Travel time (3km)

-0.110***
(0.00078)

(3)
Travel cost (5km)
-0.113***
(0.00080)

Travel time (minutes)

Alternative-specific constants

0.0722***
(0.0089)
-0.170***
(0.0104)
Yes

-0.0640***
(0.00044)
0.0789***
(0.0083)
-0.135***
(0.0103)
Yes

0.0663***
(0.0114)
-0.141***
(0.0104)
Yes

Observations

1,765,796

1,765,796

1,801,615

DO (mg/L)
Seagrass abundance

Standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01

Notes: Models are estimated using conditional logit, with a choice set of 85 fishing sites visited
during the study period. Columns 1 and 2 link fishing sites to Tampa Bay water quality monitors
within 3km. Column 3 links sites with monitors within 5km. Travel cost is estimated as the sum
of the value of travel time (1/3 of foregone wages times round-trip travel time) and the operational
cost of travel (AAA’s driving cost times round-trip distance).
The effect of DO on visitation is positive, significant, and very similar across all three models.
Anglers from the three counties are 6.6 to 7.9% more likely to recreate at a site if the DO level
increases by 1 mg/L, equivalent to a 16% increase from mean DO at the Bay monitors in our sample.
The coefficient on seagrass abundance is statistically significant and negative. A 1-unit increase
in seagrass abundance (a 43% increase over the mean) lowers the probability of fishing at a site
by 13.5 to 17%. Though seagrass abundance is correlated with high water quality in Tampa Bay,
the negative coefficient may be due to the fact that seagrass can be a disamenity to anglers. For
example, anglers in shallow water must take care not to scar seagrass beds with a boat motor’s
propeller, and seagrass can catch and tangle fishing lines.13
In the online Appendix, we re-estimate the recreation demand model using the 5 mg/L DO
threshold instead of the continuous DO concentration (Table A.3). Results are similar, except that
the local DO coefficient is not significantly different from zero in the model using a 5-km radius to
describe water quality at fishing sites.
Using the estimated parameters in Table 2, we then estimate the expected utility from recreation
trips initiating from each zip code j in each year following Equation (8) through Equation (10). The
average value of expected utility (ECS jt ) from the RUM model calculated from trips occurring in
each zip code-year is $35.98 (Table 1).
13

Damaging seagrass beds in Florida can result in a fine of up to $1,000
https://www.flseagrant.org/news/2016/07/savanna-barry-smart-boating-seagrasses-important/).
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(see:

Figure 5 maps the mean values over the study period of our recreational utility estimate by zip
code, as well as mean DO values at each recreational fishing site. The heat map of ECS jt quintile
by zip code shows some predictable results. For example, values are high in Pinellas County (the
peninsula that separates the Bay from the Gulf). Some other coastal zip codes, especially those
in southern Hillsborough County, also have high average recreational utility. Figure 5 also shows,
however, that residents of the region’s less densely-populated zip codes further from the coast (e.g., in
northern Hillsborough and eastern Manatee County) also obtain high utility from recreational fishing
in the Bay. This is not surprising, given the relatively high average travel time (about 90 minutes
round trip) to fishing sites in the MRIP sample. It does support our contention, however, that
accounting for actual recreation behavior may paint a different picture of the value of recreational
water quality than approaches that proxy for behavior using proximity.
To estimate the marginal effect of DO increases at Tampa Bay recreational fishing sites using
the RUM model, we can recalculate the ECS jt using the DO coefficient estimate from column 1
of Table 2 and use equations (7) through (10). Given that the mean DO level in the Tampa Bay
watershed increases by about 10% from 1998-2014, we use Equation (9) to estimate the change in
ECS jt associated with this increase in water quality. The increase in ECS jt is $0.42 per trip on
average, which is about a 1.2% increase over the mean in the expected utility of recreation.
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Figure 5: Average ECS and average DO (mg/L), 1998-2014
Notes: This figure maps average ECS and average DO for all zip codes and recreational fishing
sites, respectively, associated with properties in the repeat-sales sample.
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6.3

Main Model: Second-stage Hedonic Results

Results from estimating Equation (11) are reported in Table 3. In column 1, our baseline
property FE model, a 10 percent increase in local DO leads to a 0.114% increase in mean property
prices.14 Households’ MWTP for local DO is about $261 per property for the observed 10% increase
in DO from 1998-2014. This is in line with the previous literature’s small, positive estimates of
MWTP for local water quality improvements.15
The recreational utility index coefficient in column 1 of Table 3 is large and statistically significant. From the previous section, a 10% increase in DO is associated with a $0.42 increase in ECS jt .
From column 1 of Table 3, a $1 increase in ECS jt is associated with a 24.9% increase in the housing
price, 1998-2014. Thus, the $0.42 increase in ECS jt is associated with a 10.46% increase in the
average housing price, or about $23,980 per property – almost two orders of magnitude larger than
our estimated MWTP for local water quality improvements.
One test of whether our amenity and recreational estimates are really separable is to observe
what happens to our estimates of the amenity value of local water quality improvements when the
recreational utility index is omitted from the model. Column 2 of Table 3 shows that the local DO
coefficient is insensitive to the exclusion of ECS jt . This suggests that the two parameters are, in
fact, picking up different aspects of MWTP for water quality improvements.
In column 3 we repeat the model from column 1, except that we use a 5-km radius to characterize
water quality at local waterbodies and Bay recreational fishing sites. The sample size grows for this
model, because we can now include repeat-sales properties that are located between 3 and 5km from
at least one local water quality monitor. In column 3, neither the local DO nor the ECS jt coefficient
are statistically different from zero, and both are smaller than their counterparts in column 1.
In column 4 we report estimates that use the travel-time parameters from the RUM model
(column 2 of Table 2) to construct the recreational utility index, rather than using the travel cost
estimates (column 1 of Table 2). The coefficient on local DO does not change, while the ECS jt
estimate is less than one-half that in column 1. The coefficient on ECS jt , together with the
DO coefficient estimate in column 2 of Table 2, implies a MWTP for recreational water pollution
abatement of about $10,200 per property.
In the online Appendix (Table A.5), we re-estimate the property FE models in Table 3, using the
5 mg/L DO threshold. Results are qualitatively similar and perhaps a bit stronger. The coefficient
on local DO is small, positive and significant using a 3-km radius, and positive and weakly significant
at 5km. The coefficient on ECS jt is large, positive and significant at 3km, and also at 5km.
14

Results using the 5 mg/L DO dummy at a 3-km radius are similarly positive and significant (online
Appendix, Table A.5).
15
If we estimate the typical hedonic model using a vector of property characteristics instead of property
fixed effects, we obtain intuitive results for property characteristics, and counter-intuitive results for water
quality—better water quality has a negative, insignificant effect on property values. Results are reported in
the online appendix, Table A.4. This underscores the importance of controlling comprehensively for property
characteristics when estimating MWTP for water pollution abatement.
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Table 3: Second-stage hedonic regression results

ln(DO)
ECSjt
Property age
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Property FE
Year FE
County-year trend
Subdivision-year trend
N
R-squared

(1)
Basic
3km

(2)
No ECSjt
3km

0.0114***
(0.00307)
0.249***
(0.0814)
-0.0123***
(0.00328)

0.0111***
(0.00307)

0.00155
0.0116***
(0.00416)
(0.00312)
0.133
0.106**
(0.0824)
(0.0450)
-0.0123*** -0.0105*** -0.0122***
(0.00328)
(0.00314)
(0.00334)

0.0109*** 0.00956***
(0.00320)
(0.00341)
0.0617
0.0280
(0.0796)
(0.0847)
-0.0126*** -0.0139***
(0.00327)
(0.00336)

Yes
Yes
No
No
146,903
0.626

Yes
Yes
No
No
146,903
0.626

Yes
Yes
No
No
183,582
0.627

Yes
Yes
No
No
146,903
0.626

Yes
Yes
Yes
No
146,903
0.632

Yes
Yes
No
Yes
126,926
0.631

440
N/A

62
20,013

465
15,950

432
9,284

379
4,213

MWTP for 1 mg/L local DO ($)
451
MWTP for 1 mg/L Tampa Bay DO ($) 37,468

(3)
Basic
5km

(4)
Travel time
for ECSjt

(5)
County
time trend

(6)
Subdiv.
time trend

Estimated standard errors in parentheses are clustered by property.
* p<0.10, ** p<0.05, *** p<0.01

Notes: The dependent variable is the log property transaction price. Column 1 uses a 3-km radius to define average water quality around
properties. Column 2 drops the recreational utility index, ECSjt . Column 3 repeats column 1, using a 5-km instead of a 3-km radius to
define average water quality around properties. N rises in column 3 because more repeat sales are located within 5 km of at least one
water quality monitor than within 3 km. Column 4 uses travel time instead of travel cost in the first stage to estimate ECSjt . Column
5 includes county*year trends as additional controls. Column 6 includes census subdivision*year trends. Reported coefficient estimates
and standard errors are obtained using multiple imputation, using methods described in detail in Section 5.2.1.

6.3.1

Models with interactions between time trends and spatial controls

One threat to identification in our baseline model is that we do not control for factors influencing
housing prices that vary over both time and space that could be correlated with water quality. For
example, the economic recession and housing crisis that occurred during our sample period and
are visible in Figure 3 may have had heterogeneous effects by county or neighborhood, and those
effects could be correlated with water quality and recreational utility. This would bias our coefficient
estimates. The most comprehensive approach to this challenge would interact our year fixed effects
with geographic controls at a higher spatial scale than the property. However, given that recreational
utility is estimated at the zip code level, and there are only a small number of zip codes in the data
(and even fewer counties, subdivisions, or other levels of spatial aggregation), this approach leaves
too few repeat sales to identify the effect of recreational utility on property prices.16 We estimate two
alternative models that include different levels of interactions between a time trend and geographic
controls, as well as year fixed effects, as in equation (15):
\jt + αi + γt + λc ∗ T + ijct
lnPijct = β0 + β1 Ageit + β2 lnW Qit + β3 ECS

(15)

where λc indicates that a property is located in county or census subdivision c, and T is a linear
time trend. Results are presented in Table 3, columns 5 and 6.
The effect of local DO on property prices, identified using variation in water quality over time
within 3 km of a property, and within a year, is relatively insensitive to the inclusion of these additional controls. The estimated effect of recreational utility on property prices changes substantially,
however. The coefficient on ECSjt in column 5 is about one-fourth the magnitude of that in our
baseline model in column 1. In column 6, when we include the subdivision-specific trends, it is even
smaller and also statistically insignificant.
The identifying variation for the recreational utility index coefficient comes from changes in
recreation within zip codes over time. In column 5, the trend in recreational utility (which may
be more important to property owners than periodic departures from the trend) at the county
level is removed from the identifying variation for the recreational utility index. The model in
column 6 is even more restrictive. In our view, the variation in recreational utility across census
subdivisions and counties is important variation to capture in the coefficient on ECSjt , thus the
column 1 model is preferred to those with the county-specific trend and subdivision-specific trend
controls. However, concerns about identification in that model provide additional support for our
long-difference approach.

16

There are 138 zip codes in the data (66 in Hillsborough County, 26 in Manatee, and 46 in Pinellas).
There are 16 census subdivisions in the three counties: 7 in Hillsborough, 4 in Manatee, and 5 in Pinellas.
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6.4

Long-difference models

Table 4 reports results from the long-difference models. Column 1 reports results from our
baseline long-difference model, with standard errors clustered by property. In the baseline model, if
we hold average property price and average local DO in the first time period (1998-2003) constant,
a 1% increase in average local DO in the second time period (2009-2014) is associated with a
0.0226% increase in the average second-period property price. If the average second-period local
DO increases by 10% (the average change observed in the data between period a and period b),
the average property price increases by 0.226%. From Table 1, the average property price from
2009-2014 is about $196,000. Thus the marginal effect of an 10% increase in average local DO from
the first to the second period is about $440 per property, almost a 70 percent increase over the
$261 estimate using column 1 of Table 3. Note that the property FE model estimates MWTP for
a change in DO using short-run variation, while the long-difference models in Table 4 exploit the
change between period a and period b, with more than a decade separating the midpoints of the
two periods.
Interpreting the ECSj coefficient in column 1, recall that a 10% increase in DO is associated
with a $0.42 increase in ECS jt . From Column 1, a $1 increase in ECS j is associated with a 1.19%
increase in property prices. Thus, the $0.42 increase in ECS jt is associated with a 0.5% increase in
the average housing price, or about $1,000 per property. Property markets appear to have capitalized
a value of regional recreational fishing benefits from water quality improvements in Tampa over two
decades that is more than twice the size of the value of improvements in ambient water quality very
near to properties. Again, the property FE ECS jt coefficient and the long-difference coefficient
measure different things. But if we compare the two qualitatively, the recreational utility component
of the estimated value of water quality improvements in the long-difference models is much smaller
than in the property FE models.
In column 2, we estimate the same long-difference model (equation (14)), clustering standard
errors by zip code, rather than by property. While we measure property-specific local DO, the
recreation demand index is constructed by zip code, so it may be more appropriate to cluster at
this higher level of aggregation (Cameron & Miller 2015). Our estimate of the marginal effect of
local DO is no longer significant, but the ECS jt coefficient is.
As we did for the property FE models, we also try dropping ECS j from the long-difference
model (in column 3). The effect of improved local DO on property prices is slightly smaller, but
not different enough to raise a concern that the two variables are not identifying different things.
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Table 4: Second-stage long difference models and hedonic regression results

∆ln(DO)
∆ECSj
∆ Property age

(1)
Long diff.
SE property

(2)
Long diff.
SE zipcode

(3)
Long diff.
No ECSjt

(4)
County
time period

(5)
Subdiv.
time period

0.0226∗∗∗
(0.00645)
0.0119***
(0.00130)
0.0351∗∗∗
(0.00178)

0.0226
(0.0210)
0.0119***
(0.00330)
0.0351∗∗∗
(0.00316)

0.0182∗∗∗
(0.00642)

0.0227∗∗∗
(0.00647)
0.0118***
(0.00130)
0.0352∗∗∗
(0.00178)

0.0360∗∗∗
(0.00772)
0.0158***
(0.00141)
0.0384∗∗∗
(0.00190)

0.0351∗∗∗
(0.00174)

ln(DO)
ECSjt
32

Property age
Property FE
Year FE
County-time period dummy
Subdivision-time period dummy
Cluster SE level
N
R-squared

Yes
No
No
No
Property
14,390
0.049

MWTP for 1 mg/L local DO ($)
751
MWTP for 1 mg/L Tampa Bay DO ($) 1,529

(6)
Hedonic
SE property

(7)
Hedonic
SE zipcode

-0.000654
(0.00568)
0.226
(0.142)
-0.0127
(0.0142)

-0.000654
(0.0177)
0.226
(0.261)
-0.0127
(0.0270)

Yes
No
No
No
Zipcode
14,390
0.049

Yes
No
No
No
Property
14,390
0.041

Yes
No
Yes
No
Property
14,390
0.049

Yes
No
No
Yes
Property
12,219
0.062

Yes
Yes
No
No
Sales
32,024
0.206

Yes
Yes
No
No
Zipcode
32,024
0.206

751
1,529

605
N/A

755
1,516

1,197
2,030

0
34,007

0
34,007

Standard errors in parentheses are clustered by property unless otherwise noted.
* p<0.10, ** p<0.05, *** p<0.01

Notes: Columns 1-5 report results from long-difference models, using a 3-km radius to characterize water quality and clustering standard
errors by property. Column 2 clusters standard errors by zipcode. Column 3 drops the recreational utility index, ECSjt . Column 4
includes differences in county*time period (a and b) as additional controls. Column 5 includes census subdivision*time period controls.
Columns 6 and column 7 show results from property fixed-effects models estimated using the long-difference sample, and clustering
standard errors by property and zipcode, respectively. Reported coefficient estimates and standard errors are obtained using multiple
imputation, using methods described in detail in Section 5.2.1.

In the next two columns of Table 4, we include a set of interactions between counties and the
two time periods (column 4) and a set of interactions between census subdivisions and the two
time periods (column 5). Our reasoning is similar to that in equation (15); if inter-temporal shocks
common to counties or neighborhoods are correlated with water quality improvements from period
a to period b, this could bias our estimates of the effects of water quality on property prices. The
inclusion of these additional covariates does not change our estimates much compared to column 1.
If anything, the estimates increase a bit in the model with subdivision*period controls (column 5).
In the final two columns of Table 4, we re-estimate the basic property FE model from Table
3, restricting the sample to the same properties that appear in the long-difference sample, and
clustering at two levels (property and zip code). (These models still use more observations than the
long-difference models, because we include all transactions from 1998-2014 for these homes, and not
just those that occur in the first and last six years of the sample period). We cannot directly compare
the coefficient estimates in columns 6-7 with those in columns 1-2. However, we note that when
using the long-difference sample with the property FE approach, neither coefficient is statistically
different from zero. This suggests that the differences between our long-difference estimates and
our FE estimates may be due both to different samples, and to different specifications.
In the Appendix, Table A.6, we also test the robustness of the long-difference results to different
definitions of period a and period b: allowing the period a sample to extend to just before the
recession and housing crisis (period a: 1998-2006 and period b: 2009-2014), and splitting the full
time period in half (so: 1998-2007 and 2008-2014). In both cases, the marginal effects of both local
DO and recreational utility are quite a bit larger than our estimates in Table 4. The sample sizes are
also about twice those in Table 4. As in column 2 of Table 4, When we cluster standard errors by zip
code in these models, the marginal effect of local DO (a small share of our total estimated value of
water quality improvement) is not statistically significant. Both of these alternative models include
transactions during the housing boom, and the second approach also includes the subsequent bust.
Thus, we report the Table 4 results as the main long-difference results.
Given its comportment with the theoretical model and ability to control comprehensively for
unobservables, the long-difference model may be the preferred approach to valuing water quality
improvements. However, the choice between long differences and property FEs creates a stark
tradeoff in sample size (and possible selection). The long-difference repeat-sales sample is less than
one-tenth of the full sample, because we must observe properties sold at least once in each time
period, as well as recreation at fishing sites from each zip code in each time period, in order for
those properties and zip codes to be included in the models. Figure 3 suggests that the trends in
property prices in the long-difference sample are similar to those for all sales and repeat sales in
both periods, with the exception of a low start in 1998 for the long-difference sample. However,
Figure 6 shows that the long-difference sample drops many zip codes entirely, including all zip
codes in Manatee County, many of which have high average recreational utility from fishing in the
Bay (mapped in Figure 5). As noted earlier, Manatee County drops out because we only observe
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transactions there from 2005-2014. Figure 5 also shows that average water quality at coastal fishing
sites in Manatee County are among the highest in our sample. Thus, the long-difference sample
may not be representative of Tampa area property owners’ willingness to pay for water quality
improvements, especially in recreational waters. The exclusion of these properties likely matters for
the magnitude of our estimates, and may explain some of the differences between the property FE
and long-difference results. For these reasons, in the benefit-cost analysis in Section 7, we use both
the property FE and the long-difference results, reporting a range of estimates.
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Tampa Bay

Gulf of Mexico

Legend

Percent change in DO
-93.83 - -41.53
-41.54 - -0.49
-0.50 - 0.50

0.51 - 88.82

88.82 - 343.81

Tampa Bay
County boundaries
Zip code boundaries

Percent change in ECS
-11.48 - -6.60
-6.61 - -0.49
-0.50 - 0.50
0.51 - 7.77

Ü

7.78- 19.99

0

2.5

5

10 Miles

Figure 6: Percent change in average ECS and percent change in average DO, 1998-2003 to
2009-2014
Notes: This figure maps the change in average ECS and the change in local ambient DO for all zip
codes associated with properties in the long-difference repeat-sales sample.

35

6.5
6.5.1

Robustness Checks
Effects of proximity to water

Although Equations (11) and (14) capture the overall effect of water quality on property prices,
they do not allow us to examine how this effect varies with proximity to water, as is common in
the prior literature. To this end, we also estimate models that interact both local DO and the
recreational utility index with a property’s distance to water. Table A.7 in the online Appendix
reports results. The FE model is in column 1, and the long-difference model is in column 2. In
both columns, higher DO in local water raises property prices, and the effect of recreational utility
is also positive and significant. The FE model suggests that recreational value falls with distance
from water, but amenity value does not. The long-difference model indicates no effect of distance
on the marginal value of water quality improvements.

6.5.2

Allowing for recreation in local waterbodies

One potential challenge to our results is that some local waterbodies may also provide recreation opportunities. This would not be a problem for our estimates in a benefit-cost analysis—a
comprehensive estimate is desirable. But to claim that our local MWTP estimate is primarily an
amenity value while the recreational index captures recreational value, further analysis is needed.
Thus, we divide local waterbodies within close radii of properties into those in or near public parks,
and those well outside of parks. To categorize local park monitors, we use the Florida parks shapefile from OpenStreetMap, an online map database built and maintained by volunteers worldwide
(OpenStreetMap contributors 2018). We define park monitors as monitors within 150 m of park
boundaries. We estimate the mean annual DO concentration of waters in all parks within 3km of
a property, and join this new time-varying water quality measure with property sales. We then
include the log-transformed local park water quality measure in the property FE model. Note that
we do not observe recreation at these sites, so we are stuck using the standard, naive approach to
estimating the benefits of local park aquatic recreation by proximity.
Table A.8 in the online Appendix reports the results of a property FE model and a long difference model including the mean park DO concentration. Because DO is not measured in many
neighborhood ponds, our sample size shrinks to fewer than 42,000 repeat sales, and fewer than
3,600 long-difference repeat sales. Note that in this selected sample of homes near parks with water
quality data, the results may say more about homeowners who locate near parks than it does about
average MWTP for water quality. It is difficult to conclude much from this test, given the very
different results in the two models, and the very small and select sample. Nonetheless, if anything,
including local (non-Bay) recreational waters in the analysis increases the coefficient estimate on
the Bay recreational utility component of our models. Given the long-difference results in Table
A.8, it is possible that our local DO estimates in the main models are picking up some recreation
benefits, for homes near parks with non-Bay aquatic recreation.
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6.5.3

Smaller spatial radii for local water quality monitors

Recall that our main models take the average of all monitors within a 3-km radius of a property
to represent local water quality, with additional results reported for a 5-km radius. To further test
the robustness of our results to this choice, we estimate models using radii of 1 km, 500 m and
300 m. Table A.9 in the online appendix reports results for both continuous DO and the 5mg/L
threshold. We report only the local DO results, with the full set of coefficients available on request.
In the property FE models, the property value effect of local water quality gets larger as the radius
gets smaller, to 500m, consistent with previous literature indicating larger effects for properties
closer to the water (Walsh et al. 2011, 2017, Wolf & Klaiber 2017). The effects lose significance for
the smallest radius, likely due to the very small number of observed repeat sales within 300 m of
one or more reporting water quality monitors. In the long-difference models, the impacts of local
DO are not statistically significant below a 3-km radius—these samples of homes sold at least once
in each period that are located very close to monitors are very small.

6.5.4

Moving average DO concentrations

While it is common in the literature to use the average water quality measure from the calendar
year of a property’s sale to represent water quality conditions in hedonic regressions, as we do above,
we implement a set of robustness checks using average DO concentrations within a 3 km radius of a
property 3 months, 6 months, and 1 year before each sale date, reporting results in Table A.10 in the
online appendix.17 Column 1 uses the mean DO concentration in the 12 months prior to a property’s
sale date. The magnitude of the coefficient on ln(DO) in this model is very similar to that in our
baseline model in column 1 of Table 3. Results from column 2 of Table A.10 suggest statistically
insignificant MWTP for local DO increases 6 months prior to a sale. Column 3 indicates (counterintuitively) that local DO improvements 3 months prior to a sale are actually associated with lower
property prices. Property transactions can take several months, so homeowners may have no or low
MWTP for local DO increases while waiting to close transactions. However, we would not expect
water pollution abatement to reduce property values in this shortest window. The coefficients on
ECS jt in Table A.10 show consistently that homeowners have positive and statistically significant
values for recreational utility (a function of Bay water quality), and that these values are robust to
varying time windows prior to a sale, though somewhat smaller than in our baseline model.

17

The number of observations varies by specification in Table A.10 because the number of repeat sales
for which we are able to estimate average water quality in each time window varies. Note that the 12-month
moving DO average (column 1) actually gives us a larger sample than the models in Table 3 (which use
average DO in the calendar year of each property transaction). Also, in Table A.10, as the time window for
calculating the DO average shrinks, so does the sample. This is due to the fact that some monitors do not
report very frequently, and properties are dropped from the sample when there are no DO observations in
the relevant time window.
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7

Discussion and Conclusions
Our empirical results demonstrate that valuation of water pollution abatement using hedonic

analysis is strongly downward-biased if recreational waters are omitted, and if they are included
but the analysis ignores actual recreation behavior. Taken together, our integrated two-stage model
and robustness checks suggest that increases in dissolved oxygen (DO) improve both recreational
and aesthetic amenities and that homeowners in Tampa Bay have significant MWTP for both of
these improvements. Our baseline MWTP estimates for recreational water quality improvements
in Tampa Bay from 1998-2014 are much larger than our estimates of MWTP for local amenity
improvements. The two effects appear to be separable in Tampa Bay, suggesting prior hedonic
studies of the value of water quality could provide unbiased estimates of local amenity values, but
may exclude the potentially much larger regional recreational values.
From 1998-2014, the average DO concentration in the Tampa Bay region increased by about
10%. Table 5 summarizes our monetized benefit estimates for this water quality improvement.
Using the property FE estimates reported in column 1 of Table 3 (panel A), the local amenity
benefits from this improvement range from about $16.8 million if we apply them only to our sample
households, to about $210.4 million if we apply them to all owner-occupied households in the Tampa
Bay metro area in the 2010 Census (U.S. Department of Housing and Urban Development 2015).
In contrast, when we use the two-stage model coefficient estimates to also monetize the recreation
benefits from DO improvements over the 16-year study period, our benefit estimates range from
$1.5 to $19.3 billion, depending on the scope of the property market to which these benefits accrue.
In panel B of Table 5 we use the long-difference estimates from Table 4 for the same exercise.
The monetized estimates of MWTP for a 10% local DO improvement range from $6.4 to $356.3
million, depending on the geographic scope of homeowners to whom benefits accrue. The MWTP
estimates for recreational improvements are substantially smaller than those calculated from our
baseline estimates (from $20.4 million considering only our long-difference sample properties to $1.2
billion for the whole Tampa metro area). At the low end, they are smaller due to both a much
smaller repeat-sales sample, and smaller coefficient estimates. At the high end, the difference is due
only to our differences in estimates.
How do these benefit estimates compare to the costs that firms, homeowners, governments
(taxpayers), and other stakeholders incurred to achieve the water quality gains observed in the
Tampa Bay watershed between 1998 and 2014? There are several challenges to answering this
question. First, the water pollution control projects that contributed to DO gains over this period
were incredibly diverse in scope and type, implemented by dozens of different public and private
sector institutions (Beck et al. 2019). Second, the impact of each project has not been rigorously
evaluated to determine its causal impact on water quality. One working paper suggests that some
types of projects, particularly point-source nitrogen controls, may be statistically associated with
subsequent water quality improvements at downstream water quality monitors over time (Beck et al.
2019). Other approaches (for example, nonpoint source control and habitat restoration projects)
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Table 5: Range of monetized benefit estimates for the observed 10% increase in average DO
concentration in the Tampa Bay watershed, 1998-2014
Panel A: Benefit estimates using coefficient estimates from property fixed-effects model
Water
quality benefit
Amenity benefit
Recreational benefit
Amenity + recreational
benefit

WTP
– sample households only

WTP
WTP
– all repeat sales, 1998-2014 –Tampa Bay metro area

$261 x 64,353 = $16.8
million
$23,980 x 64,353 = $1.54
billion
$24,241 x 64,353 = $1.56
billion

$261 x 170,192 = $44.4
million
$23,980 x 170,192 = $4.08
billion
$24,241 x 170,192 = $4.13
billion

$261 x 806,000 = $210.4
million
$23,980 x 806,000 = $19.3
billion
$24,241 x 806,000 = $19.5
billion

Panel B: Benefit estimates using coefficient estimates from long difference model
Water
quality benefit
Amenity benefit
Recreational benefit
Amenity + recreational
benefit

WTP
– sample households only

WTP
WTP
– all repeat sales, 1998-2014 –Tampa Bay metro area

$442 x 14,390 = $6.36
million
$979 x 14,390 = $14.1
million
$1,421 x 14,390 = $20.4
million

$442 x 170,192 = $75.2
million
$979 x 170,192 = $167
million
$1,421 x 170,192 = $242
million

$442 x 806,000 = $356.3
million
$979 x 806,000 = $789
million
$1,421 x 806,000 = $1.15
billion

Notes: Sample households in panel A column 1 are the 64,353 homes sold twice or more in Hillsborough,
Pinellas and Manatee counties from 1998-2014, and for which we also observe water quality variables and
estimate the zip-code-level annual recreational utility index. Sample households in panel B column 1 are
the 14,390 homes sold at least once between 1998-2003 and at least once between 2009-2014, and for which
we also observe water quality variables and estimate the zip-code-level recreational utility index. All repeat
sales in column 2 include all 170,192 homes sold twice or more in the three counties, 1998-2014. This
includes properties dropped from our sample due to missing water quality or recreational visitation data.
All homeowners in the Tampa Bay metro area in column 3 include the approximately 806,000 owner-occupied
households in the 2010 Census in the Tampa-St. Petersburg-Clearwater metro area (U.S. Department of
Housing and Urban Development 2015), which includes Hillsborough and Pinellas counties, as well as two
counties excluded from our sample (Hernando and Pasco), and excludes Manatee County (which is in our
sample). The amenity and recreational benefit estimates are calculated using the estimated coefficients from
models reported in column 1 of Table 3 for panel A, and those reported in column 1 of Table 4 for panel B.

may be less strongly associated with water quality improvements (Beck et al. 2019). However, we
are not able to determine which projects actually caused the water quality improvements we observe
in the data, and for which we estimate Tampa property owners’ MWTP.
From the Tampa Bay Estuary Program, we obtained a catalog of the more than 800 projects
implemented between 1971 and 2017. If we consider only those 600 projects implemented between
1998 and 2014 (our study period), and only those for which cost estimates exist (311 projects),
the costs of these projects sum to about $585 million, about 8% of our estimated benefits for all
repeat-sales properties between 1998 and 2014, using the property FE results in panel A of Table
5. Using the long-difference results in panel B, estimated benefits are about 24% lower than this
very rough cost estimate. If the benefits accrued more broadly—to all owner-occupied single-family
homes in the metro area—then the benefits are about twice the costs, even using the long-difference
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results, which as noted earlier drop transactions for many properties with high average recreational
utility. These are very favorable benefit-cost ratios when compared to other water quality benefitcost analyses in the literature (Keiser & Shapiro 2019b,a, Keiser et al. 2019).
Though our benefit estimates are more comprehensive than prior work using hedonics or recreation demand modeling, they are still incomplete. We exclude the recreational fishing benefits that
improved water quality has afforded non-residents such as tourists visiting Tampa Bay, as we used
only the MRIP survey data for anglers whose trips originated from zip codes in the three sample
counties. Mitigating eutrophication also reduces emissions of methane, a greenhouse gas (Beaulieu
et al. 2019), which could be valued using estimates of the social costs of GHGs and would almost
certainly not be capitalized into local property prices. Moreover, the rebound in seagrass coverage
in Tampa Bay results in additional nitrogen removal (as these healthy plants absorb nutrients for
growth), generating a positive feedback. Scientists have estimated that the additional nitrogen removal services associated with the rebound in seagrass in Tampa Bay between 1982 and 2010 has,
itself, removed enough nitrogen from the Bay to avert more than $20 million per year in expenditures for additional denitrification by municipal wastewater treatment plants and other sources
(Russsell & Greening 2019). These kinds of avoided costs are also unlikely to be capitalized into
local housing prices, as it would be difficult for homeowners to be aware of them. Thus, our benefit
estimates are almost surely conservative.
We cannot assess the quality of the 311 available nutrient project cost estimates from the TBEP,
or the projects for which costs have not been estimated. In addition, projects implemented before
1998 may contribute to the water quality changes we observe after 1998. Thus, costs may be overor under-estimated.
This work adds to our understanding of how people value water quality improvements, especially
nutrient pollution abatement. Eutrophication, a consequence of nutrient pollution, may cause large
economic damages in the United States and elsewhere. Many local, state and federal regulations have
been implemented to address this problem. Further work to help policymakers better understand
how people value nutrient pollution abatement, and how these values are capitalized in housing
markets, can contribute to a more comprehensive evaluation of such regulations.
We also contribute to the literature on hedonic valuation of pollution control, more generally. We
estimate the first hedonic model valuing water quality that controls comprehensively and flexibly for
property characteristics, using two different approaches. Our long-difference hedonics approach may
comport better with hedonic theory than other approaches in the literature, given that the hedonic
model considers the property location decision in long-run equilibrium. Lacking data on recreation
site visitation at the property level—likely a problem faced by other researchers examining similar
questions, unless they implement a household survey—we use multiple imputation to address the
resulting measurement error relative to recreation data observed by property. These innovations
may enable future work valuing water pollution and pollution control with a broader geographic
scope than we have examined in this paper.
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Figure A.1: Location of fishing sites and Tampa Bay water quality monitors
Notes: Water shapefiles data from the Tampa Bay Water Atlas website. We use the Gulf of Mexico
and Bay waterbodies to define Tampa Bay. We then spatially join water quality monitors from
STORET with the Tampa Bay shapefile to define Tampa Bay monitors. Fishing site locations are
from the MRIP dataset, and zip code boundaries are from the U.S. Census Bureau.
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Table A.1: Additional water quality descriptive statistics
Dissolved oxygen
mean

5.94026

min

0

5th percentile

1.68

95th

8.89

max

28740

# of
obs (without missing)

209336

monitoring sites

5913

mean readings per monitor per year

53

mean readings per monitoring site

443

mean years per monitoring site

8

missing

44

yearly average
# of obs

22714

mean

5.92772

min

0

5th percentile

2.5265

95th percentile

8.725

max

10.8
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Table A.2: Summary statistics by DO level in nearby water
Variable

DO ≥ 5mg/L

DO level

6.786
(4.76)
ECSjt
35.88
(2.64 )
Property age
32.16
(20.44)
Price (2014 dollars)
235534.5
(158425.1)
Distance to local water 896.36
(1052.92 )
Distance to Tampa Bay 14479.78
(13633.68)
Local water front
0.046
(0.209 )
Tampa Bay front
0.0107
(0.103)
N
94,684

DO<5mg/L

Full sample

3.995***
(0.781)
36.16***
(1.96)
34.48***
(22.08)
218013.8***
(147162.2)
987.95***
(1004.02)
16836.08***
(17619.91 )
0.046
(0.209 )
0.011
(0.105 )
52,219

5.792
(4.075)
35.98
(2.42)
32.99
(21.07)
229306.5
(154742.5)
928.92
(1036.73)
15317.35
(15212.89)
0.046
(0.209)
0.0109
(0.104)
146,903

3.131***
(0.815)
2.042***
(0.703)
1.172***
(0.407)
1697.05***
(663.30)
0.230***
(0.269)
31,660

3.17
(0.811)
2.069
(0.687)
1.177
(0.407)
1731.83
(670.02)
0.267
(0.407)
65,301

Hillsborough County
Number of bedrooms
Number of bathrooms
Number of stories
Heated area
Lot acreage
N

3.208
(0.806)
2.095
(0.671)
1.181
(0.408)
1764.56
(674.65)
0.292
(0.478)
33,641

Notes: Means, with standard deviations in parentheses, for observations used in
regression analysis. Asterisks in column 2 indicate significant difference in means
between the two groups, according to a t-test for difference in means.
* p < 0.10; ** p < 0.05; *** p < 0.01.
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Table A.3: First-stage recreation demand model with DO dummy
(1)
Travel cost (3km)
Travel cost (US dollars)

(2)
Travel time (3km)

-0.110***
(0.00078)

(3)
Travel cost (5km)
-0.113***
(0.00080)

Travel time (minutes)
0.184***
(0.0289)
Seagrass abundance
-0.164***
(0.0104)
Alternative-specific constants Yes

-0.0639***
(0.00044)
0.208***
(0.0287)
-0.128***
(0.0103)
Yes

-0.034
(0.0376)
-0.139***
(0.0104)
Yes

Observations

1,765,796

1,801,615

DO > 5mg/L

1,765,796

Standard errors in parentheses.
* p < 0.1; ** p < 0.05; *** p < 0.01.

Notes: Models are estimated using conditional logit, with a choice set of 85 fishing sites visited
during the study period. Columns 1 and 2 link fishing sites to Tampa Bay water quality monitors
within 3km. Column 3 links sites with monitors within 5km. Travel cost is estimated as the sum
of the value of travel time (1/3 of foregone wages times round-trip travel time) and the operational
cost of travel (AAA’s driving cost times round-trip distance).
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Table A.4: Hedonic results without property fixed effects (Hillsborough County)
(1)
Basic 3km
ln(DO)

(2)
No ECSjt 3km

-0.00293
(0.00295)

DO ≥ 5mg/L

-0.00330
(0.00298)
ECSjt
-0.314***
-0.310**
(0.0889)
(0.101)
Property age
-0.00338*** -0.00339***
(0.000172)
(0.000174)
Lot acreage
0.0282***
0.0288***
(0.00747)
(0.00762)
Heated area
0.000563*** 0.000563****
(0.00000669) (0.00000626)
Number of bedrooms -0.0296***
-0.0295***
(0.00425)
(0.00424)
Number of bathrooms 0.102***
0.101***
(0.00568)
(0.00574)
Number of stories
-0.0643***
-0.0642***
(0.00686)
(0.00680)
Property FE
Year FE
N
R-squared

No
Yes
65,301
0.704

No
Yes
65,301
0.704

* p<0.10, ** p<0.05, *** p<0.01

Notes: Dependent variable is the log property transaction price. Both columns use a 3-km radius to define
average water quality around properties. Reported coefficient estimates and standard errors are obtained
using multiple imputation, using methods described in Section 5.2.1. Standard errors are clustered by
property.
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Table A.5: Second-stage hedonic regression results with DO dummy
(1)
Basic
3km

(2)
No ECSjt
3km

(3)
Basic
5km

(4)
Travel time
for ECSjt

(5)
County
time trend

(6)
Subdiv.
time trend

0.00729***
(0.00256)
0.264***
(0.0827)
-0.0122***
(0.00334)

0.00722***
(0.00257)

-0.0122***
(0.00334)

0.00468*
(0.00252)
0.161**
(0.0810)
-0.0104***
(0.00314)

0.00746***
(0.00256)
0.115**
(0.0453)
-0.0122***
(0.00334)

0.00452*
(0.00256)
0.0639
(0.0773)
-0.0135***
(0.00332)

0.00243
(0.00272)
0.0267
(0.0866)
-0.0139***
(0.00342)

Property FE
Year FE
County year trend
Subdivision year trend
N
R-squared

Yes
Yes
No
No
146,903
0.626

Yes
Yes
No
No
146,903
0.626

Yes
Yes
No
No
183,582
0.627

Yes
Yes
No
No
146,903
0.626

Yes
Yes
Yes
No
146,903
0.632

Yes
Yes
No
Yes
125,276
0.631

MWTP for local DO ≥ 5 mg/L ($)
MWTP for Tampa Bay DO ≥ 5 mg/L ($)

1,672
101,227

1,656
N/A

1,073
61,734

1,711
44,096

1,036
24,502

557
10,123

DO ≥ 5 mg/L
ECSjt
Property age

52

Standard errors in parentheses.
* p<0.10, ** p<0.05, *** p<0.01

Notes: The dependent variable is the log property transaction price. Column 1 uses a 3-km radius to define average water quality around
properties. Column 2 drops the recreational utility index, ECSjt . Column 3 repeats column 1, using a 5-km instead of a 3-km radius to
define average water quality around properties. N rises in column 3 because more repeat sales are located within 5 km of at least one
water quality monitor than within 3 km. Column 4 uses travel time instead of travel cost in the first stage to estimate ECSjt . Column
5 includes county*year trends as additional controls. Column 6 includes census subdivision*year trends. Reported coefficient estimates
and standard errors are obtained using multiple imputation, using methods described in detail in Section 5.2.1.

Table A.6: Second-stage long difference models with varying definitions of period a and period b

∆ln(DO)
∆ECS
∆Property age

53

Property FE
Year FE
Cluster SE level
N
R-square

(1)
Longer time
SE property

(2)
(3)
Longer time
Half time
SE zipcode SE property

0.0295∗∗∗
(0.00764)
0.0241∗∗∗
(0.00142)
0.0585∗∗∗
(0.00190)

0.0295
(0.0267)
0.0241∗∗∗
(0.00281)
0.0585∗∗∗
(0.00425)

0.0273∗∗∗
(0.00767)
0.0240***
(0.00141)
0.0573∗∗∗
(0.00186)

0.0273
(0.0264)
0.0240∗∗∗
(0.00285)
0.0573∗∗∗
(0.00418)

Yes
No
Property
27,452
0.272

Yes
No
Zipcode
27,452
0.272

Yes
No
Property
34,571
0.177

Yes
No
Zipcode
34,571
0.177

980
3,083

907
3,070

907
3,070

MWTP for 1 mg/L local DO ($)
980
MWTP for 1 mg/L Tampa Bay DO ($) 3,083

(4)
Half time
SE zipcode

* p<0.10, ** p<0.05, *** p<0.01

Notes: Dependent variable is the log property price. Columns 1 and 2 define period a as 1998-2006, and period b as 2009-2014. Columns
3 and 4 define period a as 1998-2007, and period b as 2008-2014. Reported coefficient estimates and standard errors are obtained using
multiple imputation, using methods described in Section 5.2.1. Robust standard errors are clustered by property or by zip code, as labeled
in each column.

Table A.7: Hedonic model with proximity to water

ln(DO)

(1)

(2)

Property FE

Long difference

0.0160***
(0.00515)

ln(DO) × Distance to local water

-0.00217
(0.00160)

ECS jt

0.354***
(0.0832)

ECS jt × Distance to Tampa Bay

-2.06e07***
(2.74e-08)

Property age

-0.0123***
(0.00331)

∆ln(DO)

0.0309***
(0.00536)

∆ln(DO) × Distance to local water

-0.00319
(0.00366)

∆ECSj

0.0119***
(0.00183)

∆ECSj × Distance to Tampa Bay

1.98e-09
(6.13e-08)

∆ Property age

0.0351***
(0.00178)

Property FE

Yes

No

Year FE

Yes

No

N

146,903

14,390

R-Squared

0.627

0.049

Robust standard errors in parentheses are clustered by property.
* p<0.10, ** p<0.05, *** p<0.01.
Notes: Column 1 includes interactions of ln(DO) with the distance from a property to local water and of
ECS jt with the distance from a property to Tampa Bay. Column 2 is the long difference model with the
same interaction terms. Reported coefficient estimates and standard errors are obtained using multiple
imputation, using methods described in Section 5.2.1.
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Table A.8: Hedonic model and long difference model with park water quality monitors

ln(DO)

(1)

(2)

Hedonic model

Long difference model

0.0185
(0.0123)

ECS jt

1.161***
(0.221)

ln(parkDO)

-0.0252**
(0.0117)

Property age

-0.109***
(0.0223)

∆ln(DO)

0.000598
(0.0183)

∆ECSj

0.0209***
(0.00228)

∆ln(parkDO)

0.177***
(0.0222)

∆ Property age

0.0410***
(0.00313)

Property FE

Yes

No

Year FE

Yes

No

N

41,618

3,590

R-squared

0.622

0.054

* p<0.10, ** p<0.05, *** p<0.01.
Notes: Dependent variable is the log property transaction price. Reported coefficient estimates and standard
errors are obtained using multiple imputation, using methods described in Section 5.2.1. Robust standard
errors are clustered by property.
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Table A.9: Estimated coefficients for local DO using smaller radii for monitors

5km monitors
(N=183,582)
3km monitors
(N=146,903)
1km monitors
(N=32,996)
500m monitors
(N=18,403)
300m monitors
(N=3,056)

(1)
Property FE
Continuous DO

(2)
Property FE
DO ≥ 5 mg/L

-7.03e-06
(0.00390)
0.0114***
(0.00307)
0.0158*
(0.00865)
0.0249***
(0.00956)
0.00623
(0.0216)

0.00422*
(0.00251)
0.00729***
(0.00256)
0.0187***
(0.00587)
0.0282***
(0.00743)
0.0235
(0.0178)

(3)
Long difference
Continuous DO
5km monitors
(N=19,210)
3km monitors
(N=14,390)
1km monitors
(N=2,515)
500m monitors
(N=1,438)
300m monitors
(N=205)

0.0486***
(0.00999)
0.0226***
(0.00645)
0.00274
(0.0316)
-0.0430
(0.0342)
0.0222
(0.0707)

* p<0.10, ** p<0.05, *** p<0.01.
Notes: Dependent variable is the log property transaction price in columns 1 and 2, and the log longdifference in price in column 3. Only lnDO coefficients are reported, but columns 1 and 2 contain the
same covariates as Table 3, column 1, and column 3 contains the same covariates as Table 4, column
1. Reported coefficient estimates and standard errors are obtained using multiple imputation, using
methods described in Section 5.2.1. Robust standard errors are clustered by property.

Table A.10: Hedonic regression results using DO moving averages
(1)
1 year

(2)
6 months

ln(DO)

(3)
3 months

0.0106*** -0.000246
(0.00350)
(0.00347)
ECSjt
0.154**
0.163**
(0.0677)
(0.0743)
Property age -0.0121*** -0.0122***
(0.00329)
(0.00329)

-0.00796**
(0.00319)
0.174**
(0.0833)
-0.0122***
(0.00329)

N
R-square

133,027
0.612

162,765
0.604

147,489
0.610

* p<0.10, ** p<0.05, *** p<0.01.
Notes: Dependent variable is the log property transaction
price. Columns 1-3 average local and recreational water quality 12 months, 6 months, and 3 months prior to each property
transaction, respectively. Reported coefficient estimates and
standard errors are obtained using multiple imputation, using
methods described in Section 5.2.1. Robust standard errors
are clustered by property.
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