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Abstract

[bookmark: _Hlk86760682]Lake Erie has experienced unprecedented harmful algal blooms since the early 2000s, prompting the 2012 Great Lakes Water Quality Agreement between the United States and Canada, which aims to reduce lake-wide phosphorous loadings by 40%. Little is known about the economic benefits from this agreement, especially to near lake homeowners. We provide key information on the benefits of harmful algal bloom cleanup by linking housing transactions in 2003 to 2015 from seven Ohio counties bordering Lake Erie with measures of water quality using remote-sensing images. We further control for endogenous algae production using instrumental variables derived from hydrological processes that link Maumee River runoff to nutrient concentrations in Lake Erie. Using a semiparametric approach, we find the impact of harmful algal blooms on housing prices is spatially limited to properties within 1.2 kilometers of Lake Erie. For the average near lake homeowner, a 1 μg/L increase in algae concentrations is expected to decrease property values by 1.7% ($2,205). In aggregate, fulfilling the Great Lakes Water Quality Agreement will provide a yearly benefit of up to $42.9 million, fully covering the current annual expenditure on water quality improvement. 
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Staying afloat: The effect of algae contamination on Lake Erie housing prices

Freshwater lakes contribute significantly to the health and well-being of humans and sustainable ecosystems. Lake Erie (Figure 1) is one of the largest and most influential lakes in the United States as it is the primary source of drinking water for over 11 million people, provides essential ecosystem services to humans through recreation and tourism, and is a habitat for hundreds of aquatic flora and fauna. Lake Erie also supports a housing market with over 15,000 lake adjacent properties (Wang et al. 2019) and a multibillion-dollar recreation industry that employs 128,000 people, generates $15 billion in tourism revenue, and contributes $1.9 billion in taxes annually to the State of Ohio (Markey 2018). 
     These essential economic and ecosystem services are in jeopardy, however, due to the emergence and spread of harmful algal blooms (HABs) in Lake Erie’s western basin. HABs have been a growing concern for scientists, policy makers, and lake communities since the early 2000s when toxin-producing cyanobacteria covered 170 square kilometers of the lake. Since then, water conditions have worsened with a record-breaking bloom in 2011 covering over 3000 square kilometers (Stumpf et al. 2012). This expansion has weakened the lake ecosystem by disrupting food web dynamics (Davis et al. 2012), creating hypoxic zones (Scavia et al. 2014), and destroying freshwater habitat (Griffith and Gobler 2020). The extent and gravity of this problem led to the development of a HAB advisory system that alerts residents of toxic outbreaks at public beaches, access points, and within public water systems as ingestion of HAB toxins can lead to a myriad of health problems (Trevino-Garrison et al. 2015; Carmichael and Boyer 2016).
[bookmark: _Hlk74140560]     HABs have also had a significant impact on recreation and tourism in lake-dependent communities. Persistent HABs have decreased the number of Ohio fishing licenses sold by up to 3,600 per year (Wolf, Georgic, and Klaiber 2017), with a complete closure of the western basin costing anglers $62.8 million[footnoteRef:4] annually (Wolf et al. 2019). Anglers are willing to pay $9.20 more per trip to avoid boating through HABs (Zhang and Sohngen 2018), while waterfront restaurants and lodging establishments have experienced a 29% to 35% decline in revenue during months with persistent HABs (Larkin and Adams 2007). Local communities have responded by investing over $1 billion in municipal water treatment plants since 2014 (Arenschield 2015) and have allocated $30 million per year in federal aid towards lake restoration projects (Sohngen 2018). [4: All values cited in the text are converted into 2010 dollars using the Consumer Price Index or National Case-Shiller Home Price Index.] 

[bookmark: _Hlk66808046]     The environmental, economic, and health impacts of HABs are exacerbated by climate change as hotter summers and wetter springs create more favorable HAB growing conditions (Wells et al. 2015; Paerl et al. 2016). To mitigate future risk, the United States and Canada signed the 2012 Great Lakes Water Quality Agreement (GLWQA) to reduce spring phosphorous loadings by 40% by the year 2025 (GLWQA 2016).  However, there is little consensus on how this goal should be met, with proposed management solutions ranging from installation of riparian buffer zones in ecologically sensitive areas (Scavia et al. 2016) to a tax on fertilizer use (Sohngen et al. 2015; Liu et al. 2020). Assessing the cost-effectiveness and distributional consequences of alternative policies is also challenging. A fertilizer tax on phosphorus for example could be effective in reducing nutrient runoff (Sohngen et al. 2015; Liu et al. 2020) but is politically challenging as most of the burden is placed on farmers living in the Lake Erie watershed.
     Recovering reliable water quality benefit estimates is a necessary input to evaluate alternative HAB management policies. The value of water quality can be partially recovered from housing transactions where improvements in water quality are capitalized in higher home values (Poor, Pessagno, and Paul 2007; Walsh et al. 2017; Wolf and Klaiber 2017). Secchi depth is a commonly used water quality measure (Gibbs et al. 2002; Walsh, Milon, and Scrogin 2011; Liu et al. 2019) because of the scale and accessibility of in situ monitoring data across the United States (Wolf and Kemp 2021), with property values increasing between $498 (Walsh, Milon, and Scrogin 2011) and $11,330 (Moore et al. 2020) for a one-foot improvement in water transparency. This effect is spatially limited to homes near a waterbody (Walsh, Milon, and Scrogin 2011; Walsh et al. 2017; Wolf and Klaiber 2017) and will vary with ambient water conditions, with greater gains from water quality improvement observed at lower ambient conditions (Smeltzer and Heiskary 1990; Boyle, Poor, and Taylor 1999; Zhang, Boyle, and Kuminoff 2015).
     Abrupt water quality changes, caused by a HAB or a combined sewer overflow event for example, will influence not only water transparency but also affect water odor and toxicity. In these cases, alternative water quality measures to Secchi depth are useful to capture homeowner perceptions. In a study of four Ohio inland lakes, microcystin, a freshwater toxin linked to HAB formation, was used to recover marginal willingness to pay (MWTP) measures for near lake homeowners (Wolf and Klaiber 2017) and applied within a Lake Erie policy report to estimate waterfront property value losses (Wang et al. 2019). In a study of the Chesapeake Bay where nitrogen is the limiting nutrient in algal formation, dissolved inorganic nitrogen was linked to housing prices to recover homeowner MWTP (Poor, Pessagno, and Paul 2007). In this paper, we adopt Chlorophyll a (CHLA) as our water quality measure as CHLA is a biomarker for HABs.
     A longstanding challenge with conventional hedonic analyses is the ability to causally identify housing market impacts using imperfect measures of environmental quality (Chay and Greenstone 2005; Gopalakrishnan et al. 2011; Gamper-Rabindran and Timmins 2011). Measurement error is a potential source of bias for water quality (Moore et al. 2020) as conventional valuation measures can be up to one order of magnitude larger when instrumental variables are employed (Keiser 2019). The lack of a consensus on how water quality should be aggregated across space and time is also a potential source of error and can result in contradictory conclusions with some finding homeowners more responsive to local measures (Walsh et al. 2017; Wolf and Klaiber 2017), while others finding the opposite (Liu, Opaluch, and Uchida 2017). 
     Omitted variable bias is also a concern, especially for larger waterbodies where a wide range of factors influence water quality. In Lake Erie, for example, spatial and temporal heterogeneity in water quality is driven by weather (Michalak et al. 2013), shoreline morphology (Moses et al. 2011), hydrodynamics (Manning et al. 2019), tributary loads (Wynne and Stumpf 2015), ice coverage from the preceding winter (Watson et al. 2015), water depth and temperature (Watson et al. 2015) and, amongst other things, the spread of invasive mussels (Vanderploeg et al. 2001; Jiang et al. 2015). The latter two are perhaps the most problematic as invasive mussels (Johnson and Meder 2013) and local water temperature/depth (Bejranonda et al. 1999; Netusil, Kincaid, and Chang 2014; Klemick et al. 2018) are directly capitalized in home values. Ice-coverage could also be a confounding factor as it influences the length of the HAB season (Watson et al. 2015) and is a housing price determinant for households that engage in winter recreational activities, though no study has attempted to value this amenity.[footnoteRef:5]        [5: Lake Erie experienced significant changes in water depth, surface temperature, and ice-coverage over the last 20 years, with conditions fluctuating by 3.2 feet, 10°F, and 83.7% respectively (NOAA 2020a; NOAA 2020b; NOAA 2020c). Historical measurements for these conditions are not available at a high spatial and temporal resolution, however.] 

[bookmark: _Hlk66772481][bookmark: _Hlk74138510][bookmark: _Hlk74140374][bookmark: _Hlk86761156][bookmark: _Hlk86761197]     We make three contributions to the literature on water quality valuation. First, we apply a semiparametric approach (Linden and Rockoff 2008; Currie et al. 2015; Muehlenbachs, Spiller, and Timmins 2015; Haninger, Ma, and Timmins 2017) to determine the spatial extent of water quality impacts on nearby homeowners. We are the first to apply this methodology to value water quality in freshwater lakes, and our results indicate that HAB impacts are limited to properties within 1.2 kilometers of Lake Erie. Second, we address omitted variable and measurement error concerns by instrumenting for HAB conditions using asynchronous measures of upstream phosphorus loadings, similar to the methodology employed by Keiser (2019). Using this approach, we find property values for near lake homes decrease 1.7% ($2,205) when HAB concentrations increase by 1 μg/L. Finally, we estimate the potential benefits from water quality improvements associated with the GLWQA as well as potential losses from a laissez-faire approach in which HABs continue to worsen due to climate change. Meeting the 40% reduction in phosphorus under the GLWQA could increase aggregate property values by as much as $670 million. In contrast, under a business-as-usual scenario without intervention property values are expected to decrease by at least $394.5 million. 
II. Identifying Harmful Algal Blooms’ Impact on Property Values
[bookmark: _Hlk75345118]Estimation of the hedonic price function requires assumptions regarding the spatial extent of water quality capitalization. The existing literature explores a number of approaches to identify this extent including splitting the sample into increasing distance “donuts” (Walsh, Milon, and Scrogin 2011), including interaction terms between water quality and proximity (Walsh et al. 2017; Wolf and Klaiber 2017), and focusing only on lake adjacent homes (Boyle, Poor, and Taylor 1999; Gibbs et al. 2002; Zhang, Boyle, and Kuminoff 2015). As an alternative solution, we control for water quality attributes and structural, locational, seasonal, and yearly features of a housing sale parametrically before establishing a nonparametric relationship between lake proximity and housing price (Linden and Rockoff 2008; Currie et al. 2015; Muehlenbachs, Spiller, and Timmins 2015; Haninger, Ma, and Timmins 2017). 
Housing price residuals are estimated from the following regression:
(1) 
The natural log of housing price  sold in location  during period , given by , is regressed on a vector of housing attributes ,[footnoteRef:6] and month and year fixed effects  and , while  is a coefficient vector and  is an independent and randomly distributed error term.  [6:  includes all of the housing and water attributes listed in Table 1A of the Supplementary Appendix, except for Lake Erie proximity.] 

     A nonparametric relationship is then established between housing price and Lake Erie proximity using the residuals from equation (1) and a local linear estimator (Fan and Gijbels 1992).
(2)  
 is a measure of how far house  is from Lake Erie,  is an independent and randomly distributed error term, while  is a nonparametric function. One approach to estimating  is to fit the data locally by solving the following least squares problem:
(3) 
Equation (3) defines a  order polynomial regression estimated at the smoothing point . Observations closer to the smoothing point are given greater weight by the kernel function , while no weight is given to observations outside the kernel’s bandwidth window defined by the parameter . An estimate for in equation (2) is recovered by estimating equation (3) multiple times over different smoothing points. 
     The estimated constant term from each of these regressions  defines the position of the local regression at the smoothing point and is the parameter of interest as .[footnoteRef:7] The spatial extent of water quality impacts on housing prices can be determined by observing how the distance gradient evolves across space and finding where housing prices no longer respond to lake proximity.  [7: We estimate a local linear estimator () using an Epanechnikov kernel function and a bandwidth equal to 100 meters. Our results are robust to larger and smaller bandwidths, different kernel functions, and higher and lower ordered polynomial functions.] 

     Having established the spatial extent of water quality capitalization, we estimate a first-stage hedonic price function (Rosen 1974; Bishop et al. 2020) to recover the implicit price for HABs. Interactions between home buyers and home sellers define a price schedule that relates the price of a house to its attributes:
(4) 
, ,  are as defined as before,  includes property and locational attributes along with a measure of lake proximity (see Table A1 of the Supplementary Appendix),  is a vector of census block group fixed effects,  is a vector of parameters describing the shape of the hedonic price function, while  is an idiosyncratic and independently distributed error term. Spatial and temporal fixed effects are included to control for unobservable shifters, limiting identification to variation across time but within the extent of the spatial fixed effects.  
[bookmark: _Hlk67923236]     Proximity measures to the lake and nearest boat ramp, highway, and city are included in  with log transformation to capture nonlinear proximity effects to local amenities as observed in other housing markets (Walsh, Milon, and Scrogin 2011; Wolf and Klaiber 2017). We do not have any prior expectations on the relationship between housing price and boat ramp proximity as boat ramps provide access to recreational opportunities but can also be a source of congestion (Timmins and Murdock 2007), while we expect housing prices to increase with highway distance. Two continuous measures of water quality are included in equation (4) with log transformation:  and .  is our variable of interest and is a measure of HABs derived from remote-sensing data, while  is a measure of E. Coli computed from in situ water samples and is included within  to control for other sources of water contamination that affect near Lake Erie homeowners. We discuss in detail how E. Coli and HAB data are merged to housing transactions in the following section. 
     To address omitted variable and measurement error concerns, equation (4) is estimated using two-stage least squares (2SLS):
(5) 
(6) 
[bookmark: _Hlk66780788]where  is an idiosyncratic and independently distributed error term,  and  instrument for  in equation (5), and the prediction from equation (5) is added as a regressor in equation (6). By instrumenting for , we are able to correct for time-varying sources of bias as well as measurement error that would otherwise be unaccounted for in the standard fixed effects model. It is difficult to determine which source of bias is more problematic, however, as we cannot disentangle one source of bias from the other. Following the causal estimation of , the relationship between housing price and HABs can be recovered by taking the derivative of the hedonic price equilibrium with respect to . We drop the subscripts , , and  from here on for brevity.
     Valid instruments for HABs are variables that are correlated with HAB production but uncorrelated with property values. Measures of total phosphorus (TP) from the Maumee River meet these two requirements. Regarding the first requirement (relevance), TP from the Maumee River is expected to be positively correlated with HABs. The Maumee watershed is primarily used for agricultural purposes as approximately 80% of the land is used for farming (Richards, Calhoun, and Matisoff 2002). As heavy rain hits this watershed, some of the phosphorus and nitrogen applied to the land is leached out and transported to Lake Erie via the Maumee River (see Figure 1). Larger and more frequent loads in turn create more favorable HAB conditions by increasing a limiting nutrient needed for algal production (Stumpf et al. 2012; Michalak et al. 2013; Zhou et al. 2013). It is unlikely that TP from the Maumee River is directly correlated with housing price as the majority of homes near Lake Erie are far from the river,[footnoteRef:8] TP measurements are not contemporaneous with the timing of sales and HAB measures, and while home buyers are concerned about water quality, the amount of TP discharged into the lake is unlikely to impact decisions other than through their impact on HAB growth.   [8: The average distance to the drainage point in our sample is 129 kilometers.] 

      It is important to note that an instrumental variables approach could replace one biased coefficient with another if measurement error in the instrument is correlated with measurement error in the HAB measure. We do not suspect this to be the case, however, as the HAB and TP data come from two completely different sources. HAB data is derived from blue and green light reflected in satellite images, while concentrations of TP are recorded from water samples taken directly from the Maumee River. Both the HAB and TP data are likely measured with some error but for inherently different reasons (Abbott and Letelier 1999; Kovar and Pierzynski 2009; Moore, Campbell, and Dowell 2009; Dierssen 2010), while the process to identify and remove errant observations follows a different set of guidelines for each measure (Abbott and Letelier 1999; National Center for Water Quality Research 2021). Finally, we note that our results are robust to various data aggregation strategies which would likely induce large changes in the coefficient of interest if measurement error correlation were strong. We discuss where both data sources come from in the following section, while sensitivity to data aggregation methodology is reported in the results section.

III. Lake Erie Water Quality and Housing Transactions Data
Transaction data from single family residences are combined with remote-sensing water quality data to estimate the capitalized effect of HABs on near-lake homes. We collect housing transactions data from county auditor and tax offices covering the 7 counties highlighted in Figure 1 and augment it with detailed structural data purchased from the private data vendor CoreLogic. Records from this dataset include historic sales information, a geolocation, and structural characteristics for each property sold between 2003 and 2015. Potential house flippers, houses with outlier structural characteristics[footnoteRef:9], and homes labeled as vacant, or delinquent are removed to limit sources of bias.  [9: Any observation with a covariate value in the 1st or 99th percentile was removed from the sample to eliminate outliers.] 

     Additional spatial characteristics are added to each housing transaction using its geolocation obtained from parcel shapefiles. Block group IDs are attached to each property using census shapefiles, while a continuous measure of Lake Erie proximity is calculated using shapefiles from the United States Geological Survey (USGS)’s National Hydrography Dataset. Lake adjacent homes are assigned the same distance value of 20 meters. We also compute proximity measures to the nearest boat ramp, highway, and major city (Cleveland or Toledo) using GIS and shapefiles from the Ohio Department of Natural Resources (ODNR) and the census. Housing summary statistics for near lake homes are provided in Table 1, while a description of the variables and their data sources are given in Table A1 of the Supplementary Appendix.
[bookmark: _Hlk67922988]     CHLA data are obtained from 8-day composite raster images spanning 2003 to 2014 for Lake Erie. This year-round data is derived from remote-sensing images captured on board NASA’s MODIS-Aqua satellite and is uniformly gridded into 4 km by 4 km raster cells by the NASA Ocean Color program.[footnoteRef:10] Raster images are not available for every 8-day period due to ice coverage, cloud interference, and mixed pixels. A snapshot of the time-varying CHLA data (average conditions in 2006 and 2011) is shown in Figure 2 and highlights the heterogeneity in water quality across space and time. There are 1,136 unique raster cells west of Ohio’s eastern border (80°31'10.9"W) where CHLA data are available, with the average raster cell having 1.22 CHLA measurements available per month. [10: 4 km by 4 km is the finest level of mapped data provided by NASA Ocean Color program. Although the grid size is measured at a low spatial resolution, it is less susceptible to errant satellite readings (Giardino et al. 2014; Wolf and Kemp 2021) and is representative of water quality at the block group level, which is the level at which we allow our HAB measure to vary spatially. CHLA data are free to the public and available to download at: https://oceandata.sci.gsfc.nasa.gov/MODIS-Aqua/Mapped/8-Day/4km/chlor_a/.] 

     CHLA is used as the primary indicator of HABs in Lake Erie as hydrologists define occurrences of blooms using CHLA (Rinta-Kanto et al. 2005; Becker et al. 2009; Davis et al. 2012), while the Ohio EPA (2016), the US EPA (EPA 2019), and the WHO (WHO 2003) issue HAB health advisories based on CHLA concentrations. The WHO and EPA categorize the chances of having acute health effects during recreational activities as “mild” when CHLA levels are below 10 μg/L, “moderate” when CHLA levels are between 10 μg/L and 50 μg/L, and “high” when CHLA levels are greater than 50 μg/L (EPA 2020). We therefore use the terms CHLA and HABs interchangeably throughout the text, though we acknowledge that CHLA may be an imperfect measure of HABs. 
[bookmark: _Hlk78875022]     CHLA measures are aggregated to the block group by year by month level by first finding the three closest satellite raster cells to each block group.[footnoteRef:11] CHLA readings taken over the past 6 months from these locations are then averaged and assigned to each housing transaction using the year, month, and block group in which the house sold.[footnoteRef:12] CHLA conditions observed 6 months preceding the sale of a home and close to the home’s block group are expected to influence housing price. We define CHLA at the block group level so it will match the spatial scale of the fixed effect. This ensures the coefficient of interest  is identified only from variation across time when spatial fixed effects are employed, removing spatially-varying sources of omitted variable bias. Summary statistics of the continuous HAB measure are provided in Table 1. [11: The average distance between the satellite raster cell and the block group centroid is 2.9 km, with a standard deviation of 1.9 km.]  [12: For the average house in the sample, their 6-month block group measure of CHLA is derived from 22 satellite readings. Our results are robust to a number of aggregation strategies, including using a 6-month rolling median as opposed to a 6-month rolling average, aggregating across the 5 closest neighbors and giving greater weight to more proximate raster cells. Results from these alternative specifications are consistent with those in the main text. We display three of these alternative specifications in Table A2 in the Supplementary Appendix.] 

     E. Coli data from 139 public access locations are collected from the Ohio Department of Health (ODH) and the EPA. Water samples are typically collected at least once a week during the summer months of May – September and are available from 2003 - 2015. We follow the same practice of attaching E. Coli data to housing transactions as we did with CHLA, though a 6-month median is derived from the three closest sampling locations as opposed to a 6-month mean as it provided a better statistical fit. Unlike CHLA, E. Coli data are not available year-round. For housing transactions with no E. Coli samples taken 6 months prior to their sale date, we attach E. Coli data from the closest available month before the sale date instead (Wolf and Klaiber 2017). 
     TP levels from Lake Erie’s largest tributary in Ohio (the Maumee River) are used as an instrument for HAB concentrations. We collect TP data from the USGS 04193500 monitoring station located in Waterville, Ohio (Figure 1). Monthly TP loads are calculated from daily readings using the flow-weighting procedure outlined in Richards et al. (2010). Using the monthly data, we create a 6-month mean TP measure. The natural log of TP is assigned to each housing transaction based on the year and month in which the property sold, though we offset TP 6 months from when the CHLA measures are taken to reflect the delayed relationship between the Maumee River and HABs (Stumpf et al. 2012; Wynne and Stumpf 2015; Sayers et al. 2019).[footnoteRef:13] We form a second instrument by interacting the 6-month rolling TP measure with , a measure of how far each block group centroid is to the end of Maumee River. This allows the effect of TP on HABs to vary with proximity to the Maumee River.  [13: TP 7 to 12 months prior to the sale month are used as an instrument for HAB conditions 1 to 6 months prior, in other words.] 


IV. Results

Figure 3 shows the estimated price gradient (equation (2)) used to determine the spatial extent of water quality impacts, with the solid line representing the hedonic price gradient associated with proximity to Lake Erie. 95% confidence intervals are also depicted in Figure 3 by the dashed black lines. Housing values decrease as one moves further from Lake Erie, reflecting the premium homeowners are willing to pay to live near and have quick access to Lake Erie. Eventually home values stabilize and are unresponsive to small changes in distance. This occurs around 1,200 meters when the 95% confidence interval crosses zero. Based on this result, we determine the spatial extent of water quality on property values to be 1.2 kilometers from the lake. 
     Similar housing price patterns are observed on other large waterbodies. For the Chesapeake Bay, price differentials extend up to 2 kilometers (Walsh et al. 2017), while in the Narragansett Bay property values respond to water quality change up to 1.5 kilometers away (Liu, Opaluch, and Uchida 2017). The size of the water body appears to influence this spatial threshold, with smaller waterbodies tending to have more localized effects. The spatial extent of water quality capitalization for the largest inland lake in Ohio – Grand Lake Saint Marys which has a surface area of 55  – is only 0.6 kilometers (Wolf and Klaiber 2017), while the hedonic gradient extends up to 1 kilometer away from freshwater lakes in Florida (Walsh, Milon, and Scrogin 2011). 
     We use the spatial patterns observed in Figure 3 to specify the hedonic market as consisting of homes within 1.2 kilometers of Lake Erie. Table 2 displays hedonic price coefficients for four separate models using this sample of 34,915 housing transactions. In the first column (Model 1) a hedonic price function is estimated using OLS with census block group fixed effects. In Model 2 – the baseline specification for equations (5) and (6) – HABs are instrumented using TP and TP interacted with distance to the Maumee River, while in Models 3 and 4 we instrument for HABs using 12-month and 18-month lagged TP.[footnoteRef:14] [14: To test the robustness of this spatial threshold, we estimate a series of hedonic regressions (Model 2) where the spatial cutoff is slowly increased. In the first regression we limit the sample to properties within 500 meters of Lake Erie and increase the cutoff by 250-meter increments until 10 kilometers is reached. The ln Algae coefficients and their 95% confidence intervals are displayed in panel A of Figure A1 in the Supplementary Appendix, with the overall trend matching expectations that the effect of HABs attenuates towards 0 as more distant homes are added to the sample. ] 

[bookmark: _Hlk66773538]     Starting with the bold coefficient in Model 1, we find no relationship between HABs and housing price using a naïve OLS estimator. Our HAB elasticity coefficient becomes negative and statistically significant at the 1% level using instrumental variables in Model 2, with a 1% increase in HABs corresponding to a 0.11% decrease in housing price. Evaluated at the sample average housing value and HAB measure, this indicates a 1 μg/L (15.6%) increase in HABs will decrease housing price by $2,205. This estimate should be interpreted as a local average treatment effect as we identify the relationship between housing price and HABs using water quality change induced by TP runoff from the Maumee River. 
     As one would expect, inclusion of longer lagged instruments (Models 3 and 4) decreases the power of the instruments and attenuates the HAB elasticity towards the OLS estimate. A Durbin-Wu-Hausman (Wu 1973; Hausman 1978) test reveals the difference between the OLS and 2SLS estimate is statistically different in Models 2 and 3, while the null hypothesis is not rejected in Model 4. The first-stage Kleibergen-Paap F score (Bazzi and Clemens 2013) in the baseline model also indicates the instruments are relevant and not likely to produce coefficients more biased than OLS (Bound, Jaeger, and Baker 1995). We cluster standard errors at the block group level in all models, which is the level of spatial variation in the second instrument (Abadie et al. 2017). The sign and significance of the TP measures in the first-stage also match expectations (Table A3 of the Supplementary Appendix) with higher TP increasing HAB levels, though the relationship weakens with greater distance to the Maumee River.
          The relationship between housing values and structural attributes also conforms to expectations. Housing values increase with square footage, parcel lot acreage, the number of bathrooms, but decrease with age. Adding features like a garage, fireplace, or central air conditioning will also increase the value of a home. From our spatial characteristics we also see property values increase as a house moves closer to Lake Erie shoreline, with lake adjacent homes experiencing the largest premium. Proximity to a highway is also observed to decrease a home’s value. 
[bookmark: _Hlk75344966][bookmark: _Hlk86763341]     We consider Model 2 to be our preferred specification as the statistical tests in Table 2 suggest a 6-month lag between HABs and TP produces the strongest correlation in the first-stage. We therefore use Model 2 as our baseline going forward. It is important to note that we cannot definitively attribute our coefficient of interest to the effect of HABs alone as runoff from the Maumee River could induce change in other water quality attributes. We cannot directly test this as a full set of water quality controls (i.e. dissolved oxygen, suspended sediment, fecal coliform, etc.) is unavailable at the spatial and temporal scale of our analysis.

Temporal and Spatial Heterogeneity
In this section we test the sensitivity of our baseline estimates to alternative specifications and examine potential sources of heterogeneity. The collapse of the nationwide housing market and subsequent recession (2008 - 2010) likely changed the Lake Erie housing market. The capitalization of HABs could have changed over that time due to an unstable hedonic price equilibrium (Kuminoff and Pope 2014). To test this, we create three dummies indicating whether the property was sold during the housing boom (before December 2007), bust (December 2007 – June 2009), or recovery period (after June 2009) and allow the instruments, , and the property characteristics to vary across these periods. We include all of the interaction terms in our model while excluding the level term () to prevent perfect collinearity and report the results under Model 5 in Table 3. Property damages from HABs peaked during the housing bust period, with a 1% increase in HAB concentrations corresponding to a 0.26% devaluation. Negative capitalization is also observed during the boom and the bust period (-0.08 to -0.13), though the elasticity terms are smaller in magnitude.
     Houses closer to the lakeshore may experience greater losses from water quality degradation (Walsh, Milon, and Scrogin 2011; Wolf and Klaiber 2017). We allow for this possibility by creating four spatial dummies indicating if the property is within 300 meters of Lake Erie (Lake300), between 300 meters and 600 meters (Lake600) between 600 meters and 900 meters (Lake900), and beyond 900 meters (Lake1200), and include interactions between the spatial dummies and  in the updated model. The results from this spatially heterogenous model are reported under Model 6 of Table 3. Overall, we find the impact of HABs on property values attenuates as properties are farther from Lake Erie. Properties within 300 meters lose 0.13% of their value for every 1% increase in HABs, for instance, while properties in the farthest group experience very little to no HAB-related losses as indicated by the statistically insignificant coefficient. 

Property Fixed Effects
[bookmark: _Hlk75343799][bookmark: _Hlk86066655]Property fixed effects are one of the strongest hedges against time-constant omitted variable bias as they control for characteristics that are difficult to measure, like curb-appeal or the overall flow and design of a house (Palmquist 2005; Bishop et al. 2020). We swap census block group fixed effects for property fixed effects in Model 7 and Model 8 and limit the sample to repeat sale homes as inclusion of singleton observations leads to biased standard errors (Correia 2015). We report OLS and 2SLS coefficients from this auxiliary specification in Table 4 in the first and second column respectively. A statistical relationship between HABs and property values is not observed until  is instrumented, where estimates from Model 8 indicate property values will decrease by 0.16% for every 1% increase in HABs. This valuation is similar to our baseline elasticity as the two estimates are 0.64 standard errors apart when using Model 8 as the reference point. We continue to use Model 2 as the baseline given the similarity in estimates, concerns of selection bias in property fixed effect models (Palmquist 2005; Zabel 2008), and the ability to control for unobservables at a finer spatial scale without losing information that is useful when identifying heterogeneous treatment effects (Ortega and Taspinar 2018). 

Exclusion of Near Maumee Observations 
Although most of the housing observations are far from the Maumee River (recall the average distance to the drainage point is 129 kilometers), there are some houses that are located on or near the Maumee River. TP may be directly capitalized into housing prices for this subsample of homes, and therefore invalidate the instruments as greater tributary loadings may result in localized flooding and/or increased drowning risk. Houses located in Lucas County, where the Maumee River runs through the study area (see Figure 1), are excluded to determine the severity of this concern. The exclusion of these observations has little influence on the coefficient of interest (Table A2 in the Supplementary Appendix, Model 9), indicating that localized flooding is not biasing the capitalization estimates.

Robustness to Water Quality Aggregation
[bookmark: _Hlk75345463]In the baseline model, we aggregate HABs to the block group level by finding the average CHLA measurement from the three closest satellite raster cells. Three alternative aggregation methods are reported in Table A2 of the Supplementary Appendix. A local median is used in Model 10, while greater weight is given to more proximate CHLA measures using an inverse distance-weighted mean in Model 11 (see Leggett and Bockstael 2000 for more details). Finally in Model 12 we form a more spatially aggregated HAB measure by averaging across the five closest raster cells. 
[bookmark: _Hlk75343619]     The estimates from models 10 – 12 are nearly identical to the baseline measure, indicating that measurement error correlation between the instruments and HAB measure is unlikely a concern. In particular, changes in how HAB data is aggregated to the block group level would add measurement error, though the source and degree of error will vary across models. If measurement error in the instruments were correlated with measurement error in the HAB measure, then the strength of this correlation would likely change across models 10 – 12 and produce different results. We do not find this to be the case, however.

Robustness to Functional Form
Incorrect specification of the hedonic price function can lead to omitted variable bias (Cropper, Deck, and McConnell 1988; Kuminoff, Parmeter, and Pope 2010). Simpler functional forms perform better with parsimonious models (Cropper, Deck, and McConnell 1988), while more complex functional forms are preferred when spatial fixed effects are included (Kuminoff, Parmeter, and Pope 2010). We test the baseline log-log specification by estimating a left hand-side Box-Cox model. First-stage predictions of HABs are included along with the other covariates in Model 2 as independent variables. The theta coefficient from this test (0.19) is close to zero suggesting that the dependent variable should be log transformed. We continue to use a log transformed dependent variable but test a simpler specification with all the independent variables included linearly. The results from this alternative specification are reported in Table A4 in the Supplementary Appendix, with the HAB coefficient statistically significant at the 1% level. The average house is also predicted to lose nearly $1,800 in value for every 1 μg/L increase in HABs, which is similar to the baseline measure. 
     Finally, in Table A5 in the Supplementary Appendix we allow TP’s effect on HAB concentrations to be linearly (Model 14) and inversely (Model 15) related to distance to the Maumee River within the first-stage regression. Additional heterogeneity is allowed in Model 16 (Table A6 in the Supplementary Appendix) by interacting  with an indicator of whether the house is located along the eastern or western Ohio shoreline. Properties in Lucas, Ottawa, Erie, and Lorain County are defined as being in the west, while all other properties are in the east. Results from these specifications largely mirror our primary findings and provide additional robustness to our results.  

Policy Implications, Phosphorous Reduction Targets, and Climate Stressors
Using the coefficients from Model 2, we examine the economic implications of two policy scenarios: (1) a 40% reduction in lake-wide phosphorous loadings as suggested by the GLWQA, and (2) a laissez-faire scenario in which no policy intervention occurs, and water quality continues to degrade due to wetter springs and warmer summers in the Midwest (Portmann, Solomon, and Hegerl 2009). Predictions generated from Stumpf et al. (2016)’s HAB forecasting model are used to facilitate the analysis of both scenarios. Specifically, Stumpf et al. (2016) use spring TP from the Maumee River as the sole input into one of their HAB forecasting models. For the first scenario we apply a 40% reduction to current spring loadings,[footnoteRef:15] while in the second scenario we rely on phosphorous predictions generated from Johnson et al. (2015)’s SWAT (Soil Water Assessment Tool) model for the Maumee River. [15: Specifically, we find the average March - June total phosphorous loadings collected between 2003 and 2015 and use this as a reference point for current water quality conditions. To predict future water quality conditions, we apply a 40% reduction to this reference point and input that number into Stumpf et al. (2016)’s HAB forecasting model.] 

[bookmark: _Hlk78868675][bookmark: _Hlk75344854][bookmark: _Hlk74141325]     A 40% reduction in June phosphorous loadings is expected to improve lake-wide water quality by approximately 54%. For the average homeowner in our sample this would translate into a 6% price appreciation or $7,589. We note that since this represents a non-marginal change in water quality conditions, our capitalization measures can be interpreted as an upper bound estimate of water quality capitalization as the hedonic price function approximates the consumer’s bid function well only near ambient conditions (Rosen 1974; Wolf and Klaiber 2021). Conversely when there is a non-marginal degradation in water quality, our capitalization measures provide a lower bound estimate.
     Applying the $7,589 price increase to all homes within the sample (N=34,915) indicates the value of the housing stock will increase by $265 million. This estimate does not consider the benefits accrued to homeowners excluded from the sample though. If we assume all homes within 1.2 kilometers of Lake Erie experience the same water quality benefit, regardless of if they were sold between 2003 – 2015, then the GLWQA would produce a total benefit of $670 million to 88,924 single-family residences.[footnoteRef:16] The state government would also benefit from a one-time tax revenue increase of $10.5 million assuming a tax rate of 1.57%.[footnoteRef:17]  [16: We examine how this benefit estimate changes across different sample cutoffs in panel B of Figure A1 in the Supplementary Appendix. ]  [17: We continue to include unsold and sold homes in our aggregated benefit calculations from hereon due to the rationale provided by McCluskey and Rausser (2003). H&R Block indicates the average property tax rate in Ohio is 1.57%.] 

     The GLWQA benchmark may not be fully met by 2025, though there are likely benefits from partially meeting the GLWQA. We examine the extent of these benefits in Table 5 where a 10%, 20%, and 30% reduction in phosphorous loadings are applied to current conditions. We also include a state where the GLWQA is met in full (the last row) as a reference point. Benefits for the average homeowner in terms of water quality and property price are reported in columns two and three respectively, while the fourth (fifth) column shows the aggregate price (tax) increase for all single-family residences, sold or unsold, within 1.2 kilometers of Lake Erie. It is clear from Table 5 that the value of the housing stock will significantly increase even if the GLWQA is not met completely. 
     As a point of comparison, the federal government currently spends $30 million per year in the Lake Erie watershed to limit phosphorous loading (Sohngen 2018). If we annualize our benefit estimate by the user cost of housing, which is 6.4% of the total house value for the Cleveland area (Himmelberg, Mayer, and Sinai 2005), we find the benefits from fully meeting the GLWQA are $42.9 million per year.[footnoteRef:18] This back-of-the-envelope calculation suggests the current annual expenditure on lake restoration would be covered in full by the expected housing price appreciation from the GLWQA. [18: The annualized benefits from a 40% reduction in phosphorous are likely larger than our scenario estimates as meeting the GLWQA will not only improve current water quality conditions but also prevent additional water degradation from occurring. Improvements in water quality will also lead to higher welfare through recreation (Wolf, Georgic, and Klaiber 2017; Zhang and Sohngen 2018; Wolf et al. 2019) and increased non-use value, though some of these benefits are already accounted for in our capitalization measures. In particular, our capitalization estimates reflect both the recreational and amenity value conferred to near Lake Erie homeowners from a reduction in HABs (Phaneuf et al. 2008). They do not, however, include benefits that extend to recreationalists living far from Lake Erie (>1.2km) or from renters and near Lake Erie residents living in multifamily homes. ] 

      We also calculate aggregate benefit estimates from models that allow for temporal (Model 5) and spatial (Model 6) heterogeneity in the HAB coefficient and report these measures in Table 5. Columns 6 – 9 report benefit estimates from the most recent HAB capitalization estimate which is representative of HAB valuation after the housing bust (). Meanwhile, HAB valuations are allowed to vary across space in columns 10 – 12, with property gains set to 0 for homes in the farthest distance band (>900 meters) due to the statistically insignificant estimate reported in Model 6 of Table 3. When calculating the aggregate measures in column 11, we find the average benefit for each house type (i.e. 0 – 300 meters, 300 meters – 600 meters, etc.) and then multiply that by the number of houses in that spatial band. The total benefits reported in Table 5 are the summed value across these four groups.[footnoteRef:19]  [19: As a point of reference, there are 24,738, 23,776, 21,559 and 18,221 homes within the first, second, third, and fourth closest distance band respectively.] 

     Water quality in Lake Erie is expected to degrade without any policy-intervention and result in substantial losses for near lake homeowners. As part of a nationwide analysis, Johnson et al. (2015) model the impacts of climate change and urban development on indicators of water quality and streamflow. One region highlighted in this study is the Maumee River, which is predicted to face a 14.3% to 17.5% increase in June phosphorous loadings by the year 2070.[footnoteRef:20] This increase in sediment runoff would correspond to a 31.5% and 39.8% increase in HAB concentrations and lower property values in aggregate by $394.5 million and $498.6 million respectively under the baseline model. Translated into annualized terms, this would be equivalent to a $25.2 million and $31.9 million reduction in property values.  [20: We limit our focus to only climate predictions generated from the Geophysical Fluid Dynamics Laboratory (GFDL) Model and the Third Generation Coupled Global Climate (CGCM3) Model. These are denoted as scenarios L0W3 and L0W5 respectively in Johnson et al. (2015)’s paper.] 

     When interpreting the property value gains (losses) attributed to HAB reduction (growth), it is important to consider whether current water quality trends are an accurate depiction of the future. Under the traditional hedonic framework housing price differentials are a reflection of current and expected amenity levels. If future amenity levels deviate from observed trends and expectations are wrong as a result, then the hedonic estimates derived under a static framework are biased (Bishop and Murphy 2019). We do not believe this to be the case for our study, however. We analyze HABs and their relationship with housing price over a long time period (2003 – 2015), making the data more representative of standard conditions on Lake Erie. In addition, the increasingly poor water quality conditions observed between 2003 and 2015 continue to be observed in the 2020s (NOAA 2021), mitigating concerns that a mean reversion or diversion has occurred. Popular media outlets have also portrayed HABs as a Lake Erie mainstay (Briscoe 2019) that is not likely to dissipate, and may increase, due to climate change (Hauser 2018) unless substantial policy steps are taken (House and Michigan 2021). This coverage may have primed homeowners to view HABs as a quasi-irreversible water quality problem (Horsch and Lewis 2009), similar to the introduction of milfoil or zebra mussels into Lake Erie. Based on this evidence, we suspect the HAB growth observed between 2003 and 2015 was perceived by near lake homeowners as a permanent, long-run shift in water quality rather than a transient problem. Our valuations should therefore be considered consistent with long-run expectations, even though they were derived within a static framework (Bishop and Murphy 2019).

V. Discussion and Conclusion
Investments in reducing the effects of harmful algal blooms in Lake Erie are a crucial step towards securing long-term economic and ecological stability in the area. Many shoreline communities depend on the revenue from visitors and residents drawn to Lake Erie and the wildlife it supports. Agricultural runoff and climate change have disrupted the economic balance of the area through the promotion of toxin-producing HABs. Public officials have responded by implementing relatively small-scale lake restoration projects, though larger investments are likely to follow. Reliable estimates of the impact of changes in water quality on nearby housing values are needed to better understand tradeoffs between land use patterns and maintaining healthy ecosystems. The capitalization estimates from this study provide policy insight for reliably weighing the cost of alternative lake restoration policies with their potential benefits.
     Determining the appropriate extent of an environmental impact is challenging and is often a judgement made by the econometrician. Our study contributes to the water quality valuation literature by applying semiparametric methods (Linden and Rockoff 2008; Muehlenbachs, Spiller, and Timmins 2015; Haninger, Ma, and Timmins 2017) to determine the extent of water quality impacts on nearby homeowners. We find the impact of HABs on housing prices is spatially limited to properties within 1.2 kilometers of Lake Erie. 
     Second, we address omitted variable and measurement error concerns by developing instrumental variables from hydrological processes that link Maumee River runoff to nutrient concentrations in Lake Erie. We demonstrate that controlling for omitted variables and measurement error offers economically and econometrically significant improvements over naïve OLS estimation. For the average near Lake Erie homeowner, a 1 μg/L reduction in HABs would result in capitalized gains of $2,205, which is statistically larger than the naïve OLS estimate. This difference highlights the need to mitigate potential sources of attenuation and omitted variable bias that are prevalent when studying large waterbodies. We note that sellers may be more likely to list their properties when water quality is better, responding to price expectations. This decision of when and how long to list could have additional welfare implications that are not captured by our housing price analysis and is left as an avenue for future research. 
[bookmark: _Hlk86761360]     Finally, we use our econometric model to estimate the potential benefits from meeting the water quality goals outlined in the GLWQA as well as potential losses in a scenario where no intervention occurs. Estimates from Stumpf et al. (2016)’s HAB forecasting model indicate a 40% reduction in spring total phosphorous loadings, as called for by the GLWQA, would correspond to approximately a 54% reduction in HABs. In aggregate, this policy would produce a yearly benefit of up to $42.9 million which exceeds the current annual expenditure on water quality improvement. Homeowners are also found to benefit significantly from water quality improvement even if the GLWQA guidelines are not met in full.

[bookmark: _Hlk86761439]     If no policy intervention were to occur, near lake homeowners would lose at least $394.5 million due to additional, climate-driven water quality degradation. These potential losses highlight the importance of water quality management policies already implemented by the United States and Canadian government. Further research that integrates HAB valuations from this study within a coupled land-use and hydrology model under projected climate scenarios would likely be a promising avenue for future research. 
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Figure 1 – Lake Erie and the Maumee River watershed
[image: ]
Figure notes: our study area includes Lucas, Ottawa, Erie, Lorain, Cuyahoga, Lake, and Ashtabula County, which are cross-hatched in the figure above. Phosphorous loadings from the Maumee River watershed (light grey) are transported to Lake Erie’s western basin via the Maumee River. 
Figure 2 – Housing transactions and water quality in 2006 (top) and 2011 (bottom) 
[image: ]
Figure Notes: Chlorophyll a measures in 2006 and 2011 are displayed in the top and bottom panel respectively, with darker grid cells corresponding to higher concentration levels. Housing transactions within 1.2km of Lake Erie are also depicted by circles. 
[bookmark: _Hlk86664354]Figure 3 – Housing price and Lake Erie proximity
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Figure Notes: Results from local linear regressions (bandwidth = 100 meters) relating housing price residuals to Lake Erie distance.
Table 1 – Housing Summary Statistics of Near Lake Erie Homes [image: ]

Table 2 – Identifying Harmful Algae’s Relationship with Housing Price
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Table 3 – Spatial and Temporal Heterogeneity 
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Table 4 – Property Fixed Effects
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Table 5 – Aggregate Benefits from Partially and Fully Meeting the Great Lake’s Water Quality Agreement
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Appendix
Figure A1 – Robustness to Spatial Cutoff
[image: ]
Figure notes: A series of hedonic regressions are estimated (Model 2), which link housing price to nearby harmful algal bloom concentrations. In the first regression, we limit the sample to properties within 500 meters of Lake Erie and sequentially increase this cutoff by 250-meter increments until 10 kilometers is reached. The harmful algal bloom coefficient from these regressions is displayed in panel A, while the estimated property benefits from fully meeting the Great Lakes Water Quality Agreement is displayed in panel B.
2

Table A1 – Variable Descriptions 
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Table A2 – Exclusion of Lucas County and Robustness to HAB Aggregation Method
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Table A3 – First-Stage Regression Coefficients
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Table A4 – Linear Functional Form
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Table A5 – Instrumental Variable Functional Form
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Table A6 – West vs East Shoreline [image: ]
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Mean Std. Dev. Min Max

Purchase Price (2010 dollars) 126,696 84,112 17,057 752,081

Price Per Square Foot (2010 dollars) 82.76 36.60 25.00 331.20

Square Feet (100s) 14.97 5.58 5.76 48.15

Total Baths 1.54 0.63 1.00 4.50

Total Rooms 6.24 1.38 3.00 11.00

Acres 0.22 0.24 0.04 4.95

Age  56.79 26.84 1.00 115.00

Stories 1.42 0.45 1.00 3.00

Sale Year 2008 3.60 2003 2015

Sale Month 6.82 3.16 1.00 12.00

Garage (0/1) 0.72 0.45 - -

Basement (0/1) 0.66 0.47 - -

Fireplace (0/1) 0.39 0.49 - -

AC (0/1) 0.59 0.49 - -

Ecoli (CFU/mL) 0.76 0.92 0.01 18.00

Algae (μg/L) 6.43 2.12 2.39 21.77

TP (metric tons) 157.92 110.42 7.58 528.52

Distance to Lake (100s of Meters) 5.86 3.21 0.20 12.00

Distance to Ramp (100s of Meters) 27.97 19.81 0.45 137.04

Distance to Highway (100s of Meters) 6.71 8.70 0.06 59.05

Distance to City (100s of Meters) 373.48 242.19 18.68 1,079.85

Distance to Maumee (100s of Meters) 1,291.87 534.50 16.05 2,434.52

Variable Name

(N=34,915)
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Model (1) Model (2) Model (3) Model (4)

VARIABLES OLS 6 Month Stagger 12 Month Stagger 18 Month Stagger

ln Algae

0.0045 -0.1119*** -0.0838** -0.0030



(0.0101) (0.0354) (0.0425) (0.0735)

ln Square Feet  0.5650*** 0.5656*** 0.5655*** 0.5651***

(0.0158) (0.0158) (0.0158) (0.0158)

ln Age -0.0729*** -0.0727*** -0.0728*** -0.0729***

(0.0083) (0.0083) (0.0083) (0.0083)

ln Acres 0.0961*** 0.0961*** 0.0961*** 0.0961***

(0.0115) (0.0115) (0.0115) (0.0115)

Total Baths 0.0932*** 0.0932*** 0.0932*** 0.0932***



(0.0076) (0.0077) (0.0077) (0.0076)

Total Rooms -0.0017 -0.0017 -0.0017 -0.0017

(0.0030) (0.0030) (0.0030) (0.0030)

Stories 0.0290*** 0.0286*** 0.0287*** 0.0290***

(0.0093) (0.0093) (0.0093) (0.0093)

Garage (0/1) 0.0630*** 0.0633*** 0.0632*** 0.0630***



(0.0074) (0.0074) (0.0074) (0.0074)

Basement (0/1) 0.0538*** 0.0539*** 0.0539*** 0.0538***



(0.0092) (0.0091) (0.0091) (0.0092)

Fireplace (0/1) 0.0394*** 0.0396*** 0.0395*** 0.0394***



(0.0065) (0.0065) (0.0065) (0.0065)

AC (0/1) 0.0577*** 0.0570*** 0.0572*** 0.0576***

(0.0077) (0.0078) (0.0078) (0.0077)

ln Ecoli -0.0326*** -0.0382*** -0.0369*** -0.0330***

(0.0071) (0.0074) (0.0074) (0.0080)

ln Distance to Lake -0.1346*** -0.1341*** -0.1342*** -0.1345***

(0.0107) (0.0107) (0.0107) (0.0107)

ln Distance to Ramp -0.0055 -0.0044 -0.0047 -0.0054

(0.0243) (0.0243) (0.0243) (0.0244)

ln Distance to Highway 0.0358*** 0.0357*** 0.0357*** 0.0358***

(0.0069) (0.0069) (0.0069) (0.0069)

ln Distance to City 0.0936 0.0922 0.0925 0.0935

(0.2394) (0.2404) (0.2402) (0.2393)

Month FE YES(11) YES(11) YES(11) YES(11)

Year FE YES(12) YES(12) YES(12) YES(12)

Census Block Group FE YES(332) YES(332) YES(332) YES(332)

KP F-statistic

a

- 340.6 86.86 22.06

Durbin-Wu-Hausman (Χ

2

(1) value) - 10.38*** 3.60** 0.01

Observations 34,915 34,915 34,915 34,915

Notes: 

a

Kleibergan-Paap Wald F statistics are reported. *, **, *** denotes significance at the 10%, 5%, and 1% level 

respectively. Robust standard errors are clustered at the census block group level.


image6.emf
Model (5) Model (6)

VARIABLES Boom, Bust, RecoverySpatial Heterogeneity

ln Algae*Boom

-0.0844*** -



(0.0297) -

ln Algae*Bust

-0.2568*** -

(0.0634) -

ln Algae*Recovery

-0.1349*** -

(0.0444) -

ln Algae*Lake300

- -0.1265***



- (0.0471)

ln Algae*Lake600

- -0.1237***

- (0.0394)

ln Algae*Lake900

- -0.1145***

- (0.0402)

ln Algae*Lake1200

- -0.0578

- (0.0484)

Property and Locational Controls YES (43)

b

YES(15)

Distance Band Indicators NO YES(3)

Month FE YES(11) YES(11)

Year FE YES(12) YES(12)

Census Block Group FE YES(332) YES(332)

KP F-statistic

a

143.9 85.44

Durbin-Wu-Hausman (Χ

2

 value) 17.10*** 16.44***

Observations 34,915 34,915

Notes: 

a

Kleibergan-Paap Wald joint F statistics are reported. 

b

Property and 

locational controls, excluding ln Ecoli, are interacted with period dummies. *, **, 

*** denotes significance at the 10%, 5%, and 1% level respectively. Robust 

standard errors are clustered at the census block group level.
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Model (7) Model (8)

VARIABLES OLS 2SLS

ln Algae

-0.0188 -0.1558**

(0.0176) (0.0684)

Month FE YES(11) YES(11)

Year FE YES(12) YES(12)

Property FE

a

YES(6,514) YES(6,514)

KP F-statistic

b

- 202

Durbin-Wu-Hausman (Χ

2

 value) - 5.15**

Observations 14,415 14,415

Notes: ln Ecoli is included as a control along with property-level fixed effects. 

b

Kleibergan-Paap Wald F 

statistic is reported. *, **, *** denotes significance at the 10%, 5%, and 1% level respectively. Robust 

standard errors are clustered at the census block group level.
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10% 1.12 $2,471.10 $218.18 $3.43 $2,979.01 $263.03 $4.13 $2,178.58 $196.48 $3.08

20% 2.05 $4,520.14 $399.10 $6.27 $5,449.22 $481.13 $7.55 $3,984.69 $359.37 $5.64

30% 2.81 $6,196.89 $547.15 $8.59 $7,470.60 $659.61 $10.36 $5,463.33 $492.72 $7.74

40% 3.44 $7,589.10 $670.07 $10.52 $9,148.97 $807.80 $12.68 $6,690.73 $603.42 $9.47

Tax Revenue 

(millions)

b

Baseline (Model 2) Spatial Heterogeneity (Model 6)

Homeowner 

Benefits

Total Benefits 

(millions)

a

Tax Revenue 

(millions)

b

HAB Reduction for 

Average Homeowner 

(μg/L)

Homeowner 

Benefits

Total Benefits 

(millions)

a

Lake-wide 

Phosphorous 

Reduction

Temporal Heterogeneity (Model 5)

Homeowner 

Benefits

Total Benefits 

(millions)

a

Tax Revenue 

(millions)

b

Notes: Homeowner benefits are measured in 2010 dollars, while aggregate benefits and tax revenue are measured in millions of 2010 dollars. 

a

Aggregate benefits are calculated for all homes (sold 

or unsold) within 1.2 kilometers of Lake Erie. 

b

Based on a 1.57% tax rate.
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Variable Description Source

Property and Locational Characteristics

Purchase Price (2010 dollars) Sale price of home  CA & CL

Square Feet  Structural square footage measured in hundreds of feet CA & CL

Total Baths Number of bathrooms in home CA & CL

Total Rooms Number of rooms in home CA & CL

Acres Parcel lot acreage CA & CL

Age  Age of the house  CA & CL

Stories Number of stories CA & CL

Sale Year Year in which property was sold CA & CL

Sale Month Month in which property was sold CA & CL

Garage (0/1) Indicator variable for garage CA & CL

Basement (0/1) Indicator variable for basement CA & CL

Fireplace (0/1) Indicator variable for fireplace (includes both wood-burning and fabricated fireplaces) CA & CL

AC (0/1) Indicator variable for central air conditioning CA & CL

Ecoli Median E. Coli reading 6-months prior to sale. Readings are defined at the block group level and measured in CFU/mL ODH & EPA

Distance to Lake  Distance to Lake Erie measured in hundreds of meters USGS

Distance to Ramp  Distance to nearest boat ramp measured in hundreds of meters ODNR

Distance to Highway Distance to nearest highway measured in hundreds of meters US Census

Distance to City Distance to closest city (Toledo or Cleveland) measured in hundreds of meters US Census

Variable of Interest

Algae  Mean chlorophyll a reading 6-months prior to sale. Readings are defined at the block group level and measured in μg/L MODIS

Instrumental Variables

Distance to Maumee Distance to the head of the Maumee River. Distances are defined at the block group level and measured in hundreds of meters USGS

TP Mean monthly total phophorus from the Maumee River measured 7 to 12 months prior to sale and measured in metric tons NCWQR

Notes: CA - County Auditor; CL - CoreLogic; ODH - Ohio Department of Health; USGS - United States Geological Survey; ODNR - Ohio Department of Natural Resources;  EPA - 

Environmental Protection Agency; MODIS - NASA's Moderate Resolution Imagining Spectroradiometer on board the Aqua satellite. NCWQR - National Center for Water Quality 

Research.
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Model (9) Model (10) Model (11) Model (12)

VARIABLES No Lucas County Median Algae Distance Weighted 5 Closest Locations

ln Algae

-0.0890** -0.1212*** -0.1151*** -0.1122***



(0.0372) (0.0431) (0.0356) (0.0367)

Property and Locational Controls YES(15) YES(15) YES(15) YES(15)

Month FE YES(11) YES(11) YES(11) YES(11)

Year FE YES(12) YES(12) YES(12) YES(12)

Census Block Group FE YES(315) YES(332) YES(332) YES(332)

KP F-statistic

a

325.4 192.2 253.9 447.9

Durbin-Wu-Hausman (Χ

2

 value)

8.78*** 8.65*** 11.21*** 10.98***

Observations 33,027 34,915 34,915 34,915

Notes: 

a

Kleibergan-Paap Wald F statistics are reported. *, **, *** denotes significance at the 10%, 5%, and 1% level 

respectively. Robust standard errors are clustered at the census block group level.
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Model (2)

VARIABLES 6 Month Stagger

ln TP

0.2091***

(0.0233)

ln TP*ln Distance to Maumee

-0.0176***

(0.0032)

ln Square Feet  0.0061

(0.0056)

ln Age 0.0014

(0.0016)

ln Acres -0.0013

(0.0027)

Total Baths 0.0012



(0.0026)

Total Rooms -0.0002

(0.0012)

Stories -0.0048

(0.0037)

Garage (0/1) 0.0026



(0.0032)

Basement (0/1) -0.0001



(0.0032)

Fireplace (0/1) 0.0025



(0.0026)

AC (0/1) -0.0055**

(0.0022)

ln Ecoli -0.0306***

(0.0062)

ln Distance to Lake 0.0036*

(0.0019)

ln Distance to Ramp 0.0099**

(0.0047)

ln Distance to Highway -0.0012

(0.0016)

ln Distance to City -0.0097

(0.0629)

Month FE YES(11)

Year FE YES(12)

Census Block Group FE YES(332)

Observations 34,915

Notes: The dependent variable is ln Algae. *, **, *** denotes significance at the 

10%, 5%, and 1% level respectively. Robust standard errors are clustered at the 

census block group level.


image13.emf
Model (13)

VARIABLES Linear RHS

Algae

-0.0141**



(0.0058)

Square Feet  0.0363***

(0.0011)

Age -0.0029***

(0.0003)

Acres 0.1420***

(0.0214)

Total Baths 0.0880***



(0.0082)

Total Rooms 0.0018

(0.0028)

Stories 0.0483***

(0.0097)

Garage (0/1) 0.0763***



(0.0077)

Basement (0/1) 0.0564***



(0.0095)

Fireplace (0/1) 0.0582***



(0.0068)

AC (0/1) 0.0575***

(0.0078)

Ecoli -0.0132***

(0.0027)

Distance to Lake -0.0183***

(0.0025)

Distance to Ramp -0.0010

(0.0013)

Distance to Highway 0.0055***

(0.0017)

Distance to City 0.0000

(0.0000)

Month FE YES(11)

Year FE YES(12)

Census Block Group FE YES(332)

KP F-statistic

a

254.9

Durbin-Wu-Hausman (Χ

2

 value) 7.34***

Observations 34,915

Notes: 

a

Kleibergan-Paap Wald F statistic is reported. *, **, *** denotes 

significance at the 10%, 5%, and 1% level respectively. Robust standard errors 

are clustered at the census block group level.
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Model (14) Model (15)

VARIABLES Linear Distance Inverse Distance 

ln Algae

-0.0858** -0.1296***



(0.0346) (0.0366)

Property and Locational Controls YES(15) YES(15)

Month FE YES(11) YES(11)

Year FE YES(12) YES(12)

Census Block Group FE YES(332) YES(332)

KP F-statistic

a

313.6 372.8

Durbin-Wu-Hausman (Χ

2

 value) 8.64*** 12.39***

Observations 34,915 34,915

Notes: 

a

Kleibergan-Paap Wald F statistics are reported. *, **, *** denotes significance at 

the 10%, 5%, and 1% level respectively. Robust standard errors are clustered at the census 

block group level.
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Model (16)

VARIABLES West vs East

ln Algae*West

-0.0825**



(0.0339)

ln Algae*East

-0.1562***

(0.0359)

Property and Locational Controls YES(15)

Month FE YES(11)

Year FE YES(12)

Census Block Group FE YES(332)

KP F-statistic

a

254.4

Durbin-Wu-Hausman (Χ

2

 value) 12.25***

Observations 34,915

Notes: 

a

Kleibergan-Paap Wald joint F statistic is reported. 

*, **, *** denotes significance at the 10%, 5%, and 1% level respectively. 

Robust standard errors are clustered at the census block group level.


