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Abstract 

Urbanization and agriculture have degraded US coastal waters, causing beach closures and 

disparities in access to clean beaches. This study examines racial and income disparities in how 

water quality affects recreational beach use in the southern Northeastern United States, using cell 

phone mobility data and satellite-derived water clarity measures. Results from a multiple-site zonal 

travel cost model show that improved water clarity increases beach visitation, with larger benefits 

accruing to more affluent, less diverse communities. These findings suggest that the recreational 

benefits of water quality improvements are inequitably distributed and have implications for 

policies prioritizing disadvantaged coastal communities. 

 

Keywords: water clarity, recreational value, environmental justice, cell phone mobility data, travel 

cost model. 
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1. Introduction 

Urbanization and agricultural development have significantly affected coastal waters in the 

US (Atasoy et al., 2006; Calusa Waterkeeper, 2021), leading to swimming closures at hundreds of 

beaches nationwide (US EPA, 2022b). Between 2017-2022, 7 to 9% of more than 5000 monitored 

beaches in the US were notified to be closed every year due to being unsafe for swimming. These 

closures are often due to elevated levels of contaminants, including fecal waste and cyanobacteria, 

which pose risks to public health. While disparities in access to clean beaches could contribute to 

substantial welfare differences across demographic groups, the extent of these disparities remains 

underexplored. 

The value of water quality improvements is often underestimated given the omission of 

recreational value of surface waters like rivers, lakes, and coastal zones (Mamun et al., 2023). For 

instance, studies evaluating policies such as the Clean Water Act in the U.S. have found that 

estimated benefits were significantly lower than the associated costs (Keiser and Shapiro, 2019a, 

2019b; Keiser et al., 2019; Mamun et al., 2023). This downward bias stems from several factors, 

including limited, inconsistent, and decentralized water pollution monitoring compared to air 

quality (Keiser and Shapiro, 2019a, 2019b; Keiser et al., 2019; Mamun et al., 2023). Available 

coastal water quality data often lacks sufficient spatial coverage although recreational activities 

are a primary source of benefits from surface water improvements (Bateman et al., 2023). As of 

now, there is no periodic, national panel survey on water-based activities to provide precise 

estimates of recreational value (Keiser and Shapiro, 2019a, 2019b; Keiser et al., 2019). These data 

limitations have also hindered research on the environmental justice implications of water quality, 

particularly for coastal recreation.  
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This study examines racial and income disparities in the impact of water quality on 

recreational activities in the context of the coastal beaches in the Northeastern US states. In this 

region, studies suggest that underserved communities may be disproportionately affected by 

coastal water pollution. Disadvantaged communities in Massachusetts experienced higher bacteria 

exceedance rates at local beaches due to sewage treatment failures, leading to beach closures 

(Massachusetts Department of Public Health, 2020). Although Massachusetts, Rhode Island, and 

Connecticut have modernized their sewer infrastructure, leading to improved water quality older 

cities still operate numerous combined sewer overflows that discharge untreated stormwater and 

sewage into nearby waters, reducing water clarity and increasing bacteria levels (Rhode Island 

Department of Environmental Management, 2017; Connecticut Department of Energy & 

Environmental Protection, 2022; Massachusetts Department of Environmental Protection, 2024). 

Additionally, non-point source pollution, septic system leaks, and rapid urban sprawl contribute to 

coastal pollution hotspots, predominantly afflicting urban areas (NBEP, 2017, 2022). Coastal 

water pollution disproportionately affects the most easily accessible beaches for disadvantaged 

communities, which often reside in densely populated urban areas with limited resources for long 

commutes. As a result, these populations have a reduced set of beach options (Twichell et al., 

2022) and are forced to trade off water quality for proximity. Given these issues, and the spatial 

variation in income, racial diversity and coastal water quality, this region provides a rich context 

to examine the impact of coastal water quality on recreational activities.  

This study integrates high-resolution data to examine the relationship between water 

quality and beach recreational site choice. Specifically, we use anonymized cell phone mobility 

data (subsequently referred to as “cell phone data”) from the summers of 2018 and 2019 to measure 

monthly visitation. The cell phone data represents the monthly aggregated visitation from each of 
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the 815 census block groups in Rhode Island to a total of 789 saltwater beaches within a 100-mile 

radius of the state border. These beach visitation data are coupled with key indicators of water 

quality, including remotely sensed water clarity measurements, offering 30-meter resolution and 

comprehensive spatial coverage. The analysis applies a multiple-site zonal travel cost model to 

estimate the effect of water quality on recreational beach choice.  To assess equity implications, 

we compute welfare changes across income and racial groups under scenarios of a 10% 

improvement and 10% decline in water clarity. 

Our study finds that improvements in water clarity are associated with increased beach 

visitation, but the magnitude of this effect varies across poverty and racial contexts. Specifically, 

a one standard deviation (SD) increase in water clarity (0.732 m) leads to a 5–6% rise in visitation 

per capita per summer month in predominantly white, higher-income communities, translating to 

millions of additional visits statewide. However, this estimated marginal effect is significantly 

smaller—by 2–4 percentage points—in communities with higher poverty rates, disadvantaged 

status, or greater racial diversity compared to the baseline, suggesting that environmental benefits 

are inequitable across demographic groups. Moreover, the average marginal effect of water quality 

improvement is statistically insignificant for populations in communities with higher poverty rate 

and greater racial diversity. Using a scenario simulation of a 10% improvement in water clarity 

within the study area, we find a positive welfare gain for all demographic groups of Rhode Island 

residents with only marginal gains for poorer and non-white communities.  

This study advances understanding of equity implications of recreational impacts of coastal 

water pollution in the US, thereby extending prior work largely focused on air and drinking water 

quality. While environmental justice perspectives have gained traction in the broader 

environmental economics literature, few studies have examined equity in coastal recreation. To 
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date, economics research on environmental justice has primarily focused on air pollution (Banzhaf 

and Walsh, 2008, 2013; Currie et al., 2015; Banzhaf et al., 2019), treatment, storage, and disposal 

facilities (Anderton et al., 1994; Mohai and Saha, 2006), and more recently, on drinking water 

(Schaider et al., 2019; Nigra et al., 2020). Early work on racial and ethnic differences in recreation 

activities emphasized that disparities are largely driven by structural barriers—such as income 

constraints, transportation access, and limited information—rather than individual preferences 

(Johnson et al., 1997; Bowker and Leeworthy, 1998). These studies demonstrated that minority 

and low-income groups are more sensitive to changes in travel costs, leading to uneven welfare 

impacts from policies affecting recreation access. Recent studies on water-based recreational 

activities (Zhang et al., 2024) and recreational fishing (Backstrom and Woodward, 2023, 2025) 

also suggest that social and structural factors such as transportation limitations and access barriers, 

rather than preferences alone, drive disparities in recreational access. Despite these advances, the 

economics literature remains limited in addressing the environmental justice dimensions of coastal 

recreation, particularly how water quality improvements may unequally benefit different 

demographic groups. 

Methodologically, this study advances the use of cell phone data to recreational demand 

models, an approach that is emerging in the literature (Merrill et al., 2020; Furey et al., 2022; 

Knittel et al., 2023; Zhang et al., 2024). Using cell phone data, we apply a multiple-site zonal travel 

cost model to assess the impact of water quality on income and racial groups in Rhode Island. Cell 

phone data is a powerful source that adds to other crowd source data sets such as social media 

(Keeler et al., 2015; Sessions et al., 2016; Cunha et al., 2018; Hamstead et al., 2018) and online 

databases (Kolstoe and Cameron, 2017), where people self-report their outdoor activities. One of 

the advantages of using these novel data sets over traditional techniques, such as surveys, is the 

by
 g

ue
st

 o
n 

A
ug

us
t 1

4,
 2

02
6.

 C
op

yr
ig

ht
 2

02
6

D
ow

nl
oa

de
d 

fr
om

 



7 
 

numerous observations they provide. The availability of large sample sizes will allow future 

research to test environmental justice issues like the impact of environmental quality on 

disadvantaged communities.  

 

2. Data and spatial analysis  

This study uses cell phone data to investigate recreational beach visitation during the 

summer seasons (June - September) of 2018 and 2019. Cell phone data was acquired from Airsage, 

Inc., a private location intelligence company that aggregates device locations derived from 

smartphone applications and anonymizes data flow to ensure user privacy. Airsage scales their 

sample to represent population-level estimates by applying weights corresponding to the 

proportion of the population represented within each census tract geography (Merrill et al., 2020). 

The cell phone data in this study represents estimated monthly aggregated number of visits from 

each of the 815 Census Block Groups (CBG) in Rhode Island to each coastal site or Point of 

Interest (POI). These CBGs are the finest resolution at which Airsage identifies the visitors’ place 

of residence. Following Merrill et al. (2020), we divide the number of visits by 3.58 to correct its 

overestimation in the cell phone data. Merrill et al. (2020) estimated this correcting factor by 

contrasting the cell phone data with onsite counts at small, medium, and large-sized beaches in 

New England. Also, following Merrill et al. (2020), we define the POI as the areal unit. A POI is 

a polygonal area between water access sites that extends 100 m away from the coastline and 100 

m into the sea. The study includes a total of 789 POIs—117 POIs in Rhode Island and 672 POIs—

within a 100-mile radius around the state border to avoid overnight trips with multiple purposes. 

We assume beachgoers would only consider taking day trips within this area (Figure 1; see 

Supplementary Figure 1 for the color version). 
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[Insert Figure 1 here] 

Water quality indicators in this study include water clarity, the number of beach closure 

events (BCEs), and the number of action duration days (ADDs). Previous studies have shown that 

recreation behavior data correlate with water clarity because people often associate water clarity 

with beach cleanness (Parsons and Kealy, 1992; Egan et al., 2009; Beharry-Borg and Scarpa, 2010; 

Keeler et al., 2015; Peng and Oleson, 2017). Hence, increasing levels of visibility are associated 

with higher willingness to pay (Loomis and Santiago, 2013; Peng and Oleson, 2017; Merrill et al., 

2024). This study uses data from Merrill et al. (2024) of monthly estimates of water clarity at the 

POI level derived from Landsat 8 remote sensing data to provide high resolution (30m x 30m) and 

comprehensive spatial coverage. 

In addition, we use beach closure events (BCEs) and the number of days they last (Action 

Duration Days – ADDs) caused by bacterial pollution because the exceedance of fecal bacteria in 

the seawater directly affects the realization of aquatic activities (Song et al., 2010; Awondo et al., 

2011; Palm-Forster et al., 2016). This study uses the Beach Advisory and Closing Online 

Notification—BEACON 2.0—to retrieve beach actions from EPA regions 1 and 2 between June 

and September 2018 and 2019 (US EPA, 2022a). We use RStudio version 4.2.3 (hereafter R) to 

select beach actions related to bacteria pollution1 in Maine, New Hampshire, Massachusetts, 

Rhode Island, Connecticut, and New York. We generate a monthly aggregated beach actions data 

set to align it with the temporal unit of the visitation data. Therefore, when the duration of a BCE 

covers continuous months, we consider it as independent BCEs for each month and divide the 

ADDs according to the number of days elapsed for each consecutive month. Then, we add the 

number of BCEs and ADDs for each beach in a month.  
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This study also uses other data sources for control variables. First, this study uses the census 

data for each CBG’s socioeconomic characteristics. The poverty line is the weighted average 

threshold for a family of four people, which are $25,701 (2018) and $26,172 (2019) (US Census 

Bureau, 2023). We also extract the CBG population size in 2018 and 2019 from the American 

Community Survey 5-Year Estimates Detailed Tables (US Census Bureau, 2018b, 2019). We also 

utilize a classification for disadvantaged communities according to the Climate and Economic 

Justice Screening Tool, which identifies underserved census tracts in the US based on eight 

categories (Council on Environmental Quality, 2022)2. A CBG is coded as underserved if it 

contains a census tract categorized as a disadvantaged community. Second, to control for the effect 

of weather on beach visitation, we use monthly precipitation and temperature data generated with 

the parameter-elevation regressions on the independent slopes model (PRISM Climate Group, 

Oregon State University, 2022). Third, given that car is the most popular transportation mode for 

going to the beach in the Northeast (Refulio-Coronado, 2019), we average the operating costs of 

small, medium, and large Sedans as well as small and medium SUVs to calculate the cost per mile 

(AAA, 2018, 2019). Fourth, we extract the proportion of car ownership from census data at the 

census tract level to estimate the share of each CBG population potentially relying on public 

transportation to reach the beach (US Census Bureau, 2018a). Also, we assume a party size of 2.4 

for individuals driving their cars to the beach based on studies in New England (Merrill et al., 

2024).  

The travel cost is calculated using travel distance and travel time. These were calculated 

using the Open-Source Routing Machine (OSRM) which estimates travel time and distance 

through a road network (Luxen and Vetter, 2011). This study computes the monetary travel cost 

by adding the value of the travel distance and the opportunity cost of time under two assumptions. 
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Assumption 1 uses an income-specific opportunity cost to calculate a monetary travel cost 

representative for visitors’ CBGs of origin, while Assumption 2 applies a uniform opportunity cost 

across all income categories. For the opportunity cost of time under Assumption 1, we estimate 

the hourly wage of each cell phone data income category by dividing its mid-value by 2000 annual 

working hours (Parsons, 2013). Then, we calculate the individual opportunity cost of time for each 

income category as one-third of the hourly wage times the round travel time in hours (Parsons, 

2013). We estimate the travel cost at the individual level for each income category as the sum of 

the two-way travel distance and the opportunity cost of time of each income category. The two-

way travel distance is the out-of-pocket value of a round trip in miles from a CBG to a POI based 

on the AAA average operating costs. We adjust the weighted travel cost to the Consumer Price 

Index to express monetary values in 2019 US dollars. Using wage rates in travel cost models to 

capture people’s value of time has problematic implications for environmental justice (EJ) 

analyses. The embedded assumptions treat lower income individual’s time as less valuable, 

therefore systematically lowering the value of their recreation time and any potential accrued 

benefits. This potentially has equity implications depending on the use of the study findings. We 

present models with a single fixed value of time of $25.83 and $27.51 for the summers of 2018 

and 2019, respectively (U.S. Bureau of Labor Statistics, 2020, 2022). The full description of the 

travel cost calculation is in the Supplementary Materials. We find similar results with the fixed 

wage rate assumption (Supplementary Tables 1, 2, and 3).  

 

3. Model 

This study uses a multiple-site zonal travel cost model (TCM) to evaluate the effect of 

water quality on recreational beach use and its heterogeneous impact on different racial and income 
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groups. The TCM has commonly been applied to assess recreational benefits derived from water 

quality changes(Parsons, 2003, 2013; Egan et al., 2009; Kosenius, 2010; Olmstead, 2010) because 

the implicit prices represent an individual’s preference for a recreational activity, the place they 

visit, or specific site characteristics (Phaneuf and Smith, 2005). This study models how Rhode 

Island residents choose a POI within the study area based on income and ethnicity.  

The TCM is specified as follows: 

𝑙𝑙𝑙𝑙(𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑝𝑝𝑝𝑝)𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
=  𝛽𝛽0 +  𝛽𝛽1𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐 + 𝛽𝛽2 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑝𝑝𝑝𝑝𝑝𝑝  +  𝛽𝛽3 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝
+  𝛽𝛽4𝑀𝑀𝑀𝑀𝑀𝑀 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑝𝑝𝑝𝑝𝑝𝑝 + 𝛽𝛽5𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝛽𝛽6𝑊𝑊ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐
+          𝛽𝛽7𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑝𝑝𝑝𝑝𝑝𝑝 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑐𝑐𝑐𝑐 + 𝛽𝛽8𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑝𝑝𝑝𝑝𝑝𝑝 ∗ 𝑊𝑊ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐𝑐𝑐
+  𝛽𝛽9𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑐𝑐𝑐𝑐 +  𝛽𝛽10𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐 +  𝛿𝛿𝑝𝑝 + 𝛿𝛿𝑚𝑚 + 𝜖𝜖𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

 

where ln(visits pp) represents the natural log of total visits from a CBG (c) to a POI (p) during a 

summer month (m) in year (y) divided by the total population of the CBG. We run this demand 

function with three alternative water quality indicators: remotely sensed water clarity, beach 

closure events, and action duration days. The coefficients of interest are the interaction terms 

between water quality and two socioeconomic characteristics: income and race. This study 

employs two alternative indicators of income (Povertycy). The first variable, povlinecy, represents 

the proportion of the population living below the poverty line, defined as the share of the CBG’s 

population with a household income under $30,000 based on the census data. The second variable, 

Disadvantagedcy, captures the presence of disadvantaged communities, as previously described.  

The racial composition of a CBG is represented by a set of dummy variables that classify 

the proportion of the white population in a CBG in a given year into quartiles (Whitecy). The 

percentage of the white population is less than or equal to 72.26% for the first quartile, between 
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72.26 and 90.24% for the second quartile, between 90.24 and 96.32% for the third quartile, and 

over 96.32% for the fourth quartile. 

Other demographic variables include the proportion of the male population (Malecy) and 

the weighted average age of individuals (Agecy) in a CBG in a given year. Airsage connects 

demographics with cell phone data using census data. To calculate the weighted average age, we 

first assign the midpoint value to each age category from the cell phone data. These midpoint 

values are then multiplied by the proportion of the CBG’s population within each corresponding 

age category, as reported by the U.S. census data. 

The model includes POI (δp) and month (δm) fixed effects to control for time-invariant 

characteristics at the POI level and monthly time trends, respectively. POI fixed effects account 

for invariant beach amenities such as the availability of parking lots, the number of parking spots, 

and the presence of restrooms, among others. Likewise, month fixed effects were included to 

control for monthly fluctuations in the number of visits to the beach. The main tables report effect 

sizes where all continuous variables have been standardized; non-standardized model results are 

available in the Supplementary Materials.   

Residents living in close proximity to a saltwater beach may have systematically different 

preferences and beach visitation behavior compared to the rest of the population. We take two 

approaches to generate dummy variables to identify proximity to the coastline: a dummy variable 

that identifies visits from CBGs intersecting POIs and another that identifies visits from any coastal 

CBGs. These variables are included as robustness checks.  

Table 1 presents the summary statistics for the outcome variables and variables of interest. 

The consolidated data set has 40,345 observations (CBG, POI, month combinations) and includes 

variables at both the CBG and POI levels. The median number of visits per capita for Rhode Island 
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residents is 0.029, indicating that at the median, an individual made 0.029 visits per summer month 

to a given POI in the study area. The values range between 0.001 and 36 visits per person per 

summer month. This implies that the cell phone data recorded a broad spectrum of visitors, from 

occasional to the most avid beachgoers. Supplementary Figure 2 illustrates this variation by 

classifying Rhode Island CBGs into deciles based on visits per capita per month. 

[Insert Table 1 here] 

As for the water quality indicators, the median value of water clarity in the study area is 

1.249 m and varies from low (0 m) to high visibility (4.793 m). The monthly numbers of BCEs 

and ADDs are relatively low, suggesting that the study area has good overall water quality in terms 

of bacteria pollution. However, there are still areas with severe events based on the number of 

BCE and their durations. POIs with 16 BCEs and up to 31 ADDs represent an important detriment 

in recreation opportunities to the affected communities, especially those who cannot afford to 

travel further away.  

Race and income are the socioeconomic variables of interest. Rhode Island is 

predominantly white; the median proportion of white population is 90%, which explains why the 

first quartile—most racially diverse—CBGs include up to 72% white population. The median 

poverty rate in RI is 25%, with a standard deviation of 18%. This is similar to many CBGs in urban 

areas in the US, which report rates above 20-30%.  

Not surprisingly, CBGs classified as disadvantaged and with high racial diversity overlap 

with areas with lower water clarity, particularly those located near Providence, the largest city in 

Rhode Island (Figures 2 and 3; see Supplementary Figure 3 and 4 for the color versions). 

[Insert Figure 2 here] 

[Insert Figure 3 here] 
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4. Regression results 

Remotely sensed water clarity 

Water clarity has a positive and statistically significant effect on beach visitation, although 

the marginal effect is smaller and statistically insignificant for visitors from CBGs with higher 

poverty rates and more racially diverse (Models 3-4).3 An improvement in water clarity equivalent 

to one standard deviation (0.732 m) from the mean is associated with a 5-6% increase in visitation 

per person per summer month for a CBG with the baseline category of >96% white population 

(baseline quartile) with a 25% poverty rate. A 5% increase in visitation per capita per month for 

25% of Rhode Island residents of roughly 1.06 million people is equivalent to around 1 million 

additional visits during a three-month summer season.4 

The negative coefficients on the interaction terms between water clarity and poverty as 

well as racial diversity indicators suggest that the relative marginal effect of water quality 

improvement is smaller for visitors coming from CBGs with higher poverty rates and more racial 

diversity (Table 2, Models 3 and 4). The relative marginal effect of an improvement in water clarity 

equivalent to one SD (0.732m) is 2 percentage points smaller compared to people coming from 

CBGs with the mean poverty rate (Table 2, Model 3).5 Likewise, the relative marginal effect of a 

SD increase in water clarity is 4 percentage points smaller for visitors from CBGs designated as a 

disadvantaged community compared to non-designated CBGs. These are relative to the baseline 

of 6.3% increase for those from non-disadvantaged and predominantly white CBGs (Table 2, 

Model 4). From the racial dimension, the relative marginal effect of one SD improvement in water 

clarity on visitation is roughly 3 percentage points smaller for the most racially diverse CBGs 

compared to the baseline of the least racially diverse CBGs (Table 2, Model 3). Overall, our study 

finds that on average, an improvement in water clarity increases visits to saltwater beaches, 
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although the relative marginal impact is smaller for visitors from CBGs that are more diverse and 

disadvantaged.  

[Insert Table 2 here] 

Although the estimated coefficients on the interaction terms are mostly statistically 

significant with sizable magnitude, the conditional marginal effects of water clarity are not 

statistically significant at all levels of poverty indicators and racial diversity (Supplementary Table 

5). We examined the marginal effects of water clarity on beach visitation per capita across varying 

levels of poverty and racial compositions based on the standardized regression models6. 

Supplementary Table 5 presents the estimated marginal effects of a one SD increase in water 

clarity (0.732 m) on visitation outcomes, stratified by poverty and racial indicators. 

The marginal effect of water clarity on visitation was largest in communities with lower 

poverty rates. For higher-income CBGs with one SD below the mean poverty rate, a one SD 

increase in water clarity was associated with a 5% increase in visitation (p = 0.06). This effect was 

statistically insignificant for CBGs at the average poverty rate or higher). These results suggest 

that improvements in water clarity disproportionately benefited communities with lower poverty 

rate. Likewise, in non-disadvantaged communities, a one SD increase in water clarity was 

associated with a 3% increase in visitation (p = 0.05). In contrast, the effect was not statistically 

significant in disadvantaged communities, suggesting potential inequities in the distribution of 

water quality improvement benefits. 

When stratified by racial quartiles, the marginal effect of water clarity was most 

pronounced in the fourth quartile, representing communities with the highest percentage of white 

residents (96.32–100%). Here, a one SD increase in water clarity was associated with a 5% 

increase in visitation (p = 0.01. The estimated effects for CBGs in the first three quartiles (relatively 
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more racially diverse CBGs) were smaller and statistically insignificant. These findings indicate 

that poverty and racial composition moderate the effect of water quality change on coastal 

recreational behavior.  

These results remain consistent across robustness checks (Table 3)7. We first control 

whether or not the CBG of origin includes the destination POI (Table 3). The coefficient estimates 

for water clarity and its interaction terms with poverty and racial variables are consistent with 

Table 2. As expected, people from coastal CBGs have higher visitation to saltwater beaches (+4-

6%). Water clarity improvement leads to a substantially larger increase in visitation for these 

populations (Table 3, Model 6), although the coefficient estimate is statistically insignificant in a 

model that uses different poverty indicators (Table 3, Model 5). We also control for whether or 

not a CBG is along the coast and its interaction term with water clarity and find similar results 

(Supplementary Table 7). These results suggest that water clarity has a greater effect on individuals 

living near coastal areas. These findings are consistent with previous studies in the hedonics 

literature, which found that water quality and the proximity to the coastline increase the value of 

the properties (Walsh et al., 2017; Irwin and Wolf, 2022; Mamun et al., 2023).  

[Insert Table 3 here] 

Aside from the water quality impacts, our results indicate that there are substantially fewer 

visits to saltwater beaches from CBGs with high poverty rate (Table 2, Model 3), those, designated 

as disadvantaged communities (Table 2, Model 4), or racially diverse (Table 2, Model 3 and 4). 

For example, the coefficient on disadvantaged communities (0.335, or 28.5%) suggests that visits 

from these CBGs are nearly 30% fewer compared to non-disadvantaged communities. Likewise, 

visits from CBGs in the most racially diverse quartile are 17-19% fewer compared to the baseline 

category of CBGs in the least racially diverse quartile.  
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Beach Closure Events (BCE) and Action Duration Days (ADDs) 

For the baseline categories, the number of BCEs has no statistically significant impact on 

beach visitation across all specifications (Supplementary Table 8), even after controlling for 

proximity (Supplementary Table 9). In contrast, an additional BCE leads to 1% more visitation 

per capita per month from CBGs categorized as disadvantaged communities. Similarly, more 

beach closures lead to more visitations from CBGs with higher racial diversity. For example, an 

additional BCE leads to between 0.9% and 1.4% more visitation per capita per month for CBGs 

where less than 90% of its population is white compared to communities where the white 

population is above 96% (Supplementary Table 8). The effect of BCE was no different for CBGs 

with more population under the poverty line. 

Similar findings were found when water quality was measured by ADDs (Supplementary 

Table 10 and 11). An additional ADD leads to 0.5% more visitation per capita per month from 

CBGs categorized as disadvantaged communities (Supplementary Table 10, Model 2). Moreover, 

an additional ADD leads to between 0.4% and 0.7% more visitation per capita per month for CBGs 

where less than 90% of its population is white compared to communities where the white 

population is above 96% (Supplementary Table 10, Model 1 and 2). The effect of water ADDs 

was no different for CBGs with more population under the poverty line.  

The effect of beach closures on recreation has been extensively assessed (Parsons et al., 

2009; Palm-Forster et al., 2016; Furey et al., 2022). The use of beach closures is advised to measure 

welfare changes accurately (Ji et al., 2020). However, we do not find a statistically significant 

effect of beach closures and their duration (ADDs) on the recreational use of coastal sites. This 

finding is consistent with Furey et al. (2022)’s study in New England. They showed that beach 

closure's significant and negative effects on Cape Cod beaches could not be generalized to all New 
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England beaches. Beach closures may only significantly affect sites where these events are rare or 

unexpected, disrupting intended plans, especially if they involve water-based activities. 

Additionally, a previous study in Narragansett Bay found that a large proportion of people would 

stay at the beach even if it is closed due to bacteria pollution, but they would not engage in water 

activities (Refulio-Coronado, 2019). People who go to the beach but limit their contact with 

contaminated water diminish the effect of beach closures on welfare because they still spend 

money for a day at the beach (Lyon et al., 2018).  

 

5. The value of water quality in recreation sites 

Using our preferred recreational demand model (Supplementary Table 4, Model 3), we 

calculate changes in the consumer surplus under the status quo, a uniform 10% improvement, and 

10% detriment in water clarity across the study area. We chose water clarity as our primary water 

quality variable because it was the most consistent and statistically significant indicator. We 

predict per-capita visits to each POI based on the values of all variables in our preferred 

specification, measured at the time of visitation. Next, we estimate the expected number of visits 

for every $10 increment in travel cost, ranging from $0 to $1,000, to draw out trip demand curves 

for each income level in each CBG to each POI and calculate the consumer surplus. To simulate a 

10% improvement and 10% detriment in water quality, we repeat this process, changing the current 

value of water clarity by 10% gain or loss in all the POIs in the study area, respectively (See 

Supplementary Materials for a worked example of the welfare calculation).  

Table 4 shows that the welfare gain from a 10% increase in water clarity in the study area 

is small but positive. However, this result only applies to Rhode Island residents and not to visitors 

from other states. The net welfare change between simulated gains in water clarity conditions and 
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the status quo is $510,128 (in 2019 US dollars) for each summer season, or $17 million in net 

present value terms assuming a 3% discount rate and permanent water quality improvements. 

However, these welfare gains are different across income and racial groups. People living under 

the poverty line have a net welfare gain of $71,991 versus $438,142 for the people living above 

this threshold. Likewise, communities with higher racial diversity have a smaller welfare gain 

($42,523) compared to people living in CBGs where the white population is above 96% 

($294,398). These results are consistent with the qualitative findings in the literature, which show 

that individuals in minority communities travel further distances and spend more financial 

resources and time per trip to access beaches with better water quality. Conversely, people living 

above the poverty line (-$14,373,112) and the least racially diverse quartile (-$4,309,695) exhibit 

the higher welfare losses when water clarity diminishes by 10%.  

Merrill et al. (2024) found higher consumer surplus values in net present value terms for 

similar water clarity improvements in areas like Cape Cod ($100 million) and Narragansett Bay 

($200 million), which are included in this study’s area. The differences in results can be attributed 

to the inclusion of a larger number of trips in Merrill et al’s study (80 million trips per year) 

compared to this study's smaller trip count. Merrill et al. (2024) used a wider definition of coastal 

recreation activities and sites, including all water activities and all shorelines beyond just beaches. 

Additionally, while this study focuses exclusively on Rhode Island residents' site choices, Merrill 

et al. (2024) includes the recreational behavior of all visitors within their larger New England-wide 

study area.  

[Insert Table 4 here] 

 

6. Discussion  
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Deteriorating coastal water quality in the U.S. has led to swimming closures and other 

impacts; however, the disparities in the impact of coastal water quality across demographic groups 

have not been well examined. Using cell phone data to measure coastal recreational activities, we 

find that improvements in water clarity are associated with increased beach visitation, but the 

magnitude of this effect varies across socioeconomic and racial contexts. Specifically, a one 

standard deviation increase in water clarity (0.732 m) leads to a 5–6% rise in visitation per capita 

per summer month in predominantly white, lower-income communities. However, this marginal 

effect is significantly smaller—by 2–4 percentage points—in communities with higher poverty 

rates, greater racial diversity, or disadvantaged status. Based on the scenario of a 10% 

improvement in water clarity within the study area, we find a small but positive welfare gain for 

all demographic groups of Rhode Island residents. These welfare gains are smaller for populations 

living in CBGs with higher poverty rates and higher racial diversity, suggesting that water quality 

benefits may be inequitably distributed across demographic groups. 

These results add additional context to the findings in the literature that individuals in 

minority communities travel further distances and spend more financial resources and time per trip 

to access beaches with better water quality (Twichell et al., 2022). Racial minorities and low-

income groups have limited access to good water-quality beaches, especially in urban areas such 

as Providence County, but may also be less sensitive to water quality changes, as measured by the 

travel cost methods we used in this study. The assumptions on the value of time embedded in most 

travel cost model applications—lower for lower income populations—could contribute to this 

result, although we found similar results using a uniform wage assumption for the value of time 

calculations in the travel cost routine (see Supplementary Materials). 
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Furthermore, water quality benefits low to medium poverty rate and least racially diverse 

CBGs, and the estimated conditional marginal effect is statistically zero for disadvantaged, high 

poverty rate, and racially diverse areas. Although interaction terms between water clarity and 

demographic variables are statistically significant, indicating meaningful variation in effects across 

groups, the conditional marginal effects calculated at specific poverty and racial diversity levels 

were statistically significant only for lower levels of poverty and low racial diversity. This 

discrepancy can occur because the standard error of the combined coefficients can be large, 

reducing the precision of the estimated effect even when individual components are significant.  

Structural factors rather than personal preferences can also explain this finding. First, in 

Rhode Island, cities like Providence, Pawtucket, and Woonsocket were subject to redlining since 

the 1930s, leading to minimal public and private investment in these areas based on their 

“undesirable” racial composition (University of Richmond, n.d.). These historically marginalized 

communities remain disadvantaged (Supplementary Figure 3), often congested and lacking 

modern wastewater infrastructure (The White House, n.d.), resulting in lower water quality at 

nearby coastal sites. Second, the beach access configuration is an additional structural barrier to 

beach use in the Northeast. Despite efforts to guarantee shoreline access, Rhode Island regulations 

fail to secure access points to the beach (McKenney et al., 2023). Multiple conditions contribute 

to making beach use challenging, especially for marginalized communities. For instance, coastal 

homeowners often maintain private use practices restricting shoreline access, even for residents 

who live two miles from the coast (Carini, 2022). Additionally, parking is forbidden or extremely 

expensive for non-residents, deterring them from going to the beach (Carini, 2021; Twichell et al., 

2022). These two conditions might explain why people who live in CBGs intersecting beaches are 

avid users; they make between two and three times more visits per capita in a summer month than 
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people from communities away from the coastline. Third, transportation challenges add up to 

restricted beach access. Around 90% of beachgoers in Rhode Island use personal vehicles 

(Refulio-Coronado, 2019). However, a significant portion of low-income residents in cities like 

Pawtucket (13%), Providence (16.7%), Woonsocket (17.5%), and Central Falls (26%) do not own 

cars (US Census Bureau, 2024). Without personal vehicles and insufficient public transportation, 

these communities face higher costs and longer commutes to reach even the closest cleaner beach 

(Twichell et al., 2022). Future studies may investigate the structural reasons for the inequality in 

beach use we see today, such as the historical effects of redlining, institutional barriers to access 

the shoreline, and insufficient transportation.  

Methodologically, this study advances the use of cell phone data to recreational demand 

models. Their large sample sizes will be attractive to many applications in nonmarket valuation. 

We revisit the zonal travel cost model to incorporate rich datasets, such as cell phone data, and 

depict how it can be applied to estimate recreational demand for beach visitation and welfare 

calculations. In this endeavor, we also show that the rich number of observations cell phone data 

provides is a powerful tool, allowing researchers to explore the inequity in the recreational use of 

coastal sites. A natural extension of this work would be to specify a random utility model that 

better captured the potential substitution patterns of beach recreation. This would be especially 

useful for policy applications that were applicable to smaller subsets of beaches in the study area, 

as opposed to a uniform improvement, such as the ones we simulated. The interest of this study in 

proportioning welfare changes to different demographics groups in each CBG, combined with the 

relatively large choice set, made specifying a RUM computationally challenging. 

One shortcoming of cell phone data is that they lack demographic data of each individual 

cell phone user. To conduct this study, we rely on aggregated socioeconomic data at the level of 
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census block groups (CBGs). CBGs are still finer (~1500 people each) than zip codes (averages 

8000 each), which is often used in the literature (Weber and Berrens, 2006; Loomis et al., 2009; 

Melstrom and Reeling, 2024). By using CBGs, this study obtains demographic variables at the 

finest resolution possible, making our estimations robust. However, the conclusions we derive 

from our results must be interpreted as the behavior of an average person from a CBG in Rhode 

Island and not of any actual beachgoer. It is also interesting to explore the potential interactive 

effect between racial diversity and poverty. Due to our data resolution, we are unable to fully 

investigate this interaction effect in our model, which can be explored in future research when 

more granular data becomes available.  

Another type of information lacking from cell phone data is what recreationists do at the 

beach, which is a type of information often obtained through intercept surveys. Although we found 

that water clarity is an important determinant of beach visitation on average, beach closure events 

and action duration days may not have the same effect on individuals, for example, due to 

beachgoers' adaptive behavior to avoid contact with contaminated water at closed beaches. To 

overcome this problem, future studies could combine cell phone data with onsite information about 

what recreationists do at the beach. In this way, it will be possible to distinguish which percentage 

of the population engages in activities that require water contact, given the importance of the 

beach's reputation for site choice and activity planning.  

Finally, this study found that disadvantaged communities make substantially fewer visits 

to saltwater beaches. The disadvantaged communities have many inherent characteristics and some 

of these characteristics may impact recreational behaviors. Our estimation results did not 

distinguish some of the potential impact channels and reflect an aggregated effect. Future research 
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could further distinguish potential impact mechanisms, such as the impact through public transit, 

when such data becomes available. 

 

7. Conclusions 

This study has important policy implications to support decision-makers in identifying and 

prioritizing investments in improving water quality and beach access where underserved 

communities overlap with low coastal water quality. While our results show that investing more 

money to improve beaches among the richer communities may generate a higher marginal benefit, 

this implication may reflect certain constraints and barriers that prevent disadvantaged 

communities from benefiting from water quality improvements. The potential inequality may be 

more addressed through policies that target potential barriers, such as poor access and high travel 

costs in disadvantaged communities. By focusing on modernizing sewer infrastructure, enhancing 

transportation options, and reducing parking fees, policymakers can take concrete steps to reduce 

inequality in coastal recreation. First, investments in modernizing sewer infrastructure are essential 

for improving and sustaining coastal water quality over the long term. By reducing the bacterial 

load on water bodies and increasing water clarity, these investments can boost recreational 

experiences at nearby beaches, particularly benefiting disadvantaged communities in northern 

Rhode Island. Second, while waiting for long-term improvements in water quality, enhancing 

transportation services can provide immediate benefits. Funding and expanding services like the 

“Beach Bus” can offer a cheaper and more accessible alternative for disadvantaged communities. 

Increasing the frequency, working hours, and routes of such services can significantly alleviate 

restrictions on beach access, enabling easier commutes to the southern regions of the state where 

higher-quality beaches are more prevalent. Finally, implementing a lower parking fee for residents 
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of disadvantaged communities at Rhode Island beaches can make trips more affordable and 

accessible. This measure can help to mitigate the financial barriers that currently prevent low-

income families from enjoying coastal recreational activities. 
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Tables 

Table 1. Summary statistics. 
Variables Mean Median SD Min Max 

           
Visits per capita 0.058 0.029 0.408 0.001 35.983 
Satellite water clarity (m) 1.395 1.249 0.732 0 4.793 
Beach closure events 0.091 0 0.567 0 16 
Action duration days 0.291 0 1.884 0 31 
Travel cost (2019 US dollars) 39.41 29.13 36.09 0.05 262.43 
Proportion of people living under the poverty line 0.280 0.251 0.178 0 1 
Proportion of the white population 0.808 0.902 0.219 0.047 1 
           

Visits per capita are the number of visits people living in a Census Block Group (CBG) made to a 
Point of Interest (POI) in a summer month (June – September). Water quality variables include 
monthly satellite water clarity values (in meters), beach closure events, and action duration days 
at the POI level. The proportion of people living under the poverty line and the white population 
are valued at the CBG level.  
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Table 2. Effect sizes of the impact of water clarity on beach visitation with heterogeneous 
preferences across race and income. 

Dependent Variable: Ln of visits per capita from a CBG to a POI in a summer month. 
Explanatory variables (1) (2) (3) (4) 

            
Satellite water clarity interactions         
  Proportion of people living under the poverty line  -  - -0.02  - 
        (0.01)***   
  Disadvantaged community (Yes = 1) -  -  - -0.04 
          (0.02)*** 
  The white population in quartiles         
  First quantile  -  - -0.03 -0.05 
        (0.02)*** (0.02)*** 
  Second quartile -  - -0.03 -0.04 
        (0.02)***  (0.02)*** 
  Third quartile  -  - -0.03 -0.03 
        (0.01)*** (0.01)*** 
Satellite water clarity in meters 0.03 0.03 0.05 0.06 
    (0.02)** (0.02)** (0.02)*** (0.02)*** 
Proportion of people living under the poverty line -0.16 -  -0.16 -  
    (0.02)***   (0.02)***   
Disadvantaged community (Yes = 1)  - -0.28 -  -0.28 
      (0.06)***   (0.06)*** 
The white population in quartiles         
  First quantile -0.16 -0.20 -0.17 -0.21 
    (0,08)*** (0.07)*** (0.08)*** (0.07)*** 
  Second quartile -0.13 -0.15 -0.13 -0.15 
    (0.06)*** (0.06)*** (0.06)*** (0.06)*** 
  Third quartile -0.14 -0.14 -0.14 -0.14 
    (0.05)*** (0.06)*** (0.05)** (0.05)*** 
Travel cost (mean 2019 US dollars) -0.30 -0.24 -0.30 -0.24 
    (0.05)*** (0.05)*** (0.05)*** (0.05)*** 
            
POI fixed effects Yes Yes Yes Yes 
Month fixed effects Yes Yes Yes Yes 
POI 625 625 625 625 
            
Observations 40,345 40,345 40,345 40,345 
R2 adjusted 0.42 0.41 0.42 0.41 
            

Notes: All continuous variables are standardized. Since the dependent variable is natural log, the 
effect sizes of the regression results in Table 2 were converted following the formula 
[exp(coefficient)-1] for interpretation in text. Travel cost (mean 2019 USD) calculated under 
assumption 1. The poverty line based on a weighted average for a family of four is $25,701 for 
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2018 and $26,172 for 2019. Disadvantaged communities were identified using the Climate and 
Economic Justice Screening Tool. All models include categorical indicators for quartiles of 
proportion of white population in each CBG, where the quartile with the highest proportion of 
white population is the reference group. The percentage of the white population is [4.74 to 72.26%] 
for the first quartile, (72.26 to 90.24%] for the second quartile, (90.24 to 96.32%] for the third 
quartile, and (96.32 to 100%] for the omitted group. All the specifications included the following 
control variables: precipitation (mm) and maximum temperature (0C) at the POI, sex (proportion 
of the male population) and age at the CBG. POI and CBG cluster-robust standard errors with 
significance levels at 0.01 `***` 0.05 `**` 0.1 `*` 
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Table 3. Robustness check: Effect sizes of the impact of water clarity on beach visitation with heterogeneous preferences across race 
and income, controlling for Census Block Groups (CBGs) intersecting with Points of Interest (POIs).  

Dependent Variable: Ln of visits per capita from a CBG to a POI in a summer month. 
Explanatory variables (1) (2) (3) (4) (5) (6) 

                
Satellite water clarity interactions             
  Proportion of people living under the poverty line  -  - -0.02  - -0.02  - 
        (0.01)***   (0.01)***   
  Disadvantaged community (Yes = 1) -  -  - -0.04  - -0.04 
          (0.02)***   (0.02)*** 
  The white population in quartiles             
  First quantile  -  - -0.03 -0.05 -0.03 -0.04 
        (0.01)*** (0.02)*** (0.01)** (0.02)*** 
  Second quartile  -  - -0.03 -0.04 -0.03 -0.04 
        (0.02)*** (0.01)*** (0.01)*** (0.01)*** 
  Third quartile  -  - -0.02 -0.03 -0.02 -0.03 
        (0.01)*** (0.01)*** (0.01)** (0.01)*** 
  CBG intersects POI (Yes = 1)  - -  -  -  0.13 0.16 
            (0.08) (0.08)** 
Satellite water clarity in meters 0.03 0.03 0.05 0.06 0.04 0.05 
    (0.02)** (0.02)** (0.02)*** (0.02)*** (0.02)*** (0.02)*** 
Proportion of people living under the poverty line -0.15  - -0.15 -  -0.15 -  
    (0.02)***   (0.02)***   (0.02)***   
Disadvantaged community (Yes = 1)  - -0.27 -  -0.27 -  -0.27 
      (0.06)***   (0.06)***   (0.06)*** 
The white population in quartiles             
  First quantile -0.15 -0.18 -0.16 -0.18 -0.16 -0.18 
    (0.08)*** (0.07)*** (0.08)*** (0.07)*** (0.08)*** (0.07)*** 
  Second quartile -0.11 -0.13 -0.11 -0.13 -0.11 -0.13 
    (0.06)*** (0.06)*** (0.06)*** (0.06)*** (0.06)*** (0.06)*** 
  Third quartile -0.13 -0.13 -0.13 -0.12 -0.13 -0.12 
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    (0.05)*** (0.05)*** (0.05)*** (0.05)*** (0.05)*** (0.05)*** 
Travel cost (mean 2019 US dollars) -0.26 -0.21 -0.26 -0.21 -0.26 -0.21 
    (0.05)*** (0.04)*** (0.05)*** (0.04)*** (0.05)*** (0.04)*** 
CBG intersects POI (Yes = 1) 1.77 2.02 1.76 2.01 1.73 1.98 
    (0.09)*** (0.09)*** (0.09)*** (0.09)*** (0.08)*** (0.08)*** 
                
POI fixed effects Yes Yes Yes Yes Yes Yes 
Month fixed effects Yes Yes Yes Yes Yes Yes 
POI 625 625 625 625 625 625 
                
Observations 40,345 40,345 40,345 40,345 40,345 40,345 
R2 adjusted 0.44 0.43 0.44 0.44 0.44 0.44 
                

Notes: All continuous variables are standardized. Since the dependent variable is natural log, the effect sizes of the regression results in 
Table 3 were converted following the formula [exp(coefficient)-1] for interpretation in text. We use a dummy variable —CBG intersects 
a POI—to control for proximity to the beach as a robustness check. Travel cost (mean 2019 USD) calculated under assumption 1. The 
poverty line based on a weighted average for a family of four is $25,701 for 2018 and $26,172 for 2019. Disadvantaged communities 
were identified using the Climate and Economic Justice Screening Tool. All models include categorical indicators for quartiles of 
proportion of white population in each CBG, where the quartile with the highest proportion of white population is the reference group. 
The percentage of the white population is [4.74 to 72.26%] for the first quartile, (72.26 to 90.24%] for the second quartile, (90.24 to 
96.32%] for the third quartile, and (96.32 to 100%] for the omitted group. All the specifications included the following control variables: 
precipitation (mm) and maximum temperature (0C) at the POI, sex (proportion of the male population) and age at the CBG. POI and 
CBG cluster-robust standard errors with significance levels at 0.01 `***` 0.05 `**` 0.1 `*` 
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Table 4. Welfare distribution for income and racial groups under the status quo, a 10% improvement, and a 10% detriment in water 
clarity in the study area. 

  Status 
quo 

Scenario 
10% 

increment 

Scenario 
10% 

detriment 

Net 
Welfare 
Change 

increment 

% 
Change in 
Welfare 

increment 

Net 
Welfare 
Change 

detriment 

% 
Change in 
Welfare 

detriment 
Study area 73.96 74.47 65.38 0.51 0.69 -8.59 -11.61 
Income groups               
  People living under the poverty line 16.90 16.97 22.68 0.07 0.43 5.79 34.25 
  People living above the poverty line 57.07 57.51 42.70 0.44 0.77 -14.37 -25.19 
Racial groups           0.00   
  First quantile 10.67 10.71 11.57 0.04 0.40 0.90 8.43 
  Second quantile 15.37 15.41 13.99 0.04 0.29 -1.38 -9.01 
  Third quantile 23.04 23.17 19.25 0.13 0.56 -3.79 -16.45 
  Fourth quantile 24.88 25.18 20.57 0.29 1.18 -4.31 -17.32 

Notes: We estimated changes in the consumer surplus (CS) for the summer season in million USD. The table shows the CS using water 
clarity at the time of visitation, under scenarios of 10% improvement and 10% deterioration across all Points of Interest (POIs) within 
the study area. Income groups are defined as the proportion of people living under the poverty line, based on a weighted average for a 
family of four, which is $25,701 for 2018 and $26,172 for 2019. Racial groups are defined as the percentage of the white population in 
a Census Block Group (CBG). The percentage of the white population is [4.74 to 72.26%] for the first quartile, (72.26 to 90.24%] for 
the second quartile, (90.24 to 96.32%] for the third quartile, and (96.32 to 100%] for the fourth quartile. 
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Figure Titles 
 

Figure 1. Study area. This figure shows the distribution of Points of Interest (POIs) in the 

Northeast of the US within a 100-mile radius of the Rhode Island state border. 

Figure 2. Income groups and water clarity in Rhode Island. Notes: This figure shows the spatial 

distribution of Census Block Groups (CBGs) considered disadvantaged communities according to 

the Climate and Economic Justice Screening Tool. The map also shows Points of Interest 

categorized by quartiles of water clarity measured in meters. 

Figure 3. Racial groups and water clarity in Rhode Island. Notes: This figure shows the spatial 

distribution of Census Block Groups (CBGs) based on racial composition. Racial categories 

represent the proportion of the white population in a CBG classified in quartiles. The percentage 

of the white population is [4.74 – 72.26%] for the first quartile, (72.26 – 90.24%] for the second 

quartile, (90.24 – 96.32] for the third quartile, and (96.32 – 100%] for the fourth group. 
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Footnotes 

 
1 Action reasons related to bacteria pollution are coded in BEACON 2.0 as “ELEV_BACT,” 

“ELEV_BACT, RAINFALL,” and “SEWAGE.” 

2 The eight categories of burdens are climate change, energy, lower-income, health, housing, 

legacy pollution, transportation, water and wastewater, and workforce and development.  

3 Since the dependent variable is natural log of visitation, we employ the formula [exp(b)-1] for 

exact interpretation. Supplementary Table 4 provides models equivalent to Table 2, where the 

continuous explanatory variables are not standardized. 

4 A 4.66% increase from the average visitation per person per month of 0.029, for a quarter of the 

state population of 1.06 million people over three months is approximately 1 million visits. To be 

conservative, we use a quarter of the population because the conditional marginal effect was 

statistically significant only for the least racially diverse and lower poverty rates. 

5 Non-standardized models’ results equivalent to Table 2 are available in Supplementary Table 4. 

The differential impacts across demographic categories reflect the combined effect of the water 

clarity coefficient and its interaction terms. For example, 1 SD increase in water clarity for 

disadvantaged community CBGs is computed as (exp(0.0672)-1) + (exp(-0.037996)-1) = 0.062-

0.037 = 0.025 (coefficients from effect size regression available in Table 2) 

6 Marginal effects were computed using the margins command in Stata 19. 

7 Regression results using non-standardized data are shown in Supplementary Table 6. 
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