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1 Introduction

Cities around the world have made significant public investments in urban greening. Urban

greening is associated with increased walkability, reduced stress, better air quality, and

improved cardiometabolic health (Cavanagh et al., 2009; Currie and Bass, 2008; Pugh et

al., 2012; Kardan et al., 2015; South et al., 2018; Sugiyama et al., 2008; South et al., 2015).

Greening also reduces urban heat island effects (Bowler et al., 2010; Ziter et al., 2019), which

is especially salient as many cities face increasingly hot summers (Jiang et al., 2019). Several

studies show that the suite of local public benefits of greening capitalize into private home

values (Sander et al., 2010; Netusil et al., 2010; Kadish and Netusil, 2012).

While the costs of urban greening are borne by all taxpayers or ratepayers (in the case

of greening programs financed by utilities), the benefits of urban greening are not deliv-

ered equitably in many cities. In the United States, for example, neighborhoods that were

historically “redlined” and subject to racial discrimination have fewer trees and are hotter

than areas not redlined (Hoffman et al., 2020; Locke et al., 2020; Wilson, 2020)1. Analysis

of Atlanta, Georgia, U.S. indicates that Black communities currently have the least access to

urban green spaces (Dai, 2011). In Australia, researchers similarly find low-income neigh-

borhoods are less green (Astell-Burt et al., 2014).

Many water and stormwater utilities engage in large-scale urban greening through green

stormwater infrastructure (GSI) programs. The impetus of most GSI programs is to reduce

stormwater runoff during large storms that can exceed the capacity of the conveyance sys-

tem or treatment plant, resulting in untreated wastewater discharged into local water bod-

ies. In the U.S., these discharges, known as combined sewer overflows (CSOs), constitute a

violation of the Clean Water Act (CWA). Many water agencies are required to reduce their

CSOs and are operating under consent decrees with the U.S. Environmental Protection

Agency. Proposed CSO solutions include implementing multi-billion dollar stormwater

management programs (U.S. EPA 2017), many of which rely heavily on GSI (BenDor et

al., 2018).2 In addition to reducing stormwater runoff, GSI facilities like bioswales, rain

gardens, and green roofs provide a suite of co-benefits associated with urban greening.
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There are three primary forms of GSI policies. First, local governments and utilities

install and maintain GSI in public spaces, like parks or right-of-ways along streets. Second,

GSI or best management practices are required for new construction or additions as part

of zoning regulations. Third, governments incentivize voluntary installation of GSI on

privately-owned land such as single family residential properties. Research suggests that,

in some cities, there is not enough public land available to achieve the density of GSI

needed to meet stormwater reduction targets and achieve water quality goals (Montalto

et al., 2007). Therefore, to meet targets, many GSI programs subsidize installation of GSI on

private land. Urban residents are willing to pay for co-benefits associated with GSI (Zhang

et al., 2015; Brent et al., 2017; Ando and Netusil, 2018), but subsidies assist when WTP is

less than installation costs or if consumers free ride on neighborhood-level benefits such

as urban cooling. Because private benefits flow to homeowners and immediate neighbors

who install subsidized GSI while all ratepayers or taxpayers bear the cost, GSI subsidies

can be considered transfer payments from ratepayers to participating homeowners and

neighbors. This leads to questions about the equity and environmental justice consequences

of voluntary GSI policies.

We examine the distributional impacts of voluntary GSI policies using data from the

Rainwise program in Seattle and surrounding King County. Our primary research question

is how private benefits of the RainWise program are distributed across ratepayers who fund

the program. In RainWise, similar to many other GSI programs, there are two channels that

drive distributional impacts: screening whether a homeowner is eligible for participation

and the voluntary choice to participate. We account for both the eligibility and the partic-

ipation stages in assessing the distributional effects of RainWise. GSI program managers

will rationally target GSI investments to places that are likely to lead to the largest water

quality benefits, which may inadvertently correlate spatially with income or even mimic

historic patterns of housing discrimination.3 For example, if installations to prevent CSOs

have the largest impact when installed near the receiving water body, the eligibility stage

could be regressive, as water-adjacent or waterfront homes typically sell at a price premium.
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Furthermore, almost all programs have home ownership as the primary eligibility screen,

which is strongly correlated with income in the United States. We also analyze the distribu-

tional impacts of private decisions to participate in voluntary GSI programs conditional on

eligibility. These features may vary depending on the location, eligibility constraints, and

the design of the program.

We make three contributions to the literature. First, we estimate the distributional im-

pacts of voluntary GSI programs using household-level observational data. Prior research

on GSI adoption has used neighborhood-level participation rates and did not focus on

environmental justice concerns (Ando and Freitas, 2011; Lim, 2018). Our focus on envi-

ronmental justice leads us to examine the distributional effects across four key variables:

wealth, income, initial greenness, and race. Using household-level data is important when

participation effects are non-linear, since average census neighborhood characteristics can

mask heterogeneous effects. Second, we consider how both the household participation de-

cision and the utility’s eligibility criteria affect the overall distributional effects of the policy.

This is critical because we find that eligibility and voluntary participation exhibit opposite

patterns of progressivity. Third, we utilize a novel method for measuring the selection ef-

fects by using housing sales prior to a household signing up for a program. This isolates

the selection effect from any potential capitalization effect from GSI.

Our results show that, conditional on eligibility, upper middle-class households are

most likely to participate. We find that Rainwise administrators (inadvertently) chose eli-

gibility areas that were, on average, wealthier than a typical Seattle neighborhood, which

is in turn wealthier than a typical King County neighborhood. Within eligibility areas, the

wealthiest and least wealthy households have lower participation rates. The challenge of re-

cruiting the most disadvantaged households persists even though resources were deployed

to specifically target low-income households, which included means-tested top-up subsi-

dies. The aggregate distributional effects depend on both eligibility and participation. In

aggregate, program participants live in more expensive homes, but conditional on eligibility

participants live in less expensive homes than eligible non-participants. Applying quantile
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regression to our hedonic selection model we find highly nonlinear effects across the house

price distribution.

The research contributes to growing discussions of how to evaluate benefits from envi-

ronmental policy. Much of the environmental justice movement, including the EPA4 and

the academic literature, has focused on exposure to environmental hazards such as pollu-

tion, toxic waste, and water contamination (Mohai et al., 2009; Banzhaf et al., 2019). Recent

examples in economics show that the Clean Air Act has reduced absolute differences in

racial disparities in air pollution exposure while relative differences persist (Colmer et al.,

2020). The least and most polluted areas are remarkably stable over time as well as the

exposure of different sub-populations. We contribute to this literature by examining the

distributional implications co-benefits of urban greening from GSI policy, as opposed to the

direct effects of reducing pollution. We also contribute to the growing economics litera-

ture on GSI. Most of the current literature uses stated preferences (Londoño Cadavid and

Ando, 2013; Newburn and Alberini, 2016; Brent et al., 2017; Ando et al., 2020) and revealed

preferences (Zhang et al., 2015) to estimate the willingness to pay (WTP) for the benefits

of GSI. We focus on who receives those benefits when cities employ policies incentivizing

voluntary installation on private property.

We find suggestive evidence of peer effects in the participation decision, although we

cannot interpret these as causal. This is consistent with evidence of peer effects in partic-

ipation of voluntary residential water programs (Lim, 2018; Brelsford and De Bacco, 2018;

Bollinger et al., 2020). Spatial clustering does accelerate existing patterns of participation

and highlights the potential for utilities to use increased outreach in targeted neighborhoods

to improve the program’s distributional outcomes. The results occur in a setting where pol-

icymakers were aware of environmental justice concerns and even tailored policy to attract

low-income participants. In developed cities GSI is an important component of overall ur-

ban greening, and policymakers should be aware of how their policies may contribute to

existing disparities of access to urban green space.
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2 Background & Setting

Seattle, located within King County (WA), discharged 1.1 billion gallons of raw sewage

annually by CSOs from 2006-2010 (Times, 2013). The city’s consent decree with the U.S.

EPA requires reducing CSOs by 95% by 2025 (EPA), 2013). As part of the EPA consent

decrees, King County and Seattle developed an integrated stormwater management plan

with a prominent role for GSI. Seattle and King County plan to collectively reduce 700

million gallons of their stormwater mitigation requirements through GSI.5 The costs of

stormwater mitigation were estimated at $700 million for King County and $600 million

for the City of Seattle, managed by King County Land and Water Division and Seattle

Public Utilities (SPU), respectively.6 The City and County work collectively towards their

stormwater mitigation requirements.

We focus on the voluntary GSI incentives for private property owners within the broader

GSI policy. The full GSI policy contains three approaches. First, the City and County build

public GSI installations that are owned and operated by government agencies. Examples

of public GSI include large bioswales, retention ponds, green streets, and raingardens in

public spaces. Second, the City of Seattle requires any new construction, or renovations

that increase impervious surface, to include mandatory private on-site GSI.7 Finally, there

is a voluntary GSI program subsidizing cisterns and/or raingardens on private residential

properties, known as RainWise.

Uptake of Rainwise is relatively low: the program began in 2008 and as of July 2018

there were 1,525 participating households among roughly 60,000 eligible households. Over

the past three years, on average 266 households per year have signed up. Eligibility is

restricted to “sewersheds” deemed most critical to meet water quality goals. Although

RainWise is jointly funded by King County and SPU, all of the eligibility areas are within the

Seattle city limits. RainWise typically funds 90% of the costs of GSI installation, averaging

$4800 in subsidies per household. However, the upfront costs are born by the homeowner

and the subsidies count as taxable income. The City and County were aware that these

constraints, and the remaining out of pocket costs, might limit participation among low-
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income households. In response, a RainWise Access grant program was created to provide

an additional $1000 for low-income homeowners.

Recent demographic and economic changes in Seattle are important when consider-

ing the distributional impacts of GSI policy. King County, the twelfth most populous U.S.

county, has seen explosive growth in recent years, growing by over 50% since 1990 com-

pared to 32% for the U.S. overall. Our study area is wealthy, with a median income over

$95,000 in 2018. Since 2000 only New York City has experienced a larger increase in median

income.8

3 Data

We merge three data sources to generate our final datasets. Our GSI data include geo-

referenced records on all public and private GSI installations in Seattle obtained by a Public

Disclosure Request to the City of Seattle. Our focus is on the RainWise program, but we

use public and private mandatory GSI as explanatory variables in our model for RainWise

participation. Parcel characteristics come from the King County Assessor’s Office for all

residential parcels in King County. They were merged with arms-length residential hous-

ing sales from the King County Assessor’s Office. We also collect demographic data at

the census block group level from the U.S. Census American Community Service using a

weighted average of the five-year samples depending on the year of observation. Most of

the GSI records have a parcel identification number (PIN) that we use to merge with the

Assessor data; the remainder were merged spatially.9

We generate several variables for the analysis. First, we use sales data from the Asses-

sor’s Office to predict housing prices for all homes as a proxy of household wealth. This

includes properties not sold during our study period. We think this is a more transparent

proxy for housing values than assessed values, another common proxy for house values.10

The prediction model regresses real housing sale prices on property characteristics, year-

by-month fixed effects and fixed effects at the sub-area level, the finest available spatial

geometry. The prediction model results are presented in Table A.1 in the Appendix. We
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also generate spatial proximity variables: the cumulative number of RainWise participants,

private GSI installations, and public GSI installations within a one mile radius for each year

of the sample. We also calculate two static measures: the number of parks within a mile of

a property and the percentage of each census block group covered by trees.

We use two datasets for our empirical analysis. The first consists of a yearly panel of

all residential properties within the eligibility areas. We use this data to model voluntary

participation in the RainWise program. The second dataset uses all residential arms-lengths

housing transactions both inside and outside Rainwise eligibility areas. We use this transac-

tion dataset to estimate a hedonic selection model, focusing on transactions before RainWise

GSI was installed to isolate the distributional effect from any capitalization of GSI into the

value of the property.

We begin by describing summary statistics on the two channels by which the private GSI

program can have distributional impacts: administrative choice of which areas are eligible

and voluntary participation patterns. The panels of Figure 1 overlay the areas of Seattle

that were determined to be eligible for the program by RainWise staff (shown with dark

outlines) with census block group level data on our four primary distributional variables.

King County and the City of Seattle share the financial responsibility of funding RainWise;

the regions where each agency funds projects are designated on the map. The top panels

show that eligible areas, particularly those in eastern Seattle near Lake Washington, are

among the neighborhoods in Seattle with the highest home values and highest median

incomes. There are, however, eligible areas that have lower incomes and home values,

notably in south Seattle, where the percentage of Black residents is higher (bottom-left

panel). There is no discernible pattern between tree cover and RainWise eligibility (bottom

right panel). There is variation in all four variables across the eligibility area.

The summary statistics for both datasets are in Tables 1. The first three columns present

sample means for properties in King County excluding Seattle, in the City of Seattle exclud-

ing the eligibility area, and the eligibility area. The last two columns present p-values from

t-tests for equality of means for the RainWise-eligible areas compared to Seattle and King
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County (excluding Seattle), respectively. Tree canopy data is not available in King County

outside of Seattle. Panel (a) of Table 1 shows the sample statistics for all the residential

parcels and panel (b) only includes parcels that were sold during the sample period.11

Both samples show that homes are more expensive in Seattle compared to homes out-

side of the Seattle city limits in King County. However, even within Seattle, homes are

significantly more expensive in the RainWise eligibile areas, though characteristics such as

lot size, square footage and the age of the home also differ by area. This is likely because

the eligibility areas were determined based on hydrologic priority and are therefore close

to major water bodies that households view as valuable recreational and visual amenities.

There are no differences in tree cover between Seattle and the eligibility area. We find

that census block groups in eligible areas have a lower percentage of black residents and a

higher percentage of residents with four-year college degrees than Seattle overall or King

County (excluding Seattle). These summary data do not capture who in the eligible areas

chooses to sign up for RainWise, but rather highlight the challenge in balancing hydrologic

and environmental justice goals when setting GSI policy.

To examine non-parametrically whether voluntary participation differs by wealth, we

first examine participation within deciles of housing values (Figure 2). The vertical axis

measures the proportion of all RainWise participants within each housing decile, as of

2018. If participation were uniform across the housing value distribution, each decile would

contain approximately 10% of all participants, as indicated by the horizontal dashed line.

Deciles with less than 10% are underrepresented and deciles with more than 10% are over-

represented. We create the deciles for three different samples: all of King County (KC), all of

Seattle (SEA), and the eligibility area (Eligible). The median home value within each decile

is typically more expensive in the eligible area than in Seattle overall, and more expensive in

Seattle than in greater King County.12 The participation data based on King County deciles

show that the least and most expensive houses have lower participation rates; participation

is highest in upper middle deciles (5-8). A similar pattern exists in Seattle and the eligibility

region except the deciles are all shifted down. This is because while the housing values of
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participants remains the same, their relative rank moves down when compared to more

expensive houses in either Seattle or the eligibility area. Based on the raw data, households

with the lowest housing values are under-represented in RainWise when taking the most

inclusive definition of ratepayers that includes all King County customers. In all three

samples upper-middle class households are over-represented in Rainwise participation.

4 Methodology

We are broadly concerned about the distributional effects of private, voluntary GSI policies.

There is not one single variable that fully captures distributional effects. Mohai et al. (2009)

reviews the environmental justice literature with respect to both income and racial compo-

sition. Many urban areas also suffer from neighborhoods without adequate access to trees

and other green spaces (Locke et al., 2020). Building on the existing literature, we examine

how participation in the RainWise program varies across four key variables: housing val-

ues, median income, tree canopy, and the percentage of black residents. Housing values are

a proxy for wealth and a key advantage of housing values is the availability of property-

level data. We use median income measured from the census at the block group level. Tree

canopy is a proxy for existing green infrastructure (not specifically green stormwater infras-

tructure) based on a City of Seattle spatial dataset. We calculate the percentage of each

census block group covered by tree canopy. Since this dataset is developed by the City of

Seattle it is not available outside of Seattle city limits. Lastly, we also use the percentage

of black residents to see if underrepresented minorities also benefit from increased green

infrastructure through RainWise.13 Lastly, we also consider neighbor variables to incor-

porate the role of peer effects in RainWise participation. We do not attempt to causally

identify peer effects, but rather discuss how peer effects can amplify existing patterns of

participation.

We use two primary models to estimate the distributional effects of RainWise. Our first

approach estimates the probability that a given household will sign up for RainWise in a

given year, using program data from 2010-2018. Our second model is a hedonic selection
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model that uses observed housing sales as the dependent variable and a variable indicating

a property will sign up for RainWise in the future. The interpretation of the RainWise

variable in the hedonic model is whether homes that eventually sign up for RainWise are

more or less expensive than houses that do not sign up. Using sales prior to RainWise

adoption ensures that we estimate a selection effect as opposed to a capitalization effect of

RainWise. Each of the models, including the statistical techniques to estimate the models,

are presented in the following subsections.

4.1 Participation Model

The participation model is formalized in equation 1.

RWit = α + θ1 ̂HomeValueit + θ2MedIncit + θ3Treesit + θ4Blackit + βXit + εit (1)

In this model the dependent variable, RWit, is a dummy {0,1} for signing up for Rain-

Wise in a given year. Our parameters of interest are θ1 − θ4, which are the coefficients on

predicted home values, median income, % of tree cover, and % black residents. We include

additional explanatory variables in Xit such as housing characteristics, demographics at

the block group level, neighbor GSI variables, and year fixed effects.14 The general inter-

pretation of the model coefficients is the impact of a variable on the probability of a parcel

signing up from RainWise in a given year. Because the dependent variable in our selection

model, RWit, is binary and therefore not normally distributed, we use a logit model.

The panel nature of the dataset and time-varying neighborhood characteristics present

a complication. Namely, we must make an assumption about how to treat the time periods

after a household adopts RainWise. In a panel logit model, coding the dependent variable as

one after adoption incorrectly allows factors that occur after adoption to affect adoption. For

example, suppose a household signed up in 2015 but their neighbor signed up in 2016. Our

RainWise variable takes on the value of one in 2015, 2016, 2017, but the model incorrectly

allows the neighbor’s 2016 adoption decision to affect the probability of “adoption” in 2015.

We drop the post-adoption observations from the sample – another option is coding them
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as zero - but neither approach is entirely correct. Instead, we supplement a panel logistic

model with a time-varying survival model which accounts for the fact that households

“drop out” of the sample after they participate in RainWise. Survival models are common

in epidemiology to estimate the duration until death or the probability of survival. In our

setting ‘death’ is represented by a household signing up for RainWise. We choose Aalen’s

additive regression model (Aalen, 1989) that accommodates time-varying hazard rates since

some of our variables change over time such as the number of neighbors that sign up for

RainWise. As a further robustness check we estimate a linear probability model (LPM) and

a Cox proportional hazard model.

4.2 Hedonic Selection Model

A limitation of the participation model is that we do not have individual data on income or

home price. As described above we estimate the home value in a predictive model, which is

not as accurate a proxy for household wealth as the actual sale price of the home. Therefore,

we also estimate a model where we focus on homes sold at some point during our study

period. The tradeoff is a smaller sample that may not be representative: not all homes were

sold during this time. Examining the two datasets in Tables 1 and 1 show some differences

although the general magnitudes and differences between King County, Seattle, and the

RainWise eligibility areas are similar in the two samples.

The hedonic selection model focuses on homes that were sold prior to installing Rain-

Wise. Therefore, the sample is all homes that were sold, except homes that were sold after

installing GSI through RainWise. The equation for the hedonic selection model is given in

equation 2.

ln(Pit) = α + δ1,kRWpre,it + δ2Seai + δ3Eligiblei + εit (2)

The dependent variable is the natural log of the real sales price (in January 2018 dollars) so

the coefficients are interpreted as the marginal effect on home values in percentage terms.

The primary variable of interest, RWpre,it, is a dummy equal to one if a house was sold prior
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to RainWise participation. This variable designates a house that was sold whose owners

will later sign up for RainWise. The variable captures the types of homes that sign up for

RainWise. The Seai and Eligiblei variables are dummies indicating that the home was in

the Seattle city limits and the eligibility area, respectively. The hedonic model uses data

from all of King County in order to evaluate how housing prices depend on both eligibility

and adoption. In the hedonic model we do not include any controls or spatial fixed effects

because we explicitly want the RainWise coefficient to capture selection effects. Excluding

controls ensures that we are capturing whether homes that eventually sign up are in more

desirable neighborhoods or have more bedrooms, bathroom, or square footage.

5 Results

5.1 Participation Model Results

We begin with the results from the participation model. Again, all of the participation

models are run exclusively on properties located within eligible areas. We present the

results of the average marginal effects from the logit regressions in graphical form in Figures

3 and A.2. The full table of results, along with the LPM and Cox models is available in the

Appendix.

We estimate two variations of the logistic regression. The first model presents the av-

erage marginal effect of the four key variables on participation, presented in panel (a) of

Figure 3. Higher valued homes in eligible areas are slightly less likely to participate, on

average, although the effect is statistically insignificant. Homes in RainWise-eligible census

block groups with higher median income are significantly more likely to participate in the

program.15 We find no average effect of tree canopy or the percentage of black residents on

participation.

We estimate a second logistic regression to examine the full distribution of the variables

rather than focusing on their average effects. This is important for environmental justice

considerations where the participation within the poorest or least green neighborhoods is
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of interest. We replace the four key variables (home value, income, trees, percent black)

with indicators for deciles of each variables, with the fifth decile omitted. The decile cutoffs

are based on data from the whole city of Seattle, as this is the most inclusive sample with all

variables available, though our estimation models still use data only for properties located

in RainWise-eligible areas. We use terciles for the percentage of black residents in a census

block group because the distribution does not have unique breaks for all deciles. This stems

from the ACS predicting a zero share of black residents in several census block groups.

The results are presented in panel (b) of Figure 3. One can interpret these decile coeffi-

cients as the marginal effect on participation of being in that decile relative to the fifth decile.

For example, panel (b) shows that homes within the first decile of home value (in blue) are

significantly less likely to participate in Rainwise relative to homes in the fifth housing value

decile. The decile model shows variation across the distribution that is obscured in average

marginal effects in panel (a). Residents in both the lowest and highest-valued homes are

less likely to participate. The pattern is the same for median income, although smaller in

magnitude. Homes in census block groups with the most trees are less likely to participate.

Homes in the least black census block groups are significantly more likely to participate in

RainWise relative to the middle tercile.

There is evidence that peer effects guide individual decisions for GSI adoption Lim

(2018) as well as other environmental outcomes for residential homeowners (Bollinger and

Gillingham, 2012; Bollinger et al., 2020). We present the results for the neighbor variables

in Figure A.2 in the Appendix. We focus on the counts within 1 mile of the property of

four key variables: RainWise installations, mandatory private GSI, public GSI installations,

and parks. The variables are all standardized so the interpretation is the effect of a one

standard deviation change in the variable. The three GSI variables vary over time and

are the cumulative counts in a given year. RainWise installations show strong positive peer

effects: households who live in neighborhoods where more of their neighbors have adopted

Rainwise are more likely to participate themselves. This may be due to a positive amenity

value of Rainwise installations, or a simple advertising effect: participants often put a yard
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sign provided by the utility next to their raingarden.

We find negative peer effects, however, for private GSI installations. One reason may be

that private mandatory GSI may consist of features that are not as attractive or functional as

RainWise. Alternatively, since mandatory GSI is required for new construction or additions

the regions of the city experiencing a building boom may be negatively correlated with

RainWise adoption. We find no effect of proximity to public GSI or parks on RainWise

participation. We do not interpret the peer effects as causal due to the reflection problem

documented by Manski (1993). Therefore we cannot distinguish if a RainWise installation

truly causes an increase in their neighbors’ adoption probabilities, or if there are spatial

unobserveables driving clusters of adoptions. Either way it is clear that neighborhood-level

penetration is an important factor in RainWise participation.

We examine the impact of housing values and neighbors’ RainWise adoption from the

results of the survival model by plotting the cumulative regression coefficients from Aalen’s

model 4. These curves plots the cumulative impact of a unit change of the variable (from

its mean) at the hazard rate (RainWise adoption) at any point in time. Panel (a) of Figure 4

shows different survival rates over time based on the average values of our key variables.

Positive coefficients indicate Rainwise adoption is more likely. By the end of the sample

an increase in housing values decreases the probability of RainWise adoption. Income does

not appear to have an effect and the results for tree canopy are quite noisy. Census block

groups with more black residents are less likely to participate by the middle of the sample,

but the effect diminishes in magnitude and becomes less precise by the end of the sample.

Panel (b) present the results from Aalen’s model using deciles (and terciles) of the four

variables presented in panel (a). Similar to the result in panel (b) of Figure 3, the lowest

and highest deciles of home values are less likely to adopt by the end of the study period.

Median income is noisier and appears to have the highest probabilities in upper middle

income census block groups. The results for tree canopy do not show significant deviations

relative to the fifth decile of tree cover. Census block groups with more and less black

residents than the typical census block group are more likely to adopt RainWise. The
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results are largely consistent with the logit regressions.

5.2 Hedonic Selection Model Results

The results for the hedonic selection model are presented in Table 2. Recall that the Rain-

Wise variable identifies a home sold before the homeowner signs up for RainWise. The

RainWise variable’s interpretation is a house that will sign up for RainWise in the future

sells for X% more/less than other houses. The first three columns of Table 2 use all sales in

King County. Column (1) does not include dummy variables for Seattle and the eligibility

area (Eligible) so that we can interpret the Rainwise variable as a selection effect that en-

compasses both the eligibility and voluntary participation components of the distributional

impacts among all King County residents. Homes that in the future will sign up for Rain-

Wise are 4.4% more expensive than other homes in King County. However, the model in

column (1) does not account for the fact that only certain homes are eligible, and that all

eligible homes are in Seattle. Column (2) controls for whether the home is in the Seattle city

limits, and the selection effect switches signs and is now -6.0%. This is because homes in

Seattle are more expensive than the average King County home. Next, we control for the el-

igibility area within Seattle and the selection effect decreases to -10.8%. Again, as shown in

the non-parametric analysis, homes in Rainwise-eligible areas are more expensive than the

average Seattle home. Finally, focusing only on the voluntary participation channel (model

4), we find the selection effect is -8.5% among homes located in eligible neighborhoods.

To investigate distributional effects, we estimate quantile regressions for quantiles rang-

ing from 0.05 to 0.95 in increments of 0.05 based on Firpo (2007). The quantile regressions

only include the RainWise indicator and therefore have the interpretation of the difference

in each house price quantile among the houses that will eventually sign up for RainWise

compared to homes that never sign up. For example, the coefficient on the median rep-

resents the difference in the median home price for eventual RainWise participants and

non-participants. We estimate the quantile regression on three different samples: King

County, Seattle, and the eligibility area (Eligible). The results are presented graphically in
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Figure 5 where the solid line is the point estimate and the shaded area is the 95% confidence

interval.

In King County, lower quantiles (0.05-0.4) have positive coefficients, indicating that

among lower-valued homes RainWise participants own relatively more expensive prop-

erties. The King County results incorporate the strong eligibility effect: the lowest priced

eligible homes are more expensive than many homes in King County. For example, the

10th percentile home is about 10% more expensive for RainWise participants compared to

non-participants. This effect turns negative around the median and is strongly negative for

more expensive homes. The 90th percentile is about 20% lower for participants than non-

participants. The general downward trend across the housing price distributions indicates

that there are selection effects become stronger and more negative among more expensive

housing value quantiles. The pattern is essentially replicated, but shifted down for Seattle

and the eligibility area. RainWise homes are less expensive across the housing value distri-

bution in Seattle and the eligibility areas, with the largest effect among the most expensive

homes. The difference in the 90th percentile across RainWise participation status is 30% in

Seattle and almost 40% in the eligibility area.

6 Conclusion

Policymakers and the general public are increasingly concerned about the distributional

effects of environmental policy. While private benefits flow to homeowners who install

subsidized GSI on private property, all ratepayers bear the cost of subsidies in order to

achieve the public good of lowered combined-sewer overflows and improved water quality.

As a result, GSI subsidies can be considered transfer payments from ratepayers to partici-

pating homeowners. Who gains private benefits by receiving direct subsidies?

We decompose the distributional effects of the policy into impacts at the eligibility stage

and the participation stage. We find that Rainwise administrators chose eligibility areas

that had, on average, houses that are more expensive than typical Seattle houses, which

are in turn more expensive than King County properties. We find that subsidies for GSI
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on private land primarily benefit upper middle-class households when using home values

as a proxy for wealth. The richest and poorest deciles are least likely to benefit directly by

having a Rainwise installation in their yard.

From the perspective of a water agency with mandated stormwater reduction targets,

implementing GSI in the areas with the highest degree of impact in reducing CSOs is essen-

tial. In some cases, however, hydrologically important intervention areas may not spatially

coincide with areas that would benefit most from the co-benefits of urban greening. They

may also inadvertently target areas with higher-income households. There are other ways to

develop a rationale for siting GSI components (Hopkins et al., 2018; McPhillips and Matsler,

2018). Heckert and Rosan (2016) suggest a Green Infrastructure Equity Index to prioritize

investment locations. The dual challenges of equitably distributing urban greening and

meeting stormwater goals raises the question of whether water agencies should be tasked

with delivering urban greening to all. Jennings et al. (2017) discuss green space planning

projects in cities that are directly targeted to support equity.

The concept of equitable policymaking is not new in either Seattle or King County.

There is considerable work being doing to promote equity in policymaking. Seattle has an

Equity & Environment Initiative, which includes an Environmental Justice Committee that

specifically seeks to promote environmental services in underserved communities.16 Seattle

also has a Race and Social Justice Initiative that offers a Race and Equity Toolkit, which pro-

vides a set of questions to ask of a policy to evaluate its distributional consequences before

implementation.17 Furthermore, the consent decree with the EPA specifically includes a

statement on Environmental Justice, noting that Seattle will target CSO reduction in envi-

ronmental justice communities EPA) (2013). Environmental justice is a key policy objective

across several levels of government.

As of late 2018, the total spending on RainWise projects was $7.6 million dollars. The

program is believed to have reduced stormwater by an estimated 22 million gallons. While

the investment is impressive, there is still significant additional stormwater retention neces-

sary to achieve the goal of 700 million gallons. To date RainWise has accounted for roughly

18



10% of total gallons of stormwater reduced through GSI. If RainWise’s relative share of to-

tal GSI remains constant there will need to be more than a threefold increase in the current

RainWise installations. As RainWise continues or expands, there are likely opportunities

to incorporate consideration of the distributional costs and benefits. One area of future

research is to examine the spatial heterogeneity of water quality benefits from distributed

public and private GSI. Lim and Welty (2017) suggest only very extreme differences in GSI

placements will meaningfully affect water quality. This opens for the possibility of relaxing

eligibility requirements to achieve more equitable access to urban greening.

Lastly, we find strong suggestive evidence of peer effects in the participation decision,

consistent with other research for private incentives to adopt environmentally friendly land-

scaping (Lim, 2018; Brelsford and De Bacco, 2018; Bollinger et al., 2020). Peer effects cre-

ate both challenges and opportunities for increasing participation in low-income neighbor-

hoods. Low- and moderate-income residents are interested in participating in GSI programs

(Mason et al., 2019), and targeted campaigns to reach these residents may have positive

effects on uptake. If Rainwise chooses to strategically expand eligibility areas while imple-

menting targeted campaigns, it may be possible to eliminate distributional impacts. Pinning

down causal estimates of peer effects and their magnitude will inform the critical mass of

initial low-income participants necessary to achieve equity goals.
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Tables

Table 1: Summary statistics and difference in means

(a) Summary statistics and difference in means for all properties
Variable Mean KC Mean Seattle Mean RW Eligible T-KC T-SEA
House Value 624321 637740 704639 0 0
Med. Income 89454 78985 88810 0.793 0.001
Black 0.058 0.076 0.07 0.12 0.395
Tree Canopy 0.254 0.253 0.656
Lot 28090 6180 5190 0 0
Sq.ft. 2198 1833 1859 0 0
Year Built 1977 1953 1944 0 0
Degree 0.427 0.6 0.661 0 0
Observations 508684 156236 63806

(b) Summary statistics and difference in means for properties sold (2010-2018)
Variable Mean KC Mean Seattle Mean RW Eligible T-KC T-SEA
House Price 624693 663593 758955 0 0
Med. Income 102216 89495 100967 0.579 0
Black 0.065 0.091 0.075 0.062 0.022
Tree Canopy 0.261 0.256 0.586
Lot 18762 5190 4470 0 0
Sq.ft. 2361 1856 1910 0 0
Year Built 1984 1964 1955 0 0
Degree 0.486 0.665 0.757 0 0
Observations 184189 56206 22414

Note: Panel (a) shows sample reflects all residential properties in King County. Housing values in panel (a)
are based on 2018 dollars and reflect the predicted values based on a regression model. Panel (b) shows the
sample reflects all arms-length residential property sales in King County from 2010-2018. Housing sales
in panel (b) are the sale price in 2018 dollars. Year Built, Lot and Sq.ft. are based on the King County
Assessor and are measured at the property level. Black, Med. Income, and Degree are from the ACS and
measured at the block group level. Tree Canopy is measured at the neighborhood level and is only available
within the City of Seattle; King County data are intentionally blank. T-KC and T-SEA show the p-values
for t-tests of difference in means for the RainWise eligible sample and the rest of King County and Seattle,
respectively. The t-tests account for the unit of observation (block group or property).
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Table 2: Pre-adoption Hedonic Selection Model

King County King County King County Eligible

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

Rainwise 0.044∗∗∗ −0.060∗∗∗ −0.108∗∗∗ −0.085∗∗∗

(0.017) (0.016) (0.016) (0.015)
Seattle 0.320∗∗∗ 0.284∗∗∗

(0.002) (0.002)
Eligible 0.105∗∗∗

(0.003)

Observations 180,334 180,334 180,334 21,890
R2 0.524 0.583 0.587 0.600
Adjusted R2 0.524 0.583 0.586 0.598

Notes: The dependent variable is real home price. Robust standard errors are clustered at
the household level. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figures

Figure 1: Map of Rainwise Eligibility and Combined Sewer Outflows

Note: The map shows average for four key variables by census block group: median
home value, median income, percent black and percent tree cover. The boundaries of the
RainWise eligibility areas funded by King County are shown in Black and those funded
by SPU are shown in gray.
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Figure 2: RainWise participation by deciles of housing value

Note: The vertical axis measure the share of all RainWise participation that occur in each
housing value decile. Completely even participation across the housing value distribution
would result in each decile containing 10% of total participation as indicated by the hor-
izontal dashed line. The deciles are constructed using all residential properties in King
County (KC), Seattle (SEA) and the eligibility areas (Eligible). The labels on top of each
bar show the median home price within each decile in thousands of dollars.
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Figure 3: Marginal effects of environmental justice variables on RainWise participation

(a) Average effects

(b) Effects by decile

Notes: These plots show the marginal effects on key variables on RainWise participation
from a logit regression. The solid bars are the coefficient estimates and the error bars
represent 95% confidence intervals from standard errors clustered at the block group level.
The vertical axis represents the change in the probability of participating in RainWise for
a unit change in the variable. The full table of results for the logit regressions is available
in Table A.2. 28



Figure 4: Hazard rates for RainWise

(a) Average effects

(b) Effects by decile

Notes: The figure presents the cumulative regression coefficients for Aalen’s additive
regression model over time. The vertical axis represents the hazard rates, which in our
case is the probability of adopting RainWise. The solid lines are the cumulative regression
coefficient, which shows the effect of a unit change in the variable on the hazard rate at
any point in time. The shaded area is the 95% confidence interval. Panel (a) shows the
marginal effects of the variable of four key environmental justice variables: the log of
predicted home values (Home Value), the log of median income (Income) the percentage
of a block group covered by trees (Tree Canopy), and the percentage of a block group’s
residents that are black (% Black). Panel (b) presents shows the deciles of these same
variables where the rows represent different deciles. Each cell in panel (b) represents one
time-varying parameter estimate.
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Figure 5: Quantile regressions selection effects

Notes: The figure graphs the coefficients and 95% confidence intervals from quantile re-
gressions of prior housing sales on RainWise participation for different samples. The re-
gressions control for year fixed effects. The quantiles range from 0.05 to 0.95 in increments
of 0.05.
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Notes
1Beginning in the 1930s and continuing through the 1970s, the Home Owners’ Loan Corporation categorized

the desirability of neighborhoods for loans and investment using race. Their least desirable category were
outlined on maps in red

2GSI was formalized as a method of managing CSOs in 2019 with the Water Infrastructure Improvement
Act, which requires the Environmental Protection Agency (EPA) to promote the use of GSI (H.R.7279).

3The motivation to target water quality first stems from the statutory nature of water quality improvements
governing most of the large scale GSI programs.

4See the EPA’s work and definition of environmental justice at https://www.epa.gov/environmentaljustice.
5More information on the program is available at https://www.700milliongallons.org/.
6The summary of the consent decree is available at https://www.epa.gov/enforcement/seattle-washington-and-king-county-washington-settlement.
7Mandatory private GSI refers to GSI installations on new construction or renovations that add impervious

surface to existing buildings. This program is formalized in the Stormwater Code and run by the Seattle
Department Construction and Inspections. The details of the regulations are available at http://www.seattle.
gov/sdci/codes/codes-we-enforce-(a-z)/stormwater-code.

8Data are available at https://www.kingcounty.gov/independent/forecasting/King%20County%20Economic%
20Indicators/Household%20Income.aspx.

9In general RainWise data have PINs, but public GSI and mandatory private GSI have spatial coordinates
but no PIN. We dropped 15 RainWise observations that we were unable to merge either spatially or with
administrative records.

10Assessed values can be affected by petitions, are updated at different times, and do not disclose the method-
ology.

11Although we only use eligible properties in the participation model we show the summary statistics for the
three samples to better understand the distributional implications of eligibility, all of which are in Seattle.

12For example, the median house in the second housing value decile costs $443,071 in King County, $498,509
in Seattle, and $535,891 in the eligibility area.

13The correlation of these variables is shown in Figure A.1 in the Appendix.
14The neighbor GSI variables are the number of RainWise installations, mandatory private GSI, public GSI,

and parks within 1 mile from parcel i at year t.
15We use the natural log transformation for both home values and median income in the participation models.
16More information about this initiative, the Environmental Justice Agenda, Environmental Justice Com-

mittee, and Environmental Justice Fund is available at https://www.seattle.gov/environment/equity-and-
environment/equity-and-environment-initiative

17More information about the Race and Social Justice initiative and the toolkit is available at https://www.seattle.gov/rsji
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