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Abstract: Urban heat is a growing concern in U.S. cities. It remains unclear how households value the

benefits of neighborhood cooling (e.g., shade trees, cool pavement, etc.) at increasing distances from

their home. Measuring these benefits is challenging because temperature is correlated with many other

neighborhood differences, including resident income and development patterns. I use wind-driven airflow

to isolate shifts in local temperature that are plausibly unrelated to other neighborhood attributes,

allowing me to estimate willingness to pay for cooling at multiple spatial scales. Using home sales data

from Maricopa County, AZ, I find that households are willing to pay $676 annually for a 1°C decrease

in summer air temperatures in their immediate surroundings, and $245 annually for equivalent cooling

in their broader neighborhoods. I apply these estimates to Phoenix’s Cool Corridors program and find

that analyses that ignore broader spillovers understate benefits by 48%. These findings provide novel

evidence that neighborhood cooling is a local public good: private adoption underprovides cooling, and

conventional evaluations can understate the gains from targeted public investments.
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1 Introduction

Extreme heat exposure has become a growing concern in U.S. cities. Higher summer temperatures raise

household costs through increased electricity spending and adverse health outcomes (Sailor and Pavlova,

2003; Zivin and Shrader, 2016), prompting cities to expand investments in cooling infrastructure such

as parks, trees, cool pavement, and shade structures (EPA, 2025). Yet policymakers still have limited

evidence on how much households value cooler neighborhoods, despite survey evidence that households

are aware of property-level variation in urban heat (Jenerette et al. 2016). In particular, it remains

unclear how far beyond the home households value the benefits of local cooling improvements. Because

heat shapes daily life both inside the home and in nearby public and private spaces, cooling projects

may generate benefits that extend to surrounding residents through local spillovers (Basu et al., 2024;

Han et al., 2024; Zivin and Neidell, 2014). This spatial reach matters for policy analysis: when the

benefit area extends beyond the homes immediately adjacent to an intervention, valuations that assume

too narrow a footprint will understate the true benefits of public cooling investments.

In this paper, I investigate how much households value urban cooling at different distances from the

home and use these estimates to evaluate the benefits of an urban cooling program. The contributions

are threefold. First, using home sales data from Maricopa County, AZ, I provide novel estimates of

households’ willingness to pay for summer temperature reductions at multiple spatial scales. I find that

households are willing to pay $676 annually for a 1°C reduction in summer air temperatures within a few

blocks of their home (500m radius), and $245 annually for an equivalent reduction at the broader neigh-

borhood scale (1,000m radius). Second, I apply these estimates to Phoenix’s Cool Corridors Program

and show that accounting for the full set of spatial scales at which households value cooling matters for

policy evaluation: conventional single-scale, tract-level approaches understate benefits by 48%. Under-

estimation occurs because such approaches do not necessarily account for the total spatial scale over

which households value cooling and how that value changes with distance: cooling delivers its largest

gains very near the home while also generating meaningful benefits at the neighborhood scale. Incor-

porating both effects is particularly important in dense cities, where tract boundaries divide otherwise

continuous neighborhoods. Third, I develop a novel technique that addresses the core identification

challenge in this context, which is that temperature is not randomly assigned within a city. I address
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this challenge by instrumenting for local urban temperatures using fine-scale wind patterns to predict

shifts in temperature that come from upwind areas rather than from changes within the neighborhood

itself.

These findings are especially timely given recent surges in funding for public cooling investments

(City of Phoenix, 2024; NOAA, 2024; New Jersey Department of Environmental Protection, 2025; EPA,

2025). They provide the first empirical evidence that policymakers should not take the geographic reach

of heat-related benefits as given: the spatial scale at which cooling is measured and valued can mate-

rially change the implied benefits of marginal temperature reductions. The results also indicate that

cooling infrastructure generates spillovers, which limits the ability of market forces alone to deliver

efficient outcomes. If households value heat conditions beyond their immediate microclimate, private

choices—such as landscaping, cool roofs, or commercial development do not fully account for impacts

on nearby residents. More broadly, the findings suggest that models which average environmental at-

tributes over areas larger than the scale at which they vary can inadvertently treat benefits as uniform

across space, raising equity concerns. This issue is particularly relevant for city governments, which are

often responsible for allocating cooling investments across relatively small geographic areas.

The remainder of the paper proceeds as follows. Section 2 situates the paper in the related litera-

ture. Section 3 describes urban heat in the study area and Phoenix’s Cool Corridors Program. Section

4 summarizes the data. Section 5 develops the intuition for my instrument and explains how it is

constructed. Section 6 presents the econometric framework for identifying household MWTP and the

differences-in-differences design used to estimate Cool Corridors’ cooling impacts. Section 7 reports the

hedonic and program-evaluation results, including the baseline IV estimates. Section 8 concludes.

2 Literature

A large empirical literature uses hedonic property value models to estimate households’ marginal will-

ingness to pay (MWTP) for environmental amenities that are not directly traded in markets (Rosen,

1974). Yet a central challenge in this approach is endogeneity, which can bias hedonic estimates (Kumi-
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noff, Parmeter, and Pope, 2010; Muehlenbachs et al., 2015; Graevenitz, 2018; Bishop et al., 2020). In

my setting, these concerns arise from both omitted variables and reverse causality. Urban heat changes

alongside many other neighborhood features that are not always possible to observe-such as vegetation,

parks, development intensity, and traffic-that evolve over fine spatial scales and over time (EPA, 2024).

These factors can affect housing values both through temperature and through independent amenity

channels (for example, parks can provide cooling and recreational value). At the same time, property

values and microclimates may be jointly determined. Higher-valued neighborhoods may attract invest-

ment in trees, irrigation, and cool pavements, while high land values can also discourage land-intensive

cooling amenities such as public green space because of their opportunity costs. As a result, näıve

regressions of home prices on neighborhood temperature are likely to conflate the value of cooling with

the effects of other co-evolving neighborhood changes.

The endogeneity challenges described above are especially salient when the goal is to value local heat

exposure within a city. Most of the existing climate amenity literature instead estimates willingness

to pay from large-scale, regional differences in climate and relies on econometric designs that address

time-invariant unobservables, such as fixed effects models (Diamond et al., 2016; Albouy et al., 2016;

Sinha et al., 2018) or first-difference approaches (Wrenn et al., 2024). These strategies are well suited

to absorbing persistent regional heterogeneity, but they can still be vulnerable to omitted time-varying

factors and to reverse causality when property values evolve over time (Bajari and Timmins, 2012).

Moreover, regional climate is a different amenity than within-city microclimates, which are the focus of

this paper. MWTP for regional climate reflects the value of cooler conditions across nearly all settings

households interact with, whereas microclimate variation affects a narrower activity space within the

metropolitan area. Households can also substitute away from localized heat within a city—for example

by altering routes or schedules, or by using nearby shaded and cooled spaces—more readily than they

can substitute away from the prevailing regional climate. Finally, because models that compare across

metropolitan areas (Diamond et al., 2016; Sinha et al., 2018; Fan et al., 2018; Carbone et al., 2020;

Wrenn et al., 2024) infer climate MWTP from spatial equilibrium adjustments that operate through

both wages and housing costs, the resulting valuations reflect compensation across multiple markets. In

contrast, within-city estimates are identified primarily through capitalization into housing prices within

a common regional labor market (Roback, 1982).
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Few papers estimate households’ MWTP for hyper-local reductions in urban heat, despite growing

city investments in neighborhood cooling infrastructure (City of Los Angeles, 2023; EPA, 2025; City of

Phoenix, 2026). Endogeneity remains a central challenge in this setting. Among the few exceptions,

Klaiber, Abbott, and Smith (2017) and Borsky et al. (2024) estimate MWTP for local heat reduction,

while Han et al. (2024) focuses on electricity cost savings from local temperature changes rather than

broader amenity value. Klaiber, Abbott, and Smith. (2017) study Phoenix, AZ and estimate MWTP

at the tract level using a Hausman Taylor model, instrumenting tract temperatures with between tract

variation in mean elevation. They report a tract level MWTP of $72 per month ($864 annually) per °F

reduction in tract temperature, which corresponds to $2,292 annually per °C reduction in 2025 dollars.

Because identification in this design relies on comparisons across low and high elevation tracts, the

resulting estimates may also reflect other unobserved amenities correlated with elevation, such as air

quality, views, or reduced flood risk. Focusing on climate gentrification effects from cooling programs,

Borsky et al. (2024) estimate a spatial sorting model with tract fixed effects and find that households

in New York City are willing to pay $99 annually to avoid one additional day above 95 °F. While tract

fixed effects address time invariant differences across neighborhoods, this approach does not resolve

endogeneity from time varying changes in urban form that can affect both microclimates and neighbor-

hood amenity values.

Previous work also does not fully address the possibility that households value summer heat reduc-

tion differently across space. There are clear reasons to expect this. Heat in the immediate vicinity

of the home affects indoor cooling costs (Han et al., 2024), the use of outdoor residential space (Zivin

and Neidell, 2014), and exposure during short trips nearby (Basu et al., 2024). Heat in the broader

surrounding area may matter for commuting, errands, recreation, school, and social activities (Fan et

al.; 2023; Batur et al.; 2024). Common econometric choices can make it difficult to study these dif-

ferences. Approaches that aggregate temperature to the tract level cannot distinguish microclimate

effects within tracts (Klaiber, Abbott, and Smith 2017), even though recent work shows that urban

temperature varies meaningfully at sub-tract spatial scales (Chakraborty et al., 2019; Hsu et al., 2021;

Wang et al., 2018; Middel et al., 2014, 2019; Myint et al., 2015). At the same time, highly granu-

lar spatial fixed effects—while useful for addressing time-invariant unobservables (Kuminoff, Parmeter,
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and Pope, 2010)—removes the cross-area variation needed to detect impacts that extend beyond the

fixed-effect unit, so researchers face a tension between using highly granular location controls to limit

omitted-variable bias and estimating amenity effects that operate over larger geographic areas.

To address endogeneity concerns and the limits of relying on either tract averages or very fine spatial

fixed effects, I develop an instrument for neighborhood temperature based on fine-scale differences in

household orientation relative to nearby “hot” and “cool” zones that generate plausibly exogenous tem-

perature variation through urban air advection. This strategy offers two advantages in the urban heat

setting. First, relative to approaches that rely on granular spatial fixed effects to address time-invariant

unobservables, my IV approach addresses both time-invariant and time-varying confounders, which is

important because urban heat is closely linked to changes in city morphology over time (Middel et al.,

2014; Myint et al., 2015). Second, because this instrument does not require aggregation to the tract

level or identification solely from within-unit variation under highly granular fixed effects, it allows me

to estimate how households value microclimate improvements at multiple spatial scales around the home.

3 Empirical Overview

I estimate how much households value cooler neighborhood temperatures using Maricopa County, Ari-

zona home sales data from 2009–2018, which covers the core of the Phoenix–Mesa–Chandler metro area.

The study area represents 1.7M households, with a total property value exceeding $1 trillion (Maricopa

County Assessor’s Office, 2026). Heat exposure varies considerably across the county (Fig 1.a) and is

a primary environmental concern for residents, with July average temperatures rising past past 100 °F

in recent years (US Dept of Commerce, 2025). In 2021 the City of Phoenix collected climate survey

responses from residents, and found that requests related to improved cooling infrastructure comprised

the top category, with 75% of residents reporting “extreme concern” related to heat (City of Phoenix,

2021). Furthermore, research shows that residents are aware of property-level variation in local climate

that result from changes in development and vegetative land cover (i.e., the urban heat island effect).

Jenerette et al. (2016) combine high resolution land cover data with survey responses from Phoenix

residents and show that residents noticed even micro-scale variation in urban heat. Evidence from en-
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ergy expenditure data and community responses suggests that heat saliency stems from both electricity

expenses required for cooling,1 as well as the impact that heat has on activities beyond the home,

including work and school commutes, as well as recreation in parks (Heat Action Planning Guide for

the Neighborhoods of Greater Phoenix, 2017). In response to these risks, the City Council of Phoenix

formed its Office of Heat Response and Mitigation in 2021, who along with the city’s Street and Trans-

portation Department launched Phoenix’s Cool Corridor Program in 2022. Since then the city has

approved a $60M Tree and Shade Master Plan, targeted at further cooling infrastructure investment

via shade structures, cool pavement and tree planting.

In this paper, I use Phoenix’s Cool Corridors Program to operationalize my estimates of household

MWTP for urban cooling. The program is a heat-mitigation initiative led by the Street Transportation

Department under the city’s Climate Action Plan Framework and Tree and Shade Master Plan (City of

Phoenix, 2025). Since its launch in 2022, the city has allocated $1.4 million in funding from the city’s

Capital Improvement Program (CIP) per year through 2026. The funding is primarily allocated to

tree planting along quarter to half-mile segments of prioritized pedestrian and cyclist routes (i.e.,“Cool

Corridors”), with a target of roughly 200 drought-tolerant, low-water-use trees per mile in heavily

traveled areas (City of Phoenix, 2025). Corridor locations are selected using a multi-criteria rank-

ing system that emphasizes neighborhood heat vulnerability (including low income and higher shares

of heat-sensitive residents), transit dependence, pedestrian activity, and existing heat conditions, and

projects are funded through the city’s Capital Improvement Program (CIP) (City of Phoenix, 2025).

Funding has been largely productive: as of September 2024, the City reported 2,945 trees planted since

the program began.2 Figure 2 maps the 94 corridor locations (63 completed and 31 anticipated) within

1Appendix Figure A1 provides descriptive evidence that hotter microclimates are associated with higher household
cooling costs. I merge tract-level annual household electricity expenditures from the Department of Energy’s Low-Income
Energy Affordability Dataset (LEAD, 2022) with minimum July nighttime temperatures from the NCAR high-resolution
urban climate dataset, and compute expenditures per square foot using the tract-level median home size in the Maricopa
County parcel data (1,623 sq ft). In 2020, households in the hottest nighttime-temperature decile spend more than 12%
more on electricity per square foot than those in the coolest decile (about $0.15/sq ft, or $227 per year). Because these data
are observed at the tract level, they likely understate the magnitude of household-level savings from cooler microclimates,
but they motivate a channel through which localized heat exposure can generate meaningful welfare losses and thus
household willingness to pay for neighborhood cooling; the hedonic estimates in the paper reflect both energy-cost savings
and broader amenity benefits such as comfort and outdoor usability.

2Because my data end in 2025, my difference-in-differences estimates capture cooling over the first three summers after
planting, before trees reach maturity. The urban climate literature finds that even individual trees can measurably reduce
near-surface air temperatures through shade and evapotranspiration, and that cooling effectiveness increases with canopy
density and leaf area as trees grow. Thus, I interpret my cooling and benefit estimates as conservative relative to longer-run
impacts once canopy is fully developed (Meili et al., 2021; Rahman et al., 2020; McPherson, 2014; Cai et al., 2022).
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Phoenix city boundaries as of 2025.

A key challenge to constructing policy benefit measures in this context is the plausible correlation

between urban heat and other, often unobservable, neighborhood characteristics that households also

value. Figure 1.b uses available measures of tract income and land cover to motivate the use of an

econometric strategy that addresses likely sources of omitted variable bias, and is not limited to identi-

fying effects at the scale of granular spatial fixed effects. In particular, development changes over time

and cross-sectional patterns of median tract income appear correlated with the temporal and spatial

changes in urban air temperatures shown in Figure 1a. Although these particular measures are observ-

able, Figure 1 suggests that urban heat co-evolves with associated unobservables that may be realized

over scales smaller than the tract level, and which may change over time. Furthermore, the fine-scale

spatial heterogeneity of urban heat exposure shown in Figure 1.a motivates the possibility that house-

holds may respond to urban heat at multiple spatial scales- extending beyond private cooling benefits

(i.e. cooling, comfort on private property) on their own parcel to include adjacent public spaces and

neighborhood amenities where they may work or recreate.
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(i) Spatial variation (ii) Temporal variation

(a)

(i) Development change over time (ii) Median tract income

(b)

Figure 1: Urban heat variability and correlates in Maricopa County. Panel (a) displays the high degree
of variability in urban heat over (i) space and (ii) time. Panel (b) motivates the likelihood that urban heat is
endogenous to other amenities by illustrating its apparent correlation with (i) development changes over time
and (ii) median tract income. The urban heat measure used in this diagram is average July nighttime minimum
air temperature (1000m), accessed from the National Center for Atmospheric Research’s (NCAR) High-resolution
Urban Meteorology for Impacts Dataset, (HUMID)
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Figure 2: Phoenix Cool Corridors program: completed, in-
progress, and planned corridor segments. The black outline rep-
resents the extent of Phoenix’s city boundary.
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4 Data

This section contains a summary of all data sources used in this paper. Further detail on these sources

is available in Appendix B.

4.1 Hedonic Analysis Data

I assemble a parcel-level dataset of non-foreclosure, arms-length single-family, townhome, and apart-

ment home sales in Maricopa County, AZ from 2009-2018 using Maricopa County Tax Assessor records,

which provide transaction prices and housing characteristics used to construct the analysis sample used

for regressions. Homes that sold below and above the 5th and 95th percentiles of home price for the

total sample were excluded from the sample, along with homes greater than the 90th percentile of

distance away from Phoenix’s city center. Furthermore, homes that underwent renovation projects (i.e

change in square footage, or addition of pool, garage, patio, bathroom) were excluded from the sample.

I annualize home prices using a 5 percent discount rate (in perpetuity), following (Himmelberg 2005).

In addition to sales price, this dataset contains a rich set of covariates specific to each property including

structure type (single family, apartment, condo, or townhome), square footage, number of bathroom

fixtures, date of construction, and whether or not the property has a pool and garage. I tie sales data

to GIS boundaries for each residential parcel using the Parcel Shape File for all of Maricopa County

available from Maricopa County GIS Open Data portal.

To measure urban heat exposure, I use NCAR’s 1000m resolution Urban Meteorology for Impacts

Dataset (HUMID), using average July nighttime minimum (2m) air temperatures. I focus on July

minimum nighttime temperatures because July is typically the hottest month of the year in Maricopa

county, and because nighttime min temps are a conventional metric used to assess the severity of the

urban heat island effect (Klaiber, Abbott, and Smith 2017). The urban heat island effect is primarily

a nocturnal phenomenon (Oke 1982), with intensity rising after sunset as rural areas cool rapidly while

urban surfaces release stored heat. In a hedonic context, nighttime minima are also a natural summary

measure because many working households experience neighborhood microclimate most directly dur-

ing evening and overnight hours at home, and because outdoor temperatures constrain the ability to

maintain comfortable sleeping conditions even with air conditioning (Klaiber, Abbott, and Smith 2017).
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In order to construct the airflow trajectories used to instrument for July nighttime minimum tem-

perature, I use near-surface hourly atmospheric condition data (wind speed, direction, air pressure,

non-urban resolving temperature data) from NOAA’s High-Resolution Rapid Refresh (HRRR) dataset.

This is the input dataset for NOAA’s air parcel trajectory modelling tool (HYSPLIT) discussed in more

detail in section 4.

In order to run robustness checks for my main specification I combine several datasets. To char-

acterize development intensity changes by tract over time, I use USGS National Land Cover Database

(NLCD) annual 30m land cover classifications for years 2009-2018, reclassified to capture development

intensity. I reclassify the existing NLCD categories to reflect two categories, intense and non-intense

land development. Intense development land area per tract reflects the annual percentage of each tract

that corresponds to NLCD development categories medium and high, and non-intense development

reflects the annual percentage of each tract that corresponds to open space and low intensity devel-

opment. The distance that each property is located relative to urban greenspace is classified using to

nearest park/open space is inferred using 2010 and 2015 1m resolution land cover classification datasets

from the Central Arizona-Phoenix Long Term Ecological Research database. “Greenspace” is defined

as any contiguous 30mx30m or larger area of turf grass and/or tree and shrub land use classifications. I

generate a shape file from the land cover areas within Maricopa county that meet this requirement, and

calculate each property centroid’s distance to the nearest greenspace polygon in both 2010 and 2015.

The distance that each property is located relative to a major roadway is calculated using the 2019

TIGER/line shapefile of arizona primary and secondary state roads from the US census bureau. I then

calculate the distance between each property’s centroid and the closest major road.

Annual tract level median income from 2009 to 2018 is taken from tract-level ACS 5-year times-series

estimates of Median income in previous year by tract, from IPUMS NHGIS converted to real 2025 dol-

lars. Median income for each year is calculated from the ACS 5-year estimate with end year prior to a

given year. My measure for annual air quality uses the Daily Census Tract Level PM2.5 Concentration,

2011-2015 and 2016-2020 datasets avalible from the U.S. Department of Health and Human Services,
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available at Data.gov. I use annual mean June, July and August PM2.5 concentrations for each tract in

Maricopa county. For sample years 2009 and 2010, which occur prior to the creation of these datasets,

I assign the PM2.5 from the closest year, 2011. Distance to Phoenix’s city center is defined as the

distance between each parcel’s centroid and the coordinates -112.074, 33.45, which represent the center

of Phoenix’s central business district.

4.2 Cool Corridors Data

I obtain geospatial data on the City of Phoenix Cool Corridors program from the City of Phoenix Open

Data portal. The 2025 Cool Corridors layer is a polyline feature class representing street segments that

are completed or planned as part of the program. For completed segments the data includes completion

date. Additionally, each segment includes a field for the number of trees planted. I limit the dataset

to corridor lengths greater than 400m, and for completed corridors, corridors which planted trees at

at least 62 trees per km density. This corresponds to 50% of the corridor’s initial stated goal of 200

trees per corridor mile. To avoid confounding temperature changes in the control “planned and sched-

uled” corridors, I remove all control corridors within 100m of an already completed corridor. To avoid

confounding from Phoenix’s simultaneous cool pavement program, I remove corridors within 100m of

a completed cool pavement projects. Completed Cool pavement project GIS outlines are also obtained

from the City of Phoenix Open Data portal. Furthermore, in order to account for small areas of cooling

surrounding small urban areas of dense tree cover (Soltanifard and Amani-Beni 2017), I extend Cool

Corridor boundaries to extend to a 100m buffer surrounding each corridor.

Because the last year of air temperature observation in the HUMID temperature dataset 2018, which

is prior to the first year of cool corridor implementation 2022, I must estimate surface air temperatures

in Cool Corridor Neighborhoods using a combination of annual (2019-2025) 30m Landsat July land

surface temperature imagery and an estimate of the relationship between surface and air temperature

in Phoenix from Song et al. (2017). The authors estimate the average ratio between air and surface

temperature changes to be 0.63:1 over developed areas in Phoenix, Arizona using meteorological and

land surface data from 2013. Land surface temperature data is obtained from Landsat 8 and 9 land
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surface temperature image collections for Maricopa county on days with < 10% cloud cover in July of

each year between 2019 and 2025. July mean surface temperature for each year for each corridor reflect

the mean of land surface temperature pixels which overlap corridor boundaries (including 100m buffer).

In order to calculate the contribution of corridor cooling to 500m, 1000m ring buffers surrounding each

residential property, and tract zones I join corridor boundaries with each of the 500m, 1000m and tract

boundaries and calculate percent area overlap. Total boundary cooling is therefore inferred from corri-

dor cooling, and adjusted using percent corridor overlap.

5 Airflow instrumentation strategy

I instrument for local temperature using the contribution of outside hot and cool air to each property’s

microclimate zone, driven by a phenomenon called urban air advection. This instrument isolates exoge-

nous variation in temperature using differences in property orientation relative to outlying temperature

gradients. I refer to this measure as each property’s “gradient alignment score”, and construct it by

creating an index that measures how aligned the direction of surface airflow is with each property’s ori-

entation relative to the hottest and coolest areas surround each parcel. The resulting measure captures

how strongly a property’s microclimate is affected by hot or cool air from its surroundings, while remain-

ing orthogonal to local temperature levels. Critical to the validity of an instrumental variable is that

the measure is i) plausibly uncorrelated with unobserved determinants of housing demand (exclusion

restriction), and (ii) induces meaningful variation in local temperatures across the sample (relevance).

I argue that this instrument satisfies the exclusion restriction because property orientation relative to

the coolest and hottest areas that surround it within a given radius are exogenous to other factors that

influence home prices– I support this assertion by showing that property orientation relative to sources

of hot and cool air varies considerably within tiny spatial scales. Additionally, assignment of “hot” and

“cool” zones surrounding each parcel are relative to the field just outlying each microclimate zone of

interest, excluding any information on level air temperatures themselves from instrument construction.

Instrument relevance is satisfied by the use of high-resolution air flow trajectory data that accurately

captures temperature differences driven by property orientation– via the phenomenon of urban air ad-

vection. In the remainder of this section I describe the meteorological process of urban air advection,
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the rationale for how my instrument leverages this process to isolate exogenous variation, and how the

instrument is constructed.

Temperature transfer from urban “hot” and “cool” spots to surrounding areas via surface airflow

is well established in climate and atmospheric science. Local airflow patterns redistribute hot and cool

air in cities, creating temperature gradients at neighborhood scales, a process referred to as urban heat

advection (Heaviside et al. 2015; Bassett et al. 2016; Oke et al. 2017). In Birmingham, UK, for example,

a meteorological model of the August 2003 heatwave attributes up to 4.5°F of intra-urban temperature

variation to advection, and Bassett et al. (2016) use in situ measurements to show that hot air from

impervious areas within cities “exported” to nearby districts, raising average temperatures downwind

by roughly 2.2°F. Moustaoui and Georgescu (2025) similarly document a significant annual warming

contribution of advection from upstream urban development in Phoenix, AZ. Working at a much finer

spatial scale, Middel et al. (2014) find that surface air flow plays a significant role in distributing warm

and cool air over neighborhoods in simulated experiments in Phoenix, AZ. Figure 3 uses an adapted

figure from Middel et al.(2014) to illustrate the role of urban air advection via surface winds on air

temperatures across a simulated city block in Phoenix3.

Advection also transmits cooling. Urban vegetation patches generate “park cool islands”–zones of

lower temperature inside and around parks (Declet-Barreto et al. 2013; Rasul et al. 2017). Observational

studies document that the cooling influence of parks extends farther downwind than upwind because

cooler air produced over vegetation is carried by prevailing winds (Norouzi et al. 2024). In many cases,

airflow over cool islands transports cooler air hundreds of meters downwind of park boundaries (Sug-

awara 2016; Motazedian 2020), and similar patterns arise around non-vegetative cooling interventions

such as cool pavements (Ko et al. 2020). Taken together, this literature implies that an individual

parcel’s microclimate depends not only on its own and adjacent land cover, but also on where it sits

relative to surrounding hot and cool areas and the directions from which air tends to arrive.

I leverage this phenomenon to construct an instrument for neighborhood temperature that both

varies at fine spatial scales, and satisfies the exclusion restriction. For each property parcel, I first
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characterize the spatial pattern of heat in an “outlying” ring around its 500m immediate surroundings,

identifying directional slices that are relatively hotter or cooler than the ring average. Importantly,

this calculation does not contain any information regarding the level value of temperature surrounding

each property parcel because the warmer and cooler areas are defined relative to each property. I then

use high resolution air flow trajectories which I generate from NOAA’s HYSPLIT model to recover the

frequency with which nighttime surface air passes over each each residential property from each compass

direction (further detail in Appendix section C). Combining these two inputs I define a property-level

“gradient alignment score” that measures how often surface air winds blow from relatively hot versus

relatively cool parts of the surrounding neighborhood.

Intuitively, the gradient alignment score is high and positive when prevailing winds align with hotter

slices of the outlying buffer ring, implying that advection tends to warm the parcel’s microclimate. It is

negative when winds predominantly arrive from cooler slices, implying net advective cooling, and near

zero when winds traverse over relatively hot and cool slices symmetrically. Critically, the instrument is

constructed from relative temperature anomalies in the outlying ring and from the angular relationship

between those anomalies and local airflow; it does not use the level of the parcel’s own temperature or

the mean temperature of the surrounding ring. As a result, the gradient alignment score shifts local

temperatures by altering the contribution of advected hot and cool air, while remaining orthogonal

by construction to the level of nearby temperatures. Because parcels that are only a block apart can

face very different orientations toward hot and cool slices, and because these micro-scale orientation

differences are unrelated to unobserved neighborhood quality, the gradient alignment score generates

plausibly exogenous variation in neighborhood heat at fine and varying spatial scales relative to each

residential property’s location.
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Figure 3: Patterns of surface air temperature distribution in a simulated city block in Phoenix, AZ. The left
panel represents the location of buildings and vegetation within the residential block. The right panel represents
2m surface air temperature with wind vectors overlaid. Wind vectors display a point at the downwind end of
each vector to signal the direction of airflow. Simulated temperature patterns (°C) show transfer of warmed air
from buildings and cooled air from natural land cover with the direction of near surface winds. Figure adapted
from Middel et al. (2014)

5.1 Gradient alignment score

To operationalize the airflow-based instrument at the parcel level, I construct a “gradient alignment”

score that measures whether nighttime winds tend to carry hot or cool air toward each property. In

the baseline specification, for each parcel I define a 500m buffer as its immediate surroundings and an

outlying ring that extends 500 m beyond this buffer. The outlying ring is divided into eight directional

slices (N, NE, . . . , NW), and for each residential property i in each year t I compute July nighttime

minimum air temperatures in each slice d and form a temperature anomaly αitd that captures how much

hotter or cooler the slice is relative to the mean temperature of the outlying ring. These anomalies are

normalized by the range of temperatures in the ring so that they can be interpreted as the relative

“heating” or “cooling” potential of each directional slice. Importantly, the normalization procedure

ensures that the instrument is orthogonal to variability in outlying buffer temperature, which could

possibly be associated with features of urban morphology.

3Adapted under the terms of the original publication’s license. License can be accessed here:
https://creativecommons.org/licenses/by-nc-sa/3.0/
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I use near-surface meteorological data from NOAA’s High Resolution Rapid Refresh dataset as an

input NOAA’s HYSPLIT model. HYSPLIT’s air parcel trajectory modeling feature models air “parcel”

paths through space and time by advecting a notional parcel through time using gridded meteorological

fields (winds and related variables), producing forward or backward paths that show where air has

traveled from or will go. I use this feature to generate backward air parcel trajectories (denoting

origin of incoming air one hour prior) for each residential property in Maricopa county, in each of two

sample days in July for each year of historic HRRR data (2015-2019), at 10m above surface level. I run

HYSPLIT’s air parcel trajectory module for sample periods ending at 7a, 1pm, and 7pm for each sample

day in each year, and assign each parcel the mean of air parcel trajectory bearings across trajectories. I

then recover, for each parcel and year, the frequency with which nighttime air arrives from each compass

direction and the corresponding mean bearing. θit. Let θd denote the central angle of slice d. I define

an alignment weight:

Aitd = 1−
min

(
|θd − θit|, 360◦ − |θd − θit|

)
180◦

, (1)

which equals 1 when the wind bearing and slice direction coincide and declines linearly to 0 as the

angular difference reaches 180◦. Let ωid denote the frequency weight for trajectories from direction d in

each year. The gradient alignment score for parcel i in year t is then

Γit =
∑
d∈D

ωidAitd αitd, (2)

where D indexes the eight directional slices. Intuitively, Γit is positive when prevailing winds align with

hotter slices of the outlying ring (net advective warming), negative when winds align with cooler slices

(net advective cooling), and close to zero when airflow is aligned with hot and cool slices symmetrically.

Because the score is constructed from relative temperature anomalies in the outlying ring and from

the angular relationship between those anomalies and local airflow–rather than from the level of local

temperatures–it shifts microclimates by altering the contribution of advected hot and cool air while

remaining orthogonal by construction to the underlying temperature field. A schematic illustration of

this logic is provided in Figure 4, and full computational details are given in Appendix D.

Figure 5 visualizes the spatial variation in property-level bearings that underlie the gradient-alignment
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instrument. Panels (a) and (b)map each property’s average bearing toward the coolest (a) and warmest

(b) directional slice in the outlying ring, with census tract boundaries overlaid for reference. Even within

the already fine spatial scale of tracts, the maps exhibit substantial within-tract heterogeneity in the

direction of relatively hot and cool surroundings. This pattern supports the identifying intuition that

parcel orientation relative to nearby hot and cool zones varies at a much finer spatial scale than tract-

level characteristics that influence housing prices. Panel (c) maps each parcel’s frequency-weighted

mean bearing of incoming airflow trajectories, summarizing the predominant direction from which air

arrives at the parcel across the HYSPLIT simulations.

Figure 4: Illustration of the gradient alignment instrument. Conditional on mean buffer temperature, the
orientation of neighborhood “hot” and “cool” spots relative to prevailing winds isolates exogenous variation in
2m air temperature within 500 m of each parcel.
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Figure 5: Parcel orientation and airflow bearings. Panels (a) and (b) plot heatmaps of each property’s
average bearing relative to its minimum (a) and maximum (b) temperature buffer-ring “slice,” with 2010 census
tract boundaries overlaid. The maps show substantial variation even within tract boundaries, revealing that
parcel orientation relative to hotter and cooler surrounding zones varies at a finer spatial scale than tract-level
characteristics that influence home prices. Panel (c) plots the frequency-weighted airflow trajectory bearing for
each property across the sample.

6 Empirical Strategy

6.1 Econometric Models

In this section I outline the instrumental variable (IV) models I use to identify household MWTP

for urban cooling at both the immediate (500m) scale in my baseline specification and at outlying

neighborhood scales using a spatial lag model. I then employ a differences in differences (DiD) model in

order to estimate cooling benefits from Phoenix’s Cool Corridors Program. This framework allows me

to calculate benefits from Phoenix’s Cool Corridor Program under two assumptions, i) households value

temperature reductions from cool corridors uniformly and at the tract level and ii) household value

changes heterogeneously over space and are not necessarily limited to or uniform across administrative

boundaries.

6.1.1 Baseline IV hedonic model

My baseline specification is a two–stage least squares (2SLS) hedonic model in which neighborhood tem-

perature within 500 meters of each property is instrumented using the parcel–level gradient alignment
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score described in Section 4. The first–stage equation is

TUHI500
it = α0 + αΓ Γit +αzz

′
i + θzip + ϕpuma×t + vit, (3)

where TUHI500
it denotes the mean July nighttime temperature in the 500m buffer around parcel i in

year t, Γit is the gradient alignment score, zi is a vector of parcel–level controls (home characteristics,

elevation, distance to the Phoenix’s central business district ), θzip denotes ZIP–code fixed effects, and

ϕpuma(i)×t denotes PUMA–by–year fixed effects, allowing annual housing market trends to differ at sub-

regional scales cross the county.

Using the predicted values T̂UHI500
it from (3), the second–stage equation for annualized log house

prices is

ln pannit = β0 + βΓ T̂
UHI500
it + βzz

′
i + θzip + ϕpuma(i)×t + uit. (4)

In the results sections, Table 1 reports first–stage estimates for the 500m and tract–level temper-

atures. In both cases the gradient alignment score enters with the expected positive sign, and the

associated first–stage F–statistics are large, indicating a relevant instrument. Second stage results are

shown in Table 3 in section 6.

6.1.2 Spatial Lag model

Conceptually, benefits from urban heat reduction accrue not only on private property but also at the

larger neighborhood scale. This is because urban heat reduction produces value to households through

multiple pathways; including decreased cooling costs (Sailor and Pavlova,2003, Han et al. 2024, Brown

et al., 2019), complementarity to neighborhood amenities (Harlan et al., 2006), and reduced health

impacts (Anderson and Bell, 2009). Because the airflow gradient IV method does not rely on granular

fixed effects to improve causal inference, I am able to test the hypothesis that households not only value

urban heat reduction within their immediate (500m) locale, but in outlying neighborhood zones as well.

Specifically, I estimate the following spatial lag model:
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ln pannit = β0 +
∑
b∈B

βΓb T̂
UHIb
it + βzz

′
i + θzip + ϕpuma(i)×t + uit, (5)

In equation (5), the index b denotes the spatial field (distance band) around parcel i, with b ∈ {0–500,

500–1500, 1500–2500, 2500–3500} meters. For each band b, T̂UHIb
it is the instrumented measure of

local heat exposure averaged over that ring. I instrument temperature in each ring using the gradient

alignment score calculated over a 1000m buffer surrounding each ring, excluding the buffer itself. The

coefficient βΓb captures the semi-elasticity of housing prices with respect to heat in band b: it is the

percentage change in ln pannit associated with a one-unit (e.g., 1◦C) increase in T̂UHIb
it , holding constant

temperatures in the other bands, observed covariates zi, and the fixed effects.

6.2 Measuring Temperature Benefits from Cool Corridors Program

In order to infer benefits from urban cooling infrastructure investment, I must first estimate the cooling

impacts of Phoenix’s Cool Corridors program on local air temperature. Because the Cool Corridors

program was implemented after the sample period for which I have high resolution air temperature

data from NCAR, I must estimate MWTP for urban heat and estimate benefits of Cool Corridors in

a two step process, instead of incorporating cool corridor directly into my hedonic equations. I first

estimate air temperature cooling effects of Cool Corridors using annual Land Surface temperature from

USGS, then use MWTP estimates from my hedonic analysis to calculate the households benefits of the

program. This section proceeds as follows: in sub-section 5.3 I discuss the differences-in-differences ap-

proach I use to infer cooling benefits from the Cool Corridors Program, and in sub-section 5.4 I discuss

how I operationalize these estimates, along with results from the hedonic specifications to estimate the

value generated per cool corridor.

6.2.1 DiD specification

Urban temperatures vary substantially across locations and years for reasons unrelated to Cool Corri-

dors (e.g., citywide heat trends, weather shocks, and neighborhood changes), so a simple before–after

comparison of temperature at corridor sites would confound program effects with these background

changes. A difference-in-differences (DiD) design addresses this by estimating cooling impacts from the
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relative change in temperature on treated corridors after installation compared to the contemporaneous

change on similar corridors that are not yet treated. However, a conventional two-way fixed effects DiD

that pools all treated and untreated corridors in a staggered-adoption setting can inadvertently compare

late and early treatment groups which can bias estimates when treatment effects evolve dynamically

over event time (Goodman 2021; Chaisemartin and D’Haultfoeuille 2020). To avoid incorporating these

comparisons, I use a stacked DiD design that restricts the control group to removes comparisons be-

tween early and late cool corridor adoption (i.e. (Butters et al. 2020). Following Wing et al. (2024),

I apply corrective stack weights that re-weight control observations so the stacked regression does not

implicitly weight treatment and control trends differently across sub-experiments, eliminating bias that

arises when treatment shares vary across cohorts.

To implement this design, I compare temperatures of each treated cohort (corridors first installed in

2022, 2023, or 2024) to a control group of corridors that were selected for the Cool Corridors program

but were not yet treated during the cohort-specific estimation window. Planned/scheduled corridors are

a natural counterfactual because they were identified using the same siting criteria and planning process

as completed corridors, and the timing of installation is largely driven by administrative rollout (funding

cycles, contracting capacity, and other institutional constraints) rather than by short-run changes in

local surface temperature, so treatment timing is plausibly orthogonal to the cooling potential being

measured.

My stacked DiD event-study model is expressed as:

Yits = αis + γts +
∑

k∈K,k ̸=−1

βk 1{relits = k} × Treatis + εits, (6)

where K = {−3,−2,−1, 0, 1, 2, 3}, k = −1 is omitted and serves as the reference period. Each βk

represents the difference between treated and control groups at event time k, relative to the treated-

minus-control difference at event time −1.

Let s index the sub-experiment (cohort) and denote the stacked outcome as Yits. I define Treatis

as an indicator equal to 1 if corridor i is treated in sub-experiment s (i.e. Gi = s), and 0 if corridor

i is a clean control in sub-experiment s, relits = t − s represents event time measured relative to the

23



sub-experiment cohort year s.

αis represents unit by sub-experiment fixed effects, which absorb all time-invariant differences for

corridor i within each sub-experiment s. γts, represents all shocks common to all corridors in calendar

year t within each sub-experiment s.

The weights used to adjust for differences in control observations across sub-experiments are ex-

pressed as:

Qi,s =


1, if Di,s = 1,(
NT

s /N
T
Ω

)(
NC

s /NC
Ω

) , if Di,s = 0,

(7)

where Di,s indicates whether unit i is treated in sub-experiment s, NT
s is the number of treated units

in sub-experiment s, NT
Ω is the total number of treated units in the stacked sample. Similarly, NC

s rep-

resents the number of control units in sub-experiment s and NC
Ω represents the total number of control

units in the sample.

I implement these Qi,s weights as analytic weights in the stacked event-study regression. Intuitively,

the weighting prevents sub-experiments with disproportionately many control observations from dom-

inating the counterfactual trend, ensuring that the control trend is aggregated in proportion to the

treated cohort’s contribution to the stacked sample.

6.2.2 Estimating Value of Benefits

In order to evaluate the cooling benefits of cool corridors I combine MWTP estimates from the hedonic

analysis with cooling estimates over existing Cool Corridor years. I estimate benefits under two different

assumptions about the scale at which urban cooling capitalizes into home value 1) urban heat benefits

households at the tract scale only and 2) benefits accrue heterogeneously across space, and are not

necessarily limited to the tract scale, two assumptions based on the sample of residential homes that

benefits accrue to: 1) all residential parcels the Phoenix’s most recent parcel inventory database and 2)

only residential parcels that sold in the years included in the hedonic sample. I also estimate cooling

benefits with and without the inclusion of the 100m cooling buffer surrounding each cool corridor.
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For accrual at the tract scale, I use MWTP estimates from my tract-level IV specification, and for

heterogeneous accrual I use MWTP estimates from my spatial lag model, across all buffer rings where

household MWTP for urban cooling is statistically significant. I then calculate the annual area overlap

between each property’s tract, and spatial ring buffer zones with all cool corridors in my DiD event

study sample. I assign total land surface temperature cooling uniformly across the region of the cool

corridor (with and without a 100m cooling buffer), based on the cooling effect in each year after corridor

implementation from the event study analysis, and adjusted to reflect the percent of the tract, or ring

buffer area that the corridor region comprises. To arrive at an estimate of air temperature cooling for

the entire spatial zone (tract or ring buffer), I multiply the annual corridor land surface temperature

cooling estimate by the Phoenix LST to air temperature adjustment factor of 0.63 from Song et al.

2017. To translate the cooling effect to value, I then multiple the cooling estimate by either 1) the

median annualized value of housing in each spatial zone, or the observed annualized home value of each

property in my hedonic sample.

7 Results

In this section I discuss results from my baseline IV specification using each property’s heat gradient

alignment score as an instrument for local (500m) temperature. I then compare the estimates from this

specification to estimates from several other econometric specifications, and perform a series of robust-

ness checks for my baseline specification. I then report results from my spatial lag model and compare

projected total cooling benefits from Phoenix’s Cool Corridor program across a range of assumptions.

7.1 Baseline IV results

Table 2 shows estimated household MWTP for urban heat using the gradient alignment IV. All hedonic

regression coefficients (Tables 2-5) are expressed as a percentage of annualized home price. Column

(1) reflects a specification in which the urban heat measure is taken within the 500m radius immedi-

ately surrounding each home in the sample, and (2) reflects urban heat aggregated to the tract scale.

Both specifications show a negative and significant MWTP to live in hotter locales, -8.3% ($85.86)

and -10.7% ($110.68) of annualized home value, respectively, and calculated at the mean of sample

annualized home value in 2025 dollars ($12,413). Table 1 shows results from the first stage for each
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IV regression in table 2. Both regressions have large F-statistics, indicating a relevant instrument, and

reflect an intuitive relationship between gradient alignment score temperature; the gradient alignment

score is highest when the path of air transfer passes over the hottest micro-climates directly surrounding

it, thus the instrument should impact temperature positively.

Alternate hedonic specifications reflect identification challenges associated with MWTP for urban

heat. Further detail on these specifications are available in Appendix section D. In Table 3, columns (1)

and (2) reflect estimate of MWTP for urban heat from a Taylor-Hausman specification which instru-

ments for urban heat at the tract scale using tract elevation. Because this method relies on between

tract comparisons of elevation for identifying variation, estimates are sensitive to the sample selected.

Column (1) uses the central sample, in which properties situated in tracts comprised of more than the

95th percentile area coverage of farmland or bare soil are eliminated, reflecting properties whose micro-

climates are largely unaffected by development. Using this sample yields an insignificant and positive

MWTP for urban heat, by contrast (2) includes these properties and reflects the opposite, a relatively

high magnitude, negative and significant MWTP for urban heat (-12.6%). The difference in result sen-

sitivity to sample reflects the between-tract comparisons that the Taylor-Hausman specification relies

on– most of the identifying variation in (2) comes from the difference in elevation between rural-urban

fringe tracts at much higher elevations and those in the city center, suggesting that unobserved factors

associated with living in urban-adjacent undeveloped zones may be influencing estimates, (i.e. views,

flood risk, luxury homes).

Columns (3) and (4) of Table 3 show estimates from a two-way fixed effects specification using

granular spatial fixed effects at the tract level, and from a repeat sales model, which relies on property

level fixed effects to purge the model of endogeneity from time-invariant property characteristics. While

the MWTP estimate from the two-way fixed effects model has the expected sign, the estimate is quite

low in magnitude compared to the IV result at the same 500m buffer aggregation (2.1%). This likely

reflects upward bias from valuable, time-variant amenities such the degree of commercial development

that likely positively impact both home values and temperatures. The repeat sales model in column

(4) estimates a positive and significant MWTP. Notably the sample used in this specification is much
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smaller, because repeat sales models are limited to identifying variation from homes that sold at least

twice over the sample period. The MWTP estimate for this specification is slightly positive, 1.4% indi-

cating that homes prefer hotter summer microclimates. This estimate is likely biased from time-varying

unobservables; for example, if property values rose the most for homes that experienced a relatively

large amount of urban development in their surrounding area, estimates would be biased upward.

7.2 Robustness checks

In this section I demonstrate the validity of my novel IV approach by providing systematic robustness

checks of my main gradient alignment score specification. I test sensitivity of MWTP estimates to

clustering at the block and tract-year level (as opposed to clustering at the block-year level in the main

specification), adding additional time-varying amenity controls (PM 2.5 air pollution, median tract

income, land cover, and feature distances), and winsorizing both temperature and gradient alignment

score at the 95% and 90% level. Results form these checks are displayed in Table 4. My estimate of

MWTP stays significant, negative and changes in magnitude very little across all checks, suggesting

that the gradient alignment score calculation alters variation in temperature throughout the sample,

producing estimates of the true average treatment effect of temperature on home prices. Furthermore,

MWTP robustness to income and amenity controls support that the exclusion restriction holds for the

gradient alignment score.

7.3 Spatial Lag Results

Table 5 reports the results of a spatial lag model in which I estimate the effect of urban heat at the

500m, 1500m, 2500m and 3500m microclimate scales using the gradient alignment score IV specifica-

tion. Determining impacts separately at these levels would be infeasible using tract fixed effects, due

to negligible levels of variation in larger buffer temperatures within the tract scale.

Results from the spatial lag model in Table 5 indicate a negative and significant MWTP for heat at

the 1500m scale (15.67%) as well as within the 500m buffer zone (5.37%) used in the baseline specifi-
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cation. Adjusting for spatial scale between buffer size, these estimates correspond to a MWTP of $676

annually for a 1°C decrease in summer air temperatures in immediate surroundings, and $245 annually

for equivalent cooling in the broader neighborhood. 4 The estimate for the 500m buffer zone is likely

smaller in the spatial lag specification relative to the baseline IV specification due to explicit represen-

tation of the microclimate in the 1500m buffer ring . Since urban heat is a spatially correlated amenity,

the larger MWTP in the baseline specification was likely picking up on some value from outlying zones

being cooler. The positive, insignificant coefficients for urban heat at larger spatial scales likely reflects

neighborhood substitution effects between nearby districts. For example, holding urban heat constant

at the 500m and 1500m scale, hotter alternative options for housing within a 1500m to 2500m radius

may result in households willing to pay more for the same amount of local heat. The positive MWTP

estimate for urban heat from 500m to 1500m in the surrounding neighborhood provides evidence that

households consider both direct energy cost reduction benefits of urban heat at the hyper local level,

as well as the increased complementarity between neighborhood amenities such as parks, shopping dis-

tricts, and schools, and reduced urban heat at the broader neighborhood scale.

Furthermore, because the 1500m buffer extends outside of most tract delineations, the positive and

significant estimate for MWTP at the 1500m suggests that evaluating benefits limited to the tract scale

may result in an underestimation of cooling infrastructure benefits, as these benefits analyses exclude

homes within this buffer range but outside of the tract scale. I provide concrete evidence of this account-

ing effect in section 6.4, In which I exhibit my results from Phoenix’s Cool Corridors benefits analysis.

Furthermore, the results of the spatial lag model suggest that urban heat reduction exhibits signifi-

cant spillover effects, calling into question the efficiency of market forces alone in allocating heat over

urban landscapes. For example, because households value urban heat outside of their immediate micro-

climate, private decision-makers do not fully internalize how landscaping changes, private investment in

cool roofs, or commercial development may impact other households nearby. The presence of these spa-

tial externalities justifies public provision of green and cool infrastructure that accounts for these effects.

4Because the temperature regressors are spatial averages over different exposure areas, I scale the implied MWTP to
reflect the relative area represented by each buffer. The 500m effect corresponds to cooling over a disk of area A500 =
π(500)2. The 1500m regressor is constructed as a ring that excludes the inner 500m radius, so its relevant exposure area
is A1500\500 = π(1500)2 − π(500)2. To express the valuation of a 1◦C decrease over the full 1500m disk in a way that
is comparable to the 500m estimate, I convert the ring-based MWTP into a per-unit-area value and then rescale by the
target exposure area, using the ratio A500/A1500\500 to map the 1500m ring estimate onto an equivalent area basis.
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7.4 Benefits of Cool Corridors

Figure 6a and Table 6 show the results of the event study analysis (equation 6) I perform in order to

determine the cooling impact of Phoenix’s cooling infrastructure investment in cool corridors between

2022 and 2025. I find significant, negative and decreasing temperature impacts of cool corridors with

time from corridor implementation. This is intuitive, given the expectation that as trees establish their

canopy grows and cooling impacts increase. The event study results imply a cooling impact of -1.6 -

-2.4 °C from the first year of installation to the third year after the corridor is installed. 5

Figure 6a and 6b reflect the validity of planned corridor segments as controls. The coefficients prior

to corridor implementation in the event studyn plot in 6a detect no significant difference in temperature

change between corridors that are eventually treated and planned corridors. Figure 6b suggests that

both treatment and control groups were exposed to similar microclimate trends in the years leading up

to corridor implementation.

Tables 7 and 8 report the cooling value of cool corridors under several assumptions. Table 7 column

(1) uses the MWTP estimate from column (2) of Table 2, in which the benefits of cooling infrastructure

are assumed to accrue at the tract level, and columns (2) - (4) record benefits that reflect the results of

the spatial lag model from equation (5). All results in Table 7 reflect the assumption that i) benefits

accrue to all residential households that reside within the relevant buffer zone or tract containing a

cool corridor, not only sold parcels and ii) that each cool corridor transmits cooling to a 100m area

surrounding it, consistent with the cooling buffer effect for compact vegetation in urban zones recorded

in (Soltanifard and Amani-Beni 2017). Under these assumptions, cooling benefits from cool corridors

5Benefits estimated from the differences-in-differences estimator are within range of local cooling estimates based on tree
canopy increases, assuming an initial tree canopy are of 8 m² and a canopy growth rate of 3 m² per year, based on growth
trajectories that are consistent with region-specific published urban tree allometry guides. Urban tree growth models used
in the Desert Southwest Community Tree Guide and i-Tree Streets documentation report early crown diameter growth
rates of 0.5–0.7 m per year for open-grown street trees, which translate into increases of 2–4m2 per year in crown-projected
area during the first decade after planting.6. Middel et al. (2015) find a 0.2°C decrease in air temperature per 1% increase
in the urban tree canopy in areas with no pre-existing tree coverage, an appropriate comparison to Phoenix cool corridor
sites pre-installation based on the city’s priortization process (City of Phoenix 2024). Using the median corridor area of
0.78 km x 0.45 km, and median 76 trees per completed corridor, the back of the envelope calculation implies a 1.3 °C
decrease in corridor temperature the first year trees are planted and a 2.1 °C decrease by the third year after planting,
within range of cooling estimates for each year after planting obtained from the differences in differences analysis.
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yield a $500k return per corridor at the tract scale and $987k return for corridor when the full extent

of corridor value is included in the benefits calculation. Under both tract and spatial lag assumptions,

the benefits of cool corridors significantly outweigh costs of the program, which are estimated to be

$135,240 per corridor on average between 2022 and 2024, based on $1.4M yearly costs recorded in the

City’s 2024 Shade Phoenix document (City of Phoenix, 2024).7 Critically, benefits calculated at the

tract scale are $10.52 million dollars 48% less than those calculated in column (4), where the total scale

over which households value urban heat improvements are accounted for. As Table 7 suggests, this is

due to both 1) underestimation of relatively high benefits accruing to households abutting cool corridors,

as well as the inclusion of many more benefiting households when the 500m-1500m ring buffer is included.

Using the results that value accrues heterogeneously over space, I transition to exhibiting benefit

calculations over a range of assumptions regarding 1) the extent of the cooling buffer surrounding

corridors and 2) the homes that benefits accrue to. In Table 8, I perform the same benefit calculation

as expressed in column (4) of Table 7, but which tests the sensitivity of benefits to three further

assumptions; i) benefits only accrue to homes that were observed as sold during the sample period

reflected in the hedonic model, 39% of the total sample of Phoenix residential homes recorded in

Maricopa County’s parcel database, and ii) cooling effects of cool corridors do not extend past the

boundary of the corridor itself, and iii) the most conservative scenario, in which assumptions (i) and

(ii) are combined. I find that in all but scenario (iii) the estimated benefits of Phoenix’s Cool Corridor

program outweigh the costs. Notably, it is very unlikely that the assumptions in scenario 3 hold, as it

is highly likely that benefits accrue to households that did not sell their homes in the period covered

in the hedonic analysis, and that the cooling effects of the corridors are strictly limited to the corridor

zone itself.8

7To translate the program budget into a per corridor cost, I start from the City of Phoenix reported annual Cool
Corridors program cost of $1.4 million and assume this annual cost applies to the 2022 to 2024 planting period. I convert
the resulting three year total to 2025 dollars (total $4,508,000). My DiD analysis is restricted to corridors that are at least
400 meters long and that achieve a minimum planting density of 62 trees per kilometer, approximately half of the City’s
stated goal of 200 trees per mile, since shorter or sparser corridors are less likely to generate temperature signals detectable
in Landsat land surface temperature data, which is sampled at 100 meter resolution and resampled to 30 meters. This
restriction yields 20 corridors; corridors within 100 meters of cool pavement zones or within 100 meters of another corridor
are excluded from the DiD sample to limit confounding, but are added back into the corridor inventory used for the benefits
calculations. To align costs with the subset of corridors used for estimation, I assume program costs are proportional to
trees planted, and the 20 corridors meeting the length and density criteria account for 60% of trees planted over 2022 to
2024. I therefore allocate 60% of the total three year program cost to this subset and divide by 20, implying an average
cost of approximately $122,945 per corridor in 2025 dollars.

8A large urban climate literature documents that vegetation generates cooling effects that extend beyond the vegetated
footprint through shading and air movement. In Phoenix, microclimate simulations of an inner city park show a Park
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Table 1: First Stage Estimation Results For Baseline Specification

July Nighttime Min. (◦C) (1) (2)
Gradient IV (500m) Gradient IV (Tract)

Urban Heat Measure

Gradient Alignment Score (500m) 0.4347∗∗∗

(0.0116)
Gradient Alignment Score (Tract) 0.3381∗∗∗

(0.0154)

PUMA x Year Fixed Effects Yes Yes
Zip Code Fixed Effects Yes Yes

Observations 498,522 498,584

K-P Wald F-statistic 1396.69 481.72

Standard errors in parentheses

errors in all regressions are clustered at the block level
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2: Baseline IV Estimation Results (Selected Variables)

Log Annualized Home Price (2025 Dollars) (1) (2)
Gradient IV (500m) Gradient IV (Tract)

Urban Heat Measure

500m Buffer July Nighttime Min. (◦C) -0.0826∗∗∗

(0.0154)

Tract July Nighttime Min. (◦C) -0.1068∗∗∗

(0.0392)

Sale Year Fixed Effects Yes Yes
PUMA × Year Fixed Effects Yes Yes
Zip Code Fixed Effects Yes Yes

Observations 498,522 498,584

Standard errors in parentheses

Only selected variables are included in this table. All regressions are clustered at the block level
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3: Estimation Results From Alternate Specifications (Selected Variables)

Log Annualized Home Price (2025 Dollars) (1) (2) (3) (4)
Hausman-Taylor (Tract) Hausman-Taylor: Extended Sample Two-Way FE (500m) Repeat Sale (500m)

Urban Heat Measure

500m Buffer July Nighttime Min. (◦C) -0.021∗∗∗ 0.014∗∗∗

(0.0043) (0.0048)

Tract July Nighttime Min. (◦C) 0.056 -0.126∗∗∗

(0.04424) (0.0249)

Sale Year Fixed Effects Yes Yes Yes Yes
PUMA × Year Fixed Effects No No Yes Yes
Census Tract Fixed Effects No No Yes No
Parcel Fixed Effects No No No Yes

Observations 498,522 554,085 498,521 180,607

Standard errors in parentheses

Only selected variables are included in this table. All regressions are clustered at the block level
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 4: Robustness checks of Main IV Specification

Log Annualized Home Price (2025 Dollars) (1) (2)

Panel A: Clustering

Min. July Temp. (500m) -0.083∗∗∗ -0.083∗∗∗

(.0293) (0.0312)

Clustering Tract Zip Code

Observations 498,522 498,522

F-statistic 415.12 378.18

Panel B: Additional Controls: Air Quality and Income

Min. July Temp. (500m) -0.074∗∗∗ -0.072∗∗∗

(.0158) (.0153)

Controls Air Quality Income

Observations 498,522 498,522

F-statistic 1769.88 1714.77

Panel C: Additional Controls: Land Cover and Feature Distances

Min. July Temp. (500m) -0.071∗∗∗ -0.084∗∗∗

(.0161) (.0153)

Controls Land Cover Feature Distances

Observations 498,522 498,522

F-statistic 1392.12 1425.41

Panel D: Outlier Treatment

Min. July Temp. (Tract) -.0869*** -.0904***
(0.0088) (0.0097)

Outlier Treatment Winsorized: 95% Winsorized: 90%

Observations 498,522 498,522

F-statistic 1691.09 1578.83
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Table 5: Estimation Results From Spatial Lag Model (Selected Variables)

(1)
IV Spatial Lag Model

July Nighttime Min. (◦C)

500m -0.0537∗∗∗

(0.0192)

1500m -0.1567∗∗

(0.0639)

2500m 0.1448
(0.1083)

3500m 0.0086
(0.1021)

Observations 498,522

Standard errors in parentheses. Errors clustered at block level.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(a) (b)

Figure 6: Stacked difference-in-differences analysis of Cool Corridors on July median land surface temperature
(LST). Panel (a) shows the event-study estimates of the ATT (°C) by event time relative to the first installment
year, with 95% confidence intervals. Panel (b) shows the parallel-trends diagnostic for treated and control corridors
in the pre-treatment period, and after corridor installation.

Cool Island effect that extends cooling to nearby non vegetated surfaces (Declet-Barreto et al. 2012), and neighborhood
scale simulations indicate that increasing tree canopy cover measurably reduces near surface air temperatures at the local
scale (()Middel, 2015). More generally, empirical and remote sensing studies find that cooling from parks and green spaces
is detectable tens to hundreds of meters beyond park boundaries depending on park size, vegetation structure, and wind
conditions (Aram et al. 2019).
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Table 6: Event-study coefficients centered at mean of pre-periods

(1)
Corridor LST

Event time -3 -0.175
(0.867)

Event time -2 0.646
(1.266)

Event time -1 -0.471
(0.863)

Event time 0 -1.594∗∗∗

(0.589)

Event time +1 -1.930∗∗∗

(0.666)

Event time +2 -1.966∗∗∗

(0.586)

Event time +3 -2.348∗∗

(0.950)

N 394

Standard errors in parentheses

Each coefficient is (treated-control at event time k) minus mean(pre) where pre = -3,-2,-1.

Standard errors are cluster-robust and computed using the regression VCV via nlcom (exact for linear combinations).
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Cool Corridors benefits analysis. Total benefits reflect value of cooling benefits to all residential
households in Phoenix who reside in tracts or buffer zones overlapping cool corridor segments, and under the
assumption of a 100m cooling buffer zone surrounding each Cool Corridor (Soltanifard and Amani-Beni 2025)

Spatial Lag
Tract 0-500 m 500-1500 m (0-1500 m)

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

Panel A: Value of cooling benefits 2022-2025

Benefits 2022-2025 (Millions of 2025 $) 11.20 5.85 15.88 21.72
Benefits Per Corridor (2025 $) 509,000 265,900 721,800 987,300
Est. Return ($135k cost per corridor) 3.76 1.97 5.34 7.30
Benefiting HHs 63,637 22,750 87,231 109,981
Total Benefit per benefiting HH (2025 $) 178.78 257.04 182.01 197.53

Panel B: Cooling

Median Area Corridor Overlap (% total area) 3.03 9.38 2.25
Median Cooling Benefit by 2025 (°C) 0.05 0.22 0.06

Panel C: Household value

MWTP per °C red. in UHI (% ann. home value) 10.7 5.4 15.7
Median Ann. Home Value (2025 $) 10,629.56 9867.82 10,100.11

Table 8: Cool Corridors benefits analysis under alternate assumptions. All benefits reflect alternate assumptions
with use of spatial lag estimates for valuation

Sold Homes, All homes, Sold homes,
100m buffer no buffer no buffer

(1) (2) (3)

Value of cooling benefits 2022-2025

Benefits 2022-2025 (Millions of 2025 $) 8.38 3.41 1.33
Benefits Per Corridor (2025 $) 380,900 155,000 60,500
Est. Return (est. $135k cost per corridor) 2.82 1.15 0.45
Benefiting HHs 42,366 94,130 87,231
Total Benefit per benefiting HH (2025 $) 197.72 36.27 36.83

8 Conclusion

Extreme heat is increasingly shaping welfare and risk in U.S. cities, yet policymakers have little empiri-

cal guidance on how households value hyper local changes in heat exposure and how those values should

enter benefit calculations for public urban cooling investments. This paper contributes new evidence on

both fronts. I develop a novel instrumental variables strategy that leverages urban air advection and

modeled wind trajectories to isolate exogenous variation in neighborhood summer temperatures, and I
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use this strategy to estimate household marginal willingness to pay for cooler microclimates within a

single metropolitan housing market. Because the approach does not rely on tract fixed effects, between

tract comparisons of temperature, or on cross metro equilibrium adjustments, it allows me to value

microclimate improvements at spatial scales that match the physical scale at which urban heat varies.

My central results have three main conclusions. The first is that households are willing to pay to

avoid hotter conditions, and the magnitude of the effect is economically significant. In the baseline

IV specification, hotter local microclimates reduce housing values, consistent with mechanisms such as

higher cooling expenditures, reduced outdoor comfort, and heightened heat stress. I show that this novel

instrumental variable approach is robust to a number of tests, and demonstrate important differences

between results from my quasi-experimental approach and other econometric specifications. Second,

the value of cooling is not confined to a single administrative boundary or a single spatial scale. The

results of my spatial lag analysis indicate that households value cooling both in their immediate sur-

roundings ($56.36 monthly per 1 °C reduction) and in the broader neighborhood ($20.45 monthly per 1

°C reduction, adjusted to reflect a comparable scale), and that the relative valuation differs across these

zones. Third, using empirical evidence from a differences-in-differences analysis of the cooling impacts

of Phoenix’s Cool Corridors Program I show that this spatial heterogeneity matters significantly for

how cities should measure benefits from cooling infrastructure investments. I also demonstrate that the

values of cooling benefits for the Cool Corridors program outweighs costs in all but the most conserva-

tive of evaluation scenarios.

A key implication of this paper is that conventional approaches that value heat reductions only at

the administrative boundary scales can understate benefits. In the context of Phoenix’s Cool Corridors

program, I show that accounting for the full spatial extent over which households value cooling leads to

substantially larger ($10.52M) estimated benefits than a tract level valuation. This difference is driven

by two forces documented in the paper. Aggregation to the tract scale dilutes temperature variation

that is most salient to households in their immediate vicinity, and it ignores spillovers that extend be-

yond tract boundaries when cooling affects nearby residents. The benefit calculations therefore provide

concrete evidence that the choice of spatial scale is not a technical detail but a primary determinant of
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urban heat policy valuation.

These findings also contribute more broadly to the economics of urban heat adaptation. The evidence

that households value microclimate changes outside their immediate surroundings suggests that cooling

exhibits a local public good component. When cooling generates spatial spillovers, private investments

in heat mitigation do not internalize benefits to nearby households, which can lead to under-provision

relative to the socially efficient level. This strengthens the case for public investment in neighborhood

cooling, particularly in dense urban settings where small scale spillovers can affect many residents, and

where the distribution of heat risk often overlaps with historical patterns of disinvestment. At the same

time, the housing market channel that makes hedonic valuation possible also implies that the benefits

of cooling can be accompanied by higher housing costs in cooled areas. The results therefore underscore

that urban heat policy is closely tied to housing policy, and that equitable adaptation requires attention

to both the spatial incidence of cooling benefits and the local supply constraints that determine who

can remain in neighborhoods with improved microclimates.

Several limitations suggest productive directions for future work. While the airflow based instru-

ment is designed to isolate exogenous variation in heat exposure, further research could validate the

mechanism using additional meteorological measurements and explore whether similar identification is

feasible in other climates and urban forms. Future work could also connect the housing market valua-

tion results more directly to health outcomes, energy insecurity, and heat related mortality, which are

increasingly central motivations for city heat policy. Finally, because the effects of cooling infrastructure

likely evolve as canopy grows and maintenance practices change, longer post periods and richer measures

of vegetation quality would further improve inference about the durability and timing of benefits.

Despite these limitations, the paper provides new evidence that the economic value of urban cool-

ing infrastructure cannot be estimated reliably without careful attention to endogeneity and to spatial

scale. By combining a novel advection based instrument with a direct evaluation of a city-wide cooling

program, this paper offers a framework that cities can use to quantify the benefits of microclimate

investments and to design policies that recognize spillovers and heterogeneous value across space. As
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public spending on urban heat mitigation accelerates, these considerations are likely to be central to

determining where investments occur, how they are evaluated, and whether they reduce or reinforce

existing urban inequities.
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A Appendix

B Urban heat and residential electricity expenditure

A central mechanism through which households incur welfare losses from urban heat is via increased

energy expenditures for residential cooling (Han et al. 2024). To illustrate this channel, and to moti-

vate my analysis of household MWTP for urban heat reduction, I pair tract-level estimates of annual

household electricity expenditures from the Department of Energy’s Low-Income Energy Affordability

Dataset (LEAD, 2022) with minimum July nighttime temperatures from the NCAR high-resolution

urban climate dataset.

Figure A1 presents average electricity expenditure per square foot in 2020 by decile of tract-level

nighttime temperature using Low-Income Energy Affordability Data (LEAD) (DOE 2020). The re-

lationship suggests that average tract-level annual household electricity expenditures are sensitive to

changes in the urban heat island effect: households in the hottest decile face expenditures per square

foot that are more than 12% higher ($0.15/sq ft) than those in the coolest decile, representing an aver-

age difference of $227 per year.To normalize electricity spending by unit size, I compute expenditures

per square foot, using a tract-level median home size of 1,623 square feet derived from the Maricopa

County parcel dataset. The median annual electricity expenditure across tracts is $1,714, yielding an

average cost of approximately $1.06 per square foot per year. Because these data are limited to the tract

level, true household savings from reduced temperature are likely higher. Nevertheless, these patterns

underscore the potential for heat-induced financial strain, particularly for lower-income households dis-

proportionately concentrated in hotter neighborhoods. This descriptive evidence provides conceptual

motivation for estimating the extent to which urban heat exposure capitalizes into housing prices, which

I pursue in the remainder of the paper. Importantly, the estimates I provide in this paper encapsulate

benefits from cooling cost reductions as well as broader amenity effects, such as increased comfort,

safety, and enjoyment of other neighborhood amenities due to a cooler microclimate.
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Figure A1: Average tract-level annual residential electricity costs per square foot, by tract-level urban heat
decile. The x-axis labels reflect the midpoint temperature (°F) of each decile range for minimum July nighttime
temperature from the NCAR urban heat database for 2018. The y-axis reflects average annual residential elec-
tricity expenditure per square foot.

C Data Appendix

C.1 Temperature data

In order to measure UHI I take advantage of high-resolution Urban Meteorology for Impacts Dataset

(HUMID), developed by the National Center for Atmospheric Research (NCAR). I use gridded 1km

resolution annual average July nighttime minimum near-surface (2m) temperatures as my measure for

UHI, which is a common metric for assessing UHI severity. HUMID leverages the High-Resolution

Land Data Assimilation System (HRLDAS), which allows temperatures to account for the impacts of

spatiotemporally varying land surfaces on air temperature. The dataset is then bolstered by in-situ

meteorological data (Newman et al. 2024). As a result, while temperature comparisons between HU-

MID and PRISM and DAYMET (two widely used gridded temperature datasets which do not explicitly

account for changes in land cover and land surface temperature) show a high degree of correlation be-

tween estimates, HUMID is more accurate in measuring temperature changes across small spatial scales

in urban regions (Newman et al. 2024).

While previous work at comparable spatial scales utilizes land surface temperature (LST), available

at 30m resolution from satellite data (Han et al. 2024), studies in climate and urban sciences literature

show that LST changes are a poor proxy for air temperature change (Goldblatt et al. 2021; Mutiibwa
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et al. 2015; Williamson et al. 2014), with LST varying at larger scales than air temperature, and with

the relationship between LST and near-surface air temperature varying heterogeneously across land

surface types (Stoll and Brazel, 1992). This threatens the validity of the scale of estimates obtained

using land surface temperature, because results are likely sensitive to scale variations between land and

air temperature and measurement error. On the other hand, gridded air temperature datasets such as

PRISM are not explicitly urban-resolving and publicly-available versions do not reflect an appropriate

spatial scale (4km) at which to evaluate urban microclimates. As a result, I argue that HUMID is best

suited to investigate the impact of urban heat on home prices relative to both other air temperature

datasets as well as LST satellite data.

C.2 Land cover data

To characterize vegetation and impervious surface coverage across space, I use data from the National

Land Cover Database (NLCD), developed by the U.S. Geological Survey (USGS). The NLCD provides

30-meter resolution land cover classifications annually across the continental United States, including

urban and vegetated land types. I extract annual classifications for Maricopa County and reclassify

land cover codes to identify development intensity in each tract in the sample, as well as the presence

of natural and agricultural land cover. :contentReference[oaicite:6]index=6

C.3 Demographic data

To characterize the social and economic context of neighborhoods, I assemble small-area demographic

data from IPUMS National Historical Geographic Information System (NHGIS), which provides har-

monized census and American Community Survey (ACS) tabulations for consistent geographic units

over time (Ruggles et al. 2023). I use tract-level ACS 5-year estimates for Maricopa County over my

study period to recover measures of median household income, household age, and family structure. I

convert all income variables to real 2025 dollars. These demographic measures enter the analysis as

covariates in my robustness checks. :contentReference[oaicite:7]index=7
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C.4 Home sales data

I use home price and characteristic data from the Maricopa County Tax Assessor’s Office records for

all non-foreclosure, arms-length, single-family home sales transactions between 2009 and 2018. After

removing properties that underwent significant changes in square footage, the addition of a pool, patio,

or garage, or correspond to the bottom 5th percentile and top 95th percentile of home sales, and home

sales that occurred in large, undeveloped ZIP codes greater than 30km from Phoenix’s urban center,

the number of home sales in the sample is 434,002. The median sale price in this sample is $191,830.6

in 2010 dollars, corresponding to an annualized sale price of $20,035. Summary statistics for observed

home characteristics from this dataset are shown in Table 1. :contentReference[oaicite:8]index=8

C.5 Cool Corridors data

I obtain geospatial data on the City of Phoenix Cool Corridors program from the City of Phoenix

open data portal. The 2025 Cool Corridors layer is a polyline feature class representing street segments

that are completed, under construction, or planned as part of the program. Each segment includes an

attribute for project status (for example, completed, in progress, or planned), which I use to distinguish

between existing and future investments. I reproject the layer to a local projected coordinate system

so that lengths are measured in meters, and intersect corridor segments with census tracts and parcel–

centered buffers to calculate the total length of Cool Corridors within each tract and within 0–500m and

500–1500m rings around each parcel. These segment lengths are subsequently converted into implied

numbers of street trees and associated canopy changes when I evaluate the spatial distribution of cooling

benefits from the program. :contentReference[oaicite:9]index=9

C.6 Temperature data

In order to measure UHI I take advantage of high-resolution Urban Meteorology for Impacts Dataset

(HUMID), developed by the National Center For for Atmospheric Research (NCAR). I use gridded

1km resolution annual average July nighttime minimum near-surface (2m) temperatures as my measure

for UHI, which is a common metric for assessing UHI severity. HUMID leverages the High-Resolution

Land Data Assimilation System (HRLDAS), which allows temperatures to account for the impacts of

spatiotemporally varying land surfaces on air temperature. The dataset is then bolstered by in-situ
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meteorological data (Newman et. al 2024). As a result, while temperature comparisons between HU-

MID and PRISM and DAYMET (two widely used gridded temperature datasets which do not explicitly

account for changes in land cover and land surface temperature) show a high degree of correlation be-

tween estimates, HUMID is more accurate in measuring temperature changes across small spatial scales

in urban regions (Newman et al. 2024).

While previous work at comparable spatial scales utilizes land surface temperature (LST), available

at 30m resolution from satellite data (Han et. al 2024), studies in climate and urban sciences literature

show that LST changes are a poor proxy for air temperature change (Goldblatt et al. 2021, Mutiibwa

et al. 2015, Williamson et. al 2014), with LST varying at larger scales than air temperature, and with

the relationship between LST and near-surface air temperature varying heterogeneously across land

surface types (Stoll and Brazel, 1992). This threatens the validity of the scale of estimates obtained

using land surface temperature, because results are likely sensitive to scale variations between land and

air temperature and measurement error. On the other hand, gridded air temperature datasets such as

PRISM are not explicitly urban-resolving and publicly-available versions do not reflect an appropriate

spatial scale (4km) at which to evaulate urban microclimates. As a result, I argue that HUMID is best

suited to investigate the impact of urban heat on home prices relative to both other air temperature

datasets as well as LST satellite data.

C.7 Atmospheric data

To characterize vegetation and impervious surface coverage across space, I use data from the National

Land Cover Database (NLCD), developed by the U.S. Geological Survey (USGS). The NLCD provides

30-meter resolution land cover classifications annually across the continental United States, including

urban and vegetated land types. I extract annual classifications for Maricopa County and reclassify

land cover codes to identify development intensity in each tract in the sample, as well as the presence

of natural and agricultural land cover.
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C.8 Demographic data

To characterize the social and economic context of neighborhoods, I assemble small-area demographic

data from IPUMS National Historical Geographic Information System (NHGIS), which provides har-

monized census and American Community Survey (ACS) tabulations for consistent geographic units

over time.(Ruggles et al. (2023)). I use and tract-level ACS 5-year estimates for Maricopa County over

my study period to recover measures of median household income, household age, and family structure.

I convert all income variables to real 2025 dollars. These demographic measures enter the analysis as

covariates in my robustness checks

C.9 Home sales data

I use home price and characteristic data from from the Maricopa County Tax assessors office records

for all non-forclosure, arms length, single family home sales transactions between 2009 and 2018. After

removing properties that underwent significant changes in square footage, the addition of a pool, patio,

or garage, or correspond to the bottom 5th percentile and top 95th percentile of home sales, and home

sales that occurred in large, undeveloped zips greater than 30km from Phoenix’s Urban center, the

number of home sales in the sample is 434,002. The median sale price in this sample is $191,830.6 in

2010 dollars, corresponding to an annualized sale price of $20,035. Summary statistics for observed

home characteristics from the this dataset are shown in Table 1.

C.10 Land cover data

To characterize vegetation and impervious surface coverage across space, I use data from the National

Land Cover Database (NLCD), developed by the U.S. Geological Survey (USGS). The NLCD provides

30-meter resolution land cover classifications annually across the continental United States, including

urban and vegetated land types. I extract annual classifications for Maricopa County and reclassify

land cover codes to identify development intensity in each tract in the sample, as well as the presence

of natural and agricultural land cover.
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C.11 Cool Corridors data

I obtain geospatial data on the City of Phoenix Cool Corridors program from the City of Phoenix

open data portal. The 2025 Cool Corridors layer is a polyline feature class representing street segments

that are completed, under construction, or planned as part of the program. Each segment includes an

attribute for project status (for example, completed, in progress, or planned), which I use to distinguish

between existing and future investments. I reproject the layer to a local projected coordinate system

so that lengths are measured in meters, and intersect corridor segments with census tracts and par-

cel–centered buffers to calculate the total length of Cool Corridors within each tract and within 0–500m

and 500–1500m rings around each parcel. These segment lengths are subsequently converted into im-

plied numbers of street trees and associated canopy changes when I evaluate the spatial distribution of

cooling benefits from the program.

D Construction of the gradient alignment instrument

D.1 Gradient alignment score calculation

To determine how much each property’s outlying buffer zone transfers cool or hot air to its immediate

surroundings, I define a 500 m buffer around each parcel as its “immediate” neighborhood and construct

an outlying ring that extends 500 m beyond this buffer (i.e., from 500 m to 1 km). I divide the outlying

ring into eight directional slices, evenly spaced at 45 degrees (N, NE, E, SE, S, SW, W, NW). For

each parcel i, year t, and direction d, I compute the July nighttime temperature in slice d and form a

temperature anomaly

αitd =
Titd − T̄ ring

it

maxd′ Titd′ −mind′ Titd′
,

where Titd is the slice temperature and T̄ ring
it is the mean nighttime temperature in the outlying ring.

The anomaly αitd measures how much hotter or cooler slice d is relative to the ring average, normalized

by the range of temperatures in the ring. Positive values indicate relatively hot slices, negative values

indicate relatively cool slices, and values near zero indicate slices close to the ring mean. These anomalies

can be interpreted as the relative “heating” or “cooling” potential of each directional slice if air flows

from that slice into the inner 500 m buffer.

Figure 4 illustrates the logic in a simple case with a single air parcel trajectory arriving from the
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north. The innermost circle represents the parcel’s 500 m immediate surroundings, while the outer circle

represents its outlying ring. Numbers in each slice represent deviations from the ring mean temperature.

In the left panel, prevailing flow from the north aligns with a relatively hot slice, implying net advective

warming; in the right panel, the same northerly flow aligns with a relatively cool slice, implying net

advective cooling, even though the mean temperature of the outer ring is the same in both cases.

Formally, let θit denote the mean bearing of nighttime air parcel trajectories arriving at parcel i in

year t, and let θd denote the central angle of directional slice d. Let ωid be the frequency weight for

parcel i associated with trajectories from direction d, and let D be the set of eight directional slices. I

define an angular alignment weight

Aitd = 1−
min

(
|θd − θit|, 360◦ − |θd − θit|

)
180◦

,

which attains a maximum value of 1 when the airflow bearing perfectly aligns with slice d (θit = θd)

and diminishes linearly to 0 as the angular difference approaches 180◦. The gradient alignment score

for parcel i in year t is then

Γit =
∑
d∈D

ωidAitd αitd. (8)

The score Γit can be interpreted as a weighted average across all directional slices, where for each

direction the temperature anomaly αitd is multiplied by (i) how frequently winds arrive from that

direction (ωid) and (ii) how closely aligned the wind bearing is with that slice (Aitd). Parcels for which

winds frequently arrive from relatively hot slices have large positive scores; parcels for which winds

arrive from relatively cool slices have large negative scores; parcels for which winds “see” hot and cool

slices symmetrically have scores near zero.

D.2 HYSPLIT air parcel trajectories

To assign frequency-weighted air parcel trajectory flows to each 500 m property buffer, I use air parcel

trajectory simulations from NOAA’s HYSPLIT model (Hybrid Single-Particle Lagrangian Integrated

Trajectory). HYSPLIT models the movement of near-surface air parcels over time by simulating back-

ward trajectories that trace air parcels back in time from a receptor location (here, the parcel centroid)

to identify upwind source regions. The model integrates wind fields and meteorological conditions to

estimate parcel paths at designated atmospheric elevations.
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Trajectories are driven using the High-Resolution Rapid Refresh (HRRR) dataset, which provides

hourly, 3 km resolution atmospheric data for the continental U.S. HRRR assimilates radar, satellite,

and surface observations to generate high-frequency snapshots of atmospheric dynamics, making it well

suited for modeling local airflows in urban environments.

Backward air parcel trajectories are produced by solving the Lagrangian transport equation, which

describes the evolution of an air parcel’s position under the influence of the local wind field. Starting

from a known receptor location x0 at time t0, the model integrates

dx(t)

dt
= u(x(t), t),

where x(t) is the air parcel position at time t and u(x(t), t) is the wind velocity vector at that location

and time. Using a numerical integration scheme (e.g., an Euler backward step over a small time interval

∆t),

x(t−∆t) ≈ x(t)− u(x(t), t)∆t,

HYSPLIT iteratively traces each parcel’s path backward in time to estimate its origin.

Due to the computational intensity and large file sizes associated with HRRR data, I generate

trajectories for a subset of five evenly spaced days in July for each year between 2015 and 2018, the

period over which HRRR overlaps with my study window. For each day, I simulate backward trajectories

from each parcel centroid for representative nighttime hours (6 pm, 12 am, and 6 am), and record the

bearing from which air parcels arriving one hour earlier originated. For each parcel, I then compute

the frequency with which trajectories pass through its 500 m buffer from each of the eight compass

directions, aggregating across sampled days, hours, and years to obtain a period-average distribution of

nighttime airflow directions.

I assume that this period-average pattern of nighttime airflow is representative for earlier years

in the sample and apply the same directional frequencies to pre-2015 sales. Figure A2 displays the

distribution of frequency-weighted air parcel trajectory bearings across the study area, and Figure A3

displays the mean gradient alignment score across census blocks, computed by averaging equation (8)

over all sample years. Positive values indicate a high degree of alignment between warmer outlying

slices and prevailing air parcel trajectories, while negative values reflect alignment with cooler slices.

As expected, there is substantial variation in the gradient alignment score within census tracts. By
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differencing off the local temperature gradient and interacting it with parcel-specific airflow orientation,

the instrument removes much of the broad spatial correlation in the airflow field and yields a source of

variation in neighborhood temperature that is unlikely to be correlated with other spatially correlated

unobservables such as air quality, other climatic factors, or flood risk.

Figure A2: Frequency-weighted nighttime air parcel trajectory bearings relative to property centroids by census
tract.

Figure A3: Mean gradient alignment score across census blocks, 2009–2018.
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E Additional Econometric Specifications

E.1 Hausman–Taylor replication

This appendix section summarizes the implementation of the Hausman–Taylor (HT) model used to

benchmark my instrumented estimates, corresponding to equation (12) in the main text.

As in Klaiber, Abbott, and Smith (2017), I recast the cross–section of sales as a panel of tract–year

cells. Let j index census tracts, t years, and i transactions within a tract–year cell. The semi–log

hedonic price function is

ln pannijt = δ0 + δT TUHI
jt +X1′

ijtδ1 +X2′
ijtδ2 + Z1′

jtδ3 + Z2′
jtδ4 + hjt + εijt, (9)

where TUHI
jt is tract–level mean July nighttime temperature, X1

ijt collects parcel–level regressors that

are potentially correlated with the tract–year random effect hjt (e.g., lot size and parcel greenspace), and

X2
ijt collects parcel–level regressors that are assumed exogenous (e.g., structural characteristics). The

vectors Z1
jt and Z2

jt similarly partition tract–level regressors into endogenous and exogenous components

(e.g., land use shares versus exogenous demographic controls).

The key identifying assumption of the HT estimator is that any correlation between X1
ijt, Z

1
jt and

hjt can be captured by tract–year means of exogenous regressors. Instruments are constructed using

(i) within–tract deviations of all regressors that vary at the parcel level and (ii) tract–year means of

exogenous regressors, following Abbott and Klaiber (2011). I apply the same partition of regressors as

in Klaiber, Abbott, and Smith (2017) and cluster standard errors at the tract level.

E.2 Repeat–sales hedonic model

The repeat–sales sample is constructed by restricting the data to parcels that transact at least twice

during the study period and dropping any sales with missing key covariates. For parcel i in year t, the

repeat–sales model is

ln pannit = λ0 + λT TUHI500
it + z′itλz + µi + τt + εit, (10)

where µi is a parcel fixed effect and τt is a full set of year dummies. The vector zit includes time–varying

parcel characteristics (e.g., renovations, changes in assessed square footage when observed) and time–varying

neighborhood controls. Estimation proceeds by within–parcel demeaning. Because µi absorbs all
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time–invariant parcel heterogeneity, identification comes solely from changes in temperature and con-

trols between successive sales for the same parcel.

E.3 Spatial lag model and benefit aggregation

This section provides additional details on the spatial lag specification in equation (5).

Ring construction. For each parcel i and year t, I construct a series of concentric annuli centered

on the parcel centroid with outer radii 500, 1000, 2000, and 3000 meters. Let D = {1, 2, 3, 4} index

the distance bands corresponding to 0–500 m, 500–1000 m, 1000–2000 m, and 2000–3000 m, respec-

tively. I then compute the mean July nighttime temperature in each band, denoted TUHI
itd , using the

high–resolution temperature rasters described in the data section.

First stage for spatial lags. For each band d ∈ D, I construct a distance–specific gradient alignment

score Γitd using the same routine as in Appendix C , but applied to an “outlying” 100m buffer ring

surrounding band d. The first–stage equations are

TUHI
itd = a0d + aΓd Γitd + z′iazd + z′tract,tatract,d + θivzip + ϕiv

puma(i)×t + νitd, d ∈ D, (11)

with the same set of controls and fixed effects used in the baseline 500m specification. Predicted

temperatures T̂UHI
itd from these first stages enter the second–stage spatial lag model in equation (5).

F Alternative panel specifications

F.1 Hausman–Taylor replication

To benchmark my IV estimates against the quasi–experimental approach in Klaiber, Abbott, and Smith

(2017), I implement a Hausman–Taylor (HT) model that treats tract–level temperature as an endoge-

nous regressor in a panel of tract–year cells. Let j index tracts and t years, and let i index houses

transacting within a tract–year cell. The semi–log hedonic model can be written as

ln pannijt = δ0 + δT TUHI
jt +X1′

ijtδ1 +X2′
ijtδ2 + Z1′

jtδ3 + Z2′
jtδ4 + hjt + εijt, (12)
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where TUHI
jt is tract–level temperature, X1

ijt and X2
ijt are parcel–level characteristics classified as en-

dogenous and exogenous, respectively, and Z1
jt and Z2

jt are tract–level variables that are endogenous

and exogenous. The tract–year random effect hjt captures unobserved neighborhood–time heterogene-

ity. The HT estimator uses within–tract deviations and tract–level means of exogenous regressors as

instruments for the endogenous components. Appendix E.1 provides the precise partition of regressors

and instrument set used in my replication of Klaiber, Abbott, and Smith (2017).

F.2 Repeat–sales specification

As an additional comparison, I estimate a repeat–sales model that differences out time–invariant parcel

heterogeneity. Restricting the sample to parcels that sell at least twice, I estimate

ln pannit = λ0 + λT TUHI500
it + z′itλz + µi + τt + εit, (13)

where µi is a parcel fixed effect and τt are year fixed effects. Because µi absorbs all time–invariant

parcel–level attributes (including permanent differences in lot size, structure quality, or unobserved

local amenities), identification comes from within–parcel changes in temperature and controls between

sales. In practice, I report the repeat–sales estimates as a comparison to my baseline IV specification

rather than as my main source of MWTP estimates; additional details on sample construction and

weighting are provided in Appendix E.2.

F.3 Tract fixed–effects model

Finally, I estimate a tract fixed–effects model as a simple panel demonstration of how within–tract

variation in temperature is related to housing prices. Letting j index tracts and t years as above, I

estimate

ln pannijt = κ0 + κT TUHI
jt + x′

ijtκx + γj + τt + εijt, (14)

where TUHI
jt denotes tract–level temperature (measured as the tract–level mean of my 500m UHI field),

xijt collects parcel–level controls, γj are tract fixed effects, and τt are year fixed effects. The tract fixed

effects γj absorb all time–invariant neighborhood characteristics, so κT is identified from within–tract

changes in temperature and controls over time. I treat this specification as a descriptive illustration

of how much of the cross–sectional correlation between prices and heat remains after differencing out
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permanent tract–level heterogeneity, rather than as a fully credible causal estimate, given that TUHI
jt

may still be correlated with time–varying unobservables that are not captured by τt or xijt.

G Cool Corridor DiD Analysis

This appendix documents the stacked difference-in-differences(DiD) design I use to estimate the causal

effect of Cool Corridors installations on July median land surface temperature (LST) around corridor

segments.

G.1 Difference-in-Differences model

The analysis unit is a corridor segment i observed annually in calendar year t. The outcome is Yit,

defined as the July median LST (in ◦C) within a 100-meter buffer around each corridor segment. A

buffer of 100m is chosen to reflect the highly localized cooling effect of street level tree planting recorded

for small compact urban vegetation spaces Soltanifard and Amani-Beni (2025). For each year, corridor-

level LST is computed by overlaying corridor buffers (100m) on annual LST rasters and taking the

mean temperature. Phoenix’s Cool corridors program began installations in 2022 and continued up

until present (2025).The LST panel covers calendar years 2018–2025.

Treated Corridors with an installed tree-density >= 62 trees/km (>= 50% of Phoenix’s stated goal

of 200 trees per mile, (>= 124 trees/km)) are assigned a first-treatment year based on year of recorded

installation; Gi ∈ {2022, 2023, 2024}, n = 13. Corridors with sparse tree installation are removed from

the analysis <= 62 trees/km. Corridors in the sample that are scheduled/planned and not yet installed

comprise the “never-treated” control group, n = 21. The event time for corridor i in year t is

relit ≡ t−Gi.

G.2 Motivation for stacked DiD

Standard two-way fixed effects (TWFE) DiD models can produce “bad comparisons” in staggered

adoption settings when already-treated units serve as controls for later-treated units. To avoid these

comparisons, I implement a stacked DiD design that constructs separate cohort-specific sub-experiments

(one per adoption year) and then stacks them into a single estimation sample. By doing this I ensure
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that, within each cohort-specific sub-experiment, treated units are compared only to clean controls that

are never treated not-yet treated.

G.3 Cohort-specific sub-experiments and trimming

For each adoption cohort, g ∈ {2022, 2023, 2024}, I construct a sub-experiment s = g that includes

the land within a 100m buffer surrounding treated corridors with Gi = g, and land within 100m

surrounding clean controls, i.e. corridors with Gi > g + κpost or never treated corridors that remain in

“scheduled” or “planned” status as of 2025. I then trim the calendar time dimension to an event window

relit ∈ [−κpre, κpost], using κpre = 3 and κpost = 3. This produces a balanced event-time window within

each cohort-specific sub-experiment. (In practice, estimates for the farthest post period rel = +3 is

only contributed by the earliest cohort (g = 2022) because later cohorts do not have enough post years

within the data.). All sub-experiments are then appended into one input dataset for DiD estimation.

G.4 DiD specification

The stacked DiD event-study model is:

Yits = αis + γts +
∑

k∈K,k ̸=−1

βk 1{relits = k} × Treatis + εits,

where K = {−3,−2,−1, 0, 1, 2, 3}, k = −1 is omitted and serves as the reference period. Each βk

represents the difference between treated and control groups at event time k, relative to the treated-

minus-control difference at event time −1.

Let s index the sub-experiment (cohort) and denote the stacked outcome as Yits. I define Treatis

as an indicator equal to 1 if corridor i is treated in sub-experiment s (i.e. Gi = s), and 0 if corridor

i is a clean control in sub-experiment s, relits = t − s represents event time measured relative to the

sub-experiment cohort year s.

αis represents unit by sub-experiment fixed effects, which absorb all time-invariant differences for

corridor i within each sub-experiment s. γts, represents all shocks common to all corridors in calendar

year t within each sub-experiment s.
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G.5 Corrective stacking weights (Wing et al. 2024)

Stacking changes the relative contribution of control trends in the sample. For example, later cohorts

can appear more often as controls in earlier treated cohorts. To recover an ATT that is not mechanically

driven by how many controls appear for a given cohort. I apply corrective weights following the methods

outlined in Wing et al. (2024).

For each event time k, I define N treat
sk and N ctrl

sk as the number of treated and control observations in

sub-experiment s at event time k, and define N treat
k and N ctrl

k as the totals across all sub-experiments

at event time k. I define shares:

πtreat
sk =

N treat
sk

N treat
k

, πctrl
sk =

N ctrl
sk

N ctrl
k

.

Weights are assigned as:

wits =


1 if Treatis = 1,

πtreat
sk

πctrl
sk

if Treatis = 0,

so that, within each event time k, the weighted control group matches the sub-experiment composition

of the treated group. Estimation is performed using weighted least squares with the defined weights.

ATT estimates relative to k = −1 are reported in the below event study plot.

Figure A4: ATT by event time for estimates relative to k = −1, plotted with 95% confidence bands
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G.6 Re-normalization to address raster-level differences

Because year-to-year raster products can differ in level (e.g., processing changes), I also report a re-

centered event-study series where the average of pre-treatment coefficients is normalized to zero:

β̃k ≡ βk −
1

Kpre

∑
j∈Kpre

βj ,

with Kpre = {−3,−2,−1} (and β−1 = 0 by construction under the omitted-category normalization).

Standard errors for β̃k are computed using linear combinations of estimated coefficients.

Figure A5: ATT by event time for estimates relative to the normalized mean of treatment periods , plotted
with 95% confidence bands, estimates reflect heteroskedasticity-robust standard errors clustered at the corridor
level.

G.7 Parallel trends diagnostics and interpretation

I plot mean LST for treated and control corridors by event time within the stacked sample over rel ∈

[−3, 3]. Results show that control and treatment corridors remained very close in LST level prior to

treatment, with the first divergence recorded at k = 0

Figure A6: ATT by event time for estimates relative to the normalized mean of treatment periods , plotted
with 95% confidence bands
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Table 9: Event-study coefficients centered at mean of pre-periods

(1)
ATT of Cool Corridor on LST

Year Relative to Cool Corridor Installation
Event time -3 -0.175

(0.867)

Event time -2 0.646
(1.266)

Event time -1 -0.471
(0.863)

Event time 0 -1.594∗∗∗

(0.589)

Event time +1 -1.930∗∗∗

(0.666)

Event time +2 -1.966∗∗∗

(0.586)

Event time +3 -2.348∗∗

(0.950)

Observations 394.000

Standard errors in parentheses

Each coefficient is (treated-control at event time k) minus mean(pre) where pre = -3,-2,-1.

,

Standard errors are cluster-robust and computed using the regression VCV via nlcom (exact for linear combinations).

,

Fixed effects absorbed: unit stack year stack.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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