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Abstract

Essays in Environmental and Labor Economics
by

Luorao Bian

This dissertation consists of three chapters. The first chapter examines the health im-
pacts of urban heat and its implications for adaptation. Cities tend to be warmer than
their suburban counterparts, a phenomenon known as the heat island effect. This effect
varies significantly over time and across different neighborhoods. Using high-resolution,
satellite-derived surface temperature data and emergency medical service records from
Northern California, this chapter employs fixed-effects Poisson regressions to analyze
these variations. The findings show that neighborhood-level extreme heat has significant
adverse health effects. However, urban heat—a highly localized and predominantly an-
thropogenic component of overall temperature—is less harmful than temperature shifts
on a larger geographic scale. This is likely because people can better adapt to urban
heat. These results highlight the importance of considering both overall temperature
exposure and adaptation potential in urban environments. The effects of urban heat also
vary by season; while additional warmth can provide protection during colder periods, it
poses substantial health risks on warmer days. Finally, policy simulations suggest that
mitigating extreme urban heat could effectively reduce health risks, particularly during
warm periods. Tree planting, especially in less vegetated areas, emerges as a beneficial
strategy for protecting urban populations.

The second chapter studies the unintended environmental externalities and spillovers
of place-based policies, which broadly aim to boost local economies and improve welfare.

Specifically, it examines city minimum wage ordinances, a popular place-based labor

Vil



regulation intended to raise earnings and living standards for low-wage workers in over 60
U.S. cities. Using variation in timing and intensity across 17 California cities in the 2010s,
I show that higher local wage floors increase rents and incentivize workers to live and work
in neighboring areas outside the policy jurisdiction. These spatial shifts alter commuting
patterns, increase traffic congestion, and worsen air quality, with neighboring areas more
severely affected than policy cities, despite not being the direct targets. This worsening of
air quality disproportionately affects poor and minority communities due to suboptimal
amenities and limited adaptation capacity, rather than worker re-sorting. Simulations
combining a traffic-emissions model with a particle-dispersion model attribute up to 2.8%
of traffic-related emissions and 15 additional annual deaths to the ordinances. For low-
wage workers, the costs of these unintended externalities offset 40% of the intended wage
gains. In summary, the results suggest that environmental externalities, though indirect,
can shift the welfare impacts of place-based policies far from their intended goals.

The final chapter, co-authored with Jeffrey Grogger and Jacob Bastian, focuses on
the long-run impacts of U.S. safety net reform. Roughly 25 years ago, the U.S. safety net
was substantially overhauled. Here, we ask how those reforms affected the educational
attainment of youths who were teenagers at the time of implementation. We take a
difference-in-differences approach, following adolescents from two generations roughly 20
years apart. In each generation, we compare two groups: one more likely to have been
affected by the reforms, and one less likely. Under some assumptions, our approach
identifies the joint, or bundled, effects of the constituent policy changes that make up
safety net reform. We find evidence that the reforms may have reduced educational
attainment for women, while having small positive effects on education for men. Finally,
we offer suggestions as to why our findings differ from those of previous studies examining

individual components of safety net reform.
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Chapter 1

Do Microclimates Matter? The
Health Impacts of Urban Heat

Using Fine-Scale Data

1.1 Introduction

Urban residents typically experience warmer climates than their suburban counter-
parts, a phenomenon known as the heat island effect. In the United States, approximately
80% of the population resides in urban areas, where temperatures are, on average, 3.7°F
higher than in suburban areas (Census Bureau, 2020, |Hsu et al.|2021)). For compari-
son, global warming—another significant anthropogenic temperature shift—has increased
global temperatures by 1.9°F since the pre-industrial era (Hansen et al.|[2010).

The heat island effect varies substantially across seasons and neighborhoods, resulting
in highly localized temperature fluctuations. To examine its health implications, I use
fine-resolution data from Northern California to first determine whether health outcomes

change with temperature variations at the neighborhood level. T then explore the an-
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Do Microclimates Matter? The Health Impacts of Urban Heat Using Fine-Scale Data  Chapter 1

thropogenic nature of the heat island effect and demonstrate how its impact differs from
those of regional climate fluctuations, which I interpret as arising from differences in
adaptation potential. Finally, I quantify the total health impact of the heat island effect
and use policy simulations to provide guidance on effective public health interventions.

Using surface temperature data from NASA’s Moderate Resolution Imaging Spec-
troradiometer (MODIS) and local emergency medical service (EMS) records from San
Francisco, San Jose, San Rafael, and other cities in Marin County, I employ reduced-form
fixed-effect Poisson regressions to estimate the impact of daily temperature fluctuations
on morbidity at the census-block-group level. I then follow Rizwan et al. (2008), Imhott
et al. (2010)), Schwarz et al. (2011)), |Zhou et al.| (2013), and Manoli et al. (2020) to decom-
pose overall temperature into background temperature (the average temperature in the
urban buffer, constant for the entire city) and urban heat (local deviations from the urban
buffer temperature). I show that prior studies implicitly assume equal health impacts for
both components at any given overall temperature level, despite the fact that urban heat
is highly localized and more sensitive to human modifications. Their differing adaptation
potentials explain my empirical finding that urban heat, a micro-level temperature shift,
is relatively less harmful than macro-level variations (background temperature).

I further employ similar Poisson regressions to estimate the total health impact of
urban heat. The benchmark regressions are estimated separately by season because
urban heat essentially alters temperature relative to some baselines while the health-
temperature relationship is nonlinear, and because the two temperature components
exhibit seasonal patterns. My approach incorporates macroclimate conditions nonpara-
metrically through fixed effects and implicitly models the interactions between the two
temperature components as part of seasonal heterogeneity. Finally, I compare the effec-
tiveness of various urban heat mitigation strategies through simulations, including tree

planting—one of the most widely adopted urban cooling policies in U.S. cities.
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The first key finding is that local heat spikes increase morbidity risk at the neigh-
borhood level. More importantly, urban heat—the locally varying component—poses
relatively lower health risks compared to background temperature. I interpret this result
as people can better adapt to urban heat. This study makes two primary contributions.
First, I use novel datasets to recover the health-temperature relationship at the census-
block-group level, offering insights unavailable in studies that analyze data at the county
level or larger (Deschénes & Moretti 2009, Deschénes & Greenstone|2011, Barreca et al.
2016, (Carleton 2017, Mullins & White 2019, and |Carleton et al. 2022)). Second, by de-
composing overall temperature into two components with different adaptation potentials,
I implicitly approximate the adaptation margin. The results highlight the importance
of considering not only overall temperature exposure but also how effectively people can
adapt. Even if total heat exposure remains constant, health risks can differ depending
on adaptation effectiveness and feasibility. These findings also suggest that the common
practice of assuming spatial separability in damage functions may not produce the most
precise estimates in urban settings (Hsiang |2016)).

The second finding offers a novel assessment of urban heat’s health impacts in different
seasons. The heat island effect exacerbates health risks during warm periods but miti-
gates them on cold days. This pattern is driven by both the nonlinear health-temperature
relationship and seasonal interactions between the two temperature components. Further
evidence suggests that the spatial and temporal distribution of urban heat is more influ-
ential in shaping health outcomes than demographic and socioeconomic factors. These
analyses have three key strengths. First, I model the heat island effect dynamically rather
than treating it as a static, location-specific attribute (e.g., imperviousness). The use of
high-frequency, day-to-day variation exploits the temporal dynamics of the heat island
effect, which is less likely to correlate with income and other confounders that remain

relatively stable over time. Second, even after accounting for regional macroclimate con-
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ditions and location-specific characteristics, I find that neighborhood-level temperature
variation significantly affects health outcomes in one of the wealthiest American com-
munities in the late 2010s. While a higher income does not fully offset climate impacts.
Third, unlike studies focusing on specific extreme events or short time windows, my anal-
ysis spans the entire year, allowing for a more comprehensive assessment of urban heat
impacts and policy benefits. My estimates reveal not only the adverse effects of urban
heat in warm months (Tan et al.|2010, [Heaviside et al.|2016, [Heaviside et al.[2017, and
Chakma et al.[2024)) but also its protective effects in winter (Macintyre et al.|2021). These
findings highlight the nonlinear health-temperature relationship and seasonal dynamics
in shaping the health impacts of heat island effect.

In terms of policy application, I simulate the benefits of urban heat mitigation and
find that reducing extreme levels of urban heat alone could lower emergency medical
caseloads by up to 2.63% on hot days—achieving nearly half the reduction that would
result from completely eliminating urban heat. Finally, I examine the health benefits
of tree planting, one of the most common urban heat mitigation strategiesf_-] I find
that tree planting is almost always beneficial, particularly when prioritizing less green

neighborhoods.

1.2 Heat Island Effect

The heat island effect plays a crucial role in shaping neighborhood-level climates. This
phenomenon refers to urban areas being significantly warmer than their surroundings,
primarily due to the enhanced heat retention of urban environments. The dense infras-
tructure of buildings, roads, pavements, and other urban elements absorbs and emits

more heat compared to natural landscapes such as grasslands, forests, and bodies of

!Examples of tree planting programs include the California Urban Forestry Program, the New York
State Urban Forestry Grants, and the Urban Forestry Program of the District of Columbia.
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water. These factors contribute to higher temperatures in urban settings. Additionally,
human activities, such as vehicle operation and industrial production, generate excess
heat. Urban geometries further exacerbate the effect by reducing wind speed, which
impedes heat dispersion from buildings and slows the natural cooling process.

The heat island effect is measured by calculating the temperature difference between
urban areas and the average temperature in the urban buffer. For each pixel j in city ¢
on day d of year y, the temperature reading represents the overall temperature L, which
is decomposed into background temperature T and urban heat UH. Specifically, I draw
on the works of Tan et al.| (2010), Clinton & Gong (2013), [Zhou et al.| (2013)), and |Quan

et al] (2014) to decompose overall temperature using Equation [L.1}

1
chdy - UHjcdy + Tcdy Where; Tcdy = F Z chdy (11)

Urban areas are identified as pixels classified as " Urban and Built-up Lands” under
the International Geosphere-Biosphere Programme (IGBP), which includes areas with "at
least 30% impervious surface area, including building materials, asphalt, and vehicles.” 1
construct a 5-km urban buffer around urban pixels, excluding adjacent built-up pixels.
Next, I calculate the average temperature across all buffer pixels, which serves as the
background temperature for all pixels j in city ¢ on day d of year y. In other words, all
pixels within the same city share the same T on a given day. Finally, I determine urban
heat by computing the difference between the overall temperature in each pixel and the
background temperature T. Figure illustrates the division of urban areas and urban
buffers, along with the average level of urban heat over the entire sample period. The
choice of buffer remains consistent over time and has minimal impact on the estimation

after accounting for fixed effects, as demonstrated in Table [A.1]
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Figure 1.1: Average Urban Heat by Urban Area and Buffer Division

(a) Urban Areas, Buffers, and Average Urban Heat

Average urban heat
-10 -5
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Urban-buffer division

— 5-km buffer — Urban

(b) Average Urban Heat at the Pixel Level in a San Jose Neighborhood
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Notes: The inner circles outline urban clusters defined by the MODIS MCD12 Land Type product,
while the outer circles indicate a 5-km buffer zone around these clusters. The urban buffer refers to the
area between the urban clusters and the buffer boundary. Urban heat is measured as the deviation of
local daily temperature from the buffer average. For pixels within the buffer, urban heat is nonzero if
the local temperature differs from the buffer average. Some areas near the buffer are excluded due to

missing land cover data.
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The decomposition of overall temperature divides total heat into two parts with
distinct characteristics. Background temperature T is defined as the buffer average,
representing regional climatic conditions over a relatively large area, while urban heat is
highly localized, capturing how much local climate conditions deviate from the regional
average. In terms of origin, background temperature T is primarily driven by natural
weather fluctuations, whereas urban heat is largely anthropogenic, influenced by human
activities that modify the local energy budgetE] As a result, urban heat is more responsive
to human adaptation and mitigation efforts.

These distinctions suggest differences in adaptation potential, which may ultimately
lead to divergent health impacts of the two temperature components. The conceptual
framework in Appendix shows that the total health impact of temperature can be
attributed to both biological and adaptation channels. Urban heat is highly localized and
largely human-made, offering a greater range of adaptation possibilities and facilitating
more effective adaptation. To illustrate this, holding overall temperature L constant
and all else equal, a high UH (and thus a low T) indicates that a heat spike is local,
making surrounding areas more likely to remain cool. Temperature differences promote
faster heat dissipation by Fourier’s Law, while relocation to cooler neighborhoods is
more feasible and less costly. In contrast, a high T suggests a low UH given a fixed L,
meaning that heat spikes are more likely to be regional. In such cases, the aforementioned
mitigation strategies are less effective since other areas are more likely to share the
same degree of heat. As a result, ventilation is less effective, and relocating to cooler
neighborhoods becomes more difficult or even impossible. Given the significant benefits
of adaptation, as documented in Deschénes| (2014)), Barreca et al. (2015)), Barreca et al.
(2016)), and |Carleton et al.| (2022)), differences in adaptation potential may lead to different

total heat impacts.

2An energy budget accounts for the balance of energy entering and exiting a system.
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These considerations are often overlooked in existing approaches that estimate the
health-temperature relationship, which account only for the total amount of heat but not
its composition (Deschénes & Moretti 2009, Mullins & White 2019, |Carleton et al. 2022]).
In Section [1.4.2] T propose a set of empirical tests to examine whether these differences
matter in an urban setting and outline an alternative estimation framework to address
the issue in Section [[.4.3]

From a policy perspective, differences in adaptation potential suggest that mitigating
the heat island effect can be more feasible to protect people from climate change. While
practitioners may have limited ability to alter regional climate patterns, they can still
invest in heat island mitigation measures—such as tree planting, installing cool roofs, and
adding reflective pavement—to improve local microclimates. Additionally, policymakers
can facilitate adaptation by setting up heat alerts to help people avoid localized heat

hotspots.

1.3 Data and Preliminary Analysis

In this section, I first introduce the construction of health and temperature variables.
Next, summary statistics and seasonal patterns are presented to describe the data, inform

the empirical strategy, and facilitate the interpretation of empirical results in Section 1.5

1.3.1 Data

To estimate the health risks associated with microclimate changes at a fine scale, I
assembled a novel dataset comprising emergency medical service (EMS) records from the
cities of San Francisco, San Jose, and Marin County, along with NASA satellite images
covering these areas. The analysis sample includes areas that received EMS services in

San Francisco, San Jose, San Rafael, Novato, and other smaller cities in Marin County.
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Health is measured in terms of acute morbidity, defined as the total number of EMS
transfers at the daily census-block-group level. EMS transfers refer to incidents where
patients receive immediate medical attention and require extended medical observation.
The raw data is obtained from local EMS administrations and fire departments, contain-
ing both the geographical coordinates and time of incidents. I match these coordinates
with the 2010 census block group shapefile and further aggregate the data to the census-
block-group-by-date level.rf] For further quality assurance, I conduct robustness checks
using EMS incidents that require ambulance dispatches, and find even more significant re-
sults. I also compare my measure with California vital records on deaths, which explains
79.0% of the variation in death counts, with a correlation coefficient of 0.890.@

The main temperature measures are overall temperature L and its two components,
urban heat UH and background temperature T, all at the block-group-by-date level, ob-
tained from the Land Surface Temperature and Emissivity swath (MOD21A1D). The
raw data provides daily images of daytime land surface temperature at a 1-km resolu-
tion. Following Imhoff et al. (2010), |Schwarz et al.| (2011), Manoli et al.| (2019)), and other
studies on the heat island effect, I use surface temperature to measure urban heat, taking
advantage of richer climate information at a fine (1-km) geographical scale (Jin & Dickin-
son 2010). As discussed in the previous section, temperature decomposition is conducted
at the grid-cell level to maintain precision. The grid-level measures are then aggregated
to the block-group-by-date level by matching grid cells with census block group shape-

files, using area weighting following (Carleton| (2017)). That is, for each block group, I

3Patient home location data is unavailable. Using incident location may introduce endogeneity con-
cerns, as people may actively avoid locations that are unfavorable for health. In that case, the actual
heat exposure experienced by the patient may be greater than my observation, thus biasing the estimates
toward zero.

4While morbidity and mortality are highly correlated and both increase in response to temperature
spikes, on cold days, morbidity decreases while mortality increases (Gould et al.[2024]). Consequently, one
should not expect a perfect correlation between these two health measures, nor infer mortality impacts
on cold days from this study.
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calculate the overlapping area with the temperature grid and compute an area-weighted
average temperature. The use of population weights makes minimal difference, as census
block groups are small, whereas population density data is coarser in geographical scale.
Additional details about the process are summarized in the data appendix.

An alternative temperature measure is inverse-distance-weighted air temperature col-
lected from meteorological stations. However, such data typically provides only a few data
points per city (e.g., three in San Francisco, two in San Rafael, and three in San Jose) and
fails to capture potentially drastic temperature variation within urban areas. |Chakma
et al. (2024) show that such a measure can even be misleading. In contrast, satellite data
captures temperature variations at the neighborhood level, providing a reasonable ap-
proximation of heat exposure. Studies suggest that although numerical differences exist
between surface temperature and station data (e.g., higher variance and mean for surface
temperature), they exhibit high correlations, follow similar temporal patterns, and yield
comparable conclusions in economic studies (Benali et al.[2012, Heft-Neal et al.|2017).

For a quality check, I show in the Data Appendix that the temperature-morbidity
relationship based on EMS caseloads and surface temperature exhibits similar patterns
to those estimated from hospital emergency department visits and station-derived tem-

perature in |Gould et al.| (2024).

1.3.2 Summary Statistics and Seasonal Patterns

As discussed in Section [1.3] the following analyses use surface temperature and the
number of EMS transfer records at the census-block-group-by-date level. The sample
is restricted to areas within the 2010 Census Urban Areas and within the jurisdiction

of EMS providers in San Francisco, San Jose, San Rafael, and the rest of the urban
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areas in Marin County (Appendix Figure E| The sample spans from January 2015
to December 2019.

Table presents summary statistics for temperature and health variables. Given
the diversity of health and climate conditions across cities, I also report city-specific
statistics. Panel A reports the mean, standard deviation, and the 10th, 25th, 75th, and
90th percentiles for three temperature measures. For the entire sample, the average sur-
face temperature is 81.765°F with a standard deviation of 17.763°F. Both are relatively
high, given that they are based on satellite-derived surface temperatures rather than
conventional air temperature. Nonetheless, surface temperature allows for a better char-
acterization of urban climate dynamics and has minimal impact on the interpretation
of the results. Regarding the two temperature components, background temperature
averages 76.509°F', while the heat island effect averages 5.261°F. This indicates that,
on average, urban areas are 5.261°F warmer than the buffer average. Notably, the 10th
percentile of urban heat is negative (—2.126°F’), suggesting that it is not uncommon for

some urban census block groups to be cooler than the buffer average.

5Because Census Urban Areas are defined based on more sophisticated criteria beyond Urban and
Built-up Lands, areas outside the urban buffer may also be included, accounting for < 1% of the sample.
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Additionally, I conduct a three-way ANOVA to decompose variation by time trend
(calendar year), geography (block group), and season (day of the year), presented in
the last three columns. This exercise serves two purposes: to elucidate the factors con-
tributing to different types of heat and to ensure sufficient residual variation remains
(presumably random) after controlling for fixed effects. For overall temperature L, most
of the variation (74.6%) comes from seasonality, with geography and calender year trends
contributing 9.7% and 0.1%, respectively. Similarly, background temperature variation
is predominantly driven by seasonality. In contrast, 40.1% of urban heat variation is
attributed to geography, indicating that neighborhood characteristics play a significant
role. Seasonality contributes 15.6%, suggesting that day-to-day fluctuations in urban heat
are common and not solely dictated by neighborhood differences, even though socioeco-
nomic conditions are correlated with differential urban heat exposure (Benz & Burney
2021}, Borsky et al.|2024). A substantial portion of variation remains unexplained, which
is consistent with the fact that urban heat is sensitive to factors such as wind, cloud
cover, and human activities. Panels A2 to A4 present the same statistics disaggregated
by city, demonstrating that the level, dispersion, and sources of variation in urban heat
are city-specific.

Seasonal patterns are illustrated in Figure The top panel plots the average levels
of L, T, and UH by day of the year. By construction, the average UH is the area between L
and T, which varies considerably across seasons. The bottom panel presents city-specific

averages of UH and T by month.
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Figure 1.2: Seasonality of Overall Temperature, Background Temperature, and Urban Heat

(a) Daily Averages Across the Entire Sample

I’V\r’J‘ |

100 | q j\A/\V M/VA\\/\
Tl GIAN
,/WM ‘ 1 AN /[Y
‘ y
| [

Degree fahrenheit

——— Mean overall temperature L
— — Mean background temperature T

40+

T T T T
0 100 200 300 400
Day of the year

(b) Monthly Averages by City

San Francisco San Jose and Cities in Marin
a
13 13 A N
May
1 11 a
‘g R June
A
£ 4 9 Mar. July
c OApr.
(] A
e ; OMar. 74 Aug.
= N a
> oMay Feb. Sept.
<
54 5
-og OFeb. N A
A a Oct
S oJan DD Nov.
PO w158 oNov. 37 o o
g ] by o
°0ct s
[ 8dupe 1 o : 3 o0 i
I 2 Feb.,, 1 PRl
e +r—_————————e . = e — % ———— - .
< 1 ©Aug 1
oJuly
4 San Jose
< Cities in Marin

5‘0 6‘0 7‘0 8‘0 9‘0 1 (IJO 5‘0 6‘0 7‘0 8‘0 9‘0 1 (I)D
Averages monthly background temperature
Notes: Panel A presents the average overall temperature T and land surface temperature L for each
day of the year, with urban heat UH represented as the difference between the two. Panel B shows
average monthly T and UH by sub-sample.

Both panels align with [Zhou et al.| (2013), who also identify hysteretic cycles between

urban and background temperatures—i.e., background temperature T initially increases

more slowly than urban temperature but catches up later.
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These seasonal patterns have implications for the empirical strategy that estimate the
impacts of UH, as they suggest seasonal dependence between microclimate and macro-

climate measures. Details of my empirical strategy are discussed in Section [1.4.3]

1.4 Empirical Strategy

In this section, I describe the empirical approaches that first identify the health impact
of neighborhood-level temperature variation L, then, test for the potential differential
impacts of urban heat UH versus background temperature T, and finally, measure the

casual effects of urban heat.

1.4.1 Health Impacts of Temperature Variations at Neighbor-
hood Level

To connect to the literature, I first estimate the health impact using actual variation
in the data. In other words, I test whether health responds to overall temperature L at
a fine geographical scale using high-frequency local temperature variation. I adapt from
Deschénes & Moretti (2009) to employ the following fixed-effect Poisson regressions,
where temperature is categorized into bins to account for nonlinear temperature effects

and accommodate count data:

log E(Yicay) = Z B X Wi {Licay in bin k} + €, + €4+ €, + €icy (1.2)
k

In this equation, for each census block group 7 in city ¢ on day d of year y, the expected
number of emergency cases follows a Poisson process as a function of 14 five-degree L bins,
with the 6th bin L € (75, 80] omitted as the reference group. The coefficients of interest,

B, represent the proportional change in expected caseload in response to changes in the
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overall temperature bin, relative to the reference level.

The identification assumption is that, conditional on the fixed effects, the set of cli-
mate measures is uncorrelated with the error term, consistent with |Deschenes & Moretti
(2009), Barreca| (2012), Barreca et al.| (2016)), (Carleton| (2017), and White (2017)). In an
urban setting, one might worry about confounding factors as the literature has shown
that demographic and socioeconomic conditions correlate with heat exposure (Benz &
Burney| 2021}, Borsky et al.||2024], (Chakma et al.|2024)). However, this issue is less likely
to bias the results given the use of high-frequency data. By leveraging daily variations
conditional on location-specific effects, it is less plausible that income, race, education,
and other confounders systematically covary with daily climate shocks. For robustness
checks, Appendix Table and Figures and show that the results hold even
with more flexible fixed effects (block-group-by-month and block-group-by-week). One
might still be worried that other climate conditions such as humidity may vary across
neighborhoods and confound the results. In this case, denser urban areas tend to be
drier (IPCC 2021, EPA 2023), and lower humidity facilitates human thermoregulation
under extreme heat. Therefore, the estimated health impact is likely a lower bound of
the effect that would be observed under constant humidity conditions. Results on the

health impact of neighborhood-level temperature variation are presented in Section [1.5.1]

1.4.2 Health Impacts by Temperature Component

This section assesses the differential health impacts of the two heat components as
Section [1.2| highlights potential distinctions between urban heat UH and background tem-
perature T. The highly localized and largely human-made nature of urban heat suggests
greater adaptation potential, which may lead to differential health impacts.

I estimate the following specification, modifying Equation [1.2| by adding some controls

16



Do Microclimates Matter? The Health Impacts of Urban Heat Using Fine-Scale Data  Chapter 1

for urban heat:

log E(Yicay) = Z Br X Wi{ Licay in bin k} + yUH _control + €; + €4+ €, + €icay  (1.3)
k

The empirical approach relies on the following intuition: if urban heat UH and back-
ground temperature T contribute similarly to health risks, then overall temperature L
should be sufficient to capture the temperature effects, while adding explicit controls for
UH should have little impact on the estimates of L. Thus, ~ should be approximately
zero. Since changes in L arise from either UH or T, controlling for UH implies that varia-
tion must come from T, making the estimate of L. conditional on UH effectively represent
the impact of T. Here, UH_control is broadly defined as some function of urban heat, and
I test multiple specifications to confirm that functional form assumptions do not drive
the results.

Proposition [2]in Appendix[A.0.1] details the interpretation of the results. In summary,
changes in biological and/or adaptation channel may influence total health impacts,
following |Grossman| (1972)), Becker & Murphy| (1988), Moretti & Neidell| (2011), Barreca
et al| (2016), and Deschénes et al.| (2017). If differential health impacts are observed
between UH and T, they stem from differences in biological response, adaptation, or both.
Given the nature of UH and T as discussed in Section [I.2] more effective adaptation to

urban heat is a more plausible explanation. The results are discussed in Section [I.5.2]
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1.4.3 Health Impacts of Heat Island Effect

To estimate the casual impacts of urban heat, I estimate the following fixed-effect

Poisson regression:

108 E(Yieay) = > _ pp X Wp{UHicay in bin p} + € + €cay + €icay (1.4)

p

The benchmark estimates of the heat island effect are presented on a seasonal basis, as
the health-temperature relationship is nonlinear (Deschénes & Moretti 2009, |Deschénes
& Greenstone 2011} [Mullins & White 2019, (Carleton et al.2022)). The presence of UH
effectively adds additional degrees to certain temperature ranges. Imposing a constant
effect across seasons implies that an additional degree of UH has the same health risk
on cold and hot days, contradicting existing knowledge. This approach also accounts for
the seasonal patterns of UH and T as in Section by allowing for estimates to vary
across seasons while avoiding making explicit assumptions on how they interact.

Equation follows the structure of Equation [I.2] with two key differences. First,
the parameters of interest, p,, indicate proportional changes in expected caseload due
to changes in UH bins (11 two-degree bins, with UH € (—1, 1] omitted as the reference
group). Second, instead of separate day-of-the-year and calendar-year fixed effects, I
use €4y, a city-by-date fixed effect that accounts for background temperature, humidity,
pressure, and other macroclimatic conditions in a non-parametric manner. The use of
high-frequency data conditional on location-specific effects further mitigates concerns
that demographic and socioeconomic factors drive the estimates.

Seasonal groupings are determined via cross-validation. I begin with 10 different
seasonal groupings, each covering 2—4 months with different start and end points. For
each alternative, I use 5-fold cross-validation to compute the out-of-bag MSE in the

health-UH regression and select the grouping with the lowest MSE. The main results are
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presented in Section with Appendix Figure confirming robustness to alternative
groupings based on T. Section further explores the heterogeneity by the distribution

of UH as well as demographic and socioeconomic conditions.

1.5 Results

1.5.1 Impacts of Overall Temperature

Figure|l.3|reports the extent to which overall temperature affects health across urban
neighborhoods using observed temperature variation from the data, L. As discussed in
Section [I.4] the estimates represent proportional changes relative to the reference group.
For example, the > 115 bin has a coefficient of 0.0668, indicating a 6.68% increase in
caseloads relative to the reference bin. This suggests that even at a fine geographical

scale, higher overall temperature L increases health risks.
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Figure 1.3: Contemporaneous Effects of Overall Temperature L. on EMS Caseload
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Notes: This figure presents the estimated relative change in EMS caseload (y-axis) associated with
different L bins (x-axis). Estimates are derived from Equation controlling for day-of-the-year,
calendar-year, and block-group fixed effects. Confidence intervals are at the 95% level, with standard
errors clustered at the census block level. The reference category is L € [75,80) (the red x).

The results are robust to alternative outcome measures and model specifications, as
shown in Appendix Figure[A.2] As a placebo test, I also include overall temperature on

the following day and find little impact, as shown in Appendix Figure [A.9]

1.5.2 Differential Health Risks

This section compares whether the health impact of urban heat differs from that
of background temperature across multiple specifications. Figure [1.4] compares the es-
timates of L bins in Figure to a set of estimates further conditioned on linear UH
(Equation with continuous UH). Per the discussion in Appendix [A.0.1] larger esti-
mates (in absolute value) in this specification indicate greater health impacts when the
change in heat comes entirely from background temperature T, i.e., ‘fl—f > Z—IE|U_H, or

equivalently, % > d‘Z,—HH. Equivalently, UH estimate (v in Equation is -.0022 with

a p-value of less than 0.001. Negative UH estimate suggests that, holding the overall
20
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temperature bin fixed, more heat coming from urban heat is relatively better for health.
UH and L estimate taking opposite signs suggest health is more sensitive to changes in

T than to changes in UH.
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Figure 1.4: Contemporaneous effects of Overall Temperature L on EMS Caseload, by UH
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Notes: The figure above compares the changes in EMS caseload (y-axis) due to changing L bins (x-axis),
with and without holding a constant UH. Estimates are obtained from two regressions. The blue (round)
estimates are specified by Equation as in the previous figure [1.3] while the orange (square) ones are
the same estimates but further conditional on constant UH, i.e., adding continuous UH into Equation
They are both estimated with day-of-the-year, calendar-year, and block-group fixed effects. The
estimate of continuous UH in the second regression is —.0022 with P-value 0.000, indicating that holding
overall temperature bin fixed, more heat coming from urban heat is relatively good for health. Confidence
intervals are at the 95% level, with S.E. clustered at the census block level. L € [75,80) (the red x) is
omitted as the reference group.

To show that the differential impacts of UH and T are not driven by functional
form, Figure further demonstrates that health impacts vary by heat composition
even within the same L bin. This highlights that we should consider not only the level of
overall temperature but also its composition. For this exercise, I re-estimate the health
impacts given in Figure by high versus low urban heat subgroups defined within each
5-degree L bin. Now, urban heat controls are more flexible and can vary across L bins.
That is, I further break down the 14 overall temperature indicators in Equation [1.2] into
high and low urban heat subgroups, producing 28 groups. High versus low urban heat is
defined in two ways. In Figure , I hold overall temperature ” constant” (within 1-degree

L) and then group observations by urban heat percentile. This method imposes a strict
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restriction on overall temperature L but allows for geographical and temporal variations.
Within each L bin, the group with a lower level of urban heat UH (and thus a higher
level of background temperature T, as the total of the two is fixed) is more severely
impacted, indicating that, holding overall temperature fixed, having more heat from
urban heat UH is better than having more from background temperature T. For a causal
interpretation, it assumes that, conditional on (almost) the same L and fixed effects, high
versus low UH is as good as random, given 1-degree L and the set of fixed effects. An
alternative comparison is conducted in Figure [I.5], in which the grouping is conditional
on the same census block group within the same 5-degree L. bin and the same month.
In other words, the comparison is intertemporal within the same location and month,
across days with higher versus lower levels of urban heat. Regardless of the method,
both figures support the previous finding that heat composition matters and that urban
heat UH is relatively less harmful than background temperature T. Estimates are robust
to more flexible model specifications, including controlling for block-group-by-month or
block-group-by-week fixed effects, or changing the outcome variable to the number of

dispatches at the same level, as shown in Appendix Figure
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Figure 1.5: Effects of L by High-Low UH Group
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Notes: Both panels compare the health impacts of L by high versus low levels of UH. For each 5-
degree L bin (as in Equation , observations are further divided into high versus low levels of UH
by interacting L bin indicators with high versus low UH indicators. The top panel compares high-low
UH within the same 1-degree bins, i.e., comparing observations of the same L under high and low UH
conditions. Similarly, the bottom panel conducts the same comparison but with an alternative UH
definition. Here, UH is defined within the same census block group, the same 5-degree L bin, and the
same month. Intuitively, it compares the effects of L within the same location and season on days with
high versus low UH. The reference group consists of L between 75-80 degrees with relatively low urban
heat. Estimates control for day-of-the-year, calendar-year, and block-group fixed effects. 95% confidence
intervals are reported, with standard errors clustered at the census block level. The P-value tests the
null hypothesis that the effects of L are the same for all high versus low urban heat groups.
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I employ even more flexible models by first allowing temperature effects to vary by
season and to put UH in bins, as shown in Appendix Table[A.2] As discussed in Section
1.4.2] and Appendix [A.0.1] nonzero urban heat estimates indicate that, holding overall
temperature fixed, health impacts differ by heat composition and the effects of UH differ
from those of T. Conversely, zero UH estimates imply that the effects of UH are similar
to the effects of T but not that UH has null influence on health. In addition, I estimate
the same health impacts using cross-validated random forest classifiers with overall tem-
perature L, urban heat UH, census block group, and date as predictors. Adding urban
heat UH reduces the prediction MSE by 4.11%, compared to the model without UH.
In the specification with both L and UH, UH serves as the most important feature in
predicting health outcomes, with a feature importance of 0.319.

Thus far, multiple pieces of evidence have demonstrated that the health impact of
urban heat differs from that of background temperature. Combining these findings with
the discussion in Section and Appendix [A.0.1] T interpret the results as evidence that

people can more effectively adapt to urban heat than to background temperature.

1.5.3 Impacts of Heat Island Effect

Figure reports the effects of urban heat in May—July and October—February using
12 two-degree UH bins. Seasonal variations in the UH effect arise primarily from the
nonlinearity of the health-temperature relationship, as discussed in Section [I.4.3] That
is, UH estimation essentially models how health outcomes change with additional heat
at different parts of the temperature distribution. A nonlinear relationship implies that
the effects of the same UH level can vary depending on whether the baseline temperature
is low, moderate, or high. Furthermore, since urban heat estimates capture both the

direct health impacts of urban heat and its interaction with macroclimatic conditions,
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UH effects may vary even within the same temperature window.

Figure 1.6: Effects of Urban Heat on EMS Caseload, by Season
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Notes: Estimates are based on Equation [I.4] with city-by-date, calendar-year, and block-group fixed
effects. Background temperature T is also at the city-by-date level and is controlled non-parametrically
by the fixed effect. There are 11 UH bins, with the 4th bin, UH € [-1,1) (the red x), omitted as
the reference group. The estimates indicate the relative changes in caseload due to changing UH bins.
For instance, the first UH bar in the top panel indicates that in May-July, moving from UH € [-1,1)
to UH < —5 leads to a 3.8% increase in caseloads. Within this bin and season, the average levels of
T and L are 89 and 80 degrees, respectively. Estimates for the rest of the months (March-April and
August-September) are omitted as they are close to zero.

In May—July (the top panel), a low level of urban heat is associated with a mod-
erate increase in caseloads. More importantly, when urban heat exceeds five degrees,
the increase in caseloads becomes significant (up to 9.35% more EMS cases relative to
the reference bin). During this period, background temperature is relatively high, and
health outcomes are highly sensitive to small changes in L.. Adding additional urban heat
increases, L and consequently, the caseload, as shown in the middle-to-right portion of
Figure [1.5] By contrast, on days with extremely low UH during this period, most heat

comes from T. Since health is more sensitive to changes in T than in UH, having most
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of the heat come from T results in a net positive effect of urban heat. However, in Octo-
ber—February (the bottom panel), a higher level of urban heat appears to be beneficial
for health (reducing EMS cases by up to 6.53%), as days with higher UH during colder
periods experience relatively lower health risks. Effects in the remaining months are not
significant and are therefore omitted.

The results are robust to grouping by T (Appendix Figure , using an alternative
outcome measure, and including block-group-week or block-group-month fixed effects
(Appendix Figure . Placebo tests examining whether urban heat tomorrow affects
health today show little impact (Appendix Figure [A.10)).

1.5.4 Heterogeneous Impacts of Heat Island Effect

In this subsection, I first demonstrate that the distribution of heat across geographical
and temporal dimensions plays a critical role in characterizing the health-urban-heat
relationship. I then present evidence that demographic and socioeconomic factors, such
as income, exert less influence.

I begin by examining whether the cross-sectional geographical distribution of urban
heat matters. This analysis is motivated by the findings in Section which indicate
that health is more sensitive to changes in large-scale events, such as background temper-
ature T, than to changes in UH at a smaller scale. Figure|1.7| shows that health is more
sensitive to urban heat when heat stress is more uniformly distributed across neighbor-
hoods (the low-variance group). The differences in health impacts between the low- and
high-variance groups are statistically significant from October to February (p = 0.005)

but not in May to July (p = 0.110).
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Figure 1.7: Effects of Urban Heat by the Variability of Heat
(a) Same-Day Comparison: By Geographical Variation
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high or low, and then interacted with UH bins. This compares the effects of UH between zones with more
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calculates variance within the block group across days, highlighting the learning from prior exposure to
diverse urban heat conditions. The P-value tests the null hypothesis that the effects of UH are the same

for high versus low variance groups.
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To construct these groups, I disaggregate each urban heat bin in Equation based
on the cross-sectional geographical dispersion of urban heat. Specifically, I first use geo-
graphical coordinates and clustering method to divide census block groups within each
city into two zones. For each zone on a given day, I compute the cross-sectional variance
of urban heat and classify the zones as either high- or low-variance groups. This approach
ensures the the comparison is within the same city on the same date to eliminate con-
founders such as background temperature T and macroclimatic conditions. A lower UH
variance indicates a more homogeneous heat distribution within each zone. The findings
suggest that highly localized heat spikes are less influential, possible due to adaptation
being more effective feasible as in Section In contrast, geographical sorting, an alter-
native explanation, appears less convincing given that the split is approximately 40-60
between two zones, and differences in exposure level and annual household income are
minimal (-0.38 degrees and $716.90, respectively).

Since prior exposure may influence individuals’ ability to cope, [ next examine whether
people who experience more variable UH levels are less affected. The hypothesis is that
greater uncertainty in UH may lead to better preparedness. I measure uncertainty using
the variance of urban heat within each block group over time. I define high- versus low-
variance groups conditional on city. The findings indicate that individuals exposed to
more variable UH are less affected by extreme UH in May—July (p = 0.010). Additional
comparisons show that differential responses cannot be explained by sorting based on
either exposure (a difference of -0.0389 degrees) or annual household income (a difference
of -$1569.451). These results support the adaptation hypothesis and remain robust to
alternative fixed effects, as shown in Appendix Figures and [A.0] T also test whether
prior exposure levels shape responses. The group with lower prior exposure is more
responsive to moderate increases in UH in May—July than the high-exposure group, but

the differences are not statistically significant (p = 0.199; see Appendix Figure |A.8)).
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To address concerns regarding geographical sorting, I assess whether urban heat ex-
posure levels differ and whether people differentially respond to the same urban heat
shocks by income and demographic factors. Table reports differences in heat ex-
posure level across quartiles of demographic and socioeconomic characteristics, based on
American Community Survey 5-Year Data (2011-2015). I focus on household income, the
share of the nonwhite population, the share of the Hispanic population, and the share of
the population aged 65+, as prior studies have documented disparities in heat exposure
and health responses by race, income, and demographics (Benz & Burney|[2021}, [Borsky
et al.|[2024). The results indicate that temperature differences across demographic and
economic quartiles are modest. Block groups with a higher share of minority and/or His-
panic populations are, on average, exposed to higher levels of UH and L (2.183 and 2.213
degrees, respectively). Conversely, areas with a higher share of older populations and/or
higher household income experience less severe exposure (-1.513 degrees in UH and -1.625
in L). However, temperature variability remains similar across groups. Overall, these find-
ings align with prior research showing that minority and lower-income populations face
moderately higher heat stress (Benz & Burney| 2021, |Borsky et al.|2024).

Figure (1.8 compares the health responds differentially to the same UH shocks for
high- and low-income groups. The sample is split into high-income (highest and higher
quartiles) and low-income (lower and lowest quartiles) categories and I test whether the
same UH shock affects health by the same proportion. High UH imposes greater increases
in caseload for the low-income group in May—July, whereas the high-income group experi-
ences smaller increases. However, the difference is not statistically significant (p = 0.368).
Both groups respond more similarly in October—February, with (p = 0.815). Similar com-
parisons for other demographic and socioeconomic factors in Appendix Figures to
B.4] also fail to reject the null hypothesis that neighborhoods respond differently to the

same urban heat based on demographic or socioeconomic status.

30



Do Microclimates Matter? The Health Impacts of Urban Heat Using Fine-Scale Data  Chapter 1

Figure 1.8: Limited Differential Impacts of UH on EMS Caseload by Income Group
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Notes: Estimates control for city-by-date and block-group fixed effects, with UH bins interacting with
two income indicators. Within each panel, results are organized by rows (seasons) and by high versus
low proportions of the demographic group. The P-value tests the null hypothesis that the effects of UH
are the same across high and low income groups.
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Table 1.2: Urban Heat Exposure by Demographics and Socioeconomic Status

L L UH UH N EMS N EMS

Mean S.D. Mean S.D. Mean S.D.
% Nonwhite
4th quartile 82.457 17.662 5.897 5.673  0.355 0.673 262,950
3rd quartile 81.765 17.659 5.272 6.035  0.399 0.807 256,769
2nd quartile 81.450 17.849 4.960 6.319 0.365 0.760 257,554
1st quartile 81.370 17.861 4.900 6.487  0.226 0.528 255,808
% Hispanic
4th quartile 82.838 17.901 6.302 5.860  0.479 0.824 262,642
3rd quartile 82.073 17.815 5.582 5912  0.366 0.732 258,122
2nd quartile 81.490 17.669 5.008 6.162  0.248 0.561 257,308
1st quartile  80.625 17.587 4.119 6.434  0.250 0.638 255,009
% population aged 65+
4th quartile  80.651 17.655 4.265 6.230  0.306 0.646 261,493
3rd quartile 81.676 17.788 5.176 6.214  0.277 0.625 258,258
2nd quartile 82.396 17.795 5.875 6.009  0.341 0.706 258,811
1st quartile 82.357 17.759 5.747 5.992  0.424 0.815 254,519
Median household earning
4th quartile  80.947 17.532 4.476 6.158  0.265 0.665 262,210
3rd quartile 81.744 17.763 5.265 6.039  0.211 0.485 257,329
2nd quartile 81.817 17.894 5.312 6.301  0.355 0.717 258,102
1st quartile 82.572 17.828 6.011 5.984  0.518 0.857 255,440

Notes: Quartiles are calculated separately for three city clusters (San Jose, San Francisco,
and San Rafael, and other cities in Marin County). Summary statistics using 5-year ACS
data at census block group level.
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1.6 Urban Heat Mitigation

Previous sections indicate that the health impacts of urban heat are influenced by its
spatial and temporal distribution, with adaptation playing a pivotal role. In this section,
I conduct three exercises to analyze how urban heat mitigation can protect health.

First, I use empirical estimates from Section [I.5.3]to simulate proportional changes in
health outcomes under different urban heat mitigation scenarios. Second, I examine the
importance of explicitly accounting for urban heat in estimation by comparing simula-
tions generated using two estimation frameworks: one that follows a traditional approach
without distinguishing heat composition (Equation and another that explicitly ac-
counts for urban heat (Equation . Finally, I connect these simulations to actual policy
variables to provide insights into effective urban heat mitigation strategies that prioritize
health. Additional details on the simulation process are provided in Appendix [A.0.2]

To compare the benefits of various urban heat mitigation strategies, I calculate pre-
dicted caseloads under mitigated UH scenarios versus actual UH. Let ¢, denote the
predicted caseload with actual urban heat and ¢, the caseload under mitigated UH.
I compute the predicted proportional change in caseload as % for all observations and
report the average. I consider four urban heat reduction scenarios: (1) a uniform 4-degree
reduction in UH; (2) a marginal reduction such that each block group achieves the same
UH level as the coolest neighboring block group on a given day; (3) targeting extreme UH
levels by trimming the distribution to the range [—5,5]; and (4) completely eliminating
UHE] The fourth scenario provides an approximation of the total health impact of the

heat island effect in this region, serving as a benchmark for comparison.

6The ”coolest neighbor” refers to the block group within the same census tract with the lowest UH
level on a given day. For instance, if three block groups in the same tract have UH levels of 3.2, 6.7, and
9.2 degrees, the counterfactual assumes all three block groups adopt the lowest level, 3.2 degrees. This
assumption is reasonable because neighboring block groups are more likely to share similar climatic and
socioeconomic conditions.
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Figure reports the proportional change in caseload between the actual and sim-
ulated cases at different levels of background temperature T. When background tem-
perature is low, reducing UH is slightly counterproductive, as urban heat provides some
insulation against cold. Eliminating UH in such conditions increases the caseload by up
to 0.91%. Other mitigation strategies yield similar but marginally negative effects. As
background temperature rises, the benefits of UH mitigation become more pronounced.
Even minor adjustments, such as mimicking the UH level of the coolest neighbor, lead
to a 0.51% reduction in EMS incidents (with an average UH reduction of 1.3°F). A uni-
form 4-degree reduction provides much larger benefits, reducing caseloads by up to 2.02%
when T is high. However, targeting extreme UH (with an average reduction of 2.3°F)
yields even greater benefits, reducing caseloads by up to 2.63%. The most substantial
benefits come from eliminating UH entirely, with caseload reductions reaching 5.25% on
the hottest days. Comparing the first three strategies to total UH elimination, their
effectiveness ranges from 10% to 50% of the full elimination benchmark, indicating that
these mitigation approaches can significantly reduce the health burden of the urban heat
island effect.

The bottom panel of Figure 1.9 presents the distribution of 2-degree urban heat across
different background temperature levels. Darker red indicates higher UH, and a larger
red area corresponds to a greater proportion of extreme UH occurrences. The shape of
the red area closely follows the curvature of the four lines in the top panel, suggesting
that the benefits of urban heat mitigation largely depend on how much extreme UH is
reduced. These results indicate that targeting extreme urban heat is the most effective

strategy.
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Figure 1.9: Effects of UH Mitigation on EMS Caseload by Hypothetical Mitigation Methods
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Notes: This analysis considers four urban heat (UH) mitigation strategies: (1) a uniform reduction of 4
degrees in UH, (2) a marginal improvement where each block group adopts the UH level of its coolest
neighboring block each day, (3) a targeted reduction that trims extreme UH levels to fall within [—5, 5],
and (4) complete elimination of UH. The top panel presents the proportional reduction in EMS caseload
as a function of background temperature. The comparison is based on predicted caseloads under actual
UH versus reduced UH, as estimated using Equation[I.4, The bottom panel illustrates the distribution of
UH across temperature levels. As before, UH is categorized into 2-degree bins, with red shades indicating
a higher likelihood of high UH and blue shades indicating a higher likelihood of low UH.

To assess the importance of explicitly accounting for UH in estimation, I compare the
marginal health impacts across estimation models. Figure [1.10] contrasts the previous
simulations (Figure with results estimated from Equation which relies only on
overall temperature and ignores heat composition. This comparison highlights the extent
to which estimation methods influence predicted health benefits. In cold periods, the
model relying on overall temperature L suggests UH mitigation is beneficial, contradicting

the UH model. While in warm seasons, the model relying on L shows that the benefits of
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UH mitigation kick in when background temperature reaches 85 degrees and the benefits
get smaller when T is between 95 to 105 degrees. In contrast, the model that accounts for
UH explicitly suggests that UH mitigation contributes to health at 75 degrees while the
benefits steadily increase until T reaches 105. In addition, the latter model also predicts
larger health benefits of urban heat mitigation in warm seasons.

Finally, recognizing that the scenarios above may not be fully achievable through real-
world policies, I examine how tree-planting can enhance health outcomes across seasons
by increasing tree canopy. This simulation follows a two-step process. First, I estimate
the effects of trees on urban heat using machine learning models and vary tree canopy
levels to obtain UH associated with certain levels of tree canopy. Second, I predict
caseloads based on these UH levels and calculate the proportional change in caseload.

Additional details on this methodology are provided in the Appendix [A.0.2]
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Figure 1.10: Differential Urban Heat Mitigation Benefits by Estimation Methods
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Notes: This figure compares the estimated benefits of UH mitigation based on two different approaches:
(1) using overall temperature (L) alone and (2) explicitly accounting for urban heat (UH). The orange
(short-dashed) line represents results from previous figures, where the same reduction in UH was esti-
mated using overall temperature (L) only. These estimates suggest that lower UH reduces health risks,
with mitigation benefits becoming evident at relatively high background temperatures. In contrast, the
UH-based estimates suggest that while reducing UH may not be beneficial in colder periods, the benefits
of UH mitigation begin at much lower background temperatures.

Figure demonstrates that tree planting effectively promotes health but exhibits
diminishing marginal returns. When tree canopy is increased uniformly across all block
groups, the first 5-percentage-point increase leads to a substantial reduction in EMS cases,
whereas subsequent increases of 5 or 10 percentage points generate smaller marginal ben-
efits. An alternative policy approach targets neighborhoods with the lowest tree canopy
levels, ensuring that no neighborhood falls below a minimum threshold. Despite requir-
ing a smaller overall increase in tree canopy, this method produces effects comparable to

or greater than the uniform increase. Given that the mean tree canopy coverage is 0.113
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(the national average is 0.271), the average canopy increases for the targeted approach
are +0.039, +0.078, and +0.120 (row 2 in Figure, which are smaller than the +0.05,
+0.10, and +0.20 increments in the uniform approach (row 1). These results suggest that
prioritizing low-canopy areas—typically associated with lower-income and/or higher mi-
nority populations—can maximize the health benefits of urban heat mitigation.m The
bottom panel of Figure presents the average UH reduction associated with each
level of tree canopy modification. Trees function as a temperature regulator, protecting

people from extreme heat on hot days.

"Behavioral responses also play a role; see [Borsky et al.| (2024) for further discussion.
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Figure 1.11: Effects of Increasing Tree Canopy on EMS Caseload
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Notes: The top panel shows the reduction in EMS caseload as a function of background temperature,
comparing predicted caseloads under actual UH versus UH reduced through tree canopy expansion.
Similar to previous simulations, this analysis is based on Equation [I.4] with the relationship between
UH and tree canopy estimated separately using a random forest model (details in the data appendix).
Two tree planting strategies are considered: (1) a uniform increase in tree canopy across all block groups
(blue lines) and (2) a targeted increase in tree canopy for block groups with the lowest initial canopy
cover (gray lines). For each method, varying treatment intensities are examined, and their impact on
predicted caseloads is reported. The mean tree canopy cover in this sample is 0.113, compared to the
U.S. average of 0.271 (Nowak et al.[2001]).

1.7 Conclusion

Both global warming and the heat island effect are anthropogenic temperature in-
creases, though they operate at different scales. While the impacts of global warming are
well-documented, the heat island effect remains less understood, despite strong evidence

linking extreme heat to adverse health outcomes at the regional level.
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This study examines the health implications of neighborhood-level temperature vari-
ation and the role of the heat island effect using high-resolution data from Northern
California. By integrating satellite-derived surface temperature with local emergency
medical service (EMS) records, I quantify the morbidity impact of localized temperature
shifts.

The initial findings indicate that localized heat spikes significantly increase morbid-
ity risk at the neighborhood level. However, urban heat—a more localized temperature
fluctuation—is relatively less harmful than broader regional temperature changes. This
distinction underscores the importance of not only measuring overall temperature expo-
sure but also considering how effectively people can adapt when assessing urban health
impacts.

The second key finding provides a novel assessment of urban heat’s health effects
across seasons. Results show that localized heat spikes can either exacerbate or miti-
gate health risks, depending on background temperature. Moreover, cross-sectional and
historical variations in urban heat play a more critical role than demographic and socioe-
conomic factors, such as income.

Finally, T simulate the benefits of urban heat mitigation, showing that reducing ex-
treme heat alone could eliminate nearly half of EMS cases attributed to the heat island
effect. I also assess the health benefits of tree planting, a common urban heat mitigation
strategy, and find that it is consistently beneficial—especially when prioritizing less green

neighborhoods.
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Chapter 2

The Environmental Implications of
Place-Based Policy: Evidence from

Minimum Wage Ordinances

2.1 Introduction

Place-based policies have been widely implemented to enhance economic performance
in defined geographic areas and improve overall welfare. One well-known example is
the Empowerment Zone Program, which provides tax incentives to attract businesses,
increase employment, and reduce poverty (Neumark & Kolko|[2010; Busso et al. 2013]).
However, the impacts of these policies are multifaceted, extending beyond employment
to include effects on the housing market, the environment, and public health (Rossi-
Hansberg et al.|2010; |Grossman| [2019; Koster & Van Ommeren|2019; Hua et al.|2023;
Fan et al[2023). Among these, policies such as local minimum wage ordinances target
disadvantaged populations in specific geographical areas, classifying them as place-based
strategies focused on people (Ladd|[1994). In the U.S., more than 60 cities have adopted
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city-level ordinances on top of state or federal minimum wage mandates. The policy goal

is to ensure fair compensation and improve living standards for low-wage workers within

the jurisdiction (Dube & Lindner|[2021; Dube & Lindner| 2024)).

Place-based policies, by definition, aim to influence economic activity in specific ge-

ographic areas (Neumark & Simpson|[2015). In general equilibrium, people and firms

are mobile, and such policies may lead to the spatial displacement of both people and

businesses (Neumark & Nizalova 2007; Faggio|2019; Duranton & Venables [2020)). In the

case of local minimum wage ordinances, the impacts are broad, spanning wages and em-

ployment as well as prices (e.g., restaurant menus, groceries, rents) and worker relocation

(Katz & Krueger||1992; (Card & Krueger|1994; [Dube et al|2007; |Cadena 2014} MaCurdy|

2015; |[Dube et al.|2016; McKinnish|2017}; \Cengiz et al. 2019; |[Leung 2021; [Dustmann et al.|

2022; Minton & Wheaton!2022; Borg et al.[|2022). Changes in the spatial distribution of

people affect traffic patterns, vehicle emissions, and, consequently, air quality. For urban

residents, traffic congestion is a major quality-of-life issue (Anderson|2017)). Pollutants

such as nitrogen oxides (INO,) and fine particulate matter (PM, ) from vehicle opera-

tions also contribute to air pollution, harming both human health and the environment

(Currie & Walker] 2011} [Chen & Whalley 2012; [Zhong et al|[2017)[f] Impacts on air

quality and traffic congestion may therefore generate welfare losses and undermine the
policy’s intended goals.
To identify the congestion and environmental impacts of local minimum wage ordi-

nances, | exploit variation in the timing and levels of 17 city-level ordinances in Cal-

LP M, 5 refers to fine inhalable particulate matter with a diameter of 2.5 micrometers or less. It can
penetrate deep into the lungs and even enter the bloodstream. Exposure to PMs 5 has been linked to
irregular heartbeat, aggravated asthma, reduced lung function, and premature death, particularly among
individuals with heart or lung disease (Turner et al|2011; Kim et al|2015; Feng et al|2016; Burnett|
et al./|2018; |Anderson|[2020; Liang et al.|[2020)).

“Nitrogen dioxide (NOs3) is a gaseous pollutant and one of six criteria pollutants regulated by national
air quality standards. NOy exposure has been associated with harmful respiratory diseases, including
reduced lung function, increased asthma attacks, and airway irritation (Chauhan et al.2003; Hesterberg|
et al.|2009; Hamra et al.[|2015; |Crouse et al.|2015).
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ifornia.lﬂ My identification strategy leverages treatment intensity (higher versus lower
levels of local minimum wages) to capture impacts from both initial implementation and
subsequent adjustments. I quantify the resulting traffic and air quality consequences by
combining real-time freeway monitoring data with 1-km resolution remote-sensing data.
My results show broad unintended impacts, ranging from vehicle miles traveled, vehicle
hours traveled, and congestion probability to ambient concentrations of PMs 5 and NOs.
To explain the mechanism, I distinguish between workers’ residential and workplace lo-
cations, analyze how ordinances affect the spatial distribution of workers across both
margins, and demonstrate the implications for commuting patterns. I then introduce a
conceptual framework that incorporates housing market equilibrium to identify key fac-
tors moderating residential re-sorting and provide empirical evidence on distributional
impacts. To isolate traffic-related air quality impacts, I implement a two-stage simula-
tion: estimating pollutant emissions from on-road traffic and tracing how these emissions
translate into ambient air quality and mortality across neighborhoods using the EMission
FACtors (EMFAC) model and the Intervention Model for Air Pollution (InMAP).

I first find that city-level minimum wage ordinances exacerbate traffic congestion and
worsen air quality, particularly in areas adjacent to policy cities—even though these areas
are not directly targeted by the policies. I document higher probabilities of congestion
in both policy and neighboring areas, with the latter experiencing more vehicle miles
traveled, longer vehicle hours, and higher concentrations of both PMs 5 and NO,. These
patterns are consistent with shifts in the spatial distribution of workers away from policy
cities to surrounding areas, as higher minimum wages raise rents more sharply in policy
cities. Diverging living costs incentivize workers to reside farther from their jobs and

commute longer distances to avoid higher rents while still earning a higher wage.

3Policy cities include San Diego, Los Angeles, San Jose, Oakland, San Mateo, Berkeley, and 11 other
cities, as well as areas neighboring these cities in California. See Table for more details.
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A second set of results shows that air quality impacts are disproportionately concen-
trated in neighborhoods with higher shares of Hispanic, service-sector, or less-educated
workers. Part of this pattern reflects marginally disproportionate traffic impacts. More
importantly, these neighborhoods possess fewer environmental amenities that mitigate
pollution exposure, as they are closer to highways and lack green space. In other words,
differences in adaptation capacity further explain the larger divergences in air quality
impacts. By contrast, the evidence suggests that workers are not sorting into these
neighborhoods, even though Hispanic, service-sector, and less-educated workers are sig-
nificantly less likely to remain in policy cities. In terms of residential re-sorting, the
conceptual framework predicts that workers value amenities (e.g., access to business es-
tablishments) and commute time. Empirically, amenity-rich neighborhoods are indeed
more attractive to workers. There are some divergences with respect to travel time, but
these are statistically insignificant.

Finally, to quantify the total contribution of minimum wage ordinances to traffic-
related emissions and ambient air quality, I simulate emissions and concentrations under
counterfactual scenarios without city-level ordinances. I find that removing these ordi-
nances generates effects comparable to a 10% change in gasoline prices. Overall, ordi-
nances contribute up to 2.8% of vehicle emissions, leading to 0.46% higher traffic-related
pollutant concentrations, an additional 2.0 PM, s-related deaths, and 13.2 traffic fatali-
ties per year. Importantly, air quality impacts are three times larger in areas that were
already highly polluted prior to the ordinances, meaning these neighborhoods bear the
bulk of the health risks. A back-of-the-envelope calculation suggests that congestion and
air quality impacts substantially erode wage gains, offsetting up to 40% of the benefits
for low-wage workers.

This paper makes three contributions. First, it contributes to the literature on place-

based policy. The findings not only reveal the displacement impacts of these policies but
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also quantify the congestion and environmental costs in the U.S. setting[] This novel
evidence demonstrates that the indirect impacts of place-based policies can be costly
and can substantially undermine their goals. The findings also highlight that negative
policy externalities can be more severe in “untreated” neighboring areas than in targeted
regions, emphasizing the importance of accounting for externalities and displacement
effects in policy design (Neumark & Simpson|2015; [Moretti|2024). More specifically, the
paper contributes to the minimum wage literature. By explicitly distinguishing between
residence and workplace locations, the analysis provides fine-resolution evidence of spatial
displacement, discusses how it differs across margins, and reveals its implications for
commuting patterns. These findings complement studies that consider only residence or
workplace locations in state-level policy changes at a coarser geographic scale (Cadena
2014} Martin & Termos|2015; McKinnish| 2017 Shirley| 2018; [Monrasg| 2019} [Dustmann
et al]2022) [

Second, it contributes to the literature on residential income sorting. The analy-
sis shows that Hispanic, less-educated, and lower-wage workers are more affected, with
residential re-sorting primarily driven by amenities (e.g., commute access, proximity to
businesses). This provides empirical evidence on amenity-based sorting and income het-
erogeneity in urban residential equilibrium (Glaeser||2008; |Gaigné et al.|2022). Moreover,
it demonstrates that wage shocks at the bottom of the income distribution can alter
prices and displace low-income households to suburbs, echoing findings by |(Couture et al.
(2024), who document similar dynamics when the income of top earners rises.

More broadly, this paper contributes to debates on sustainability and environmental

equity in urban growth and policy design. It examines how shifts in worker and busi-

4This complements Chinese studies such as [Fan et al. (2023), [Hua et al| (2023), and |Feng et al.
(2025)).

°See also [Dharmasankar & Yoo| (2023), who document business relocation from Seattle to nearby
areas.
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ness locations affect emissions and air quality, explicitly quantifying impacts through the
traffic channel. This analysis builds on studies such as Glaeser & Kahn! (2010), |Gaigné
et al| (2012)), and Carozzi & Roth (2023), who examine population density, pollution,
and greenhouse gas emissions in broader contexts. It also highlights the role of urban
green amenities (e.g., tree cover) in mitigating pollution exposure (Brack|[2002; |Nowak
et al.|2014; Kahn & Walsh [2015; |Xing et al.|2023). Finally, the findings demonstrate
that unintended policy externalities can be disproportionate and amplify environmen-
tal inequality, adding to studies such as Shapiro & Walker| (2021]), |Hernandez-Cortes
et al. (2023), and Currie et al. (2023), which document the intended impacts of direct

environmental regulations.

2.2 Background

This section first discusses the history and core motivations behind minimum wage
policies—namely, improving the welfare and living standards of low-wage workers. To
outline the mechanisms through which place-based policies, such as local minimum wage
ordinances, can influence traffic, air quality, and worker well-being by redistributing
workers across space, I then review empirical evidence on the broader impacts of minimum
wage policies, highlighting employment, price, income, and relocation effects. Lastly, I
present a conceptual framework to illustrate why the spatial effects of these policies on
workers are theoretically ambiguous. Neighborhood-specific amenities, such as access
to business establishments and commuting options, are important determinants of the

residential distribution of workers.
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2.2.1 Minimum Wage Policy

The U.S. minimum wage (MW) policy aims to enhance the welfare of vulnerable
workers by protecting them from poverty and ensuring a minimum standard of living. In
1913, the Women’s Trade Union League in Massachusetts facilitated the passage of the
first state-level MW law in U.S. history. In 1938, the Fair Labor Standards Act (FLSA)
established the first federal minimum wage at 25 cents per hour—approximately $4.50 in
2023 dollars. Since then, many states have enacted their own MW laws, and the FLSA
has undergone numerous amendments. The federal minimum wage was last raised to
$7.25 on July 24, 2009, and has remained unchanged since. As of April 2025, 30 states
have adopted MW levels exceeding the federal minimum.

City-level minimum wages were introduced to provide additional protection for work-
ers in large urban areas, where labor costs are higher and federal or state MWs are often
non-binding. The District of Columbia was the first to implement a local MW, set at
$5.25 in 1993, followed by many other cities. During the 2010s, the number of cities with
their own MW laws grew to over 50, including New York City, Chicago, and Seattle.

Changes in the minimum wage can lead to the relocation of people and economic
activity. These effects arise because minimum wage policies influence labor costs, price
levels, workers’” income, and local employment prospects. On the business side, higher
labor costs may incentivize firms—particularly in low-wage industries—to relocate to
adjacent, lower-cost areas (Dharmasankar & Yoo 2023)). For workers, the effects are
twofold. First, while minimum wage increases often raise earnings for low-wage workers
(Dube et al.|2007; Dube et al.|[2010; Dube et al.|2016; |Jardim et al.[|2022), they may also
affect job availability, hiring, turnover, and employment flows (Katz & Krueger||1992;
Card & Krueger||1994; Dube et al.|[2007; Dube et al.|[2010; Dube et al. 2016; Cengiz

et al. |2019; Dube & Lindner [2021; Jardim et al.|2022). Second, wage gains are often
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accompanied by higher local prices, as a substantial portion of wage hikes is passed on
to consumers in the form of higher costs for goods, services, and rents (Dube et al. 2007;
MaCurdy|2015; /Allegretto & Reich|2018; Leung|2021}; |[Borg et al.|2022). Depending on the
relative magnitudes of these channels, high-MW areas may become more or less attractive
to different groups of workers, resulting in either residential sorting of workers toward
more affordable neighborhoods or workers and firms switching workplaces to regions
with higher or lower wages (Cadenaj 2014; [McKinnish [2017; Minton & Wheaton| 2022;
Dustmann et al.|[2022). Together, these impacts may reshape the spatial distribution of

people and economic activity and alter traffic conditions.

2.2.2 Conceptual Framework for Residential Sorting

To conceptualize the channels through which place-based policies affect residential
choices, T construct a standard heterogeneous-worker model and perform comparative
statics on the residential equilibrium, following (Gaigné et al. (2012)). The key takeaway
is that the effect of a wage change on workers’ residential locations is ambiguous when
rents are endogenous, since the outcome depends on how amenities and commuting times

vary across neighborhoods.

The City

Consider a generic city with a set of locations N. These locations form a connected
network, allowing households to travel between any two points x1,x, € N with distance
d(z1, m2), where d(-) is a metric defined on N [f

Each worker makes two spatial choices: a residential location x € N and a workplace

location y € N. By residing at x, the worker derives amenity utility b(x) and pays rent

6The metric need not be Euclidean. Common choices include Manhattan or Minkowski distances,
which are widely used in residential sorting models.
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r(x) for each unit of land consumed. By working at y, the worker incurs commuting
time, which constitutes a commuting cost in this model—that is, the opportunity cost of
time. This assumption is consistent with empirical evidence that lower-income workers
tend to choose less expensive but slower commuting options (Bureau of Transportation
Statistics, 2012). Let t(x,y) € [0,1) denote the share of time spent commuting for a
worker who lives at z and works at y, where each worker is endowed with one unit of
time per period. The worker’s effective working time is therefore (1 — ¢(z,y)). I assume

that ¢(z,y) is increasing in d(z,y).

Workers’ Residential Decisions

Since the focus is on residential sorting, I simplify by assuming that the workplace
location ¥y is exogenous[] Workers are endowed with a heterogeneous wage w. Each
worker faces a two-step decision problem: an outer choice of residential location z € N,
and an inner choice of consumption bundle. The inner problem is as follows. A worker
residing at x and working at y with wage w has an effective income of w[l — t(x,y)],
accounting for time lost to commuting. The worker allocates this income between two
goods: a numeraire good ¢ and land consumption h. The numeraire is uniformly priced
across locations, while the price of land r(x) varies by location. Note that r(z) effectively
reflects the price of a consumption bundle, including local prices for groceries, restaurants,
and other services. The budget constraint is therefore g + r(z)h = w[l — t(z,y)].

Given residence x and endowments (w,y), the worker chooses ¢ and h to maximize
utility:

max U (b(z), g, h) = b(z) (¢" " (h — h)") (2.1)

q,h

7 At micro-geographic scales, workplace locations are establishment-determined, and workers cannot
precisely choose where to work (Wasmer & Zenou |2006)). There is also extensive evidence of business
relocation in response to minimum wage changes. Accounting for workplace changes adds complexity
without yielding additional insights here.
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st. q+r(@)h=w[l —t(z,y)]

The utility function represents Stone-Geary preferences, as in [Fretz et al| (2022),
Gaigné et al] (2022), and |Gaubert & Robert-Nicoud| (2025) ] Solving for utility maxi-

mization yields:

¢ (z,w,y) = (L= p) - [w(l = t(z,y)) — r(2)h]

(2.2)
W, w,y) = h+ p- 5
Substituting back, the indirect utility is:
Ve, w,y) = (1—p)' ™ p - b(x) - wll —t(z,y)] - r(z)™ (2.3)

Equilibrium Rent

Because workers optimize A and ¢ conditional on their residence, the core problem
reduces to choosing a location x. The relevant equilibrium is a residential equilibrium,
where the rent function r(-) adjusts so that no worker has an incentive to relocate. I
focus on how a worker’s wage w affects their residential choice. As noted in Section [2.2.2],
workplace location y is treated as exogenous. At equilibrium, a worker with wage w

solves:

r*(w) = arg max V(z,w) (2.4)

where V(z,w) = (1 — p)' ™ pu* - b(z) - w[l — t(z)] - r(z) " suppressing y for simplicity.
The dual problem is:
w*(z) = argmax ®(w, z, U) (2.5)

8Storle—(}eary generalizes Cobb-Douglas by incorporating minimum (subsistence) consumption
levels—h in this case. Cobb-Douglas implies constant elasticity of housing demand, which contradicts
empirical evidence (Albouyl{|2016]).
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where U = V(2*(w),w) and

(1— )" k- b(x) - wll — t(x,y)])l/u (2.6)

bt | (

Here, ®(w,z,U) is the bid-rent function—the maximum rent a worker with wage w
is willing to pay for z while attaining utility level U. By duality, the equilibrium rent

satisfies (2% (w)) = @ (w, x*(w)).

Residential Sorting in Response to Wage Changes

With endogenously determined rents, the total effect of wage changes on residential

choice x follows from the implicit function theorem applied to:

0P (w, z,U)
which yields:
2
da* B 1o} @éc:},zx,U) 5
dw - 02®(w,z,U) ( 8)
Jwdx

The numerator is negative by the second-order condition, but the sign of the denominator
is ambiguous. Thus, the direction of wage effects on residential location is theoretically

ambiguous.

Proposition 1 (Ambiguous Residential Effect of Wage Changes) At residential

equilibrium, the sign of % 1s ambiguous. Specifically,

dz* ‘ L h [tla,y) Ob(x)
W >0 uf and only if 2 | o) o

>0 (2.9)

When both the amenity function b(z) and commuting time #(x) are linear in x, the
effect of w on x*(w) is unambiguous. In practice, however, amenities and commuting
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times vary non-linearly across space. For example, amenities may be high both near
urban centers and in select suburban neighborhoods (e.g., those with strong business
access), and commuting times may vary due to uneven road networks and transit options.
In such cases, the sign of Expression varies across space. Higher wages may lead some
workers to move closer to work, while others may move farther to access better amenities.
Thus, the residential effects of wage changes depend critically on the spatial distributions
of amenities and commuting costs. Empirical analysis is therefore essential to identify
the realized impacts. In particular, the model suggests that policy effects are likely to

vary with amenities and commuting time, which I examine in Section [2.6.3

2.3 Data and Summary Statistics

In this section, I first introduce the main variables and describe how they are con-

structed from various data sources. I then present summary statistics for all variables.

2.3.1 Traffic

Traffic outcomes describe the traffic conditions surrounding each locality, encompass-
ing total volume, speed, and total travel time on major highways. All variables are
aggregated to annual hourly averages at the block-group level for the years 2011 to 2019,
based on the California Department of Transportation’s Performance Measurement Sys-
tem from Caltrans. The use of this data source restricts the sample to Californian
cities only.

Vehicle miles traveled refers to the average total miles driven by all cars within a
fixed time period, calculated at the station (road segment) level. A traffic station refers
to a traffic sensor designated to monitor one highway segment. All cars passing through

the sensor are assumed to travel the entire segment (the median segment length in this
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sample is 0.494 miles). This variable is defined as the number of cars passing through
a road segment during a given time period, multiplied by the segment’s length in miles,
as in [Knittel et al.| (2016)). Average speed measures the average speed of traffic flow
on each road segment. Vehicle hours spent is defined as the total miles traveled by all
cars divided by the average speed (i.e., vehicle miles traveled divided by average speed),
representing the total amount of time drivers spend on the road. The share of time with
average speed below 60 or 50 mph approximates the likelihood of congestion and more
severe congestion, respectively.

To obtain traffic outcomes at the annual block-group level, I first compute the annual
average for each traffic measure, and then I use inverse-distance weighting to aggregate
data from the station (road-segment) level to the block-group level.lﬂ Following the rec-
ommendations of Knittel et al. (2016]), I include all highway segments within 15 miles of
a block group’s centroid. These variables thus reflect not only traffic conditions within
a block group but also those in nearby areas. Since PeMS vehicle detector stations are
predominantly located along Interstate Freeways (e.g., I-5, I-80), U.S. Routes (e.g., 101),
and State Routes (e.g., CA-57), these traffic measures primarily reflect changes in freeway
traffic. Traffic on local roads and bypasses is not captured.

In terms of data quality, missing values due to non-operation of traffic sensors are
expected to have a limited impact on the results. Caltrans applies a sequence of linear
regression imputations based on neighboring stations, using local coefficients (estimated
from nearby stations), global coefficients (from all stations), and temporal medians to
replace missing values. The system also reports the share of observed data as a quality
measure. As discussed in [Knittel et al. (2016]), the local imputation method performs

well in approximating true traffic trends. When the imputed data are approximately

9For example, if there are only three road segments near block group A, each at 1, 5, and 7 miles
away, the traffic condition in A is the average of the three, with weights 1, 1/5, and 1/7, respectively.
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unbiased, using such data yields conservative estimates of the true effects, given that
approximation introduces noise that can be treated as classical measurement error, which
typically attenuates estimated coefficients toward zero. This is likely the case given the
use of time- and location-specific fixed effects, which absorb part of the errors that are
constant at the same level as the fixed effects. I conduct a robustness check using only
unimputed data and find similar results with slightly larger magnitudes. They are close

to the main results and are therefore omitted.

2.3.2 Air Quality

Air quality is measured as the annual average levels of PM; 5 and NOy at the block-
group level, derived from|Van Donkelaar et al. (2021) and |Cooper et al.| (2020). PMs; 5 and
NOs are critical pollutants for human health, and ground transportation is a major source
of both. Particulate matter is partially generated by fuel combustion, friction during
acceleration and braking, and atmospheric reactions involving traffic-related emissions
(Li & Managi [2021). Exposure to fine particulate matter has been linked to respiratory
issues (Xing et al.|2016|, Fan et al. 2016), chronic diseases (Wang et al. 2015, |Leonetti
et al. [2024)), and mortality (Burnett et al. 2018, Woodruff et al|2006, McDufthie et al.
2021)). NO, primarily originates from fuel combustion (EPA, 2024 ). Zhong et al.| (2017)
find that changes in traffic and congestion significantly influence NOs concentrations and
are associated with increases in emergency medical cases.

The dataset from Van Donkelaar et al. (2021) provides annual PM; 5 concentra-
tions at a fine spatial resolution (0.01°, approximately 1 km). The estimates integrate
satellite-based aerosol optical depth (AOD) data with chemical transport models and
ground observations, enabling comprehensive global assessments of ground-level PM 5,

including in areas lacking monitoring infrastructure. This dataset has been widely used
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in studies examining the relationship between particulate matter and health (Xue et al.
2022, Rentschler & Leonoval 2023, Han et al. 2023). The dataset from [Cooper et al.
(2020) provides annual ground-level NO, concentrations for 2005-2019 by integrating
high-resolution data from the TROPOMI satellite with long-term records from the OMI
instrument. Following |Liddell et al.| (2025, I convert grid-level pollutant concentrations
to block-group-level values by overlaying census block-group boundaries on air quality

data grids.

2.3.3 Spatial Distribution of Workers and Commute Patterns

As discussed in Section [2.2] minimum wage ordinances may affect workers’ spatial

distribution on both the residential and workplace sides. I use |Longitudinal Employer-|

[Household Dynamics (LEHD )| Origin-Destination Employment Statistics to measure the

spatial distribution of workers and their commute patterns. I explicitly differentiate
between workplace and residence, as the policy affects each through different channels. I
count the total number of workers by workplace block group (employment size) to capture
direct policy impacts through business and employment channels. Next, I report the total
number of workers by residential block group (resident size) to assess impacts through
income and residential sorting channels. I also construct a employment-resident ratio,
defined as the difference between the logarithm of employment size and the logarithm
of resident size, to quantify the relative attractiveness of locations as workplaces versus
residences. A higher workers-residents ratio implies that a location is more attractive as
a workplace relative to a residence.

To jointly capture workplace and residence effects, 1 report commuting patterns,
including commuting time, distance, and types, based on the pairing of workplace and

residence locations. Specifically, I classify workers into four commuting types, depending
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on whether their residence and workplace fall within or outside the policy boundary. I
then count the number of workers in each category. These categories collectively sum to
the total number of workers by workplace or residence. I use these disaggregated patterns
to quantify changes in commuting arrangements in response to the policy. Figure [2.1
illustrates the construction of the employment size, resident size, and commuting type

variables and provides a conceptual framework for the paper.

Figure 2.1: Conceptual Framework and Commuting Variables Construction

Minimum Wage

Income and Price Labor Demand
Residential Location Workplace Location
Residents size: N workers Employment size: N
living in one BG workers working in one BG
Commuting Origin Commuting Destination

/

Commuting Patterns
N workers by residence and workplace relative to policy limits:
1.N workers working inside policy limits, residing inside
2.N workers working inside policy limits, residing outside
3.N workers working outside policy limits, residing inside
4.N workers working outside policy limits, residing outside

Median Commuting Distance/Time by workplace
Geographical Distance
Driving Distance/Time

‘4
Air Quality Traffic
Pollutant concentrations @ \/chicle Miles + Vehicle Hours
NO2 + PM2.5 Congestion + Avg. Speed

Notes: This diagram illustrates how a minimum wage may affect the spatial distribution of workers, their
commuting patterns, as well as traffic patterns and air quality. The three text boxes in the middle also
demonstrate the relationship between location and commuting variables. The four types of commuting
arrangements are reported in the middle green text box.

For commuting distance, I calculate the median geographic distance for all workers
employed in the same workplace block group. Distances are computed using the centroids

of residential and workplace block groups via the Haversine formula. To approximate
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median driving distances and times, I match block groups to census tracts and link them

to cross-sectional [Census Tract Origin-Destination Driving Time (2017)| data from the

[Urban Institute, Routing is based on the Open Street Map Routing Machine (OSRM)

using Open Street Map North America data. Because these data are cross-sectional, they
do not reflect changes in commuting time or distance due to evolving road infrastructure

or traflic conditions over time.

[Longitudinal Employer-Household Dynamics (LEHD)| Origin-Destination Employ-

ment Statistics is an administrative dataset that provides annual job/worker counts by
workplace census block and by residence census block, as well as by workplace-residence
census block pair. I use the primary-job file to focus on main employment and restrict the
analysis to the pre-COVID period, when remote work was less prevalent. The sample
includes only workers whose residence and workplace fall within the same commuting
zone. For heterogeneity analysis, I further use information on industry and worker de-
mographics to categorize workers by Hispanic origin, education level, and industry to

identify groups most affected by the policy.

2.3.4 Policy Variable

The main policy variable is the city-level minimum wage for each city-year. Prior

to the adoption of city-level ordinances, minimum wage levels were set by federal and

state regulations. The |Department of Labor|documents these policy changes since 1938.

The [Inventory of US City Minimum Wage Ordinances| by the UC Berkeley Labor Center

provides city-level minimum wage data, including adoption dates, initial wage levels, and
subsequent updates.
I use the level of the minimum wage, rather than an indicator for policy adoption, to

capture richer variation in policy intensity. Unlike federal or other state policies, which
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change infrequently, California and most cities in my sample adjust minimum wage lev-
els periodically. As a result, minimum wages vary both over time and across cities. By
including time fixed effects to absorb state-level adjustments and other macroeconomic
trends, the level-based measure compares policy cities with relatively higher versus lower
minimum wage levels. Table lists all policy cities and their respective ordinances.
Because of data availability, only Californian cities are included in this paper. Figure

shows trends in average minimum wage levels over time.

Table 2.1: Summary statistics on CMWs and adjustments

Avg. policy .
City fmplement adjustment duration . Ave. . Max. i Min.
date ) increase increase increase
(in days)
Richmond 2015-01-01 365 1.10 1.92 0.60
San Diego 2015-01-01 487 0.75 1.00 0.50
Sunnyvale 2015-01-01 365 1.50 2.00 0.70
Oakland 2015-03-01 350 0.96 3.25 0.30
Mountain View 2016-01-01 365 1.34 2.00 0.65
Palo Alto 2016-01-01 365 1.25 1.50 1.00
Santa Clara 2016-01-01 365 1.25 2.00 0.10
El Cerrito 2016-07-01 305 1.25 1.60 0.65
Los Angeles 2016-07-01 365 1.06 1.50 0.50
Malibu 2016-07-01 365 1.06 1.50 0.50
Pasadena 2016-07-01 365 1.06 1.50 0.50
Santa Monica 2016-07-01 365 1.06 1.50 0.50
Berkeley 2016-10-01 334 1.15 1.53 0.59
Cupertino 2017-01-01 365 1.67 2.00 1.50
San Mateo 2017-01-01 365 1.67 2.00 1.50
San Jose 2013-03-01 274 1.50 1.50 1.50
San Leandro 2017-07-01 365 1.17 1.50 1.00

N%ﬁlg'loﬁl’%pm are 17 (ZQI]i%;rQr?i_Ql(*iﬁpq in total 1%’419 average pn]i(l*i/252djnctmpn]f'fr)ﬂlmﬁnn thd\O)VQ for
each city, how many days a given minimum wage level remains in effect on average. As previously
noted, minimum wages are typically implemented via ordinance and are adjusted approximately
annually. I report increments only, as the minimum wage increases monotonically over time.
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Figure 2.2: Time Trends of Average Minimum Wage Levels with and without City-Level
Ordinances

15+

134

Minimum Wage Level
1

—— With City-Level Ordinances
Without City-Level Ordinances

7
T T T T T
2011 2013 2015 2017 2019
Year

Notes: This figure reports the time trends of average minimum wage levels in the sample period across
all policy cities, with and without considering city-level ordinances. The level of minimum wage without
city ordinances is later used in the simulation in Section to generate counterfactuals.

2.3.5 Sample and Summary Statistics

The policy sample includes 17 California cities that implemented city-level minimum
wage increases between 2010 and 2018. I only include California cities due to data re-
strictions. I restrict the sample to cities with such ordinances, as the remaining cities
might not be comparable (Dube & Lindner|[2021). I include census block groups located
within the policy boundaries to capture direct policy impacts. I separately consider block
groups that are outside the policy limits but within the same commuting zone and no
more than 50 miles from the policy city. This sample is used to capture policy spillovers

and general equilibrium effects.
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Table 2.2: Summary Statistics

Mean S.D. Min. 25th 75th Max.
Policy and Location Variables
Minimum Wage Level 10.17 2.21 8.00 8.00 12.00 15.65
Located Inside Policy Limits 0.35 0.48 0.00 0.00 1.00 1.00
Air Quality
PMs 5 10.84 2.31 3.99 9.01 12.57 17.97
NO; 0.36 0.14 0.00 0.27 0.42 1.30
Traffic
Vehicle Mile Traveled 1715.50  1269.97 523.91 1224.84 1,833.51 14111.51
Vehicle Hour Spent 30.32 21.75 8.46 21.50 34.29 262.29
Average Speed (mph) 62.04 2.45 46.28 60.66 63.99 71.67
Probability of Congestion 0.20 0.10 0.00 0.13 0.25 0.98
Probability of Severe Congestion 0.09 0.06 0.00 0.05 0.12 0.83
Location and Commute
Employment Size 640.72  2568.25 1.00 65.00 431.00 142320
Resident Size 636.54 399.07 1.00 371.00 804.00 9477
Employment-Resident Ratio 3.33 1.45 -1.88 2.34 4.22 10.11
N Workers From Policy Cities 205.69 1,039.87  0.00 10.00 117.00 44517
N Workers From Neighboring Areas 302.29  1,322.05  0.00 17.00 197.00 62526
Median Geographical Miles 9.45 5.73 0.17 6.44 11.41 397.37
Median Driving Miles 12.32 6.12 0.00 8.60 14.80 125.30
Median Driving Distance > 5 Miles 0.73 0.13 0.00 0.65 0.82 1.00
Median Driving Distance > 10 Miles 0.54 0.14 0.00 0.44 0.64 1.00
Median Driving Distance > 15 Miles 0.40 0.14 0.00 0.30 0.49 1.00
Median Driving Minutes 20.05 8.38 0.00 15.00 23.40 158.10

The unit of observation is a census block group by calendar year. The sample includes block groups
located within 50 miles of the policy boundary and within the same commuting zone. Vehicle miles
traveled and vehicle hours spent refer to the total miles (or hours) traveled by cars through highway
segments per hour. For each census block group, I use inverse distance weighting to aggregate data from
all highway segments within 15 miles. The variable “Block Groups Inside the Policy Limits” is a binary
indicator equal to 1 if block group ¢ lies within the policy limits. I divide the sample based on this
indicator. The total number of observations is 123,294. Employment size does not match resident size
because the sample only includes BGs within 50 miles, and some workers may work or reside elsewhere.
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For block groups that are outside the policy limits but nearby, I assign them the min-
imum wage of the nearest policy city and measure how their outcome variables respond
to the ordinances. To differentiate main policy impacts from spillover and general equi-
librium effects, I estimate the policy impacts separately for block groups located within
versus outside policy limits. I prioritize distance, as Dharmasankar & Yoo| (2023) and
Jardim et al.|(2024) find that distance plays a pivotal role in spillover effects. To address
the concern that one location might be affected by several policy cities, I construct alter-
native policy variables, defined as the average minimum wage level among nearby policy
cities (see Appendix Table , which yield results similar to the main specification.

The sample spans 2011 to 2019, focusing on the five years preceding and the three
years following initial city-level minimum wage implementations. The analysis is con-
ducted at the census block group by calendar year level, yielding a total of 123,294
observations (42,822 inside policy limits and 80,486 outside). Summary statistics are

reported in Table [2.2]

2.4 Empirical Strategy

I begin by outlining an idealized experiment to illustrate the logic of the analysis
before turning to the econometric details. An omnipotent policymaker would randomly
assign minimum wage levels to each city and estimate the policy impact using ordinary
least squares. The empirical strategy aims to approximate this experiment but faces
two main challenges. First, the timing and levels of minimum wages are not randomly
assigned; they may respond to local economic and political conditions. Second, block
groups may differ in ways that are fixed over time but nonetheless affect traffic, air
quality, or commuting patterns, such as geographic layout or historical infrastructure

investment.
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To identify the causal impact of city-level minimum wage increases on workers’ spatial
distribution and commuting patterns, as well as the unintended policy impacts on traffic
and air quality, I follow Allegretto et al.| (2011), Cadena (2014), Dube| (2019)), and Leung
(2021)) by exploiting variation in minimum wage levels across space and over time. The
central idea is to compare more-treated locations to less-treated ones, rather than to
untreated locations.

Yiet = B MWi + 1 + Net + €ict (2.10)

Here, i indexes census block groups, ¢ indexes counties, and ¢ indexes years. The
policy variable MW, is the statutory minimum wage level of the policy city to which
block group ¢ is assigned. Details of this assignment are described in Section [2.3.3] with
robustness checks provided in the Appendix. I include block-group fixed effects (;) to
control for all time-invariant differences across block groups (e.g., geographic conditions
and infrastructure) and county—year fixed effects (7.;) to absorb shocks or trends common
to all locations in the same county in a given year (e.g., countywide macroeconomic
conditions, labor market policies, or transportation and pollution regulations).

By the Frisch—-Waugh—Lovell theorem, this setup residualizes MW;;, with respect to
1; and 7. The identifying variation comes from deviations in the minimum wage from
the county—year average, net of each block group’s long-run mean. That is, the compar-
ison is between block groups in the same county and year that differ in their exposure
to minimum wage levels, and between the same block groups over time as their rela-
tive minimum wage exposure changes. The counterfactual is block groups in the same
county and year but exposed to a lower minimum wage, holding constant time-invariant
differences and county—year shocks. Thus, 8 captures how outcomes change when the
minimum wage rises by one dollar relative to other policy cities in the same county at the

same time, under the identifying assumption that, conditional on the fixed effects—these
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city-specific deviations in minimum wage are uncorrelated with unobserved determinants
of the outcomes.

I conduct several robustness checks and placebo tests to address identification con-
cerns, summarized briefly here and detailed in Section [2.5.3] First, I account for the
endogeneity of policy implementation and adjustment, as well as dynamic effects, by
adding leads and lags. Appendix Table shows that allowing for dynamic treatment
does not alter the main estimates. Second, to test the validity of the specification, I
replace county—year fixed effects with county-subdivision—year fixed effects and county-
specific linear trends, finding consistent results. I also implement the heterogeneity-robust
difference-in-differences estimator of de Chaisemartin et al.| (2022)), which accommodates
continuous treatments, heterogeneous effects, and nonlinearities by comparing switchers
to stayers under conditional parallel trends. Placebo tests also provide support for the
parallel pre-trends assumption (Appendix Table . Third, to address possible Stable
Unit Treatment Value Assumption violations, I redefine treatment as the weighted aver-
age of all nearby policy cities rather than only the closest one, with results reported in
Appendix Table [B.4] Fourth, following Cengiz et al| (2019) and [Dube & Lindner| (2024)),
I estimate a stacked event-study design that forms control groups from later-treated
cities. This approach is robust to heterogeneous effects and staggered adoption (Dube
et al.|[2023), with results reported in Appendix Tables . Section m provides a
detailed discussion of these robustness checks.

To account for population dynamics in conjunction with changes in congestion and
air quality, traffic and air quality regressions are weighted using work-adjusted popula-
tion estimates. Specifically, I use the 2010-2014 5-year American Community Survey
(ACS) as a benchmark to represent population weights for 2012, and then adjust these

weights annually based on changes in resident size (number of workers by residence block
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group) from [Longitudinal Employer-Household Dynamics (LEHD)|dataH This approach

captures the relocation of workers but not other household members, and thus underes-
timates total population movement. To assess its implications, I compare results using
static (ACS) versus worker-adjusted (ACS+LEHD) weights. Both sets of estimates have
the same sign, while those with worker-adjusted weights are larger in magnitude, suggest-
ing that population movement is concentrated toward more exposed areas. Thus, when
accounting for additional movements of household members, the effects are plausibly

even larger, making the current approach conservative.

2.5 Results

In this section, I present evidence that place-based minimum wage ordinances worsen
traffic congestion in both policy cities and neighboring areas, with the latter experiencing
increased vehicle miles and hours traveled, as well as worsened air quality, despite not
being directly targeted by the policy. I then explore the underlying mechanism, showing
that these ordinances alter the spatial distribution of workers, pushing them toward
neighboring areas, particularly in terms of residential location. These shifts have direct

consequences for commuting, with more workers traveling from and to surrounding areas.

2.5.1 Traffic and Air Quality

Table reports the policy impacts on traffic and air pollutant concentrations sep-
arately for census block groups inside (column 1) and outside (column 2) policy limits.
Note that instead of clustered standard errors, I report wild cluster bootstrap P-values

in square brackets. For policy cities, traffic impacts are mixed. Vehicle miles traveled and

10For example, if the ACS benchmark gives 1,000 residents for block group A in 2012, and LEHD
reports 20 workers moving out from 2012 to 2013 and 50 moving in from 2012 to 2014, then the population
weights for this block group are 980 in 2013 and 1,050 in 2014.
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vehicle hours spent show small, insignificant increases, while average traffic speed falls
by 0.1819 miles per hour and the probability of more severe congestion (average speed
< 50 mph) rises significantly by 0.42 percentage points. In terms of air quality, there is

limited evidence that the policy affects ambient concentrations within policy cities.

Table 2.3: Policy Impacts on Traffic and Air Quality

. . . Outside Policy
Inside Policy Limits

Limits
Panel A. Traffic
Vehicle Miles Traveled 0.0034 0.0330**
[0.3206] [0.0080]
Vehicle Hours Spent 0.0077 0.0384*
[0.2485] [0.0140]
Average Speed -0.1819* -0.1567*
[0.0240] [0.0180]
% Congestion 0.0085 0.0073**
[0.1122] [0.0020]
% More Severe Congestion 0.0042* 0.0039*
[0.0120] [0.0120]
Panel B. Air quality
PMs 5 0.0013 0.0074*
[0.1904] [0.0341]
NOs -0.0001 0.0061*
[0.4509] [0.0100]
N 42698 80189

Notes: Estimations are based on equation separated for census block groups within (column
1) and outside (column 2) policy boundaries. PMs 5, NOs, vehicle miles, and vehicle hours are in
logarithmic forms, while the rest of the outcomes in this table are in levels. % Congestion (% More
Severe Congestion) represents the proportion of time during which the average speed falls below 60
(50) mph. Controlling for block group and county-by-year fixed effects. Wild clustered bootstrap

P-values are reported in square brackets. *, **, and *** indicate significance at the 0.05, 0.01, and
0.001 levels, respectively.

In contrast, minimum wage ordinances significantly increase traffic usage and worsen

congestion and air quality in block groups outside policy limits. A one-dollar higher
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minimum wage leads to substantial increases in traffic volume (+3.30%), travel time
(+3.84%), lower average speeds (—0.1567 mph), and significantly higher congestion prob-
abilities (4+0.39 to +0.73 percentage points)H As a result, pollutant concentrations rise
by 0.74% for PMy 5 and 0.61% for NO,. To visualize these impacts, Figure displays
changes in PM, 5 concentrations before and after policy implementation, comparing ar-
eas within and outside policy limits. The inner circle (policy cities) shows null to small
reductions in PMs 5, while neighboring areas experience increases. Similar figures for

Northern California and for NO, are reported in Appendix Figure B.1]

Figure 2.3: Map of PM, 5 Concentration Changes in Southern California

D Policy Limits D Sample Areas

Changes in Log PM2.5 I
-0.05 0.05

Notes: This figure illustrates the average change in PMs 5 concentrations in Southern California before
and after the city-level implementation of the minimum wage policy. The analysis spans up to five years
before and three years after the policy implementation. The data are presented in logarithmic form,
de-trended by calendar year, and calculated at the census block group level. The inner (purple) lines
delineate the city limits subject to the minimum wage policy, while the outer (black) lines define the
boundaries of the analysis sample. The analysis sample includes all census block groups within the same
commuting zone and located no more than 50 miles from the policy cities. Areas situated between the
two sets of lines are designated as “Outside policy limits” in the analysis. Appendix Figure reports
results for other pollutants and study areas.

1 Appendix Table shows no significant changes in public transit ridership.
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2.5.2 Spatial Distribution of Workers and Commute Patterns

To explain the traffic and air quality impacts from the previous subsection, Table
2.4] presents the impacts of minimum wage ordinances on workers’ spatial distribution
by employment and residential location. The left column reports policy impacts on
the number of workers who work (employment size) or reside (resident size) in policy
cities, while the second column reports impacts for those who live or work outside policy
cities. For policy cities (column 1), both employment (-0.59%) and resident size (—0.97%)
decline, with the latter falling more sharply, suggesting that fewer workers both work
and, more significantly, reside in policy cities. Conversely, neighboring areas outside
policy limits experience modest increases in employment (+0.14%) and resident size
(+0.37%). Together, these results suggest shifts in the working population from policy
cities to neighboring areas, particularly in terms of residential location. The employment-
resident ratio also rises in policy cities (40.0101) but falls in neighboring areas (—0.0153),
indicating that policy cities become relatively more attractive as places of work, whereas
surrounding areas become relatively more attractive as places of residence. In Section
[2.6.2] T further examine employment impacts by worker characteristics and situate my
estimates in the broader literature.

These shifts in residential preferences are corroborated by rent estimates. For this
exercise, I use the Zillow Observed Rent Index (All Homes Plus Multifamily Time Se-
ries) and estimate how average rents respond to minimum wage levels using the same
specification as Equation [2.10f The results show significant rent increases, nearly twice
as large in policy cities (+0.164%) as in neighboring areas (4+0.085% per $1 MW). This
reflects the pass-through of higher labor costs to consumers, as documented by MaCurdy
(2015) and Borg et al. (2022). Rising living costs push workers to seek more affordable

housing in neighboring areas.
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Table 2.4: Policy Impacts on the Spatial Distribution of Workers and Rents

Inside Policy Limits Outside Policy Limits
Employment size -0.0059* 0.0014
[0.0120] [0.2064]
Resident size -0.0097** 0.0037
[0.0040] [0.5411]
Emp.-Res. Ratio 0.0101 -0.0153
[0.1122] [0.2104]
Rents 0.00164*** 0.00085*
[0.0010] [0.0350]
N 42808 80486

Notes: Estimations follow Equation estimated separately for census block groups within (column
1) and outside (column 2) policy boundaries. Wild clustered bootstrap P-values are reported in
square brackets. Employment and resident sizes are in logarithmic form. The rent index measures
observed rents within the 35th—65th percentile of the market at the zip-code-month level and enters
regressions in logarithmic form. The number of observations is 4,649 and 6,719 for the rent estimates.
Following |Borg et al.| (2022)), I estimate the effect of minimum wage on logarithmic rents using a first-
difference model to increase statistical power, as rents are serially auto-correlated. All specifications
include block group and county-by-year fixed effects (county-by-month for rents).

The observed divergence in impacts on employment and residence implies changes in
commuting patterns, as commuting connects residential and workplace locations. Table
reports policy impacts on commuting types and distances. The outcome variables in
Panel A measure the number of workers in four commute categories, described in Section
and illustrated in Figure 2.1 The top-left cell describes workers whose workplace
and residence are both inside the policy limits; the top-right cell describes workers who
live inside but work outside; the bottom two cells describe workers who reside outside
the policy limits (and work either inside or outside). Panel B summarizes impacts on
commute lengths. The construction of these outcomes is detailed in Section [2.3.3| and

illustrated in Figure 2.1]
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Table 2.5: Policy Impacts on Commute Prevalence and Lengths, by Location of Work

Workplace Inside Workplace Outside

Policy Limits Policy Limits
Panel A. Commuting Arrangement: N Workers
residing in
Policy Cities -0.0072* -0.0026*
[0.0261] [0.0100]
Neighboring Areas -0.0036 0.0023
[0.2044] [0.2184]
Panel B. Commuting Distance and Time
Median Geographical Distance 0.0498* -0.2773**
[0.0477] [0.0050]
Median Driving Distance (MDD) 0.0691* -0.2510***
[0.0477] [0.0000]
MDD > 5 Miles 0.0022* -0.0002
[0.0276] [0.2814]
MDD > 10 Miles 0.0017* -0.0009
[0.0452] [0.1156]
MDD > 15 Miles 0.0011 -0.0026**
[0.1005] [0.0050]
Median Driving Minutes 0.0736* -0.34217**
[0.0251] [0.0000]
N 42808 80486

Notes: Estimations follow Equation [2.10, with results reported separately for block groups within
(column 1) and outside (column 2) the policy boundaries. Since outcomes in Panel A are constructed
based on workplace block groups, Column 1 reflects impacts for workers employed within policy limits,
while Column 2 reflects those employed outside. Outcomes in Panel A are the number of workers by
four commute types (workplace within/outside x residence within/outside policy limits) in logarithms,
while those in Panel B are in levels. For example, the top left cell describes the number of workers with
both workplace and residence inside policy limits, while the top right describes those who live inside
but work outside. Due to the cross-sectional nature of travel time data, estimated impacts on commute
duration are location-driven and do not reflect changes in traffic conditions. All specifications include
block group and county-by-year fixed effects. Wild clustered bootstrap P-values are reported in
square brackets.

The first column of Panel A shows changes in commute patterns for workers employed
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in policy cities. There are significantly fewer (—0.72%) workers who both live and work
in policy cities. The reduction is smaller (-0.36%) and insignificant for workers employed
in policy cities but residing outside. Among all workers employed in policy cities, the
median one-way commute distance increases by 0.0498 geographic miles (or 0.0691 driving
miles). Commute time also rises significantly, and the share of workers commuting five
miles or more increases by (.22 percentage points.

The second column reports analogous estimates for workers employed outside policy
cities. Commuting from policy cities declines significantly by 0.26%, while the number
of workers both living and working outside increases, though not significantly. Fewer
external commuters (residing in policy cities) and more internal commuters (residing

outside) together lead to a significant reduction in commute distance and time.

2.5.3 Robustness Check

As discussed in Section [2.4] the empirical approach leverages treatment intensity and
compares outcomes in block groups exposed to higher versus lower levels of city minimum
wage, under the identifying assumption that—conditional on the fixed effects—these city-
specific deviations in minimum wage are uncorrelated with unobservables. To corrobo-
rate the validity of this approach, I conduct the following robustness checks to address
potential identification concerns.

First, a potential concern is that the aforementioned specification does not facilitate
meaningful comparisons. To address this, I re-estimate the model using alternative spec-
ifications, replacing county—year fixed effects with either county-subdivision—year fixed
effects or county-specific linear trends. Appendix Table reports the benchmark esti-
mates (columns 3 and 6) along with two alternative specifications (columns 1-2 and 4-5).

For air quality, the alternative estimates show more positive point estimates, but they
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are not significant due to lower power. For traffic, estimates across specifications con-
sistently indicate increases in vehicle miles traveled, vehicle hours spent, and congestion
probability, and a lower average speed for block groups outside policy limits. In addition,
estimates for block groups inside policy cities are roughly the same for average speed and
congestion probabilities. Estimates for vehicle hours spent and vehicle miles traveled in
policy cities show a reversal in sign but are not statistically significant. For commuting
outcomes and the spatial distribution of workers, the results are broadly consistent across
specifications.

Second, a second concern is policy anticipation, as ordinances are typically announced
before implementation. To address this, I include two-year leads and lags in equation [2.10]
and re-estimate the policy impacts. The results suggest similar contemporaneous effects
on the spatial distribution of workers and commuting, with small increases in vehicle
miles, vehicle hours, and higher ambient PM, 5 and NO, concentrations in policy cities,
although the estimates are insignificant. The contemporaneous impacts for block groups
outside policy limits are similar, with significantly more traffic, worse air quality, shifts
in the spatial distribution of workers, and reduced commuting. In terms of anticipation,
most estimates are insignificant, especially for block groups outside policy limits. Yet,
the employment-resident ratio and average speed indicate changes inside policy cities one
year before actual implementation. For lagged effects, many estimates share the same
sign as the contemporaneous impacts and are statistically significant for block groups
inside policy limits.

Third, the recent literature highlights that two-way fixed-effects estimators can be
biased in the presence of heterogeneous treatment effects. To address this, I follow
de Chaisemartin et al. (2022) and implement the heterogeneity-robust difference-in-
differences (HRDID) estimator, which accommodates continuous treatments as in my

setting. This method estimates weighted slopes for switchers (units whose treatment
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changes over time) and is robust to both heterogeneous and nonlinear effects. The com-
parison group comprises stayers (units with no change in treatment), under the condi-
tional parallel trends assumption—that conditional on covariates, switchers and stayers
would have followed similar trends in the absence of treatment. To assess this assumption,
I test for placebo effects by examining whether switchers and stayers followed parallel
trends prior to treatment. Appendix Table presents the main effects along with
placebo estimates. Significant increases are observed in PMs 5 and NOy concentrations,
vehicle miles traveled, and vehicle hours for neighboring block groups. In contrast, in
policy cities, HRDID shows a significant increase in NOs concentration and a sharp rise
in the employment-resident ratio. Notably, most placebo effects are insignificant.

Fourth, violations of the Stable Unit Treatment Value Assumption (SUTVA) are a
potential concern. Given that more than one policy city may be nearby, it is useful to
know the impacts from all rather than only the closest one. I construct an alternative
policy variable as the weighted average of minimum wages in nearby policy cities and re-
estimate the policy impacts in Appendix Table|[B.4l Using the average minimum wage as
the policy variable yields smaller effects on air quality and traffic for block groups outside
policy limits, while commute changes become larger for workers employed in policy cities.
SUTVA is further tested in the stacked design below, with comparison groups restricted
to untreated areas.

Fifth, following Cengiz et al. (2019) and Dube & Lindner| (2024), I estimate a stacked
event-study design of the policy impact. Specifically, I construct comparison groups for
each policy city using cities not concurrently treated but treated in later years. I also
restrict the sample to cities treated no later than 2022 to ensure that later-treated cities in
the main sample have appropriate controls. Each policy city and its corresponding control
group constitute an event. I then stack the data and estimate policy effects conditional

on event—year and event—block group fixed effects, ensuring that the estimates capture
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only within-event variation. This method is robust to heterogeneous treatment effects
and staggered policy adoption (Dube et al.|2023). Results are reported in Appendix
Table |[B.5| using minimum wage levels as the policy variable, and in Appendix Table

[B.6] using a binary treatment indicator.

2.6 Heterogeneous Impacts

This section documents the uneven distribution of congestion and air quality im-
pacts across neighborhoods, with air quality effects disproportionately concentrated in
minority and low-income communities. I first show that these communities are located
closer to major roadways and have less access to green amenities. As a result, they
experience greater air quality impacts even under similar traffic conditions. I also show
that minimum wage ordinances disproportionately affect Hispanic, low-education, and
service-sector workers, but these workers do not appear to be sorting into the commu-
nities most affected by pollution. Instead, amenities and commute times appear to be

more significant drivers of their residential choices.

2.6.1 Disproportionate Air Quality Impacts and the Causes

I use neighborhood characteristics from the ACS to explore heterogeneous impacts by
socioeconomic status. I retrieve the share of the population with various characteristics
from the 5-year ACS 2010%014.[:7] I divide the sample into four subgroups based on
whether a block group ranks above or below the median in a given characteristic, and

whether it lies within or outside the policy limits, as in the previous section. To facilitate

12]deally, one would observe workers’ characteristics by both residence and workplace. However, due
to data limitations, information is only available by residential location. Given that workers typically
spend more time at home than at work, this approach approximates the main part of the air quality
impacts.
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comparison, I report the policy impacts for four subgroups side-by-side in the same panel.
I consider six characteristics: (1) Hispanic ethnicity; (2) four-year college attainment; (3)
employment in the service sector (NAICS code 72); (4) standard 9 AM—5 PM weekday
schedule; (5) household income above twice the poverty line; and (6) public transit usage.

Figure|2.4|shows that increases in P M, 5 concentrations are more prominent in neigh-
borhoods outside the policy limits that have higher poverty rates, lower public transit
access, and greater shares of Hispanic, service-sector, less-educated, or irregular-schedule
workers (i.e., those who do not work a standard 9 AM to 5 PM weekday schedule). The
blue circle in the top-left sub-panel represents the PM, 5 impact for block groups within
the policy limits and above the median Hispanic share. This estimate is compared to
the red diamond (inside policy limits, below median), the brown triangle (outside pol-
icy limits, above median), and the green square (outside policy limits, below median).
The comparison reveals substantial increases in pollutant concentrations for block groups
outside the limits with high Hispanic shares.

To explain differential air quality impacts, I consider two possible explanations. First,
traffic impacts may differ across neighborhoods, such that those with greater traffic also
experience more severe air quality consequences. Second, certain neighborhoods may have
a lower capacity to adapt to air pollution. Finally, I provide suggestive evidence that
the observed impacts are not driven by emissions from other sources, such as residential

heating.
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Figure 2.4: Heterogeneous Impacts on Air Quality and Traffic by Neighborhood Charac-

teristics
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Notes: The top panel reports policy impacts on PMs 5 by census block group location (inside vs. outside
policy limits) x neighborhood characteristic ranking (top vs. bottom 50%). Each sub-panel corresponds
to a specific characteristic, including: % Hispanic population, education, % service workers, % weekday
9 AM-5 PM workers, % poverty, and public transportation access. Characteristic rankings are based on
the 20102014 5-year ACS. From left to right, each sub-panel reports estimates for block groups that
are: (1) inside policy limits and above the median level of the characteristic; (2) inside policy limits and
below the median; (3) outside policy limits and above the median; and (4) outside policy limits and
below the median. The bottom panel reports the same estimates for vehicle miles traveled. Outcome
variables are in logarithmic form with 95% C.I. reported.
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To test the first explanation, I examine whether traffic impacts differ by neighborhood
characteristics and report the results in the bottom panel.ﬁ For neighborhoods outside
the policy limits, impacts on vehicle miles traveled differ by block group characteristics,
but these differences are not statistically significant. In Appendix Figure [B.2] I further
explore impacts on vehicle miles traveled and speed by time of day and day of week. The
results suggest that vehicle miles traveled increase primarily during weekday mornings
and evenings outside policy cities. By contrast, speed reductions within policy cities are
concentrated in the morning to midday, while in neighboring areas they occur in both
the early morning and late evening.

I next examine adaptation capacity by testing whether more-affected neighborhoods
are closer to major roads and/or lack green space. The evidence supports this conjecture.
Specifically, I measure total road length within a 3-mile radius of the block group centroid
(using PeMS) and calculate the share of green space within the block group (using the
National Land Cover Dataset 2012). I again divide neighborhoods into high /low groups
based on each characteristic and report differences in Table [2.6] For each characteristic,
I report the average for the low group, and the difference and p-value compared to the
high group. Results show that vulnerable communities are surrounded by denser road
networks and have significantly less vegetative cover to shield them from pollutants.
Thus, even with equivalent traffic impacts, air quality impacts are expected to be larger
for the low group. To directly test this, I report air quality impacts for block groups
in the top versus bottom shares of nearby highways in Appendix Table [B.8] Compared
to the full sample, block groups in the top decile or quartile indeed experience larger

impacts, while those in the bottom quartile are largely unaffected.

13 Additional results for NOs, vehicle hours, average speed, and congestion probability are reported in

Appendix Figures @-@
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Lastly, I examine whether more-affected neighborhoods also experience larger changes
in resident size and find limited differences. Appendix Figure shows some, but statis-
tically insignificant, differences in resident size by neighborhood characteristics. Within
the policy limits, neighborhoods with higher shares of Hispanic residents, service-sector
workers, or individuals in poverty experience larger population declines. Outside the
policy limits, there is little evidence of residential sorting along these demographic lines,
contradicting the conjecture that air quality impacts are driven by residential population-

induced activities.

2.6.2 Changes in Spatial Distribution by Worker Types

The previous section presents some, but limited, heterogeneities in total resident size
by neighborhood demographic and socioeconomic conditions. This may seem counter-
intuitive given that minority, service, and less-educated workers are more likely to be
lower-wage workers and thus more affected by the policy (Card & Krueger |[1994; [Dube
et al[2007; |Cengiz et al.|2019; Dube & Lindner [2024). To resolve this tension, I leverage
subgroup files in the LEHD origin—destination data and explicitly retrieve the number of
workers for specific worker types. That is, I use the number of Hispanic, less-educated, or
service-sector workers by residence/workplace block groups as outcome variables for this
exercise. Consistent with the literature, I find larger impacts for Hispanic, service-sector,
and less-educated workers, while higher-wage workers experience minimal impacts/"]

Table reports policy impacts on the spatial distribution of Hispanic, service-
sector, and less-educated workers, plus a placebo group of high-wage workers. As dis-

cussed above, outcome variables represent the numbers of subgroup workers by resi-

14T ess-educated workers are defined as those without a four-year college degree. Service workers are
those in NAICS sector code 72 (Accommodation and Food Services). Higher-wage workers are defined
as those in NAICS sectors 51 (Information), 52 (Finance and Insurance), and 54 (Professional, Scientific,
and Technical Services).
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dence/workplace block groups. The left column shows estimates for block groups within
the policy limits, representing the policy impacts on the workers who work (employment
size) or reside (resident size) in policy cities. Compared to the population average decline
of —0.59%, Hispanic and less-educated workers see larger employment declines of —0.81%
and —1.02%, respectively. Employment size is not significantly affected for service-sector
workers. All three lower-wage groups experience larger resident-size declines (-1.07% to
~1.49%), exceeding the overall ~0.97% estimate. Outside the policy limits (Column 2),
effects are generally smaller, though less-educated workers see a small but significant
decline in employment size, indicating that areas within the policy limits become less
attractive places to live and work for these workers.

These results imply that policy impacts on the spatial distribution of workers are sub-
stantially larger for Hispanic, less-educated, and service workers. In contrast, the placebo
group (high-wage workers) shows increased employment size and negligible changes in
resident size; these workers likely face little direct wage change from the policy and have
greater income flexibility. Taken together, these results echo and extend findings on em-
ployment impacts of minimum wage policies in the literature. My results are similar to
Neumark et al.| (2004); Monras| (2019); Dube & Lindner| (2021)); |Jardim et al.| (2022);
and Wursten & Reich (2023)), who identify negative employment impacts when mini-
mum wage policies raise binding wage levels. The sharper declines among Hispanic and
less-educated workers are consistent with evidence that minimum wage increases dispro-
portionately affect groups for whom the policy is more binding (Dube & Lindner|[2024;
California State Legislature 2024]). Moreover, the residential shifts align with Martin &
Termos| (2015); Monras (2019)); and Dustmann et al.| (2022)), who show that minimum

wage policies affect where jobs and workers are located.
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Table 2.7: Heterogeneous Impacts on Spatial Distribution of Work-
ers by Worker Types

Inside Policy Outside Policy
Limits Limits
Panel A. Hispanic
Employment size -0.0081 -0.0036
[0.0842] [0.4289]
Resident size -0.0149* -0.0072
[0.0321] [0.4128]
Panel B. Service
Employment size 0.0002 0.0030
[0.8457] [0.6693]
Resident size -0.0107* 0.0019
[0.0120] [0.5852]
Panel C. Less-Educated
Employment size -0.0102 -0.0054**
[0.0521] [0.0040]
Resident size -0.0137** -0.0017
[0.0040] [0.5651]
Panel D. ”Placebo”: Higher-Wage
Employment size 0.0161 -0.0080
[0.1122] [0.2204]
Resident size -0.0012 -0.0018
[0.8257] [0.4890]
N 42808 80486

Notes: Estimations follow equation separated by census block groups within (column 1) and outside
(column 2) the policy boundaries. Outcomes are employment/resident size of specific worker subgroups
in logarithmic form. All specifications control for block-group and county-by-year fixed effects. Wild
clustered bootstrap P-values are reported in square brackets.
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2.6.3 Residential Sorting by Amenity and Commute Accessi-
bility

The previous subsection shows that certain workers are more likely to move away
from policy cities, yet they are not sorted into neighborhoods that necessarily have the
demographic characteristics described above. To explore features that moderate resi-
dential re-sorting, I integrate these findings with the conceptual model in Section to
test the model’s prediction that amenities-such as access to business establishments—and
commute feasibility influence workers’ residential choices.

The left panel of Figure shows that workers are relocating to neighborhoods
outside the policy limits with better non-environmental amenities. Here, a better non-
environmental amenity is defined as greater ease of access to nearby business establish-
ments, following Cook| (2025). This figure presents policy impacts on resident size using
the same empirical strategy as in Section [2.6.1 Within the policy limits, low-amenity
block groups experience a large loss in resident size, while the high-amenity group sees
a smaller change. This suggests that low-amenity neighborhoods are less able to retain
residents when faced with rising living costs. Outside the policy limits, high-amenity
neighborhoods gain residents while low-amenity neighborhoods lose them, although the

difference is not always statistically significant.
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Figure 2.5: Effects on Workers’ Residence by Neighborhoods’ Location and Characteristics
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Notes: The left panel reports policy impacts on residential population size by block group location x
neighborhood amenity index (top/bottom 50%). The Amenity Index is sourced from the Neighborhood
Amenity Quality Index (Cook|2025)) and is based on visits to establishments made by low-income house-
holds. A higher value indicates better access to neighborhood amenities. The right panel reports the
same estimates by commuting accessibility, measured using the pre-policy median commuting time from
the 2010-2014 5-year ACS. Within each panel, estimates are presented (from left to right) for block
groups that are: (1) inside policy limits and above-median; (2) inside policy limits and below-median;
(3) outside policy limits and above-median; and (4) outside policy limits and below-median. Outcome
variables are in logarithmic form. Standard errors are clustered at the policy city level.

The right panel presents analogous estimates by pre-policy commuting-time ranking.

Within the policy limits, neighborhoods with shorter pre-policy commutes experience
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marginally greater residential losses. Outside the policy limits, workers appear to relocate
to neighborhoods with shorter commutes and away from those with longer ones. This
finding reflects cost-minimization behavior: workers seek to reduce combined living and
commuting costs by relocating to neighboring areas with better access to employment.
Differences on this dimension are not statistically significant.

Appendix Figure [77] examines whether this sorting leads to differential congestion
and air quality impacts based on amenity and commuting time. The results show modest
differences, with larger increases in traffic and pollutant concentrations in low-amenity
neighborhoods outside the policy limits. These results, together with the sorting patterns
in Figure indicate that traffic impacts are unlikely to be driven primarily by increases
in residential population. More specifically, the divergences between population growth
and air quality suggest that household emissions—such as those from residential cooking
and heating—are unlikely to be the primary drivers of the observed air quality changes.
On the other hand, neighborhoods with worse access to business establishments also
tend to have worse green amenities: they have about 11.1% more roads and a 0.096
lower vegetation share. The correlation between environmental amenities (e.g., green
space) and non-environmental amenities (e.g., access to establishments) can help explain

why these neighborhoods are more affected.

2.7 Policy Simulation

This section evaluates the aggregate impact of city-level minimum wage ordinances.
I first integrate a traffic-emissions model with a particle dispersion model to link traffic
impacts directly to pollutant concentrations using a two-stage framework. Next, to better
understand the magnitude of policy impacts and to provide policy insights, I present

comparable simulation results for a 10% change in gasoline prices. Finally, I analyze
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the marginal net benefit of city-level minimum wage ordinances for lower-wage workers,

accounting for congestion and air quality consequences.

2.7.1 Traffic-Related Emissions and Pollutant Concentrations

Previous sections reported the policy’s impacts on traffic and air quality separately.
To establish a direct link between these two outcomes and isolate the portion of air quality
change attributable solely to traffic, I simulate and compare traffic-related emissions and
pollutant concentrations under the observed scenario with a counterfactual scenario in
which the city-level minimum wage ordinances are absent. In other words, the average
counterfactual minimum wage is represented by the bottom dashed line in Figure 2.2

I use a two-stage modeling approach, combining the EMission FACtors (EMFAC)
model and the Intervention Model for Air Pollution (InMAP) to simulate vehicle emis-
sions and the subsequent dispersion of pollutants and their effect on ambient concen-
trations. For the benchmark scenario, I input observed traffic data into EMFAC to
obtain emissions of multiple pollutants, including NO,, PMs5, SO,, volatile organic
compounds, PM;y, CO, and CO,. These emissions are then fed into INMAP to simulate
the resulting pollutant concentrations and P M, s-related mortality under the prevailing
policy environment. To improve precision and avoid spatial mismatch, I re-estimate the
effect of minimum wage increases on traffic at the road-segment level, allowing impacts
to vary by hour of the day and day of the week.

To construct the counterfactual (no-policy) scenario, I calculate the difference between
state and city-level minimum wages, AM W which reflects the marginal contribution of
city-level ordinancesE] I subtract the estimated policy-induced changes (the product of
estimated coefficients and AMW) from observed traffic data to construct counterfactual

traffic measures. These adjusted values are then input into EMFAC to estimate coun-

15See Figure [2.2| for the average counterfactual minimum wage.
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terfactual emissions, which are fed into InNMAP to simulate pollutant concentrations and
P M, s-related mortality in the absence of city-level wage policies. I also report the change
in total vehicle miles traveled and calculate the corresponding change in traffic fatalities
using fatality rates from the Department of Transportation. Figure [2.6] summarizes the

simulation process.

Figure 2.6: Simulation Process

Real-world . Pollutant concentrations
N Emission at road segment y
Scenario rom actual data and mortality at BG
- Traffic estimates x A policy ~ EMFAC InMAP Output table
Counterfactual Counterfactual traffic at Counterfactual emission at Counterfactual pollutant
Scenario e dp s;':; road segment concentrations and
mortality at BG

Notes: This diagram outlines the simulation procedure used to generate Tables and I simulate
real-world emissions, pollutant concentrations, and PMj s-related mortality using EMFAC and InMAP,
and compare these results with hypothetical scenarios based on previous estimates or literature.

Table2.§reports percentage changes in traffic-related emissions and pollutant concen-
trations, along with additional annual deaths between the observed and counterfactual
scenarios. The top panel presents changes in emissions and vehicle miles traveled at the
road-segment level; the bottom panel summarizes changes in pollutant concentrations

and annual deaths at the census block group level.
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Column 1 reports results for the full sample, while the next three columns show
distributional effects for subgroups. The top panel shows that, considering only traffic
impacts, city-level wage ordinances increase pollutant emissions by 1.228% to 2.785

The bottom panel reports changes in pollutant concentrations and associated PMj 5-
related deaths within the sample geography. Column 1 shows that minimum wage in-
creases raise NO, concentrations by 0.446%, SO, by 0.457%, and PMs5 by 0.451%.
These increases result in an average of 1.958 additional annual deaths (valued at $29.83
million based on the EPA’s value of a statistical life). Consistent with earlier findings,
air quality effects are concentrated in already polluted areas. Block groups in the top
quintile of pre-policy traffic-related PMs, 5 concentrations experience a 1.481% increase,
leading to 1.246 additional deaths annually. The next quintile experiences a 0.737%
increase and 0.399 additional deaths. In areas with the top 20% AMW, PDM,5 rises
by about 3.5%, with 1.281 additional deaths per year. These health cost estimates are
conservative, as they consider only P M, s-related mortality, excluding other health costs

and impacts from additional pollutants.

2.7.2 Policy Contextualization: A 10% Change in Gasoline Prices

While Section [2.7.1] illustrates the air quality implications of wage ordinances, it
is important to benchmark these effects against other policy instruments. I therefore
conduct a similar simulation for a 10% gasoline tax (approximately $0.372 per gallon).
Drawing from Mamkhezri & Khezri (2024), I model VMT as a function of gasoline prices,
using their elasticity estimate of —0.257 to capture the traffic response to a 10% price
increase for both policy cities and neighboring block groups. I then apply the same
emissions and air quality models to estimate the resulting changes.

Table summarizes percentage changes in emissions, air quality, and P M, 5-related
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deaths under the gasoline price change, relative to the baseline scenario. To simplify the
comparison and highlight magnitudes, values in the table are also expressed as positive
numbers. Results indicate that the tax changes emissions by 0.974% to 1.610%, which
is about 60% of the emissions generated by the minimum wage policy. For vehicle miles
traveled, the total change is 9.26 x 10®, associated with 10.467 additional traffic fatalities.
Corresponding pollutant concentrations change by up to 0.457%, accounting for at least
91.9% of the increase caused by local wage floors. Mortality increases by 1.722 deaths per
year within the sample geography, accounting for 87.8% of the excess deaths attributed

to the minimum wage ordinances.

88



The Environmental Implications of Place-Based Policy: Evidence from Minimum Wage Ordinances
Chapter 2

Table 2.9: Changes in Traffic-Related Emissions, Pollutant Concentrations, and PMs 5
Mortality with a 10% Change in Gasoline Prices

Panel A: Road Segment Level Total High VMT High Emission
Traffic-Related Emissions (%)

NO, 1.419 1.086 1.404
PM; 5 1.610 1.263 1.591
PM10 1.608 1.261 1.589
SO, 1.149 0.943 1.176
coO 0.974 0.809 0.976
COq 1.150 0.941 1.176
Annual Extra VMT and Traffic Fatalities

Vehicle Miles Traveled 9.26 x 108 3.84 x 108 4.12 x 108
Traffic Fatalities 10.467 4.342 4.659
Panel B: Block Group Level Total Most Polluted Second Most Polluted
Traffic-Related Pollutant Concentrations (%)

NO, 0.410 1.308 0.572
SO, 0.457 1.342 0.597
PM, 5 0.409 1.312 0.574
PMs 5-Related Mortality (Deaths/Year)

Total 1.722 1.144 0.316
Hispanics 0.554 0.348 0.119
White 0.647 0.430 0.101
Asian 0.263 0.181 0.046

Notes: This table reports changes (in absolute values) in emissions and air quality levels from the
benchmark to a counterfactual scenario in which gasoline is taxed at 10%, using price elasticity estimates
from Mamkhezri & Khezri (2024). Emissions, pollutant concentrations, and mortality are simulated
sequentially using the EMission FACtors (EMFAC) model and the Intervention Model for Air Pollution
(InMAP). The first column reports estimates for the entire sample in both panels, while the two sub-
samples of block groups follow definitions provided in Table and Section For consistency, the
results cover the same period as Table

2.7.3 Cost-Benefit Analysis

The primary motivation for city-level minimum wage ordinances is to improve the

living standards of lower-wage workers. However, the results in Section [2.5| suggest
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that higher rental prices, increased congestion, and worsened air quality offset much
of the wage benefit. To quantify the net marginal impact of city-level minimum wage
ordinances, I combine estimates from this paper with price estimates from the literature
to compute the marginal monetary gain for a representative worker following a $1 increase
in the minimum wage.

Table summarizes the marginal costs and benefits for a representative low-wage
worker who works within city limits but commutes from neighboring areas, facing a $1
increase in the city-level minimum wage. Earnings and price estimates are drawn from
Leung| (2021)) and |Jardim et al. (2022), while rent, food prices, commute time, congestion,
and air quality estimates come from Section The policy raises quarterly earnings
by $76.60 for low-wage workers but imposes costs through higher rent and food prices,
longer travel times due to congestion, and elevated health risks. Among these, congestion
accounts for the largest offset (around 30%), exceeding the combined effects of higher

food and rental costs.
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Table 2.10: Policy Evaluation: Annual Marginal Costs and Gains for a Low-Wage
Worker

Channel Estimates Source Other Assumptions AS
Quarterly $76.6 per Jardim et al.
Earnings - +306.40
SMW (2022)
Rental 0.085% per SMW Table Monthly rents $1270 -12.95
Annual food expenditure
Food 0.8% per 10% MW Leung (2021)) -66.31
$8629
+0.0736 minutes; 2-way per workday, wage at
+0.0691 miles; and $14 VSL at 8.7 million; 1.13
Traffic Tables -106.54
3.84% more congested deaths per 100 million miles
per SMW driven
Health Table VSL at 8.7 million -14.15

in NOy per $SMW

Net Gain +106.45

2.8 Conclusion

This paper demonstrates that place-based minimum wage ordinances, while intended
to improve the welfare of low-wage workers, can generate significant, negative environ-
mental externalities. Through a comprehensive analysis of traffic data, satellite-based
air quality measures, and worker commuting patterns, I show that these policies worsen
traffic congestion and air quality in areas surrounding policy cities. The findings reveal a
disproportionate burden borne by disadvantaged neighborhoods and emphasize the im-
portance of accounting for spatial spillovers and unintended consequences in the design

of place-based policies.
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Furthermore, the study contributes to the understanding of intra-urban residential
sorting by showing how wage increases at the bottom of the distribution influence location
decisions. The simulation results underscore the trade-offs between labor market benefits
and environmental costs, suggesting that complementary measures—such as investments
in public transportation or green infrastructure—may be necessary to ensure that labor
market interventions do not come at the expense of environmental justice and public
health. These results point to a broader lesson: the success of place-based policies hinges
not only on their direct economic effects but also on how they shape behavior, economic
activity, and environmental conditions. Policymakers should integrate economic and en-
vironmental planning to mitigate unintended outcomes and enhance overall effectiveness

of such policies.
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Chapter 3

How Did Safety-Net Reform Affect
the Education of Adolescents from

Low-Income Families?

3.1 Introduction

The U.S. safety net was extensively revamped in the 1990s. After a period of experi-
mentation by the states, federal welfare reform replaced the cash transfer program, Aid
to Families with Dependent Children (AFDC), with the Temporary Assistance to Needy
Family (TANF) program, in 1996. Congress expanded the Earned Income Tax Credit
(EITC) over the period 1994-1996, raising wage subsidies available to low-wage workers.
Changes to the Medicaid program, which began in the 1980s, continued during the 1990s
to extend health coverage to children in low-income families.

An important question is, how did these reforms affect the educational attainment of
individuals who were adolescents at the time the reforms were enacted? This question is

important for policy purposes, since the goal of policy makers was to change the safety
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net in ways that would have long-term effects on U.S. society. It may also have important
implications for trends in inequality.

Several authors have analyzed how specific reforms have affected the schooling of in-
dividuals who were adolescents at the time when the reforms were passed. Dave et al.
(2012) and Kaestner et al.| (2003) analyzed how welfare reform affected dropout behavior.
Maxfield (2013)), Bastian & Michelmore (2018)), and Manoli & Turner| (2018)) estimated
the effect of EITC expansions on educational attainment. The effect of Medicaid expan-
sions on college attendance has been studied by |(Cohodes et al.| (2016), Miller & Wherry
(2019), and Brown et al.| (2020).

Whereas previous authors have sought to estimate the effect of specific programs,
our goal in this paper is to estimate their joint effect, that is, their effect as a bundle.
One reason is that we might expect the effects of those programs to interact. For exam-
ple, a healthier adolescent may be better able to take advantage of additional parental
expenditures on her schooling.

Another reason is that there are at least two channels by which the reforms could have
affected individuals who were adolescents at the time they were put into place. The first
we refer to as the resource channel. This includes the effects of the reforms on program
services, parental time spent with children, and parental income, which in turn could
affect the adolescent’s ability to afford post-secondary schooling. The resource channel
has been the implicit focus of previous work, as we discuss below. We would expect males
and females to be similarly exposed to the resource channel, since they grow up in the
same families.

However, safety-net reform may have also affected those adolescents via their expec-
tations about the future, including their expectations regarding future safety-net benefits
and eligibility. Heckman et al.| (2002) present a model that predicts that early-career wage

subsidies may reduce human capital investments that are rivalrous with work. Thus ex-
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pectations of future wage subsidies could reduce schooling. Studies that focus on the
resource channel may miss the expectations channel. In contrast to the resource channel,
we would expect the expectations channel to affect males and females differently, since
in the pre-reform regime, women were much more likely then men to receive safety-net
benefits.

We take a difference-in-differences (DD) approach to estimation, comparing two
groups across two generations of adolescents. The pre-reform generation consists of the
1961-1964 birth cohorts of the 1979 National Longitudinal Survey of Youth (NLSY79).
This generation was aged 11-15 in 1975, and in their 30s by the time of safety-net re-
form. The post-reform generation comes from the 1997 National Longitudinal Survey of
Youth (NLSY97), whose members were born between 1980 and 1984. This generation
was aged 10-15 in 1995, in the midst of the 1994-96 EITC expansions and just before
federal welfare reform. Members of this generation would have been affected to varying
degrees by the Medicaid expansions, as well.

Within each generation, we define a treatment and a comparison group. The treat-
ment group consists of individuals whom we predict to be at high risk of economic
disadvantage during adolescence. We show that this group has characteristics similar to
those of groups at high risk of welfare receipt in the mid 1990s. As a result, they should
have been affected by safety-net reform. The comparison group consists of individuals
at lower risk of adolescent disadvantage, who would have been less affected by safety-net
reform.

The logic of differences-in-differences here is straightforward. The contrast between
the high- and lower-risk groups in the pre-reform generation establishes the baseline
difference in their educational attainment prior to safety-net reform. Differencing across
generations nets out changes over time in factors that influence schooling which affect

both groups similarly. If safety-net reform were the only factor that affected the two
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groups differently, then the DD approach would identify the bundled effect of the various
safety-net reforms. This would include the effects of any interactions as well as effects
that arise via resource and expectations channels.

Of course, other factors may have affected schooling trends as well. These include dif-
ferences in the U.S. economy as faced by the two generations as they finished high school.
We expand on the basic difference-in-difference approach by adding various macro- and
socio-economic controls to account for these factors.

Our focus here is on educational attainment at age 25. We consider years of schooling,
high school graduation, sub-baccalaureate degrees, and college graduation. We find that
safety-net reform may have reduced educational attainment for women, while increasing
it for men. Women obtained fewer years of schooling, were less likely to graduate high
school, and less likely to obtain a post-secondary degree. However, although all these
effects were in the same direction, they were marginally significant. In contrast, men
were significantly more likely to obtain a post-secondary degree.

To the best of our knowledge, these results provide the first estimates of the bundled
effects of safety-net reform on schooling. Our findings for women differ from those of some
earlier studies, which focused on the resource channel for specific safety-net programs. To
help explain these differences, we analyze annual enrollment and labor supply between
the ages of 18 and 22, when most people who attend college would be enrolled. We
find that young women are less likely to be enrolled and more likely to work during
this period as a results of safety-net reform. This is particularly true for young women
with children. As we explain below, this may be consistent with the notion that the
expectations channel led to the reduction in human capital among women. In a follow-
up paper Bastian et al.|forthcoming, we build on these results, and examine how these
changes in human capital affected employment, safety-net participation, marriage, and

childbearing up through age 32.
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In the next section of the paper, we provide more background to motivate our ques-
tion and briefly discuss the various safety-net reforms. After discussing the data in the
following section, we elaborate our empirical approach. A key to our DD analysis involves
constructing our treatment and comparison groups, which in turn involves predicting the
risk of adolescent disadvantage among the members of our sample. We discuss how we
predict risk and how we construct the risk groups. The approach involves a number
of decisions whose effect on our results is impossible to gauge ex ante. We discuss the
specification-curve approach to inference of Simonsohn et al. (2020)), which allows us to
draw inferences across the multiple specifications that result from those decisions. Section
4 also presents our results, which show that safety-net reform increased men’s schooling,
although it may have reduced it among women. It also provides evidence on employment
and enrollment behavior. Section 5 discusses the role of resource and expectations chan-
nels and offers suggestions for why our results run contrary to recent studies that have

analyzed individual components of the safety net.

3.2 Background

Here we discuss the various safety-net reforms with an eye to two key questions: (1)
how should the reforms have affected the resources available to individuals who were ado-
lescents at the time they took place? and (2) how might the reforms have affected their
expectations? While several aspects of safety-net reform increased household earnings,
the overall effect of safety-net reform on household resources and adolescents’ expecta-
tions varied quite a bit, and is not obvious ez ante.

In our discussion of the recent literature, we focus solely on studies that have analyzed
the link between safety-net reforms and educational attainment of children who were in

school when the reforms took place. In Bastian et al.| (forthcoming)), we discuss additional
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policy-change details and studies that analyze later-life outcomes.

3.2.1 Welfare reform

Before the 1990s, welfare (i.e., AFDC) provided cash aid to poor families with chil-
dren. AFDC’s work requirements were lax, and any earned income declared by recipients
was taxed away, in the form of reduced benefits, at a high rate. In the 1990s, states be-
gan to experiment with their AFDC programs and introduce restrictions. Roughly half
the states strengthened their work requirements, stiffened sanctions for non-compliance,
reduced the implicit tax rate on earnings, and/or imposed time limits. In 1996, fed-
eral legislation replaced AFDC with Temporary Assistance for Needy Families (TANF),
which incorporated many of these changes nationwide.

These reforms should have affected resources available to adolescents in families re-
ceiving aid. All would be expected to increase parental employment, and thus to reduce
the amount of time that the adolescent’s parent spent in the home. How the reforms
should have affected total family income depends on whether earnings rose by more than
welfare benefits fell.

The expectations channel of welfare reform would affect females more than males,
since about 90 percent of adult recipients of welfare were single mothers [Services &
Human! [1995. One might expect that the reduced generosity of welfare, stemming from
the combination of time limits and work requirements, would lead adolescents at the
time to expect to work for a greater share of their adult lives. This should raise the
value of human capital, which could take the form either of schooling or of labor market
experience.

A sizeable empirical literature, summarized by Blank (2002), Grogger & Karoly
(2005), Moftitt| (2003), and Ziliak| (2008)), found that welfare reform indeed increased
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employment among single mothers. Effects on household income were less clear, with
some studies finding largely null effects Bavier||2001, US Department of Health and Hu-
man_Services|[2001L

Roughly two dozen experimental studies analyzed the effects of various state-level
welfare reforms on the children of recipients (see Grogger & Karoly| (2005) for a summary).
The results were quite heterogeneous and many estimates were insignificant. Those
results which were significant suggested that younger children of recipients may have
benefited from the reforms. However, for individuals who were adolescents at the time
of reform, there is some evidence of negative effects on school performance Gennetian
et al.[2002 and higher rates of risky behavior, including truancy and delinquency Dave
et al.[2020. Both of these studies focus on adolescents who were contemporaries of the
members of our post-reform generation.

Two studies have focused on high school dropout among individuals who were ado-
lescents at the time of reform. |Kaestner et al. (2003) used a design similar to ours,
following groups at varying levels of risk in the NLSY79 and NLSY97. Their high-risk
group consisted of adolescents in families with single parents and/or parents with low
levels of schooling, whereas the low-risk group consisted of everyone else. Their results
showed that the high-risk group in the latter generation was less likely to drop out of high
school at ages 17 and 19. However, the results were stronger at age 17 than at age 19,
consistent with a provision of federal welfare reform that required minor children to be
enrolled in school in order for the family to receive aid. Thus their results may indicate
primarily that welfare reform succeeded in reducing early dropout/f]

Dave et al.| (2012) studied high school dropout among 15- to 19-year-olds using data

from the CPS. To estimate the effect of welfare reform, they made use of differences in

"When we employ their sample and their definitions of risk groups, we too find reductions in high
school dropout at ages 17 and 19. If we instead use outcomes measured at age 25, we obtain results
similar to those reported below.
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the timing of reforms across states. Their results showed a reduction in dropout due
to reform, but considering the age of their sample, it is again hard to say whether this
represents a reduction in early dropout or a true increase in educational attainment. An
important difference between both of these studies and ours is that we study educational
attainment at age 25, which for the vast majority of the population represents completed

schooling.

3.2.2 The EITC

The EITC provides a refundable tax credit that varies according to the family’s earn-
ings and number of children. In 1993, Congress legislated expansions to the EITC that
were phased in between 1994 and 1996. They increased the generosity of the program and
greatly increased the relative generosity towards families with more children. Between
1993 and 1996, the maximum benefits rose from $1434 to $2150 for one-child families,
and rose from $1511 to $3556 for families with two or more children [Hotz & Scholz 2003.

Basic labor supply theory makes several predictions regarding the effect of the EITC
on the resources available to children. It predicts that the EITC should increase the
employment of single parents along the extensive margin, presumably reducing the time
they spend with their children Bastian & Lochner|[2020. Whether the EITC increases
family income depends on whether any earnings gains exceed any losses in non-wage
benefits.

An extensive literature shows that the EITC increases the employment of single moth-
ers, who account for roughly 60 percent of EITC recipients Hotz & Scholz|2003|, [Nichols
& Rothstein[2016], [Hoynes & Patel 2018, Bastian| 2020 Several studies show negative,
but generally small, reductions in labor supply among secondary earners in two-parent

households Eissa & Hoynes 2004. [Hoynes & Patel (2018) and Bastian & Jones| (2020)

ZKleven| (2019) presents results to the contrary.
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show that the EITC raises after-tax-and-transfer income among single mothers.

Three recent studies linking the EITC to higher educational attainment among indi-
viduals whose families received the EITC while they were children. [Maxfield (2013) and
Bastian & Michelmore| (2018) exploit variation in the generosity of the EITC over time
and by family size to estimate the relationship between EITC payments received by a
family and the eventual educational attainment of its children. Manoli & Turner (2018)
also finds that the EITC increases college attendance for youth in their last year of high
school. By exploiting variation in EITC benefits across families and over time, while the
children were young, these studies clearly focus on the resource channel.

As mentioned above, the EITC may not only affect resources available in the parental
home, it may also affect the adolescent’s expectations regarding labor market rewards.
Heckman et al.| (2002) point out that wage subsidies during the schooling years promote
employment and raise the opportunity cost of schooling. Education may fall as a result.
They provide some simulations, based on CPS data, that are broadly consistent with
this prediction. However, we are not aware of any direct tests for substitution between

schooling and work as a result of the EITC.

3.2.3 Medicaid

Prior to 1984, Medicaid coverage for poor families with children was limited to families
receiving AFDC. Between 1984 and 1997, it was expanded several times. Some of the
expansions applied to specific birth cohorts of children and/or applied to children below
certain ages. The expansions also had different income-eligibility thresholds and varied
in whether states were required to expand coverage or given the option to do so.

An abundant literature, surveyed by (Gruber| (2003)) and [Buchmueller et al.| (2016)),

shows that the various expansions greatly increased resources, in the form of health

101



How Did Safety-Net Reform Affect the Education of Adolescents from Low-Income Families?
Chapter 3

coverage, to children in poor families. Likewise, numerous analysts have established
a link between Medicaid eligibility during childhood and favorable childhood outcomes
Buchmueller et al.|2016.

Most relevant for our work are studies that relate childhood Medicaid expansions
to educational attainment. Miller & Wherry| (2019) find that perinatal health coverage
has the long-run effect of increasing high school graduation rates. Brown et al. (2020))
show that each additional year of Medicaid eligibility during childhood increases the
probability of having ever enrolled in college. |Cohodes et al.| (2016) find that increases
in Medicaid eligibility during childhood decreases high school dropout rates, increases
college enrollment, and increases college completionﬂ

Beyond these effects via the resource channel, Medicaid may also have an effect via
the expectations channel. Low-wage jobs often fail to provide health insurance, either for
the worker or her children. Higher-wage jobs usually provide such benefits, but require
higher levels of education. By weakening the link between schooling and health coverage
for one’s children, the Medicaid expansions may reduce the return to college attendance,
in turn reducing investment in this form of human capital. However, we are aware of no

empirical studies on this matter.

3.2.4 Other safety net reforms

Two other programs which contribute to the safety net have recently been reformed.
The Supplemental Nutritional Assistance Program (SNAP; formerly Food Stamps) was
expanded in response to the Great Recession (Ganong & Liebman 2018, We do not em-
phasize these expansions here because most of them took place after our sample members

completed their schooling. The Child Tax Credit (CTC) was enacted in 1997. Prior to

3These findings are broadly consistent with those of |[Boudreaux et al.| (2016) and |Goodman-Bacon
(2016)), who studied the long-term effects of the initial roll-out of the Medicaid program.
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2001, it was non-refundable, limiting its value to low-income families. In 2009, sub-
stantial benefits became available for low-income families (Chetty et al. 2011} Nichols &
Rothstein! 2016) |Goldin & Michelmore|[2020. By then, our sample members had largely

finished their education.

3.3 Data

3.3.1 Survey basics

The NLSY comprises two longitudinal surveys that have followed two generations
of Americans over a lengthy period of time. The NLSY79 began in 1979 with 12,686
individuals who were born between 1957 and 1964. They were interviewed annually
between 1979 and 1994 and biennially between 1994 and 2016. As we discuss below,
various subsamples have been discontinued over time, but the retention rate for the
remainder of the sample ranged from 96 to 84 percent between 1980 and 1998, which are
the interviews that we make use of here.

The NLSY97 began in 1997 with 8,984 individuals who were born between 1980 and
1984. They were interviewed annually between 1997 and 2011 and biennially between
2011 and 2017. In 2017, the retention rate was 75 percent. Both surveys are based on

stratified probability samples of the US population in their respective birth cohorts.

3.3.2 Sample exclusions

To make the samples as comparable as possible, we restrict attention to particular
subsets of survey respondents. The NLSY79 initially included a military sample as well as
so-called oversamples of low-income youths. The military sample was largely discontinued

in 1985 and the white low-income oversample was discontinued in 1991. We exclude both
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of these groups from all of our analyses.

We make other exclusions based on age. Certain variables from “wave 0,” that is, the
year prior to the first interview, are available only for those respondents who lived with
a parent figure at the time of the first interview. Therefore, we limit our main analyses
to NLSY79 respondents who were born between 1961 and 1964, and were therefore 14-17
years old in 1978. In the NLSY97, respondents were aged 12-16 in 1996, so we make no
age-related exclusions.

Finally, we drop Hispanic respondents from both surveys. The reason is that the
Hispanic population of the United States was very different in 1979 and 1997, rendering
the Hispanic subsamples of the two surveys largely non-comparable. The 1979 survey
began when the United States was near a long-time low in immigration. In contrast,
the 1997 survey began after immigration had been rising for nearly two decades, with
substantial numbers coming from Spanish-speaking countries [Migration Policy Institute
2019, Hispanics in the NLSY79 were likely members of families who had been in the
United States for a considerable time, whereas many Hispanics in the NLSY97 were

first-generation immigrants Duncan et al.|2020.

3.3.3 Key variables

Key explanatory variables include the mother’s education, father’s education, family
structure at age 12 (NLSY97) or 14 (NLSY79), and family size, all of which were col-
lected in the first interview. Also collected at that time was information on household
income and whether the household had received cash welfare during the previous year.
To account for the potential effects of macro- and socio-economic factors on schooling,
we merged annual state-level information on unemployment, GDP/capita, returns to

schooling, income inequality, and incarceration rates onto the individual-level recordsﬁ

4The Online Data Appendix provides sources and methods for these variables.
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We then averaged the values of those variables over the years in which the adolescent
was 18-22 years old.

Our analysis makes use of two sets of dependent variables: a measure of economic sta-
tus during adolescence, which we use to construct our treatment and comparison groups,
and several measures of educational attainment. Economic status during adolescence is
measured as the ratio of income to needs. Specifically, it is constructed as the average
value of household income relative to the household’s poverty threshold when the sample
member was between the ages of 14 and 17[] The idea is that adolescents from families
with lower income/needs would be at greater risk of being poor as adults themselves,
and therefore be more likely to be affected by changes to the safety net. Adolescents at
lower risk would be less likely to be affected by safety net reform.

We analyze several measures of educational human capital. The first is highest grade
completed. We add to that three measures of degree attainment. The first is an indicator
equal to one if the youth received a high school credential, including a GED, and equal
to zero otherwise| The second is an indicator of whether the youth received a post-
secondary credential that was lower than a bachelor’s degree. The final one is an indicator
of whether the youth received a bachelor’s degree. We refer to these measures as recording
educational outcomes at age 25. For about 90 percent of the sample, that is literally true.
In order to minimize missing values, for youths who were missing data at age 25, we filled
in with data from nearby agesﬂ Sample means for all the variables that appear in our

analysis are shown in online Appendix Table 1.

5The NLSY surveys contain many households with multiple sibling respondents. We average house-
hold income and poverty thresholds across all siblings over the relevant age ranges

6The GED does not factor into the calculation of highest grade completed.

"For youths who were missing age 25, we looked at age 26. For youths missing ages 25 and 26, we
looked at age 24, and likewise for ages 27 and 23.
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3.4 Estimation and Results

3.4.1 Constructing treatment and comparison groups
Risk regressions and risk groups

To construct our treatment and comparison groups, we first estimate a regression
to predict income/needs during adolescence. We use the predicted values from that
regression as an index of risk, then construct high- and lower-risk groups based on terciles

of that index. The risk regression takes the form

Ryi=Zuf +ug  g=1979,1997;i =1, n, (3.1)

where R, equals income/needs between the ages of 14 and 17; Z,; is a vector of predictors
including ¢’s mother’s education, father’s education (both linear and quadratic terms),
family structure at age 12/14, sex, race, and all interactions among those variables. The
term 6 is a vector of coefficients to be estimated, u4; is an unobservable disturbance term,
and n, is the number of observations in generation g.

Equation (1) is estimated using data from the NLSY79. We then use the resulting
regression coefficients to predict adolescent income/needs for both the NLSY79 and the
NLSY97, on the basis of the each generation’s predictor variables.ﬁ We refer to these
predicted values as a risk index. We then define treatment and comparison groups on
the basis of the distribution of the risk index. We take the first tercile, that is, the

lowest predicted income/needs, as the treatment group and the 2" tercile as the com-

8In preliminary work, we also included the macro- and socio-economic variables described above in
the risk regressions. However, this presented us with a serious out-of-sample prediction problem, since
many of those variables exhibited strong trends between the two generations. As a result, some of the
risk groups in the NLSY97 that were based on the NLSY79 terciles were nearly empty. We therefore
estimated the risk regressions as a function of person- and household-level variables only. We use the
macro- and socio-economic variables as controls in some of the outcome regressions, as discussed below.
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parison group. We do not use the 3'¢ tercile for our main analysis. We show below that
adolescents in the top tercile of the income/needs distribution come from much more
advantaged backgrounds than those in the bottom two terciles. As a result, they may
provide a poor comparison group.

To this point, we have sidestepped the fact that our approach requires us to make
several decisions. One is whether to construct R, as the average of the ratio of income
to needs, or as the ratio of average income to average needs? Another is which estimator
to use? Another is whether we should include family structure as a regressor, since
family structure in the later generation may have been affected by state-level welfare
reforms in the early 1990s. Another is how to estimate the quantiles used to divide the
sample into risk groups? Should we estimate them from the generation that was used to
estimate the risk regression, then apply them to both generations? Or should we tabulate
generation-specific quantiles instead?

Since any of these decisions could in principle affect our results, and none is obviously
right or wrong, we prefer not to take a stand. Instead, we construct sixteen sets of risk
groups. We estimate two versions of equation (1), one whose dependent variable is the
average of the annual ratios of income/needs, and one whose dependent variable is average
income divided by average needs. In each case, we use two different estimators. These
include ordinary least squares and weighted least squares, weighting by the first-round
sampling weights. Likewise, we estimate two sets of risk regressions, one of which includes
family structure and its associated interactions, and one of which excludes them.

Finally, we use both absolute and relative terciles to construct the risk groups. In
the case of absolute quantiles, we use the terciles from the NLSY79 to define risk groups
for both generations. In the case of relative quantiles, we estimate separate terciles for
each survey. The absolute quantiles provide an absolute definition of risk. However,

changes in the distributions of parental education and family structure may cause this
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approach to misclassify sample members in the latter generation. Parental education rose
substantially between generations, as shown below. This means that parents who were
high school graduates were probably more favorably selected in the earlier generation
than the latter, which would tend to push latter-generation sample members lower in
the risk distribution. How this would affect our estimates is not entirely clear. The
reason is that some sample members who would have been classified as high-risk may
be classified as lower-risk, but at the same time, some who would have been classified as
lower-risk may be classified as lowest-risk and thus dropped from the outcome regressions
altogether. Changes in the distribution of family structure give rise to similar issues. For
this reason, we use the relative quantiles to provide an alternative, relative, definition
of the risk groups. We combine the estimates and base inference on them using the

specification curve approach of [Simonsohn et al.|[2020, as discussed below.

Characteristics of the high- and lower-risk groups

For the moment, we consider the results of our procedure for predicting poverty risk
and classifying sample members into treatment and comparison groups. Since the coeffi-
cients from the risk regressions are rather numerous and not particularly enlightening, we
present them in Appendix Table 2. In Table[3.1] we present variable means by risk group,
sex, and generation. Panel A presents results for the NLSY79 and panel B presents re-
sults for the NLSY97. Statistics for women appear on the left and those for men appear
on the right. In each panel, the first column reports means for the high-risk treatment
group, which is the first tercile of the risk distribution, and the second column presents
means for the lower-risk comparison group, which is the second tercile. For purposes of
comparison, we also present means for the top tercile, in the third column, although we
do not use this group in estimation below. These values are averaged over all sixteen sets

of risk groups.
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Many of the differences between risk groups are what one might expect. In panel
A, we see that parental education is lower for youths in the high-risk group than in the
lower-risk group. The high-risk youths also come from larger families, and their families
had lower income at wave 0

The next three rows of the table show that our method for constructing risk groups
results in a high-risk treatment group that was likely to have been directly affected by
safety-net reform. First, over 30 percent of this group’s families received cash welfare in
the year before the NLSY79 survey began. This is similar to the level of welfare receipt
at the time among single-parent families, who have often been the focus of studies of
welfare incentives (e.g. Mofhitt| (1983), Meyer & Rosenbaum| (2001), Grogger| (2003)).
Second, roughly 65 percent of this group was Black. Among white and black children
receiving AFDC prior to safety-net reform, roughly 55 percent were black (US DHHS
1995). Finally, about 60 percent of this group lived in a single-parent household. About
90 percent of adult recipients of AFDC were single mothers (US DHHS 1995). In contrast,
the lower-risk comparison group was much less likely to have received welfare in wave 0,
to be Black, or to have been raised by a single parent. The high-risk treatment group was
considerably more likely to have been exposed to the safety net, and thus to safety-net
reform, than the lower-risk comparison group. Put differently, safety-net reform was a
higher-intensity treatment for the high-risk group than for the lower-risk group’]

Panel B reports similar statistics for the NLSY97. In relative terms, the high-risk
group remains disadvantaged in comparison to the lower-risk group. At the same time,

the high-risk group had more-educated parents, higher family incomes, lower exposure

9All monetary amounts are expressed in thousands of 2018 dollars.

10The high- and lower-risk groups do not make up exactly 33 percent of the sample, as one might
have expected from groups based on terciles. There are two reasons for this. First, in both generations,
there is lumpiness in income/needs, owing to lumpiness in both reported household income and poverty
thresholds. Second, the NLSY79 (i.e., absolute) terciles generally do not divide the NLSY97 sample into
thirds.
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to welfare, yet were more likely to live in a single-parent family, than the high-risk group
in the NLSY79. It is conceivable that family incomes were higher, and welfare receipt
was lower, due to the safety-net reforms themselves.

Predicted income/needs, our measure of risk, improved a bit between generations
among the most disadvantaged group. In the earlier generation, mean predicted in-
come/needs was 1.458 for women, and 1.490 for men, in the high-risk group. In the
latter generation, that rose to 1.878 and 1.913, respectively. Predicted income/needs
rose less between generations within the lower-risk group.

These differences in background characteristics are reflected in the differences across
risk groups in the distribution of schooling. Figure displays histograms of highest
grade completed, disaggregated by sex, generation, and risk group.lﬂ For both women
(Panel A) and men (Panel B), there is less mass to the right of the spike at 12 years among
the high-risk group than among the lower-risk group. Also evident is the stark difference
between these two groups and the lowest-risk group. Already in the earlier generation, the
lowest-risk group was much more likely to complete more than twelve years of education,
and particularly more likely to obtain at least 16 years, than the two higher risk groups.
Combined with their families’ higher income/needs during adolescence, their parents’
higher education levels, and their minimal exposure to welfare in adolescence, this group
seems like a poor comparison for the group that was most affected by safety-net reform.
As a result, we omit them from the regression analysis below.

To provide a preview of the regression results, we present mean schooling outcomes by
sex, generation, and risk group in Table [3.2] along with mean differences and differences-
in-differences by group, restricting attention to the high-risk treatment group and the

lower-risk comparison group.lﬂ The layout is similar to that of Table above, with the

1 Ag in Table these histograms are averaged over all sixteen sets of risk groups.
12 Again, these tables are averaged over all sixteen sets of risk groups.

110



How Did Safety-Net Reform Affect the Education of Adolescents from Low-Income Families?
Chapter 3

addition of rows and columns presenting the differences and differences-in-differences.
The first row of the Table shows that high-risk women in the earlier generation com-
pleted 11.947 years of education, leaving them 0.766 years behind lower-risk women, who
completed 12.713 years. Both groups completed more schooling in the later generation,
at 12.49 and 13.393 years, respectively. However, the gain among the high-risk group was
less than that for the lower-risk group, such that the high-risk group fell behind by 0.137
years in relation to their lower-risk counterparts. This deficit is the result of decreasing
rates of degree attainment, both at the bachelor’s and sub-baccalaureate level.
High-risk men started out at an even greater disadvantage in relation to lower-risk
men, but they gained more between generations. As a result, the high-risk men gained
0.161 years in relation to the lower-risk men. Contrary to women, men gained ground at

all levels of degree attainment.

3.4.2 Outcome Regressions
The difference-in-difference regression model

We estimate the effect of safety-net reform via difference-in-difference outcome re-

gressions that take the form:

Ygi = Qo+ Ay + coHy + BAHy + Xgiy +ug g =1979, 1997;i =1,---,n, (3.2)

where y,; is a schooling outcome for the ith person in the g™ generation, such as highest
grade completed; A, is an “after” dummy, equal to one for members of the NLSY97 and
equal to zero for members of the NLSY79; H; is a high-risk dummy, equal to one if

the ith person in the gth generation is classified as high-risk, and equal to zero if she
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is classified as lower-risk; and X is a vector of controls. The terms g, o, a9, 8, and
7 are parameters to be estimated, and ug; is an unobservable disturbance term. The
coefficient 3, on the interaction between the 1997-generation dummy and the high-risk
dummy, is the coefficient of interest. Because we expect safety-net reform to affect males
and females differently, we estimate equation (2) separately by sex.

In equation (2), ay captures pre-reform differences in schooling between the high-
and lower-risk groups. The term «; captures general trends in educational attainment
between the two generations. If the only difference between generations were safety-net
reform, then  would identify the effect of safety-net reform as a bundle, meaning the
joint effects of all programs, via both the resource and expectations channels.

Of course, there were other changes between generations that could have affected
educational attainment. As discussed above, parental education rose and childhood living
arrangements changed. We account for these changes by including in Xg; controls for
maternal education, paternal education, family structure at age 12/14, family size, and
race. We refer to this as our baseline speciﬁcation.ﬁ

In addition, there were changes in a number of macro- and socio-economic factors
between generations which may have independently influenced educational outcomes.
These include real GDP /capita; unemployment; the return to education; inequality, as
measured by the share of income accruing to the top 10 percent; and incarceration rates.
In some specifications, we add these aggregate measures to the baseline specification; we
refer to this as our baseline+macro specification. These measures reflect the values in
the sample member’s state of residence between the ages of 18 and 22. These controls
help to better isolate the effect of safety-net reform.

For both the baseline and baseline+macro specifications, we further expand the sets

13The regressions also include missing value flags for these variables. These equal one when the
corresponding variable is missing and zero otherwise. Missing values of the corresponding variable are
recoded to zero.
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of controls in two ways. First, we interact the control variables with the treatment-group
dummy Hgy. These interactions allow the control variables to influence the outcome
variables differently according to risk group. The combination of changing regressors
across generations and differential effects by risk group could be falsely attributed to
the effects of safety-net reform in the absence of these interactions. Second, we add
interactions between all the regressors and the post-reform dummy A,. These interactions
account for otherwise unobserved trends in schooling that are associated with the effects

of these factors which could otherwise bias our estimated effects of safety-net reform.

Inference

With sixteen sets of risk groups and six sets of controls variables, we estimate 96
different specifications of equation (2). We aggregate these estimates in two ways. First,
we report the mean and median of the 96 estimated treatment effects. We then simu-
late the distributions of those test statistics using the resampling approach outlined by
Simonsohn et al.| (2020). We bootstrap the data 500 times, forcing the null hypothesis of
no treatment effect and estimating all 96 specifications of the model at each bootstrap
iteration. At each iteration, we calculate the mean and median bootstrap treatment ef-
fects [ The 500 values so calculated provide estimates of the distributions of the mean
and median treatment effects that would obtain under the null hypothesis of no effect.
We calculate overall p-values for our test of the null hypothesis by counting the share
of bootstrap means and medians that are at least as extreme as the actual mean and
median.

Second, we plot the underlying estimates using the specification curve of |[Simonsohn

et al.| (2020). These graphs display the relationship between the 96 estimated treatment

14 Bootstrapping is done at the level of the household, since some NLSY households contain multiple
sample members.
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effects and the characteristics of the regression models that produce them. We make one
refinement to the scheme proposed by [Simonsohn et al.| (2020), plotting the magnitudes
of the estimates, rather than their rank-ordering. This allows the reader to assess the
magnitudes directly and also provides a sense of the variation among the estimates across

specifications.

3.4.3 Main results

The first part of Table summarizes estimates of # from equation (2). The first
column presents results for women and the second presents results for men. In the first
row, we present the mean of the estimates of the effect of safety-net reform on highest
grade completed. The figure below that is the simulated p-value for the mean, obtained
as described above. The next rows present the median estimate and its simulated p-
ValueE] In addition to the variables shown, the underlying regressions included various
sets of control variables as described above.

The mean estimate for women is -0.175, with a p-value of 0.252, and the median
estimate is -0.221, with a p-value of 0.010. Twenty-five of the 96 underlying coefficients
were significant at the 5 percent level '] If the estimates were independent, the probability
that 25 of 96 coefficients would be significant would be 6.9x1072 under the null of no
effect. The difference between the binomial and simulated p-values reflects the substantial
dependence among the estimates. Overall, these results suggest that safety-net reform
may have modestly reduced completed schooling for women, although that reduction is
not statistically significant.

For men, the central tendency of the estimated treatment effects on years of education

15 A1l analyses were carried out using Stata 16. For an even number of observations k, Stata defines
the median as the average of the k/2th and (k+2)/2th values.

16Both here and below, significance levels for individual regression coefficients are based on standard
errors that are clustered at the level of the household.
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is positive. The mean estimate is 0.171 [p-value=0.046] and the median is 0.134 [0.074].
Safety-net reform increased highest grade completed among men by a modest, marginally
significant amount.

Figure plots the underlying estimated treatment effects using specification curves
Simonsohn et al.|[2020l Each point in the curve plots an estimate of § from equation
(2). Among all the rows representing a particular specification characteristic, there are
96 estimates; the number of points on each row is equal to 96/p, where p is the number of
values taken by that characteristic. Thus there are 48 estimates plotted on each of the two
rows for the choice of dependent variable in the risk regression (Average (income/needs)
vs. (Average income)/(Average needs)), and 16 estimates plotted on each of the six rows
pertaining to the specification of the outcome regression. Panel A presents the curve for

women and Panel B presents the curve for men.
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Figure 3.1: Estimates of the effect of safety-net reform on highest grade completed, by
sex and specification characteristics
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Notes: Each point plots an estimated treatment effect (i.e., an estimate of 8 from equation (2)).
Among all the rows representing a particular specification characteristic, there are 96 estimates; the
number of points on each row is equal to 96/p, where p is the number of values taken by that
characteristic. Thus there are 48 estimates plotted on each of the two rows for the choice of dependent
variable in the risk regression (Average (income/needs) vs. (Average income)/(average needs)), and 16
estimates plotted on each of the six rows pertaining to the specification of the outcome regression. The
solid vertical line depicts the mean estimate, and the dashed vertical line depicts the median estimate.
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As a general matter, the specification curves convey several pieces of information.
First, the mean treatment effect of -0.175, presented in the first row of Table is
depicted with a solid vertical line, and the median treatment effect of -0.221, presented
in the third row of Table [3.3] is marked with a dashed vertical line. Second, by plotting
the magnitudes of the coefficients, rather than their rank ordering, as in |Simonsohn
et al. (2020), the specification curves depict the range of variation of the estimates. For
women, the estimated treatment effects range from roughly -0.6 to 0.6, with a majority
being negative.

Third, they show which specification characteristics have the greatest influence on
the estimates. To see this, note that all 96 estimates are plotted on each set of rows
representing a single specification characteristic. If the estimates are insensitive to the
different values of the characteristic, then the estimates plotted on the associated rows
will overlap. Less overlap indicates greater sensitivity.

The first two rows of Figure show estimates according to the dependent variable
used to estimate the risk regression, and the second two rows show them according to
whether the risk regression was weighted or not. In both cases, the estimates overlap to
a great extent. Put differently, basing the risk regression on mean (income/needs) vs.
(mean income)/(mean needs) has little effect on the estimates. The same can said for
the choice of estimator, and likewise, in the next two rows, for the use of relative vs.
absolute thresholds to define the risk groups. The next two rows show that the largest
positive estimates tend to come from specifications that include family structure.

Which variables are included in the outcome regressions is more consequential. The
specifications with no interactions, either by risk-group or by generation, tend to yield
the most negative estimates. Those with generation interactions tend to be smaller in
absolute value, but most remain negative.

The specification that stands out most includes the baseline+macro variables plus
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risk-group interactions. This single specification delivers most of the positive estimates
in the Figure. This shows that it is difficult to disentangle the effects of safety-net reform
from those of other macro- and socio-economic factors whose effects vary by risk group.

The specification curve for men, in panel B, differs in several regards. First, the
estimates span a smaller range, extending from roughly -0.05 to O.ZO.B Second, a much
larger share of the estimates is positive. Finally, in contrast to the estimates for women,
the specification that yields the largest positive estimates now involves a combination of
baseline+macro regressors, risk-group interactions, and the exclusion of family structure
variables.

The remainder of Table presents estimates of the effect of safety-net reform on
three additional educational outcomes. These are high school graduation, post-secondary
sub-baccalaureate degree completion, and bachelor’s degree attainment. The estimates
are all based on linear probability models. These measures of degree attainment were
collected from a different set of questions than those used to measure highest grade
completed.

The estimates in Table |3.3|show that safety-net reform had little effect on high school
graduation. The mean and median estimates for women are both negative but fairly
small, and neither is significant. The estimates for men are both positive and small, and
likewise insignificant.

Figure|3.2| presents the relevant specification curves. The range of estimates for women
is fairly narrow, with the great majority of estimates being negative. The combination
of baseline+macro explanatory variables, plus risk group interactions, plus the exclusion
of family structure, is associated with the largest negative estimates. Estimates for men

span a broader range and are more evenly distributed between positive and negative

I"Here and in many cases to follow, we observe that the group whose estimates have a smaller range
also has smaller simulated p-values, even though the number of significant coefficients is similar.
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numbers. For men, the combination of baseline+macro explanatory variables, risk group

interactions, and the exclusion of family structure leads to the largest positive estimates.
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Figure 3.2: Estimates of the effect of safety-net reform on high school graduation, by sex

and specification characteristics

Average (income/needs)
(Average income)/(average needs)
OLS

WLS

°

(a) Women

High school graduation, women
1

°

oo

© 00000000  en ehmse co €0 @ © cO® o
1
1

@wagoms @ ®oe ocooo

® owoom

1
lapas asmsa adss ma N

fumm missmas aan

POV

1
Absolute thresholds | ¢ * O 00 CPBIN  WINPIOHMOO O ¢
1
1
Relative thresholds — ° LR * 0900 ct U 0o Moeeer o
1
1
Family structure excluded | = a @ @on ommomon ofgem oo m
1
1
Family structure included — o oo B o EE B S maes L]
1
Baseline regressors = XXX 08 ;{ AW 200
1
Baseline plus risk-group interactions — x XX :u»(x x
1
Baseline plus generation interactions — KK WX ® )' KK 0 MKK
1
Baseline plus macro variables — X% X »:JI‘ x
1
Baseline + macro, plus risk-group interactions | * * x %X x x : x xmoc x
1
Baseline + macro, plus generation interactions — xx xx % fx XX X MO
T T T
-1 -.05 0
Magnitude of estimates
(b) Men
High school graduation, men
Average (ir is) — oo b oo owe o ° o o o
|
|
(Average income)/(average needs) =| ®®© 0O B®EPO @| ® 00O 0 O o ° ° o o
1
OLS—| 4asmasa nu’lua 4 4 a a .
|
wisd 4 mmsasbidammns . R
|
|
Absolute thresholds —| e #0mos wm® op ® Wow o & * ° °
|
|
Relative thresholds S0 A0p B o Some - * -
|
|
Family structure excluded — BB B EE T - £ - - om Ll 6 o m o
|
|
Family structure included —|  m == s s o-ooe-o
|
" 1
Baseline regressors —| * 300 2% | -200q =
1
Baseline plus risk-group interactions =~ #x % * :’( x x %
|
Baseline plus generation interactions — x o OXX XX + x % =
|
Baseline plus macro variables — X AN x: nEKX x
|
Baseline + macro, plus risk-group interactions — JI X XXK X x X x X X
|
Baseline + macro, plus generation interactions »w o oxx )ﬂf x x 3
T T T T T T
-.05 0 .05 1 15 2

Magnitude of estimates

Note: Each point plots an estimated treatment effect (i.e., an estimate of 8 from equation (2)). Among
all the rows representing a particular specification characteristic, there are 96 estimates; the number of
points on each row is equal to the 96/p, where p is the number of values taken by that characteristic.
Thus there are 48 estimates plotted on each of the two rows for the choice of dependent variable in
the risk regression (Average (income/needs) vs. (Average income)/(average needs)), and 16 estimates
plotted on each of the six rows pertaining to the specification of the outcome regression. The solid
vertical line depicts the mean estimate, and the dashed vertical line depicts the median estimate.
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The next set of rows in Table show the estimated effect of safety-net reform on
the attainment of a post-secondary credential below the level of a bachelor’s degree, such
as an associate’s degree. For women, the estimated effects are small and negative. The
median estimate [p-value] is -0.035 [0.128] and the mean estimate is -0.035 [0.070]. For
men, the estimated effects are small and positive. The mean effect is 0.026 and the
median is 0.027, with p-values of 0.034 and 0.032, respectively.

Figure presents the associated specification curves. Here, the range of estimates
is somewhat broader for women than for men. Most of the estimates for women are
negative, whereas most of the estimates for men are positive. For women, the combination
of baseline+macro explanatory variables, risk group interactions, and the exclusion of
family structure now leads to the largest positive estimates. That said, fewer of the
estimates in this group appear to be outliers than was the case for either highest grade
completed or high school graduation. For men, most of the estimates are positive. The
estimates from specifications involving risk-group interactions stand out here less than
they did for the other attainment measures. Here, the specification characteristic that
leads to the greatest variation in estimates involves the inclusion/exclusion of family

background.

121



How Did Safety-Net Reform Affect the Education of Adolescents from Low-Income Families?
Chapter 3

Figure 3.3: : Estimates of the effect of safety-net reform on Post-secondary, sub-
baccalaureate credential, by sex and specification characteristics

(a) Women

Post-secondary, sub-baccalaureate credential, women

1
Average (income/needs) -| © ® @ o ocesxn IPIOG © awowmo oo ° o
|
(Average income)/(average needs) —| @ ® 000 06s § P @0 cosmcoe o o0
|
o5+ m s am Al memans ..
|
wisd s smwdbs aaaas .
|
|
Absolute thresholds —| @ <o o o wsoe @ b @wo  ooo@meo
|
!
Relative thresholds —| @ 000 & co@ew0 oo wee 000 %00 o
|
|
Family structure excluded —| - ® | pemoc  onessm ooo o
|
|
Family structure included —| = s s s o (o soo
I
Baseline regressors - 300X 3¢ = : xx
|
Baseline plus risk-group interactions = * + « XX W 2K
|
Baseline plus generation interactions —| X X W xXx : XX X 3¢ XX
|
Baseline plus macro variables —| MWK 3¢ = : K
|
Baseline + macro, plus risk-group interactions — xx x x ’JI X XRXX 00t X
|
Baseline + macro, plus generation interactions — x % XX 3¢ : x X X%
T T T T T
-1 -.05 0 .05 A
Magnitude of estimates

(b) Men

Post-secondary, sub-baccalaureate credential, men

'
Average (income/needs) | © 0ee ® 0 o @ewdmwom @0 o ®@ oo
I
I
(Average income)/(average needs) —| w00 & © co@mocm|| @ @ 6000 © w@® o
|
|
oLs 4 mm oaaa Adsaam || mum aa a4 mm o
|
|
WLS o J . T VYY" PR PN
|
I
Absolute thresholds —| o % ® o0 o w0 || moen @000 o @ o
|
|
Relative thresholds —| CBOWO B O ®  Swmnd ® ® LR R
|
|
Family structure excluded —| mmo | j&m e @mooo o mm
I
|
Family structure included —| OCED G0 6 @08 S @m0 80
|
" I
Baseline regressors — XX WK X X % X% x
I
" . f " I
Baseline plus risk-group interactions —| XWX XK | x X x x 0
I
Baseline plus generation interactions —{ x ,.: > oW X X x
|
Baseline plus macro variables —| XXWK X X % : x x %
|
Baseline + macro, plus risk-group interactions - XX M XX :x x x%x %
|
Baseline + macro, plus generation interactions —| x MoK : XK 20K X x
T T T T
-.05 0 .05 A

Magnitude of estimates

Note: The graph shows how the five specification characteristics (four binary and one six-valued) in-
fluence the resulting 96 estimated treatment effects. Each point plots an estimate of 8 from equation
(2). Among all the rows representing a particular specification characteristic, there are 96 estimates;
the number of points on each row is equal to 96/p, where p is the number of values taken by that
characteristic. Thus there are 48 estimates plotted on each of the two rows for the binary specification
characteristics (such as the dependent variable used in the risk regression), and 16 estimates plotted on
each of the six rows pertaining to the specification of the outcome regression. The solid vertical line
depicts the mean estimate, and the dashed vertical line depicts the median estimate.
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The last set of rows in Table show the estimated effect of safety-net reform on
bachelor’s degree completion. For women, the mean and median estimates are nega-
tive, fairly small, and insignificant. For men, they are positive, smaller, and marginally
significant.

Figure displays the relevant specification curves. The range of estimates is similar
for men and women. A majority of estimates for women is negative, whereas the majority
for men is positive. For women, specifications without interactions now tend to yield
larger negative estimates, as do specifications that include family structure. For men,
the role of both interactions and family structure is smaller than was the case for the

other outcomes.
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Figure 3.4: : Estimates of the effect of safety-net reform on BA plus, by sex and speci-
fication characteristics
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Note: Each point plots an estimated treatment effect (i.e., an estimate of 8 from equation (2)). Among
all the rows representing a particular specification characteristic, there are 96 estimates; the number of
points on each row is equal to the 96/p, where p is the number of values taken by that characteristic.
Thus there are 48 estimates plotted on each of the two rows for the choice of dependent variable in
the risk regression (Average (income/needs) vs. (Average income)/(average needs)), and 16 estimates
plotted on each of the six rows pertaining to the specification of the outcome regression. The solid
vertical line depicts the mean estimate, and the dashed vertical line depicts the median estimate.
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In terms of substance, the summary results for completed schooling for women are all
negative, with the reductions coming from decreases in both high school graduation and
post-secondary degree completion. That said, it can be difficult to separate the effects
of safety-net reform from those of trending control variables whose coefficients vary by
risk group. Moreover, all but a few of the summary estimates presented in Table |3.3
are insignificant, even at the 10 percent level. For men, the summary estimates are all
positive. The estimates pertaining to high school graduation are insignificant, but those
involving higher degrees are mostly significant.

Methodologically, the specification curves show that certain characteristics are asso-
ciated with variation in the estimated treatment effects, but that that variation is not
uniform. In the case of high school graduation, including family structure, particularly in
conjunction with risk-group interactions involving the macro- and socio-economic vari-
ables, resulted in the largest positive estimates. However, for men, excluding family
structure, in conjunction with the same other variables, resulted the largest positive es-
timates. Characteristics which led to pronounced variability for highest grade completed
and high school graduation were associated with less variability for bachelor’s degrees.

We see this as a virtue of using the specification curve approach, rather than at-
tempting to find a single, “best,” specification. It is clear that any single specification
could result in a set of estimates that differed greatly from those that we report here.
At the same time, those estimates would not necessarily differ all in one direction, be-
ing more or less positive, for example. In isolation, one can make a case for any of the
specification choices that we have made. Assessing the validity of a single combination
of several choices is a much harder task, leading to considerable model uncertainty. The
specification curve approach helps provide a transparent means of accounting for that

uncertainty in drawing inference.
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3.4.4 Additional outcomes: labor supply and post-secondary

enrollment

Tables [3.4) and provide some additional insights into what high-risk youths were
doing between the ages of 18 and 22, the time when college-goers tend to be enrolled
in school. We first consider their labor supply, then analyze various combinations of
employment and enrollment. For these analyses, we estimate regressions similar to equa-
tion (2), except now there are multiple observations per person, with one observation
per person per year. Accordingly, we included the annual measure of the macro- and
socio-economic variables associated with each year’s observation, rather than averaging
them over the ages 18-22. We report only summary tables of regression results here,
foregoing the specification curves in order to save space.

Table presents estimates for three dependent variables: an indicator for any em-
ployment during the year, the number of weeks worked during the year, and the number
of hours worked during the year. Safety-net reform increased women’s labor supply over
this age range, as shown in Panel A. They were roughly 6 percentage points more likely
to be employed; 50 of the 96 underlying estimates were significant, and p-values for both
the mean and median coefficients equaled zero to three decimal places. They worked
roughly two more weeks a year, which translated to 70 to 86 hours/year. All of these
estimates have p-values less than 0.05.

For men, the story was quite different. Safety net reform barely changed their la-
bor supply, however measured. Moreover, almost none of the estimated effects were
significant.

The results in Table reinforce these findings. Here we consider various combina-
tions of enrollment and employment status as of May 1 in each year. These measures

allow us to analyze substitution between work and schooling as a result of safety-net

126



How Did Safety-Net Reform Affect the Education of Adolescents from Low-Income Families?
Chapter 3

reform.

For 18- to 22-year-old women, safety-net reform led to a shift away from enrollment
and toward employment. It reduced the likelihood of working while enrolled by roughly
4 percentage points, while increasing the probability of working while not enrolled by
approximately 10 percentage points. It also reduced the likelihood of neither working
nor being enrolled, which is sometimes viewed as a measure of economic idleness among
young adults, by 7.3 percentage points. All of these results have p-values less than 5
percent. Safety-net reform had essentially no effect on the likelihood of not working
while enrolled.

For young men, in contrast, safety-net reform had little effect on most combinations
of work and enrollment. All of the estimates are small, and most are insignificant. The
exception involves economic idleness, which fell by about 2.5 percentage points.

In Table [3.6], we interact employment and enrollment with the presence of children.
The employment interactions provide a type of falsification test. Both welfare reform
and the EITC provide work incentives primarily for people with children. If the various
employment effects we estimate are attributable to safety-net reform, they should be
concentrated among workers with children. If we found employment effects among people
without children, it would cast doubt on whether they truly stemmed from changes in
the safety net.

In fact, safety-net reform raised the likelihood of working and having children for
women by about 6 percentage points; both the mean and median estimates are significant.
It had essentially no effect on the employment of young women without children. It also
had small but significant positive effects on the employment of young men with children.

How the effect of safety-net reform on enrollment should vary between young adults
with and without children is not entirely clear. As an empirical matter, such effects as

there are are negative and concentrated among young women without kids. However,
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those estimates are at best marginally significant.

These early effects on educational attainment and labor supply raise questions about
other outcomes and later points in the life cycle. In Bastian et al. (forthcoming)), we
build on the current paper, analyzing employment and safety-net participation as well
as marriage and childbearing. For women, we find null effects on receiving cash welfare,
but positive effects on receiving SNAP and EITC benefits. For men, we find largely null

effects.

3.4.5 Other dimensions of heterogeneity

One might expect the effects of safety-net reform to vary along a number of observ-
able dimensions, such as family structure during adolescence, family size, and birthdate.
Sample members who grew up with single parents would have been more likely to receive
welfare or EITC payments; both welfare benefits and EITC payments are a function of
family size; and several of the most important Medicaid expansions were reserved for
children born after September 30, 1983. In an attempt to estimate treatment effect het-
erogeneity, we divided the sample into subgroups along each of these dimensions. For
family structure we compare sample members from one- and two-parent families. For
birthdate we divided the NLSY97 into those born before or after September 30, 1983.
For family size, we split the sample at four individuals, which divided it most nearly in
two.

The problem is that the resulting sample sizes were fairly small. As a result, of the
total of 8640 between-group differences estimated (15 outcomes x 2 sexes x 96 specifica-
tions x 3 sets of subgroups), only 425, or 4.9 percent, of the between-group differences
were significant at the five percent level. Restricting attention to women, only 126, or 2.9

percent, of the 4320 between-group differences were significant. The subgroup estimates
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seem to be dominated by noise. As a result, we do not report them.

3.5 Discussion

To summarize our results, we find evidence that safety-net reform may have reduced
educational attainment at age 25 among women who were adolescents at the time the
reforms were enacted. Completed schooling fell by about one-fifth of a year, and high
school graduation, sub-baccalaureate degree completion, and college graduation all fell
by about 3 percentage points. Enrollment between the ages of 18 and 22 generally fell
as well. That said, although all the evidence points in the same direction, most of it
is insignificant. It is particularly difficult to distinguish the effects of safety-net reform
from those of various macroeconomic factors whose effects vary by risk group.

What'’s clearer is that safety-net reform increased young women’s work. Employment
rose by about 6 percentage points, with substantial gains in both weeks and hours of
work. Working rose most among those not enrolled, whereas working while enrolled fell.
Economic idleness, defined as neither working nor being enrolled, also fell. Furthermore,
most of the increase in employment occurred among young women with children, who
stood to gain most from the EITC and lose the most from welfare reform. Nearly all of
these estimates were significant at least at the 5 percent level.

The picture was much different for young men. Years of schooling rose by about
one-seventh of a year, with small gains in both sub-baccalaureate degrees and college
completion. Most of these estimates were significant at the 5 percent level.

At the same time, safety-net reform had little effect on work among young men. It
had no significant effect on their employment, hours, or weeks of work. However, it did
reduce economic idleness, and increase employment among those with children, by small

amounts.
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Our goal in the rest of this section is to relate these findings to prior work and offer
an explanation for them. We first note that the increases in highest grade completed
shown in Figure and Table are consistent with research showing that aggregate
levels of education increased between our two generations Murnane| 2013 Most children
in both the treatment and comparison groups grew up in the bottom half of the income
distribution, and may have benefited from favorable school funding trends, consistent

with Jackson et al. (2016) and |[Lafortune et al.| (2018).
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Figure 3.5: Distribution of highest grade completed, by sex, generation, and risk group
(a) Women
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Notes: Averaged over all 16 risk groups.

We next ask whether our results merely represent the extension into early adulthood
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of the negative consequences of welfare reform that arose while our post-reform generation
was still in its teens. As discussed above, some early studies of the effects of welfare reform
indicated that children who were teens at the time suffered as a result, particularly in
terms of scholastic outcomes |Shaefer et al.| 2020. One important problem with this
explanation is that previous evidence has shown either that welfare reform adversely
affected adolescents similarly by sex, or that it had worse consequences for boys than
for girls (Gennetian et al. (2002)); Dave et al 2020). In contrast, we find reductions
in schooling for young women, but not for young men. Furthermore, it is not clear
whether one should consider sizeable increases in employment among young women, and
reductions in economic idleness, as adverse effects.

Thus the main question is how we reconcile our results with several studies that have
recently found the EITC and Medicaid expansions to have small but favorable effects on
the educational attainment of children whose families were affected by those expansions.
As discussed above, those studies focus implicitly on the resource channel, that is, on the
extent to which safety-net reform affected children’s educational attainment by raising
their parents’ income while the children lived at home. We have no reason to dispute
those findings, and indeed our results for males are consistent with them. Thus what
we seek to explain is how safety-net reform could reduce young women’s schooling, even
though the component of its effect that worked solely through the resource channel was
positive.

A key difference between our approach and that of previous studies is that our esti-
mates should reflect both resource and expectations channels. Thus one reconciliation
between our results and those of others involves expectations. Above we argued that the
expectations channel should be more important to females than males, because women
historically were much more likely to receive welfare than men, and roughly 60 percent

of current adult EITC beneficiaries are women Hoynes & Patel|2018. Safety-net reform
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increased young men’s schooling, consistent with positive resource effects, and otherwise
had little effect on their behavior. For women, the expectations channel may have re-
sulted in a negative effect on schooling that dominated the positive effect that stemmed
from the resource channel.

The next question is, why might the expectations channel have a negative effect on
educational attainment, when safety-net reform should have raised the return to human
capital? Here we offer several admittedly tentative explanations. First, whether the
increase in the returns to human capital should take the form of schooling or labor market
experience is not clear ex ante, but depends on the return to each type of human capital.
Second, at the same time that safety-net reform increased the return to schooling, the
wage subsidy implicit in the EITC also raised the return to work. If schooling and work
are rivalrous activities, as in [Heckman et al. (2002), the result may have been more work
rather than more schooling. Finally, the decision to work may also have been promoted
by the message conveyed during the welfare reform era, which generally favored work
over education Haskins|[2006, Moffitt| 2007,

Although these explanations generally fit the data, we acknowledge that direct tests
would be more convincing. At any rate, more work on the topic is essential. Findings
that safety-net reform has had positive effects that arise via the resource channel are not
sufficient to conclude that the long-term effects of safety-net reform have been favorable.
Reductions in schooling that stem from the expectations channel could eventually have
adverse effects on earnings, despite their favorable short-term effects on early-career em-
ployment. We build on our results here in Bastian et al.| (forthcoming), where we look
at employment, safety-net participation, and family formation through age 32. Future

research should consider additional outcomes and even longer-run effects.
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Table 3.3: Estimated effects of safety-net reform on educational outcomes

Women Men

1 2

Highest grade completed

Mean estimate -0.175  0.171
P-value 0.252  0.046
Median estimate -0.221  0.134
P-value 0.100  0.074
No. of signif. coeffs. (out of 96) 25 25
High school graduation
Mean estimate -0.031 0.018
P-value 0.112  0.252
Median estimate -0.028 0.003
P-value 0.120  0.500
No. of signif. coeffs. (out of 96) 0 6
Post-secondary, sub-baccalaureate credential
Mean estimate -0.035 0.026
P-value 0.128 0.034
Median estimate -0.039  0.027
P-value 0.070  0.032
No. of signif. coeffs. (out of 96) 21 7
BA or greater
Mean estimate -0.032  0.021
P-value 0.136  0.044
Median estimate -0.034 0.016
P-value 0.076  0.106
No. of signif. coeffs. (out of 96) 21 8

Notes: Based on 96 regressions per outcome. Sample sizes range from 2,598 to 3,601 for women and
from 2,683 to 3,690 for men. Differences in sample sizes across regressions stem from differences
in the definitions and sizes of risk groups, and from differences in the number of missing values
across outcomes.
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Table 3.4: Estimated effects of safety-net reform on labor supply, ages 18-22

Women

(1)

Men
(2)

Any weeks worked

Mean estimate 0.057
P-value 0.000
Median estimate 0.064
P-value 0.000

No. of signif. coeffs. (out of 96) 50
Weeks worked

Mean estimate 2.089
P-value 0.016
Median estimate 1.883
P-value 0.026

No. of signif. coeffs. (out of 96) 37
Hours worked

Mean estimate 86.437
P-value 0.016
Median estimate 70.395
P-value 0.042

No. of signif. coeffs. (out of 96) 42

0.001
0.470
-0.002
0.452

-0.294
0.456
-0.390
0.376

-19.111

0.404

-30.498

0.298
12

Notes: Based on 96 regressions per outcome. Sample sizes range from 12,478 to 17,999 for women
and from 12,082 to 18,363 for men. Differences in sample sizes across regressions stem from
differences in the definitions and sizes of risk groups, and from differences in the number of missing

values across outcomes.

137



How Did Safety-Net Reform Affect the Education of Adolescents from Low-Income Families?

Chapter 3

Women

(1)

Men
(2)

Working, enrolled

Mean estimate

P-value

Median estimate

P-value

No. of signif. coeffs. (out of 96)
Working, not enrolled

Mean estimate

P-value

Median estimate

P-value

No. of signif. coeffs. (out of 96)
Not working, enrolled

Mean estimate

P-value

Median estimate

P-value

No. of signif. coeffs. (out of 96)
Not working, not enrolled

Mean estimate

P-value

Median estimate

P-value

No. of signif. coeffs. (out of 96)

-0.044
0.018
-0.039
0.010
34

0.111
0.000
0.098
0.000
66

0.006
0.210
0.006
0.210

-0.073
0.000
-0.073
0.000
o7

-0.007
0.494
-0.008
0.440
23

0.022
0.182
0.026
0.130
14

0.011
0.150
0.003
0.418
17

-0.025
0.044
-0.027
0.034
10

Table 3.5: Estimated effects of safety-net reform on economic activity, ages 18-22

Notes: Based on 96 regressions per outcome. Sample sizes range from 12,717 to 17,998 for women
Differences in sample sizes across regressions stem from
differences in the definitions and sizes of risk groups, and from differences in the number of missing

and from 12,430 to 18,407 for men.

values across outcomes.
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Table 3.6: Estimated effects of safety-net reform on economic activity by presence of
children, ages 18-22

Women Men

(1) (2)

Working, with children

Mean estimate 0.064 0.028
P-value 0.000  0.012
Median estimate 0.067  0.032
P-value 0.000  0.002
No. of signif. coeffs. (out of 96) 50 32
Working, without children
Mean estimate 0.002  -0.013
P-value 0.410  0.290
Median estimate -0.006 -0.014
P-value 0.436  0.258
No. of signif. coeffs. (out of 96) 5 2
Enrolled, with children
Mean estimate -0.002  -0.002
P-value 0.410  0.242
Median estimate -0.002  -0.003
P-value 0.360  0.168
No. of signif. coeffs. (out of 96) 0 2
Enrolled, without children
Mean estimate -0.040  0.005
P-value 0.064 0.250
Median estimate -0.033 -0.011
P-value 0.078 0.366
No. of signif. coeffs. (out of 96) 24 22

Notes: Based on 96 regressions per outcome. Sample sizes range from 12,480 to 17,688 for women
and from 12,282 to 18,243 for men. Differences in sample sizes across regressions stem from
differences in the definitions and sizes of risk groups, and from differences in the number of missing
values across outcomes.
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Appendix for Chapter 1

A.0.1 Conceptual Model on Differential Health Impacts

This subsection begins with a conceptual framework that explains how heat affects
health through adaptation and/or the biological channel. Next, I introduce a set of em-
pirical regressions that test for potential differential effects by heat composition. Combin-
ing these two parts, adaptation provides a more plausible explanation for the differential
health impacts compared to the biological channel.

Suppose urban heat UH and background temperature T impose the same health
risks. Then overall temperature L, the sum of the two, would be sufficient for evaluating
the health-temperature relationship, and introducing a composition variable should have
minimal impact unless health risks indeed differ by heat composition.

Following Grossman| (1972)), Becker & Murphy| (1988)), Moretti & Neidell| (2011)),
Barreca et al.| (2016)), and Descheénes et al.| (2017)), I formulate a health production model

that accounts for temperatures, other factors (W), and avoidance behavior (A):
H=H[UH,T,W, A(UH,T)] (A.1)

140



Appendix for Chapter 1 Chapter A

For z € {UH, T}, the total differentiation is as follows:
dH  OH n 0H 0A
dv  0Or, 0OA Ox

B A

(A.2)

The overall impact of z on health consists of two components: the direct effect through
the biological channel (B,) and the indirect effect through the avoidance channel (A,).

In the existing literature, overall temperature (L) has been considered the primary
determinant of health impacts, without accounting for its composition. In other words,
potential differences between urban heat (UH) and background temperature (T) in the
health-temperature relationship have not been examined. Without loss of generality,

consider the simplest regression:

H= Lﬁo + W/")/O + €g (AB)

where W represents a set of controls, including fixed effects. Next, I consider the following

regression, which explicitly accounts for UH and is mathematically equivalent to including
both UH and T on the right-hand side, as shown in Proposition [2} I rely on because

it aligns with existing approaches and provides a more straightforward interpretation.

H=LB +UHri+ W+ +e (A.4)

Using equations and [A.4] the following proposition evaluates whether urban heat

needs to be explicitly accounted for.

Proposition 2 5y # 3, implies Byy + Ayg # Br + Ar. In other words, changes in the
estimate of L after including UH controls suggest differential total effects of UH and T,
summing across biological and avoidance channels.
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Proof. By the Frisch-Waugh-Lovell Theorem, (3, estimates the same relationship
between H and L after both have been adjusted for the influence of UH, that is, dL HIUH.
When (81 # By, implying % + ‘Z—IE|U_H, we have:

dH _OHOT  OH 0T  OH (DAOT  0A oUH
dL 0T 0L  OUHOUH 0A \9T OL OUH OL

(A.5)
dH +(1—a) dH
—Yar dUH
with o 1= gz Since 1 = gé 8(U(§{L+T), we obtain agLH 1 —a. Similarly:
dH —— OH 8T OHOAOT dH
—|UH = A.
dL U or 8L OAOTOL  dT (4.6)
This implies that:
B # By = dUH?é = Byw + Ayn # Br + Ar

Q.E.D.

Equation shows that the effects of L on health are a weighted average of the effects
of UH and T, with weights determined by changes in heat composition («). That is,
composition matters unless the marginal effects of the two are identical. Furthermore,
when the regression controls for UH, Equation indicates that the estimate of L now
represents only the effects of T. Since UH is held constant, all effects of L are attributed
solely to T, capturing its influence exclusively.

As discussed in Section [1.2] urban heat UH and background temperature T differ in
many aspects, including geographical scale, formation, and, most importantly, adaptation
potential. Given the complexity of urban climate dynamics, the same adaptation method

may not be equally effective for heat events that are homogeneous across neighborhoods
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versus those that are highly localized. Thus, it is crucial to examine the potential differ-
ential impacts of these two heat components and assess whether explicitly incorporating

urban heat improves modeling of the health-temperature relationship in urban settings.

A.0.2 Urban Heat Mitigation Simulation

I begin by simulating the health benefits associated with different levels of urban
heat using urban heat estimates. Next, [ compare these results to simulations based on
overall temperature estimates to demonstrate that heat composition matters in policy
evaluation. Finally, I examine tree planting, a widely used mitigation policy implemented
in numerous U.S. cities.

The first exercise explores the extent to which urban heat mitigation improves health
outcomes. For this analysis, I rely on UH estimates from Equation [[.4] The benchmark
is the predicted caseload 7, under actual urban heat levels, while the comparisons involve
four hypothetical urban heat reduction scenarios, 9,1 to 9ns. I calculate the predicted

proportional change in caseload (yh‘;y”) for all observations in my sample. Then, I

aggregate them using 1-degree background temperature bins and plot the results, as
shown in Figure (1.9

The second exercise evaluates whether accounting for heat composition affects policy
outcomes. I apply the same mitigation scenarios but modify the simulation model to one
based on overall temperature, i.e., Equation Using the same procedure, I compute
proportional changes in predicted caseload at each 1-degree background temperature bin
and compare these reductions to those from the first exercise in Figure [1.10]

Finally, I link these results to policy variables by incorporating tree canopy data from
the U.S. Forest Service, Department of Agriculture. To maintain consistency with the

previous simulations, I estimate the effects of trees on urban heat using a separate model
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with both cross-validated random forest and neural network methods, both of which
produce similar results. Specifically, this estimation uses panel data on urban heat and
background temperature from 2018, along with cross-sectional tree canopy data from the
same year. The model captures the effect of static tree canopy on urban heat at the block-
group level, allowing the impact to vary by season, location, and background temperature.
Calendar-year effects are not included, as tree canopy data are cross-sectional. However,
Table indicates that annual trends have minimal impact on urban heat.

For the simulation, I vary tree canopy levels to estimate the corresponding urban
heat reductions, predict the caseloads using these adjusted urban heat levels as 9, , and
then follow the same procedure to compute proportional changes in caseload. Two tree
planting strategies are considered: the first uniformly increases tree canopy by a fixed
proportion, while the second targets the lower end of the distribution, raising tree canopy
to specific thresholds. For each strategy, I vary the amount of additional tree cover and
report the resulting proportional changes in predicted caseload in Figure [I.11]

Health impacts are estimated using two approaches: (1) group-mean estimates (i.e.,
indicator variables for each UH group, resulting in a constant risk level within each
UH bin) and (2) a more flexible specification that allows group-specific slopes. 1 rely
on the second specification for reporting results, as the first approach involves greater
information loss, which varies systematically across mitigation scenarios. To see this,
consider a conservative UH mitigation strategy such that urban heat reductions are
small, e.g., from 2.99 to 1.01. In such cases, the predicted health impact is minimal
because both values fall within the same UH bin. This issue is less pronounced with more
aggressive mitigation strategies but still results in an underestimation of the true effects.
To ensure comparability and accuracy, I present results from the second specification,
which, while similar to the first, offers a more precise estimate—especially for conservative

UH mitigation approaches.
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A.0.3 Appendix Figures and Tables

Figure A.1: Sample Areas

] s-km Bufter ,
Study Area %
|E| Urban and Built-up Land @
Notes: This figure overlays urban areas and urban buffers used in the urban heat calculation with the
sample areas used in the analysis. These areas differ because urban heat calculations are based solely

on land type, whereas the analysis sample is defined as the intersection of 2010 Census Urban Areas
and EMS service areas.
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Figure A.2: Robustness Check: Contemporaneous Effects of L in Alternative Specifica-
tions

125
1
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< .05
2
2
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Notes: Robustness check for Figure [I.3] Within each panel, the colored line replicates the main
estimates from the text, while the two gray lines report estimates with block-group-month and/or
block-group-week fixed effects (instead of block-group fixed effects). The last panel presents estimates
using the number of EMS dispatches as the outcome variable, applying the same set of fixed effects.
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Figure A.3: Robustness Check: Contemporaneous Effects of L by High-Low UH in Al-

ternative Specifications
(a) Cross-Block-Group Comparison
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Notes: Robustness check for Figure In each panel, the top-left graph reproduces the main figure
from the text, while the next two incorporate block-group-month and/or block-group-week fixed effects.
The final panel presents estimates using the number of EMS dispatches as the outcome variable with
the same set of fixed effects.
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Figure A.4: Robustness Check: Contemporaneous Effects of Urban Heat in Alternative

Specifications
May to July
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Notes: Robustness check for Figure[I.6] Within each panel, the colored line replicates the main estimates,
while the two gray lines report estimates incorporating block-group-month and /or block-group-week fixed
effects. The final panel presents estimates using the number of EMS dispatches as the outcome variable

with the same set of fixed effects.

148



Appendix for Chapter 1 Chapter A

Figure A.5: Robustness Check: Effects of Urban Heat by T
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Notes: Estimates are based on Equation [1.4] with treatments varying by 7. The model controls for
city-by-date, calendar-year, and block-group fixed effects. City-by-date fixed effects absorb T and other
regional macroclimatic conditions that vary at the same level. Background temperatures around 70
degrees roughly separate the sample into the bottom 40% and the top 60%. Confidence intervals represent
95% standard errors, clustered at the census block level. The reference group is UH € [—1,1) (denoted
by the red ”x”).

149



Appendix for Chapter 1 Chapter A

Figure A.6: Robustness Check: Cross-sectional Adaptation to Urban Heat in Alternative
Specifications

(a) With BG-Month Fixed Effects
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(b) With BG-Week Fixed Effects
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P-Values for differential effects: 0.369 (top) 0.021 (bottom)

Notes: Robustness check for figure Also includes city-date fixed effects. P-values are calculated
under the null hypothesis that the differences in the urban heat effect across high-low groups are all 0.
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Figure A.7: Robustness check: Over-Time Adaptation to Urban Heat in Alternative

Specifications
(a) With BG-Month Fixed Effects
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(b) With BG-Week Fixed Effects
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Notes: Robustness check for figure Also includes city-date fixed effects. P-values are calculated
under the null hypothesis that the differences in the urban heat effect across high-low groups are all 0.
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Figure A.8: Adaptation to Urban Heat by Previous UH Exposure Levels
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P-Values for differential effects: 0.199 (top) 0.561 (bottom)
Notes: Estimates are derived from Equation [I.4] with UH bins interacting with high-low UH indicators,

defined as the average level of urban heat exposure over the past. The p-value tests the null hypothesis
that the effects of UH are the same for all high versus low variance groups.
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Figure A.9: Placebo Test: Overall Temperature Tomorrow on EMS Caseload Today
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Notes: Estimates are based on Equation [1.2] incorporating additional indicators for next-day overall
temperature bins with the same set of fixed effects. Coefficients represent next-day overall temperature
bins. The p-value tests the null hypothesis that these coefficients are all zero.
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Figure A.10: Placebo Test: Urban Heat Tomorrow on EMS Caseload Today
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Notes: Estimates are based on Equation |1.4] incorporating additional indicators for next-day urban heat
bins with the same set of fixed effects. Coefficients represent next-day urban heat bins. The p-value
tests the null hypothesis that these coefficients are all zero.
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Figure A.11: Effects of UH on EMS Caseload by % Nonwhite Population
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P-Values for differential effects: 0.199 (top) 0.447 (bottom)
Notes: Estimates are based on Equation [I.4] with city-by-date, calendar-year, and block-group fixed
effects. UH bins interact with high-low socioeconomic indicators. Within each panel, results are grouped

by season and demographic composition. The p-value tests the null hypothesis that UH effects are
identical across high and low share groups.
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Figure A.12: Effects of UH on EMS Caseload by % Hispanic Population
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Notes: Same setup as Figure [B:3] examining the Hispanic population.
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Figure A.13: Effects of UH on EMS Caseload by % Population Aged 65+
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Notes: Same setup as Figure [B:3] examining the population aged 65 and older.
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Table A.1: Robustness Check: effects of L in Alternative Specifications

(1) (2) (3) (4) (5) (6)
L <55 -0.0142 -0.0279 -0.0273 -0.0429** -0.00922 -0.0103
(0.0138) (0.0146) (0.0144) (0.0146) (0.0145) (0.0147)
[65-60) -0.0231 -0.0317* -0.0311* -0.0431** -0.0198 -0.0150
(0.0129) (0.0134) (0.0133) (0.0146) (0.0133) (0.0131)
[60-65) 0.000697 -0.00620 -0.00584 -0.0241* 0.000158 0.000635
(0.0107) (0.0109) (0.0108) (0.0112) (0.0112) (0.0114)
[65-70) -0.00642 -0.0112 -0.0109 -0.0297** -0.00684 -0.00842
(0.00968) (0.00985) (0.00980) (0.00999) (0.0102) (0.0104)
[70-75) -0.00222 -0.00490 -0.00469 -0.0189* -0.00296 -0.00245
(0.00880) (0.00882) (0.00881) (0.00832) (0.00894) (0.00889)
[80-85) 0.00385 0.00831 0.00861 0.00862 0.00876 0.0122
(0.00780) (0.00795) (0.00792) (0.00889) (0.00811) (0.00815)
[85-90) 0.00158 0.0104 0.0110 0.00837 0.0160 0.0204*
(0.00859) (0.00891) (0.00884) (0.00955) (0.00919) (0.00940)
[90-95) -0.00283 0.0101 0.0111 0.0148 0.0202* 0.0244*
(0.00947) (0.00964) (0.00963) (0.0123) (0.00990) (0.0103)
[95-100) 0.00551 0.0233* 0.0248* 0.0214 0.0389*** 0.0433***
(0.0107) (0.0108) (0.0107) (0.0130) (0.0109) (0.0111)
[100-105) 0.0209 0.0416*** 0.0431*** 0.0426** 0.0598*** 0.0646***
(0.0124) (0.0124) (0.0123) (0.0152) (0.0128) (0.0130)
[105-110) 0.0449** 0.0675*** 0.0694*** 0.0748*** 0.0912*** 0.0940***
(0.0139) (0.0136) (0.0135) (0.0161) (0.0136) (0.0137)
[110-115) 0.0425** 0.0674*** 0.0694*** 0.0733*** 0.0971*** 0.0989***
(0.0151) (0.0150) (0.0149) (0.0175) (0.0151) (0.0153)
>115 0.0668***  0.0932*** 0.0957*** 0.0937*** 0.123*** 0.126***
(0.0175) (0.0172) (0.0171) (0.0206) (0.0167) (0.0166)
UH (5km) -0.00225*** -0.00252***  -0.00179**  -0.00200***
(0.000602) (0.000684)  (0.000565)  (0.000557)
UH (10km) -0.00227***
(0.000528)
UH at S5km-buffer X X X X
UH at 10km-buffer X
N dispatches as Y X
BG FE X X X X
BG-month FE X
BG-week FE X
N observations 1033081 1033081 1033081 1033081 1032813 1011567

Notes: All specifications also control for calendar year plus day of the year, fixed effects. Standard
errors are clustered at the census block group level. Sample sizes are smaller in the last two columns
due to additional statistical separation by introducing more flexible fixed effects.
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Figure B.1: Map of Air Quality Changes

(a) NOz in Northern (b) PMs 5 in Northern (¢) NOz in Southern California
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Notes: Similar to Figure these three panels illustrate changes in average NOy and PM; 5 concen-
trations in Northern California and NOs in Southern California, before and after the city-level imple-
mentation of the minimum wage policy. The analysis spans up to five years before and three years
after policy implementation. The data are presented in logarithmic form, de-trended by calendar year,
and calculated at the census block group level. The inner (purple) lines delineate the city limits of the
minimum wage policy, while the outer (black) lines define the boundaries of the analysis sample. The
analysis sample encompasses all census block groups within the same commuting zone and located no
more than 50 miles from the policy cities. Areas situated between the two sets of lines are designated
as “Outside policy limits” in the analysis.
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Figure B.2: Traffic Impact by Time of Day and Day of the Week

(a) Policy Cities, Vehicle Mile Traveled
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(c) Policy Cities, Average Speed
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Notes: This figure reports the impacts on vehicle miles traveled and average speed by day of the week
(y-axis) and hour of the day (x-axis). The regressions are similar to Equation but with outcome
variables representing the annual average for a given hour on a specific day of the week. I control for
location-specific and county-year fixed effects. A larger shade indicates a smaller p-value.
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Figure B.3: Heterogeneous Impacts on NO,
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Notes: The top panel reports the policy impacts on ambient NOs concentration and vehicle hours
by census block group location (within/outside policy limits) x neighborhood characteristic ranking
(top/bottom 50%). Each sub-panel is based on a specific characteristic, following the same order as
discussed in the note for Figure Characteristic rankings are derived from the 5-year ACS 2010-
2014. Outcome variables are in logarithmic form with 95% C.I. reported. Figure notes report the two
wild bootstrap p-values that test whether the high versus the low group experiences the impacts.
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Figure B.5: Lack of Heterogeneous Impacts on Residential Sorting By Demographic and

Socioeconomic Conditions
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Notes: This figure reports the policy impacts on resident size by census block group loca-
tion (within/ outside policy limits) x neighborhood characteristic ranking (top/bottom
50%). Within each sub-panel, estimates are arranged in a similar way as in Figure ,
with a detailed description in the note of Figure 2.4 Outcome variables are in logarithm
form with 95% C.I. reported. Figure notes report the two wild bootstrap p-values that
test whether the high versus the low group experiences the impacts.
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Figure B.4: Heterogeneous Impacts on Average Speed and Congestion Probability
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Notes: The top panel reports the policy impacts on average vehicle speed and congestion probability
by census block group location (within/outside policy limits) x neighborhood characteristic ranking
(top/bottom 50%). Each sub-panel is based on a specific characteristic, following the same order as
discussed in the note for Figure Characteristic rankings are derived from the 5-year ACS 2010-
2014. Outcome variables are in levels with 95% C.I. reported. Figure notes report the two wild bootstrap
p-values that test whether the high versus the low group experiences the impacts.
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Figure B.6: Policy Impacts by Amenity and Commute Access
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P-values for differential effects: 0.501 (within), 0.641 (outside)
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P-values for differential effects: 0.281 (within), 0.064 (outside)

A Outside-Worse

This figure reports the policy impacts on resident size by census block group location

(within/outside policy limits) x neighborhood amenity or commute access ranking (top/bottom 50%).
Within each sub-panel, estimates are arranged in a similar way as in Figure 95% confidence in-
tervals are reported with two wild bootstrap p-values that test whether the high versus the low group
experiences the impacts in figure notes.
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Table B.1: Robustness Check: Policy Impacts with Alternative Fixed Effects

Within Policy Limits Outside Policy Limits

A. Air quality

PM;s 5 0.0091  0.0100  0.0013  0.0169  0.0072  0.0074*
0.3968]  [0.0581]  [0.1904]  [0.3106]  [0.0501]  [0.0341]

NO, 0.0020  0.0178  -0.0001  0.0322  0.0056*  0.0061*
0.4549]  [0.2445]  [0.4509]  [0.2786]  [0.0120]  [0.0100]

B. Traffic

Vehicle Mile Traveled -0.0053  0.0357  0.0034  0.0265* 0.0374* 0.0330**
0.3186]  [0.2164]  [0.3206]  [0.0140]  [0.0100]  [0.0080]

Vehicle Hour Spent -0.0167  0.0523  0.0077  0.0083  0.0421*  0.0384*
0.0842]  [0.2164]  [0.2485]  [0.1643]  [0.0120]  [0.0140]

Average Speed -0.0115  -0.5295 -0.1819* -0.1503* -0.1323* -0.1567*
0.4609]  [0.0541]  [0.0240]  [0.0481]  [0.0160]  [0.0180]

% Congestion 0.0024 0.0339*  0.0085  0.0018  0.0070* 0.0073*
0.3647]  [0.0040]  [0.1122]  [0.2886]  [0.0140]  [0.0020]

% Severe Congestion 0.0004  0.0128  0.0042*  0.0025  0.0042*  0.0039*

0.4309]  [0.0521]  [0.0120]  [0.1443]  [0.0100]  [0.0120]
C. Commute
Emp-Res Ratio 0.0162  0.0102 0.0101 -0.0165* -0.0276  -0.0153
[0.1764]  [0.3928]  [0.1122]  [0.0441]  [0.0661]  [0.2104]

Median Driving Distance 0.0729  0.0472 0.0589 0.0916 -0.3412 -0.2782
[0.2425]  [0.3347]  [0.2585]  [0.2886]  [0.2786]  [0.1924]

Median Driving Minutes  0.0490  0.0618 0.0305 0.0795  -0.2361 -0.2086
[0.2725]  [0.2325]  [0.2605]  [0.2325]  [0.2786]  [0.2806]

County-Year FE X X
County-Linear X X
County-Sub-Div. FE X X

N 42698 42698 42698 80189 80189 80189

3 and 6) 1ncludes county—by year ﬁxed effects The other columns use county- spec1ﬁc linear trends or
county-subdivision-by-year fixed effects. Estimations are based on equation [2.10] Standard errors are
clustered at the policy city level to account for arbitrary correlation within the cluster.
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Table B.3: Robustness Check: Policy Impacts using Heterogeneity-Robust Estimator

Within the Policy Limits

Outside the Policy Limits

Main Effect Placebo Effect Main Effect Placebo Effect
Panel A. Air quality
PM; 5 0.0138 0.0171 0.0371** -0.0123
(0.0131) (0.0378) (0.0062) (0.0308)
NO, 0.0657** 0.1013 0.0976*** 0.1143
(0.0144) (0.1027) (0.0142) (0.0829)
Panel B. Traffic
Vehicle Miles -0.0198 0.0487* 0.0624*** -0.0192
(0.0141) (0.0234) (0.0138) (0.0146)
Vehicle Hours -0.0074 0.0241 0.0620*** -0.0300
(0.0131) (0.0261) (0.0114) (0.0218)
Average Speed -0.0530 0.8534** -0.0682 0.1620
(0.0826) (0.3225) (0.0462) (0.1180)
Panel C. Commute
Emp-Res Ratio 0.0109*** -0.0043 -0.0023 0.0098*
(0.0029) (0.0053) (0.0092) (0.0044)
Driving Miles 0.0941 0.0661 -0.0732** -0.0935
(0.1256) (0.0463) (0.0248) (0.2708)
Driving Minutes 0.3221** 0.1381 -0.0641* -0.0038
(0.1172) (0.0808) (0.0261) (0.2083)
N 23391 2391 43652 43652

N = mb S .
NOtes— e tabic  reports ot oroocencol—tret et oilocts st

martin et al.|(2022), which allows for non-linearity. I use normalized min

ARAEWAYEEmEL=ARAK

octhommothod—o dg@:lm

imum wage levels as the

policy variable to mirror the main specification and compare cities with relatively high versus low
policy intensity. Normalized minimum wage refers to the difference between city- and state-level
minimum wage. I include policy leads for vehicle miles and time outcomes to account for anticipa-
tion effects, consistent with Appendix Table The placebo test compares switchers and stayers
during the period before the switch occurs. Standard errors are clustered at the policy city level to
account for within-cluster correlation.
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Table B.4: Robustness Check: Policy Impacts using Average Minimum Wage Levels as

Policy Variable

Within Policy Limits

Outside Policy Limits

Panel A. Air quality

PM 2.5 0.0115 0.0025
[0.0804] [0.4422]
NO2 0.0013 0.0092*
[0.4020] 0.0302]
Panel B. Traffic
Vehicle Miles -0.0398 0.0118
[0.4322] [0.7940]
Vehicle Hours -0.0327 0.0213
[0.4925] [0.7739)]
Average Speed -0.3039 -0.3083
0.0603] 0.0503)]
Congestion 0.0103 0.0126*
[0.3216] 0.0201]
Panel C. Commute
Emp-Res Ratio 0.0301* -0.0154
[0.0402] [0.1206]
Driving Miles 0.3045%* -0.0923
0.0000] [0.5528]
Driving Minutes 0.3858*** -0.1591
[0.0000] [0.4221]
N 42698 80189

of minimum wage levels across nearby policy cities. Estimations are based on equation [2.10] with wild
clustered bootstrap P-values reported in square brackets.
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Table B.5: Robustness Check: Policy Impacts in Stacked Design using Continuous Treat-
ment

Within Policy Limits Outside Policy Limits
Panel A. Air quality
PM, 5 0.01086 0.01379
(0.00624) (0.01113)
NOy 0.06474** 0.09906*
(0.00770) (0.04030)
Panel B. Traffic
Vehicle Miles 0.00847 0.01961
(0.01264) (0.02284)
Vehicle Hours 0.01345 0.02162
(0.01351) (0.02196)
Average Speed -0.19594** -0.03558
(0.03935) (0.05873)
Panel C. Commute
Emp-Res Ratio 0.01490 -0.01424
(0.00954) (0.01132)
Driving Miles -0.00272 0.01332
(0.04086) (0.05712)
Driving Minutes 0.01079 0.05121
(0.04918) (0.06826)
N . . 330398 483700

: = Conmiz—ot—at 26+ —amd-Dube—4—Hmdmer 2024
The comparison is between a city Wlth a minimum wage and cities that adopt the policy in later years
(but not concurrently). Each comparison is treated as an event, and events are stacked into a new data
frame for estimation. We control for event-location and event-time fixed effects so that the variation comes
solely from within each event. Standard errors are clustered at the policy city level to account for arbitrary
correlation within the cluster.
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Table B.6: Robustness Check: Policy Impacts in Stacked Design using Binary Treatment

Within Policy Limits Outside Policy Limits
Panel A. Air quality
PM, 5 0.00209 0.00121
(0.02650) (0.02417)
NO, 0.08953 0.03159
(0.05829) (0.10334)
Panel B. Traffic
Vehicle Miles 0.01473 0.01322
(0.02661) (0.05948)
Vehicle Hours 0.02509 0.01809
(0.02792) (0.05855)
Average Speed -0.40932** -0.11367
(0.13018) (0.07307)
Panel C. Commute
Emp-Res Ratio 0.07269 -0.01136
(0.04144) (0.03596)
Driving Miles -0.02871 0.08075
(0.07027) (0.07954)
Driving Minutes 0.00238 0.17337
(0.08505) (0.09073)
N . ‘ 330398 483700

: : = Cepmz—et—at—= 2019 and—Pube—&—Fmduer 2624
The comparison is between a C,1ty Wlth a minimum wage and cities that adopt the policy in later years
(but not concurrently). Each comparison is treated as an event, and events are stacked into a new data
frame for estimation. We control for event-location and event-time fixed effects so that the variation comes
solely from within each event. Standard errors are clustered at the policy city level to account for arbitrary
correlation within the cluster.
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Table B.7: Policy Impacts on Public Transportation Ridership

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

All Bus Rail Others
Minimum Wage -0.00186 -0.0352 0.00246 -0.00575
(0.0215) (0.0257) (0.00880) (0.0159)

NZ(XPQ' The outcome variable ig)]f(ﬁlg ridership frnm39ﬁ69 Federal Tranq%lédminiqtmﬁnn’q?’(]:AFA\ Na-
tional Transit Database (NTD) at the transit agency level each year. Due to the coarse geographical
level of the data, these analyses do not differentiate agencies within versus outside policy limits.
Each transit agency is assigned to the nearest policy city. We control for transit-agency-specific and
urbanized-area-by-year fixed effects, with standard errors clustered at the transit-agency level.

Table B.8: Air Quality Impacts for Near-Road and Far-Road Block Groups

All Sample Top 10% Top 25% Bottom 25%

Panel A. Inside Policy Limits

PM; s 0.0013 0.0023 0.0002 0.0043
[0.1904] [0.2164] [0.4349] [0.0962]
NO, -0.0001 -0.0038 -0.0003 0.0003
[0.4509)] [0.3226] [0.4729] [0.3707]
N 42,698 4,273 10,722 10,627

Panel B. Outside Policy Limits

PM,s s 0.0074* 0.0108 0.0074 0.0049
[0.0341] [0.0641] [0.0601] [0.0822]
NO, 0.0061* 0.0119* 0.0065* -0.0026
[0.0100] [0.0160] [0.0200] [0.2986]

N{)VPQ This table repeats the air quality 1m'§2r7‘rq estimation’ \gﬂ" different q%?‘n&%pq ’T‘hp%%"iilé%]nmn
represents the whole sample as shown in Table 2.3] The second to the fourth columns use sub-
samples of block groups defined by their ranking in total length of roads within a 1-mile radius.
That is, the second row reports the impacts for block groups that rank in the top 10% in terms of
the total nearby highway lengths, while the third and fourth columns report results for the top and
bottom 25%. Wild clustered bootstrap p-values are reported in square brackets.
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Table C.1: Variable means by generation and sex

NLSY 79 NLSY 79 NLSY 97 NLSY 97

women Men Women Men
Panel A: Age-invariant vari- (1) (2) (3) (4)
ables
High-risk 0.484 0.487 0.408 0.428
Mom’s highest grade com- 10.584 10.678 11.807 11.850
pleted
Dad’s highest grade completed — 10.122 10.262 11.612 11.550
Family size 5.490 5.555 4.683 4.672
Black 0.471 0.479 0.435 0.425
Lived with both parents at  0.574 0.590 0.258 0.284
12/14
Return to education, age 18-22  0.119 0.119 0.133 0.133
Incarceration rate, age 18-22 187.315  186.819  455.827  451.812
The income shares for the top  36.492 36.502 43.977 44.165
10%, age 18-22
Real GDP, age 18-22 29.911 30.160 47.814 47.722
Unemployment rate, age 18-22  8.467 8.510 5.213 5.233
Highest grade completed 12.342 11.987 13.022 12.315
High school graduation 0.863 0.792 0.870 0.836
Sub-baccalaureate credential 0.181 0.142 0.243 0.155
BA or greater 0.099 0.091 0.172 0.105
N 1,378 1,448 2,095 2,137
Panel B: Age-variant variables
Any employment 0.760 0.818 0.851 0.829
Weeks worked 27.946 30.772 34.754 34.203
Hours worked 989 1,223 1,263 1,428
Working, enrolled 0.125 0.115 0.309 0.233
Working, not enrolled 0.402 0.451 0.542 0.592
Not working, enrolled 0.116 0.126 0.035 0.040
Not working, not enrolled 0.356 0.307 0.113 0.134
Working, with children 0.098 0.074 0.228 0.114
Working, without children 0.428 0.491 0.627 0.712
Enrolled, with children 0.022 0.009 0.040 0.010
Enrolled, without children 0.219 0.232 0.314 0.269
N 6,891 7,242 10,477 10,683
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Table C.2: Risk regressions, by estimation sample and function form

A. Ordinary least squares

1) ®) 3) @)
Avg tncome Apsaincome g incone dyaincone
Mom’s HGC -0.085 -0.084 -0.096 -0.095
(0.064) (0.064) (0.059) (0.059)
Dad’s HGC 0.046 0.049 0.038 0.040
(0.055) (0.055) (0.051) (0.051)
Family size -0.163 -0.162 -0.115 -0.114
(0.036) (0.035) (0.039) (0.039)
Mom’s HGC? 0.011 0.011 0.012 0.012
(0.003) (0.003) (0.003) (0.003)
Dad’s HGC? 0.008 0.008 0.008 0.007
(0.002) (0.002) (0.002) (0.002)
Mom’s HGC x Dad’s HGC -0.003 -0.003 -0.005 -0.005
(0.002) (0.002) (0.002) (0.002)
Mom’s HGC x Family size 0.005 0.005 0.003 0.003
(0.004) (0.004) (0.004) (0.004)
Dad’s HGC x Family size -0.008 -0.008 -0.008 -0.008
(0.003) (0.003) (0.003) (0.003)
Lived with both parents at 12/14 1.024 1.031
(0.256) (0.255)
Lived with both parents at 12/14 x 0.019 0.019
Mom’s HGC
(0.020) (0.020)
Lived with both parents at 12/14 x Dad’s 0.036 0.036
HGC
(0.016) (0.016)
Lived with both parents at 12/14 x Fam- -0.119 -0.119
ily size
(0.025) (0.025)
Constant 1.707 1.686 1.261 1.236
(0.385) (0.382) (0.378) (0.373)
Observations 3182 3182 3182 3182
R? 0.330 0.330 0.400 0.401

Notes: Standard errors are in parentheses, clustered by household.
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Appendix for Chapter 3 Chapter C
B. Weighted least squares
N N B
Avg-5cds “Augmeeds AV9-'mceds Augmecds
Mom’s HGC -0.089 -0.087 -0.107 -0.104
(0.082) (0.082) (0.075) (0.075)
Dad’s HGC 0.145 0.149 0.119 0.121
(0.079) (0.078) (0.073) (0.073)
Family size -0.243 -0.243 -0.183 -0.182
(0.054) (0.053) (0.057) (0.056)
Mom’s HGC? 0.011 0.011 0.012 0.012
(0.004) (0.004) (0.004) (0.004)
Dad’s HGC? 0.006 0.006 0.006 0.006
(0.003) (0.003) (0.003) (0.003)
Mom’s HGC x Dad’s HGC -0.007 -0.007 -0.008 -0.008
(0.003) (0.003) (0.002) (0.002)
Mom’s HGC x Family size 0.011 0.011 0.008 0.008
(0.006) (0.006) (0.006) (0.006)
Dad’s HGC x Family size -0.008 -0.008 -0.007 -0.007
(0.004) (0.004) (0.004) (0.004)
Lived with both parents at 12/14 0.830 0.856
(0.349) (0.346)
Lived with both parents at 12/14 x 0.040 0.039
Mom’s HGC
(0.027) (0.026)
Lived with both parents at 12/14 x Dad’s 0.022 0.022
HGC
(0.022) (0.022)
Lived with both parents at 12/14 x Fam- -0.118 -0.120
ily size
(0.035) (0.035)
Constant 1.690 1.657 1.341 1.298
(0.537) (0.532) (0.502) (0.494)
Observations 3182 3182 3182 3182

Notes: Standard errors are clustered by household. Weights are wave-1 sampling weights.
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Permissions and Attributions

Chapter 2 was previously published in the Journal of Environmental Economics and
Management (Bian| 2025). It is reproduced here in accordance with the publisher El-
sevier’s licensing and copyright policies: https://www.elsevier.com/en-au/about/
policies-and-standards/copyright#1-author-rights.

Chapter 3 was co-authored with Jeffrey Grogger at The University of Chicago and
Jacob Bastian at Rutgers University, and was previously published in the Labour Eco-
nomics (Bastian et al.2022). It is reproduced here in accordance with the publisher
Elsevier’s licensing and copyright policies: https://www.elsevier.com/en-au/about/

policies-and-standards/copyright#l-author-rights.
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