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Advancing Data Science Methods for Environmental Health
Policy Design and Evaluation

ABSTRACT

To date, the field of environmental health has been primarily focused on characterizing the public
health impacts of environmental exposures such as air pollution and temperature. However, beyond
studying impacts, there is an increasingly recognized need for designing data-driven policies or strate-
gies to (a) reduce both the overall health burden and health disparities associated with current envi-
ronmental factors and (b) adapt to emergent threats such as climate change. Meanwhile, diverse and
growing data sources, paired with modern data science methods, hold the potential for expanding the
types of environmental health science and policy questions that can be answered.

This dissertation employs a wide range of data sources and novel analytic techniques to break
ground on the frontier of data-driven environmental health policy design, which often involves eval-
uating existing policies along the way. Meanwhile, an overarching theme of this work is the bridging
of different scientific domains and methodological areas, such as decision science with environmental
justice, artificial intelligence with climate & health, and causal inference with remote sensing of both
human activity and environmental factors.

Chapter 1 proposes a Monte Carlo-based methodology to compare realistic strategies for measur-
ing and reporting daily air quality information. Specifically, we investigate the usefulness of low-cost
air quality sensors, which are often lauded for their potential to fill spatiotemporal gaps in air quality
information — especially for underserved populations, making them a central tool in environmental
justice efforts. However, because many of these sensors are purchased and deployed by concerned cit-

izens with financial means, the extra measurements are skewed towards more privileged areas. Also,
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low-cost sensors have lower accuracy compared to reference-grade monitors. To characterize these
tradeoffs, we design and implement a simulation study based closely on real data to evaluate the ac-
curacy and equity of information from individuals’ nearest air quality instrument (sensor or refer-
ence monitor) under both real and hypothetical low-cost sensor deployment scenarios. By varying
the number of sensors deployed, the amount of sensor measurement error (noise), and the relative
placement of the sensors (e.g. at schools, near major roads, and in communities with environmen-
tal justice concerns), we are able to analyze and make recommendations for how a local or regional
government or organization might deploy the most effective and equitable network of low-cost air
quality sensors, given their budget constraints. Further, the demonstrated simulation methodology
can be adapted for other environmental monitoring objectives.

Chapter 2 develops a framework with which reinforcement learning (RL) can be used to optimize
the issuance of heat alerts. Heat alerts are a practical and low-cost intervention to mitigate the public
health impacts of extreme heat. However, current practice for issuing heat alerts does not take advan-
tage of modern data science methods to optimize local alert criteria. To fill this gap, we harness RL
(a branch of artificial intelligence) to build a model for whether to issue a heat alert on a given day,
accounting for sequential dependence — which in the heat alert setting is due to both alert fatigue and
finite resources/ability (of individuals/communities) to take health-protective measures. To use RL,
we have to overcome several major incompatibilities between standard RL methods and the heat alert
setting, which extend to environmental health / climate & health more generally. First, the relatively
small and easily confounded signal in heat-alert-health relationships challenges the ability of RL algo-
rithms to identify relevant effects, much less to optimize heat alert issuance. Second, mainstream RL
methods are not suitable for settings with significant spatial heterogeneity, which is a known feature
of heat alert health impacts. To address these challenges, we use a combination of statistical modeling,
cutting-edge RL techniques, and conceptually simple yet effective modifications such as restricting

alerts to extremely hot days, to learn heat alert issuance policies that reduce the adverse health impacts

iv



Advised by Professors Rachel Nethery & Francesca Dominici Ellen M. Considine

of extreme heat compared to the current U.S. National Weather Service policy. We also prioritize in-
terpretable characterization of the RL results, offering intuitive insights about which counties across
the nation stand to benefit the most from implementing heat alert-RL. A major contribution of this
project is establishing a connection between the environmental health and artificial intelligence com-
munities.

Chapter 3 combines spatiotemporal causal inference methods and remotely sensed data to quan-
tify the air quality impacts of national-level plastic waste policies, via the mechanism of trash burning
atopen dump sites. Especially in low- and middle-income countries (LMICs) without adequate solid
waste management infrastructure, trash burning is a huge environmental public health problem that
is difficult to quantify on large scales due to its distributed, intermittent, and not-infrequently covert
nature. This burden is compounded by many high-income countries exporting massive amounts of
plastic waste, both with and without LMICs’ consent. Using Indonesia as a case study, we develop a
strategy to quantify the local air quality impacts of China’s 2018 waste import ban (and subsequent
diversion of waste to other Southeast Asian countries), using a collection of remotely sensed data prod-
ucts to overcome the lack of ground-level monitoring and to strengthen the causal argument. Method-
ologically, we combine two strains of causal inference, ultimately considering the proximity to ports
(from which international plastic waste enters the country) as an induced continuous exposure at lo-
cations where open dumping has been detected, and using past years of data as controls, conditional
on meteorologic variation. Additionally, we extend past work’s uncertainty quantification strategy to
account for residual spatial dependence. This project not only reveals a statistically significant increase
in Indonesian air pollution attributable to imported plastic waste, but also lays groundwork for future

environmental policy evaluations in data-scarce settings.
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Investigating Use of Low-Cost Sensors to Increase Accuracy

and Equity of Real-Time Air Quality Information”

1.1 INTRODUCTION

DECADES OF RESEARCH HAVE DOCUMENTED THE ADVERSE HEALTH IMPACTS OF BOTH SHORT-
AND LONG-TERM EXPOSURE TO AIR POLLUTION. In this study, we focus on fine particulate matter

(PM35), an air pollutant that has been associated with various adverse health outcomes 3637156 I

*This work has been published. https://pubs.acs.org/doi/abs/10.1021/acs.est.2c06626 The full ci-
tation is: Considine EM, Braun D, Kamareddine L, Nethery RC, deSouza P. Investigating Use of Low-Cost
Sensors to Increase Accuracy and Equity of Real-Time Air Quality Information. Environmental Science €
Technology. 2023 Jan 9:10.1021/acs.est.2c06626.
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the US, although air quality (AQ) across the years has been improving overall, disparities between
PM, s concentrations experienced by subpopulations persist”®*#'4'. In addition, certain parts of
the US are experiencing, or are likely to experience, higher air pollution (including PM, 5 exposure)
from climate-change related events and processes such as exacerbated wildfires and dust storms'*°.
To develop effective AQ management plans and address key concerns of equity, accurate and high
resolution AQ monitoring data are needed.

The Federal Reference Method or Federal Equivalence Method (FRM or FEM) monitors deployed
by the US Environmental Protection Agency (EPA) are considered the “gold standard” for measuring
AQ. However, due to the prohibitively high capital (USD $10,000+) and operating costs ' of these
instruments, they have been deployed in less than a third of all US counties®’. Even in counties that
have an EPA monitor, the often substantial within-county variability in AQ can render measurements
unrepresentative of the pollution levels experienced by many residents of the county*°. As these mon-
itors tend to be deployed in more populous locations '3, residents in rural areas tend to be farther
away from monitors.

In recent years, low-cost AQ sensors (< USD $2,500 as defined by the EPA Air Sensor Guide-
book **, but often much cheaper) have been gaining attention as a supplement to FRM/FEM moni-
toring, and many are deployed by private citizens in addition to public and private entities >*. Key mo-
tivations of individuals (ascertained from online product reviews) include managing health impacts
of wildfire smoke and other air pollution as well as detecting air pollution sources of concern**. Net-
works of these sensors can help increase the spatial resolution and frequency of AQ measurements®”.
However, the measurements from low-cost sensors (henceforth, LCS) have lower accuracy than EPA
monitors, and can be further affected by environmental conditions such as relative humidity, tem-
perature, and aerosol composition >*77-2%95. Recent work has shown that algorithmic correction can
reduce the error in LCS, but does not eliminate the problem 25:176,99,68 “These studies have also high-

lighted the challenge of developing corrections that are transferable across measurements collected in



different locations and/or time periods. Despite these drawbacks, research has shown that LCS can
be useful in identifying air pollution hotspots, expanding local awareness about AQ and health, and
alerting the public of short-term changes in AQ, which may facilitate reduction of exposure to air
pollution, e.g. by individuals choosing not to exercise outdoors on a high pollution day >+#1°5->2,

To our knowledge, the question of how incorporating measurements from LCS into real-time re-
porting systems affects the accuracy of people’s AQ information remains unanswered. In addition
to sensor measurement error, an important factor that must be considered is the spatial distribution
(both spatial density and relative placement) of LCS. In this study, we assume that individuals view
AQ data from the nearest instrument — EPA monitor or LCS - (e.g., as shown on a smartphone app)
as their current AQ exposure. Despite the potential for LCS to increase and democratize access to
AQ information, a 2021 study found that locations of PurpleAir (one of the most widely used LCS
brands, costing around $250 per sensor) in the US tend to be disproportionately located in neigh-
borhoods that have higher incomes and higher percentages of white residents, compared both to the
locations of EPA monitors and to the US overall**. This suggests that, relative to more privileged
groups, residents of marginalized neighborhoods (who, as previously noted, tend to experience worse
air quality) may have less access to information about their local AQ), a precursor to adaptive actions
which could be taken to protect their health.

In summary, while collection and dissemination of LCS data have been increasing, there is a need
for evaluating the impact of integrating LCS data into AQ reporting platforms. In this study, we in-
vestigate how altering the number of LCS deployed, amount and type of sensor measurement error,
and relative placements of LCS affects the accuracy of daily AQ information available to individuals
from their nearest AQ instrument (defined to be either an LCS or an EPA monitor). Our main objec-
tives are to (a) increase the nuance with which various groups (scientists, policy makers, community
organizations, etc.) can think about and discuss tradeofts when it comes to measuring and reporting

AQ to the public and (b) to suggest directions for future work to both the LCS instrument / data



science and environmental health / policy communities. We focus on PM; s and base our LCS inves-
tigation on PurpleAir sensors, the data from which is used in a number of popular regional real-time
AQ maps75*.

Our analysis consists first of simulating realistic LCS PM; s measurements under numerous hy-
pothetical LCS deployment and sensor measurement error scenarios in the state of California. Then,
we compare the local AQ information available to individuals in each simulation scenario with that
produced by (i) EPA monitors only, as well as (ii) the existing PurpleAir sensor network. We dedi-
cate special attention to evaluating how each scenario impacts disparities in AQ information accuracy
for marginalized groups, such as those living in communities with high rates of poverty or with high
proportions of nonwhite or Hispanic residents. Our findings can be used to inform decisions about
(a) where to place LCS to make real-time AQ reporting more accurate and equitable, (b) how many
LCS to deploy, (c) whether existing sensor calibration approaches yield sufficient accuracy to justify

use of LCS for real-time AQ reporting, and (d) what amount of error is “tolerable” for future LCS

deployments.
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Figure 1.1: Visual abstract, previewing our approach.



In section 2 (Materials & Methods), we describe each step of the analysis and the sources of data
used. Section 3 (Results) includes a comparison of the impact of different types and amounts of sensor
measurement error for LCS at current PurpleAir locations, as well as a comparison across different
LCS placement strategies and numbers of LCS deployed. Section 4 (Discussion) includes conclusions,

limitations, and some ideas for future investigation.

1.2 MATERIALS & METHODS

1.2.1 STUDY SETTING AND OVERVIEW

To evaluate the potential impact of LCS measurements on localized AQ information accuracy, our
study leverages real data on EPA monitor locations, PurpleAir LCS locations, and sociodemographic
and geospatial features in California. Our choice to situate the study in California was primarily mo-
tivated by California’s widespread LCS uptake (California contains over half of the US’s PurpleAir
sensors), in part prompted by concerns about increasing air pollution from wildfires '®5%¢294,

To ensure that our simulations accounted for realistic spatial and temporal variability in PM, s, we
assumed the “true” (error-free and comprehensive) daily ambient PM; s concentrations were those
obtained from an ensemble model predicting PM; 5 exposures daily at 1 km x 1 km in 2016, created by
Dietal. (2016 was the most recent year for which these predictions were available) . These estimates
agreed well with ground-based reference measurements: the ro-fold cross-validated R2 was 0.86 for
the US overall and 0.80 for the Pacific coast states (including California). We also considered the
current locations of EPA monitors (n=154 in California) to be fixed, and in our simulations, we set
the PM; s measurements from each of these monitors to be equal to the Di et al. PM; 5 estimates at
these locations (i.e., we assumed that there was no error in the measurements from these monitors).

Details of our simulation procedure are provided in the following subsections. Here is a brief

overview to serve as a roadmap:



1. Using the placement strategy specified by the simulation scenario, select hypothetical locations

of LCS

2. For each 1 km x 1 km grid in California, identify the grid centroid’s nearest AQ instrument

(among the real EPA monitor locations and hypothetical LCS locations)

3. Foreach dayin 2016, simulate LCS PM; s measurements by adding simulated device measure-

ment error to the “true” PM; s estimates from Di et al. at each hypothetical LCS’s location

4. Evaluate the accuracy and equity of AQ information observed (based on the measurements

from the nearest AQ instrument) across all 475,772 grids in California and 366 days in 2016

1.2.2 SELECTING LCS LocATIONS

Table A.1 (in Appendix A) describes the data sets, data processing steps, and sampling methods used
to select locations for LCS in each simulation.

To guide hypothetical LCS deployment strategies focused on environmentally and socially marginal-
ized communities, we leveraged the CalEnviroScreen (CES) index, developed by the California Office
of Environmental Health Hazard Assessment, which describes both environmental and socioeconomic-
demographic marginalization at the Census tractlevel 7, as well as its environmental component, hence-
forth referred to as the Pollution Score. The Pollution Score incorporates data on air pollution (ozone,
PM; s, diesel PM emissions, toxic chemical releases from facilities) and traffic density; pesticides,
groundwater threats, impaired water bodies, and drinking water contamination index; solid waste,
hazardous waste, and cleanup sites. The Pearson correlation between the Pollution Scores and the
PM; s estimates from Di et al. is 0.48. The socioeconomic-demographic disadvantage index used
by CES incorporates data on asthma, low birth weight, cardiovascular disease, education, linguistic
isolation, poverty, unemployment, and housing burden. The CES Score is a product of these envi-

ronmental and socioeconomic-demographic indices.

6
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Figure 1.2: Visualizing data used to guide the hypothetical LCS placement strategies. Locations of EPA monitors and
PurpleAir LCS (panel a), public schools and major roads in California (panel b), as well as maps of CES (panel ¢) and Pollution
Score (panel d). Data sources (all public domain / open access): EPA AQS and PurpleAir (panel a), NCES and NHPN (panel
b), California EPA’s OEHHA (panels c and d).

In this study, we considered the following five hypothetical LCS placement strategies, illustrated
in Figure 1.2: (a) at randomly selected real outdoor PurpleAir locations, (b) at randomly selected

public schools, (c) at randomly selected locations favoring proximity to major roads, (d) at randomly



selected locations favoring high CES Score, and (e) at randomly selected locations favoring high Pol-
lution Score. For the last three placement strategies, “favoring” refers to weighted random sampling
(respectively using nearby road lengths, CES Score, and Pollution Score as weights) to determine place-
ment locations. We compared each of these placement strategies across difterent numbers of sensors
deployed (o, 50, 100, 250, 500, and 1000 LCS to show the trends). To provide context, average num-
bers of LCS assigned to the Los Angeles, Sacramento, Imperial counties (a large city, a medium-small

city, and a well-known environmental justice focus area) under each placement strategy are provided

in Table A.2.

1.2.3 OBSERVING AQ INFORMATION FROM THE NEAREST AQ INSTRUMENT

We assumed that all individuals in each 1 km x 1 km grid in California observed daily AQ measure-
ments from the instrument (either EPA monitor or LCS based on simulated placement strategy) near-
est to their grid centroid, as shown in Figure 1.3. In the True Air Pollution Exposure column (left),
the background color in each grid cell represents the “true” air pollution that individuals experience
(obtained from the Di et al. estimates). Note that these true exposures are most often not observed.
The colors inside the triangles and circles represent the measurements from EPA monitors and LCS,
respectively. LCS measurement error is represented in the bottom row, where the color inside the cir-
cle differs from the background color of the grid it’s in. In the Shown Air Pollution Exposure column
(right), the background color in each grid is the air pollution measurement that individuals observe
from their nearest AQ instrument. The differences between the AQ that individuals experience and
the AQ that they are shown are indicated by the red and blue X’s in Figure 1.3. The red X’s indicate
cells where AQ is over-classified, i.c., the AQ shown to residents is worse than the AQ truly experi-
enced. The blue X’s indicate cells where AQ is under-classified, i.e., the AQ shown to residents is
better than the AQ truly experienced.

Figure 1.3 illustrates three distinct sources of AQ reporting error to which we will refer through-
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Figure 1.3: An illustration of the assumed process of AQ information reporting (from each grid’s nearest AQ instrument),
under two scenarios: without LCS measurement error (top row of panels) and with LCS measurement error (bottom row
of panels). In the True Exposure column, the background color of each grid represents the (unobserved) air quality an
individual in that grid experiences, whereas in the Shown Exposure column, the background color represents the air quality
an individual in that grid observes from their nearest AQ instrument.

out the rest of this paper: (i) distance to the nearest AQ instrument, (ii) local variability in air qual-
ity, and (iii) sensor measurement error. As an example of distance-based errors, the distance between
an individual in A5 and the nearest AQ instrument is large, so an individual in As is unlikely to be
shown accurate measurements of their air pollution exposure (in Figure 1.3, they would be shown
that their exposure is 15 ug/m?> instead of the true exposure, which is 5 ug/m?). As an example of lo-
cal variability-based errors, while an individual in Cs is close to an EPA monitor (Ds), local variability
in AQ between Cs and Ds results in misclassification of Cs’s AQ (they would be shown that their

exposure is 15 ug/m?>, while their true exposure is 5 ug/m>). Even if a cell contains an LCS, sensor



measurement error may still result in reporting error, as in the case of an individual in C2: under the
setting of device measurement error, they would be shown that their exposure is 30 ug/m?>, instead
of their true exposure, which is so ug/ m?3. These effects can also co-occur, as for an individual in D2:
the nearest AQ instrument is in cell C2, which, in addition to having lower air pollution than D2, also

suffers from LCS measurement error. In this study, we help disentangle these effects.

1.2.4 SIMULATING SENSOR MEASUREMENT ERROR

In each hypothetical (simulated) LCS deployment scenario, daily PM; s “measurements” from LCS
were generated by adding sensor measurement error to the Di et al. PM; 5 estimates, in several dif-
ferent ways. First, we selected measurement error distributions informed by a tiered target for AQ in-

168, The proposal is that AQ measurements (i) for

strument accuracy proposed at an EPA workshop
regulatory purposes require accuracy of £10% of the true average PM5 s in that area, (ii) for mapping
spatial gradients and monitoring microenvironments require accuracy of £25%, and (iii) for hotspot
detection require accuracy of £50%. In our simulations, sensor measurement errors were generated
both (a) differentially with respect to true PM; 5 and (b) non-differentially (with error magnitude not
varying across PM; s levels). The former was motivated by empirical LCS observations, and accounts
for the possibility of some spatial and temporal correlation in the sensor measurement errors due to
some spatial and temporal smoothing induced by the Di et al. modeling approach. The latter assumes
independence of the sensor measurement errors (post calibration of the LCS).

Second, we simulated LCS measurement errors in a manner enabling assessment of a nation-wide
correction algorithm for PurpleAir sensors developed by EPA researchers . Specifically, we sampled
errors from the empirical distribution of residuals obtained by comparing measurements from EPA
monitors in California to the corrected measurements from collocated PurpleAir sensors.

These procedures are detailed in the following subsections. Comparison of the characteristics and

effects of all these different types and amounts of sensor measurement error is facilitated by Table 1.1
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in the Results.

1.2.5 GENERATING ERRORS BASED ON PROPOSED PERFORMANCE TARGETS

As a benchmark, we first ran simulations using no sensor measurement error (as if the LCS were as
accurate as the EPA monitors). Then, we used two levels of both non-differential and differential
sensor measurement error. For a given accuracy level (either £10% or £25%, as proposed in the EPA

performance targets workshop '**)

, we simulated non-differential sensor measurement error by sam-
pling from a normal distribution with mean zero and standard deviation of 5 (the unweighted 2016
average PM; 5 in California) multiplied by the accuracy level, yielding o.5 and 1.25 respectively. In

mathematical notation:

{LCSPM, s} = {Dietal. PM, s} + ¢,

where ¢, ~ Normal(mean = o, sd = {o.1 or 0.25}*s).

The differential sensor measurement error, on the other hand, was motivated by our observation
of the positive correlation between the magnitude of the EPA correction residuals and the true PM s
(described in the following subsection). For the two accuracy levels, we simulated differential sensor
measurement error by sampling from a normal distribution with mean zero and standard deviation

of the true PM; 5 (for each grid and day) multiplied by the accuracy level. In mathematical notation:

{LCSPM, s} = {Dietal. PM, 5} + ¢,

where ¢; ~ Normal(mean = o, sd = {o.1 oro.25}*{Dietal. PM, 5 }).
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1.2.6 SAMPLING FROM THE EMPIRICAL DISTRIBUTION OF PURPLEAIR ERRORS

To obtain an empirical distribution of measurement errors for our simulated LCS, we compared Pur-
pleAir measurements and EPA monitor measurements for collocated EPA monitor and LCS pairs in
California. Note that these data were not used directly in the simulations: the estimates from Di et al.
were considered to be the true exposure. We obtained daily PM, s averages for both the monitors and
LCS from the year 2020 (as opposed to 2016, the year for which we had 1 km x 1 km estimates from Di
et al. to use as “truth” in the simulations) because most of the PurpleAir sensors have been deployed
since 2016. We used the purpleair Python package to obtain measurements of PM; s, temperature,
and relative humidity from PurpleAir sensors (channel A on 1/11/22 and channel B on 1/23/22),
and downloaded the EPA monitor measurements from the EPA Air Quality System annual summary
files repository 5.

Following the 24-hour quality assurance methods of the EPA researchers who developed a national
correction for PurpleAir data'®, we identified all pairs of EPA monitors and outdoor PurpleAir sen-
sors within so meters of each other. Then, also following their quality assurance methods, we only
considered EPA monitor averages based on at least 18 hours of observation, and PurpleAir averages
based on at least 90% of the 2-minute observations, where the difference in daily averages of the two
PurpleAir channels was less than s ug/m3 or 61%. Then, we averaged the two PurpleAir channels.
This procedure yielded 5,759 paired daily observations from 22 EPA monitor-PurpleAir locations.
To make this distribution more realistic for 2016, we removed 48 daily observations where the EPA
monitor PM, s was greater than 112 ug/m?> (the maximum value in the 2016 Di et al. estimates),
yielding n = 5,711.

The EPA correction equation developed for PurpleAir sensors in the US is

PM; s = 0.524 x {PurpleAir PMZ.S} — 0.0862 x {Relative Humidity} + 5.75

I2



After applying this correction to the PurpleAir data, we compared the corrected values to the collo-
cated EPA monitor measurements. The resulting RMSE (root-mean squared error) was 5.33 ug/m>
and R2 was 0.81. We refer to the difference between these EPA monitor and corrected LCS measure-
ments as the empirical residuals.

Figure A.3 shows that the magnitude of empirical residuals increased as the true PM> s concentra-
tion (as measured by the EPA monitors) increased. Sensor measurement error increasing with PMj s
concentration (i.e., differential measurement error) has been observed by some other groups as well **.
Such a relationship was not observed for relative humidity nor ambient temperature. Thus, for the
empirically based LCS measurement error simulation, we sampled from the distribution of residuals
corresponding to the decile of true PM» s (the Di et al. estimates) at each grid and day. A summary

of the Di et al. estimates mapped into these deciles is given in Table A.3.

1.2.7 EVALUATING THE AQ INFORMATION

The final step of each simulation was to evaluate the error between the true AQ exposures (which are
most often unobserved) and the exposures reported by the nearest AQ instrument, summarized across
all the grids and days. We evaluated accuracy in AQ reporting using the mean absolute error (MAE)
in reported PM3 5 concentrations and the misclassification rates of the U.S. AQ index, or AQI"".
The AQI classifies AQ into six levels, with different public health recommendations for each.
Green = “Good”, Yellow = “Moderate”, Orange = “Unhealthy for Sensitive Groups”, Red = “Un-
healthy”, Purple = “Very Unhealthy”, and Maroon = “Hazardous”. AQI is often reported as a com-
bination of air pollutants, however, for this analysis we used the single-pollutant version for PM s 4.
We hypothesize that most people use these classifications to inform their activity rather than the exact
concentrations of PMj s (or any other air pollutant), so we calculated the percent of over- and under-
classifications, the percent of misclassifications greater than one level (e.g. Orange — Green or Yellow

— Red), and what we term Unhealthy-Healthy Misclassifications (UHM): the fraction of days thata
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healthy (H) classification is shown, out of the days that are truly unhealthy (U). This last metric may
be of the most concern for public health. For this dichotomous variable, we defined Green and Yellow
to be healthy, and Orange through Maroon to be unhealthy.

When calculating these metrics, weighting each grid by its population density allows us to eval-
uate the accuracy of AQ information available to individuals in California. We also performed the
calculations unweighted by population density, which represents averaging across the land area in-
stead of averaging across individuals. However, as the population-weighted metrics are more relevant
for public policy (e.g., for health impact assessments), we focus on these results in the main text; the
unweighted results are provided in the SI.

For each combination of sensor placement strategy, number of sensors, and type/amount of sensor
measurement error, we ran 100 replicates and averaged the metrics across them to account for random

sampling variability. The results are robust to the number of replicates (i.c., 50 vs 100).

1.2.8 EQuUITY ANALYSIS

In addition to the overall population metrics (averaging across all grids in California), we calculated the
metrics for marginalized subsets of the population, to determine if certain sensor placement strategies
resulted in more equitable or less equitable access to AQ information.

We obtained socio-demographic features from the 2016 American Community Survey* using the
R package tidycensus '3, at the finest spatial resolution for which they were available: Census block
group (CBG) level for race/ethnicity and population density, and Census tract level for socioeconomic
status. To merge these features with the AQ data, we performed an overlay of the CBG shapefile
with the 1 km x 1 km grid centroids from the Di et al. estimates. Any block group or tract that did
not contain a grid centroid was ignored. Although this procedure tends to exclude more CBGs with
smaller land area and higher population density, our main analysis weighting by population density

counteracts possible bias.
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For this analysis, we used percentage of non-white individuals (all but non-Hispanic white) for the
percent marginalized by race/ethnicity and the percent of people living under the poverty line for those
marginalized by socioeconomic status. Our decision to use one minus the percent of non-Hispanic
white people to represent disadvantage by race/ethnicity (elsewhere referred to as “% nonwhite” for
verbal simplicity) was informed by a preliminary calculation showing that Hispanic white people on
average experience higher pollution and socioeconomic disadvantage than the overall white popula-
tion. We defined CBGs with high % nonwhite and high % poverty to be CBGs that fell into the top
quintiles of these measures across the 1 km x 1 km grid centroids (>58.1% and >23.5% respectively).
For the 0.3% of CBGs that were missing data on % nonwhite, we substituted in Census tract-level %
nonwhite. Data for % poverty was only available at the tract level. Only for one tract with population
> o (tract 6037920200 with population 5,000) were we unable to retrieve tract-level data, and thus we
omitted that tract from the analysis.

In summary, for the equity analysis we calculated the AQ reporting error in CBGs with high %
poverty and high % nonwhite residents. Maps of % poverty and % nonwhite residents in California

are provided in Figure A.1.

1.2.9 SOFTWARE AVAILABILITY

Code used to download and process the datasets, run the analyses, and generate the figures and tables

can be found at https://github.com/EllenConsidine/LCS_placement_sims

1.3 RESULTS

1.3.1  DESCRIPTIVE STATISTICS

Summary statistics of average annual PM; 5 (according to the tkm x 1km estimates by Di et al.), %

poverty, CES Scores, % nonwhite, and population density, for population subgroups as well as loca-
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tions (centroids of 1 km x 1 km grid cells) targeted in each of the LCS placement strategies, are shown
in Table A.4. One key observation, consistent with the environmental justice literature7>44" _is that
CBGs with high % poverty or high % nonwhite have higher annual average PM, 5 than the population
overall. Asshown in Figure A.2, these marginalized subgroups also experience far more days classified
as unhealthy by the AQI (level orange and higher) than the overall population. One differentiator
between the two marginalized subgroups (high % nonwhite and high % poverty) is that CBGs with
high % nonwhite tend to have higher population density than CBGs with high % poverty.

Another observation from Table A.4, consistent with external findings3*, is that among real EPA
monitor locations, PurpleAir locations, and the hypothetical LCS placement strategies considered,
PurpleAir locations have by far the lowest % poverty. By contrast, EPA monitor locations have higher
% poverty than any of the LCS placement strategies considered. Among the LCS placement strategies
considered, schools and locations favored by CES Score have the highest % poverty. LCS placements
atschools also have the highest % nonwhite out of any of the EPA monitor, PurpleAir, or hypothetical
LCS locations.

Finally, while schools and PurpleAir locations tend to be in CBGs with higher population den-
sity, locations chosen to favor proximity to roads, CES Score, and Pollution Score tend to have lower

population density.

1.3.2 COMPARING DIFFERENT TYPES AND AMOUNTS OF SENSOR MEASUREMENT ER-

ROR, ASSUMING LCS ARE PLACED AT CURRENT PURPLEAIR LOCATIONS

The average distance to the nearest EPA monitor is 10.11 km for the population overall, 8.94 km
for CBGs with high % nonwhite residents, and 8.69 km for CBGs with high % poverty. When we
include LCS at all current locations of outdoor PurpleAir sensors, the average distance to the nearest
AQ instrument drops dramatically, to 2.41 km, 2.49 km, and 2.82 km, respectively. Note that these

results, like all those in the main text, are weighted by population density.
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Table 1.1 summarizes how the accuracy of daily AQ information changes when we compare the
scenario where people only have access to EPA monitors, with the scenario where people have access
to EPA monitors and LCS at current locations of outdoor PurpleAir sensors. Under the scenario with
LCS at PurpleAir locations, we compare the different sensor measurement error types, as described
in the Methods. The first column of Table 1.1 shows the amount of sensor measurement error under
each measurement error type (calculated as the standard deviation of the mean-zero simulated errors).
For all the differential sensor measurement error scenarios (10%, 25%, and empirical residual-based),
marginalized subgroups on average experience higher sensor measurement error because their air pol-
lution exposure is higher.

Next, we use several metrics to describe the accuracy of observed AQ information under each sce-
nario: (a) absolute error (deviation from the true exposure value), captured using the mean absolute
error (MAE) and 9sth percentile (to illustrate the upper end of the error distribution in addition to
the mean), (b) rate of misclassification (either over- or under-classification) of the AQI, and (c) rate of
Unhealthy-Healthy misclassifications (UHM), which we define as the fraction of days with unhealthy
AQI that are misreported as healthy AQI.

Table 1.1 shows that when the LCS have no sensor measurement error (i.e. they are as accurate
as EPA monitors in our simulations), deploying them at all the real locations of PurpleAir sensors
roughly halves the MAE and 95 th percentile of error in daily reported air quality. These improvements
are smaller for CBGs with high % poverty, likely because PurpleAir sensors tend to be situated in more
socioeconomically privileged areas.

Counterintuitively, even in the absence of sensor measurement error, placement of LCS at current
PurpleAir locations leads to increases in the rates of under-classification of the AQI and UHMs. These
reductions in classification accuracy are likely due to local variability in AQ and the fact that PurpleAir
locations have lower annual average PM, 5 than the state overall (Table A.4). This issue is exacerbated

by Sensor measurement error.
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With non-differential sensor measurement error, LCS (at all the current PurpleAir locations) with
error magnitudes of £10% and £2.5% both generally improve on the no-LCS case except for CBGs with
high % poverty, where the MAE increases slightly. The impact of sensor measurement error is likely
exacerbated for these CBGs with high % poverty due to the socioeconomic bias of PurpleAir locations.
By contrast, while 10% differential sensor measurement error improves on the no-LCS case in terms
of absolute error, 25% differential error and empirical residual-based error worsen the real-time AQ
reporting for all groups and by all metrics, except for some small reductions in over-classification of
the AQL

These results highlight the potential for (i) LCS to reduce both the distance to the nearest AQ in-
strument and the absolute error in daily PM,; s reporting, (ii) the accuracy of classification-based AQ
information to diverge from the accuracy of concentration-based AQ information, (iii) different AQ
information outcomes for different subsets of the population, which is related to LCS placement char-
acteristics, and (iv) the dependence of these insights on the type and amount of sensor measurement

€rror.

1.3.3 ADDITIONALLY COMPARING PLACEMENT STRATEGIES AND NUMBERS OF SEN-

SORS DEPLOYED

We now discuss how different hypothetical LCS placement strategies and numbers of LCS deployed
affect access to real-time AQ information under both non-differential and differential sensor measure-
ment error scenarios.

Figure 1.4 shows the average distance to the nearest AQ instrument as well as the MAE result-
ing from simulations under each hypothetical LCS deployment scenario (i.c., each combination of
placement strategy and number of LCS deployed) and for each sensor measurement error type. The
vertical scales of each plot are different, to facilitate close inspection of the lines. The plot for 10%

non-differential measurement error is not shown because it is very similar to panel b (the results with
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Figure 1.4: Distance to the nearest AQ instrument and mean absolute error (between what is reported vs. experienced)
resulting from different numbers of LCS deployed, LCS placement strategies, and sensor measurement error types and
amounts. All results were calculated using 366 days and averaged across 100 simulation replicates, weighted by population
density. Panel a shows the distance to the nearest AQ instrument (monitor or LCS), panel b shows MAE when there is no
LCS device measurement error, panel ¢ shows MAE when LCS device measurement error is 25% non-differential, panel d
shows MAE when LCS device measurement error is 10% differential, panel e shows MAE when LCS device measurement
error is 25% differential, and panel f shows MAE when LCS device measurement error is sampled from the empirical
distribution of residuals from PurpleAir LCS measurements (calibrated with the EPA equation) compared with collocated

EPA monitor measurements.

N0 sensor measurement error).
The six panels in Figure 1.4 help distinguish between the three different components of error in
real-time AQ reporting. First, we observe that with zero or low amounts of LCS measurement er-

ror, much of the average error in daily AQ reporting is due to individuals’ distance to the nearest
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AQ instrument, as illustrated by the similarity in line ordering and slopes between panels a, b, and
d. Another observation, however, is that the impact of reduction in distance to the nearest AQ in-
strument can be confounded by local variability in AQ. For example, while LCS placements favoring
CBGs with high Pollution Score result in greater reduction in distance to the nearest AQ instrument
than placements favoring CBGs with high CES Score (panel a), the CES Score placement strategy re-
sults in lower MAE (panel b; the solid yellow line hides the solid orange line). This phenomenon is
explained by local variability in AQ because the Pollution Score primarily highlights areas with large
local sources of pollution, so measurements in those pollution “hotspots” may not be representative
of air pollution even in nearby communities.

For low amounts of sensor measurement error (i.e. 10% non-differential and differential, as shown
in panel d), reductions in daily AQ reporting error due to decreased distance to the nearest AQ instru-
ment mitigate the impact of the LCS measurement error, improving MAEs across the board. When
sensor measurement error is increased to 2.5% non-difterential (panel c), deploying LCS only improves
MAE under certain placement strategies: at schools and in current PurpleAir locations. This is largely
because these placement strategies prioritize areas with higher population density.

With 25% difterential and empirical residual-based sensor measurement errors (panels e and f), the
impact of reduced distance to the nearest AQ instrument is overshadowed by the increased error in the
sensor measurements, worsening AQ reporting across the board. Under these large amounts of sensor
measurement error, placements favoring high CES Score result in the least error in AQ reporting. In
nearly all cases, marginalized subgroups experience lower MAE than the population overall.

Figure 1.5 shows the rate of UHM:s for all placement strategies, numbers of LCS deployed, and
sensor measurement error types and amounts. One of the most noticeable patterns from Figure 1.5
is how the rate of UHM:s increases when any LCS are introduced under all placement strategies and
sensor measurement error types. This is especially true for LCS placements based on CES Score and

Pollution Score (for the population overall and CBGs with high % nonwhite): the UHM rates stay ba-
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Figure 1.5: Rates of Unhealthy-Healthy Misclassifications (UHMs) resulting from different numbers of LCS deployed, LCS
placement strategies, and sensor measurement error types and amounts. UH misclassification occurs when the AQ is
unhealthy (Orange+) but is reported as healthy (Green or Yellow); the UHM rate is calculated by dividing the fraction of
UH misclassifications by the total fraction of unhealthy days experienced by each group. All results were calculated using
366 days and averaged across 100 simulation replicates, weighted by population density. Panel a shows UHM rate when
there is no LCS device measurement error, panel b shows UHM rate when LCS device measurement error is 10% non-
differential, panel ¢ shows UHM rate when LCS device measurement error is 25% non-differential, panel d shows UHM
rate when LCS device measurement error is 10% differential, panel e shows UHM rate when LCS device measurement
error is 25% differential, and panel f shows UHM rate when LCS device measurement error is sampled from the empirical
distribution of residuals from PurpleAir LCS measurements (calibrated with the EPA equation) compared with collocated
EPA monitor measurements.

sically constant despite the changing number of LCS. We posit that this is due to high local variability
in AQ in Census tracts with high Pollution or CES Scores.

Another important observation is that although marginalized subgroups experience a higher num-
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ber of unhealthy days in absolute terms, the fraction of those unhealthy days misclassified as healthy is
lower than for the population overall. And, crucially, the CES and Pollution Score-based placements
lead to the lowest UHM rates for CBGs with high % poverty. However, school locations are the
only placement strategy resulting in decreasing UHM rates for large numbers of LCS deployed (when
sensor measurement error is nondifferential, in panels a through c). A similar reversal is observed in
panel ¢ of Figure 1.4 for marginalized subgroups. To investigate whether the school placement strat-
egy might produce the lowest rate of UHMs for many LCS deployed, we ran simulations with LCS at
all the schools (n=7,548). The results are summarized in Table A.6. Notably, with 10% nondifferen-
tial sensor measurement error, this produces lower UHM rates than the EPA monitors alone. With
25% nondifferential sensor measurement error, the UHM rates are only slightly higher (e.g., 11.8% vs
11.4% for the population overall).

One last note on Figure 1.5 is that although generally increasing sensor measurement error increases
the rate of UHMs, the empirical residual-based errors (panel f) result in slightly lower UHM rates than
the 25% differential scenario (in panel e) for LCS at schools and PurpleAir locations.

Further insight can be gained from Figure A.4, which illustrates the contributions of distance to
nearest instrument, local variability in AQ, and sensor measurement error to large misclassifications

of the AQI (oft by more than one class) for each of the LCS placement strategies.

1.4 DiscussioN

In this study, we investigated the utility of including measurements from LCS in real-time AQ report-
ing using simulations based closely on real data. By comparing different types and amounts of sensor
measurement error as well as different LCS placement strategies and numbers of LCS deployed, we
were able to differentiate between the impacts of three components of error in daily AQ reporting:

distance to the nearest AQ instrument, local variability in AQ, and sensor measurement error.
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Our findings offer several key insights and suggestions. One of the most important is that the value
of using LCS for real-time AQ reporting depends strongly on the amount and type of sensor measurement
error, and also on the metric to which people pay attention (i.e., absolute concentration vs. AQI classi-
fication). Considering MAE, deploying LCS assuming 10% measurement error (either difterential
or non-differential) improves daily AQ reporting (compared to only using EPA monitors) across the
board. However, among the placement strategies considered here, only LCS placements at schools
and PurpleAir locations improve AQ reporting when sensor measurement error is assumed to be 25%
and non-differential. Deploying LCS assuming 2.5% differential measurement error worsens daily AQ
reporting across the board.

By contrast, introducing any number of LCS with any amount of sensor measurement error tends
to increase the rate of UH misclassifications, which may be even more relevant than absolute PM; s
concentrations for public health (whereas metrics like MAE may be more relevant for AQ-health sci-
ence). This indicates that the existing EPA monitor network in California is relatively good at reporting
whether the AQ is bealthy or unhealthy. However, the UHM rate begins decreasing as more than soo
LCS are deployed at schools when sensor measurement error is assumed to be 10% or 25% and non-
differential. If sensor measurement error is 10% nondifterential, then deploying LCS at all schools in
California (n=7,548) produces a lower rate of UHMs than EPA monitors alone (it is about the same if
sensor measurement error is 2.5% nondifferential). Of course, organizations deploying LCS will need
to balance these considerations with their budgets for purchasing and maintaining LCS.

Accounting for both absolute concentration and AQI classification metrics, i appears that placing
LCS at schools results in the most accurate and equitable distribution of daily AQ information when
sensor measurement error is assumed to be less than 25% and nondifferential and more than 500 LCS
are deployed. The latter is quite realistic given that in California in 2021, there were 4,343 1 km x 1
km grids with PurpleAir, not to mention other brands of LCS. From a health standpoint, children’s

relatively high vulnerability to air pollution 3" further motivates the strategy of placing LCS at schools.
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For our empirically-based simulation, the degree of error injected into our simulated LCS mea-
surements was drawn from the empirical distribution of errors between collocated California EPA
monitor and PurpleAir sensor data after correction using a national equation developed by EPA re-
searchers'®. This degree of measurement error is believed to most closely reflect error in the publicly
available LCS measurements available through many programs and platforms today. Our simulations
show that, under these conditions, using data from LCS in real-time AQ reporting would worsen the
accuracy of information from people’s nearest AQ instrument, both for the overall population and
for the marginalized groups considered. This result suggests that more region-specific LCS calibration
procedures may be necessary for this application of LCS, which aligns with the findings of several recent
studies advocating for region-specific corrections 176,21,

When sensor measurement error is assumed to be high, LCS placement strategies that prioritize
those burdened by environmental pollution and sociodemographic injustice result in the most equi-
table provision of AQ information. Also, across all levels of sensor measurement error and numbers
of LCS deployed, selecting LCS placements based on CES Score results in the lowest rate of UHMs
for CBGs with high % poverty. Lastly, our simulations revealed that AQ information accuracy under
the CES and Pollution Score-based placements is often affected by high local variability in air qual-
ity, which makes sense because these locations tend to be near major sources of air pollution. This
indicates that while placing LCS in environmental justice botspots may benefit those in the immediate
community, integrating their data into wider AQ reporting platforms may lead to worsening of real-
time AQ information for those outside the immediate community.

Balancing policy priorities related to LCS deployment will not be easy. To balance the needs of
people in less densely populated communities with those of people in more densely populated com-
munities, our analysis unweighted by population density (results shown in Appendix A) suggests that

some strategic deployments near major roads (especially in less densely populated areas) might also be

beneficial.
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These results can inform future investment in LCS networks for equitable AQ monitoring pro-
grams in the US, and the methods used can inform similar studies in other locales. While our find-
ings are based on PurpleAir sensors for PM3 s, this work informs accuracy targets and larger concerns
about LCS placement and calibration across brands of PM s sensors, and possibly for other air pollu-
tants. However, it is important to note that this analysis has focused on the use of LCS for provision
of real-time AQ information to the public. These insights do not necessarily transfer to other appli-
cations of LCS. For example, when used for research purposes, LCS have been shown to help cap-
ture neighborhood-scale PM, s when fused with satellite data” or incorporated into either a kriging

96,13,60

model or a machine learning model with spatially-varying correction for the LCS '#. That said,

the simulation methodology developed for this study could be adapted for many other research questions.

1.4.1 LIMITATIONS AND FUTURE DIRECTIONS

Design-related limitations of our study are that we only used data from California and that we assumed
individuals view the AQ information from the instrument nearest to their location of residence as their
personal exposure. A technical limitation of this analysis is our use of the Di et al. daily 1 km x 1 km
estimates for the “true” exposures. AQ may vary substantially over 24 hours and over a 1 km x 1 km
square, and as several studies have observed, the PM; s patterns sensed by LCS are often different (i.e.
affected more by local sources) than EPA monitors**>"37, which Di et al. used to train their model.
We also did not consider any differences in LCS performance due to varying PM composition, which
have been observed elsewhere 8.

Future work might consider more nuance in the LCS measurement error problem, such as ac-
counting for sensor “drife” 5398 and varying particle composition / meteorological conditions, as
has been explored by EPA researchers who have proposed a different correction method for wildfire

smoke measured by PurpleAir sensors”?. This might be addressed by considering more spatial and

temporal correlation in the LCS measurement errors. In terms of LCS placement, while we chose rel-
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atively simple selection strategies to facilitate comprehension and comparison, future research could

harness more sophisticated statistical and/or atmospheric modeling techniques **%>3*

to identify lo-
cations yielding key spatiotemporal information or to prioritize some LCS placements near EPA mon-
itors for the purposes of sensor calibration. Finally, there is more work to be done investigating how
access to real-time AQ information and/or alerts translates into public health and economic benefits,

as several studies have begun exploring 392516611117,

DATA AND MATERIALS AVAILABILITY

Code used to download and process the datasets, run the analyses, and generate the figures and tables
can be found at https://github.com/EllenConsidine/LCS_placement_sims. All data used in this
study are publicly available and our analytic (processed) dataset is on Harvard Dataverse, at https:
//doi.org/10.7910/DVN/QR4N7V. Descriptions of the data sources are in the Materials & Methods

section as well as our GitHub README file.
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Type/Amount of Sensor Std. Dev..  MAE 9sthPct. Under- Over- UHM

Measurement Error of Error  (ug/m>) of Errors classified classified
(ug/m”) (wg/m’) (%) (%)

Overall Population

No LCS (only EPA monitors) - 1.46 4.45 2.05 6.79 11.37
No Sensor Error o 0.79 2.79 2.12 2.37 15.02
10% Non-differential 0.5 0.94 2.89 2.41 2.80 I5.51
25% Non-differential I.25 1.33 3.52 3.07 4.13 16.27
10% Differential 0.88 1.10 3.29 3.19 3.61 20.11
25% Differential 2.19 1.85 5.39 5.04 6.45 28.38
EPA Correction Residual 3.32 2.45 7.16 8.27 6.02 27.10

Decile Draws

Population living in CBGs with high % nonwhite

No LCS (only EPA monitors) - 1.34 4.14 2.15 6.53 10.35
No Sensor Error o 0.75 2.59 2.22 2.48 13.98
10% Non-differential 0.5 0.89 2.71 2.53 2.95 14.57
25% Non-differential 1.25 1.29 3.39 3.31 4.38 15.51
10% Differential 0.92 1.08 3.21 3.45 3.84 19.87
25% Differential 2.30 1.90 5.53 5.66 6.88 28.52
EPA Correction Residual 3.46 2.51 7.40 9.43 6.33 27.28

Decile Draws

Population living in CBGs with high % poverty

No LCS (only EPA monitors) - 1.28 4.06 2.09 5.79 8.40

No Sensor Error o 0.81 2.80 2.22 2.68 10.06
10% Non-differential 0.5 0.94 2.90 2.53 3.10 10.36
25% Non-differential .25 I.31 3.52 3.31 4.40 11.38
10% Differential 0.97 1.13 3.41 3.46 3.91 15.99
25% Differential 2.44 1.94 5.75 5.78 6.71 25.55
EPA Correction Residual 3.65 2.54 7.59 9.60 6.16 24.20

Decile Draws

Table 1.1: Comparing Impacts of Different Sensor Accuracies. Results (weighted by population density) when there are no
LCS vs. LCS at all real PurpleAir locations (n = 4,343), assuming different kinds and amounts of sensor measurement error
(ME), averaged across 100 simulation replicates to account for randomness in the sensor measurement error generation.
Unless otherwise specified, “errors” refer to the difference between the true exposure experienced at each grid centroid
and the exposure reported from the nearest AQ instrument. AQI under-classification is when the true exposure class is
greater than what someone is shown, and over-classification is when the true exposure class is less than what someone
is shown. Rate of UH misclassification (UHM) is the fraction of days with unhealthy AQI (Orange+) that are misreported
as healthy AQI (Green or Yellow).

27



Optimizing Heat Alert Issuance with Reinforcement Learning*

2.1 INTRODUCTION

EXTENSIVE EVIDENCE LINKS EXPOSURE TO EXTREME HEAT TO INCREASES IN MORBIDITY AND
MORTALITY *°. Heat alerts are a practical and low-cost intervention to mitigate these effects*' by
encouraging protective measures such as hydrating more, avoiding physical exertion outdoors, and

opening cooling centers. However, studies investigating the effectiveness of heat alerts have observed

*This work has been published. https://0js.aaai.org/index.php/AAAI/article/view/35009 The full
citation is: Considine EM, Nethery RC, Wellenius GA, Dominici F, and Tec M. (2025). Optimizing Heat Alert
Issuance with Reinforcement Learning. Proceedings of the AAAI Conference on Artificial Intelligence, 3 9(27)
[AI for Social Impact Track], 27922-27931. https://doi.org/10.1609/2aai.v39i27.3 5009
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mixed results1°517",

Developing methods to optimize the issuance of heat alerts for public health is
an open problem.

Various challenges stand in the way of solving this problem. First, issuing too many heat alerts may
lead to alert fatigue "7 and health-protective resource depletion on both individual and communi-
ty/institutional levels. Sequential decision-making (SDM) methods offer a promising yet unexplored
avenue for tackling this issue. Second, despite representing a significant health threat on the popula-
tion scale, local health impacts of heat—and therefore heat alerts—are small and easily confounded
in observational data sets'®*. Rare events and low signal (small effects) have been shown to challenge
algorithmic decision—making”’”é. Third, mainstream SDM methods are not suitable for spatially
heterogeneous settings in which a single policy is not equally effective in all regions or dynamically
changing contexts''7. However, attempting to identify independent policies for each location drasti-
cally reduces the amount of available historical data.

In this paper, we lay the foundation for addressing these challenges by introducing a framework for
optimizing heat alert issuance using reinforcement learning (RL). RL allows learning SDM policies
for determining when to issue heat alerts, aiming to minimize the population health risk as a nega-
tive reward signal. The ultimate vision for this vein of research is deploying data-driven policies to
alert the public about extreme heat events (and, eventually, other environmental exposures such as
extreme cold or wildfire smoke). In addition to our analysis breaking ground towards this goal, a va-
riety of follow-up work is facilitated by the publication of our SDM environment in an open-source
Python package, weather2ale ref, compatible with the Gymnasium framework for RL'#5. This chal-
lenging, data-driven environment can be used as a benchmark. Further, our methodology to create
this environment can be used as a blueprint for other RL simulators, particularly for problems with
exogenous state space components and multiple locations or individuals.

The two main components of our heat alerts RL framework are visualized in Figure 2.1 and sum-

Thttps ://github.com/NSAPH-Projects/weather2alert
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Figure 2.1: Overview of the heat alerts RL framework.

marized below. First, we create a realistically challenging SDM environment for heat alert issuance,
structured as a Markov Decision Process (MDP) under a budget constraint. Key components of the
dataset used to create this environment are heat alerts issued by the U.S. National Weather Service
(NWS), hospitalization records from Medicare, ambient heat index, and other covariates informed
by the epidemiological literature. To estimate the rewards under both observed (NWS) and coun-
terfactual alert policies, we fit a statistical model of hospitalizations that allows for spatiotemporal
heterogeneity, uncertainty quantification, and fast inference using variational Bayes 7. For the state-
transition model, we exploit a factorization of the state space into an endogenous component with

known transition dynamics and an exogenous component sourced from observed weather trajecto-
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ries. This use of real data allows us to make grounded inferences about the effectiveness of both ob-
served and counterfactual heat alert policies in the U.S. We call this environment structure Bayesian
Rewards Over Actual Climate History (BROACH).

Second, we use our environment to train RL models and then to evaluate the RL policies as well as
the NWS and alternative baseline policies—all subject to the same alert budget. Our evaluation iden-
tifies issues during training that lead to poor performance of standard, widely-used RL algorithms.
We address these issues by introducing conceptually simple modifications which enable learning of
policies that reduce hospitalizations relative to the NWS policy. These modifications include restrict-
ing the RL model to issue alerts only on extremely hot days and optimizing policies for each location

separately. Lastly, we perform contrastive explanation 157,108

of the RL policies by comparing their
attributes (e.g., how often does the policy issue alerts on consecutive days) within and across locations
to those of the NWS and alternative baseline policies. Specifically, we use visualizations and Classi-

fication and Regression Trees (CART) to illustrate systematic differences between these policies and

identify characteristics of locations where RL-based policies might offer the greatest improvements in

public health.

2.2 RELATED WORK

HEAT ALERT OPTIMIZATION

Recent approaches to improving the issuance of heat alerts include (i) the development of a causal
inference technique for stochastic interventions to infer whether increasing the probability of issuing
a heat alert would be beneficial 7" and (ii) a comparison of methods to identify optimal thresholds
above which heat alerts should always be issued '*°. Crucially, neither of these approaches addresses
the complications of sequential dependence, i.c., the potential for alert fatigue and running out of

resources to deploy precautionary measures. To our knowledge, SDM techniques have not yet been
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explored in a climate and health setting.

RL WITH EXOGENOUS STATES

Several recent papers utilize a decomposition of the state space into exogenous vs. endogenous com-
ponents, but none of these methods apply directly in our setting. Efroni et al. > provide theoretical
analysis and guarantees for sample efficiency in tabular (finite state) environments with an unknown
subset of exogenous variables. Sinclair et al. *? introduce “hindsight learning” for situations with a
known reward function and an exact solver under a fixed exogenous trajectory. Lee et al. * also use
hindsight, but do so in the context of identifying latent states within a partially observable MDP.
Contrary to Levine et al.”° and Efroni et al. #4, we do not consider exogenous states as distractors

since weather patterns are crucial for decision-making.

STATISTICAL MODELING FOR RLL ENVIRONMENTS

Using a statistical model for the reward function in an RL environment is common practice in settings
with empirical data. Bayesian models in particular have been used to identify the eftect of intervention
in health-related applications and dynamic treatment regimes”*"**'7#. For spatiotemporal or other-
wise heterogeneous environments, previous studies have also used a combination of local modeling
and global modeling that takes into account the spatial or hierarchical structure to create simulated

environments for RL 10991,

CONSTRAINED LEARNING

The use of domain knowledge-based policy restrictions in RL has been found to speed up learning
and to guide the learned policy in pragmatic directions 196 This supports our restriction of RL heat

alerts to very hot days. More generally, incorporating “cost” or “safety” constraints is of interest for
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many RL applications 87,19 ' A common approach in the constrained RL literature is to use Lagrange
multipliers®**5, however, these methods do not enforce a strict constraint/budget. To enable direct
comparison with the observed NWS policy, we impose a strict alert budget, which can be viewed as

a simplified variation of the indicator approach formulated by Xu et al. '7*

. An alternative approach
to handling both the alert budget and restriction of alerts to very hot days would be to model the
extent of distributional overlap with the observed NWS policy, and penalize actions that have too

172

little overlap '7*. However, our approach has the benefit of being relatively interpretable.

CONTRASTIVE POLICY EXPLANATIONS

There is a large literature on post-hoc explainability in RL7*. Contrastive analysis has been used to ex-
plain differences between RL policies and more familiar / intuitive policies * 57,198 We note that while
CART has been used to try and mimic RL policies'*’, our use of it to analyze differences between

policies has not been previously documented.

2.3 PROBLEM SETUP

2.3.1 RL PRELIMINARIES

RL methods typically operate within the framework of Markov Decision Processes or MDPs 35, A
finite-horizon or episodic MDP with horizon (episode length) His defined asa tuple M = (S, 4, R, P, dy, y),
where S is the set of states, A4 is the set of actions, R : § X A4 — R is the expected reward function,
P: Sx A — A(S) is the transition function®, dy € A(S) is the initial state distribution, and
0 < y < 1is the time discount factor’. A (non-stationary) policy is defined as a collection of decision

rules 7 = {7z, : § — A(4) YL, mapping from states to probability distributions over actions at

@« »

*A(-) is the set of probability distributions over the set “”.
$Note that in our analysis, ¥ = 1 works best, so in practice there is no discounting.
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each time step. The state value function is V7 (s) := E| Zf;tl Y"7'R(sp, ap)|s; = s] and the state-
action value function is QF (s, 2) := R(s, @) + yEyp(.2)[V7 (s')]. The policy optimization goal is to

identify z* that maximizes the expected cumulative reward

J(7) := Egonay [V5 ()] (2.1)

I22

Under regularity conditions '**, the optimal policy is deterministic and the unique solution (up to

ties) of the Bellman optimality equation

Q? (57 d) = R(57 ﬂ) + 7’E:'~P(:,a) [n:j'x Q;‘k—‘rl (jla d/)]a (2'2)

where QF denotes the state-action value function of 7. The optimal action satisfies 7 (s) = arg max, Q (s, a).
RL algorithms search for the optimal policy of an MDP by interacting with an environment that
generates rewards and transitions, where the RL algorithm does not need knowledge of the transition

function '35.

2.3.2  IssUING HEAT ALERTS AS A CONSTRAINED MDP

The heat alerts MDP components are summarized here. See also Table B.1 of Appendix B.1. Each
MDP M, corresponds to a geographic area £ € K, and episodes are indexed asj € J. In this work,
geographic areas are U.S. counties, and each episode spans the warm season / summer from May 1st
to September 3oth of a specific year (H = 152 days).

The action 4, on day ¢ is either 1 (issue a heat alert) or o (do not issue a heat alert). To mitigate
alert fatigue, we adopt a strict action budget-constrained approach, optimizing the policy subject to
iy ar <.

The reward 7, = R(s;, 4,) is the expected rate of heat-related hospitalizations at time #, transformed
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such that fewer hospitalizations correspond to a greater reward. Specifically, if p.(2,) = p(s;, ;)
represents the per capita rate of heat-related hospitalizations on day #if action 2, € {0, 1} is taken at
state 5y, then 7, oc —p (4;) + const.

The state vector s, contains the factors underlying the effect of heat on hospitalizations and the
effectiveness of heat alerts at reducing hospitalizations. It can be decomposed ass; = (&, x;), where
£, is the exogenous component and x; is the endogenous component. The exogenous component is
defined as the portion of the state space that is not influenced by the agent’s actions 4;, such as the
weather. The transition function of the endogenous component (heat alert history) is known and

deterministic. Hence, the full state transition function admits a factorization

P(sppalsr,ar) = P((éﬂ,xtﬂ)](é,xt),a;)

= PAE 1| &) Pu(i |, ar)

2.4 BROACH: AN RL ENVIRONMENT FOR OPTIMIZING HEAT ALERT ISSUANCE

In creating an interactive heat alert environment, our design objectives are (i) allow use of general-
purpose RL algorithms, (ii) be grounded in real data, and (iii) handle the low signal and heterogeneity
of health impacts of heat and heat alerts across space and time. To meet these objectives, we introduce
amethodology termed Bayesian Rewards Over Actual Climate History (BROACH). BROACH can

be generalized to other climate-related events and interventions.

2.4.1 DATA SOURCES

Here we provide an overview of the data used in the RL environment; Appendix B.2 contains more

details.
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HEAT ALERTS AND HEAT INDEX

We use the dataset of Weinberger etal. ** with daily, county-level records (2006-2016, May-September)
of heat alerts issued by the NWS, as well as heat index, which is a measure of the combined effect of
temperature and humidity. To understand the observed heat alert data, note that while the decision
to issue an alert is based on temperature thresholds, it is also strongly aftected by the discretion of the
local office ®. Analysis by Hondula et al. 7> suggests that spatial variability in the current NWS/local

office approach is not well aligned with the health risk from heat.

HEAT-RELATED HOSPITALIZATIONS

We merged the heat alert and weather data with daily, county-level hospitalization counts from Medi-
care. We included cause-specific hospitalizations previously found to be associated with extreme heat
in the Medicare population: septicemia, peripheral vascular disease, urinary tract infections, and di-
abetes mellitus with complications*>. We excluded heat stroke and fluid and electrolyte disorders
(which were also found to be associated with extreme heat in Medicare) because Weinberger et al. '
observed a positive association between heat alerts and hospitalizations with these causes. They hy-
pothesized it was due to increased awareness of heat-related symptoms and seeking medical care. Fig-
ure 2.2 illustrates this scenario as an unobserved mediation problem *°, which affects the identifica-

tion of the preventive effect of heat alerts. We refer to the remaining causes, which we pool together

into one outcome variable, as not-obviously heat-related (NOHR) hospitalizations.

COUNTIES

We consider the 761 U.S. counties with a population greater than 65,000 to avoid locations with very
few hospitalizations and to focus on the most populous areas. Figure 2.3 shows the counties consid-

ered, which account for approximately 75% of the population and 25% of the number of counties.
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Figure 2.2: Unobserved mediation of the effect of heat alerts on hospitalizations by heightened awareness of heat-related

symptoms and seeking medical care.
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Figure 2.3: Map of the counties considered and their regional climate zone classifications. All the colored counties are
used in the Bayesian rewards model and RL environment; the 30 counties with annotated FIPS codes are used in the RL

experiments.

COUNTY-LEVEL CHARACTERISTICS

Spatial heterogeneity in the health effects of heat and heat alerts can occur due to people in different

regions being affected differently by the same absolute temperatures due to geographical self-selection

and climate adaptation, differential health susceptability and/or individual agency associated with so-

cioeconomic status and population density, and variable response to heat alerts due to local policy and

political ideology '"»'754%29 To characterize this spatial heterogeneity, we compiled a set of county-

level covariates: population density and median household income ***, regional classifications of cli-

37



102 104

mate zones ' >%, broadband (internet) usage data'“*, presidential election returns '°4, and fine particu-
late matter (PM, 5) 3. For the latter, there is strong evidence of adverse synergistic health impacts of

air pollution and heat’.

2.4.2 THE STATE SPACE

In addition to alert fatigue, time-varying factors that can modify the effect of heat on hospitalizations
and the effectiveness of heat alerts include relative excess heat, for example, compared to recent days®,
and the timing of heat waves within the warm season*.

Table 2.1 summarizes the variables used in the state space of the MDP. Recall that the state space
can be factorized as 5, = (£,,x;), where &, is the exogenous component and x; is the endogenous
component. The exogenous component contains the quantile value of the day’s observed heat index
(QHI)—within each county across warm seasons for all the years—which allows us to account for
long-term climate adaptation. It also contains time-varying factors which can modify the heat-health
relationship ®*#: day of summer (which is equivalent to #), weekend status, and excess heat compared
to the last three days. The endogenous component contains the number of heat alerts issued in the

last 14 days, an indicator of whether a heat alert was issued yesterday, and the remaining alert budget

for that episode.
Component | Variable
exogenous (&) ‘ quantile of heat index (QHI), excess heat, day of summer, weekend indicator

endogenous (x;) | Number of heat alerts issued in the last 14 days, indicator of whether a heat
alert was issued yesterday, and the remaining alert budget

Table 2.1: The state space, decomposed into exogenous and endogenous components.
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2.4.3 THE REWARD FuNcTION: A HIERARCHICAL MODEL OF HOSPITALIZATIONS

To learn the expected hospitalization rate, and thereby the transformed reward 7,, we train a Bayesian
hierarchical model with the desiderata of (a) facilitating obtainment of confidence intervals when eval-
uating RL policies and (b) allowing for spatial heterogeneity in the health effects of heat and heat alerts.
Let jzt(w) (a) be the expected per capita NOHR hospitalization rate at time 7 in county-summer (k, 7)
when taking action 2. We propose the scaled reward function rt(kJ) (a) = C — Czﬁt(kf) (a) where
Cy and C; are positive scaling constants. (Note that choices of C; and C, do not change the optimal
policy, but can help stabilize learning.) We choose C; = 1 and C; as the reciprocal of the observed
hospitalization rate through the entire summer.

Let ylgk’j) (a) denote the counterfactual outcome representing the number of NOHR hospitaliza-
tions for action 2 € {0,1}, and ) denote the total population susceptible to hospitalization in
county k in episode ;. We introduce two functions—to be learned—governing the counterfactual
hospitalization rate in county £ as a function of :t(kﬁ. First, 1, : S — R denotes the baseline rate of

hospitalizations when no alert is issued. Second, 7;: S — (0, 1) expresses the effectiveness of issuing

an alert as a multiplicative reduction factor. The top-level hospitalization model is

};Ek’]) (ﬂ) ~ POiSSOH(}’L(kZ/)_,ngJ) (4))7
. (k) (k) .
P (@) = 2l )1 — - m(5)),

t

forall (k,7) € K x J and ¢ € {0, ..., H—1}. The Poisson distribution/loss function is the natural
choice for count data and recommended for health outcomes data due to its correspondence to the
Cox survival model®.

To estimate the functions A; and 7; under limited data and low health signal, we incorporate a
data-driven random effects prior (using the county-level features) and inject domain knowledge on

the signs of certain coefficients. We train this model using variational inference, using the Python
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6s

package Pyro®s. The details of this approach, as well as model diagnostics, are in Appendix B.3.
Note that the fitted coefficients in the alert effectiveness component indicate the presence of alert
fatigue. To utilize this rewards model within the BROACH environment, we draw from the varia-

tional posterior distribution at the start of each episode, and then use those coefficients to calculate

Ak given (fngf)vﬂr(kJ)) forr=0,..., /-1

2.4.4 THE ALERT BUDGET

Each episode in our MDP starts with a fixed alert budget 4. This can be specified as a constant, sampled
from a range of values, or set to the observed (NWS) value. As the agent steps through the episode,
once Y ) _,a; = b, itis prohibited from issuing any more alerts: it can only obtain the reward r,(f’j) (0)

fordaysh =¢+1,...,H—1.

2.4.5 THE TRANSITION FUuNcTION: OBSERVING ACTUAL WEATHER/CLIMATE His-

TORY

We leverage the decomposition equation 2.3 to use real data for the exogenous trajectories, and intro-

duce a data augmentation scheme in the context of single-county RL.

SAMPLING OF EXOGENOUS TRAJECTORIES

Recall that the endogenous aspect of our state space, heat alert history, is deterministically updating, so
does not need to be modeled probabilistically. The key observation in the heat alert setting is that the
more complicated aspect of the environment, the weather/climate, also does not need to be modeled
because it is completely exogenous to heat alert decision-making. In this setting, developing a model
for the weather is not only unnecessary, but would unavoidably introduce error. Instead, we sample

real observed weather trajectories.
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REGIONAL DATA AUGMENTATION

The issue with this approach is that there are only 11 years of exogenous trajectories (2006-2016)
available per county during which we also have heat alert data—which is needed when we use observed
alert budgets (paired with observed weather) for comparison with the NWS. To mitigate the potential
for RL overfitting to these 11 years, we propose data augmentation by sampling exogenous trajectories

from other counties in the same regional climate zone¥ '3 during RL training and validation / tuning.

2.5 LEARNING & EvALUATION

We conduct experiments to (a) assess the ability of standard RL algorithms to learn effective heat alert
policies in the BROACH environment, (b) test various modifications to these algorithms, and (c)
compare the resulting policies to the NWS policy and other intuitive baselines. We then investigate
heterogeneous performance of the RL policies to provide domain-relevant insights. Code for all steps

is available in our GitHub repository”.

2.5.1 Poricy CONSTRAINT: VERY HoT DAys

Foreshadowing our findings, standard RL algorithms struggle to learn to conserve their alert bud-
gets for later in the summer, resulting in poor performance. A major modification we implement to
encourage more effective behavior is restricting the issuance of heat alerts to days above a QHI thresh-
old, optimized separately for each county. To optimize the QHI threshold, we test the sequence of
values between o.5 and 0.9 (ensuring overlap with the NWS policy), by every o.05, and select the value
that yields the best return on our validation set (specified in the following section). Names of models

including this adaptation have the suffix “.QHI”.

Dueto the large size/geographic range of the “Cold” zone, we grouped its counties into eastern and western
subsets.
"https://github.com/NSAPH—Projects/heat—alerts_RL
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2.5.2 EXPERIMENTAL SETUP

For all training and evaluations, to directly compare counterfactual alert policies with the NWS policy,

we fix b in each county-summer to the observed number of heat alerts.

RL BASELINES

We investigate using four common RL algorithms: Deep Q-learning (DQN), Quantile Regression
Deep Q-learning (QRDQN), Trust Region Policy Optimization (TRP0), and Advantage Actor-Critic
(a2c)—additional information on these algorithms is in Appendix B.4.2. We use standard imple-
mentations of these methods available in the Stable-Baselines3 Python library '*3. To ground our
analysis and discussion, note that DQN and QRDQN are off-policy methods which learn determinis-
tic policies by directly solving for the optimal value function using the Bellman optimality condition
in equation 2.2; exploration is induced only during training (e.g. epsilon-greedy). Whereas, TRPO
and A2.c are on-policy methods which learn stochastic policies by direct optimization of the expected

return in equation 2.1, using refinements of the policy gradient theorem* 36; exploration is inherent.

NWS AND SIMPLE ALTERNATIVE BASELINES

To evaluate each of the RL policies, we compare them to the observed Nws policy as well as sev-
eral counterfactual baselines: most simplistically, randomly selecting & days on which to issue alerts
(RaNDOM) and selecting the & days with the highest QHI that summer (Topk)—the latter is an ora-
cle policy (not implementable in the real world) because to use it, we would have to know the whole
summer’s daily QHI in advance. We also implement the general guidelines that NWS recommends
in the absence of local criteria for issuing heat alerts (BAs1C.Nws): alert if the heat index is > 100°F

66

in northern states and > 105°F in southern states®°. Lastly, we implement a policy of always issuing

alerts on days above a per-county optimized QHI threshold until the budget runs out (AA.QHI).
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TRAINING DATA

The counties for which Nw's issued few heat alerts had high-variance estimates of heat alert effective-
ness in the rewards model. Therefore, for the RL experiments, we selected a subset of 30 counties in
which atleast 75 heat alerts were issued during 2006-2016; spread across the five major climate regions,
prioritizing those with higher variance in estimated alert effectiveness across days. See map in Figure

2.3 and Appendix B.4.1 for more details.

EVALUATION METRIC

The main metric we use for policy comparison is the average cumulative reward per episode (“average
return”). To estimate this metric fairly, we hold three years of data (2007, 2011, and 2015) out of RL
training, referred to as the evaluation years™. For the purposes of RL hyperparameter tuning (details
in Appendix B.4.3) and selection of the optimal QHI threshold for each county, we consider the re-
gionally augmented weather trajectories and associated heat alert budgets from the evaluation years
excluding the county of interest to be the validation data set. The final evaluation results (reported in
tables and figures) are obtained by drawing 1,000 sets of coefficients from the Bayesian rewards model
posterior and calculating the return under each policy with weather and budgets only from the county of
interest during the evaluation years. These validation/tuning and evaluation procedures are described
algorithmically in Appendix B.s. After calculating the average returns for the 30 counties under each
competing policy, we compare each policy’s returns with the associated returns under the Nws policy
using a Wilcoxon-Mann-Whitney test. This nonparametric test allows us to compare the distribution
of differences in returns, accounting for the fact that the counties are highly heterogeneous, so the

differences between the policies are not normally distributed.

**Appendix B.4.4 shows the results of a sensitivity analysis where the models are trained on 2006-2013 and
evaluated on 2014-2016.
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SENSITIVITY ANALYSIS

In the main analysis, we evaluate each county-specific implementation of DQN, QRDQN, TRPO, and
Azc by allowing each algorithm to deploy the type of policy that it optimizes during training: deter-
ministic for DQN and QRDQN and stochastic for TRPO and A2C. As a sensitivity analysis, we also de-
terministically evaluate the TRPO and A2.c policies, selecting whichever action has a higher probability
under the policy function. The names of these models have the prefix “DET”. In another sensitivity
analysis, we investigate whether the RL models can learn to anticipate subseasonal variation in the
warm season by augmenting the RL state space with information about the future. Specifically, we
test whether inclusion of the change in heat index over each of the next 1o days, as well as the soth-
rooth (by every 10) percentiles of QHI for the remainder of the summer, improves RL performance.
In real-time deployments of RL models, this kind of future information would not be known but
could be sourced from weather forecasts or climate model projections. Of course, such forecasts /
model projections are not perfect, but we start with perfect future information as a proof of concept.

The names of models that include future information have the suffix “.F”.

2.5.3 RESULTS AND DiscussioN

Figure 2.4 illustrates how the different policies look in practice, specifically in a scenario where using
RL is beneficial. Figures B.4 and B.5 show scenarios where the alert budget is small and where using
RL is not beneficial compared to the alternatives.

Table 2.2 provides the main results of our RL experiments.
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County 5045 in 2015: 22 Alerts, 135 NOHR Hosps per 10,000 Under the NWS Policy
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Figure 2.4: An example of observed and counterfactual heat alert policies for a single summer (2015 is the most recent
year in our evaluation set), with estimates of the number of NOHR hospitalizations saved (compared to NWS) per 10,000
Medicare enrollees under each policy. The dashed lines indicate the optimized QHI threshold of the policy in the same
color. The multiple horizontal lines of pink and green dots indicate five different samples from TRPO.QHI and A2C.QHI
respectively. For these two policies, the number of NOHR hospitalizations saved is the average of all their evaluations
over 2015.

QHI RESTRICTION IS NECESSARY FOR THE STANDARD RL ALGORITHMS TO PERFORM

WELL

Several counterfactual policies perform worse than Nw's (as indicated by negative median difterences
in returns): RANDOM, BASIC.NWS, and the RL models without the QHI restriction. By contrast,
the RL models with the QHI restriction perform significantly better than Nws, as indicated by their
significant positive median difference in returns. A rough estimate if A2c.QHI were implemented as-is
across all counties in the U.S. (using the Medicare population from 2011, the midpoint of our study
period) is that we could see a reduction of 222 NOHR hospitalizations per year (approximate 95% CI
=(-491, 1131); details of this CI calculation are in Appendix B.6). Discussion of this absolute benefit

to public health is in Appendix B.7.
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NOHR Hosps Saved vs NWS (vs

Zero) Per Summer

Policy Median WMW  P-value Median per 10,000 Approximate
Diff. Medicare Total
*TOPK 0.022. 406 0.0002 0.023 (1.96) 113 (9,603)
RANDOM -0.015 177 0.88 -0.013 (1.98) -64(9,697)
BASIC.NWS -0.286 30 1.0 -0.283 (1.45) -1,388
(7,110)
AA.QHI 0.03 348 0.0025 0.029 (1.99) 143 (9,747)
DQN -0.123 43 0.99995 -0.102 (1.83) -502 (8,989)
QRDQN -0.117 51 0.99991 -0.098 (1.85) -480(9,046)
TRPO -0.065 97 0.99742 -0.063 (1.9) -309 (9,321)
A2C -0.063 100 0.99689 -0.062 (1.9) -301 (9,317)
DQN.QHI 0.03 370 0.002.42 0.029 (1.99) 142 (9,746)
QRDQN.QHI 0.035 344 0.01121 0.031 (1.99) 153 (9,767)
TRPO.QHI 0.038 338 0.0154 0.038 (2.02) 185 (9,897)
A2C.QHI 0.042 344 0.01121 0.045 (2.02) 222.(9,902)
DQN.F -0.417 40 0.99996 -0.401 (0.49) -1,966
(2,408)
QRDQN.F -0.42 48 0.99993 -0.42 (0.47) -2,059
(2,322)
TRPO.F -0.062. 103 0.99625 -0.061 (1.9) -297(9,322)
A2C.F -0.063 101 0.99669 -0.062 (1.9) -302(9,304)
DQN.QHLF -1.895 I I -1.901 (0) -9,317 (0)
QRDQN.QHLF 0.014 238 0.45904 0.012 (1.61) 61 (7,876)
TRPO.QHILF 0.046 345 0.01062 0.048 (2.02) 236 (9,886)
A2C.QHLF 0.036 343 0.01183 0.038 (2.02) 187 (9,915)
DET.TRPO.QHI -0.662 57 0.99985 -0.579 (0) -2,835 (2)
DET.A2C.QHI -0.886 90 0.99837 -0.794 (0.16) -3,888 (807)
DET.TRPO.QHLF 0.032 271 0.21723 0.034(1.83) 168 (8,948)
DET.A2C.QHLF  0.02 287 0.13335 0.021 (2.01) 104 (9,836)

Table 2.2: Comparison between the average return of each counterfactual policy and that of the NWS policy on the
evaluation years, summarized across counties (e.g. “Median Diff” is the median difference in average return). The last
two columns also provide a comparison to the counterfactual with zero heat alerts issued. WMW is the Wilcoxon-Mann-
Whitney statistic (higher is better); its associated p-value is also included. The first policy, marked by *, requires oracle
knowledge of the future weather. The approximate total number of hospitalizations is based on 49 million Medicare
enrollees in 201123,
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THE FUTILITY OF INCLUDING FUTURE INFORMATION

Across both plain and QHI-restricted models, TRPO was the only one that benefited from including
future information in the state space. While A2c was minimally impacted, QRDQN and DQN were
made noticeably worse. The latter may be due to the future information dramatically increasing the
size of the state space/neural network parameters, which our hyperparameter tuning did not fully
counteract. Note that for the TRPO models, the benefit observed with the use of future information
would likely be smaller in practice due to forecast / prediction error—the simulation of which is be-
yond the scope of this paper. Therefore, we focus on the RL models without future information in

the remainder of this text.

THE NEED FOR STOCHASTIC POLICIES

Interpreting policies from the TRPO and A2c models deterministically fails in the heat alerts setting
under our rewards model. Additional discussion of this result is in Appendix B.8.2. This finding
raises the question: Are stochastic policies palatable from a domain perspective? On the one hand, it is
less immediately satisfying that some aspect of heat alerts issuance would be left to chance. On the
other hand, in the context of human-in-the-loop decision making—which would likely be the case
for public organizations such as NWS *#—an algorithm reporting probabilities is more informative
than reporting only a binary action. In any case, if in the future a heat alerts RL model was running
continuously online, it would likely need to utilize exploration (incorporating some randomness into

its actions) to update itself over time.

COMPARING POLICIES THAT PERFORM SIGNIFICANTLY BETTER THAN NWS

We note that the performance and behavior of DQN.QHI is practically identical to Aa.QHI—not just

in its numerical summary, but also in its policy behavior. QRDQN.QHI performs a bit better than
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DQN.QHI, but not as well as the stochastic policies. Between those, A2c.QHI performs better than
TRPO.QHI, though their policies tend to display similar characteristics. Therefore, we focus on A2c.QHI
as the best RL policy in the post-hoc analysis. The non-RL counterfactual policies that perform well
are that of always issuing an alert on days above an optimized QHI threshold (aA.QHI) and of issuing
alerts on the & hottest days of the summer (ToPk). We note that the ordering of the Wilcoxon-Mann-
Whitney statistics for TOPK, AA.QHI, and A2C.QHI is opposite the ordering of these policies’ median
difference in returns (compared to Nws). This is due to the longer tails of the A2c.Qu1 differences, as
illustrated in Figure 2.5. For interpreting these results, recall that ToPX is an oracle policy. However,

AA.QHI is an implementable alternative to A2C.QHI, so we must consider it more seriously.

2.5.4 PosT-HOC CONTRASTIVE EXPLANATION

To characterize differences between the best RL policies, the Nws policy, and alternative baselines, we
consider both stationary features included upstream in the analysis (e.g., climate region and median
household income) as well as characteristics of both the Nws and counterfactual alert policies, namely
the distributions of the days of summer on which alerts are issued and the lengths of alert streaks
(sequences of repeated alerts). We start with these alert characteristics, descriptive histograms of which
are in Figure B.6. Both A2c.Qu1and AA.QHI tend to issue heat alerts earlier in the summer than Nws.
A2.C.QHI also tends to issue shorter streaks of alerts (i.c., fewer consecutive days of alerts), which makes
sense given its ability to learn sequential dependence encoded by the rewards model.

Figure 2.5 illustrates the varying performance of TOPK, AA.QHI, and A2.C.QHI relative to the Nws
policy, across climate regions and counties. Note that large heterogeneity in the health effects of heat
alert intervention across counties is consistent with previous findings'7*. A striking visual pattern
is the increasing vertical spread from left to right: Tork performs the least heterogeneously across
counties, followed by AA.QHI, and finally A2c.QH1. Similarly, the humid climate regions display more

heterogeneity across counties than the others, across all the policies. This is partially due to those
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regions being larger and thus overrepresented among our 30 counties (see Table B.3), but that does
not fully explain the discrepancy.

Comparison to NWS: Average Return on Evaluation Years
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Figure 2.5: Different policies’ average return relative to NWS across different climate regions, over the evaluation years.
Outlier points are labeled with their state abbreviation. Note that TOPK is an oracle policy.

To structure our investigation of why some counties see smaller (or even no) benefits from the ap-
plication of the heat alerts RL, we fit CART on both the numeric difference in average return (com-
pared to Nws) and a polytomous indicator of which policy performed the best. To prevent CART
overfitting to our 30 counties and to facilitate interpretation, we ensure that the minimum number
of counties in each leaf (terminal) node is greater than or equal to five for the regression and three for

the polytomous classification.

RLPERFORMS BEST IN COUNTIES WITH LARGER HEAT ALERT-HEALTH SIGNAL AND LONGER

HEAT WAVES

A classification tree distinguishing A2C.QHI, AA.QHI, NWS, and TRPO.QHI is shown in Figure B.7.

The most predictive feature of the counterfactual policies’ performance relative to Nws is the size of
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the alert budget. The fact that the other policies find it harder to improve on Nws with more alerts may
be because in such settings it is less critical to discriminate days when heat alerts will be most eftective,
given that our rewards model assumes more alerts never hurt in an absolute sense. The second split
in the tree indicates that the RL performs best when there is greater variation in alert effectiveness
across days, in other words, when there is more signal in the heat alert-health relationship that can
be leveraged by the RL. The third split highlights how it is better to use RL in counties that tend to
experience more prolonged heat waves, which cause AA.QHI to issue more alerts in a row, increasing the
likelihood of alert fatigue. Running the same polytomous classification on a set of more conventional
covariates (Figure B.8), we see a nearly-identical tree except with median household income in place
of alert effectiveness and humidity in place of prolonged heat waves. Both of these associations make

sense from a domain science perspective.

ADDITIONALLY, RL PERFORMS BETTER THAN N'WS EARLIER IN THE SUMMER

Conducting regression on the difference in average returns between a2c.QHI and Nws using CART
(shown in Figure B.9) generated complementary insights. The most predictive feature is the median
day of summer on which the RL issued heat alerts: A2c.QHI performs better in counties for which it
identified that it is optimal to issue alerts earlier in the summer. Whereas, in counties for which it is
optimal to issue alerts later in the summer, there was less room for improvement by the RL because

the Nws already tends to issue alerts later in the summer.

2.6 CONCLUSION & FUTURE WORK DIRECTIONS

This work lays the foundation of SDM for climate & health, by (1) formulating and building an SDM
pipeline to optimize heat alert issuance, via integrating traditional statistical methods with cutting-

edge RL techniques, and (2) offering insights into scenarios where RL improves vs. fails to improve
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on the observed policy or simpler alternatives.

Ultimately, we found that it was necessary to restrictalerts to days with higher QHI for standard RL
algorithms (DQN, QRDQN, TRPO and A2.C) to be eftective. Our post-hoc analysis enabled investigation
of where RL performed better than the Nws policy and the simpler alternative Aa.QHI. Future work
might explore the use of methods which ensure a new policy is never worse than the existing policy,
such as safe policy learning or model predictive control. Alternatively, we could develop a preliminary
predictive model to select counties that are likely to benefit from RL, using intuitions similar to those
in our CART analysis.

We anticipate several common questions about our approach. The first is how to move beyond
a fixed alert budget, important in a changing system (under climate change, the number of extreme
heat events is expected to increase). From a practical standpoint, real monetary budgets from stake-
holders could be used, for instance “how many times can we afford to open our cooling center(s) this
summer?” Future work could also explore modeling alert fatigue as part of the RL environment, for
instance by incorporating tools from behavioral science. RL algorithms that are intentionally robust
to distribution shift also merit investigation in a climate & health setting.

A second question is whether offline (batch) RL methods, which use only observed data in place of
asimulator, could be used to circumvent dependence on the specification of a rewards model. Several
major challenges stand in the way of an offline approach, highlighted in our heat alerts example. First,
there is a tension between trying to improve the observed policy and controlling distribution shift”*:
for instance, we see that Nws often issues alerts in streaks, making it hard for offline RL to learn and
optimize the impact of an individual alert. Second, assessing the performance of offline RL using
off-policy evaluation methods is made difficult by long episodes, large potential for distribution shift
(especially in the absence of a modification such as restricting alerts to very hot days), and high degree
of autocorrelation in the reward 4%,

We close with a broader view of climate & health decision making. Ideally, an optimal heat alert
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system would account for different types of health impacts experienced by different demographic
groups—future work could explore multi-objective RL. Similarly, it is important to recognize that
the issuance of heat alerts is only a first step in reducing the public health impacts of extreme heat* 8,
there is much more work to be done analyzing and expanding local actions in response to heat alerts. If
such on-the-ground interventions are able to increase the effectiveness of heat alerts, then this is likely
to increase the ability of SDM methods such as RL to identify these effects and help us continue im-

proving our strategies in the future.

52



A Spatiotemporal, Quasi-experimental Causal Inference
Approach to Characterize the Effects of Global Plastic Waste
Export and Burning on Air Quality, Using Remotely Sensed

Data

3.1 INTRODUCTION

THE OPEN BURNING OF WASTE, INCLUDING PLASTIC WASTE, IS AN URGENT GLOBAL HEALTH

1ssUE'"®. Open burning is defined as burning “in open fires without managing for the emission of
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byproducts, such as gases and ash, into the ambient air or soil”**”. An estimated 40-65% of total
municipal solid waste is open-burned in low- and middle-income countries (LMIC:s), largely as a result
of two billion people around the world receiving no municipal solid waste collection’™®. As will be
highlighted in this paper, LMICs also receive large amounts of waste from high-income countries.
Regardless of the source of the waste, waste burning threatens public health due to the air pollutants
emitted, such as fine particulate matter ‘%79, abbreviated PM, 5. There is a large body of scientific
evidence linking air pollution, and specifically PM s, to health consequences ranging from respiratory
and cardiovascular disease, to cancer, to reproductive and neurological disorders, to mortality '*°.

A decade ago, Wiedinmyer et al. 167 presented the first comprehensive, global estimates of air pol-
lution (and greenhouse gas) emissions due to open waste burning, using an emissions factor approach
based on guidelines from the IPCC (Intergovernmental Panel on Climate Change). This approach
relies on rough country-level approximations for the amount of waste generated and open-burned,
which were derived as a deterministic function of national waste generation rate and waste collec-
tion efficiency estimates. The estimated amount of open waste burned was then converted into waste
burning-attributable emissions estimates through multiplying by a literature-informed emissions fac-
tor. This and other inventories have subsequently been paired with chemical transport modeling to
estimate the impact of open burning on regional air quality and attributable mortality 56, While these
studies provide evidence that the air pollution contributions of waste burning may be substantial,
their methods require strong assumptions backed up by very limited empirical data, and adaptation
of these methods to conduct policy impact evaluations, which are crucial for future policy making,
would necessitate further strong assumptions about the impact of a policy on the various inputs.

In this study, we focus on plastic waste, whose global generation more than doubled from 2000-
2019 ' '* and whose transport / trade from higher- to lower-income countries is a major environmental
justice issue. In contrast to earlier studies estimating emissions from burning all kinds of waste, recent

studies have focused on more robust estimation of plastic waste generation in specific regions” and
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detecting molecular tracers from plastic burning7(’

. However, these methods do not easily scale to
large regions and/or time periods.

To generate robust empirical evidence about the impacts of plastic waste burning on air quality
at scale, here we leverage a case study featuring a large plastic waste quasi-experiment. On January 1,
2018, China banned the import of plastic waste™. Previously, between 1988 and 2016, they received
45% of global plastic waste exports'®. The 38 OECD (Organisation for Economic Co-operation and
Development) countries, most of which are classified as high-income, contributed 64% to all exports

16

in this time frame, with the United States, Japan, and Germany topping the list'®. Unsurprisingly,

in the wake of China’s ban there was a marked increase in plastic waste exports to other countries in

the East Asia & Pacific region, which were already receiving 30% of global exports '

. In this paper,
we focus on Indonesia, which in 2018 became a net importer of plastic waste>>. As of 2020, it was
estimated that 48% of Indonesia’s plastic waste is openly burned *5.

In this paper, we seek to quantify the increase in air pollution at open dump sites in Indonesia
during 2018-2019 due to (the burning of) increased plastic waste in the wake of China’s 2018 ban.
However, data scarcity presents significant obstacles to such an analysis. Indonesia, like many LMICs,
has very limited ground-level (“in situ”) air quality monitoring. The country’s first reliable air quality
monitors were deployed in Jakarta during our study period'73. For context: as of 2020, 51% of the
world’s governments did not produce air pollution data’*s*. In recent years, remotely sensed data

have been widely used to fill gaps in in-situ monitoring >*

. In addition to the lack of air quality data,
to our knowledge there is no detailed record of Indonesia’s plastic waste imports along the lines of
what Unfried & Wang '+ used to investigate domestic air quality impacts of China’s ban — and in any

case, use of an official record might obscure the contribution of informal and/or covert transportation

of waste, which is suggested by analysis of the Indonesian waste sector"'. Therefore, we develop an

*China also implemented a second ban in January 2019, tightening its initial policy. However, Unfried &
Wang '+ found that the impact of this second ban was minimal.
"Note that OpenAQ has reported updates to this statistic in 2022 and 2024.
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analytic strategy relying on data products derived from remote sensing, including PM s estimates,
the identification of locations where waste has been openly dumped, and proximity to ports from
which plastic waste can enter Indonesia (data sources are detailed in Section 3.2). To our knowledge,
this is the first analysis providing empirical estimates of how a policy-driven change in plastic waste
quantity — and associated changes in burning — impacts air quality, in a setting without in-situ air
quality monitoring or waste quantity data.

Motivated by this case study, we also propose a new, multiply-robust causal inference approach to
estimation and inference for quasi-experimental study designs with a “universal” but dose-dependent
intervention. A growing body of work uses quasi-experimental study designs to estimate the air qual-
ity impact of a policy or intervention, with a recent surge focused on the Covid-19 lockdown — which
resembles our setting in causing a nationwide shift in emissions-relevant behaviors >34, Policies
that are adopted “universally” across a country/region of interest present a challenge for many conven-
tional quasi-experimental analytic methods, which typically assume the existence of a control group.
To address this, Heffernan et al. ©” developed a framework for machine learning-based comparative in-
terrupted time series (CITS), in which U.S. city-specific models were used to estimate the difference
in average daily air pollution before and after the lockdown dates, using past years of data as controls.

l. 20

A closely related approach was taken by Chen et al. *°, who used synthetic controls in place of CITS.
However, these methods that model each location’s effect separately do not satisfy our needs, because
we are interested in characterizing the relationship between changes in air quality and each location’s
“dose” of exposure to the treament / intervention, which in our case is port proximity as defined in
Section 3.2.3. That is, we wish to estimate a causal exposure-response curve.

Our proposed method merges ideas from this literature on quasi-experiments with a “universal”
intervention and ideas from the burgeoning literature on multiply-robust causal exposure-response

curve estimation. Specifically, we build closely upon recent work by Hettinger et al.”*, who intro-

duced a multiply-robust estimator for causal exposure-response curves within the difference-in-differences
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(DiD) framework. Derived from the efficient influence function or EIF (see Section 3.3.2), this esti-
mator accounts for confounding both between treated and control units and across levels of exposure
to the treatment / intervention, which can be thought of as a dosage. We propose a related EIF-based
multiply-robust estimator for causal exposure-response curves in quasi-experimental designs with a
universal intervention. We also propose an uncertainty quantification approach that accounts for
both spatial and temporal correlation. We apply this method to remotely sensed data for the Indone-
sia plastic waste case study to estimate the change in air pollution at open dump sites due to increased

plastic waste in the wake of China’s 2018 ban, as a function of a dump site’s port proximity.

3.2 DATA & DEFINITIONS

We compile a monthly analytic dataset spanning 2012-2019, not including more recent years to avoid
confounding by the Covid-19 pandemic. This dataset will be made available on Harvard Dataverse

post-acceptance of this paper.

3.2.1  SPATIAL UNITS OF ANALYSIS: WASTE DUuMP SITES

Waste dump sites serve as our spatial units of analysis in this study. While plastic makes up only 12%
of global municipal solid waste, the total aggregation of waste is a key proxy for aggregations of plas-
tic waste®5. Indonesia does not provide official data on dump site locations in the country; thus, we
source these data from remote sensing products. Global Plastic Watch (GPW) is a data platform con-
taining satellite imagery-derived classifications of open dump sites, also known as waste aggregations.
Kruse et al. * used machine learning to do this classification, and evaluated their performance in In-
donesia. The GPW dataset has been used by high-profile groups such as ClimateTrace to estimate
emissions from the waste sector '*+.

We use all dump sites in Indonesia detected by GPW prior to 2020 for which PM; 5 data were
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available in the Asia region PM; s data files from 58 described below. This resultsin 3 56 sites included
in our analyses, out of 357 total detected by GPW in Indonesia. Site footprints are provided monthly
starting in 2015, but there are frequent gaps and GPW notes that the average across time is more
reliable than any given time point. Averaged across time (through the end of 2019), the median area
of open dump sites in Indonesia is 2,3 17m?* (IQR=[881m?, 5,982m?]), but this distribution is highly

right-skewed, with a maximum value of 288,424m? (0.29km?).

WrY NoN-DUMP SITES SHOULD NOT BE USED as “CONTROL” LOCATIONS

To motivate our methodological approach (in which we use past years as controls for future years at
the GPW dump sites), briefly consider what trying to identify separate “control” locations would look
like.

Let us walk through several of the causal identifying assumptions made in”", which are standard
in DiD-type analyses. Positivity requires that controls have a non-zero probability of being treated.
In our setting, this might be reasonable if we selected non-dump locations with similar characteristics
to dump sites, including their proximity to major roads and population density. The Stable Unit
Treatment Value Assumption (SUTVA) requires that (i) there is no interference between units and
(ii) there are no hidden variations in treatment'*7. In our setting, spillover of air pollution becomes
a concern if controls are spatially proximate to dump sites, which would be made more likely if we
prioritized non-dump locations with similar landcover characteristics. The second aspect of SUTVA
might be violated in our case study if we accidentally selected some “control” locations where waste is
dumped and burned, but dumping there went undetected in the satellite imagery. Conditional Par-
allel Trends requires that the pre-post difference in the treated group would be the same (conditional
on covariates) as that in the control group, in the absence of treatment. Here, consider that Indone-
sia’s domestic plastic waste generation is increasing by about 5% per year’. Since we know that a

substantial fraction of this waste is taken to dump sites and burned, we would expect the long-term
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trend in air quality over dump sites to be different than that over non-dump sites, regardless of waste
being imported.

Taken together, these considerations illustrate why attempting to use non-dump sites as controls
would likely lead to violations of causal identifying assumptions and biased estimates. Thus, we use
only waste dump sites in our analysis and assume that they are universally treated by the China plastic

waste ban starting in 2018.

3.2.2  OUuTCOME: FINE PARTICULATE MATTER (PM, s) CONCENTRATIONS

Our outcome of interest is PM5 s concentrations at dump sites. While in-situ measurements are not

available across Indonesia, van Donkelaar et al. '58

estimated global monthly average PM; 5 at 0.01° x
o.01° (approximately rkm) resolution using a combination of remotely sensed aerosol optical depth
(AOD), chemical transport modeling, and in-situ measurements from around the world. Briefly, they
relate AOD to surface PM s concentrations using geophysical relationships observed between in-situ
PM; s measurements and AOD simulated from a chemical transport model. They then apply ge-
ographically weighted regression to predict (and later adjust for) the residual bias with the in-situ
monitors. At monitor sites in Asia from 2015-2019, they report cross-validated R* values ranging
from o.59—0.86. Unsurprisingly, estimates over regions with fewer in-situ monitors have higher un-
certainty; however, this data is widely used for exposure assessment and epidemiology studies.

We extract these monthly PM s values for 2012-2019 at the GPW sites, for each site taking the
value of the grid cell in which the site centroid lies. The average PM s concentration at the dump sites

in 2012-2017 (prior to the China ban) was 25.7 ug/m>. The time series of concentrations averaged

across sites (Figure 3.1) shows a strong seasonal pattern across our study period.
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Median, Mean, and 75th Percentile of PM2.5 at GPW Sites in Indonesia
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Figure 3.1: Median, mean, and 75th percentile of PM, 5 across GPW sites in Indonesia, 2012-2019.

3.2.3 EXPOSURE: PORT PROXIMITY

Because the policy intervention is on waste imports and in Indonesia any such imports should come
through ports, presumably dump sites closer to port activity should be more heavily aftected by waste
imports. Thus, we consider each dump site’s proximity to port activity to be a proxy measure of treat-
ment dose (or “exposure”). Following other recent work assessing the domestic impacts of China’s
plastic waste ban Unfried & Wang '+, we could use distance to the nearest port as a proxy. However,
that would not take into account the amount of shipping activity in each location. Therefore, we
used data from shipping signals remotely sensed via the Automated Identification System, specifically
a derived measure of cargo ship loitering from the Global Maritime Traffic Density Service ’*. For
our continuous exposure metric, we calculated an inverse-distance-weighted sum of the 2018 loiter-
ing data around every GPW site. Due to the strongly right-skewed distribution of this port proximity
index, we use a quantile version throughout the analysis, as shown in Figure 3.2. This transformed

variable is henceforth referred to simply as the “port proximity”.
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Figure 3.2: Quantile of the port proximity index for each GPW site in Indonesia.

3.2.4 COVARIATES: METEOROLOGY, POPULATION DENSITY, AND FIRE LOCATIONS

As in previous analyses of pre/post-intervention air quality data, the primary covariates in our analy-
ses are meteorological factors 67:20,34 By chance, meteorological conditions may differ in the pre- and
post-intervention periods, also influencing air quality, and thus failure to adjust for them may bias
our estimates of the treatment effects. We obtained ER A5 monthly-aggregated data for 2012-2019*
via Google Earth Engine’7. This climate reanalysis product, which integrates remotely-sensed and
in-situ observations with physics-based models, is available at a spatial resolution of 0.25° x 0.25° (ap-
proximately 28km). We take the value at each dump site to be that of the ER A5 grid cell the dump
site centroid lies within. We use average air temperature at 2m height, dewpoint temperature at 2m
height (indicating humidity), total precipitation, surface pressure, and the u- and v-components of
wind speed as covariates in our model.

Population density is another potential confounder in our case study. The GPW API provides
an estimate of the population living within 1, 5, and 10 kilometers of each dump site, sourced from
WorldPop 138 Because we observed similar patterns across the sites between these variables, we chose

to adjust for population living within rkm for simplicity (it is straightforward to think of this as pop-
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ulation density).

Lastly, we obtained the locations of active fires from VIIRS, the Visible Infrared Imaging Radiome-
ter Suite '*?. The availability of this remotely sensed product (375m resolution daily) starting in 2012
influenced our selection of the study period start. A time series of the total number of active fires
across Indonesia is shown in Figure C.1. After obtaining the maximum footprint of each dump site
as detected by GPW, we performed a spatial overlay of the active fire points. To account for impre-
cise detection of site boundaries as well as shape fluctuation over time, we used a room buffer around
each site for the overlay. Throughout our analysis, we consider non-waste dump fires to be those that
occurred more than 1oom away from any GPW site. We use the monthly count of fires occurring
outside of open dump sites in the province as a covariate in our main analysis. The purpose of this is
to adjust for potential changes over time in wildfire activity and agricultural burning practices, which
could also contribute to changes in PM, s during the study period.

To assess plausibility that changes in waste burning are contributing to any changes in air quality
post-intervention, we conduct a post-hoc exploratory analysis of the temporal trend in the number of
VIIRS active fire points at open dump sites in Indonesia during the study period. Increases in active
fire points at open dump sites from 2018 onwards would provide informal evidence that changes in
air quality may be (at least partially) due to increases in waste burning.

The VIIRS fire overlay also justifies our analysis of all dump site locations from 2012-2019, re-
gardless of when GPW first detected them (prior to 2020). As shown in Figure C.2, there were many
locations at which major fires occurred prior to their date of first detection as a dump site by GPW.
Having observed fires at a site before it was classified as a dump site by GPW increases the likelihood

that the site was being used as a dump site prior to the GPW designation.
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3.3 METHODS

Analytic code and detailed information on data processing will be made available on GitHub post-

acceptance of this paper.

3.3.1 SETUP AND ASSUMPTIONS

Let O be the observed data, containing: Y the outcome (PM; s), D the dose of exposure (port prox-
imity), and X the covariates. The latter includes the population living within 1km of the site, monthly
averaged meteorology (temperature, humidity, precipitation, pressure, and wind speed), and the num-
ber of active fires detected in the province (that month) which did not overlap with any GPW site. To
help capture spatial heterogeneity, we also include fixed effects for site ID and province in our model;
the spatial boundaries for the latter are shown in Figure C.3. Lastly, to account for longer-term trends,
we include time £ = 1, ..., 96 to represent the months between 2012 and 2019, inclusive.

Furthermore, let B (for “ban”) be a pre- vs. post-intervention indicator. B = 0 indicates dates
before policy implementation, and B = 1 indicates dates after (in our case, 1/1/2018 onwards). Be-
cause all units (dump sites) in the analysis are treated post-intervention, B is also a binary indicator of
treatment status. We use B rather than the more commonly used 4 to illustrate this departure from
DiD.

Each observation is indexed by its location 7 (N = 356 dump sites) and time point 2. When B;, = 0,
we say D;; = (), meaning D is undefined — while each location 7 has a port proximity prior to China’s
ban, this feature has not yet been activated to represent the dose of treatment. We define the potential
outcomes as Yy(B; = b,D;, = J), i.e., the outcome that would have been observed for a given
unit under intervention status & and dose 9. This definition of the potential outcomes requires that
the future cannot affect the past (arrow of time, call this A1) and SUTVA (A2), discussed in section

3.2.1. Mathematically, SUTVA requires that ¥;,(B;, D,) = Y;(By, D;), where B, and D, denote
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the population-level vectors of intervention and dosage.

Our aim is to estimate a causal exposure-response curve quantifying the causal effect on Indonesian
air quality of China’s 2018 plastic waste import ban at different levels of port proximity, d. In the DiD
setting, Hettinger etal. 7" terms this the “Average Dose Effect on the Treated”, or ADT. While noting

again that our formulation is different, we still see fit to call our effect of interest the ADT:

ADT(3) = ¥(9) = E[¥(1,3) — Y(0,0)|B = 1]

In our case study, this estimand describes the average difference in air quality post-China ban at
open dump sites in Indonesia, if all dump sites were exposed to port proximity dose d. To identify the

ADT(9), we require

(A3) Consistency: Yy (b, ) = Y;; when (B, D;:) = (b,9)

(A4) Positivity: there exists ¢ > 0 such that
(e < mp(x) <1Vx €X, 7p(x) = P(B = 1|x)

(ii)e < 7p(dx,B=1)Vx € X|B=1,0€ D, mp(dx,B=1) =p(D=9B=1X = x)

In contrast to Hettinger’s Conditional Counterfactual Parallel Trends Between Treated and Con-

trol, we require

(As) Conditional Ignorability Between Time Periods: £[Y(0, 0)|B = 1, X] = E[Y(0,0)|B = 0, X]
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This means that there is o residual time-varying confounding. Assembling an adequate set of co-
variates to justify this assumption relies on domain knowledge. Its plausibility can be strengthened
by adjusting for seasonal and/or long-term trends, e.g., through inclusion of a time variable in the
adjustment set. This assumption is needed due to the absence of control locations in our application.

Lastly, in contrast to Hettinger’s Conditional Counterfactual Parallel Trends Among Treated Be-

tween Doses, we require

(A6) Conditional Ignorability Among Treated Between Doses:

EY1,)B=1,D=3X]=E¥1,)B=1X]VoecD

This means that there is no residual spatial confounding, in other words we would expect the post-
policy air quality to be the same at all dump sites with covariates X, if they were assigned dose 9 (re-
gardless of their observed port proximity). The plausibility of this assumption may be strengthened
by adjusting for region-specific fixed effects (in our case, province).

Assuming these six conditions, our ADTY(9) is identifiable with observed data:

Y(9) = E[Y(1,9) — ¥(0,0)|B = 1] (3.1)
= E[E[Y(1,9) — Y(0,0)|B =1,X]|B =1] (3.2)
= E[E[Y(1,9)|B=1,D = 8,X] — E[¥(0,0)|B = 0,X]|B = 1] (3.3)
= E[E[Y|B=1,D = 8,X] — E[Y|B=0,X]|B =1] (3.4)

Where line (1) is by definition, (2) by iterated expectations, (3) by A6 on the lefthand side and As

on the righthand side, and (4) by A1-3.
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3.3.2 MOTIVATIONS FOR EFFICIENT INFLUENCE FUNCTION-BASED EsTIMATION

A conventional approach to estimate an exposure-response curve in a quasi-experimental setting would

be to use a regression model like this one:

E[Yi] = i + X+ e+ fo(Di)B,

where f, (D) is a flexible (nonparametric) function, with parameters . There are several drawbacks
of this approach. To begin, even if we allow a flexible relationship between D and Y, we are not al-
lowing for flexible relationships between X and Y, nor interactions between the components of X.
Importantly, we are not addressing confounding between the dose D and trends in the outcome — for
instance, if the overall (or seasonal) trend in air pollution is affected by population density, which is
static in our dataset and which we know to be correlated with D (see Section 3.4.2). To address this,
we could make a much more complicated linear regression (e.g., by using splines and more interaction
terms), or use a nonparametric machine learning algorithm to model Y given D, X, B. However, this
outcome model might still be misspecified. This motivates the search for a doubly-robust estimator,
which incorporates both a model for the outcome and a model for the propensity score (the probabil-
ity of receiving treatment), which explicitly addresses confounding, and will produce results that are
consistent (reliable in a probabilistic sense) if at least one of these models is correctly specified.

We turn to estimators based on the the Efficient Influence Function (EIF). Without going into the
technical details (interested readers should see Kennedy ** and Schuler & van der Laan *?°), the EIF
for a specific estimand can be used to construct an estimator that is doubly robust and attains the
nonparametric efficiency bound (a nonparametric analog of the Cramer-Rao bound), at least asymp-
totically. In practice, one has to derive the EIF only for a novel estimand, and in many cases this can
build closely on past work. Kennedy et al. ** provided a doubly-robust estimation method for causal

exposure-response curves in observational data settings, which Hettinger et al.”* then extended to a
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DiD framework, including conditions for “multiple robustness” which will be described in the follow-
ing section. We further extend this multiply-robust estimator to a setting without control locations,
which as described in Section 3.1 is another common type of quasi-experiment. This work contributes

to the nascent application of EIF-based estimation techniques in quasi-experimental settings.

3.3.3 EsTIMATION

The major difterence between our estimator and that of Hettinger etal. 7" is that instead of modeling
the pre-post difference in outcomes, we are just modeling the outcome Y because we are using pre-
intervention years rather than separate control locations. This does not substantively change the steps
of the proofs in Hettinger et al.”* to (1) derive the EIF for the ADT* and (2) show that the resulting
estimator is multiply robust. At a high level, after obtaining the EIF, we construct the estimator via
the method of estimating equations, which involves setting the EIF equal to zero and solving for ¥ 3°.

Given our goal of estimating ¥ (9), the relevant parts of this estimator are:

HD, X, B, Y1y, 7p) = B [”ngﬁ ;1:) (= (D) + m(DIB = 1)]
X, BT 72) = =17 | Y~ o)+ B4 (X))

*Technically, they derive the EIF for the integral of AD7(9) to satisfy the pathwise differentiability require-
ment.
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where

ol(X) = E[Y]B = 0,X]
tul(Dv X) =E[Y|B=1,D,X]

m(D|B=1) = /X ¢,(D,x)dP(x|B =1) = E[Y|B =1, D]

ADB=1) = /X 7p(D|B = 1,x)dP(x|B = 1)

In words: pz, and g, are the outcome regressions in the pre- and post-intervention periods, respec-
tively, and m(D|B = 1) is the marginalized outcome regression in the post-intervention (treated)
period, averaged across the covariates so that it only depends on the dose of exposure D. 73 is the
propensity score for being intervened upon (in our case, being in the treated period), zp is the gen-
eralized propensity score (GPS) for receiving dose D of treatment, given being in the treated period,
and f{D|B = 1) is the marginalized GPS.

Overall, this estimator is unusual in that it has separate functions £and 7 to estimate the outcome
in the presence and absence of treatment — in our case meaning the years after intervention and be-
fore intervention respectively. The form of both functions, including both an outcome model and
a propensity score-based weight, foreshadows the multiple robustness conditions of this estimator:
we need at least one of each pair (1, p) and (¢, 75) to be correctly specified for the results to be
consistent.

To estimate ¥(9), we follow this procedure:

1. Estimate nuisance functions Y15 Bos TBy TD

2. Calculate £D, X, B, Y; ,, 7p) and 7(X, B, Y; &, 7p) on the empirical data using the esti-

mated nuisance functions
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3. Regress (smooth) Af on D to obtain ¥ p(9), and take the empirical mean of 7 to obtain ¥,

4 Y(3) =Y¥p(0) — Yo
The estimation of the nuisance functions can be carried out using any flexible modeling tech-
nique, e.g., tree ensembles or SuperLearner. Local linear kernel regression (LLKR) is employed for
the smooth regression in step 3. The methods and implementation details used in our case study

analysis are described in Section 3.3.5.

3.3.4 UNCERTAINTY QUANTIFICATION

For uncertainty quantification, Hettinger et al. 7" derive a sandwich variance estimator, but mention
various limitations of that approach, including that it relies on a normal approximation, that incor-
porating uncertainty in nuisance function estimation is challenging, and that extensions would be re-
quired to account for correlated data. To avoid these complications, here we use a novel variant of the
nonparametric bootstrap to obtain pointwise confidence intervals for the ADT. This approach avoids
making asymptotic assumptions in our finite sample setting and is designed to respect the complex
spatial and temporal correlation structures in our data. Rather than discrete bootstrapping, where
observations are either included in a sample or left out entirely, we use weights drawn from an Expo-
nential distribution to allow for small but nonzero inclusion, which helps to improve the observed
support of D in the samples”". (Note that these weights are scaled to reflect the observed sample sizes
in the pre- and post-intervention time periods.) Sampling one weight per location (dump site) rather
than per individual observation accounts for temporal correlation across repeated observations. An
important extension we propose, motivated by our case study, is to adapt the weights to account for

spatial correlation in addition to temporal.
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SPATIAL WEIGHTED BOOTSTRAP

Because our set of covariates likely does not explain all spatial correlation in the data, we need to
account for residual spatial dependence in our uncertainty quantification. For instance, note that
there are some clusters of dump sites near Jakarta (shown in Figure C.4) which we would be hard-
pressed to call independent of one another, even conditional on our covariate set. Therefore, in our
weighted bootstrap procedure we would like a site’s weight to be larger (or smaller) if other sites nearby
have larger (or smaller) weights. We achieve this through spatially-correlated sampling of the bootstrap
weights.

To build intuition, imagine the following procedure to generate the weights, given a spatial corre-

lation matrix >:

1. Sample from a Multivariate Normal distribution with mean zero and variance-covariance (in

this case, correlation) matrix .

2. Apply the inverse probability transform to obtain samples with a different (target) marginal

distribution, such as the Exponential.

In practice, we can estimate X by modeling the empirical spatial variogram of the residuals (see
the next section for more details on this estimation and explanation of which model’s residuals are
used). This approach of generating bootstrap weights from an estimated spatial correlation function

is substantiated by Kurisu et al. 86

, who show the mathematical validity of what they term the spatially
dependent wild bootstrap (SDWB). While the SDWB paper assumes a Gaussian random field, they
note that this assumption can be relaxed at the expense of additional technical complexity. The issue,
described in depth by Tsoukalas et al. 146 s that the magnitude of correlation is not preserved during

the mapping from Gaussian random variables to those from another distribution using the inverse

probability transform. To end up with the desired spatial correlation in our Exponential weights,
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we must first estimate an “equivalent correlation” X* to feed into the Multivariate Normal sampling
procedure. Namely, Z* should be specified such that, when the Multivariate Normal samples are
inverse probability transformed to generate Exponential weights, the resulting weights have the desired
spatial correlation (X). The estimation of * can be achieved using numerical integration, which is
facilitated by the anySim package in R 146,

The complete proposed spatial weighted bootstrap procedure is detailed below.

1. Estimate the empirical variogram of the model residuals and use it to estimate the desired spatial

correlation matrix for the weights, X (see next section).

2. Estimate the equivalent correlation matrix * for the desired marginal distribution of the weights

(in our case, Exponential).

3. Sample weights w; (one per site) from a Multivariate Normal distribution with mean zero and

variance-covariance matrix >*.

4. Apply the inverse probability transform to w; to obtain weights w; with a marginal Exponential

distribution and correlation matrix X.

5. Use w; as weights for each observation from location 7 in the dataset (r = 1, ..., 96), and carry

these weights through nuisance function estimation and regression on D to obtain an estimate

of the ADT.
6. Repeat steps 3-5 to generate the bootstrap estimates of the ADT.

Point-wise confidence intervals for ADT(9) can be formed by extracting the appropriate percentiles

(in our case, 2.5 and 97.5) of the estimates across the bootstrap samples.
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ESsTIMATING THE RESIDUAL SPATIAL CORRELATION FUNCTION

In conventional outcome-model-only settings, residual spatial correlation refers to spatial autocor-
relation in the residuals obtained from subtracting the model-predicted outcome values Y from the
observed values Y. In our setting, the precise definition of residual spatial correlation is less evident
due to the multiple stages of modeling that go into our estimation: both outcome and propensity
score models are plugged into the EIF-derived equations £ and 7, then 2 is regressed on D.

For convenience, let El.t denote ;"(Dl-,,X,-t,Bl',, Y;:). Here, we focus on spatial correlation in the
residuals ;tl», — ‘i’D(Dﬁ) for all observations in the treated period B = 1. (Note that the counter-
factual outcome ¥ is constant over space.) Intuitively, we address residual spatial correlation from
the final stage of modeling because that is the stage in which our effect of interest is estimated, and
it represents the “last opportunity” to explain spatial correlation in the data via modeling. From a
more technical perspective, Lee et al. 89 explain that for doubly-robust methods utilizing LLKR, the
model-based uncertainty arising from the second-stage estimation (the LLKR) is greater than that of
the first-stage estimation (the nuisance models). Additionally, note that in settings like ours where the
exposure of interest is spatially explicit, calculating residuals based on the final effect curve (which has
been marginalized over all the other covariates) induces a different spatial structure than if we were to
analyze residuals Y, — ;2.,.

After calculating the residuals 2’# — ¥ p(Dy;), we estimate the empirical variogram using the robust
estimator introduced by Cressie & Hawkins *7, which is less susceptible to influential outliers than the
basic method-of-moments approach. We then fit a covariance function, Cov(m; L, ), to the empir-
ical variogram, where 2 is the distance between each pair of sites, L is a bandwidth or “range” param-
eter, and ¢ is the magnitude of the variance. The corresponding correlation function Corr(m; L) is

obtained by removing the constant o*.
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SIMULATIONS TO INVESTIGATE THE SPATIAL WEIGHTED BOOTSTRAP

A pseudo-simulation study was conducted to evaluate the properties of the proposed Spatial Weighted
Bootstrap confidence intervals. In Appendix C.3, we provide full details on the data generating pro-
cess, the calculation of performance metrics, and the results of this simulation study. Crucially, these
simulations illustrate that our Spatial Weighted Bootstrap improves coverage of the confidence inter-

vals relative to a Non-spatial Weighted Bootstrap, across a variety of scenarios.

3.3.5 CASE STUDY DATA APPLICATION

In our case study analysis, we use the Ranger algorithm in the caret package in R to estimate the
nuisance functions, using separate models for x,, ,, 7, 7p. Details of these models’ hyperparam-
eter tuning and estimation of 7p (the GPS) and f{D|B = 1) are in Appendix C.1. However, note
that while we referred to a common set of covariates (X)) throughout the previous sections, the set of
covariates used in the two propensity score models is actually slightly smaller than that described in
Section 3.3.1. The time (month) variable is not included in the model for 73, because the set of co-
variates in a flexible machine learning model must not be able to perfectly predict the intervention ”
— in our case, time steps before and after 1/1/2018. Similarly, the dump site ID is not included in the
model for zp, because the port proximity value is unique to each site. The time variable is also not
included in the model for zp because our port proximity values are static over time.

To regress ;" on D (step 3 in the estimation procedure from Section 3.3.3), we use the locpol package
in R to perform LLKR with a Gaussian kernel. This package utilizes leave-one-out cross-validation
(LOO CV) to select the bandwidth parameter for the kernel regression. Therefore, naively applying
the method to our dataset, which contains repeated observations (over time) at each unique value of
D (one per dump site), selects an inappropriately small bandwidth. The resulting confidence intervals

indicate high instability, as shown in Figure C.s. To address this issue, we instead apply the LOO CV
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to each time step separately (across the 356 dump sites), and then calculate the average bandwidth
across the time steps — recall that for the LLKR stage, we are just considering the post-treatment time
period B = 1. This average bandwidth value is then used in the LLKR model fit on all time points
simultaneously.

For the spatial weighted bootstrap, we compared several standard spatial covariance functions (Ex-
ponential, Linear, Spherical, and Matérn), ultimately selecting the Matérn as the one with the best
RMSE when fit to the empirical variogram of the residuals from the LLKR stage. Therefore, the

entries of X for our spatially-correlated weights have the form

Corr(m; L,v) = 2 (Q)VKV (ﬁ>

where I' is the gamma function, K, is the modified Bessel function of the second kind, and » is an
additional smoothness parameter which is optimized alongside L.

The empirical spatial range was L= 26.8km, and the optimal smoothness parameter was » = 0.35.
To gain intuition for the spatially weighted bootstrap, we also ran an analysis ignoring the possibility
of spatial correlation and another using L = 10km (with the same smoothness » = 0.35), to span the
closely-clustered and numerous-fire sites near Jakarta (shown in Figure C.4). The upper lefthand plot
in Figure C.7 illustrates the resulting magnitudes of correlation between sites at different distances,
when using rokm and 26.8km as the spatial range parameter. Confidence intervals for the ADT (with
or without spatial correlation in the weights) are calculated using 100 bootstrap samples.

For illustrative purposes, we compare the results from our multiply-robust EIF-based method to (i)
a plain outcome regression, which is the same as that used inside the multiply-robust estimator, and
(ii) a flexible but confounder-naive approach. The latter estimates E[Y|D = 9, B = 1] — E[Y|B = 0],
where the first expectation uses the same flexible regression on D as the main method (LLKR ) and the

second expectation is a sample mean. We also re-ran the analysis using 2017 and, separately, 2016 &
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2017 as the “treated” period, to check for pre-trends / policy anticipation (whether the effect began
before 2018). Conducting such tests is standard practice for quasi-experiments.

Lastly, while dump site size is not directly accounted for in our main analyses, we conducted a
sensitivity analysis to assess how this factor might influence our results, as we thought it could be an
important predictor of air pollution heterogeneity across open dump sites. As mentioned in Section
3.2, Global Plastic Watch estimates the area (footprint) of each dump site. In reality, the dump sites
are continuously fluctuating in size, but the measurements at any given time point are less reliable
than their average over time; there are also frequent gaps in the remotely sensed detection time series.
Therefore, we took the area at each site to be the average across all measurements.

We did not adjust for GPW site size as a covariate in the main analysis because the area of the dump
sites as measured after 1/1/18 is technically a post-treatment variable which can be affected by treat-
ment, referred to as a “descendant” of treatment (note that only 68% of the dump sites have at least
one area estimate prior to 2018, so we would have to exclude many sites, potentially biasing our causal
effect curve, in order to include only pre-2018 area as a covariate). Descendants of treatment should
not be conditioned on in causal inference analyses”®. We ran a sensitivity analysis to investigate the
impact of including site size (averaged across 2012-2019) as a covariate. For simplicity, this sensitivity
analysis uses the same nuisance function hyperparameters and spatial range (for the bootstrap weights)

as the main analysis.

3.4 RESULTS

3.4.1 STATISTICAL ANALYSIS RESULTS

Figure 3.3 shows the estimated ADT curve and 95% bootstrap confidence interval (CI) from the main
analysis. Positive ADT estimates provide evidence of post-China ban increases in PM; s concentra-

tions over GPW sites, compared to those expected under business-as-usual. Thus, our results indicate
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that at open dump sites in Indonesia, the monthly PM5 s in 2018-2019 was higher than expected un-
der business-as-usual (except for dump sites nowhere near port activity), with the effect ranging from
-0.17-1.72 [ug/m3 (95% CI = (0.84, 2.66) for the maximum value) depending on the port proximity.
As expected, we see smaller effects at locations with lower port proximity — the effect is not statisti-
cally significantly different from zero until § = 0.2 (at which ¥ (9) > 0.76), above which it remains
significant. The decrease of the effect curve between medium and high levels of port proximity (0 €
[0.7,1]) could reflect smaller increases in dumping/burning in densely populated areas very close to
ports, where there is likely more government oversight and less open space. Integrating across all val-
ues of the estimated effect curve yields an average increase at dump sites of 1.14 ug/m? attributable
to China’s ban on plastic imports, corresponding to a 4.4% increase in overall PM; s in 2018-2019
compared to 2012-2017. Note that if we only consider dump sites above the 20th quantile of port
proximity (where the effect is statistically significant), the average increase is 1.38 ug/m?>, correspond-
ing to a 5.1% increase at those sites.

The results from our proposed multiply-robust method are similar to those produced using an out-
come regression alone (Figure 3.3). But variations in both the curve (point estimate) and the confi-
dence interval indicate thatitis still important to guard against misspecification of the outcome model
by incorporating propensity scores. By contrast, the confounder-naive results look very different (Fig-
ure C.6): the mean effect ranges from -6.4 to 7.2 ug/m>. This divergence from our main result is
unsurprising, but demonstrative.

The results of using different values as the range parameter for the bootstrap weights’ spatial cor-
relation are shown in Figure C.7. A range of rokm produces confidence intervals 74% the width, on
average, of those in the main analysis (with a range of 26.8km). Ignoring spatial dependence entirely
in the weighted bootstrap narrows the confidence intervals by more than a factor of two (on average,
they are 45% the width of those in the main analysis). This demonstrates that accounting for residual

spatial correlation is essential to avoid under-estimation of uncertainty in this application.
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Effect of 2018 Policy, Varying by Port Proximity Index
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Figure 3.3: Average dose-effect on the treated (ADT) estimates and bootstrap 95% confidence intervals for our case study,
estimated using both our proposed multiply robust method and a conventional outcome regression. ADT estimates (y-axis)
quantify the average change in PM; ¢ (‘ug/m3) post-China ban, compared to concentrations expected under business-as-
usual, at open dump sites in Indonesia for a given port proximity (x-axis). The pointwise confidence intervals are generated
using our spatial weighted bootstrap with Matérn correlation range=26.8km (as observed in the empirical residuals).
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Figure 3.4: Pre-trends test using 2017 as the “treated” period; sampling bootstrap weights with spatial correlation
(range=26.8km).
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As shown in Figure 3.4, we did not observe a significant increase in PM5 s when using 2017 as the
“treated” period (to check for pre-trends / policy anticipation) — in fact, the mean effect is negative,
indicating lower PM> s in 2017 compared to preceding years. Using 2016 & 2017 as the “treated”
period (Figure C.8) yields the same conclusion.

Including GPW site area as a covariate in our sensitivity analysis did not substantially change the
results. The multiply-robust curve in Figure C.9 is slightly less peaked (its maximum value is 1.45

rather than 1.72), but the confidence interval widths are practically identical.

3.4.2 Post-Hoc EXPLORATORY DATA ANALYSIS RESULTS

To complement our main analysis, we investigated the occurrence of active fires at the GPW dump
sites throughout our study period. Figure 3.5 shows the time series (aggregated by month) of VIIRS-

detected fires overlapping with the dump sites. We observe a large increase in the number of fires in

2018-2019.
Fires at Open Dump Sites in Indonesia, 2012-2019
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Figure 3.5: The number of fires detected by VIIRS overlapping with GPW sites (within a 100m buffer) across Indonesia. The

colored trend lines are estimated using several different smoothing techniques: the orange using LOESS with span=0.25,
the purple using LOESS with span=0.75, and the turquoise using a generalized additive model.
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The distribution of the number of fires detected by VIIRS at each dump site is highly skewed, as
shown in Figures C.3 and C.4 (maps of Indonesia overall and the Jakarta region respectively). This
is somewhat explained by the area of the dump sites, but not entirely (Figure C.10). In keeping with
our main analysis, the sites with the most fires are not those with the highest port proximity (Figure
C.11) - there is a spike around 9 = 0.7, due to the cluster of large dump sites to the west of Jakarta,
which partially motivated our spatial weighted bootstrap approach. We also note that the correlation
between the port proximity and (square root-transformed) population living within 1km of a site is
0.6. While this collinearity might be an issue for estimating our effect of interest in a linear model,
it is less of a concern for a doubly-robust nonparametric estimator in which we marginalize over the

covariates.

3.5 DISCUSSION

In this case study, we observed a 4.4% increase in PM3 s at dump sites in Indonesia in 2018-2019
compared to 2012-2017. This effect is on a similar scale to the results of Unfried & Wang "7, who
assessed the domestic impacts of China’s plastic waste import ban and estimated an average reduction
of 3.7 ug/m?>, corresponding to 8.5% reduction of overall PM, 5 concentrations in China as a result of
their 2018 ban. It makes sense that our observed eftect would be smaller, given that Indonesia was only
one of the countries to which waste that would otherwise have gone to China was diverted. Unfried
& Wang '#? similarly did not observe an anticipation effect in mid-2017, when China announced its
upcoming ban to the World Trade Organization.

Methodologically, we demonstrate the viability of pairing spatiotemporal causal inference meth-
ods with remotely sensed data products to quantify the air quality impacts of large-scale plastic waste
policies via the mechanism of waste burning. On the data side, we harmonize areal classifications of

open dump sites, cargo ship loitering densities, meteorologic estimates, active fire points, and high-
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resolution air pollution estimates. For the statistical analysis, we combine a multiply-robust estimator
for causal exposure-response curves within the difference-in-differences framework with the technique
of using pre-intervention years as controls for post-intervention years. Additionally, we illustrate the
importance of accounting for spatial dependence in the uncertainty quantification stage, and pro-
pose a spatial weighted bootstrap approach for doing so. Given that there are numerous documented
quasi-experiments created by plastic waste policies globally*°, which have largely occurred in coun-
tries lacking in-situ air quality monitoring data, we anticipate that the analytic framework developed
here can be much more widely applied.

This study has a few limitations which merit remarks. First, while we are focused on the air quality
impact of China’s 2018 ban and resultant increase in plastic waste in Indonesia, the observed difter-
ence between 2018-2019 and 2012-2017 might be affected by another policy that was implemented
around the same time (2017-2018): Indonesia’s National Action Plan on Marine Plastic Debris. The
goal of this policy was to reduce the amount of plastic waste ending up in the ocean — with limited
emphasis on reducing the amount of plastic waste being generated(’; by 2021 Indonesia achieved an

estimated 15% reduction of marine plastic debris from 2017 levels*®*

. Ethnographic studies from
around the world have found that campaigns to raise awareness about plastic pollution often con-
tribute to increased open burning, as communities seek to cut down on litter and deal with waste that
has been collected "**. Hence, it is possible that these two policies were interacting to generate the ob-
served increase in PM; s at dump sites in Indonesia. Our analysis showing no pre-trends effect when
using 2017 as the “treated” year guards against this possibility somewhat, however the effect of the
National Action Plan could lag or increase after 2017.

Second, while our interest is primarily on air pollution generated by the burning of waste, it is possi-
ble that some of the observed increase in PM s at open dump sites is attributable to the transportation

of this waste, for instance from diesel trucks making more trips to dump sites and, for sites close to

the coast, from cargo ships. Our post-hoc analysis illustrating the uptick in active fires overlapping
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with dump sites offers some evidence that at least part of the observed eftect could plausibly be due
to increases in waste burning. Unfortunately, speciated PM; s estimates, which might enable the dis-
entangling of emissions from waste burning and transportation, tend to be available only at coarse
spatiotemporal resolutions globally and rely more heavily on models*?, which is likely to frustrate the
application of quasi-experimental statistical methods. For smaller scale studies, Islam et al. 76 demon-
strated the viability of measuring a molecular tracer of plastic burning with in-situ monitors. Alterna-

131

tively, Scottetal. *" applied machine learning-based image classification to identify smoke plumes in
high-resolution (3m x 3m) satellite imagery over the largest municipal landfill in the Maldives. How-
ever, in addition to being computationally intensive, this approach is not directly translatable into air
pollution concentrations, which are easier to link to the rich literature on health impacts, and hence
tend to be more relevant for policy makers.

Third, while remotely sensed data products enable application of quasi-experimental methods in
data-scarce settings, we must be conscious of their potential for measurement error / misclassification.
In this case study, we believe that the GPW dump site classifications are the data product in which
errors would be most consequential for our analysis. Because all the GPW sites detected in Indonesia
were manually validated®S, there should be no false positive classifications. However, false negative
classifications are possible and could affect our analysis in two ways. On the one hand, because we
include the number of active fires in each province not overlapping with dump sites as a covariate in X,
any fires mistakenly classified as non-dump fires will reduce our estimated policy effect. On the other
hand, if there is spillover of PM; 5 from false negative dump sites to nearby GPW-detected dump sites,
then this could increase our estimated per-site policy effect.

A more general limitation of our approach is that we cannot estimate the effects of distributed waste
burning, i.e., at the household level or at communal dump sites that were too small to be detected by
GPW. Future research, and likely investment in ground-level air quality monitors (and/or lower cost

sensors), will be needed to estimate these distributed burning emissions, which may ultimately pose
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greater risks to public health due to higher frequency of burning, greater proximity to people, and
lower dispersive dilution of air pollution at the ground level'"® compared to taller plumes of smoke
resulting from larger fires at larger dump sites.

Despite its limitations, this study provides strong evidence that the export of plastic waste to In-
donesia, and subsequent open burning of import-related waste in Indonesia, has resulted in higher
concentrations of PM5 s — at least near large open dump sites. This motivates future policies to (a)
reduce the amount of plastic waste being exported from the Global North to the Global South and (b)
reduce the amount of waste being openly burned. Both will require substantial investments in waste
management infrastructure and/or dramatic shifts in the amount of plastic waste being generated.
With respect to waste burning, it has been observed that simply prohibiting open burning is seldom
effective '*¥, though burning at major sites may be easier to monitor and restrict”.

On the global stage, negotiations by the United Nations are currently underway to develop a Global
Plastic Treaty — with an international legally binding instrument on plastic pollution '5° — under the
Basel Convention on the Control of Transboundary Movements of Hazardous Wastes and Their Dis-
posal. The effectiveness of this and future policies, at least for improving air quality but potentially

also for other kinds of environmental outcomes, can in turn be evaluated using methods similar to

those presented in this paper.
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Appendix to Chapter 1

A.1 SUPPLEMENTAL FIGURES AND TABLES FOR ALL ANALYSES

Marginalized by Race/Ethnicity Marginalized by Income
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1.00

0.8
§ e .78 %7 08
0.50 0.4
0.25 0.2
0.00 0.0

35.0- 3850~

32.5- 32.5-

22 -120 - -114 -123 -120 -114
Lon Lon

Figure A.1: Distributions of marginalized groups considered in the analyses: percent of individuals identifying as non-white
or Hispanic, and percent of households with income below the poverty line. Data source: 2016 ACS®.
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Annual PMz . Summaries and % Unhealthy Days
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Figure A.2: Annual average PM; 5 (#g/m3) summaries for population subsets, weighted and unweighted by population

density; labeled with % Unhealthy (AQI classification = Orange and higher) days.
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Figure A.3: Simulated and empirical sensor measurement error. Top left plot shows the empirical distribution of residuals

in ‘ug/m3 (compared to AQS monitor measurements within 50m) from PurpleAir observations corrected using the EPA

equation. The other three plots show the distributions resulting from our method of simulating sensor measurement error

differentially with respect to true PM; 5 concentration. Note that 50% accuracy was not included in the full analysis

simulations.
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Placement Data source  Data processing LCS location Additional
strategy selection method notes
(within each
simulation)
Current The Assigned each Randomly selected 4,343 grids
PurpleAir purpleair outdoor PurpleAir grids with PurpleAir ~ with
Locations Python sensor to its nearest PurpleAir
package **? 1 km x 1 km grid LCS
centroid
Public The National ~ Assigned each Randomly selected 7,548 grids
School Center for school to its nearest  grids with schools with schools
Locations Education 1 km x 1 km grid
Statistics >° centroid
Near-Road The National =~ Summed the lengths  Randomly sampled  4.5% of the
Highway of major roads from all grids, where  grids had
Planning within circular the sampling major roads;
Network buffers with soom  probability for each  among these,
shapefile '5* radii around each grid was the sum of  the average
grid centroid road lengths length was
2km
CES Score Cal Enviro Assigned all grids Randomly sampled  Additional
Screen 3.07 the CES Score of the  from all grids, where  notes are in
census tract their the sampling the main text
centroid falls within  probability for each
grid was the CES
Score
Pollution Cal Enviro Assigned all grids Randomly sampled  Additional
Score Screen 3.07 the Pollution Score  from all grids, where  notes are in

of the census tract
their centroid falls
within

the sampling
probability for each
grid was the
Pollution Score

the main text

Table A.1: Describing the data sets, data processing steps, and sampling methods used to select hypothetical locations for

LCS in each simulation.
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County Population  Avg. Purple Schools Near CES Pollution
size (2016) CES Air road score  score
score locations based  based
Sacramento 1,495,611 23 26 40 10 7 7
Imperial 186,019 38 I 7 26 46 34
Los Angeles 10,180,169 23 107 204 30 25 26

Table A.2: Average number of LCS (out of 1,000 deployments) placed in the counties of Sacramento, Imperial, and Los
Angeles according to each placement strategy considered in this study.

Decile Minimum Qi1 Median Mean Q3 Maximum
1 0.000 0.684 1.265 1.262 1.863 2.455
2 2.455 2757  3.074  3.083  3.404  3.750
3 3.750 4.055  4.375 4.389 4716 5.083
4 5.083 5.385 §.711 5.731 6.066  6.458
S 6.458 6.780  7.136 7.167  7.538 8.000
6 8.000 8.365 8.778 8.818 9.251 9.796
7 9.796 10.225 10.705§ 10.747 11.246 11.875
8 11.88 12.45 13.15 13.25 13.99 15.08
9 15.08 15.93 17.10 17.60 18.91 22.65
10 22.65 24.24  26.57 29.49 31.02 112.18

Table A.3: Summary statistics of the Di et al. estimates in each decile of AQS PM, 5 from our correction dataset, in yg/m3.
Matching on these deciles was used to draw empirical residuals from the EPA correction applied to collocated PurpleAir

and AQS data.

I0I



A.2 SuUPPLEMENTAL FIGURES AND TABLES FOR THE ANALYSIS WEIGHTED BY Poru-
LATION DENSITY
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Figure A.4: Distance to the nearest AQ instrument, among observations misclassified by more than one level of the AQI
(e.g. Red to Yellow, or Green to Orange). All results were calculated using 366 days and averaged across 100 simulation
replicates, weighted by population density.
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(@) Mo Sensor ME: Real Class = Shown Class (b) 10% Mon-differential ME: Real Class > Shown Class
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Figure A.5: Underclassifications of the AQI. The average fraction of days on which the real AQI class (what was truly
experienced) was higher than the shown AQI class (reported from the nearest monitor or sensor), resulting from different
numbers of LCS deployed, LCS placement strategies, and sensor measurement error types and amounts. All results were
calculated using 366 days and averaged across 100 simulation replicates, weighted by population density.
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Locations Annual % CES % Non-  Population

Avg. Poverty Score white or  Density
PM, ;s Hispanic  (un-
(ug/m?) weighted)
CA overall o(1) o(1) o(1) o(1) o(1)
EPA monitor sites 0.34 0.67 (1) 0.62 0.22 2.54
(1.01) (1.06) (0.96) (3.99)
PurpleAir sites -0.24 -0.33 -0.46 -0.26 2.51
(0.83) (0.83) (0.9) (0.93) (4.11)
School sites 0.23 0.17 (1) 0.23 0.33 3.96
(0.89) (1.02) (0.93) (4.28)
Favoring by nearby roads -1.37 0.08 -0.29 -0.93 0.3 (1.75)
(not wtd. by pop. density)  (1.23) (0.75) (0.81) (0.96)
Favoring by roads, where -0.28 -0.08(1) -0.16 -0.3 (1) 2.87
pop. density > soo (1.06) (0.97) (3.67)
Favoring by Pollution -1.7 0.17 -0.1 -0.81 0.02
Score (not wtd. by pop. (1.26) (0.67) (0.79) (0.93) (1.07)
density)
Favoring by Pollution o(r1.03) -0.08 (1) 0.03 -0.15 2.81
Score, where pop. density (1.04) (0.96) (3.48)
> 500
Favoring by CES Score -1.67 0.25 o.11(0.8) -0.67 0.03
(not wtd. by pop. density)  (1.31) (0.75) (0.96) (1.16)
Favoring by CES Score, 0.12 0.17 0.41 0.11 3.13
where pop. density > 500 (1.06) (1.08) (1.04) (0.93) (3.79)
High % nonwhite 0.31(0.9) 0.33(1) 0.49 0.78 0.29
(0.93) (0-44) (1.83)
High % poverty 0.37 1.5 (0.75) 0.92(0.9) 0.7(0.78) o©.02
(1.09) (1.26)

Table A.4: Basic descriptive statistics, weighted by population density (unless otherwise specified) and normalized, to
provide a sense of scale. Non-normalized results are in Table A.7. All cells are of the form “Mean (Standard Deviation)”.
Note: wtd. = weighted. The rows that specify when population density greater than 500 / sg. mile is to account for both
the weighting to select the LCS locations (i.e., by proximity to roads, Pollution Score, or CES Score) and the weighting by
population density in our results. Population density less than 500 / sq. mile is considered rural by the USDA“2.
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Locations Annual % CES % Non- Population

Avg. Poverty  Score white or  Density
PM, ;s Hispanic  (un-
(ug/m?) weighted)
CA overall 8.23 0.16 28.11 0.61 249.81
(1.98) (0.12) (15.93) (0.27) (1,526.04)
EPA monitor sites 8.91 (2) 0.24 37.98 0.67 4,119.08
(0.12) (16.95) (0.26) (6,090.22)
PurpleAir sites 7.76 o.12(0.1) 20.84 0.54 4,075.79
(1.65) (1433)  (0.25) (6,267.25)
School sites 8.69 0.18 31.74 0.70 6,296.3
(1.77) (0.12) (16.28) (0.25) (6,531.5)
Favoring by nearby roads 5.52 0.17 23.42 0.36 701.74
(not wtd. by pop. density)  (2.43) (0.09) (12.96) (0.26) (2,670.86)
Favoring by nearby roads, 7.68(2.1) o.15 25.63 0.53 4,627.07
where pop. density > 500 (o.12) (15.5) (0.27) (5,604.17)
Favoring by Pollution 4.87 0.18 26.52 0.39 275.26
Score (not wtd. by pop. (2.49) (0.08) (12.51) (0.25) (1,633.18)
density)
Favoring by Pollution 8.23 0.I5 28.51 0.57 4,535.05
Score, where pop. density  (2.04) (o.12) (16.57) (0.26) (5,309.65)
> 500
Favoring by CES Score 4.93(2.6) o0.19 29.88 0.43 296.21
(not wtd. by pop. density) (0.09) (12.71) (0.26) (1,774.24)
Favoring by CES Score, 8.46 0.18 34.68 0.64 §5,027.12
where pop. density > 500 (2.09) (o0.13) (16.54) (0.25) (5,779.83)
High % nonwhite 8.84 0.20 35.92 0.82 696.8
(1.78) (o.12) (14.87) (o.12) (2,789.15)
High % poverty 8.96 0.34 42.81 0.80 277.93
(2.16) (0.09) (14.28) (0.21) (1,922)

Table A.5: Non-normalized version of previous table. Basic descriptive statistics, weighted by population density (unless
otherwise specified). All cells are of the form “Mean (Standard Deviation)”. Note: wtd. = weighted. The rows that specify
when population density greater than 500 / sq. mile is to account for both the weighting to select the LCS locations (i.e.
by proximity to roads, Pollution Score, or CES Score) and the weighting by population density in our results. Population
density less than 500 / sqg. mile is considered rural.
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(a) Mo Sensor ME: Shown Class > Real Class (b) 10% Mon-differential ME: Shown Class > Real Class
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Figure A.6: Overclassifications of the AQI. The average fraction of days on which the shown AQI class (reported from
the nearest monitor or sensor) was higher than the real AQI class (what was truly experienced), resulting from different
numbers of LCS deployed, LCS placement strategies, and sensor measurement error types and amounts. All results were
calculated using 366 days and averaged across 100 simulation replicates, weighted by population density.
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Type/Amount of Sensor Std. Dev..  MAE 9sthPct. Under- Over- UHM

Measurement Error of Error  (ug/m>) of Errors classified classified
(ug/m”) (wg/m’) (%) (%)

Overall Population

No LCS (only EPA monitors) — — 1.46 4.45 2.05 6.79 11.37

No Sensor Error o 0.53 2.30 1.32 1.48 8.40

10% Non-differential 0.5 0.76 2.42 1.88 2.18 9.74

25% Non-differential I.25 1.24 3.20 2.79 3.80 11.82

10% Differential 0.99 0.97 2.92 2.90 3.23 18.41

25% Differential 2.46 1.84 5.31 5.10 6.48 29.22

EPA Correction Residual 3.70 2.51 7.22 8.72 6.07 28.14

Decile Draws

Population living in CBGs with high % nonwhite

No LCS (only EPA monitors) —— 1.34 4.14 2.15 6.53 10.35
No Sensor Error o 0.39 1.81 I.11 1.25 7.22

10% Non-differential 0.5 0.65 1.97 1.81 2.11 8.71

25% Non-differential 1.25 1.16 2.94 2.93 3.95 11.09
10% Differential 1.03 0.91 2.69 3.06 3.34 18.32
25% Differential 2.56 1.88 5.42 5.75 6.92 29.44
EPA Correction Residual 3.83 2.59 7.49 10.03  6.39 28.50

Decile Draws

Population living in CBGs with high % poverty

No LCS (only EPA monitors) — — 1.28 4.06 2.09 5.79 8.40
No Sensor Error o 0.42 1.97 1.14 1.22 5.15
10% Non-differential 0.5 0.68 2.11 1.87 2.08 6.55
25% Non-differential I.25 1.18 3.01 3.03 3.85 8.75
10% Differential 1.08 0.95 2.83 3.17 3.29 15.88
25% Differential 2.71 1.93 5.60 6.00 6.72 27.52
EPA Correction Residual 4.03 2.64 7.66 10.42  6.22 26.47

Decile Draws

Table A.6: Comparing impacts of different sensor accuracies for LCS at all schools (similar to Table 1.1 in the main text),
weighted by population density. Results when there are no LCS vs. LCS at all school locations (n = 7,548), assuming
different kinds and amounts of sensor measurement error. Results are the average of 100 simulation replicates to account
for randomness in the sensor measurement error generation. Unless otherwise specified, “errors” refer to the difference
between the true exposure experienced at each grid centroid and the exposure reported from the nearest AQ instrument.
AQI under-classification is when the true exposure class is greater than what someone is shown, and over-classification is
when the true exposure class is less than what someone is shown. Rate of UH misclassification (UHM) is the fraction of
days with unhealthy AQI (Orange+) that are misreported as healthy AQI (Green or Yellow).
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A.3 SUPPLEMENTAL FIGURES AND TABLES FOR THE ANALYSIS NoT WEIGHTED BY

PoruLAaTION DENSITY

Locations Annual % CES % Non-  Population
Avg. Poverty Score whiteor  Density
PM, ;s Hispanic  (un-
(ug/m?) weighted)
CA overall 4.55 0.17 23.92 0.35 249.81
(2.32) (0.08) (11.95) (0.24) (1,526.04)
EPA monitor sites 7.43 0.20 29.23 0.53 4,119.08
(2.58) (o0.13) (15.8) (0.26) (6,090.22)
PurpleAir sites 6.63 O.I1 16.47 0.38 4,075.79
(2.05) (0.09) (12.32) (0.24) (6,267.25)
School sites 8.04 0.16 27.88 0.58 6,296.3
(2.08) (o.11) (16.04) (0.27) (6,531.5)
Favoring by nearby roads 5.52 0.17 23.42 0.36 701.74
(2.43) (0.09) (12.96) (0.26) (2,670.86)
Favoring by Pollution 4.87 0.18 26.52 0.39 275.26
Score (2.49) (0.08) (r2.51) (0.25) (1,633.18)
Favoring by CES Score 4.93(2.6) o.19 29.88 0.43 296.21
(009)  (1271)  (026)  (1774.24)
High % nonwhite 5.77 0.24 38.31 0.74 696.8
(2.93) (0.09) (10.84) (0.12) (2,789.15)
High % poverty 4.85 0.30 31.6 0.52 277.93
(2.66) (0.06) (13.5) (0.26) (1,922)

Table A.7: Basic descriptive statistics, unweighted by population density (counterpart of Table A.5). All cells are of the
form “Mean (Standard Deviation)”. Note: wtd. = weighted.
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Figure A.7: Distance and MAE, unweighted by population density. Distance to the nearest monitor or sensor and mean ab-

solute error (between what is reported vs. experienced) resulting from different numbers of LCS deployed, LCS placement
strategies, and sensor measurement error types and amounts. All results were calculated using 366 days and averaged
across 100 simulation replicates, unweighted by population density.
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Type/Amount of Sensor Std. Dev..  MAE 9sthPct. Under- Over- UHM

Measurement Error of Error  (ug/m>) of Errors classified classified
(ug/m”) (wg/m’) (%) (%)

Overall Population

No LCS (only EPA monitors) — — 2.51 8.08 I.17 7.09 17.67
No Sensor Error o 1.79 5.87 1.36 3.59 25.95
10% Non-differential 0.5 1.85 5.92 1.39 3.66 25.50
25% Non-differential I.25 2.08 6.19 1.47 4.09 25.42
10% Differential 0.78 1.86 5.99 I.51 3.84 26.88
25% Differential 1.95 2.12 6.68 1.85 4.86 32.45
EPA Correction Residual 3.06 2.68 7.34 2.62 4.61 31.19

Decile Draws

Population living in CBGs with high % nonwhite

No LCS (only EPA monitors) —— 2.81 9.43 1.58 10.56  9.86

No Sensor Error o 1.79 5.60 2.11 3.76 21.41
10% Non-differential 0.5 1.84 5.65 2.19 3.86 20.69
25% Non-differential 1.25 2.07 5.95 2.37 4.43 20.86
10% Differential 0.91 1.88 5.75 2.44 4.14 22.84
25% Differential 2.27 2.23 6.65 3.12 5.51 29.00
EPA Correction Residual 3.43 2.72 7.56 4.50 5.26 27.94

Decile Draws

Population living in CBGs with high % poverty

No LCS (only EPA monitors) — — 2.95 9.40 I.11 9.63 9.89

No Sensor Error o 1.83 5.88 1.58 3.11 16.82
10% Non-differential 0.5 1.89 5.93 1.63 3.17 15.73
25% Non-differential I.25 2.11 6.21 1.73 3.64 15.97
10% Differential 0.88 1.90 6.00 1.78 3.39 18.04
25% Differential 2.20 2.18 6.70 2.20 4.56 24.47
EPA Correction Residual 3.38 2.70 7.38 3.11 4.42 23.74

Decile Draws

Table A.8: Comparing impacts of different sensor accuracies, unweighted by population density (counterpart of Table 1.1
in the main text). Results when there are no LCS vs. LCS at all real PurpleAir locations (n = 4,343), assuming different
kinds and amounts of sensor measurement error. Results are the average of 100 simulation replicates to account for
randomness in the sensor measurement error generation. Unless otherwise specified, “errors” refer to the difference
between the true exposure experienced at each grid centroid and the exposure reported from the nearest AQ instrument.
AQI under-classification is when the true exposure class is greater than what someone is shown, and over-classification is
when the true exposure class is less than what someone is shown. Rate of UH misclassification (UHM) is the fraction of
days with unhealthy AQI (Orange+) that are misreported as healthy AQI (Green or Yellow).
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Figure A.8: Unhealthy-Healthy Misclassifications, unweighted by population density. Rates of UHMs resulting from dif-

ferent numbers of LCS deployed, LCS placement strategies, and sensor measurement error types and amounts. UH mis-

classification occurs when the air quality is unhealthy (Orange+) but is reported as healthy (Green or Yellow); the UHM
rate is calculated by dividing the fraction of UH misclassifications by the total fraction of unhealthy days experienced by
each group. All results were calculated using 366 days and averaged across 100 simulation replicates, unweighted by

population density.
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Figure A.9: Distance to the nearest monitor or sensor, among observations misclassified by more than one level of the AQI
(e.g. Red to Yellow, or Green to Orange). All results were calculated using 366 days and averaged across 100 simulation
replicates, unweighted by population density.



(@) Mo Sensor ME: Real Class = Shown Class

(b) 10% Mon-differential ME: Real Class > Shown Class

.05 0.051
o e i iy il el ] Y
= ==
N N A g
o 0.047 5 0.041
c c
S S
B ¥
= 0021 SEoomomoo oo oo - | wom
0 250 500 50 1000 0 250 500 750 1000
Number of LCS Number of LCS
(c) 25% MNon-differential ME: Real Class = Shown Class (d) 10% Differential ME: Real Class » Shown Class
0.084 0.084
w w
== ==
a a
5 0.047 5 0.041
c =
S S
B B
e 0,02 I 0.027
0 250 £00 750 1000 0 250 500 750 1000
Number of LCS Number of LCS
(e) 25% Differential ME: Real Class = Shown Class () EPA Calibration Residuals: Real Class = Shown Class
.05 0.051
i w
== ==
a a
= 0.047 2 0.041
c c
=l S
B B
e 0,02 L= 0.02

[+] 280 500 TED 1000
Number of LCS

Placement Strategy: — Follution Score = CES Score

[+] 250 500 TS50 1000
Number of LCS

= Purpledir = Rogads = Schools

Neighborhoods: = ©Owverall = = High % Nonwhite ° * = High % Poverty

Figure A.10: Underclassifications of the AQI, unweighted by population density. The average fraction of days on which
the real AQI class (what was truly experienced) was higher than the shown AQI class (reported from the nearest monitor
or sensor), resulting from different numbers of LCS deployed, LCS placement strategies, and sensor measurement error
types and amounts. All results were calculated using 366 days and averaged across 100 simulation replicates, unweighted

by population density.
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Figure A.11: Overclassifications of the AQI, unweighted by population density. The average fraction of days on which
the shown AQI class (reported from the nearest monitor or sensor) was higher than the real AQI class (what was truly
experienced), resulting from different numbers of LCS deployed, LCS placement strategies, and sensor measurement error
types and amounts. All results were calculated using 366 days and averaged across 100 simulation replicates, unweighted
by population density.
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Type/Amount of Sensor Std. Dev..  MAE 9sthPct. Under- Over- UHM

Measurement Error of Error  (ug/m>) of Errors classified classified
(ug/m”) (wg/m’) (%) (%)

Overall Population

No LCS (only EPA monitors) — — 2.51 8.08 I.17 7.09 17.67
No Sensor Error o 1.78 5.74 1.35 3.40 21.91
10% Non-differential 0.5 1.84 5.80 1.38 3.50 21.91
25% Non-differential I.25 2.08 6.10 1.48 3.96 22.16
10% Differential 0.93 1.86 5.87 1.53 3.70 25.05
25% Differential 2.33 2.14 6.63 1.91 4.83 32.76
EPA Correction Residual 3.54 2.71 7.34 2.78 4.55 31.36

Decile Draws

Population living in CBGs with high % nonwhite

No LCS (only EPA monitors) —— 2.81 9.43 1.58 10.56  9.86

No Sensor Error o 1.72 5.60 1.95 3.65 15.16
10% Non-differential 0.5 1.80 5.66 2.04 3.84 15.57
25% Non-differential I.25 2.06 5.98 2.29 4.53 16.10
10% Differential 1.01 1.86 5.77 2.38 4.18 19.82
25% Differential 2.53 2.28 6.79 3.24 5.83 29.46
EPA Correction Residual 3.79 2.81 7.76 4.98 5.37 27.90

Decile Draws

Population living in CBGs with high % poverty

No LCS (only EPA monitors) — — 2.95 9.40 I.11 9.63 9.89

No Sensor Error o 1.75 5.79 1.46 3.20 12.63
10% Non-differential 0.5 1.82 5.84 I.51 3.33 12.97
25% Non-differential I.25 2.07 6.13 1.65 3.87 13.42
10% Differential 1.03 1.84 5.93 .71 3.57 16.97
25% Differential 2.58 2.17 6.75 2.2 4.91 27.11
EPA Correction Residual 3.86 2.76 7.50 3.39 4.63 25.37

Decile Draws

Table A.9: Comparing impacts of different sensor accuracies for LCS at all schools, unweighted by population density
(counterpart of Table A.6). Results when there are no LCS vs. LCS at all school locations (n = 7,548), assuming different
kinds and amounts of sensor measurement error. Results are the average of 100 simulation replicates to account for
randomness in the sensor measurement error generation. Unless otherwise specified, “errors” refer to the difference
between the true exposure experienced at each grid centroid and the exposure reported from the nearest AQ instrument.
AQI under-classification is when the true exposure class is greater than what someone is shown, and over-classification is
when the true exposure class is less than what someone is shown. Rate of UH misclassification (UHM) is the fraction of
days with unhealthy AQI (Orange+) that are misreported as healthy AQI (Green or Yellow).
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Appendix to Chapter 2

B.1 HEeaT ALErTs MDP TERMINOLOGY

Table B.1 summarizes the heat alerts MDP components.

B.2 DETtAIlLs OF THE DATA SET

Evidence from the climate & health and environmental epidemiology literature guides our selection
of relevant variables as well as feature engineering.

B.2.1 HEAaT INDEX AND HEAT ALERTS

We follow Weinberger et al. '+ and Wuetal. /7" in using population-weighted maximum heat index to
describe heat exposure in each county. They also combined NWS heat “warnings” and “advisories”
into the single category of “alerts”. In some locations, where the forecast zones in which the NWS
issues alerts are smaller than county boundaries, the alert history was taken from whichever forecast
zone contained the largest proportion of the 2010 county population.

B.2.2 MEDICARE HOSPITALIZATIONS

Medicare is available for people aged 65 years and older. The hospitalization claims data we use in this
study is from Medicare Part A, fee-for-service. A 2021 report'#? found that fee-for-service enrollees
do not significantly differ from managed care enrollees (the rest of the Medicare population).
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RL Term ‘ Notation ‘ Meaning in the Heat Alerts Application

episode t€{0,...,H—1} | the H = 152 days of the warm season/summer in a specific year and
county; H is the horizon

state 5= (&, %) a vector of time-varying factors influencing the effect of heat on hos-
pitalizations and the effectiveness of an alert; £, is the exogenous com-
ponent (e.g., heat index) and x; is the endogenous component (e.g.,
history of heat alerts)

action a, whether a heat alert is issued (1) or not (o) at time #

reward 7r = R(s;,a;) daily rate of heat-related hospitalizations at time # a negative sign
transform is applied so that fewer hospitalizations corresponds to a
greater reward

agent — the algorithmic decision-maker that implements a policy to determine
when to issue heat alerts

policy 7(als:) the heat alert issuance rule; the NWS policy is the rule that was used
to issue heat alerts in the U.S. from 2006-2016

cumulative 2{;1 7 sum of remaining reward (transformed hospitalizations) at time # un-

reward / return less otherwise specified, “cumulative” implies # = 0

intervention / alert Zfi_ol ar<b the maximum number of heat alerts that can be issued in a given

budget county-summer; in our experiments, the observed number of NWS
alerts

Table B.1: MDP/RL terminology in the context of the heat alerts environment.

B.2.3 DESCRIPTIVE STATISTICS OF HEAT, ALERTS, AND HOSPITALIZATIONS

Table B.2 provides descriptive statistics of the heat alerts dataset, both for the 30 counties in our RL
analysis and all the counties with population > 65,000 (used to create the BROACH environment).
The two sets of statistics are similar aside from the number of heat alerts issued because the counties
in the RL analysis were selected specifically for having issued higher numbers of alerts. Other obser-
vations are the long tail of the number of NWS alerts per county-summer, that some heat alerts were
issued on days that were not very hot in an absolute or relative (quantile) sense, that there were some
county-summers with few “hot” days (9oth percentile by county®) and others with many, and that the
distribution of day-of-summer for NWS heat alerts and 9oth percentile QHI by county are quite sim-
ilar. A few other relevant statistics not shown in the table are that (across all the counties) there were a
total of 40,387 heat alerts issued between 2006 and 2016, that 17.2% of NWS heat alerts were issued
on days with heat index values that were 7oz in their county’s top goth percentile, and that 74.0% of
days in the top 9oth QHI by county did not have NWS heat alerts.

“Here, the goth percentile was chosen to provide some intuition for the distribution of heat index and
heat alerts. For context, Hondula et al. (2022) found that 95th percentile daily maximum heat index was the
climatological indicator most strongly correlated with NWS heat alert frequency.
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Variable Min. Qr Median Mean Q3 Max.

*NOHR hosps per 1,000 5.4 12.5 14.8 I 17.3 25.7
(1) (127)  (152) (153) (17.8)  (34.:5)
*No. of NWS alerts o (o) 4 (o) 8(3) 9.6 13(7) 43
(4.8) (57)

DMHI on alert days (°F) 70.5 100.3  103.5 102.5 106.2  I2I.I
(68.3)  (99.7) (103.2) (102.6) (105.9) (144)

Q-DMHI on alert days 18.9 91.6 95.8 93.4 98.2 100
(15.6)  (92.6) (96.9) (94.2) (98.9) (100)
*No. of goth pct. HI days o (o) 9(8) 14 15.4 21 46
(14)  (154)  (21)  (61)
DOS of NWS alerts 16(2) 68 84 83.4 99 142
(69)  (84)  (835) (99)  (150)
DOS of goth pct. HIdays  15(1) 72 88 86.9 102 145

(69) (8s) (85.2) (102) (153)

Table B.2: Summary statistics for our 30 counties of interest (and all the counties) of Medicare NOHR hospitalizations,
NWS heat alerts, heat index, and day of summer for several features of interest. DMHI = daily maximum heat index, Q-
DMHI = county quantile of DMHI (referred to simply as QHI in the main text), DOS = day of summer (out of 152). Variables
given per county-summer are marked with *.

B.3 DeTaILS OF THE BAYESIAN REWARDS MODEL

Recall our formulation for the expected per capita rate of NOHR hospitalizations at time # in county-
summer (4, /) when taking action a:

28 (2) = 26 (1 = - ()

THE BASELINE AND EFFECTIVENESS FUNCTIONS

Note that A; and 7; are unique to each location £, allowing for spatial heterogeneity and thus reducing

the possibility of unobserved spatial confounding *****

'4°. However, this design introduces the chal-
lenge of estimating these functions under limited data for each county (11 summers between 2006
and 2016). This challenge is amplified by the low signal in the health effects of heat and heat alerts '**.
To address this, we adopt a (generalized) linear model for A4 and 7, paired with (i) borrowing statistical

strength across counties using a data-driven random effects prior and (ii) injecting domain knowledge
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on the signs of certain coefficients. The functions 1; and 7}, are specified as

2(55@‘)) = exp <ﬁ2—5§kJ)) ,

B.x
z'(sszj)) := sigmoid <3;J£k’j)> , .
where £, and d, are the model coefticients for each county £ € K. While this specification is a linear
combination of state variables, we allow for non-linear effects by using a piecewise linear basis expan-
sion on the quantile of heat index (QHI) and a spline basis on the day of summer. The piecewise
linear expansion on QHI in A (the baseline function) has knots at the 25th and 75 th percentiles. In 7
(the alert effectiveness function), we include only a linear term for QHI—again, conditional on day
of summer and excess QHI (compared to the average of the last 3 days, a time window informed by
the literature on heat waves and health '°*)—to both stabilize effect identification and facilitate inter-
pretation. The spline on day of summer (with 3 degrees of freedom) is included in both 1 and 7.
Figure B.1 illustrates the interaction of 14 and 7}, to capture the total effect of heat alerts on NOHR
hospitalizations. For instance, we see that in early summer it is possible to have high heat alert effec-
tiveness even when the heat index is not as high as it is later in the summer, possibly because people
are less well-adapted to heat and/or more responsive to heat alerts early on.
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Figure B.1: Smoothed trajectories of observed quantile of heat index, modeled baseline NOHR hospitalization rate, and
modeled alert effectiveness (assuming no past alerts) across days of summer; colored by climate region. Note that 1 and
7 are normalized as they are in the RL reward function.
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DATA-DRIVEN PRIOR

We propose a data-driven prior distribution that allows borrowing statistical strength from other loca-
tions while preserving the possibility of spatial heterogeneity. Let wy, denote the vector of county-level
features that are not included in the state vector but are predictive of the effect of heat and heat alerts
on hospitalizations (see “County-level characteristics” in 2.4.1), and let y, = [8,; %] = (y})F_, de-
note the parameters corresponding to county k. Let N() denote a normal distribution. Then, the
prior distribution of each ;//i is set independently as

N4 fo(wp)e, o7) no domain knowledge,
Po(iloe, wr) = § LogN(yf; exp(fa(wi)e), 77) if 74 € (0, 00), (B.2)
NegLogN(;/ﬁ; —exp(fa(we)e), a%) ify/ﬁ € (—0,0)

where f3 is a feed-forward neural network (with weights # and L outputs) specifying the prior mean
as a function of the spatial features, and oy specifies the prior scale. We use a standard hyper-prior
p(o¢) = HalfCauchy(o) 5*.

The domain knowledge constraints we utilize are: (i) past heat alerts cannot increase the baseline
hospitalization rate—in other words, alert fatigue can be identified only in 7—and (ii) higher QHI
cannot decrease the effectiveness of heat alerts—note that this is conditional on day of summer.

The weights ¢ are learned from the data to characterize the prior distribution that best describes
the latent space according to the data. As remarked in Wang et al. **, this procedure can be seen as
a form of Empirical Bayes. According to this viewpoint, we can interpret the prior mean function
/o in equation B.2 as an encoder that maps the county-level features wy, to a data-driven probability
distribution over a latent space. The coefficients y, are latent variables in this space. The predictive

model ﬁ,(kJ) (a) in equation 2.4 acts as a decoder.

TRAINING

Traditional Bayesian inference methods using Markov Chain Monte Carlo are computationally pro-
hibitive for our model due to the high dimensionality of parameters and the number of observations
for each county. To address this issue, we use variational inference, which introduces an approxima-
tion of the true posterior distribution of the model parameters. We summarize the approach.

Let (y,7) ~ gy denote an approximation of the true posterior distribution where ¢ are the learn-

able parameters of the approximating distribution gy. Next, let ogkﬂ’) = (yng),aEkJ), y,(k’j), nk)

denote a data point in the training set and L(oﬁk”) ;7,) be the Poisson log-likelihood corresponding
to this data point (see equation 2.4). Variational inference attempts to maximize the likelihood of
the observed data while penalizing the divergence between the variational posterior g, and the prior
oy alw) = 11, po(¥5|oe, wi) T1, p(o¢). The optimization objective is to maximize the evidence
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lower bound (ELBO) given by

ELBO(y, 9) = By, | 00, L0057 = Dt (g40:) | polysolw) (B.3)

where Dy, denotes the Kullback-Leibler divergence. To ensure the variational posterior is flexible
enough to approximate the true posterior, we use a low-rank multivariate normal distribution *#4.
This approach uses a bijective transform of the parameters to an unconstrained space and then applies
alow-rank factorization to the covariance matrix of the multivariate normal distribution. Thereby, it
allows for efficient computation while approximating the true correlation structure of the joint poste-
rior distribution. The data-driven prior parameters & are learned jointly with the variational parame-
ters i using stochastic optimization. Specifically, we train one neural network for 8 (the coefficients of
the baseline function) and another for J (the coefficients of the alert effectiveness function). Both net-
works have one hidden layer with 32 units—this modest architecture avoids overfitting the relatively
small number of spatial features in our dataset.

INSPECTION OF THE TRAINED REWARDS MODEL

The rewards model clearly converged in its loss across epochs (shown in Figure B.2) and achieved
higher predictive accuracy than standard machine learning algorithms (i.c., random forest and neural
network). Predicting the rate of NOHR hospitalizations in the Medicare population in each county,
this model has R* = 0.102—using the calculation SSR /SST for comparability with earlier machine
learning models (such as that we used when checking the signal in the mortality data). Predicting the
absolute number of NOHR hospitalizations, it has R? = 0.884—much higher because the value is
mostly driven by county population size. The model also displayed very good coverage when we ran
it on synthetic data (1,000 samples from the posterior predictive) using known coefficients: average
coverage across parameters for a 90% CI was 0.897.

Figure B.3 shows one posterior sample across the 761 counties on which the model was fit. Note
that the spread across counties is larger than the spread within counties, so the IQR bars are no larger
for multiple samples. Overall, we see that the coefficients on past alerts in today’s alert effectiveness (7)
are both negative, empirical evidence of alert fatigne. In the baseline hospitalization rate (1), we see a
strong protective effect by weekend.

B.4 DetaiLs oF THE RL ANALYSIS

B.4.1  SELECTION OF 30 COUNTIES

Out of the 170 counties with 75 or more heat alerts issued between 2066 and 2016, we selected 30
using the following criteria: for each climate region', select the county with the highest variance in

TExcluding “Mixed Dry” and “Very Cold” because there were very few counties in these regions with sufhi-
cient population size
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Figure B.2: Convergence of the ELBO in the Bayesian rewards model during training (80 epochs).

estimated heat alert effectiveness (indicating higher signal as identified by our rewards model). To get
up to 30, repeat this selection, but first prioritize selecting a county from a U.S. state not already in
the set, and if we must repeat a state, do not select a county that is directly adjacent to one already in
the set. If there are no more eligible counties in a region, select from a larger region. Characteristics
of these 30 counties are provided in Table B.3.

B.4.2 RL ALGORITHM DESCRIPTIONS

DQN is standard Deep Q-learning. QRDQN differs from DQN in that rather than estimating the average
return from taking action z at state s, it estimates the distribution over the returns using quantile
regression. Compared to other common stochastic policy gradient algorithms, TRPO is distinguished
by its constraint on the size of the optimization step, so that the new policy lies within a “trust region”
from the previous policy, in which local approximations of the policy function are still accurate ®*. A2c
improves on the basic setup of actor-critic by updating its policy model using the advantage function,
which indicates how much better an action is than the alternative(s), rather than just the state-action
value of that one action; this helps increase model stability 64,

B.4.3 HYPERPARAMETER TUNING

RL algorithms are known to be sensitive to their hyperparameters, especially in empirical settings*.
To address this concern, we tuned hyperparameters per county, using the average return metric. First,
we did a broad sweep on one county from each of the five climate regions using TRPO.QHI, experi-
menting with values of learning rate € {0.01,0.001, 0.0001}, discount factor € {1.0,0.999, 0.99},
neural network architecture (number of hidden layers € {1, 2,3} and number of hidden units €
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Figure B.3: A sample of posterior coefficients from the rewards model (in 7 and A respectively), displaying IQR and me-
dian. Bias and coefficients for the spline on day of summer are not shown, for ease of interpretability. (+)/(-) indicates a
coefficient constrained to be positive/negative.

{16,32, 64}), and size of the replay buffer € {1024, 2048, 4096 }; paired with possible QHI thresh-
olds € {0.55,0.7,0.85} and both including and not including future information. After deter-
mining that learning rate=o.oo1 and discount factor=1.0 performed the best across the board, we
tuned the remaining parameters for each county and each RL model (all combinations of TRPO, A2C,
QRDQN and DQN with and without QHI restrictions and future information). To make the compu-
tation time more reasonable, we did a grid search on two values each for the number of hidden layers
(2 or 3), number of hidden units (16 or 32), and size of the replay buffer (1,500 or 3,000). For QRDQN
specifically, we also tested different values for the number of quantiles, which is closely tied to com-
putation time for this algorithm. Using 1o quantiles rather than 20 ended up being not only faster
but also better, potentially due to the latter overfitting.

B.4.4 SENSITIVITY ANALYSIS USING 2014-2016 AS THE EVALUATION YEARS

For real-world deployment of a heatalert-R L system, an ideal setup would be to train on years {1, ..., x}
and evaluate on year x + 1. However, in this analysis we held out {2007, 2011, 2015} as the evalua-
tion set to provide a better representation of historical performance. Note that while days within each
episode are consecutive, the 7-month gap between episodes lessens concern about correlated episodes.

To provide intuition for how sequential training-testing would look, we re-ran the best RL model
(A2C.QHI) using 2006-2013 to train and 2014-2016 to evaluate. To reduce the computational bur-
den, we used the optimized hyperparameters from the main analysis for each county. Table B.4 shows
the aggregated results as well as results stratified by year. A few notable results are that (i) the ordering
of the original results (2007 < 2015 < 2011) is the same as the ordering of median QHI, (ii) the 2015
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results are similar in each evaluation scheme, and (iii) the 2016 result is the worst. However, this last
result is overly bleak because in an online deployment we would not be evaluating 3 years ahead—the
model would be updated at least once a year.

B.s SuMMARrY oF THE WoRKFLOW Using BROACH

This section is meant to illustrate a toy example of our workflow. Imagine seven counties located in
two climate regions, as shown in the figure below.

Climate Region A Climate Region B

Let the training years TY = {2006, 2008, 2009, 2010, 2012, 2013, 2014, 2016 } and evaluation years
EY = {2007, 2011, 2015}. First, train the rewards model on counties 1-7 and years TY U EY to ob-
tain posterior distributions for 71(s, ), ..., 77(s,4). Then, for each county, follow the steps below.
Consider county 1 for illustration. Our procedure is as follows:

1: if Training RL (with a QHI restriction) then
for hin {0.5,0.55, ..., 0.9} do
foriin 1 to Ny episodes do
Sample 7y ;(s, @) from the posterior for 71 (s, 2)
Sample gz ~ TY X {égla érZa 537 54}
Update 71 (als) s.t. a= 0 if QHI < h, using 7y ; and &,
end for
Select 7} ;, (across i) with the largest average return using & ~ EY x {£,, &, £,}
9: end for
10: else if Tuning RL or AA.QHI then
11: forhin {0.5,0.55, ..., 0.9} do

XY v R R

12 foriin 1 to N episodes do

13: Sample 71 (s, @) from the posterior for 7 (s, )

I4: Sample £ ~ EY x {9827‘:{:3754}

Is: Calculate cumulative reward using 7, (or Aa.Qu1 with h), 71 ; and &;
16: end for ’

17: end for

18: Select h* with the largest return

19: else if Final evaluation for any policy (but using notation for optimized RL) then
20: foriin 1 to N episodes do

21: Sample 7y (s, @) from the posterior for 7 (s, 2)
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22: Sample & ~ EY x {&§}

23: Calculate cumulative reward using 77 ., 71,; and &
24t end for
25: end if

B.6 APPROXIMATE CONFIDENCE INTERVAL CALCULATION

To generate an approximate confidence interval for the absolute number of NOHR hospitalizations
saved by implementing our best RL model, we use the estimates from the final evaluation for A2c.qQHI
and Nws. However, rather than first calculating average returns per county (across the 1,000 evalu-
ation episodes) and then taking the median across the 30 counties, we first take the median return
(across the 30 counties) from each of the 1,000 evaluation episodes and then calculate the 2.5% and
97.5% quantiles of the resulting distribution of medians.

B.7 DiscussioN oF ABSOLUTE HEALTH BENEFITS

Do we estimate substantive health benefits from implementing the improved heat alerts policies de-
tailed in the main text? For general context, the median rate of NOHR hospitalizations per 10,000
Medicare enrollees per summer during our study period was 148 (Table B.2), and we estimated that
deploying our best RL model relative to issuing no heat alerts would save 2 of these 148, or 1.4%, in
the 30 counties in our RL analysis. Noting that the overall relative risk of a Medicare enrollee experi-
encing one of the NOHR hospitalization types on a heat wave day is about 1.10 ', this is substantial
evidence in support of continuing to issue heat alerts to protect public health.

Compared to the observed Nws policy, A2c.QHI applied to the 30 counties in our analysis would
save approximately 0.042 NOHR hospitalizations per 10,000 Medicare enrollees per summer, a reduc-
tion of only 0.03%. Multiplying this by 49 million, the size of the Medicare population in 2011 (the
midpoint of our study period), yields about 222 NOHR hospitalizations saved per summer. How-
ever, this modest value should be further contextualized by several points.

Firstly, heat alerts by themselves (and in our case, the re-arrangement of the same number of heat
alerts) are a very cost-eftective intervention, so even small reductions in health harms are promising.

Secondly, if we take into account the large heterogeneity in the benefit of RL across counties with
numbers from the CART regression (Figure B.9), assuming that we figure out how to implement a
safe policy such that counties which would not benefit are unaffected, this number increases to 262
((49m/10k)*(0.074™0.17 + 0.053%0.33 + 0.18%0.13)) NOHR hospitalizations saved per summer. We
obtain a nearly identical result from running a CART analysis using only variables which are available
for all 761 counties that were included in the rewards model, and applying the results of that model
across the whole set of counties. These are rough approximations given that they assume the propor-
tion of counties in which RL alert policies were found to improve health outcomes in our sample is
generalizable to the rest of the US. It is plausible that our sample of 30 counties is unrepresentative of
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the U.S. as they tend to have higher variability in alert effectiveness (increasing potential improvements
from RL) and also higher alert budgets.

Thirdly, these metrics reflect the climate and Medicare population between 2006 and 2016. We
confidently anticipate that both the frequency of extreme heat events under climate change and the
size of the Medicare population will continue increasing*°. For instance, while there were 49 million
Medicare enrollees in 2011, by 2023 this number has increased to over 65 million, and by 2050 it is
projected to be over 85 million *+*.

Fourthly, the numbers reported in this study should not be interpreted as the overall benefit to pub-
lic health from improving heat alerts issuance strategies. The health data used in our study only reflect
inpatient hospitalizations from NOHR causes billed to Medicare Part A, or hospital fee-for-service.
Only about 60% of Medicare enrollees are in the fee-for-service population®, so hospitalizations of the
other 40% do not appear in our dataset.

B.8 ExTENDED REsuLTs FROM THE RL ANALYSIS

B.8.1 Poricy ExaMPLES

County 17115 in 2015: 4 Alerts, 160 NOHR Hosps per 10,000 Under the NWS Policy
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g
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Figure B.4: Example of a setting with a relatively small heat alert budget.

Ihttps ://www.cms.gov/Research-Statistics-Data-and-Systems/Statistics-Trends-and-Reports/
Beneficiary-Snapshot/Downloads/Bene_Snaphot.pdf
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County 29021 in 2015: 12 Alerts, 146 NOHR Hosps per 10,000 Under the NWS Policy
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Figure B.5: Example of a setting where implementing RL would not be beneficial relative to nws or aa.ghi.

B.8.2 ApDDITIONAL DISCUSSION OF STOCHASTIC VS DETERMINISTIC POLICIES

Interpreting policies from the TRPO and A2c models deterministically fails because many of the policy
functions’ estimated probabilities for issuing an alertare below o. 5, so always taking the action with the
larger probability dramatically reduces the number of alerts issued—in some counties to zero. Note
that policies which do not use all the alerts in their budget are penalized by the specification of our
rewards model, resulting in DET.TRPO.QHI and DET.A2C.QHI no longer outperforming Nws with
statistical significance across the 30 counties. Inclusion of future information mitigates this issue, but
the results are not nearly as good as their stochastic counterparts.

Our big picture intuition for this result is that we are in a heavily data-constrained setting, which
frustrates RL’s ability to completely identify alert fatigue. The stochastic models address this by sam-
pling alert days, inducing less alert streaks. Thought a bit unsatistying, we believe this is an acceptable
compromise given that, as mentioned in the main text, an online heat alert-RL system would likely
utilize stochastic exploration anyway, to update itself over time.

B.8.3 ApDITIONAL FIGURES FROM THE POST-HOC CONTRASTIVE ANALYSIS

Figure B.6 provides histograms of different policies’ temporal characteristics, and figures B.7, B.8, and
B.g illustrate the CART analysis.
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Alert Density Across Days of Summer
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Figure B.6: Distributions of heat alert characteristics under different policies, over the evaluation years.
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Figure B.7: Polytomous classification tree comparing A2C.QHI, AA.QHI, NWS, and TRPO.QHI across the 30 counties.
Within each node, the policy at the top is that associated with the highest probability of performing best. The four
probabilities beneath correspond to the four policies in alphabetical order, as written above. (Note that the two RL policies
tend to be more similar to one another, as do the AA.QHI and NWS policies, so the distribution of probabilities is important
to consider in addition to the overall classification of each node.) The percentage at the bottom is the fraction of counties
represented by that node. “No. Alerts” is the average number of heat alerts per warm season during the evaluation years,
“Alert Effectiveness” is the 7 estimated by our rewards model, and SL is the streak length.
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County Fips ~ Region No. Alerts Population Median HH Democratic Broadband Average
(State name (Eval Density Income Voters (%) Usage (%) PMas
abbreviation) Years) (/mi?) (USD) (ug/m?)
5045 (AR) MxHd 61 179.00 50314.00  34.00 37.50 9.08
20161 (KS) MxHd 47 120.00 43962.00  43.50 §2.20 6.35
21059 (KY) MxHd 24 212.00 46555.00  38.70 $3.30 10.22
29019 (MO) MxHd 5o 242.00 48627.00  51.60 46.60 7.85
37085 (NC) MxHd 31 200.00 44625.00  39.30 46.70 9.65
40017 (OK) MxHd 63 133.00 63629.00  22.80 70.10 7.53
47113 (TN) MxHd 58 176.00 41617.00  44.30 79.40 9.29
42017 (PA) MxHd 25 1036.00 76555.00  §1.00 85.10 9.14
41053 (OR)  Mm 31 102.00 52808.00  45.60 79.20 3.24
41067 (OR)  Mrn 31 745.00 64180.00  §7.70 82.70 4.28
s3o15 (WA)  Mrn 23 90.00 47596.00  49.40 53.60 3.59
13031 (GA) HtHd 43 106.00 35840.00 38.90 57.50 9.01
22109 (LA) HtHd 34 91.00 49960.00  27.90 55.50 8.26
28049 (MS) HetHd 57 283.00 37626.00 69.90 36.50 8.50
45015 (SC) HtHd 48 168.00 $2427.00  4I1.20 66.20 8.72
48157 (TX) HtHd 42 707.00 85297.00 47.80 83.70 8.64
48367 (TX) HtHd 41 131.00 64515.00 18.30 52.20 7.84
22063 (LA) HtHd 42 201.00 56811.00 13.70 47.60 8.87
4015 (AZ) HtDr 29 15.00 39200.00  28.70 63.60 4.59
6025 (CA) HtDr 40 42..00 41807.00  64.00 64.40 7.22
32003 (NV)  HtDr 29 251.00 52873.00  §5.90 78.10 5.21
4013 (AZ) HtDr 72 423.00 53596.00  44.00 77.40 6.38
6071 (CA) HtDr 29 103.00 54090.00  §1.60 77.10 6.38
17115 (IL) Cold 22 190.00 46559.00  45.70 63.60 8.87
17167 (IL) Cold 25 22.8.00 55449.00  46.00 66.50 8.75
19153 (IA) Cold 24 764.00 59018.00  54.90 57.90 8.25
19155 (IA) Cold 27 98.00 $1304.00  44.30 42.00 7.89
34021 (NJ) Cold 29 1639.00 73480.00  67.30 81.60 9.31
29021 (MO) Cold 44 219.00 44363.00  43.70 48.80 7.97
31153 (NE) Cold 27 681.00 69965.00  37.60 72.60 7.92

Table B.3: Descriptive statistics of the 30 counties used in policy optimization. Climate region abbreviations = {MxHD:
Mixed-Humid, Mrn: Marine, HtHd: Hot-Humid, HtDr: Hot-Dry, Cold: Cold}. HH = household. PM, s is an annual average.
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Evaluation Period QHI Median Diff. WMW

Median (RL-NWS) p-value
Main Analysis:
{2007, 2011, 2015} 0.042 0.0I1
2007 0.51 0.006 0.013
2011 0.555 0.016 0.027
2015 0.519 0.01 0.010
Sensitivity Analysis:
{2014, 2015, 2016} 0.007 0.121
2014 0.46 0.002 0.012
2015 0.519 0.009 0.022
2016 0.6 -0.005 0.777

Table B.4: Comparison of results using 2014-2016 as the evaluation years (sensitivity analysis) as opposed to
2007,2011,2015 (main analysis).
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Figure B.8: Polytomous classification tree comparing A2C.QHI, AA.QHI, NWS, and TRPO.QHI across the 30 counties—
using more conventional features than Figure B.7. Within each node, the policy at the top is that associated with the
highest probability of performing best. The four probabilities beneath correspond to the four policies in alphabetical
order, as written above. (Note that the two RL policies tend to be more similar to one another, as do the AA.QHIl and NWS
policies, so the distribution of probabilities is important to consider in addition to the overall classification of each node.)
The percentage at the bottom is the fraction of counties represented by that node. “No. Alerts” is the average number of
heat alerts per warm season during the evaluation years.
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Figure B.9: Regression tree on the differences in average return between A2C.QHI and NWS. Within each node, the
number at the top is the prediction (average) difference, with positive indicating that the RL is better and negative indicating
that the NWS is better. The percentage at the bottom is the fraction of counties represented by that node. DOS is the
day of summer, SL is the streak length, and “No. Alerts” is the average number of heat alerts per warm season during the

evaluation years.
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Appendix to Chapter 3

C.1  EstimaTIiON DETAILS

C.1.1  NuUisaNCE FUNCTION HYPERPARAMETERS

For each of the nuisance functions (x,, %,, 7, 7p), we use the Ranger algorithm (from the R caret
package) with num.trees=500. For the regressions (all but 7z, which is a binary classification), we use
min.node.size=5 and select the minimum value of mtry (the number of variables to possibly split at in
each node) beyond which the R* and RMSE do not substantially improve (a difference within o.o1
for R* and o.1 for RMSE). For 7, we limit mtry such that the empirical probabilities do not get too
large (>0.99) or too small (<o.001).

To prevent overfitting, we use cross-validation with k=2 folds to select mtry. For p,, we sample
observations into the folds by year block (2012 & 2013, 2014 & 2015, 2016 & 2017) to emulate this
model’s extrapolation to the B = 1 years. For zp, we sample observations by GPW site to account for
D being a static variable in our dataset, even though X contains some time-varying covariates. For g,
and 7, we randomly sample observations from Op—; and O respectively.

C.1.2 GENERALIZED PROPENSITY SCORE (GPS) ESTIMATION

Following the GPS estimation method utilized by Wu et al. 7, we first fit a model to D given X,
within B = 1. Note that while in our dataset, D is static (derived from the 2018 GMTDS data),
early experimentation revealed that the time-varying covariates are meaningfully predictive of D. Our
intuition for this is that the spatial variation in the average values of the meteorological covariates,
such as humidity, is informative of how close one is to the coast, which is in turn associated with port
proximity.
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After fitting the initial model for D, we fit a model to the residuals D; — ZA)Z‘ given X, within B = 1.
(For efficiency, we use the same hyperparameters for this residual model as for the initial model of
D.) Then, we apply a kernel density estimator to (D; — D;)/2; to obtain zp. For AD|B = 1) =
Jx 7p(D|B = 1,x)dP(x|B = 1), we interpolate over the observed X for specified values of D.

C.2 SUPPLEMENTARY FIGURES AND TABLES

Daily Number of VIIRS Fires in Indonesia, 2012-2019

20000-

15000 -

10000 -

5000-

Figure C.1: Sum of daily VIIRS fires detected anywhere in Indonesia (not only at waste dump sites), with smoothed trend
shown.
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First Date of Detection: GPW vs VIIRS
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Figure C.2: Detection date of each dump site (at which active fires occurred) based on GPW'’s algorithm and VIIRS.
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Figure C.3: Map of Indonesia showing the number of fires detected by VIIRS overlapping with each dump site (detected
by Global Plastic Watch) in 2012-2019 and the boundaries of the provinces (in gray).

Il Leaflet | @ OpenStreetMap contributors, CC-BY-SA
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Figure C.4: Zoomed-in map of Jakarta showing the number of fires detected by VIIRS overlapping with each GPW site in
2012-2019.
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Effect of 2018 Policy, Varying by Port Proximity Index
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Figure C.5: Main analysis run with LLKR bandwidth selected on all data (with repeated observations at each dump site).
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Effect of 2018 Policy, Varying by Port Proximity Index
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Figure C.6: The confounder-naive results. Sampling bootstrap weights with spatial correlation (range=26.8km).
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Figure C.7: Comparing the results when the bootstrap weights have spatial autocorrelation range 0, 20, and 26.8 km

respectively. The top righthand plot shows the Matérn correlation decay versus distance, using these different values for

the range parameter.
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Pre-Trends Test, with 2016 & 2017 as the 'Treated' Period
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Figure C.8: Pre-trends test for 2016-2017. Sampling bootstrap weights with spatial correlation (range=26.8km).
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Figure C.9: Sensitivity analysis including GPW site area as a covariate. Sampling bootstrap weights with spatial correlation
(range=26.8km).



[Transformed] Number of Fires (2012-2019) vs Area of GPW Sites
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Figure C.10: Square root of number of fires detected by VIIRS vs square root of GPW site area, colored by the quantile of
port proximity.

[Transformed] Number of Fires (2012-2019) vs Port Index of GPW Sites
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Figure C.11: Square root of number of fires detected by VIIRS vs quantile of port proximity, colored by the log of population
living within 1km of each GPW site.
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C.3 SIMULATIONS EXPLORING THE SPATIAL WEIGHTED BOOTSTRAP

In this appendix, our primary aim is to evaluate the characteristics of the confidence intervals generated
by our Spatial Weighted Bootstrap procedure, relative to those generated by a Non-spatial Weighted
Bootstrap. Here, calculation of the ADT curve’s bias and Mean Absolute Error (MAE) is an inter-
mediate step to better understand the confidence intervals, as Hettinger et al.7* present extensive in-
vestigation of a very similar ADT estimator.

To do this evaluation, we develop simulations which utilize the real (observed) exposure D and
covariates X to simulate the outcome Y.

C.3.1  SIMULATING THE OUTCOME

First, we compute the mean function for the outcome data generating process using the real exposure
and covariate data and setting “true” parameter values governing the relationship between these vari-
ables and the outcome in our simulated data. Our choice of these parameter values was guided by (a)
using domain knowledge to select the sign of each coeflicient, (b) producing an outcome distribution
similar to that in the real data, and (c) producing a plausible ADT curve, similar to that observed in
our main analysis.

The mean function for each location 7 and time # is given by:

My = B:Ly (Xl'tv Dl't) + (1 - Bt)LO (Xz't)

where

Lo(Xy) = —9.5 4 0.075(Temp,,) + 0.075(Pop,) + 0.0001(Temp,,)(Pop,) + 0.15(Time,)+
0.001(Time,)(Pop,) + 1(Other_fires_province, ) — 18(Precip,,)

and

Li(Xy, Djy) = —12.5 + 0.075(Temp,,) 4 0.075(Pop,) + 0.0007(Temp,,) (Pop,) + 0.15(Time,)+
0.001(Time,)(Pop,) + 1.5(Other_fires_province,,) — 20(Precip,,)+

2(Dj) | — 3(Dy) + 0.4(Pop,) 4 0.2(Time,)
where “Temp” is temperature, “Pop” is population [density], “Time” is the fifth-root of the count
of days since o1r/o1/2012, “Other_fires_province” is the fourth-root of the number of fires in the

province not overlapping with any GPW site, and “Precip” is precipitation. For both Ly and L;, we
truncated any negative values (~0.06%) to zero post hoc.
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We calculate the “true” ADT for each exposure value J as

N 9%

Y0) = 5 S0 (1K)~ Lo(Xa)]

i=1 =1

This true ADT curve is shown in Figure C.12.
We simulate both spatially-structured and independent error in the outcome, as follows:

Y, = Y, + Tspsp + Tind€ind

where g, ~ MVN(0, X), where the correlation function to generate the entries of X is Corr(m; L) =
exp(—m /L) [Exponential form] and gjnq ~ N(0,1). The parameters L (the true spatial range), op,
and gy,4 are constants, which we specify to obtain four distinct simulation scenarios:

1. Scenario 1: L = 100 km, o5p = 2, 7,9 = 0.5 (the “base case”)
2. Scenario 2: L = 500 km, o5, = 2, 03,4 = 0.5 (increased spatial range)
3. Scenario 3: L = 100 km, oy, = 3, gj,4 = 0.5 (increased spatial sigma)
4. Scenario 4: L = 100 km, o5, = 2, 0354 = 1.5 (increased noise)

These four scenarios allow us to investigate the influence of different spatial error structures on the
accuracy of our estimation and inference procedures. For each simulation scenario, we generate 100
simulated datasets (using roo different seeds for random number generation), each having the same
true parameter values and (real) exposure and covariates but different synthetic outcome variables.

C.3.2 EsTiMATING THE EFFECT CURVE AND CONFIDENCE INTERVAL

When implementing our ADT estimation procedure on each simulated dataset, we correctly spec-
ify the outcome models’ mean function but estimate the propensity score models 7 and 7 using
Ranger (the same algorithm as in our main analysis).

When applying the Spatial Weighted Bootstrap, we fit both Exponential and Power covariance
functions (the latter has correlation function Corr(m;a,z) = 1 — zm?) to the empirical variogram
of the residuals from the LLKR stage and use whichever model has the smaller RMSE to generate
the spatial weights. As noted in Section 3.3.4, the spatial structure of the LLKR residuals is different
than the spatial structure of the outcome (here, Y), so traditional notions of correctly vs incorrectly
specifying the spatial correlation model do not directly apply here.

C.3.3 EVALUATING THE PERFORMANCE OF THE SPATIAL AND NON-SPATIAL WEIGHTED
BooTsTrAPS

We compare our ADT curve estimates from each simulated dataset to the true ADT curve by comput-
ing the pointwise bias and MAE, which are then summarized by averaging across all 100 simulation
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Figure C.12: Examples of the ADT estimate from our multiply robust estimation procedure applied to (four instances of)
simulated data from our base case scenario, compared to the true ADT curve.

replicates within each scenario. We then calculate the pointwise coverage and width of the 95% con-
fidence intervals computed using the Spatial Weighted Bootstrap, and compare the results with those
from a Non-spatial Weighted Bootstrap.

C.3.4 SIMULATION RESULTS AND DiscUSSION

The bias and MAE results are shown in Figures C.13 and C.14, respectively. The confidence interval
coverage and width results are shown in Figures C.15 and C.16, respectively.

First, we observe that the magnitude of the bias ranges between o.1 and o.s, while the true ADT
ranges between o.1 and 2.6, with an average value of 1.9. From the MAE plot, we sce that the estimator
is less stable on the tails (resulting in larger errors), which is to be expected for methods like LLKR.
Our intuition is that the asymmetry of the true ADT curve contributes to the bias being higher at
higher values of port proximity.

Note that in addition to the finite sample bias of LLKR, which results in imprecise centering of the
ADT’s confidence intervals”*, here we also do not know the correct specification of the propensity
score models 7 and 7 p, instead estimating them from the data. Foreshadowing our coverage results,
the simulations in Hettinger etal. 7" indicate that misspecification of the propensity score models has
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a greater impact on coverage than misspecification of the outcome models.

In Figure C.15, we see that neither the Spatial nor Non-spatial Weighted Bootstrap achieves 95%
coverage at any value of 9 (port proximity). However, the Spatial Weighted Bootstrap has consistently
higher coverage than the Non-spatial method. This makes sense, as the Spatial method generates wider
confidence intervals (as shown in Figure C.16). Mirroring the results of the MAE plot, we see that the
confidence interval coverage tends to be highest in the lower-middle range of 9 (0.25-0.5) for both the
Spatial and Non-spatial Weighted Bootstrap.

Now, we compare the differences in results across our four simulation scenarios. Note that both
Scenario 2 (increasing L) and Scenario 3 (increasing oy,) generate greater similarity in the value of
outcomes that are spatially proximate, through different mechanisms, relative to Scenario 1. Whereas,
Scenario 4 simply increases the random noise in the outcomes.

In Figures C.15 and C.16, we see that inducing greater spatial signal (Scenarios 2 and 3) increases
the width of the Spatial Weighted Bootstrap’s confidence intervals, resulting in higher coverage. By
contrast, the Non-spatial approach responds to increasing L by narrowing its confidence intervals
(resulting in lower coverage) and responds to increasing o, by widening its confidence intervals (re-
sulting in higher coverage). In Scenario 4, the Spatial approach actually narrows its confidence inter-
vals, likely because increasing 7i,4 makes it harder to detect the spatially structured error, resulting in
under-estimation of the spatial correlation.

InFigure C.14, the only parameter configuration that stands out s Scenario 3 (increased o, ), which
results in higher MAE (lower precision in the point estimate) across values of 9. In Figure C.13, none
of the configurations have consistently different bias.

Bias (Estimate - Truth)
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04-
Parameters
L = 100, spatial sigma = 2, sigma = 0.5
§ 0-3- = L = 500, spatial sigma = 2, sigma = 0.5
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Figure C.13: Bias of the estimated ADT compared to the true ADT in our simulations.
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Mean Absolute Error (Estimate - Truth)
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Figure C.14: Mean Absolute Error (MAE) of the estimated ADT compared to the true ADT in our simulations.
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Figure C.15: Coverage of the 95% confidence intervals in our simulations. The dashed line indicates the desired 95%
coverage.
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L = 100, spatial sigma = 2, sigma = 0.5 L = 500, spatial sigma = 2, sigma = 0.5
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Figure C.16: Width of the confidence intervals in our simulations.
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