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Abstract

A key strategy in societal adaptation to climate change is us-
ing alert systems to prompt preventative action and reduce the
adverse health impacts of extreme heat events. This paper im-
plements and evaluates reinforcement learning (RL) as a tool
to optimize the effectiveness of such systems. Our contribu-
tions are threefold. First, we introduce a new publicly avail-
able RL environment enabling the evaluation of the effective-
ness of heat alert policies to reduce heat-related hospitaliza-
tions. The rewards model is trained from a comprehensive
dataset of historical weather, Medicare health records, and so-
cioeconomic/geographic features. We use scalable Bayesian
techniques tailored to the low-signal effects and spatial het-
erogeneity present in the data. The transition model uses real
historical weather patterns enriched by a data augmentation
mechanism based on climate region similarity. Second, we
use this environment to evaluate standard RL algorithms in
the context of heat alert issuance. Our analysis shows that
policy constraints are needed to improve RL’s initially poor
performance. Third, a post-hoc contrastive analysis provides
insight into scenarios where our modified heat alert-RL poli-
cies yield significant gains/losses over the current National
Weather Service alert policy in the United States.

Code —
https://github.com/NSAPH-Projects/heat-alerts RL

Simulator —
https://github.com/NSAPH-Projects/weather2alert

Extended version (with appendices) —
https://arxiv.org/abs/2312.14196

1 Introduction
Extensive evidence links exposure to extreme heat to in-
creases in morbidity and mortality (Ebi et al. 2021). Heat
alerts are a practical and low-cost intervention to mitigate
these effects (Ebi et al. 2004) by encouraging protective
measures such as hydrating more, avoiding physical exertion
outdoors, and opening cooling centers. However, studies in-
vestigating the effectiveness of heat alerts have observed
mixed results (Weinberger et al. 2018; Wu et al. 2023). De-
veloping methods to optimize the issuance of heat alerts for
public health is an open problem.
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Various challenges stand in the way of solving this prob-
lem. First, issuing too many heat alerts may lead to alert fa-
tigue (Nahum-Shani et al. 2017) and health-protective re-
source depletion on both individual and community/insti-
tutional levels. Sequential decision-making (SDM) methods
offer a promising yet unexplored avenue for tackling this is-
sue. Second, despite representing a significant health threat
on the population scale, local health impacts of heat—and
therefore heat alerts—are small and easily confounded in
observational data sets (Weinberger et al. 2021). Rare events
and low signal (small effects) have been shown to challenge
algorithmic decision-making (Frank, Mannor, and Precup
2008; Romoff et al. 2018). Third, mainstream SDM methods
are not suitable for spatially heterogeneous settings in which
a single policy is not equally effective in all regions or dy-
namically changing contexts (Padakandla 2021). However,
attempting to identify independent policies for each location
drastically 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
negative 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 environ-
mental exposures such as extreme cold or wildfire smoke).
In addition to our analysis breaking ground towards this
goal, a variety of follow-up work is facilitated by the pub-
lication of our SDM environment in an open-source Python
package, weather2alert1, compatible with the Gymna-
sium framework for RL (Towers et al. 2023). This challeng-
ing, 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 mul-
tiple locations or individuals.

The two main components of our heat alerts RL frame-
work are visualized in Figure 1 and summarized below.
First, we create a realistically challenging SDM environ-
ment for heat alert issuance, structured as a Markov Deci-
sion Process (MDP) under a budget constraint. Key compo-

1https://github.com/NSAPH-Projects/weather2alert
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Figure 1: Overview of the heat alerts RL framework.

nents 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 liter-
ature. To estimate the rewards under both observed (NWS)
and counterfactual alert policies, we fit a statistical model of
hospitalizations that allows for spatiotemporal heterogene-
ity, uncertainty quantification, and fast inference using vari-
ational Bayes (Tzikas, Likas, and Galatsanos 2008). 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 ob-
served weather trajectories. This use of real data allows us
to make grounded inferences about the effectiveness of both
observed 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 identifies issues during training that
lead to poor performance of standard, widely-used RL algo-
rithms. 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 restricting the RL model to issue alerts
only on extremely hot days and optimizing policies for each
location separately. Lastly, we perform contrastive explana-
tion (van der Waa et al. 2018; Narayanan, Lage, and Doshi-
Velez 2022) 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 visualiza-
tions and Classification and Regression Trees (CART) to il-
lustrate systematic differences between these policies and
identify characteristics of locations where RL-based policies
might offer the greatest improvements in public health.

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 in-
fer whether increasing the probability of issuing a heat alert
would be beneficial (Wu et al. 2023) and (ii) a comparison

of methods to identify optimal thresholds above which heat
alerts should always be issued (Masselot et al. 2021). Cru-
cially, neither of these approaches addresses the complica-
tions of sequential dependence, i.e., the potential for alert
fatigue and running out of resources to deploy precaution-
ary measures. To our knowledge, SDM techniques have not
yet been explored in a climate and health setting.

RL with exogenous states Several recent papers utilize a
decomposition of the state space into exogenous vs. endoge-
nous components, but none of these methods apply directly
in our setting. Efroni et al. (2022) provide theoretical anal-
ysis and guarantees for sample efficiency in tabular (finite
state) environments with an unknown subset of exogenous
variables. Sinclair et al. (2023) introduce “hindsight learn-
ing” for situations with a known reward function and an
exact solver under a fixed exogenous trajectory. Lee et al.
(2023) also use hindsight, but do so in the context of identi-
fying latent states within a partially observable MDP. Con-
trary to Levine, Stone, and Zhang (2024) and Efroni et al.
(2024), we do not consider exogenous states as distractors
since weather patterns are crucial for decision-making.

Statistical modeling for RL environments Using a sta-
tistical 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 effect
of intervention in health-related applications and dynamic
treatment regimes (Liao et al. 2020; Tec, Duan, and Müller
2023; Zajonc 2012). For spatiotemporal or otherwise het-
erogeneous 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 (Wu et al. 2021; Li,
Zheng, and Yang 2018; Agarwal et al. 2021).

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 direc-
tions (Mu et al. 2021). This supports our restriction of RL
heat alerts to very hot days. More generally, incorporating
“cost” or “safety” constraints is of interest for many RL ap-
plications (Laber et al. 2018; Carrara et al. 2019). A com-
mon approach in the constrained RL literature is to use La-
grange multipliers (Guin and Bhatnagar 2023; Ray, Achiam,
and Amodei 2019), however, these methods do not enforce
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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 indi-
cator approach formulated by Xu, Zhan, and Zhu (2022).
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 little overlap (Xu,
Zhan, and Zhu 2022). However, our approach has the benefit
of being relatively interpretable.

Contrastive policy explanations There is a large litera-
ture on post-hoc explainability in RL (Heuillet, Couthouis,
and Dı́az-Rodrı́guez 2021). Contrastive analysis has been
used to explain differences between RL policies and more
familiar / intuitive policies (van der Waa et al. 2018;
Narayanan, Lage, and Doshi-Velez 2022). We note that
while CART has been used to try and mimic RL policies
(Puiutta and Veith 2020), our use of it to analyze differences
between policies has not been previously documented.

3 Problem Setup
3.1 RL Preliminaries
RL methods typically operate within the framework of
Markov Decision Processes or MDPs (Sutton and Barto
2018). A finite-horizon or episodic MDP with hori-
zon (episode length) H is defined as a tuple M =
⟨S,A,R, P, d0, γ⟩, where S is the set of states, A is the
set of actions, R : S × A → R is the expected reward
function, P : S × A → ∆(S) is the transition function2,
d0 ∈ ∆(S) is the initial state distribution, and 0 < γ ≤ 1 is
the time discount factor3. A (non-stationary) policy is de-
fined as a collection of decision rules π = {πt : S →
∆(A)}H−1

t=0 , mapping from states to probability distribu-
tions over actions at each time step. The state value func-
tion is V π

t (s) := Eπ

[∑H−1
h=t γh−tR(sh, ah)|st = s

]
and

the state-action value function is Qπ
t (s, a) := R(s, a) +

γEs′∼P (s,a)[V
π
t (s′)]. The policy optimization goal is to

identify π∗ that maximizes the expected cumulative reward

J(π) := Es0∼d0 [V
π
0 (s0)]. (1)

Under regularity conditions (Puterman 2014), the optimal
policy is deterministic and the unique solution (up to ties) of
the Bellman optimality equation

Q∗
t (s, a) = R(s, a) + γEs′∼P (s,a)[max

a′
Q∗

t+1(s
′, a′)], (2)

where Q∗
t denotes the state-action value function of π∗

t . The
optimal action satisfies π∗

t (s) = argmaxa Q
∗
t (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 knowl-
edge of the transition function (Sutton and Barto 2018).

2∆(·) is the set of probability distributions over the set “·”.
3Note that in our analysis, γ = 1 works best, so in practice

there is no discounting.

3.2 Issuing Heat Alerts as a Constrained MDP
The heat alerts MDP components are summarized here. See
also Table S1 of Appendix A. Each MDP Mk corresponds
to a geographic area k ∈ K, and episodes are indexed as
j ∈ J . In this work, geographic areas are U.S. counties, and
each episode spans the warm season / summer from May 1st
to September 30th of a specific year (H = 152 days).

The action at on day t is either 1 (issue a heat alert) or 0
(do not issue a heat alert). To mitigate alert fatigue, we adopt
a strict action budget-constrained approach, optimizing the
policy subject to

∑H−1
t=0 at ≤ b.

The reward rt = R(st, at) is the expected rate of
heat-related hospitalizations at time t, transformed such
that fewer hospitalizations correspond to a greater reward.
Specifically, if ρt(at) := ρ(st, at) represents the per capita
rate of heat-related hospitalizations on day t if action at ∈
{0, 1} is taken at state st, then rt ∝ −ρt(at) + const.

The state vector st contains the factors underlying the ef-
fect of heat on hospitalizations and the effectiveness of heat
alerts at reducing hospitalizations. It can be decomposed as
st = (ξt, xt), where ξt is the exogenous component and xt

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 at, 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 (st+1|st, at) = P ((ξt+1, xt+1)|(ξt, xt), at)

= Pξ(ξt+1|ξt)Px(xt+1|xt, at)
(3)

4 BROACH: An RL Environment for
Optimizing Heat Alert Issuance

In creating an interactive heat alert environment, our de-
sign objectives are (i) allow use of general-purpose RL al-
gorithms, (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 a methodology termed Bayesian Rewards Over
Actual Climate History (BROACH). BROACH can be gen-
eralized to other climate-related events and interventions.

4.1 Data Sources
Here we provide an overview of the data used in the RL
environment; Appendix B contains more details.

Heat alerts and heat index We use the dataset of Wein-
berger et al. (2021) 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 affected
by the discretion of the local office (Hawkins, Brown, and
Ferrell 2017). Analysis by (Hondula et al. 2022) suggests
that spatial variability in the current NWS/local office ap-
proach is not well aligned with the health risk from heat.
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Heat-related hospitalizations We merged the heat alert
and weather data with daily, county-level hospitalization
counts from Medicare. We included cause-specific hospi-
talizations previously found to be associated with extreme
heat in the Medicare population: septicemia, peripheral vas-
cular disease, urinary tract infections, and diabetes mellitus
with complications (Bobb et al. 2014). We excluded heat
stroke and fluid and electrolyte disorders (which were also
found to be associated with extreme heat in Medicare) be-
cause Weinberger et al. (2021) observed a positive asso-
ciation between heat alerts and hospitalizations with these
causes. They hypothesized it was due to increased aware-
ness of heat-related symptoms and seeking medical care.
Figure S1 illustrates this scenario as an unobserved media-
tion problem (Pearl 2012), which affects the identification 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 counties with a population
greater than 65,000 to avoid locations with very few hospi-
talizations and to focus on the most populous areas. Figure
2 shows the counties considered, which account for approx-
imately 75% of the population and 25% of the number of
counties.

Figure 2: 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 socioeconomic status and
population density, and variable response to heat alerts
due to local policy and political ideology (Ng et al. 2014;
Zanobetti et al. 2013; Errett et al. 2023; Cutler et al. 2018).
To characterize this spatial heterogeneity, we compiled a
set of county-level covariates: population density and me-
dian household income (U.S. Census Bureau 2014), regional

classifications of climate zones (U.S. Energy Information
Administration 2020), broadband (internet) usage data (Mi-
crosoft AI for Good Research Lab 2021), presidential elec-
tion returns (MIT Election Data and Science Lab 2018), and
fine particulate matter (PM2.5) (Hammer et al. 2020). For the
latter, there is strong evidence of adverse synergistic health
impacts of air pollution and heat (Anenberg et al. 2020).

4.2 The State Space
Recall that the state space can be factorized as st = (ξt, xt),
where ξt is the exogenous component and xt is the en-
dogenous 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 (Heo, Bell, and Lee 2019; Anderson
and Bell 2011): day of summer (which is equivalent to t),
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.

4.3 The Reward Function: A Hierarchical Model
of Hospitalizations

To learn the expected hospitalization rate, and thereby the
transformed reward rt, we train a Bayesian hierarchical
model with the desiderata of (a) facilitating obtainment of
confidence intervals when evaluating RL policies and (b)
allowing for spatial heterogeneity in the health effects of
heat and heat alerts. Let ρ(k,j)t (a) be the expected per capita
NOHR hospitalization rate at time t in county-summer (k, j)
when taking action a. We propose the scaled reward function
r
(k,j)
t (a) := C1−C2ρ

(k,j)
t (a) where C1 and C2 are positive

scaling constants. (Note that choices of C1 and C2 do not
change the optimal policy, but can help stabilize learning.)
We choose C1 = 1 and C2 as the reciprocal of the observed
hospitalization rate through the entire summer.

Let y
(k,j)
t (a) denote the counterfactual outcome repre-

senting the number of NOHR hospitalizations for action
a ∈ {0, 1}, and n(k,j) denote the total population suscepti-
ble to hospitalization in county k in episode j. We introduce
two functions—to be learned—governing the counterfactual
hospitalization rate in county k as a function of s(k,j)t . First,
λk : S → R+ denotes the baseline rate of hospitalizations
when no alert is issued. Second, τk : S → (0, 1) expresses
the effectiveness of issuing an alert as a multiplicative re-
duction factor. The top-level hospitalization model is

y
(k,j)
t (a) ∼ Poisson(n(k,j)ρ

(k,j)
t (a)),

ρ
(k,j)
t (a) := λk(s

(k,j)
t )(1− a · τk(s(k,j)t )),

(4)

for all (k, j) ∈ K × J and t ∈ {0, . . . ,H − 1}. The Pois-
son 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 (Austin 2017).
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To estimate the functions λk and τk under limited data
and low health signal, we incorporate a data-driven ran-
dom effects prior (using the county-level features) and in-
ject domain knowledge on the signs of certain coefficients.
We train this model using variational inference, using the
Python package Pyro (Harpole et al. 2019). The details of
this approach, as well as model diagnostics, are in Ap-
pendix C. Note that the fitted coefficients in the alert ef-
fectiveness component indicate the presence of alert fatigue.
To utilize this rewards model within the BROACH environ-
ment, we draw from the variational posterior distribution at
the start of each episode, and then use those coefficients to
calculate r

(k,j)
t given

(
s
(k,j)
t , a

(k,j)
t

)
for t = 0, ...,H − 1.

4.4 The Alert Budget
Each episode in our MDP starts with a fixed alert budget b.
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

∑t
h=0 ah = b, it is pro-

hibited from issuing any more alerts: it can only obtain the
reward r

(k,j)
h (0) for days h = t+ 1, ...,H − 1.

4.5 The Transition Function: Observing Actual
Weather/Climate History

We leverage the decomposition equation 3 to use real data
for the exogenous trajectories, and introduce a data augmen-
tation scheme in the context of single-county RL.

Sampling of exogenous trajectories Recall that the en-
dogenous aspect of our state space, heat alert history, is de-
terministically 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.

Regional data augmentation The issue with this ap-
proach is that there are only 11 years of exogenous trajecto-
ries (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 sam-
pling exogenous trajectories from other counties in the same
regional climate zone4 (U.S. Energy Information Adminis-
tration 2020) during RL training and validation / tuning.

5 Learning and Evaluation
We conduct experiments to (a) assess the ability of stan-
dard 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

4Due to the large size/geographic range of the “Cold” zone, we
grouped its counties into eastern and western subsets.

the NWS policy and other intuitive baselines. We then in-
vestigate heterogeneous performance of the RL policies to
provide domain-relevant insights. Code for all steps is avail-
able in our GitHub repository5.

5.1 Policy Constraint: Very Hot Days

Foreshadowing our findings, standard RL algorithms strug-
gle to learn to conserve their alert budgets for later in the
summer, resulting in poor performance. A major modifica-
tion we implement to encourage more effective behavior is
restricting the issuance of heat alerts to days above a QHI
threshold, optimized separately for each county. To optimize
the QHI threshold, we test the sequence of values between
0.5 and 0.9 (ensuring overlap with the NWS policy), by ev-
ery 0.05, 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”.

5.2 Experimental Setup

For all training and evaluations, to directly compare counter-
factual 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 algo-
rithms: Deep Q-learning (DQN), Quantile Regression Deep
Q-learning (QRDQN), Trust Region Policy Optimization
(TRPO), and Advantage Actor-Critic (A2C)—additional in-
formation on these algorithms is in Appendix D.2. We use
standard implementations of these methods available in the
Stable-Baselines3 Python library (Raffin et al. 2021).
To ground our analysis and discussion, note that DQN and
QRDQN are off-policy methods which learn deterministic
policies by directly solving for the optimal value function
using the Bellman optimality condition in equation 2; explo-
ration is induced only during training (e.g. epsilon-greedy).
Whereas, TRPO and A2C are on-policy methods which learn
stochastic policies by direct optimization of the expected re-
turn in equation 1, using refinements of the policy gradient
theorem (Sutton et al. 1999); 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 several counterfactual baselines: most sim-
plistically, randomly selecting b days on which to issue alerts
(RANDOM) and selecting the b days with the highest QHI
that summer (TOPK)—the latter is an oracle policy (not im-
plementable 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 recom-
mends in the absence of local criteria for issuing heat alerts
(BASIC.NWS): alert if the heat index is ≥ 100◦F in northern
states and ≥ 105◦F in southern states (Hawkins, Brown, and
Ferrell 2017). Lastly, we implement a policy of always issu-
ing alerts on days above a per-county optimized QHI thresh-
old until the budget runs out (AA.QHI).

5https://github.com/NSAPH-Projects/heat-alerts RL
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Training data The counties for which NWS issued few
heat alerts had high-variance estimates of heat alert effec-
tiveness in the rewards model. Therefore, for the RL ex-
periments, we selected a subset of 30 counties in which at
least 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 and Appendix D.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 train-
ing, referred to as the evaluation years6. For the purposes
of RL hyperparameter tuning (details in Appendix D.3) and
selection of the optimal QHI threshold for each county, we
consider the regionally augmented weather trajectories and
associated heat alert budgets from the evaluation years ex-
cluding 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 vali-
dation/tuning and evaluation procedures are described algo-
rithmically in Appendix E. After calculating the average re-
turns 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 distribu-
tion of differences in returns, accounting for the fact that
the counties are highly heterogeneous, so the differences be-
tween the policies are not normally distributed.

Sensitivity analysis In the main analysis, we evalu-
ate each county-specific implementation of DQN, QRDQN,
TRPO, and A2C by allowing each algorithm to deploy the
type of policy that it optimizes during training: determinis-
tic for DQN and QRDQN and stochastic for TRPO and A2C.
As a sensitivity analysis, we also deterministically evaluate
the TRPO and A2C 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 aug-
menting the RL state space with information about the fu-
ture. Specifically, we test whether inclusion of the change in
heat index over each of the next 10 days, as well as the 50th-
100th (by every 10) percentiles of QHI for the remainder of
the summer, improves RL performance. In real-time deploy-
ments 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”.

6Appendix D.4 shows the results of a sensitivity analysis where
the models are trained on 2006-2013 and evaluated on 2014-2016.

5.3 Results and Discussion
Figures 3, S5, and S6 illustrate how the different policies
look in practice, respectively in scenarios where using RL is
beneficial, where the alert budget is small, and where using
RL is not beneficial compared to the alternatives.

Figure 3: 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 num-
ber of NOHR hospitalizations saved is the average of all
their evaluations over 2015.

Table 1 provides the main results of our RL experiments.
(An extended version, including absolute number of hospi-
talizations, can be found in Table S5.)

QHI restriction is necessary for the standard RL algo-
rithms to perform well Several counterfactual policies
perform worse than NWS (as indicated by negative median
differences in returns): RANDOM, BASIC.NWS, and the RL
models without the QHI restriction. By contrast, the RL
models with the QHI restriction perform significantly bet-
ter than NWS, as indicated by their significant positive me-
dian 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 hos-
pitalizations per year (approximate 95% CI = (-491, 1131);
details of this CI calculation are in Appendix F). Discussion
of this absolute benefit to public health is in Appendix G.

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
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Policy Median
Difference

WMW P-value

*TOPK 0.022 406 0.0002
RANDOM -0.015 177 0.88
BASIC.NWS -0.286 30 1.0
AA.QHI 0.03 348 0.0025
DQN -0.123 43 0.99995
QRDQN -0.117 51 0.99991
TRPO -0.065 97 0.99742
A2C -0.063 100 0.99689
DQN.QHI 0.03 370 0.00242
QRDQN.QHI 0.035 344 0.01121
TRPO.QHI 0.038 338 0.0154
A2C.QHI 0.042 344 0.01121
DQN.F -0.417 40 0.99996
QRDQN.F -0.42 48 0.99993
TRPO.F -0.062 103 0.99625
A2C.F -0.063 101 0.99669
DQN.QHI.F -1.895 1 1
QRDQN.QHI.F 0.014 238 0.45904
TRPO.QHI.F 0.046 345 0.01062
A2C.QHI.F 0.036 343 0.01183
DET.TRPO.QHI -0.662 57 0.99985
DET.A2C.QHI -0.886 90 0.99837
DET.TRPO.QHI.F 0.032 271 0.21723
DET.A2C.QHI.F 0.02 287 0.13335

Table 1: 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). 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.

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 hyper-
parameter tuning did not fully counteract. Note that for the
TRPO models, the benefit observed with the use of future in-
formation would likely be smaller in practice due to forecast
/ prediction error—the simulation of which is beyond 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 dis-
cussion of this result is in Appendix H.2. This finding raises
the question: Are stochastic policies palatable from a do-
main 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 (Stuart et al. 2022)—
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 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 b 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.QHI differences, as illustrated in Fig-
ure S8. For interpreting these results, recall that TOPK is an
oracle policy. However, AA.QHI is an implementable alter-
native to A2C.QHI, so we must consider it more seriously.

5.4 Post-hoc Contrastive Explanation

To characterize differences between the best RL policies, the
NWS policy, and alternative baselines, we consider both sta-
tionary features included upstream in the analysis (e.g., cli-
mate region and median household income) as well as char-
acteristics of both the NWS and counterfactual alert poli-
cies, namely the distributions of the days of summer on
which alerts are issued and the lengths of alert streaks (se-
quences of repeated alerts). We start with these alert charac-
teristics, descriptive histograms of which are in Figure S7.
Both A2C.QHI and AA.QHI tend to issue heat alerts ear-
lier in the summer than NWS. A2C.QHI also tends to is-
sue shorter streaks of alerts (i.e., fewer consecutive days of
alerts), which makes sense given its ability to learn sequen-
tial dependence encoded by the rewards model.

Figure S8 illustrates the varying performance of TOPK,
AA.QHI, and A2C.QHI relative to the NWS policy, across cli-
mate regions and counties. Note that large heterogeneity in
the health effects of heat alert intervention across counties is
consistent with previous findings (Wu et al. 2023). A strik-
ing visual pattern is the increasing vertical spread from left
to right: TOPK performs the least heterogeneously across
counties, followed by AA.QHI, and finally A2C.QHI. Simi-
larly, the humid climate regions display more heterogeneity
across counties than the others, across all the policies. This
is partially due to those regions being larger and thus over-
represented among our 30 counties (see Table S3), but that
does not fully explain the discrepancy.

To structure our investigation of why some counties see
smaller (or even no) benefits from the application of the heat
alerts RL, we fit CART on both the numeric difference in
average return (compared to NWS) and a polytomous indi-
cator 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 regres-
sion and three for the polytomous classification.
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RL performs 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 S9. The most predictive feature of the coun-
terfactual policies’ performance relative to NWS is the size
of the alert budget. The fact that the other policies find it
harder to improve on NWS with more alerts may be be-
cause in such settings it is less critical to discriminate days
when heat alerts will be most effective, given that our re-
wards model assumes more alerts never hurt in an absolute
sense. The second split in the tree indicates that the RL per-
forms best when there is greater variation in alert effective-
ness 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, increas-
ing the likelihood of alert fatigue. Running the same polyto-
mous classification on a set of more conventional covariates
(Figure S10), we see a nearly-identical tree except with me-
dian 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 NWS earlier in
the summer Conducting regression on the difference in
average returns between A2C.QHI and NWS using CART
(shown in Figure S11) 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.

6 Conclusion and Future Work Directions
This work lays the foundation of SDM for climate & health,
by (1) formulating and building an SDM pipeline to opti-
mize 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 im-
prove on the observed policy or simpler alternatives.

Ultimately, we found that it was necessary to restrict alerts
to days with higher QHI for standard RL algorithms (DQN,
QRDQN, TRPO and A2C) to be effective. Our post-hoc analy-
sis 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 ap-
proach. The first is how to move beyond a fixed alert bud-
get, 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

stakeholders 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 intention-
ally 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 a simulator, 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 ob-
served policy and controlling distribution shift (Levine et al.
2020): 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 per-
formance of offline RL using off-policy evaluation methods
is made difficult by long episodes, large potential for distri-
bution shift (especially in the absence of a modification such
as restricting alerts to very hot days), and high degree of au-
tocorrelation in the reward (Uehara, Shi, and Kallus 2022).

We close with a broader view of climate & health decision
making. Ideally, an optimal heat alert system would account
for different types of health impacts experienced by differ-
ent 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 pub-
lic health impacts of extreme heat (Errett et al. 2023): there
is much more work to be done analyzing and expanding lo-
cal 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 meth-
ods such as RL to identify these effects and help us continue
improving our strategies in the future.
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Spatial Analysis of United States National Weather Service Exces-
sive Heat Warnings and Heat Advisories. Bulletin of the American
Meteorological Society, 103(9): E2017–E2031. Publisher: Ameri-
can Meteorological Society Section: Bulletin of the American Me-
teorological Society.
Laber, E. B.; Wu, F.; Munera, C.; Lipkovich, I.; Colucci, S.;
and Ripa, S. 2018. Identifying optimal dosage regimes under
safety constraints: An application to long term opioid treatment of
chronic pain. Statistics in Medicine, 37(9): 1407–1418. eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/sim.7566.
Lee, J. N.; Agarwal, A.; Dann, C.; and Zhang, T. 2023. Learn-
ing in POMDPs is Sample-Efficient with Hindsight Observability.
ArXiv:2301.13857 [cs, stat].
Levine, A.; Stone, P.; and Zhang, A. 2024. Multistep Inverse Is
Not All You Need. Workshop on Reinforcement Learning Beyond
Rewards at the Reinforcement Learning Conference.
Levine, S.; Kumar, A.; Tucker, G.; and Fu, J. 2020. Offline Re-
inforcement Learning: Tutorial, Review, and Perspectives on Open
Problems. arXiv:2005.01643 [cs, stat]. ArXiv: 2005.01643.
Li, Y.; Zheng, Y.; and Yang, Q. 2018. Dynamic Bike Reposition:
A Spatio-Temporal Reinforcement Learning Approach. In Pro-
ceedings of the 24th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining, 1724–1733. London United
Kingdom: ACM. ISBN 978-1-4503-5552-0.
Liao, P.; Greenewald, K.; Klasnja, P.; and Murphy, S. 2020. Person-
alized HeartSteps: A Reinforcement Learning Algorithm for Opti-
mizing Physical Activity. Proceedings of the ACM on Interactive,
Mobile, Wearable and Ubiquitous Technologies, 4(1): 18:1–18:22.
Masselot, P.; Chebana, F.; Campagna, C.; Lavigne, E.; Ouarda,
T. B.; and Gosselin, P. 2021. Machine Learning Approaches to
Identify Thresholds in a Heat-Health Warning System Context.
Journal of the Royal Statistical Society Series A: Statistics in Soci-
ety, 184(4): 1326–1346.
Microsoft AI for Good Research Lab. 2021. U.S. Broadband Usage
Percentages Dataset.
MIT Election Data and Science Lab. 2018. County Presidential
Election Returns 2000-2020.
Mu, T.; Theocharous, G.; Arbour, D.; and Brunskill, E. 2021. Con-
straint Sampling Reinforcement Learning: Incorporating Expertise
For Faster Learning. ArXiv:2112.15221 [cs].
Nahum-Shani, I.; Smith, S. N.; Spring, B. J.; Collins, L. M.;
Witkiewitz, K.; Tewari, A.; and Murphy, S. A. 2017. Just-in-Time
Adaptive Interventions (JITAIs) in Mobile Health: Key Compo-
nents and Design Principles for Ongoing Health Behavior Support.

27930



Annals of Behavioral Medicine: A Publication of the Society of Be-
havioral Medicine, 52(6): 446–462.
Narayanan, S.; Lage, I.; and Doshi-Velez, F. 2022. (When)
Are Contrastive Explanations of Reinforcement Learning Helpful?
ArXiv:2211.07719 [cs].
Ng, C. F. S.; Ueda, K.; Takeuchi, A.; Nitta, H.; Konishi, S.;
Bagrowicz, R.; Watanabe, C.; and Takami, A. 2014. Sociogeo-
graphic Variation in the Effects of Heat and Cold on Daily Mortal-
ity in Japan. Journal of Epidemiology, 24(1): 15–24.
Padakandla, S. 2021. A survey of reinforcement learning algo-
rithms for dynamically varying environments. ACM Computing
Surveys (CSUR), 54(6): 1–25.
Pearl, J. 2012. The mediation formula: A guide to the assessment
of causal pathways in nonlinear models. Causality: Statistical per-
spectives and applications, 151–179.
Puiutta, E.; and Veith, E. M. 2020. Explainable Reinforcement
Learning: A Survey. ArXiv:2005.06247 [cs, stat].
Puterman, M. L. 2014. Markov decision processes: discrete
stochastic dynamic programming. John Wiley & Sons.
Raffin, A.; Hill, A.; Gleave, A.; Kanervisto, A.; Ernestus, M.;
and Dormann, N. 2021. Stable-Baselines3: Reliable Reinforce-
ment Learning Implementations. Journal of Machine Learning Re-
search, 22(268): 1–8.
Ray, A.; Achiam, J.; and Amodei, D. 2019. Benchmarking Safe
Exploration in Deep Reinforcement Learning. Technical report,
OpenAI.
Romoff, J.; Henderson, P.; Piche, A.; Francois-Lavet, V.; and
Pineau, J. 2018. Reward Estimation for Variance Reduction in
Deep Reinforcement Learning. In Conference on Robot Learning,
674–699. PMLR.
Sinclair, S. R.; Vieira Frujeri, F.; Cheng, C.-A.; Marshall, L.; Bar-
balho, H. D. O.; Li, J.; Neville, J.; Menache, I.; and Swaminathan,
A. 2023. Hindsight Learning for MDPs with Exogenous Inputs.
In Krause, A.; Brunskill, E.; Cho, K.; Engelhardt, B.; Sabato, S.;
and Scarlett, J., eds., Proceedings of the 40th International Confer-
ence on Machine Learning, volume 202 of Proceedings of Machine
Learning Research, 31877–31914. PMLR.
Stuart, N. A.; Hartfield, G.; Schultz, D. M.; Wilson, K.; West, G.;
Hoffman, R.; Lackmann, G.; Brooks, H.; Roebber, P.; Bals-Elsholz,
T.; Obermeier, H.; Judt, F.; Market, P.; Nietfeld, D.; Telfeyan, B.;
DePodwin, D.; Fries, J.; Abrams, E.; and Shields, J. 2022. The
Evolving Role of Humans in Weather Prediction and Communi-
cation. Bulletin of the American Meteorological Society, 103(8):
E1720–E1746. Publisher: American Meteorological Society Sec-
tion: Bulletin of the American Meteorological Society.
Sutton, R. S.; and Barto, A. G. 2018. Reinforcement Learning: An
Introduction. The MIT Press, second edition.
Sutton, R. S.; McAllester, D.; Singh, S.; and Mansour, Y. 1999.
Policy gradient methods for reinforcement learning with function
approximation. Advances in neural information processing sys-
tems, 12.
Tec, M.; Duan, Y.; and Müller, P. 2023. A Comparative Tutorial
of Bayesian Sequential Design and Reinforcement Learning. The
American Statistician, 77(2): 223–233.
Towers, M.; Terry, J. K.; Kwiatkowski, A.; Balis, J. U.; Cola,
G. d.; Deleu, T.; Goulão, M.; Kallinteris, A.; KG, A.; Krimmel,
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