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Abstract

Disaster response agencies have been shifting from a
paradigm of climate forecasting towards one of anticipatory
action: assessing not just what the climate will be, but how it
will impact specific populations, thereby enabling proactive
response and resource allocation. Machine learning models
are becoming exceptionally powerful at climate forecasting,
but methodological gaps remain in terms of facilitating an-
ticipatory action. Here we provide an overview of anticipa-
tory action, review relevant applications of machine learning,
identify common challenges, and highlight areas where ma-
chine learning can uniquely contribute to advancing disaster
response for populations most vulnerable to climate change.

Background

Anticipatory action — proactive measures taken in response
to forecasted risks and disasters before they occur — has
emerged as a crucial framework for disaster response (Fig-
ure 1) (Weingirtner and Wilkinson 2019; Thalheimer, Sim-
peringham, and Jjemba 2022; de la Poterie et al. 2023; Pople
et al. 2021). Central to anticipatory action is impact-based
forecasting, an approach that focuses on predicting the spe-
cific impacts of an impending disaster, such as health out-
comes, disruption of services, or economic loss (Yu et al.
2022; Merz et al. 2020; Huynh et al. 2021; Liu 2012; Gerl
et al. 2016). By contrast, climate forecasting typically re-
ports environmental conditions, such as wind speeds or rain-
fall. Impact-based forecasting is typically more accessible
to humanitarian practitioners, but harder to predict; climate
forecasting is generally more accurate, but may not ade-
quately communicate potential hazards. However, the two
approaches are not mutually exclusive — in fact, we examine
here areas in which machine learning can uniquely be ap-
plied to leverage the predictive power of climate forecasting
as well as the applied perspective of impact-based forecast-
ing.

Despite the promise of increased resilience from antic-
ipatory action, major gaps remain in terms of develop-
ing robust, trustworthy systems. Forecast-based financing,
a system where financing is allocated proactively based on
risk estimates for models, has become increasingly used
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Figure 1: Typical timeline of disaster preparedness, antici-
patory action, and response. Disaster risk reduction refers
to strengthening resilience before crises occur, and anticipa-
tory action refers to proactive response and resource alloca-
tion after an early warning system flags an incoming disas-
ter.

within United Nations agencies and non-governmental or-
ganizations. However, because regions that receive higher-
risk forecasts receive more aid, poor predictive performance
and causal validity of such forecasts may lead to misallo-
cation of resources (Coughlan de Perez et al. 2015; Van den
Homberg, Gevaert, and Georgiadou 2020). The gap between
the promise and current reality of anticipatory action may be
in part aided by advances in Al research; we examine here
potential areas of opportunity where Al can be used to im-
prove anticipatory action.

Challenges and Opportunities

Figure 2 shows a typical undertaking of the forecasting por-
tion of anticipatory action. A model is developed based
on spatiotemporal environmental data and used to make
population-specific impact forecasts. From there, the fore-
casts are used to enable proactive resource allocation. We
broadly identify two strategies to forecast disaster impacts:
(1) a predictive forecasting approach where the impacts of
the disaster are directly modeled; and (2) a causal approach
wherein the disaster is meteorologically modeled, then out-
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Figure 2: Typical workflow for the forecasting portion of an-
ticipatory action. After population-specific impact forecasts
are provided, targeted resource allocation can be conducted.

puts are run through an exposure-response function to ascer-
tain the impact of the disaster. A subsequent step is taken af-
ter either approach to apply the model to a target population
for a population-specific forecast. Table 1 shows examples
of how impact-based forecasts can be used.

Problem Formulation

Formally, let C' = ¢y, ca,...c; be a set of climate-related
features and let V' = vy, vs,...v; be a set of population-
specific features. The predictive forecasting approach to di-
rectly model disaster impacts is represented by

Ys,tJrn = f(C7 V‘C = Cs,t, V= Us,t)

where Y is the outcome of interest, s and ¢ are spatiotem-
poral indices, and n is the forecasting lead time. Machine
learning approaches have been used for impact-based fore-
casting for outcomes related to disasters, such as modeling
displacement, food insecurity, disease outbreaks, economic
loss, or infrastructure assessment (Pham and Luengo-Oroz
2022; Huynh and Basu 2019; Foini et al. 2023; Wang, Chen,
and Marathe 2019; Proma et al. 2022; Oshri et al. 2018;
Nethery et al. 2021). Most machine learning approaches for
impact-based forecasting directly model the impact without
using climate forecasting as an intermediary; to the extent
climate variables are used, they are typically just more pre-
dictors for the model.

In terms of climate forecasting, such models can be rep-
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resented as
Ps,t+n = g(C|C = Cs,t)
where P is a modeled climate event, such as a risk score or
climate condition, and g is the climate forecasting function.
Machine learning models for climate forecasting, while his-
torically inferior to global simulation methods like numer-
ical weather prediction, have since reached comparable or
even superior performance to simulation-based methods for
a variety of forecasting applications, ranging from tropical
cyclones, heat waves, rainfall, floods, wildfires, and more
(Chen, Zhang, and Wang 2020; Mosavi, Ozturk, and Chau
2018; Cifuentes et al. 2020; Jain et al. 2020; Zhang et al.
2023; Bi et al. 2023; Rolnick et al. 2022). Machine learning
models are far less computationally expensive than global
simulation models, and can be used to supplement them by
emulating their predictions. Because such models are em-
ulating mechanistic physical processes, predictive perfor-
mance is often very high compared to other forecasting do-
mains. Many machine learning models frame their outputs
as risk scores, providing spatiotemporal risk estimates for a
given type of natural disaster.
Causally forecasting disaster impacts is represented by

Y:G,t—i-n = f(Oa VldO(C = Cs,t)a V= Us,t)

where the do operator refers to causally setting the climate
variables C' to be specific values, rather than using a predic-
tive relationship (Pearl 2009). In practice, causal forecasting
is facilitated by an exposure-response function:

Y =¢(PVIP =p,V =0v)

where ¢ represents the relationship between the climate
event and the impact of interest. Exposure-response func-
tions are typically used in environmental epidemiology,
where the relationship between an exposure and a health
outcome is identified, then that relationship is used to simu-
late health outcomes based on known exposure levels (Au-
nan and Pan 2004). Depending on how they are identified,
exposure-response functions can vary in levels of causal va-
lidity, ranging from results from randomized controlled tri-
als to associations identified from observational data using
causal inference. In other fields, this relationship may also
be known as a damage function (Merz et al. 2020).

Open Areas for Improvement

The decision to use a causal or predictive modeling strat-
egy is context-specific, and both approaches have their
own advantages and disadvantages. For causal forecasting,
exposure-response functions can be difficult to identify, de-
pending on the exposure. Predictive forecasting is subject to
confounders, threatening causal validity (Peters, Biihlmann,
and Meinshausen 2016). Both approaches face challenges of
dataset shift and algorithmic fairness. Forecasting for antic-
ipatory action thus remains an open problem with multiple
potential areas for improvement, and we discuss here how
Al can be used to address such issues.

Exposure-response functions Exposure-response func-
tions are difficult to obtain, and especially so for disaster-
related impacts. Disasters vary in magnitude, location, and



Hazard

Climate Forecast

Exposure-response function(s)

Impact-based Forecast

Cyclone

A category 4 tropical
cyclone with windspeed
220km/h is anticipated to
make landfall in 36-48
hours.

Relationship between tropical cyclone
and building damage/displacement

40-60% of housing in Region A
will be damaged, with an anticipated
20,000-40,000 displaced individuals.

Wildfire

Wildfire smoke will reach
City B tomorrow morning
and cover the city for 48-72
hours.

Relationship between smoke exposure
and hospitalizations; relationship be-
tween excess hospitalizations and drug
shortages

200-400 excess hospitalizations are
expected, and extra inhalers will be
necessary to prevent shortages.

Drought

Precipitation far below aver-
age is likely for the summer
in Province C.

Relationship between precipitation and
crop failure/food insecurity, relation-
ship between food insecurity and mal-

Food insecurity will increase, and
prices for affected crops will spike by
55-75%. Incidence of child malnour-

nourishment

ishment will increase by 20-30%.

Table 1: Example scenarios of disasters and their potential forecasts. Cyclone refers to tropical cyclones.

population characteristics, with relatively infrequent occur-
rence — estimating a valid association between a disaster
and an impact typically requires high-resolution data and
a plausible empirical strategy (Nethery et al. 2021; Parks
et al. 2022). Even air pollution, which is continuously mon-
itored with high-resolution exposure and health outcomes
data, drives contention over what the exposure-response
function should be (Zigler and Dominici 2014). Machine
learning can be useful in improving estimation of exposure-
response relationships by producing better characterizations
of disaster impacts. For example, satellite imagery in con-
junction with Al has been used to assess building damage
from disasters (Novikov et al. 2018; Zhao and Zhang 2020;
Oshri et al. 2018); such information could be used to de-
velop exposure-response relationships between disaster oc-
currence and building damage, potentially enabling fore-
casts of building damage.

As another example, Al can be used to improve estimates
of health outcomes such as mortality or disease prevalence
after a disaster. In low-resource environments, post-disaster
estimates of mortality or disease prevalence are conducted
by taking surveys across clusters of households. Results
from such surveys can vary drastically due to sampling bias,
which can be difficult to overcome through randomization
due to poor access to households post-disaster. The survey
approach remains the gold-standard, as official national or
international statistics are generally too slow to capture the
magnitude of a disaster shortly after it has occurred (Kishore
et al. 2018; Gang, O’Keeffe, and Roberts 2023). Al can be
used in conjunction with post-stratification, a technique typ-
ically used in the social sciences to learn from biased sam-
ples, to estimate adjusted mortality or disease prevalence
rates (Gelman et al. 2016; Broniecki, Leemann, and Wiiest
2022; Van der Heyden et al. 2014).

Additionally, mortality or disease prevalence surveys typ-
ically obtain population-wide estimates by extrapolating
from survey results:

B, _
N,

Bk

80

where ¥ and NN represent events and population size re-
spectively, and s and f indices indicate observations from
the survey data and the full population at large, respectively.
Typically, E; is estimated by assuming a value for Ny (as
well as adjusting for any covariates), but there is often uncer-
tainty regarding the value of N as populations tend to mi-
grate in response to disasters, potentially affecting estimates
of F¢. Any Al methods to estimate Ny, whether through
migration or population modeling, can thus be valuable
in improving identification of exposure-response functions
(Doocy, Cherewick, and Kirsch 2013; Robinson, Hohman,
and Dilkina 2017; Yeh et al. 2020).

Dataset Shift All forecasting approaches are subject to
dataset shift, where there is a difference in distribution be-
tween training data and deployment-time testing data. This
is particularly true for disaster-related forecasts: first, un-
precedented events happen regularly under climate change,
and models may not provide valid results for environmen-
tal conditions that have never been seen before (Dickerman
and Hernan 2020); secondly, because disasters happen rel-
atively infrequently, there will not be sufficient historical
data regarding how a disaster of any given magnitude af-
fects any given region or subpopulation of a country. Taken
together, high-resolution country-wide forecasts will require
targeted population-specific forecasts in a manner that ad-
dresses dataset shift.

One approach to handling dataset shift is leveraging trans-
portability of causal effects (Bareinboim and Pearl 2012;
Pearl and Bareinboim 2014). Transportability provides a
framework to assess whether causal effects can be applied
from one environment to another. As an example, suppose
we have a plausible causal effect estimate saying that wild-
fire smoke caused an X% increase in hospitalizations per
ug/m? of fine particulate matter in City A. We want to know
how many additional hospitalizations we’d expect to see if
smoke reached City B, but City B has a different age distri-
bution than City A, and age is a confounder in that it affects
both exposure levels to smoke and likelihood of hospitaliza-
tion. Transportability theory determines that if we can iden-



tify both the full causal effect:
P(hospitalization|do(smoke))
and the age-specific causal effect:
P(hospitalization|do(smoke), age)

then it is feasible to transport causal estimates from City A
to City B. Transportability has been applied in various com-
plex scenarios in health (Rudolph et al. 2018; Prosperi et al.
2020), and could also be useful for improving causal validity
of disaster forecasts.

Relatedly, another approach to handle dataset shift for
impact forecasting involves invariant prediction (Peters,
Biihlmann, and Meinshausen 2016; Pfister, Biihlmann, and
Peters 2019; Arjovsky et al. 2019). Briefly, approaches
leveraging invariant prediction allow for selection of causal
features from a model by identifying model configurations
with high prediction invariance, enabling more robust pre-
dictions less likely to be influenced by spurious correlations.
Using approaches based on invariant prediction would im-
prove the causal validity of predictive impact forecasting
without requiring the intermediary step of calculating an
exposure-response function, thereby improving the reliabil-
ity of impact predictions in relationship to varying climate
variables. Although these approaches require the strong as-
sumption of there being no unobserved confounders present,
sensitivity analyses for potentially unobserved confounders
could be used to provide uncertainty intervals for predictions
(Rosenbaum and Rubin 1983; Yadlowsky et al. 2022; Jung
et al. 2017). Applications of invariant causal prediction have
recently been gaining traction within medicine (Prosperi
et al. 2020; Subbaswamy, Schulam, and Saria 2019; Sub-
baswamy, Chen, and Saria 2022) and earth sciences (Runge
et al. 2019; Sheth et al. 2022), suggesting that applications
to climate disasters and anticipatory action may be feasible.

Data Scarcity and Algorithmic Bias Climate data are in-
equitably collected, with marginalized populations typically
having poorer and lower-quality data (Rolnick et al. 2022;
Grover 2022). 60% of countries lack basic water information
services that can be used for flood preparedness, and roughly
half of all countries do not have multi-hazard early warning
systems (Cullmann et al. 2021). The World Meteorological
Organization roughly estimates that countries without such
early warning systems have over eight times the disaster-
related mortality rates than countries with early warning sys-
tems (Honore, Kumar, and Speck 2022). Data scarcity de-
grades the performance of predictive models for regions that
are most vulnerable to disasters in the first place, making
anticipatory action more difficult within low-resource coun-
tries. Typical numerical weather prediction models rely on
data collected globally to make better localized predictions,
but Al efforts to ameliorate data scarcity such as localized
predictions via transfer learning, or up/downscaling climate
predictions may help circumvent such requirements and im-
prove impact-based forecasts (Xie et al. 2016; Li et al. 2021;
Vosper et al. 2023).

Careful consideration needs to be given to the ethical
implications of AI models for impact forecasting, particu-
larly as forecast-based financing becomes increasingly used
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(Coughlan de Perez et al. 2015). In particular, practition-
ers should exercise caution as to how the choice of metric
affects equity considerations. Treating economic loss as an
absolute metric for impact assessment favors wealthier re-
gions; considering risk and loss as relative has been shown
to provide more equitable results in risk assessment (Kind,
Botzen, and Aerts 2020). Additionally, considering how dis-
asters impact regions beyond economic loss, and instead us-
ing metrics like health or wellness, may provide a more nu-
anced characterization of disaster impacts (Hino and Nance
2021). Algorithmic audits and assessments commonly used
for composite indicators or risk scoring machine learning
models should be used to assess the algorithmic fairness
of impact-based forecasts (Mayson 2019; Obermeyer et al.
2021; Gevaert et al. 2021; Huynh et al. 2023; Bhagwat, Fer-
ryman, and Gibbons 2023; Paulus and Kent 2020).

Discussion

In this paper, we surveyed how Al advances can be used to
improve anticipatory action in terms of current methodolog-
ical gaps and potential areas for improvement. There are sev-
eral limitations to our paper. First, this is not an exhaustive
review of all relevant literature: we refer to other review pa-
pers where applicable, and subfields such as Al for climate
forecasting or causal prediction are sufficiently deep and nu-
anced that reviewing all relevant works is out of scope. Sec-
ondly, there are other crucial areas of improvement that are
not mentioned here, such as model explainability or uncer-
tainty quantification — our subjective judgment is that they
represent long-standing challenges of fundamental impor-
tance that are not sufficiently specific to anticipatory action
to be in scope of this survey.

Amidst intensifying climate change and increased fre-
quency of natural disasters, the need for improved antici-
patory action will only rise. Some of the Al-related chal-
lenges and opportunities we raise may appear too intractable
or open-ended. We argue that since anticipatory action is al-
ready being widely used and deployed, any improvements to
existing systems, however marginal, could be consequential
and life-saving. Such a perspective could be used to foster
a long-term vision for a future where we have better data
and tools, enabling protection of the most vulnerable from
disasters before they occur.
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