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On the Local Economic Effects of Extreme Events in Low-

and Middle Income Countries

Abstract

Climate change is one of the biggest challenges of the 215 century. As many regions around
the world experience greater shifts and fluctuations in weather patterns, which in some cases
lead to more extreme events, it becomes more important than ever to study their impacts. This
is particularly true for low- and middle-income countries, where less economic resilience can
be found. This thesis aims to contribute by highlighting the complexity of hazards that im-
pact economic systems in low- and middle-income countries. Extreme events, especially de-
structive ones, not only destroy houses and cause fatalities but can also propagate through the
economy via supply chains. This is discussed in Chapter 1 using an event-study difference-
in-difference model for the case of foreign investment inflows and earthquake exposure in In-
donesian districts. The chapter shows not only the direct effects in affected districts. It also
documents indirect effects that occur when connected industries, serving as suppliers, are im-
pacted. Many regions are exposed to more than just a single type of hazard. Thus, to better un-
derstand hazard environments, Chapter 2 introduces a new compiled data set. In this chapter
a newly constructed global gridded dataset is introduced, creating a monthly global 10x10km
dataset for 17 hazards and five socioeconomic outcomes. Finally, based on the improved data
access, the thesis revisits well-studied economic literature strands from a multihazard perspec-
tive. First, Chapter 3 examines how extreme events, particularly those that co-occur, impact
population changes in rural Sub-Saharan Africa by employing a panel three-way fixed effects
model. Categorizing hazards as binary dummies can obfuscate their actual effects. Instead,
cumulative shocks within a year and the overlapping of events cause fundamentally different
responses to shocks that should be considered as "new" events. Concerns for research of spa-
tial spillovers, the co-occurrence of events, dynamic effect carry-overs and non-linearities are
discussed. Chapter 4 shifts the focus to urbanization in Sub-Saharan Africa, utilizing a panel
model with three sets of fixed effects. Weather shocks are found to harm urbanization in the
short term. This is particularly the case for floods, whose effects are amplified if floods follow
heatwaves. The article also highlights that the spatial scope of a shock matters and histori-
cal treatment matters, especially for droughts. All of these articles emphasize the importance
of focusing in economic studies on the different causes and impact dimensions that extreme
events have on economies. The findings also have high policy relevance, as they emphasize in
all chapters that rural, more vulnerable economic agents are especially affected by the effects

of extreme events.

Keywords: Climate Change, Development, Economic Growth, Environmental Economics
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Résumé

Les effets du changement climatique constituent 1'un des plus grands défis de notre époque.
L'une des principales manifestations de ce phénomene est I’”augmentation du nombre de chocs
climatiques ces derniéres années. A ce titre, cette these de doctorat cherche a quantifier les
conséquences sociaux-économiques de différentes intempéries en tenant compte de leurs com-
plexités, mais également des interactions existantes entre divers événements météorologiques.
Les effets sur les pays en développement sont particuliéerement importants, car ils sont les plus
vulnérables en raison de leur capacité de réaction relativement limitée et de leur exposition
fréquente a des phénomeénes climatiques extrémes. Le chapitre 1 examine les canaux de trans-
mission d’un type spécifique de chocs, en prenant I'Indonésie et les flux d’investissements
étrangers comme étude de cas. En utilisant la méthode de la double différence, ’article montre
que les tremblements de terre n’affectent pas seulement les districts, mais qu’ils ont des effets
sur I'ensemble de 1’économie en raison des liens industriels. De nombreuses régions connais-
sent plus d"un type d’aléa. Pour mieux comprendre la répartition d’aléas, le chapitre 2 présente
un nouvel ensemble de données. Il s’agit d"une base de données mondiale mensuelle de 10x10
km pour 17 aléas et cinq variables socio-économiques, construite a partir d’ensembles existants.
Sur cette base de données améliorée, la thése réexamine des pans bien étudiés de la littérature
économique dans une perspective multirisque. Le chapitre 3 examine l'impact des événe-
ments extrémes — en particulier lorsqu’ils se produisent simultanément — sur 1’évolution
démographique dans les zones rurales d’Afrique subsaharienne. En utilisant un modéle de
panel avec trois effets fixes, 1’article montre que la catégorisation des risques en tant que vari-
ables binaires peut masquer leurs effets réels. A la place, les chocs cumulatifs sur une année
et le chevauchement d’événements entrainent des réponses fondamentalement différentes, a
considérer comme des événements « nouveaux ». Des préoccupations liées aux retombées
spatiales, a la cooccurrence, aux effets dynamiques reportés et aux non-linéarités sont égale-
ment abordées. Le Chapitre 4 porte sur 1'urbanisation en Afrique subsaharienne, en util-
isant un modele de panel avec trois séries d’effets fixes. Les chocs météorologiques nuisent
a 'urbanisation a court terme, en particulier les inondations, dont les effets sont amplifiés
lorsqu’elles suivent des vagues de chaleur. L’article souligne aussi que la portée spatiale d'un
choc est importante, surtout pour les sécheresses. Tous ces articles soulignent I'importance de
se concentrer, dans les études économiques, sur les différentes causes et dimensions de I'impact
des événements extrémes sur les économies. Les résultats ont une forte pertinence politique,
car ils montrent dans tous les chapitres que les agents économiques ruraux, plus vulnérables,

sont particuliérement touchés.

Mots Clés: Changement climatique, developpement, croissance economique
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General introduction

Anthropogenic climate change influences not only the climatic world in which we live,
but also especially the interactions humans have with the nature surrounding them.
Climate change, classified as one of the nine planetary boundaries by Rockstrom et
al. (2009), represents a critical threshold within which humanity can operate safely.
As one of the most significant and widely discussed challenges of the 21st century, it
underscores the need for global cooperation to maintain the stability of the Earth’s sys-
tem. Failure to do so not only poses a threat to economic prosperity, but also puts the
achieved development goals, for example, captured with United Nations (UN) Sus-
tainable Development Goals (SDG), at risk. Since the discovery of greenhouse gases
by the works of Fourier, Tyndall and Arrenhius in the 19th century, an increasing num-
ber of studies and articles have been brought forward in the mid-20th century since the
establishment of modern climate science (for an overview, see Dobes, Jotzo, and Stern,
2014). Since then, the world community has established various international agree-
ments, notably the Kyoto Protocol and later the Paris Agreement, and joint working
projects such as Intergovernmental Panel on Climate Change (IPCC) or the Green Cli-
mate Fund to limit the extent and inform about adverse climatic effects. In media and
scientific literature, the discourse on climate change is often framed dichotomously:
focusing either on mitigation, which aims to limit the extent and speed of global warm-
ing, or adaptation, which addresses adjustments to its consequences. This thesis will

focus on the latter, especially in a developing context.

Climate adaptation is an umbrella term that encompasses various strategies, includ-
ing the development of resilient infrastructure, agricultural systems and healthcare
systems. Economists have played a crucial role in the scientific debate on such strate-
gies, particularly in the cost-benefit analysis of policies and the assessment of climate-
related economic risks. It is of utmost importance to understand the risk that a per-
son, firm, region or country faces from climate change when designing and evaluating
adaptation strategies. Following the IPCC on climate extremes, such climatic risk is
usually composed of three components: exposure ("is an individual/area exposed to
an event?"), hazard ("how likely is it that an event occurs?") and vulnerability ("If so,
how vulnerable is a region or population where the event occurs?"). (cp. IPCC, 2012,
p.69). Sometimes, the notion of response ("How do individuals/areas respond to the
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event?") is also added. This thesis will, therefore, center around particular elements
of climate risk. Especially the articles combine the notion of exposure by spotlighting
the frequency of extreme events and vulnerability by focusing on some of the world’s
poorest regions. According to the IPCC, there is high confidence within the scientific
community that extreme climatic events (such as tropical storm strength or rainfall
variability) are likely to increase globally, albeit to varying extents in different geo-
graphic areas. Lower- and middle-income countries are disproportionately affected
due to higher financial constraints and lower resilience, resulting from higher levels
of poverty, poor governance and conflict. An illustration of the statement is shown in
Figure 1. Figure 1 shows the global distribution of exposure to extreme events by the
human development of each 10x10km cell in the period 2004 to 2015'. The data is based
on Chapter 2 of this dissertation combined with data on the Human Development In-
dex (HDI). On average, red areas represent regions with a lower Human Development
Index compared to the rest of the world. It becomes clear that many parts of the Global
South, especially Africa, South Asia, and certain regions of South America, appear to
have relatively low levels of HDI but higher levels of observed exposure to extreme
events. This might reflect some form of lack of adaptive capacities of households, but
also potentially institutions, that varies significantly around the world. Given that the
poorest households are already more vulnerable to climate change (see, e.g. Hallegatte,
Vogt-Schilb, Rozenberg, et al., 2020), it becomes clear why this thesis places particular

emphasis on low- and middle-income countries.

However, the question arises of how to connect extreme events with economic out-
comes. To connect climate conditions with outcomes associated with economics and
other disciplines, the IPCC introduces the concept of so-called Climate Impact Driver
(CID) (Seneviratne, Nicholls, et al., 2012) - specific climate components that directly
affect both human systems and ecosystems. These CIDs are usually assessed at a lo-
cal or regional level, where the interactions between humans or ecosystems and the
climate conditions are most pronounced. The concept of climatic conditions as well
as extreme events affecting socio-economic outcomes is found in all chapters of this
thesis. Although often not referred to as climate impact drivers, many articles at the
forefront of economic research have used them, especially as a treatment variable. No-

table examples could be the usage of temperature and precipitation ("rainfall") on out-

! For the definition of extreme events the following thresholds are taken: heatwave (WBGT>28),
flood (DFO Index>1), wildfire (>20% burned), tropical storm (>33 m/s), wind storm (>30 m/s), hail
(>1 day with Prob>90%),earthquake (>5 MMI), dust storm (>1 day)landslide (count>1), tsunami
(wave >0m), volcano (VEI>0), air pollution (>75 ug/m?)

2
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Fig. 1. Global Distribution of Exposure to Extreme Events by Human Development Index
(2004-2015)

Human Development Index

Hazard Exposure (2004-2015)

Note: This figure is based on the compiled dataset in Reinhardt (2024a) based on the
accumulation of 19 common hazard-types and data on Human Development Index
by Sherman et al. (2023). The figure shows the global distribution of exposure to
extreme events in a bi-variate plot against the relative Human Development Index
(HDI). In white, the specified cut-offs are shown. Only areas with more than 10 people
per square km are included.

come dimensions such as crop systems (Aragén, Oteiza, and Rud, 2021; Deschénes
and Greenstone, 2007; Lobell, Schlenker, and Costa-Roberts, 2011), cities and settle-
ments, and the connected topic of migration (Beine and Jeusette, 2021; Bohra-Mishra,
Oppenheimer, and Hsiang, 2014; Cattaneo, Beine, et al., 2019), health (Meierrieks, 2021;
Watts et al., 2017) or more generally on economic growth and production (Nordhaus,
2019; Tol, 2018; Dell, Jones, and Olken, 2012; Burke, Hsiang, and Miguel, 2015). Many
of these studies have been cited hundreds or thousands of times. Other studies have
focused rather on the effects of the individual type of climatic shocks on the microeco-
nomic dimension of households in firms. Recent notable examples focus, for example,
on the impact of wildfires on mortality (Burke, Driscoll, et al., 2021) or the effect of
tropical cyclones on firm assets (Pelli et al., 2023).

A common theme in these studies is that they generally focus on a specific type of
climatic, weather or hazard shock, such as temperature, tropical cyclones, or rainfall

anomalies, to measure the impact on a specific outcome dimension. Only a few em-
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pirical studies explicitly consider the interactions of different types of climate impact
drivers or, generally speaking, extreme events (see, for example, Fezzi and Bateman,
2015). In theoretical models, such as the Integrated Assessment Models, interactions
are incorporated. However, these often still fall short of accounting for the full com-
plexity of interactions. Simplifying the impact of extreme events on outcomes, es-
pecially in applied economic articles, to isolated events allows researchers to reduce
the complexity of hazard impacts and better establish causal connections. However,
insights from climate scientists, earth scientists, or meteorologists reveal that such sim-
plification often ignores the complex nature of the climate system. The literature on
extreme events in climatic science has shifted toward adopting a more holistic view
of the complex interactions between individual extreme phenomena. In particular, the
notion of "connected" or "compounding hazards'? has recently seen a surge in inter-
est. This new direction of literature is important for the economics sphere. Focusing
solely on individual hazards without accounting for overlapping shocks can lead to
an underestimation of general risk or attributing impacts to the wrong event. Thus,
this new direction is also crucial for economic policy design. In the following para-
graphs, the term and its importance for this thesis will be explained. Throughout this
dissertation, each chapter presents the concept that individual risks do not solely in-
fluence socioeconomic outcomes. Individual hazards tend to interact with a range of
other extreme events or pre-existing vulnerabilities. This thesis encompasses a broader
range of hazards than is typically discussed, yet the list of hazards considered is not
exhaustive.

Connected Events, Their Importance for the Economic Lit-

erature and Methodological Challenges

Before discussing the methodological challenges associated with connected hazards,
a brief, stylized introduction is provided on what connected or compound events are
and why they should concern economists.

According to the IPCC Special Report on Managing the Risks of Extreme Events and
Disasters to Advance Climate Change Adaptation (SREX), compound events refer to

2 In this thesis, compounding and connected shock or events will be used synonymously. It needs to
be acknowledged, however, that "compound" is technically a narrower definition in the climate science
literature.
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climate-related or weather events that manifest simultaneously, shortly after each other
or in spatial proximity to one another and tend to lead to amplified effects of indi-
vidual events (cp. Seneviratne, Nicholls, et al., 2012, p.118). In addition, using the
typology by Zscheischler, Martius, et al. (2020), compound events can be categorized
into pre-conditioned events (one climate-driven condition amplifies the impact of an-
other), multi-variate events (two or more climate-impact drivers or hazards happen
simultaneously), temporally compounding events (two or more events occur in a short
sequence after another) or spatially compounding (two or more events occur in prox-
imity to one another). Each different interaction pair between the type of event and the
compound type might have fundamentally different economic impacts. An example is
the preconditioning of drought and heatwaves, which increases the occurrence of wild-
tires (as mentioned in AghaKouchak et al., 2020). Another example is the combination
of tropical storms that make landfall, causing not only direct damage through the wind
but also damage through flooding and storm surges, which particularly affects coastal
communities. In this dissertation, particularly in Chapter 3 and 4, "compound" events
are defined as two different events overlapping within a narrow one or two-month

window.

There are two notable reasons why it is important to consider connected effects in
economic studies: first, the response to such shocks might be fundamentally different
from those of isolated hazards. For example, studying the response of temperature
anomalies on agricultural production, as is commonly done, could be a good approach
to measuring the response function of temperature on soil production or crop out-
come. However, if the temperature anomaly occurs simultaneously with a heat wave
event?, the predicted loss in crop outcome found can only be partially attributed to the
anomaly in itself but also to the reduced labor productivity of the harvesting farmer.
Another example would be estimating recovery periods after a shock. If one presumes
only a singular shock took place, the derived policy implications for post-shock recov-
ery might be misguided. Building on the previous example, one might suggest a more
effective irrigation system in response to a temperature anomaly, but one would also
need to consider strategies to mitigate the heat exposure of farm workers. Second, if
an economic study is conducted at the regional or even district level, the variation in
exposure to various hazards may differ within the same geographic area. One village
might see a flood and a heatwave, while another village 30km away, but in the same

3 Both are strongly connected, but a heatwave event adds additional environmental factors such as
air moisture and wind speed.
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district, might experience a landslide instead of a flood due to excessive rainfall. If
these other events are excluded, it may cause important variables to be overlooked
in the estimation, resulting in omitted variable bias. This is especially a concern for
cross-sectional or panel models that include climate variables (Hsiang, 2016). It is,
therefore, essential to adopt a multi-hazard perspective, particularly when conducting

policy-relevant research.

To emphasize this more, as an example, Figure 2 plots the number of distinct hazard
types (e.g. flood and heatwave) recorded between 2004 and 2015 on a 10x10km scale.*
The data is based on the data from Chapter 2. The figure plots only eleven hazards,
including drought, heatwaves, floods, earthquakes, tropical cyclones, wind extremes,
landslides, tsunamis, volcanoes and wildfires. The list is non-exhaustive and could be
extended across more dimensions, but for illustrative purposes, it shall suffice here.
The two bar graphs show the fraction of GDP (left) and population (right) that is ex-
posed to the number of hazard classes®. On a global level, the bar plots reveal that for
the eleven hazards shown, less than 7% of GDP and less than 6% of the population
have not seen any extreme event over the period of 2004 to 2015. Around a quarter has
seen a single event. In these areas, it is possible to conduct event studies easily with
a single-hazard type treatment. For all remaining 70% of the sample, more than one
hazard class occurred, which might contaminate any possible regression model, if not
accounted for. This concerns especially the Southern-Eastern parts of the United States,
the Sahel Zone in Africa and parts of South-East Asia, including Vietnam, Cambodia
and Laos. Thus, the more different hazard classes from this non-exhaustive list occur
in a given location, the more the effects in studies using only a single event might be

driven by hidden hazards or interactions between different hazards.

When it is so essential, the question arises as to why more research has not included the
notion of compounding shocks. There are both practical and empirical reasons for this.
It would be a fallacy to assume no research is conducted on the topic. Work in inter-
disciplinary fields such as the ones by Ridder et al. (2020) and Thalheimer, Choquette-
Levy, and Garip (2022) as well as works accounting for accumulative shocks (e.g. Di
Falco et al., 2024) over time do study the question of connected shocks. Yet, practically
speaking, there was a lack of availability of homogenized datasets that allow for the

4 The figure does not show the quantity of how often hazards occur, just how many different types
occurred between 2004 and 2015.

5 The data is based on computed shares of GDP from Kummu, Kosonen, and Masoumzadeh Sayyar
(2025) in 2015
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disentangling of the different shocks. As mentioned in Botzen, Deschenes, and Sanders
(2019), many empirical studies rely on the EM-DAT database (CRED and UC Louvain,
2024), which provides information on natural disasters globally. The data is widely
used, yet it does not report the precise administrative boundary for all events, making
it difficult to connect it to regional and local economic studies. Furthermore, criticisms
of this data include its tendency to overestimate the wealth of potentially wealthier
countries, due to its emphasis on economic damage over hazard intensity (Felbermayr
and Groschl, 2014). Although numerous datasets have been proposed in recent years,
it is only with the recent release of the MYRIAD-HES database (Claassen et al., 2023a)
that a comprehensive dataset for local hazard intensities has become accessible. This
data is compiled by defining 11 event types as hazardous events by setting thresholds
and then compiling the data for the years 2004 to 2017 on a daily level. Chapter 2 of
this thesis suggests a new dataset since, during its development, there was no stan-
dardized dataset that reliably included hazard intensities. The Platform for Economic
Analysis of Climate Hazards (PEACH) provides a comparable dataset with slightly
different input data on a global scale but on a monthly resolution. Whenever possible,
it refrains from applying any thresholds, allowing researchers to use monthly inten-
sities to compute damage and response functions. Unlike EM-DAT, the goal is not to
provide estimates of losses, but to enable researchers to calculate for themselves the
response of a chosen asset class (such as agricultural output, population, or building
infrastructure) to the intensity of a hazard event.

Besides practical concerns, there are multiple empirical reasons why more papers do
not include a multi-hazard perspective. First, the same standard econometric issues
apply when using compound hazards as for any climatic event. This includes the non-
linearity of effects, the temporal and spatial delay of effects, as well as challenges in
designing the correct error term structure (Hsiang, 2016). However, another challenge
is how to properly account for the interaction of different types of hazards, environ-
mental factors, or climate impact drivers. A good starting point might be to consider
interactions between the intensities of two events. However, while this is relatively
straightforward with two factors, it becomes increasingly challenging when additional
event types are added. With two intensities, for example, temperature and rainfall, and
one outcome, one obtains two hazard-specific responses and one high-dimensional in-
teraction term. Figure 3 visualize this using an exemplary visualization studying the
effects of temperature and rainfall on plant health in Nigeria. Plant health is measured
by the Normalized Difference Vegetation Index (NDVI). The middle panel displays the
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independent effects of temperature and rainfall on plant health, while the right panel
illustrates the interactions between them. The figure demonstrates that accounting for
interactions changes the estimated effects of the individual factors. If a third compo-
nent were added, such as wind speed, it would become challenging for researchers to
determine which combination drives the observed changes. A remedy might be using
an analysis of the sensitivity of a specific system, like a "stress test", where it is ana-
lyzed at a specific moment and at a specific location, which factors contribute the most

to changes in desired outcomes (cp. Zscheischler, Martius, et al., 2020).

Second, different hazard classes might be correlated either through a shared under-
lying cause (in the case of teleconnections such as the El Nifio-Southern Oscillation
(ENSO) or Madden-Julian Oscillation (MJO)) or directly physically related like in the
case of air pollution and wildfire (see e.g. Burke, Driscoll, et al., 2021). If the correlated
hazard classes are excluded from econometric models, they might cause an omitted
variable bias. In addition, as mentioned by Hsiang (2016), these unobservables are
likely to be autocorrelated over time, which causes standard errors of the regression to
be biased. Even if included, they might limit the possibility of precise inference in para-
metric regression models, potentially due to issues such as imperfect multicollinearity
or inadequate modeling of their joint effects. In the scientific literature, in such cases of
variable dependence, statistical methods, such as Copula functions, have been used to
better account for the interdependence of variables (Zscheischler, Martius, et al., 2020).

Lastly, there is the practical concern of finding the right econometric model. Standard
parametric models often fail to account for the complex, non-linear interactions be-
tween multiple hazards as those shown in Figure 3. Extreme events, often treated as
singular natural experiments, require the use of causal models to identify effects ro-
bustly. Regression discontinuity (RD) designs, particularly in spatial contexts, often
fail to account for unobserved spatial path dependence at the local level. Bordering re-
gions usually differ in their exposure to climate risk, economic growth trajectories, and
climate adaptation strategies, complicating the use of spatial RD designs. Random-
ized control trials are not applicable given that the treatment of extreme events may
be random in time but not in space. Synthetic control methods face challenges in the
context of extreme events due to potential general equilibrium effects and spillovers
that may bias estimates even with carefully constructed control groups. Finally, and
this method has been used extensively throughout the thesis, there are difference-in-
difference models. These models allow capturing the effect by comparing exposed
areas with never-treated or not-yet-treated areas. A key challenge is ensuring the va-
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lidity of parallel trends assumptions, particularly when multiple hazards are present
or when extreme events reappear during the study period. To account for these com-
plexities, all chapters of the thesis rely in some form on recent estimators from the
difference-in-difference literature. Although not perfect, some of these new estimators
enable treatment reversal, which is crucial in disaster studies.

Fig. 3. Example for Non-Linearities in Impact Dimension

Normalized Differenced Vegetation Index (June 2015) Temperature

1
150 175 200 225 25.0 275 300 325 350 375
Temperature (°C)

Precipitation

0 100 200 300 400 500 600 700 800 900 10001100
Precipitation (mm)

NDVI

Note: This figure provides an example on the effects of temperature and precipitation
on plant health, measured by the Normalized Differenced Vegetation Index (NDVI),
in Nigeria. The left figure illustrates, for illustrative purposes, the NDVI distribution
in Nigeria for one random month, June 2015. NDVI data is derived from Li, Cao,
Zhu, et al. (2023). The two figures in the middle plot a response function of average
monthly temperature and mean precipitation in mm onto NDVI by using a gener-
alized additive model (GAM) with four polynomials. Data is derived from ERA-5
(Mutioz Sabater, 2019) and CHIRPS (Funk, Peterson, Landsfeld, Pedreros, Verdin,
Shukla, et al., 2015). The right plot shows the interaction of both coefficients on NDVL
The derived data is based on Chapter 2 of this thesis.

In the following paragraph, it is described how this thesis defines connected events
and how it addresses the methodological concerns mentioned above. Chapters 2 to 4
include the notion of compound or connected events (called "complex" events in Chap-
ter 3). This thesis adopts a simplified approach by defining a compound event as an
event that occurs in the same area ("spatial compound event") or within a certain time
period ("temporal cumulative event"). In Chapter 4, also explore different combina-
tions of sequences of events are explored.

To account for interdependencies between hazard types, Chapters 3 and 4 rely on in-
teraction terms. Although continuous hazard measures would have allowed for the
estimation of the response depending on a hazards intensity (so-called dose-response
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functions), unfortunately such intensities as described in the example of Figure 3 do
not reflect the majority of the variables available for this thesis. Notably, due to sub-
stantial heterogeneity in the formats of the data used another approach is chosen.
Some hazards studied are reported categorically, others through normalized scores,
and some in binary form. This inconsistency between data formats substantially com-
plicates the construction of interaction pairs and limits the suitability of non-linear
models. Hazards, such as flooding, for example, are more difficult to fit into a non-
linear framework. Thus, instead of relying on continuous intensity measures, individ-
ual events are transformed into binary treatment dummies based on statistical ("upper
tail events") or literature-based thresholds. For some hazards, such as temperature
anomalies, upper tail events are defined relative to location-specific historical trends.
For other hazards, such as tropical cyclones, a global threshold is used. By using bi-
nary treatment dummies this dissertation closely follows the literature on event stud-
ies, which is typically based more on binary treatment dummies. To allow for some
form of nonlinearity, Chapters 3 and 4 include and discuss quadratic terms in the base-
line parametric models. It has to be acknowledged that this comes at the cost of miss-
ing parts of the underlying heterogeneity in the impact of events, which is discussed
in more depth in the corresponding chapters. Consequently, Chapters 3 and 4 also
highlight other factors that researchers may want to consider when assessing whether
their findings are truly causal. Another contribution of this thesis is the introduction
of a novel dataset, PEACH, in Chapter 2, which addresses the described problem of
the lack of a unified database for disaster analytics. Concerns related to temporal and
spatial correlation, as well as the error term structure, are addressed by applying dif-
ferent levels of temporal and spatial aggregation. All models from Chapters 2 through
4 incorporate the notion of CID, but call them in Chapters 3 and 4 "extreme events"
or weather shocks for readability. Chapter 1 offers an alternative perspective on the
literature. By investigating investment flows, the focus of this chapter is on the argu-
ment that the effects of destructive extreme events go beyond the sole destruction of
physical capital. Regions that are spatially or economically connected with an affected
area might be indirectly affected by the shock, especially when shocks occur upstream,
so the supply-oriented side of the firm. Although multi-hazard risk is not the primary
focus of the article, the model’s baseline still accounts for the presence of other extreme

events.

The contribution of the thesis is therefore threefold: Chapter 1 highlights, through
the example of foreign investment, that the effect of extreme events goes beyond the
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sole destruction of assets and might ripple through supply chains into distant firms.
Chapter 2 presents a new open-access dataset to better estimate the interactions of
extreme events on a local scale. Lastly, Chapters 3 and 4 revisit widely researched
topics in development economics, focusing on the interactions between different types
of hazards and their implications for the results.

Detailed Contribution of Each Chapter of the Thesis

In the following paragraphs, each chapter is introduced and the respective chapter is
summarized, which contributes to the literature in the context of extreme events and
connected events in the Global South. The main research question of this dissertation
centers around the effects of extreme events, interacting or not, beyond pure destruc-
tion, on economic outcomes in countries with little to no resilience to these shocks.
Each chapter addresses this question in some form with the latter shifting more dis-
cussion on the "compound" events.

Chapter 1

The first chapter is the only chapter that does not particularly focus on connected
shocks or cumulative shocks. Instead, the paper examines the impact of destructive
extreme events, particularly earthquakes, on foreign investment flows within a coun-
try. Although this question has been substantially addressed at the country level, there
are only a few studies that focus on evaluation within the country. Indonesia is selected
as the study country because it experiences a high frequency of various extreme events.
The article combines data on Foreign Direct Investment (FDI) inflows from 416 Indone-
sian districts with data on 896 geophysical earthquake event footprints from the United
States Geological Survey (USGS) ShakeMap database. In contrast to previous studies,
it applies a condition that the labor market needs to be, to some extent, disrupted
and physical damages are observed. To consider both spatial and economic links be-
tween regions, the dataset is enhanced with a 2016 Multi-Regional Input-Output Table
(MRIO) for Indonesian provinces. This allows studying the transmission of effects
through domestic supply chains. Applying an event-study estimator, the study finds
that investment flows are temporarily reduced by almost 90% shortly after an earth-
quake. The effects are particularly found in areas with lower historical risk exposure
and higher FDI stock, suggesting that risk anticipation and invested sum matters for
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the response to a shock. However, the shock is not exclusively driven by exposure of
the sector-area itself but also by shocks occurring notably on the supplier side of the
foreign firm. Here, the MRIO is used to study the transmission of the shock through
investment networks. The study is one of the first that documents these effects on a
local level without requiring firm-level data. Although not the main focus of the arti-
cle, it accounts for the presence of potentially compounding events by excluding other
types of hazards, such as floods and wildfires, from the baseline regression. Overall,
the study highlights on the case of a single hazard type and a single country that, espe-
cially for the analysis of hazard impacts on a local scale, it is also important to consider
indirect effects such as spatial or network spillovers.

Chapter 2

The second chapter attempts to bridge the gap mentioned above by providing a global
gridded compiled and homogenized dataset for 14 climate impact drivers and 3 non-
climatic impact drivers. The dataset combines a large set of climatological variables
for each month from 2000 to 2019 with full coverage of the 17 hazard classes from 2004
to 2015. The dataset is compiled on a 10x10 km grid and provides the intensity of an
event for the majority of hazard types. In contrast to previous studies, for the most
important dimensions, such as drought, heatwaves, temperature, rainfall, and air pol-
lution, the data compilation refrains from imposing a threshold, whenever possible,
to allow researchers to choose to set their own respective intensity. This shall enable
better calibration of damage functions of economic outcomes depending on the haz-
ard intensity. The dataset helps to better understand the global distribution of extreme
events over time and especially facilitates researchers in studying the impact of con-
nected or simultaneous events on economic outcomes. To ease usage, it also includes a
set of precompiled socioeconomic indicators for each grid cell, such as nighttime light,
population, infrastructure information, and land use. This chapter thus contributes to
the literature by providing researchers with an additional easy-to-use dataset to study,
complementing preexisting datasets. The future plan includes offering the complete
executable replication code, allowing researchers to incorporate additional hazard cat-

egories not previously captured.
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Chapter 3

The third chapter incorporates the novel dataset from Chapter 2 and applies it to the
context of population change and migration in Sub-Saharan Africa. Most of the litera-
ture focuses on the effects of specific hazards on households” decisions to migrate. In
contrast, this article selects nine fairly common hazards in Sub-Saharan Africa (tem-
perature anomalies, rainfall shocks, heatwaves, droughts, storms, flood, hail, wildfires
and locusts) and combines them with estimates on net population change between
2000 and 2019. The chapter and the used panel model study the effects of extreme
events on 3863 districts in Africa in two parts: first, it presents results using a more
standard approach to investigating the impact, notably by employing binary dummies
indicating whether a district is exposed to a specific hazard or not. Second, it is high-
lighted in the remaining part of the article why the use of binary dummies might fall
short in capturing the impact dimension. Instead, the second part of the article intro-
duces a distinction between single hazard events, cumulative events (having two or
more events of the same type within a year) and compound events (the overlap of two
different event types in the same month). Many of the findings in the first part are
actually driven by combinations of events rather than by single events. Based on this
finding, three key takeaways are drawn: First, the effects found in standard models
may not fully capture the real drivers of population change. Instead, each hazard-pair
combination should be studied separately as the impact these combinations have on
socio-economic outcomes, such as crop production, food security or income, might
vary depending on the considered type of event and pair. Second, most of the effects
that induce net population changes are found in poorer, remote and climate-vulnerable
regions of Sub-Saharan Africa. The discussed mechanism highlights that the impact on
specific important crop production and food insecurity are likely drivers for the effects.
Hereby, especially drought and heat-related types of events seem to matter. Third and
lastly, the article is careful to refrain from calling the effects causal. In one part, due to
data limitations, but more importantly, because robustness checks reveal hidden spa-
tial spillovers and non-linearities. These findings reveal a deeper structural complex-
ity of how extreme events affect socioeconomic outcomes. Missing to test and account
for non-linearities, spatial spillovers, dynamic carry-over of effects and interactions
of hazard events risks to claim preemptively causal effects that are in reality driven
by not captured model dynamics. Therefore, this chapter of the thesis contributes to
the literature by actively accounting for within-year hazard interaction types, revisit-

ing potential mechanisms that may explain why extreme events influence population
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changes and by highlighting risks that researchers should consider when relying on

hazard dummies.

Chapter 4

The final chapter investigates the short-term effects that four of the most common
weather shocks (floods, heatwaves, storms and droughts) have on the physical ur-
ban expansion of 5 721 Sub-Saharan cities. In contrast to the literature and in line with
the aim of this thesis, shocks are added simultaneously and capture the total amount
of shocks in a given year by hazard type. Applying a panel model over 20 years,
the article documents a significant reduction in urban expansion of 3 to 9% follow-
ing flood events. The effects are particularly concentrated in poorer, more rural cities
in West Africa. The effects are amplified if, within the month previous to the flood,
heat waves were present in the city. While this article considers urban expansion in
itself to be neutral, it documents the following side effects: an intensification of urban
population, increased informal settlements, and a higher share of the local population
being exposed to future flood risk. Furthermore, an increased likelihood of violent un-
rest following such events is documented. Thus, the reduction of urban expansion is
connected with undesirable outcomes. Heatwaves primarily affect their surroundings
through their interaction with flood events, but they have a minimal impact on their
own. Storms are fairly local events that affect only a small fraction of African cities.
Although strong positive growth effects are found for wealthier cities, the small sam-
ple size of treated cities requires attention in terms of the generalizability of results.
Droughts at the city level barely matter. However, the article finds that, considering
the urban catchment area, droughts lead to a significant acceleration of urban growth
by approximately 3%. By applying a recent event study estimator, it is further found
that while drought appears to accelerate urban expansion, if one takes the history of
past droughts into account, the effects reverse and an additional drought actually leads
to a reduction in urban growth. From a literature perspective, this chapter adds to ex-
isting literature that, similar to Chapter 3, certain combinations of events might drive
part of the initially observed effects. The effects of weather shocks on urban expansion
depend on whether researchers take into account the treatment history, spatial scope
and the interactions of weather shocks with each other. From a policy perspective, this
chapter highlights that floods appear to add pressure to poorer cities, which experi-
ence larger growth in informal settlements and potentially worsen living conditions in
these cities.

15



General introduction

Together, these four chapters offer insight into the complexity of the impact dimen-
sion of hazards and the underlying mechanisms driving these outcomes in low- and
middle-income countries. Hazards do not only destroy houses and cause death. In-
stead, their effects ripple through supply chains, spill over to other regions and might
lead to persistent economic effects. Furthermore, they rarely occur in isolation. Global
warming and atmospheric conditions are increasing the interconnectedness between
extreme events, which may lead to new, understudied impacts. Although the eco-
nomic literature has begun to account for this increased complexity, more research is
needed to improve evidence-based policy recommendations. This thesis contributes
to the emerging economic literature on the complexity of hazards” impacts and their
effects on economic outcomes, while only scratching the surface of what remains to be
explored.
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CHAPTER 1

Shaking Up Foreign Finance: FDI in a Post-Disaster World

This chapter is solely authored® 2.

1.1 Introduction

The literature on disaster adaptation, particularly in the context of climate change, has
seen a growing body of research. However, little research exists on the exploration of
the impact of multinational corporations in the post-disaster landscape. This gap is
particularly striking given the significant contributions of foreign firms to economic
development and their key position in domestic supply chains. It also provides moti-

vation to analyze how investment flows respond in the aftermath of a disaster.

This paper aims to assess the immediate changes in inward Foreign Direct Investment
(FDI) flows within a country on a local level, as well as the indirect effects through
sectoral supply chain dynamics within the country following an earthquake event. In-
donesia provides a good case study to study this for three reasons: First, in terms of
population, Indonesia is one of the largest economies in the world that sees substan-
tial economic growth. Consequently, it has increasingly attracted foreign investment.
These FDI inflows have been found to contribute to the increase of the productivity
of domestic firms (Suyanto, Salim, and Bloch, 2009), to accelerate structural transfor-
mation (Steenbergen et al., 2020) and to transition Indonesia to a low carbon economy
(Zhu et al., 2016; OECD, 2020). These positive effects on the economy motivate us to
use Indonesia as a promising case study. Second, Indonesia is, unfortunately, highly

exposed to a wide variety of hazards. In 2019 alone, Indonesia faced 48 natural disas-

1 T wish to thank Lisa Chauvet, Sandra Poncet, Jérémie Gignoux, Ariell Reshef, Myriam Ramzy, Rémi
Bazillier, Clément Bosquet, Andrea Cinque, Fabio Ascione, Thibault Lemaire, as well as the participants
of the Doctorissimes Conference 2022, the Joint-Research Workshop between FEPS-Paris 1 in Cairo,
the International Conference on Development Economics, the German Development Conference and
participants of the Internal Development Seminar at Paris 1 and internal seminar at the University of
the United Nations.

2 This chapter is adapted and extended from the original published research article by Reinhardt
(2024c), published by Springer Nature. Reproduced with permission from Springer Nature. The Version
of Record is available at: DOI: 10.1007 /s41885-024-00148-2.
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ters that affected approximately two million people, resulting in around 600 casualties,
and causing estimated 1.3 billion dollars in damage based on data from the Emergency
Events Database (EM-DAT) (CRED and UC Louvain, 2024). Third, the Indonesian In-
vestment Board (BKPM) provides detailed information on the total inflow of foreign
investment at the district level (kabupaten/kota). Using district-level FDI information
enables a better understanding of the effects that extreme events have on local invest-
ment. Considering the significant role of FDI in Indonesia’s sustainable development,
it is essential to explore and unravel how FDI reacts to the growing challenge posed by

extreme events.

To investigate the response of Foreign Direct Investment (FDI) to disaster shocks, we
use FDI inflow data spanning 2003 to 2019, covering 416 Indonesian districts. This
data is sourced from the Indonesian Investment Board. We link this district-wise data
with event-specific geophysical earthquake intensity records for all significant earth-
quakes that occurred during the same period using the speed of ground movement in a
metric called modified Mercalli intensity. The data is drawn from 896 earthquake events
recorded by the United States Geological Survey. Then, an event-study type difference-
in-difference model is applied to account for the temporary dynamic response of FDI
inflows. To analyze the indirect effects of a disaster through supply chain linkages,
this study adapts a panel model from Acemoglu, Akcigit, and Kerr (2016) to the con-
text of a multiregional input-output matrix over 32 Indonesian provinces. In contrast
to previous work, the study is structured to distinguish between direct and indirect
effects of a disaster following Antonioli, Marzucchi, and Modica (2022). Direct effects
impact a firm’s production capabilities, while indirect effects disrupt its relationships
with partners and business associates. This distinction is important because neglecting
the indirect effects of a disaster could worsen the adverse impact of a disaster shock
and thereby underestimate the observed economic effects of a disaster.

When we study the direct effects of an earthquake, which is recorded to be destruc-
tive, we observe that affected districts see a reduction of FDI inflows by around 90% in
the first year following a shock before returning to pre-disaster levels and remaining
thereafter. This decrease in FDI is primarily observed in regions with low pre-existing
disaster risk, where such shocks are less anticipated. In contrast, areas with high dis-
aster risk do not experience significant fluctuations in FDI inflows. This underscores
the importance of disaster preparedness and anticipation in shaping the response to
earthquakes. The indirect effects of an earthquake considered in our study are spa-

tial spillover effects and, notably, shocks propagating along the national supply chain.
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Local spillover effects from adjacent districts are insufficiently explained by the effects
found, likely due to the high concentration of FDI around economic centers and spe-
cial economic zones. However, the adverse effects on FDI can be partly attributed to
shocks occurring in upstream industries, with the most pronounced impact seen in
the manufacturing sector, which is the primary recipient of FDI in Indonesia. These
negative effects are more significant if the affected upstream industry is located within
the same province. In contrast, demand-side shocks can potentially boost FDI inflows,
especially in the construction sector. However, this is typically the case when foreign
tirms in the construction sector remain unaffected and only their customers are im-
pacted. In the robustness section, we find that similar effects occur for flood events,
but FDI inflows recover already within the treatment year.

The paper aims to connect several related literature streams. In particular, the paper
contributes to the literature on the impact of disasters on FDI. The vast majority of
these studies focus on a macroeconomic dimension and study different samples: on a
global scale (for instance Gu and Hale, 2023; Doytch, 2019; Neise, Sohns, et al., 2022), on
middle and low-income countries (Drabo, 2021) and on Sub-Saharan Africa (Katoka,
2021). Most papers find a negative effect of disasters on FDI inflows. Only a few papers
consider a singular country of study (Anuchitworawong and Thampanishvong, 2015;
Friedt and Toner-Rodgers, 2022). Friedt and Toner-Rodgers (2022) focus in their work
in-depth on the within-country effects of disasters on FDI. Analyzing the impact of six
extreme flood and storm events over 16 of India’s provinces, they show that FDI tends
to spill over to developed regions with large market potential following the months
of an extreme event. Instead of analyzing floods, we focus on earthquakes given their
short but highly destructive occurrence, which provides a better cut-off in time than
flood events. Unlike earthquakes, floods are more likely to lead to secondary disasters
such as the spread of waterborne diseases, potentially inducing bias in post-treatment
outcomes. Our study focuses on a smaller disaggregated level, which accounts better
for the local variation of earthquake intensity. Lastly, we also consider the sectoral di-
mension of FDI inflows. In contrast to Friedt and Toner-Rodgers (2022) we do not find
long-term effects of FDI reduction, which is likely due to the aforementioned differ-
ences in disaster category and level of observation considered.

Studies focusing on an even more disaggregated level utilize firm-level data. Notable
examples of that literature are, for instance, a study on the impact of typhoons on
plant sales (Elliott et al., 2019), several firm-level studies on the Kobe and Tohoku
earthquakes in Japan (Cole et al., 2019; Inoue and Todo, 2019; Boehm, Flaaen, and
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Pandalai-Nayar, 2019; Carvalho et al., 2021) or studies of floods on firms in Tanzania
(Rentschler, Kim, et al., 2021) or tropical storms in India (Pelli et al., 2023). Relevant
for this study is the paper by Brucal and Mathews (2021). They combine data from
1990 to 2015 from Indonesian plants and connect them with the EM-DAT database, on
a district level, for flood exposure and find a persistent decline in output per worker
for foreign-owned firms. We extend their approach by using a more geolocated ver-
sion of disaster exposure while putting more spotlight on the sector-network aspects
of financial flows.

The above-mentioned studies have improved our understanding of how FDI flows
patterns evolve in the aftermath of natural disasters on a macro-level and how firms
in general respond to disasters on a micro-level. Our study attempts to build a bridge
between these two strands of literature. It connects the within-country analysis of
FDI inflow data as in Friedt and Toner-Rodgers (2022), similarly focusing on temporal
and spatial aspects of FDI inflow on a smaller geographic unit (district level), with the
sectoral-network perspective often found in literature on effects on firms (e.g. Carvalho
et al., 2021; Inoue and Todo, 2019; Boehm, Flaaen, and Pandalai-Nayar, 2019; Huang,
Malik, et al., 2022).

The rest of this article is structured as follows: section 1.2 presents more context on the
FDI and disaster environment in Indonesia along with the corresponding data used in
this paper. section 1.3 shows the empirical strategy. Then, in section 1.4 the results are
presented divided into direct and indirect effects of earthquake exposure, followed by

a brief discussion and conclusion in section 1.6.

1.2 Context and Data

1.2.1 Defining the Earthquake Shock

To study the effects that disasters have on FDI inflows in Indonesia, we particularly
chose earthquakes as a disaster category. Indonesia, situated between multiple tec-
tonic plates, including the Australian and Eurasian plates, is one of the world’s most
seismically active regions. It received tragic notoriety due to the 2004 tsunami, which
followed a tectonic shift and killed thousands of people in Indonesia and neighbor-
ing nations. Its equatorial position also makes Indonesia susceptible to heavy rainfall,
leading to hydrological disasters like landslides and floods. Finally, the northern and
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southern regions are occasionally affected by storms and cyclones. However, as shown
in Figure 1.1, earthquakes and their associated tsunamis account for more than half
of all recorded damage and are the deadliest disaster categories. Floods, in contrast,
tend to affect the daily lives of Indonesians more. Despite measures for disaster pre-
paredness through national agencies, disaster risk remains a major operational risk for
foreign firms. As earthquakes are the most destructive and lethal disaster category, we

chose them as the treatment category3.

Houses Destroyed 4 658 1.0

Deaths .83 7.26

Victims

[ I I I I I
0% 20% 40% 60% 80% 100%

Percentual share

Earthquake

+Tsunami Flood Landslide Volcano Storm Other

Earthquake

Fig. 1.1. Overview on Indonesia’s Hazard Composition

Note: Data is taken from UNDRR (2022b) and aggregated over the period between
2003 and 2019. Calculations are the author’s own. The category "other" includes forest
fires, tsunamis, droughts, and tidal waves. In absolute numbers there are 10 014 145
victims, 22 454 deaths, and 857 275 houses destroyed recorded. The 2004 Bandah
Aceh Tsunami is excluded.

Earthquakes are frequent in Indonesia and affect a large part of the country. To connect
them to other variables at the yearly district level, data from several sources are com-
bined. Recent literature has pointed out the issues associated with relying solely on

3 Yet flood, as the second most common category, is also assessed for robustness.
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victim or damage data in disaster studies (Felbermayr and Groschl, 2014; Felbermayr,
Groschl, et al., 2022). Yet, this information might still be valuable to assess the severity
of a shock, especially in local labor markets. Thus, we combine data on the share of
the local population affected with an exogenous earthquake intensity measure called
Modified Mercalli Intensity (MMI).

The data on the affected population is taken from the Desinventar database, hosted
by the UNDRR (2022b) and is, in case of Indonesia, updated by the Indonesian Na-
tional Board for Disaster Management (BNPB). Similar to the commonly used EM-DAT
database, it also records information on damages and the affected population. In con-
trast to EM-DAT, however, it records information not only on an event-level but also
on a geographically narrow area. We draw from Desinventar three variables to mea-
sure whether a person is affected: deaths, victims and affected*. We build the sum
over the three variables given that these people are either permanently affected, by
being dead, or indirectly affected, by suffering losses. In both cases, individuals drop
out of the labor force. Additionally, we consider earthquake-induced tsunamis victims
as with the database, they can be specifically attributed to a related earthquake event.
To obtain the share of people affected, the number of people is weighted by the one-
year lagged local population with data from the INDO-DAPOER database (The World
Bank, 2022b)°.

The exogenous earthquake intensity within a year and district is based on 897 so-called
ShakeMaps from the US Geological Survey (2020) between 6° and -11° geographic lati-
tude and between 95° to 142° longitude. These event-specific maps show the intensity
of ground movement in proximity to an epicenter®. For each year, we compute the
highest measured modified Mercalli intensity (MMI) recorded by any of these events
within a self-designed 5x5km grid of Indonesia’. An example of a singular event in
2005 is shown in Figure 1.2. The MMI intensity scale ranges from zero to ten, while

damages on buildings start to occur above level five (United States Geological Sur-

4 Per UNDRR (2022a) definition direct refers to victims:"persons whose goods and/or individual or col-
lective services have suffered serious damage, directly associated with the event" and indirect refers to affected:
"people, distinct from victims, who suffer the impact of secondary effects of disasters for such reasons as deficiencies
in public services, commerce, work"

> The population data is only available until 2014. All years after 2014 are imputed using the district-
specific linear population trends

6 In contrast to the scale, which is measured at the epicenter.

7 Precisely, the ShakeMap values assigned are values for peak ground acceleration, another metric for
velocity of the ground, which in a second step is transformed to the MMI based on values provided by
Wald et al. (1999). This conversion is also performed by Gignoux and Menéndez (2016)
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vey (USGS), 2022). As earthquakes are highly local events, even on a district level,
they might not necessarily occur where firms are located. Thus, to improve the qual-
ity of the measure, we identify economic centers within each district using nighttime
light data by Chen, Yu, et al. (2021) and population density for four time periods by
SEDAC-CIESIN (2017) for poorer areas. This is done under the assumption that FDI
is allocated, where economic activity is located. We define an economic center as the
brightest quintile, where it is possible, of 5x5 km grid cells within each district and
year. If the area is small and primarily populated by cities, this method will only iden-
tify areas with the most industries. If the area is larger, it will only find the parts that
are likely to be populated with cities®. Defining the measure on a yearly basis allows
for accounting for increasing urbanization tendencies. In some rural regions, there is
a lack of sufficient nighttime illumination, which is why the highest quintile of popu-
lation density is utilized as an alternative measure, assuming that firms operate in the
vicinity of the population. The final variable will be the highest MMI value recorded
within the economic center of a district within a year. To obtain a binary dummy, only
districts with an MMI above five are considered treated as with this intensity minor
damage can be expected.

The final treatment dummy combines both datasets in the form of one binary dummy
if the local population is affected, the labor shock, and one binary dummy if districts
are exposed to a potentially destructive earthquake, the capital shock’. Both shocks,
labor and capital, can lead individually to a re-evaluation of the foreign firm'’s invest-
ment decision, but together they reflect the complex consequences of a disaster. If the
labor market is disrupted, foreign firms with reserve assets might be able to hire work-
ers from farther away, while if capital is affected, firms might substitute, if possible,
with a larger work force. However, if both inputs are concerned, foreign firms might
not be able to cope so easily. Thus, the final treatment dummy is the product of the

8 In relative terms, this approach identifies 7% of districts as economic centers. This value reaches
20% in the highest illuminated districts. The value is lower on average due to many non-illuminated
cells. As a quintile approach is used the spatial size of an economic center depends on the size of the
district. To validate whether nightlight indeed proxies economic centers, it is cross-referenced against
city geolocations in subsection A.8

9 The precise definition for district i and year ¢ is

Deaths;; + Victims;; + Affected;;

i )
Populaﬁor\g}tﬁf1

Shock;; = (MMIHPan) x (
N—————’

Capital Shock

Labor Market Shock
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0.68 0.66
Nias Utara

0.64

Nias Barat
071 0.72

Fig. 1.2. Example of a District Exposure in 2005

Note: The figure shows the exposure of the Nias district to the earthquakes taking
place in 2005. It is overlaid with the 5x5 km grid. The red background color indicates
the discrete predicted earthquake intensity. A darker red indicates a closer proximity
to the epicenter, thus a stronger intensity. The numbers show the mean peak ground
acceleration within the given grid cell. The map is created in Quantum GIS.

two dummies. In the appendix, shocks individually are also assessed and more infor-

mation is provided on the chosen threshold of MMI VI. This and more information on
the robustness of the shock metric can be found in Appendix A.7.

1.2.2 Foreign Investment into Indonesia

The contribution of FDI inflows to Gross Domestic Product (GDP) in Indonesia mirrors
the trends in neighboring Southeast Asian nations. Initially, they rose steadily, reach-
ing 2.8% of GDP in 2014, but then dropped sharply to 0.5% in 2016, before gradually
recovering to 2% in 2019 (The World Bank, 2022a). The drop and the slow recovery
can be attributed to stalled merger and acquisition (M&A) processes and also to the
withdrawal of some multinational companies (UNCTAD, 2017). Jakarta, Indonesia’s
capital, initially received the bulk of FDI, but its share decreased from 60% in 2003 to
approximately 15% in 2019. In contrast, West Java, which is close to Jakarta, experi-
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enced a consistent increase, accounting for approximately 20% of all FDI inflows in
2019. Regarding sectors, manufacturing attracted the most FDI, with greenfield invest-
ments being prevalent. Agriculture and services saw larger shares of M&A. However,
manufacturing’s overall share of FDI inflows has declined recently due to difficulties
in recruiting workers OECD (2020). These trends are illustrated in Figure A.1. From a
geopolitical point of view, between 2010 and 2019, more than 50% of incoming FDI was
sourced from ASEAN countries, notably Singapore, followed by Japan (30%), the EU
(6%) and China (5%) and Hong Kong (3.5%) (OECD, 2020, Ch.2). Increasing disinvest-
ment has been observed from some EU countries as well as the US. These aggregate
tflows are not specific to the post-disaster response of foreign investors but highlight
the importance of key foreign players in the Indonesian market. Although system-
atic studies quantifying the concise response of FDI fluctuations after disasters within
Indonesia by origin are limited, the strong investment from Singapore, Japan and to
some extent China may reflect strategic interests. More research is needed to evalu-
ate whether such interests also shape the post-disaster behavior of foreign investors
operating in Indonesia. To study the effect on FDI inflows, the article relies on data
from the Indonesian Investment Co-ordinating Board (BKPM) (2021) (Badan Kordinasi
Penanaman Modal). The data contains extensive information on sectoral investment
for foreign investment since the early 1990s and is based on firms holding business li-
censes, excluding investments through mergers or acquisitions. It is measured in terms
of 1000 USD per year. In total, the FDI data extends over 24 sectors and is later assigned
an industry code using the ISIC Revision 3 classification. Unfortunately, the database
does not capture all levels of FDI received as it excludes investments in o0il and gas,
banking, financial and portfolio investment, as well as household investments, as it
focuses on issued business licenses. The other investment types fall under different
jurisdictions, which is why they are excluded from the data set. According to OECD
(2020) the data covers investment realizations by foreign capital investment compa-
nies, including those below 10% share and with joint ventures with local partners.
This practice is likely to inflate the FDI inflow recorded. However, it is the only data
available at a second-level administrative level. In order to be able to connect the data
later, the investment information by district is geocoded by using the second-level ad-
ministrative boundaries from OCHA’s Regional Office for Asia and the Pacific (2021).
All additional sources used are shown in Table A.1.
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Table 1.1
Descriptive Statistics

(1) (2) ®) (4)
Full sample Control Treated Difference
MMI6+)  (3)-(2)

Dep. Variable

Arcsin (FDI inflows) in 1000 USD 5.70 5.82 4.87 K%k
(5.379) (5.458) (4.726)

Main controls

Log of mean homogenized NTL in district -3.32 -3.28 -3.59 ok
(2.897) (2910)  (2.788)
Log of population (imputed after 2014) 12.78 12.81 12.56 otk

(0.928) (0.923) (0.933)
Risk Measures

Composite Multi-Hazard Index 13.43 13.35 13.97 ok
(2.681) (2713)  (2.381)
Earthquake: Mean std. Risk 2.07 1.95 291 ok

(0.856) (0.786) (0.854)
Additional Controls

Arcsinh (Domestic Inflows) in 1000 USD 5.85 6.08 4.28 koK
(6.560) (6.615)  (5.936)

Arcsinh (World Bank Foreign Aid) 14.80 14.87 14.36 okok
(1.682) (1.664)  (1.745)

Log (People in Labor Force) 12.06 12.09 11.83 ok
(0.948) (0.942)  (0.959)

Poverty Rate (in % of population) 13.75 13.46 15.73 otk
(7.998) (8.026)  (7.519)

Morbidity Rate (in %) 29.09 29.10 29.00
(8.062) (8.030)  (8.287)

Bartik-like Migration Control (standardized) 0.02 0.04 -0.10 otk
(1.052) (1.118)  (0.326)

Manufacturing Share (as share of total GDP) 0.15 0.16 0.08 Kk ok
(0.147) (0.153)  (0.0626)

Observations 4838 4224 614 4838

Note: Mean coefficients; standard deviation in parentheses. * p < 0.10, *x p < 0.05,
wkx p < 0.01

1.2.3 Discussion

The final dataset is a balanced panel of Indonesia’s 514 districts'?, the second adminis-
trative level, for 17 years, of which 422 are included in the analysis. This is due to two

reasons: first, not all districts have sufficient data available, but notably, second, due to

19 Indonesia is divided into provinces (level 1), regencies and cities (level 2), districts (level 3) and
villages (level 4). So the second administrative level refers to 416 regencies (kabupaten) and 98 cities
(kota), but for simplicity all second-level entities are called districts to align the name with the common
perception of districts being the level below provinces.
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Indonesia’s decentralization policy in 2001, many districts have changed their names.
(OECD, 2020, chapter 7). To avoid FDI values being assigned to the wrong districts,
all observations are standardized to the identifiers of the Indonesian statistical agency
(Badan Pusat Statistik) in 2003. If a district has been divided after 2003, all offshoots are
collapsed into the one district named as in 2003. An overview of the final data is pro-
vided in Table 1.1. The treated and control districts are significantly different along the
dependent and independent variables. This is not unexpected given that earthquake
exposure might, after all, have substantial effects on economic and social development.
Although earthquake events are random in time, they may not be in space, which is
why economic and human activities tend to self-select accordingly. The resulting se-
lection into treatment of foreign firms will represent one of the key limitations of this
paper. In terms of systematic differences between districts, the paper will include dif-

ferential controls in an extended baseline model.

1.3 Empirical Strategy

The paper investigates the impact of earthquake exposure from three different angles:
tirst, it takes a temporal perspective to see how foreign firms respond to a disaster
shock. Second, regarding spatial aspects, the paper examines whether the impact of an
earthquake extends to proximate and neighboring districts. Lastly, the paper examines
the impact on a sectoral level, but not only within the same industry, but also in linked

industries via forward and backward linkages.

1.3.1 Estimation Strategy

The temporal perspective
For the temporal perspective, an event-study type difference-in-differences approach
is used of the following form:

4
fi]'t =a+ Z ’)’CDz'j,t—f—c + l"Xi]-,t_l T Wi + Wi+ Wi + €jjt (1.1)
j=—4
o
The dependent variable f;;; is the hyperbolic sine transformed value of FDI inflows
in district i in province j and year ¢t. D; in Equation 1.1 refers to a dummy, which is
based on the computation of the total shock mentioned in section 1.2. The dummy
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equals 1 if persons have been recorded as directly affected by an earthquake and the
economic center of the district is exposed to an earthquake intensity with at least mi-
nor damage potential. Otherwise, if only one or none of the conditions is fulfilled, the
dummy equals zero. Considered as treated are only districts with a single earthquake
event, given that more than two-thirds of the treated sample have only a single event
recorded. Districts with more than one recorded earthquake are excluded from the
analysis, which is assessed in the robustness section. In Equation 1.1 also the four leads
and four lags around the treatment year of any earthquake between 2003 and 2019 are
included to add pretrends and post-treatment periods, while excluding the first lead.
These leads and lags are created by using the years surrounding the treatment and
by conditioning that only a single earthquake occurred (as treatment reversal compli-
cates the baseline DiD model). In all models X;;; 1 contains the constant, the logged
total population and the inverse-hyperbolic sine transformed nighttime-light intensity
lagged by one period to account for the population affected and the economic situation
of the district. w are the district, year and province-year fixed effects. They shall rule
out unobserved time-invariant heterogeneity within districts like distance to the coast-
line or availability of a port, time-variant constant shocks across years like the financial
crisis shock of 2008 and for instance time-varying province-specific regulatory changes
and policies due to province-level political decisions. The standard error is clustered at
the district level. To isolate the effect of earthquakes on FDI without contagion through
other disasters, a dummy is created to control for simultaneously occurring other dis-
aster types'!. Every baseline regression is conditioned on the dummy for simultaneous
disasters being 0 to ensure that no other disaster than earthquakes materialized within

year t.

The spatial perspective

Papers such as Felbermayr, Groschl, et al. (2022) or Friedt and Toner-Rodgers (2022)
use models relying on spatial weighting matrices in their spatial specification. This pa-
per uses a simplified version of their approach by first identifying neighboring districts
and then by applying a modified version of Equation 1.1 using an interaction term:

4
i
fit =a+ Y ¥eDijjie X ’Ychftlec + I Xijt1 + Wi + wr + wjt + €ijt (1.2)
=4
i£-1

11 Based on victim records within the Desinventar database. This dummy equals one if more than 20
people are affected by any disaster type other than earthquakes or earthquake-induced tsunamis.

28



Chapter 1. Shaking Up Foreign Finance

In essence, the model compares the changes of FDI inflow if a district i is treated with a
non-treated district under the condition that either none or at least one adjacent neigh-

boring district k is also treated at the same time.

The sector-network perspective

For analyzing the sectoral outcomes, the paper broadly follows the approach by Ace-
moglu, Akcigit, and Kerr (2016). Using a multi-regional input-output table for Indone-
sian provinces from 2016 (Badan Pusat Statistik, 2021), up- and downward linkages are
calculated'?. Upstream linkages are used to show the impact of a supply-side shock on
foreign investment, whereas downstream linkage shocks correspond to the demand-
side shock. The shock is different from the one in the temporal and spatial approach.
The methodology still relies on the dummy variable D as in Equation 1.1. Yet two ex-
tensions are included: the sectoral dimension is added and the input-output data is at
the province-level only, so the shock needs to be aggregated and account for the sec-
tor dimension. To incorporate both the new within-sector shock Shocksj; in sector s,

province j and year t over district i is defined as

& Y GDPjjgy
ShOCkS]'t = Zwijs X Dijt Elwijs = ( icj e
i ) Ei GDPijst

The sectoral shock decomposes into the sum of two parts: a district-time-invariant
share of sector relevance within a province and the previously used sector-invariant
but time-variant dummy on earthquake treatment. The district-time-invariant share
of sector relevance is the mean GDP within a district and sector over the mean GDP
within a province over all 17 years. The interaction of district-sector weight and dummy
of exposure is then aggregated at the province level. The total shock corresponds to the
share of sector GDP affected within a year and province. For instance, if only one dis-
trict is affected within a province but it makes up 80% of the production within a year,
then the shock variable is 0.8 for this sector and this province within this year.

Then, to account for shocks along the supply chain, the time-variant shock by sector
and province is combined with information from the input-output Leontief inverse ma-

trix. The resulting supply-side upward or demand-side downward shocks are created

12 The I-O table is sector-wise aggregated to match the corresponding FDI sectors and converted to
the Leontief inverse matrix
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in the following ways:

Upstream;s; = Z(Input%ojg — 1j—s) x Shocky;;
k

and
Downstreamjs; = Z(Output2016 — 1j—s) X Shocky;;

s—k
k

Hereby, input refers to row entries of the Leontief inverse matrix, whereas output refers
to column entries of the Leontief inverse in each respective province and sector. The
1 is an indicator function if the connected sector is the sector in consideration, so if
s = k (to avoid double accounting from within sector shock and again shock through
linkage values). In other words, the up- and downstream shocks are linkage-weighted
sectoral shocks that occur in other sectors than the sector s and within the same or

other provinces in Indonesia. The final model to be estimated has the following form:

fist = v fjst—1+ B1Shockjs ;1 + B"PUpstreams; 1+ [SdownDownstreamjs,t,l +T X1+ €jst

(1.3)
Here the dependent variable is again the arcsin transformed FDI inflow, yet not within
a district but on a province level j and by sector s. Then a lagged variable of the de-
pendent variable based on the model by Acemoglu, Akcigit, and Kerr (2016) is also
included, followed by three shocks defined above: the sector-specific direct shock, a
shock in the upstream and a shock in the downstream sectors to sector s. The Xj; 4
encompasses the aggregated mean nighttime light and the population by province,
which are logged and lagged by one year. Equation 1.3 compares the effect of within-
sector-province shocks to those provinces within the same sector that are not or are
less affected. The shock variables are measured in percent, so a unit shock within
sector-province or upstream/downstream refers to a 1% increased affected GDP share
in either the same sector of the supplier- or the customer-network. It is important to
mention that, in contrast to Equation 1.1 and Equation 1.2, this model does not con-
dition the regression of only single treatments. If one takes a network perspective,
multiple treatments are by definition likely as somewhere in Indonesia over the time
earthquakes take place, which is why multiple treatments are explicitly allowed. As
an extension, we later also split the up- and downstream shocks of Equation 1.3 into
shocks occurring within a province versus shocks occurring outside a province. This
will proxy different outcomes from shocks within tight local production networks ver-
sus potentially less damaging shocks within nationwide production networks.
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1.3.2 Identification Strategy

Identification in the models comes from the random timing and the intensity of an
earthquake event. The key identifying assumption is therefore that conditional on con-
trols, so assuming no pre-trends, the timing and intensity of the shock are exogenous.
While earthquakes appear random in time, there might be the pressing matter of se-
lection into treatment and thereby violating the parallel trend assumption on which
our approach relies. Table 1.1 shows that control and treatment group are different
along a wide range of controls and especially FDI inflows are significantly different.
This, in turn, might reflect differences in investors’ perception of risk. To alleviate con-
cerns of a violation of parallel trends and selection into treatment three approaches
are taken: first, in some setups all controls are also included to account for the dif-
ferences in covariates. Using the three dimensions of fixed effects, district, time and
province-year, it is attempted to rule out large parts of unobserved heterogeneity, such
as sector-province-specific FDI restrictions or nationwide shocks through the financial
crisis in 2008. Second, for robustness a matching approach following Imai, Kim, and
Wang (2023) is implemented, whereby control and treated units are matched based on
treatment history and a set of covariates. This aims to validate whether the results of
the baseline still hold when changing the control group. Third and last, it is tested if
the core results hold under violation of the parallel trend relying on a methodology by
Rambachan and Roth (2023).

Next, and as one of the largest concerns in this study, there is the risk of a violation
of the Stable Unit Treatment Value Assumption (SUTVA), a key assumption that in-
cludes that all potential temporal or spatial spillovers are accounted for. It is a key as-
sumption in the difference-in-difference literature and would, for instance, be violated
if outcomes were impacted by the treatment status of other units, such as spatially
proximate ones or temporally related ones. With Equation 1.2 to a certain extent, spa-
tial correlation is assessed. Finally, all models mentioned above ignore the staggered
adoption design of treatment, which according to Goodman-Bacon (2021) might lead
to biased estimates due to negative weighting of estimates. In the robustness section,
it is assessed to what extent the negative weighting biases the estimates. The baseline
regression furthermore excludes districts that have been treated more than once. While
our study does not directly account for the frequency of earthquakes, recurrent expo-
sure to shocks might have fundamentally different effects on outcomes. Firms in such
district might respond different to exposure given better adaptation and an anticipa-
tion of shocks. While not in the focus of this study, for robustness it is assessed in the
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heterogeneity analysis if anticipation of risk plays a role, while econometrically these
previously excluded districts are investigated separately. First, in Appendix A.3, treat-
ment reversal is explicitly allowed by relying on an estimator by De Chaisemartin and
d’Haultfoeuille (2023). In other words, the treatment sample is extended by the dis-
tricts that have more than a single event recorded. Yet the effects of rarely treated dis-
tricts and the potential null effects of frequently treated units might cancel out. Thus, in
the robustness section, the effects on districts with multiple treatments are considered
individually by excluding single treated districts. Therefore, the above-mentioned esti-
mator by Imai, Kim, and Wang (2023) is used to match districts to districts with similar
treatment history. These tests serve the purpose on evaluating whether it is justifiable
to exclude districts with multiple treatments from this analysis.

Lastly, to account for the complexity of connected disaster types, in Appendix A.6 it is
discussed how classes of natural disasters (such as climatological events as a whole)
compare to specific earthquake shocks as a robustness check. Hereby, especially flood,
as the second most devastating disaster category in Indonesia, is considered in depth

in Appendix A.5.

1.4 Results

1.4.1 The Direct Effects of Earthquake Exposure

The key effect of experiencing an earthquake within the economic center of a district
can be seen in Figure 1.3. One can clearly observe the drop in negative hyperbolic sine
transformed FDI inflows, especially in the year following a disaster. The three models
in Figure 1.3 use different specifications: the first is the unrestricted baseline model
(dark blue connected line), which follows the model described in Equation 1.1. The
second model (lighter blue with a dashed line) additionally excludes districts with an-
other disaster exposure or multiple earthquakes over time, and also districts in which,
in the five years prior to 2003 (the first year of observation), disasters occurred. This
is to rule out any carryover effect to the treatment period. Lastly, the final model adds
a set of extended controls. An overview of the results can be found in Table A.2. In
terms of percentage change, the three models would predict a reduction of around

90% in the year after an earthquake significant on a 1% level'® in comparison to non-

13 Conversion follows Bellemare and Wichman (2020) (equation 11) of arcsin-dummy conversion:

exp(p) —1
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Years Around Treatment

Fig. 1.3. Dynamic Treatment Graph of Exposure to Earthquake

Note: The figure shows the dynamic treatment graph estimated based on

Equation 1.1. FDI inflows are inverse hyperbolic sine transformed. The

bars depict the 95% intervals and stars indicate *** 1%, ** 5% and * 10%

significance. Point estimates are based on at least 4 692 observations with

at least 47 districts in the treated group. Each model includes year, district

and province-year FE as well as lagged log(nighttime-light) and logged and

lagged population as core controls. Models used exclude other simultane-

ous disaster types and exclude treatment reversal within unit. The corre-

sponding R? is approximately 0.68 and the estimates are based on district-

clustered error terms..
treated or not-yet treated districts in the same year. For the main controls, only lagged
nighttime light emissions are positive and significant. Not surprisingly, the economic
proxy predicts higher FDI inflows through more economic activity measured. The log
of population density is not significant, likely because aggregated FDI inflows cover
all sectors and, for instance, for agriculture population density might play less of a
role than for labor-intensive industries. The extended controls in Column (3) show
positive effects of domestic investments and a higher manufacturing share within dis-
tricts. Migration and morbidity are insignificant, whereas a higher poverty rate tends
to decrease FDI inflows, which all follow the standard economic theory. Several factors

can explain the temporary reduction and subsequent recovery of FDI inflow. Foreign
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firms may require time to make decisions on how to respond to the shock, conduct
risk assessments for future investments, await improvements in market conditions, or
anticipate governmental responses. Once these obstacles are addressed, foreign firms
may reinvest. The results do not necessarily conflict with the findings by Friedt and
Toner-Rodgers (2022) of a long-term reduction in FDI inflow, as they consider a larger

geographic unit and a different disaster type.

On a sector-level, Figure A.2 shows the results of Equation 1.1 if one extends the model
to the district level over ISIC Revision 3 classified sectors. On a district level, in the
year after the earthquake (right panel) one can observe direct negative effects for all
sectors. Manufacturing, utilities and transport, storage and communications tend to be
the most affected sectors. The least affected are mining and construction. Nonetheless,
all the effects found are comparable to the baseline aggregated estimates.

Robustness Checks

To validate the base results of this paper, multiple robustness checks are conducted
to examine the reduction of FDI inflows in the year following an earthquake expo-
sure. First and foremost, there are potential issues with the econometric approach. In
the recent Difference-in-Difference literature, the issue of negative weighting is more
and more emphasized (see for instance Sun and Abraham (2021) and Xu (2023)). In
the current dynamic difference-in-difference estimation this issue is entirely ignored,
which might lead to wrong estimates. Figure A.3 shows the same results using recent
methods from literature, which account for the negative weighting issues in different
ways. The results tend to be comparable to those of the baseline specification in their
extent and significance!*. More information is provided in Appendix A.3.

In the current setup, districts with multiple earthquake events recorded are excluded
from the analysis. In order to include them one needs to allow for treatment reversal,
to which end an estimator by De Chaisemartin and d"Haultfoeuille (2023) is applied.
The results, discussed in Appendix A.3, are broadly comparable.

Another issue arises due to the control and treatment group being significantly differ-
ent, threatening the parallel trend assumption necessary for causal inference. To reduce
the concern, Figure A .4 applies a methodology by Imai, Kim, and Wang (2023). Hereby,
treated units are matched with control units with a similar treatment history, then are

14 Two estimators suggest a small pre-trend. This trend is, however, not significant on any standard
level.
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matched along covariates and finally differenced using a difference-in-difference ap-
proach. Thereby, it reduces the reliance on the parallel trend assumption. Matching
is done on a set of socio-economic variables, which aim to mimic investors’ risk per-
ception and investment attractiveness of a district. More information on the approach
is provided in Appendix A.3. The upper panel of Figure A .4 uses the same definition
of treatment as the baseline model of Equation 1.1. All different types of matching
or weighting methods show comparable effects of the baseline model, thereby again
providing evidence that the core results are not substantially driven by differences in
covariates. That the results are robust against linear and non-linear violations of the
parallel trends is for robustness also assessed in Appendix A.3 applying a method by
Rambachan and Roth (2023). The results support the main findings of this study.

The lower panel of Figure A.4 investigates whether the baseline results vary if one
exclusively considers districts with multiple earthquake events instead of those with
singular treatments. The same method is applied as for the upper panel. No sig-
nificant effects are found. This suggests that districts, which are frequently exposed,
behave different to those where risk is potentially less anticipated and firms are poten-
tially less adapted. In the next section the role of risk anticipation will be individually
regarded. The lower panel provides reasoning that the exclusion of districts with mul-
tiple earthquake events seems reasonable given their likelihood of a different response
to shocks.

Lastly, it is tested to see if specific outlier events drive the results by dropping one
district-event at a time. This does not seem to bias the results.

Heterogeneity : Do Risk Anticipation and Investment Stock Matter?

In this section, the sample of the baseline regression of Equation 1.1 is broken down
into a subgroup analysis focusing on risk and investment stock. This is done as there
is likely a selection into a treatment pattern: firms settling in earthquake-prone areas
might have ex-ante the expectation that earthquakes might emerge as earthquake risk
is public knowledge, and start adapting to the disaster risk. Firms in less risky areas,
in contrast, might respond strongly to disaster events as their anticipation of risk is
lower or nonexistent. Similarly, the response of FDI flows might depend on the stock
previously invested. The more one has invested in a region, the higher the individual
cost of an earthquake. This subsection investigates the two channels, risk expectation
and capital stock.

In order to divide the sample into the relative risk likelihood, we create an earthquake
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risk and overall disaster risk (composite hazard score) dummy following the idea of Em-
rich et al. (2022). The thorough computation of the risk metrics and their validation
are described in Appendix A.9. Column (1) and (2) of Table 1.2 divide the sample into
the above and below median overall disaster risk, while Column (3) and (4) focus on
time-invariant earthquake risk. Column (5) and (6) divide the sample into approxi-
mate initial FDI stock in 2003. To approximate FDI stock by district, data on FDI stock
within Indonesia as a country is obtained for each year from UNCTAD (2021). Then,
for each district, the share of individual FDI inflow over total FDI inflow across all 17
years is calculated and interacted with the value of Indonesia’s FDI stock in 2003 to ob-
tain a proxy for FDI stock by district. This requires the admittedly strong assumption
that FDI inflow is a sufficient proxy for relevance in FDI stock.

The results show that for Column (1) and Column (3) in Table 1.2 significant effects
are only found in the treatment year and the year after if the overall risk of disaster
or earthquake is below the median national risk. The prediction suggests that FDI
inflows are reduced by 90 to 95% being significant on a 5% level in the treatment year
and the year after. These effects are not found for above-median-risk districts or after
period 1 past disasters. Assuming that disaster risk is public information, these results
would align with the hypothesis that foreign inflows are more affected if the shock
is less anticipated than in high-risk areas. Focusing on Columns (5) and (6) one can
observe that if more initial FDI stock is present in 2003 (Column (6)), one observes a
reduction up to 95% of FDI inflows on a 5% significance level in period one after the
earthquake, but not for those with lower initial FDI stock. This would confirm the
hypothesis that higher initial investment might cause a stronger response to shocks
than if less is invested.

1.4.2 The Indirect Effects of Earthquake Exposure

After investigating the repercussions of earthquake events over time and across differ-
ent subgroups, the indirect impacts on FDI are analyzed, focusing on shock transmis-
sion through proximity and network linkages.

Table A.3 presents the impact on FDI inflows based on the interaction terms of district
shocks and of shocks materializing in at least one or more adjacent districts. In Column
(1) one sees the effect using the definition of shock as mentioned in the data section.
One notices a negative outcome of within district shock on FDI of -2.932 significant
on a 1% level. If neighbors are also affected, the shock is reduced by approximately
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0.5% in the year after the disaster. No other time period is significant. Column (2) and
Column (3) change the definition of the treatment dummy. So the treatment dummy
in Column (2) considers only districts where persons are recorded to have either died
or are directly affected as treated. Using this treatment dummy, in the period after
the disaster, all three coefficients are significant in comparison to districts without any
shock or shock in proximity. The effect is smaller and predicts with -1.2 a reduction
in FDI inflows of only 70%, not like 90% in Column (1). If one adds the neighboring
shock, this effect increases significantly at a 10% level. These effects tend to persist for
up to two years after the disaster. Column (3) only regards districts where the economic
centers are physically exposed to a damaging earthquake. Here, no positive effects are
found. As a bottom line, it can be deduced that on a highly local level, it mildly seems
to matter if shocks also affect neighbors. The extent, however, remains small and is
not entirely clear in terms of direction. The finding that spatial spillovers are common
after disasters is also found, for instance, in the growth literature (see e.g. Felbermayr,
Groschl, et al., 2022), but also in the FDI literature (Friedt and Toner-Rodgers, 2022).
Yet, in contrast to Friedt and Toner-Rodgers (2022) in this case study no long-term
outflow of affected regions is observed and a recovery to pre-disaster trends is found.

Figure 1.4 employs Equation 1.3 and shows how sectoral shocks impact FDI across var-
ious sectors at the provincial level through the supply chain. Specifically, it quantifies
two distinct effects. First, it examines the sector- and province-specific consequences
of an earthquake. In simpler terms, it measures the response of FDI inflows in a par-
ticular sector within a province when there is a 1% increase in the affected sector’s
GDP in that province within a given year. To illustrate, let’s consider a scenario where
certain districts within a province experience an earthquake during a specific year. If
these affected districts contribute to 60% of the province’s GDP within a specific sector,
the shock variable quantifies how the FDI inflow into that sector changes when one
additional percent of the sector’s GDP is affected. The effects of higher shock expo-
sure can be found in the first column of the upper panel in Figure 1.4(a) converted into
a percent change. Only cells in which the p-value of the coefficient is below the 10%
threshold are filled. All other values above are shown in gray. One can notice that espe-
cially manufacturing and services appear to see an increase in FDI inflows in the year
following the disaster by 7 and 18% correspondingly. The results are different to the
ones on a district-level shock, which are strongly negative. Four reasons might explain
the difference: first, the shock used is on another scale (one percent GDP shock ver-

sus dummy if an economic center within a district is exposed to an earthquake). The
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second reason is the difference in aggregation level, on a province level, there might
be positive effects, whereas within the district the effects are negative. Thirdly, here
disasters are defined on a sector-level not solely on the treatment dimension. Thereby,
the treatment group varies, which might also affect the direction of the coefficients.
Lastly, the district analysis captures the overall effect on FDI, yet it could also be that
FDI inflow is reduced due to supply-chain shocks aggravating the negative effects on
a district level, which is discussed in the next paragraph.

The other two columns in Figure 1.4(a) show the consequences of a one percent in-
creased shock through sectoral GDP weighted up- and downward linkage values. In
simpler terms, one considers how much a 1% increase in indirect supply and demand
side shocks on the change in FDI inflow in the affected sector. The second column up-
per panel in Figure 1.4(a) indicates that downstream-demand side shocks lead to an
increase in FDI received in manufacturing by around 5% and by an astonishing 60% in
construction FDI. In contrast, supply-side shocks (last column upper panel) lead only
in manufacturing to a reduced FDI inflow of around 13%. Collectively, the tables show
that after an earthquake at the provincial level, the manufacturing sector is often the
most affected. The shock is not consistently negative; instead, it seems to depend on
how the shock affects FDI, with supply-chain disruptions being particularly trouble-
some for foreign investment. One should keep in mind while interpreting the results
as shown in Figure A.1 that due to the used data source the manufacturing sector tends
to be the industry with the least non-zero FDI inflow data.

The right panel of Figure 1.4(b) explores another aspect. It looks at both upward
and downward linked shocks and distinguishes between two types of linkages: those
within the province and those outside the province. The underlying hypothesis is that
shocks will have a greater impact within provincial networks, primarily due to the
presence of more localized production networks. The first column shows the effect
of a within-sector-province shock. A one percent increase in within-sector-province
shock increases FDI inflow into manufacturing by 6%, into wholesale, trade and repair
by 8% and into other services by 22%. It reduces FDI inflows into construction by 6%.
Construction faces a reduction in FDI inflows, likely because foreign firms benefit less
from construction contracts if the industry itself is affected.

For a one percent supply-chain shock (next column), FDI inflow into manufacturing
is reduced by 16%. A shock in the demand side for goods (downstream) sees an 11%
increase in manufacturing and up to 68% in construction. Yet, wholesale, trade and
repair FDI inflows reduce up 34%. Service FDI inflows reduce even up to 65%. The
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(b) Using Linkage Breakdown

Fig. 1.4. Effect on Sectoral FDI via Linkages

Note: Shown are the 8 coefficients transformed into percentages. The two panels show the sectoral
response of IHS-transformed FDI inflows based on a 1% earthquake-induced GDP shock. The first
columns in both panels refer to a 1% shock occurring within the sector of FDI considered. The other two
columns to up- and downstream shocks, described as Leontief-inverse matrix weighted GDP shocks. In
contrast to the first panel, the second differs also by origin of the shock. Coefficients are transformed
using expP — 1 as transformation. Grey fields are below the 10% significance threshold. Estimations
are based on Equation 1.3. All earthquake events are included and each regression includes lagged and

logged nighttime-light and population values as core controls.
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final two columns show the effect of a one percent shock within linkages outside the
province. A one percent linkage-weighted supply-chain shock in manufacturing re-
duces FDI inflow by around 40% and transport and storage by 35%. In contrast, agri-
culture and manufacturing see a rise in FDI inflows concerning a shock on the linkage-

weighted demand side.

A one percent increase might weigh more in the regression models for the rest-of-the-
world shocks. As mentioned before, the shock here is an interaction term between
the province-sector-specific shock and the province-sector-specific linkage value. Ta-
ble A.4 shows the descriptive statistics of the shocks, and one can notice that the mean
of shocks within province-sector linkages are larger within provinces than within the
rest of the world, which leads to larger coefficients in the rest of the country metrics as
a 1% increase will have a larger weight on the regression.

The found effects illustrate the complexity of effects on sectoral FDI and thereby also
aggregate FDI inflows. While specific shocks within the own sector might actually in-
crease FDI received in the year following a disaster, the aggregated effect can still be
negative if the production relies heavily on intermediate input goods, which are af-
fected by the disaster, chiefly within the own province. Especially shocks taking place
on the customer side tend to benefit the manufacturing and construction sectors, as it
is likely that the demand for intermediate goods, for instance, for reconstruction might
increase. Shocks occurring upstream reduce FDI inflow as it might cause production
interruptions, which is generally bad for business.

Robustness

To validate the effects found in space and sectors, several robustness checks are con-
ducted. First, it is tested to see if one finds reallocation patterns of FDI from affected
districts towards proximate economic centers. It is found that this hypothesis does not
appear to be true in this study. In contrast, it seems that the closer an economic center
is located to an affected district the greater is the reduction of FDI inflows observed, as
discussed in Appendix A.4.

Second, for the sectoral analysis it is tested if the results change if one uses as shock
weight sectoral employment share instead of sectoral GDP share. While the effects for
manufacturing are in part comparable to the results discussed above, especially for
construction, utilities, and services, different effects are found. A likely explanation is
that GDP and employment represent different channels, as GDP, for instance, already

includes productivity per worker. These different channels are the most likely rea-
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sons for the differences. Both regression results are similar to the extent that upstream
shocks tend to have a negative impact on FDI, whereas downstream shocks generally

have a positive impact on FDI.

Limitations

Although they are often used in post-disaster analysis, Multi-Regional Input-Output
Table (MRIO) tables suffer extensively from the fact that they are static. The linkage
values used here are from 2016. Yet, a disaster might change supply-and demand
networks within a country, which is ignored in this setting due to data limitations.
Furthermore, alternative models such as the adaptive regional input-output models
(ARIO) (Hallegatte, 2008) suggest improvements to identify production bottlenecks
and to add more flexibility within production systems. Other recent methods also
consider, for instance, the interaction between households, firms resources, and other
agents in post-disaster recovery (see e.g. the ECAM model by Lehman et al. (2022)).
A good overview of the shortcomings of the IO is provided by Galbusera and Gi-
annopoulos (2018). Due to data limitations, the analysis is unfortunately based solely
on a single MRIO table. Future studies should re-evaluate the results in a more dy-

namic setting.

1.4.3 Additional Robustness Checks

In addition to the previously mentioned robustness checks, it is also tested if the re-
aggregation of districts before the decentralization policy in Indonesia induces a bias
(Appendix A.2). This does not seem to be the case. Furthermore, multiple checks
are conducted on the regressors included in the main approach. Appendix A.7 shows
how reliable the shock metric is by re-running the baseline regressions with one shock
or the other. While the shocks individually seem to matter, together the effect becomes
stronger, highlighting the importance of considering both labor and capital in disaster
studies. In terms of controls, nighttime-light overall tends to sufficiently proxy GDP in
the case of Indonesia (Appendix A.8) except for one outlier province. Furthermore, the
classification of economic centers using nighttime light seems to accurately represent
the location of cities in Indonesia. In this section, it is also tested how reliable the main
disaster data of Desinventar is. Overall, the data is strongly comparable to alternative
datasets.
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A last remark refers to additional checks on other disaster types. Appendix A.5 and
A6 test the regressions for flood events and show general effects using other disaster
categories such as storms or hurricanes. Most districts are treated more than once
with flood events; thus, to obtain a sufficiently large treatment sample, one has to
allow for treatment reversal. In the appendix, it is found that, similar to earthquakes,
flood events tend to reduce FDI inflows temporarily in the treatment year without
long term effects. Sector-wise, fewer effects are found than for earthquakes, likely due
to the lower destruction potential and better disaster preparedness in comparison to
earthquakes (Neise and Diez, 2019). In terms of disaster categories, geophysical and
climatological events (forest fires and droughts) tend to have the most severe impacts
on FDI inflows, whereas hydrological and meteorological events only play a minor
role. Yet this analysis is distinctly limited, so the results disaster category-wise should
be taken with caution in their extent.

1.5 Discussion

In this section, a brief discussion is presented putting the found effects into perspec-
tive. The article documents significant temporary reductions of FDI inflows in affected
areas with rebounding to pre-treatment levels within a year. The effects are stronger
if neighboring districts are affected and upstream industries in within-country supply
chains are affected. It also seems that the anticipation of the shock might matter. Ex-
posure to disasters might lead to infrastructure destruction and blackouts, which can
prolong recovery periods (Hallegatte, 2019). Therefore, the one-year fluctuation might
be surprising, given how slowly infrastructure can be replaced. However, the recov-
ery time from the shock in terms of FDI inflow is not that uncommon in the literature.
Boehm, Flaaen, and Pandalai-Nayar (2019) documents for the Tohoku earthquake in
Japan that production returns to pre-event trends within a year. Similar rapid recovery
is documented in Inoue and Todo (2019), also for firms in Japan. Brucal and Math-
ews (2021) summarize studies as recovery periods of one to seven years after shocks.
FDI flows might respond more slowly than direct firm-level responses given that in-
vestment decisions are revised. There might be pull factors after disasters attracting
foreign investments (e.g. disaster aid or reduced tax burden) or push factors (e.g. high
resilience or corporate opportunism) that might drive the quick rebound. Briefly, four

of these factors are discussed.
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The Government’s Response The response of the government might offset some of the
negative effects of the disaster. This can be through for the labor market response, as
shown for the example of Chile and earthquakes (Jiménez Martinez, Jiménez Martinez,
and Romero-Jarén (2020)) or through support for firm recovery (De Mel, McKenzie,
and Woodruff, 2012). In such cases, the government response might attract foreign
investment. The expenditure of the Indonesian government for disaster recovery is
non-negligible. Between 2014 and 2018 around 1.4 to 1.9 percent of all government
expenditure in Indonesia was dedicated to the recovery of shocks (The World Bank,
2021a). Governmental responses may also benefit foreign companies, potentially lead-
ing to a faster recovery. The government aid response is unlikely to be the primary
driving force behind the observed effects for two reasons. First, it does not appear
that firm recovery is at the center of the response to disaster risk in Indonesia. A study
carried out by the World Bank (The World Bank, 2021b, p.12) shows that the implemen-
tation of approved reconstruction projects often takes more than a year to be decided
and another to be initiated. This delayed funding is likely known to foreign firms. Sub-
national expenditures related to disasters between 2014 and 2018 primarily focused on
reducing the risk of a disaster before it occurred, rather than rebuilding infrastructure
(The World Bank, 2021b, p.74). Thus, firm recovery does not appear to be the focus of
the government’s response. Second, despite substantial advances in the government’s
role, disaster risk management and the connected government response became only
politically important after the Presidential Regulation of 2008. Then a dedicated disas-
ter risk agency, BNPB, was established. Assuming that it took some time for the BNPB
to become fully effective, only a few years of covered study periods saw situations with
a government response. Robustness tests revealed that the effects are present through-
out the panel, providing some descriptive evidence that the government response may

not be the primary driver of the rebound.

Tax Incentives Another, yet connected, point are tax incentives. Foreign firms may
be incentivized to locate in special economic zones (SEZ) and benefit from free-trade
zones or other tax benefits. In post-disaster environments, public policy might allow
tax breaks for foreign firms to stimulate local economic growth. To our knowledge,
the post-disaster relief from tax incentives is an understudied literature. Pan, Huang,
and Jin (2024) study the effects of natural disasters on the tax burden on firms on the
case of Chinese energy firms. They find that the corporate taxes are partially relieved
to support impacted firms. In 2020, there were only 12 special economic zones OECD
(2020) in all 416 districts, so the overall contribution to all districts is relatively small.
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However, SEZs and tax incentives might influence the allocation of foreign firms to
areas with certain risk profiles. More studies are needed to determine whether and
how this selection in future treatments might influence responses from foreign firms.
Regarding tax reliefs after disasters, standard corporate taxation is mandated by the
Directorate General of Taxes (DGT) at the country level. At the local or provincial
level, there appear to be at least no corporate income taxes that can be reduced (PwC,
2024). However, it remains unknown to us whether other non-income tax benefits
can be decided on a district level. If they are decided at the province level, they are
absorbed by the province-year fixed effects. Thus, the fraction of special economic
zones is minor to the number of districts in Indonesia, yet we cannot with certainty
exclude the possibility that some fraction of the quick rebound effect is due to local

non-income tax breaks.

Firms opportunism Foreign firms could also be better connected to local politicians,
thus receiving preferential distribution of disaster relief aid. Corruption and rent-
seeking by firms in Indonesia have been studied in the literature (see e.g. Henderson
and Kuncoro, 2011), thus it is a concern. While this article attempts to study the extent
to which clientelism plays a role, no reliable data on district-level political clientelism
or precise disaster disbursement were found. Thus, we acknowledge that there re-
mains the potential that part of the quick recovery might be due to the involvement of
foreign firms in local politics.

The Foreign Firm’s Network Another potential explanation for the relatively quick
recovery could be the integration of foreign firms in networks. The study has focused
extensively on what happens if shocks occur along the supply chain. But while the
shock might harm a foreign firm through a supply chain, foreign firms have distinct
advantages. First, large firms might be able to join national conglomerates. This might
also be true for foreign companies that enter domestic markets and aim to integrate
themselves faster into national supply chains. Cole et al. (2019) provide an example
for large Japanese firms, where large firms that join steel conglomerates had faster ac-
cess to recovery funds. Given the discussion above, it is likely that recovery funds
may not be the primary driver of the result. However, having denser conglomerates
might nonetheless be beneficial. Foreign firms might be able to quickly adjust produc-
tion by substituting for alternative suppliers. Input substitution would thus increase
resilience (Dormady, Roa-Henriquez, and Rose, 2019), potentially accelerating recov-
ery. More firm-specific input-output data would be needed to test this theory. Second,

foreign firms might have the advantage of having quicker sales of their products to

45



Chapter 1. Shaking Up Foreign Finance

foreign customers should local customers be affected. This is documented for Chinese
tirms that were able to target foreign markets after typhoons (Elliott et al., 2019). Both
mechanisms, the stronger integration with large domestic firms and the ability to easily
access foreign markets, could lead to a quick response of the FDI inflows.

Finally, investors might also refrain from direct investing and wait for the govern-
ment’s response before mobilizing money. Rapid recovery, if present, could serve as
a signal to investors about resilience, leading to delayed but significant reinvestment
in affected districts. The perception of risk and investors’ sentiment after earthquakes
have been found to be a contributing factor in investment decisions after a shock (see
e.g. Shan and Gong, 2012). It remains not clear what is the main driving force behind
the quick rebound. While the recovery time is not unrealistic, the conjectured hypoth-
esis focuses rather on the signaling of recovery and the potential large resilience of
foreign firms to absorb the shock (so rather push factors). Firms may delay invest-
ments and reinvest once the uncertainty is partially resolved. This would also be more
in line with the wait-and-see concept in the literature on investment under uncertainty
(Stokey, 2016). The government response and the tax incentives provided could ex-
plain small parts of the response, but are suspected not to be the main drivers. More
research is needed to confirm this conclusion.

1.6 Conclusion

Previous literature dealing with the impact of disasters on foreign investment is mostly
based on cross-country studies or firm-level data. Only a few papers focus on the
impact of FDI within a country. We contribute to the literature by answering ques-
tions on the temporal, the sectoral and to a limited extent on the spatial dynamics of
FDI inflows following the occurrence of earthquake exposure in Indonesia’s economic
centers between 2003 and 2019. For this reason, we use a shock variable accounting
for labor and capital shocks to foreign firms. Using dynamic difference-in-difference
models it is found that quite evidently in the case of Indonesian districts, FDI inflows
tend to be reduced up to 90% in the year following a disaster event before returning
to pre-disaster levels. The effect is mainly dominant in districts with a lower ex-ante
risk as the disaster might be less anticipated, as well as in districts with a higher ini-
tial FDI stock, where each disaster can cause relatively more damage. These effects
are robust against a set of alternative specifications, including recent methods taken
from the difference-in-difference literature. In terms of spatial effects, it is found that
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effects on FDI inflow are aggravated once a bordering district is also affected. A po-
tential reason might be the supplier-customer network and the integration of foreign
tirms within that network. Using a multi-regional input-output table, we find that the
strongest effects are found within manufacturing, which is also the sector that receives
the most FDI in Indonesia. Hereby, especially upstream shocks, so shocks in the sup-
ply side towards foreign firms, tend to reduce FDI inflow substantially. Downstream
shocks, in contrast, might benefit foreign firms, as one can see a rise in FDI inflow in
most sectors in the year after the disaster. Construction seems to be one of the sectors
benefiting from earthquake events, especially if they take place within the same sector
or downstream in the supply chain. Thus, overall, one might carefully claim that the
negative effects of FDI inflows are caused by intermediate disruptions in the supply
of goods, which are necessary for production and predominantly play a role within
regional production networks. This story would be in line with the prediction of Kato
and Okubo (2022), who state in their paper that foreign firms are likely to remain in

domestic markets if these firms are tightly linked with local suppliers.

The overall finding of the reduction in FDI inflow is consistent with most papers in the
literature such as Friedt and Toner-Rodgers (2022) or Batala et al. (2021). Yet instead
of a long term reduction, similar to the paper by Doytch (2019), we observe a rebound
effect for FDI in the years following a disaster. This difference in long-term effects in
the literature also contours one of the limitations of this paper: its external validity.
Countries are globally unequally affected by disasters, specifically now through cli-
mate risk. On a provincial or district scale, there is a similar heterogeneity of disaster
exposure. Each disaster might change a country’s, province’s or district’s growth tra-
jectory, which makes it econometrically complicated to compare multiple districts with
each other. So, externally speaking, such assessments on the effects of disasters should
be repeated on a country-by-country basis.

The results have real-life implications. Although FDI inflow declines in the aftermath
of earthquakes, they do not appear to substantially reallocate or withdraw from the
Indonesian markets in the years following. This resilience may be due in part to the
ability of the firms to adapt and integrate into domestic supply chains. The hetero-
geneity analysis revealed that anticipation is a key factor in determining the response
to the shocks. Policy makers should therefore focus on transparent communication
of location-specific hazard risks. When, for example, the awareness of tsunami risk
between Chile, Japan and Indonesia is compared, the local population appears to be

less aware of tsunami risks in Indonesia than in the other two countries (Esteban et al.,
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2013). This could also be the case for foreign investors who have never personally ex-
perienced earthquake-related risks. Thus, education on geophysical and increasingly
climate risks is important. Furthermore, a clear and integrated system for the govern-
ment’s response to these shocks, implemented in a timely and efficient manner, could
further mitigate fluctuations in FDI inflows. Although not the focus of this study, tar-
geted government incentives post-disaster could have the potential to further mitigate
negative effects. Further research is needed to support this claim.

Future research should extend the scope of this study to other disaster categories while
distinguishing issues such as the expectation of exposure to a disaster as well as the
supply-chain linkages of individual sectors. Thereby, the research shall include more
dynamically weighted linkage models, that take bottleneck productions into account,
as for instance described in Hallegatte (2008). A theoretical model that takes investors
investment decision under uncertainty combined with indirect sector-linkages as in
Kato and Okubo (2022) would also be a promising advancement. Lastly, future re-
search should take a perspective of multi-hazard disaster risk as climate change makes
connected disasters more likely (e.g. floods and extreme rainfall induced landslides).
Papers with a focus on a single disaster type tend to fall short in accounting for the
complexity of the repercussions of disasters such as compound events. However,
on a local level, differences between different disaster categories matter, as disaster
risk might be unequally distributed within sub-national districts. We only contoured
this by including, besides earthquakes, earthquake-induced tsunamis (yet excluding

earthquake-induced landslides).

In recent years, the literature on disaster risk has seen a renaissance. Disaster risk,
especially through the lens of climate-related disaster risk, plays a key role in adapt-
ing countries to the long-lasting effects of anthropogenic climate change. Given the
likelihood of increasing disaster frequency in the upcoming decades, it is important to
prepare stakeholders, including local communities, and foreign firms, for the changes
and challenges they might increasingly face. Research on historic data can serve as a
helpful tool here. Findings resulting from such research can help the public and pri-
vate sector to develop the best strategies for adaptation against disasters in order to
minimize the loss of capital, safeguard the development progress of the last decades,

and last but not least to minimize the impact on the livelihood of millions of people.
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A Appendix to Chapter 1

A.1 Figures & Tables
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Fig. A.1. Development of FDI Inflows Into Indonesia (By year and sector)

Note: The data is based on Indonesian Investment Co-ordinating Board (BKPM)
(2021). Author’s own assignement.
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Fig. A.2. Effects on FDI (By Sector)1

Note: The two panels show the effects of Equation 1.1 if one extends the model to-
wards the sectoral annual FDI space. Classification of FDI sectors follows broadly
ISIC Rev. 3 level 2. The bars depict the 95% intervals and stars indicate *** 1%, ** 5%
and * 10% significance. The left panel shows the effect over time, whereas the right
one shows the effect solely in the year after the earthquake event (yet using the same
regression as before). The treated group includes 38 treated districts and excludes as
before treatment reversal and simultaneously occurring disaster events.
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Average causal effect on Arcsinh(FDI inflow)

Periods since the event

Fig. A.3. Comparison of Different Recent DiD estimators

Note: All included estimates allow staggered treatment design, yet exclude the possi-
bility of treatment reversal. Here, each individual regression excludes multiple treat-
ments within unit and uses only a sample of districts, which did not change names
over the period (omitting 5% of the sample), which does not affect estimates sub-
stantially. The code is inspired by Borusyak (2022), , *five_estimators_example.do*
(Visited 14/02/2023) and presents estimators by Sun and Abraham (2021), Sant’Anna
and Zhao (2020), De Chaisemartin and d"Haultfoeuille (2020), Borusyak, Jaravel, and
Spiess (2024), and Wooldridge (2021). The chosen CI bandwidth is the 10% threshold.
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Note: The panels show the effect of earthquake exposure onto FDI inflows, where
control units show a similar treatment pattern and are matched. This method is based
on Imai, Kim, and Wang (2023). The upper panel excludes districts with more than a
single earthquake recorded, and the lower panel excludes districts with only a single
earthquake recorded. The three columns show three different matching algorithms
for building a control group. The different columns show how many pre-treatment
periods are used to build a matching control group. Matching covariates are based on
the last three lags of nighttime-light, three lags of arcsin FDI inflow, the current log of
population and the time-invariant composite hazard risk index. All matched control
groups have a sample size of 10 and standard errors are 1000 times bootstrapped. The

confidence intervals shown correspond to a 10% threshold.
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Table A.2
Event-Study Type Difference-in-Differences

1)
Asinh(FDI)

2)
Asinh(FDI)

©)
Asinh(FDI)

Treatment Year

Treatment Year +1

Treatment Year +2

Treatment Year +3

Treatment Year +4

Main controls
Log(mean homogenized NTL)(Lag +1)

Log(population (imputed after 2014)) (Lag +1)

Extended controls
IHS(Domestic Investment in ‘000USD)

Poverty Rate (in % of population) (Lag +1)

Morbidity Rate (in %) (Lag +1)

Bartik-like Migration Control

-0.725
[-2.035,0.586]

27345
[-4.387,-1.081]

-0.491
[-2.399,1.416]

-0.751
[-2.533,1.031]

0.520
[-1.430,2.469]

0.297**
[0.0710,0.522]

0.342
[-0.754,1.437]

0.843
[-2.260,0.573]

2.854%%*
[-4.521,-1.187]

-0.524
[-2.441,1.394]

0.771
[-2.553,1.012]

0.536
[-1.394,2.466]

0.301%**
[0.0756,0.527]

0.403
[-0.724,1.531]

-0.548
[-1.975,0.880]

2.741%%+
[-4.312,-1.170]

-0.121
[-2.103,1.862]

-0.428
[-2.107,1.251]

0.683
[-1.325,2.692]

0.229*
[-0.00255,0.461]

-0.0898
[-1.757,1.577]

0.0848***
[0.0565,0.113]

-0.0795**
[-0.154,-0.00471]

0.00958
[-0.0173,0.0364]

687.0
[-362.2,1736.2]

Manufacturing Share on Total GDP (in %) 16.40**
[2.022,30.78]

Observations 4838 4794 4692

R? 0.676 0.676 0.681
Districts in treatment group 48 47 47
Year FE v v v
District FE v v v
Province x Year FE v v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. All regressions also contain pre-trends,
which are excluded in the output. Bartik-like control is the initial share of migrants in
2000 interacted with 5-year national migration outflow. All models exclude multiple
treatments and simultaneously occurring non-earthquake-related disasters. Model
(2) and (3) additionally exclude districts with earthquakes between 1997-2002. All

errors are clustered at the district level.
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Table A.3
Dynamic Difference-in-Differences: Space

1)

)

®)

Shock: Shock: Shock:
Labor+Capital Labor Capital
Base: No shock X No Neighbor Shock
No Shock x Neighbor Shock 0.616 -0.368 0.702
[-0.411,1.642]  [-0.954,0.217] [-0.382,1.786]
Own Shock x No Neighbor Shock 0.128 -0.749 -0.470
[-2.008,2.263]  [-1.884,0.387] [-3.043,2.103]
Own Shock x Neighbor Shock -0.160 0.0950 0.635

Base: No shock X No Neighbor Shock (Lag +1)

[-1.630,1.310]

[-0.910,1.100]

[-0.778,2.049]

No Shock x Neighbor Shock -0.446 -0.739** -0.361
[-1.628,0.735]  [-1.331,-0.146] [-1.342,0.619]

Own Shock x No Neighbor Shock -2.932*** -1.213** 0.0337
[-4.995,-0.869] [-2.345,-0.0796] [-1.608,1.675]

Own Shock x Neighbor Shock -2.834"** -1.324* -1.036

Base: No shock X No Neighbor Shock (Lag +2)

[-4.740,-0.928]

[-2.784,0.137]

[-2.620,0.548]

No Shock x Neighbor Shock -0.822 -0.768"* -0.189
[-2.104,0.459] [-1.424,-0.113] [-1.291,0.912]
Own Shock x No Neighbor Shock -1.606 -1.494** -0.144
[-5.133,1.920] [-2.749,-0.238] [-1.468,1.180]
Own Shock x Neighbor Shock -0.840 -1.138 -1.239
[-2.988,1.308] [-2.943,0.667] [-2.849,0.372]
N 4071 4071 4071
R? 0.674 0.674 0.673
Baseline Controls Yes Yes Yes
Time FE v v v
District FE v v v
Province x Year FE v v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. Dependent variable: IHS(FDI inflows).
Each model includes log NTL and log population as Lag +1 term. Both models ex-
clude treatment reversal and simultaneous unfolding other disasters. Labor Shock is
defined if any person is recorded to be affected by disaster. Capital Shock is defined
as peak ground motion above level V. The sample chosen excludes districts, which
divided themselves after 2003 as here the centroids will be wrongly allocated.
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Table A.4
Descriptive Statistics on Shock variables
Sum Mean SD Min Max N

Sectoral shock as % of GDP 9,067 1.58 9.66 0 97 5,746
Total Shock (Upstream) 4326  0.75 422 0 87 5,746
Total Shock (Downstream) 7,132 1.24 5.66 0 102 5,746
Shock (Downstream) in Within Province 3,617  0.63 4.69 0 102 5,746
Shock (Downstream) in Rest of Indonesia 3,515  0.61 3.13 0 71 5,746
Shock (Upstream) Within Province 3,495 0.61 4.10 0 87 5,746
Shock (Upstream) in Rest of Indonesia 831 0.14 0.50 0 24 5,746

Note: Shocks are computed as interaction of sectoral GDP of districts within a
province affected by any earthquake together with associated linkage value from the

Leontief inverse matrix.
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A.2 Indonesia’s Decentralization Policy

Indonesia has decentralized many districts following the introduction of a decentral-
ization policy in 2001. Thereby, the FDI inflow variable potentially accounts for dif-
ferent districts in different years, which could cause the earthquake shocks and FDI
inflow data to be mismatched.

To avoid that problem, the paper standardizes the identification of districts based on
their original 2003 names and identifiers. In other words, if a district is divided in the
years following 2003, then it is re-aggregated to the name and the unique census iden-
tifier of 2003, the baseline year, to get a consistent level of observation over time. Out of
the included 436 districts, this concerns approximately 51 districts, or 11% of the sam-
ple, that changed their names after 2003. The aggregation serves the purpose of not
losing this data, yet it might be that thereby we overestimate the effects within these
districts. Also, economic center identification might be inaccurate as it is done on the
2015 identifiers. By excluding the 51 districts from the analysis, one reduces the treat-
ment sample by 31 of the 127 earthquakes recorded. This determines if and to what
extent these districts, if excluded, bias the main results. Table A.5 shows that the results
are pretty much comparable to the baseline results. Hereby, each uneven column in-
cludes still name switchers, whereas all even columns completely exclude districts that
have switched their names. The coefficients of the controls are comparable. Excluding
this subsample will matter in the case of extreme outlier events, precisely on occasions
where there are ex-ante fewer observations in the treatment group, as each additional

lost observation might substantially pull the regressions in a particular direction.

A.3 Heterogeneity Analysis of Empirical Strategy

Introduction of the Problem

The chosen empirical strategy is a dynamic two-way fixed-effects model that accounts
for treatment heterogeneity by accounting for the time since the last exposure. Sim-
ilar to classic difference-in-difference designs, this two-way fixed effects model relies
on the parallel trend assumption. In research, this assumption is usually tested by
considering pre-trends, yet given that, by nature, earthquake episodes are random in
time, anticipation effects are unlikely in this study. However, one still finds that treated
districts vary from control districts along covariates, which puts the parallel trend as-
sumption under threat. To this end, in the main paper and in the following robustness
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Table A.5

Impact on FDI Inflow Excluding Switching Districts

1) (2) ®) 4) ©) (6)
Dynamic Treatment Trends
Event -0.725 -0.708 -0.843 -0.869 -0.548 -0.685
[-2.035,0.586]  [-2.012,0.597] [-2.260,0.573]  [-2.268,0.530]  [-1.975,0.880] [-2.118,0.749]
Event +1 -2.734™ -2.868"* -2.854** -3.032%* -2.7417* -3.002**
[-4.387,-1.081] [-4.538,-1.197] [-4.521,-1.187] [-4.705,-1.358] [-4.312,-1.170]  [-4.605,-1.399]
Event +2 -0.491 -0.831 -0.524 -0.894 -0.121 -0.407
[-2.399,1.416] [-2.926,1.264] [-2.441,1.394] [-3.001,1.213]  [-2.103,1.862] [-2.630,1.815]
Event +3 -0.751 -0.710 -0.771 -0.754 -0.428 -0.342
[-2.533,1.031]  [-2.445,1.025] [-2.553,1.012] [-2.486,0.978]  [-2.107,1.251] [-2.024,1.340]
Event +4 0.520 0.617 0.536 0.612 0.683 0.696

Baseline Controls

[-1.430,2.469]

[-1.368,2.602]

[-1.394,2.466]

[-1.350,2.573]

[-1.325,2.692]

[-1.341,2.732]

IHS(NTL) (Lag 1) 0.297** 0.298** 0.301*** 0.314*** 0.229* 0.237*
[0.0710,0.522] [0.0604,0.535] [0.0756,0.527] [0.0758,0.553] [-0.00255,0.461] [-0.00801,0.481]
Log(Pop Density) (Lag 1) 0.342 0.183 0.403 0.247 -0.0898 -0.0744
[-0.754,1.437] [-0.974,1.340] [-0.724,1.531] [-0.972,1.466] [-1.757,1.577] [-1.948,1.799]
N 4838 4345 4794 4318 4692 4223
R? 0.676 0.676 0.676 0.676 0.681 0.680
Districts Treated 48 45 47 44 47 44
Excl. Switching Districts No Yes No Yes No Yes
Excl. pre-2003 Events No No Yes Yes Yes Yes
Extended Controls No No No No Yes Yes
Time FE v v v v v v
District FE v v v v v v
Province x Year FE v v v v v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. Dependent variable: IHS(FDI inflows). All models exclude treatment reversal
and the simultaneous appearance of other disasters. All regressions also contain pre-trends, which are excluded in the
output. Extended controls included are lagged log of domestic investment, log of persons in labor force, manufacturing
share, a Bartik-like control for migration, and lagged values of log morbidity and poverty. All models exclude multiple
treatments and simultaneous occurrences of non-earthquake-related disasters. Model (2) - (6) additionally exclude dis-
tricts with earthquakes between 1997-2002. All errors are clustered on district level.
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tests are conducted to evaluate this problem in this study.

Furthermore, other problems can arise with the chosen method: first, treatment tim-
ing varies across district groups. If one would only consider those districts that are
exposed once to a stronger earthquake, one would end up with what is often referred
to as a "staggered Difference-in-Difference adoption design". This would correspond
to the treatment pattern shown in Panel (a) in Figure A.5. Choosing this pattern ex-
cludes districts with more than one earthquake event (around 8% of the total sample),
so important information could be lost. The baseline model follows this setup. Panel
(b) shows the true treatment pattern, which is empirically more difficult to address due
to the possibility of treatment reversal. To correct for this staggered adoption design,
one needs to weight different treated groups differently. If one does not account for
the weighting, a bias arises (discussed, for instance, by Xu, 2023; De Chaisemartin and
d’Haultfoeuille, 2020; Goodman-Bacon, 2021; Callaway and Sant’Anna, 2021; Sun and
Abraham, 2021; Borusyak, Jaravel, and Spiess, 2024).

Staggered Adoption Pattern General Treatment Pattern

—— —

Regency ID
Regency ID

2003 2006 2009 2012 2015 2018 2003 20068 2009 2012 2015 2018
Year Year

Not treated .Trealed Not treated .Trea(ed

(a) Staggered Adoption (b) General Pattern
Fig. A.5. Different DGPs

Note: The graphs have been generated using Xu and Licheng (2018) panelView com-
mand and the main data frame created for this study.

A second problem is that the treatment definition relies on the strict exogeneity as-
sumption. Following Xu (2023) and Imai and Kim (2019) strict exogeneity relies on
four main assumptions, namely the absence of confounding variables that vary over
time, the absence of lagged dependent variables, the absence of an effect of past out-
comes on the likelihood of being treated and lastly, that treatments from the past do not
impact future outcomes. If these assumptions do not hold, then estimates are likely to

be biased. To check for time-varying confounders, one usually includes dynamic treat-
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ment effects, which we respect by differing between different timings since the last
treatment. So far, it has not been considered how past outcomes impact current ones.
Such a case could arise if foreign firms withdraw from local markets following a dis-
aster. That past outcomes (FDI inflow) impact the treatment’s existence is excluded by
design in our case. To summarize, the carryover effects of past treatment on current
outcomes and of past outcomes on current outcomes may potentially bias the esti-
mates. Furthermore, in the chosen dynamic Two-Way Fixed Effects (TWFE) model it
is likely that found effects are biased by effects of other periods (Sun and Abraham,
2021), which needs to be addressed.

Dynamic Heterogeneous Treatment Effects

This section provides a brief discussion of Figure A.3, mentioned in the main paper.
Figure A.3'°, equivalent to the baseline model, shows the effects of a singular earth-
quake exposure excluding the possibility of treatment reversal A selection of recent
difference-in-difference estimators from literature are used (Sun and Abraham, 2021;
Sant’Anna and Zhao, 2020; De Chaisemartin and d’"Haultfoeuille, 2020; Borusyak, Jar-
avel, and Spiess, 2024; Wooldridge, 2021). All models include only districts that have
not been split over time in order not to overvalue FDI inflows in total. The mentioned
papers address the negative weighting problem mentioned above in various ways. For
instance, De Chaisemartin and d"Haultfoeuille (2020) suggest to use weighted average
of two difference in difference estimators: the first compares districts switching from
not being exposed to an earthquake to experiencing an earthquake with districts that
have not experienced any in both periods. The second estimation compares districts
that have experienced an earthquake at both points in time with those that switch be-
tween the two periods from not treated to treated.

All estimators used follow a similar pattern post-treatment. Following a strong earth-
quake exposure, one sees a persistent decrease in FDI inflows in the years following
the disaster with the most consistent decline found in the DiD; estimator by De Chaise-
martin and d’Haultfoeuille (2020) and the Sant’Anna and Zhao (2020) estimator. In
terms of significance, all methods find a statistically significant reduction in FDI in-
flows in periods 1 and 2 after disaster occurrence at a 10% level. The coefficient is
similarly large as in the baseline regression. Overall, the effects found effects, confirm
the baseline results.

15 The code is inspired by Borusyak (2022) (Visited 14/02/2023)
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Allowing For Treatment Reversal

As mentioned above, the baseline model excludes, by definition, districts that experi-
ence more than a single disaster shock during the study period. To investigate whether
this exclusion substantially changes our results, the estimator suggested in De Chaise-
martin and d’Haultfoeuille (2023) is applied. In this setup the treatment group consists
of districts being treated once or multiple times as here treatment reversal is possible.
The results, shown in Figure A.6 are broadly in line with the results of the baseline
regression, whereby one observes a small "dip" in the year after the event, significant
on a 10% level. The left figure shows the baseline setup including controls, yet not
lagged controls, while the right model adds linear year and district as well as non-
linear province-specific trends. In all cases, standard errors are 100 times bootstrapped,
and especially in the right panel for some replications, the p-value is marginally above
the 10% threshold. While there is an indication of a pre-trend occurring four years
before the treatment, the treatment reversal approach is somewhat hampered by the
limited time available for recovery before the recurrence of earthquakes, which could
potentially introduce some contamination to the pre-treatment periods. The results
broadly confirm that excluding the multiple treated units does not significantly alter
the findings. However, multiple treated units might be fundamentally different from
single treated ones, which is why the group below is considered separately.

Average causal effect

Periods since the event Periods since the event

(a) Baseline Model (b) Adding different trends

Fig. A.6. Allowing for Treatment Reversal

Note: The graphs are based on De Chaisemartin and d’"Haultfoeuille (2023) and plot-
ted using Borusyak (2021). Panel (b) includes linear time and district trends, as well
as non-linear province trends. Confidence intervals are based on a 10% level. Stan-
dard errors are clustered-bootstrapped 100 times.
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Matching the control group

As discussed in the main paper and shown in Figure A.4 in the paper, the panel match-
ing approach by Imai, Kim, and Wang (2023) is used to test if the baseline results hold
after controlling for differences between treated and control units. The methodology
essentially first finds for each treated units comparable units with a similar treatment
pattern. For this purpose a window needs to be defined upon which the treatment
pattern should match. To compare changes in the results, we set this window either
for two years or five years. For robustness, we also tested the results using other win-
dows. We set the size of the control group to 10 districts for each treated unit. Hav-
ing identified the set of control districts, a matching (or weighting) procedure is used
to minimize covariate balance between treated and control group. As set of covari-
ates to be matched (or weighted) on we use three lags of nighttime light, as proxy
of economic development, three lags of FDI inflow, as proxy of investment patterns,
current logged population as well as composite hazard risk as mentioned in the het-
erogeneity part of the article. These variables should proxy broadly historic investor
perception, measured by comparable investment flows, attractiveness in terms of labor
force and economic strength as well as disaster exposure risk, measured by the com-
posite disaster index. We compare three refinement methods: Mahalanobis matching,
propensity score matching and propensity score weighting. When studying the bal-
ance of covariates before and after refinement of the control group, the weighting of
the propensity score and the matching of the propensity score outperform the aver-
age matching of Mahalanobis. In terms of pre-treatment parallel trends across covari-
ates, propensity score weighting outperforms both other methods for all covariates
except nighttime light. However, night-light trends show some fluctuation in the co-
variance balance. Thus, while the risk of violation of the parallel trend assumption
is substantially reduced with this approach, differences in economic growth trajecto-
ries cause some noise in the estimated effects. However, it cannot be excluded given
that economic growth, measured by nighttime light depicts a major driver for foreign
investment. After identifying a set of control units, refining them across covariates,
a difference-in-difference method is applied, whereby in the shown results, standard
errors are 1000 times bootstrapped. Looking at the upper panel of Figure A.4, the one
where the treatment definition matches the one of Equation 1 of the paper, all setups
show comparable results to the baseline model of our paper.

As mentioned before so far in this section, the results have focused on discussing the
negative weighting issue as well as if the found effects change, if districts are included
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that have been treated more than once. The matching approach for now has only
been used to minimize the reliance on the parallel trend assumption, yet given that
it matches on treatment history it can also be used to assess if the results of the baseline
regression change if one only considers districts with multiple treatments recorded.
This is done and shown in the lower panel of Figure A.4. In contrast to what has been
tested before, the treatment group here consists only, not additionally, of districts that
have seen more than a single disaster over the study period. In these districts, which
make up around 7% of the total sample or around a third of the treatment sample, one
might expect to see different responses. While one cannot say with certainty that these
districts are the ones with the highest frequency'® given their more frequent exposure
to earthquake events it is likely that these are areas where investors and policymakers
are more prone to price in earthquake risk. The method used in this setup corresponds
to the description of the methodology above. No significant effects are observed. Us-
ing more years to select control units increases the magnitude of the coefficient, given
that only very few treated units follow a similar treatment pattern over a five-year win-
dow. The results in combination with the baseline results might indicate that firms in
districts with higher earthquake event frequency are more adapted or more resilient
to the risk, causing them not to change their investment behavior after the occurrence
of an event. Future studies will need to highlight more of the implications of such
accumulating temporal exposure to earthquake shocks.

Assessing the Parallel Trend Assumption

A key concern of the methodology used it the potential violation of parallel trends,
which is a problem commonly faced in event-studies. To evaluate at which point the
significant effects found vanish if one deviates from the linear structure of parallel
trends, we apply a methodology by Rambachan and Roth (2023). Thereby, we can as-
sess the sensitivity of the violation of the necessary parallel trend assumption in this
study. Figure A.7 plots the analysis based on the regression of Equation 1.1, where
in red the original 95% confidence intervals of the first significant effect is shown fol-
lowed by the tested robust confidence sets. The parameter M on the x-axis shows how
the FDI inflow outcome variable is allowed to differ between districts with earthquake

and without. If M equals zero, then the difference in trends of the counterfactuals has

16 As earthquakes are random in time, it can be by chance that over the study period these districts
have seen more than a single destructive earthquake event.
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Fig. A.7. Credible Confidence Intervals: Testing for Non-Parallel Trend

Note: The shown graph is based on Rambachan and Roth (2023). Estimation is based
on Equation 1.1. Post-treatment period is defined at the year after the treatment
assuming that it takes time for the effect to appear. Sensitivity analysis based on
smoothness restriction using second differences.

to be linear. If it is larger than 0, it can be nonlinear, so one allows that the pre-trend
can change by no more than the value M between two successive years. The figure
shows that the first significant effect found in the year after earthquake occurrence is
robust against linear and non-linear violations of the parallel trends up to a value of
0.9. This provides evidence that the effect found in the year after treatment is not sub-
stantially driven by violations of parallel trends. For additional robustness, the exercise
is repeated using the approach of Callaway and Sant’Anna (2021) as it accounts addi-
tionally for the negative weighting issue. The result is still robust against linear and
nonlinear violations of the parallel trend, however with a breakdown value at already
at 0.2.

Conclusion

The tests conducted here provide additional confidence that the negative weighting, as
well as the selection of the treatment definition, do not fundamentally alter the baseline
results of the article. Given the lower and differential trends of districts exposed to
multiple earthquake events it seems reasonable to exclude them from the treatment
definition. Matching on pre-treatment characteristics seems to not essentially change
our results and testing for violation of the parallel trend assumption seems to indicate
that the core results of the paper are robust against linear and standard non-linear
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violations of the parallel trend assumption.

A.4 Reallocation Effects to Economic Centers

In the main paper, the impact of a district’s FDI inflow on neighboring districts is
tested. Yet, FDI might be predominantly allocated to economic centers.

In this section, not only is the economic center of each district used, but mainly the
distance to the main economic center within each province, which is identified using
nighttime light data. The main economic center within a province is, in essence, the
district with the highest nighttime light intensity at the district-specific economic cen-
ter. The classification of the main economic centers is validated with various statistical
yearbooks. The distance from each economic center within a province to the closest
affected district is then measured. Hereby, it is also allowed for this district to be lo-
cated in a neighboring province, yet what matters is the distance to an affected area.
Table A.6 shows the results. One can clearly see that proximity matters: the closer an
economic center is located to an affected district, the larger the impact on FDI inflows,
ranking from a 98% reduction within 50 km significant on a 1% level, down to 92%
within 100 km, to 90% within 200 km. After that, no further significant effects were
found. A key limitation of this model is the small number of treated economic centers,
as there are only 32 provinces, and thereby only 32 within-province economic centers
are available.

A.5 Effects By Floods

As shown in the paper’s introduction, earthquakes and the associated tsunamis ac-
count for the vast majority of deaths and damages recorded in all disaster categories
in Indonesia. In terms of population affected, however, floods seem to be the most
relevant disaster category. Thus, in comparison to earthquakes, the same effects are
analyzed similarly.

Identification

While formulas and models for geophysical ground motion are easily obtained for
earthquakes, accounting for a physical measure of flood exposure is more complicated.
We use extreme rainfall shocks as a proxy for flood risk. First, data from Abatzoglou
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Table A.6
Impact on FDI Inflow in Economic Centers in Proximity to Disaster

Distance to exposed district

1) 2) (©) (4)

50km 100km 200km 500km

Shock in distant district -1.973* -1.020 -1.198 -0.309

[-3.965,0.0192] [-3.065,1.024] [-3.497,1.101] [-6.118,5.500]
Shock in distant district (Lag +1) -4.199*** -2.631** -2.400* -1.162

[-6.650,-1.747] [-4.816,-0.447] [-5.047,0.247] [-6.495,4.170]
Shock in distant district (Lag +2) -0.257 -0.326 0.158 -0.223

[-3.087,2.572] [-2.751,2.100] [-2.817,3.134] [-10.52,10.08]
N 356 349 317 77
R? 0.727 0.722 0.725 0.560
Economic Centers in Treated Group 7 9 7 1
Baseline Controls Yes Yes Yes Yes
Time FE v v v v
District FE v v v v
Provincex Year FE X X X X

Note: *<0.1, **<0.05 and ***<0.01 p-value. Dependent variable: IHS(FDI inflows).
Each model includes log NTL and log population as Lag +1 term. Both models ex-
clude treatment reversal and the simultaneous occurrence of other disasters. Also, as
centroids of each district are used, districts that switched names are systematically
excluded.
et al. (2018) on monthly rainfall in mm since 1959 is used and overlaid with the 5x5km
grid cells of Indonesia. As the time dimension in this paper is annual, the monthly
data need to be re-aggregated on an annual level. For this purpose, the paper follows
Felbermayr, Groschl, et al. (2022) and the definition of a rolling window metric. This is
calculated in the following way: First, the grid cell-month specific rainfall is standard-

ized prec prec
prec Ximt — Xim

imt — prec
i,m
where i refers to grid cell identifier, m to month and f to year. For the calculation,
the entire time period is used (since 1959), whereas the final dataset only includes the
years 2003 to 2019. Next, only positive deviations are assumed, as only positive rainfall
shocks are likely to be associated with flood events. To aggregate it on a yearly level,
one cannot just average it over the year as this would omit dry and wet seasons within
the year, whereby rainfall shocks, especially in wet seasons, are likely to cause more
damage. So in the aggregation formula, each month is weighted with the remaining

number of months within a given year, while the right-hand term is a weight for the

66



Chapter 1. Shaking Up Foreign Finance

value in the next year:

12
12—m m
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m=1

The value of D in grid cell i year t is then the weighted average of positive deviations
from the long-run monthly mean. Again, nighttime light is used to identify economic
centers. Then the rainfall shock metric is assigned to the economic center grid cells, if
the rainfall metric is positive. Furthermore, using the historic risk maps from UNDRR
(2017a) only economic centers are assumed to be treated with a continuous rainfall
shock if the grid cells of the economic center are at historic risk of a 200-year flood.
Then the mean value of these intensities in economic centers within each grid cell is
tinally used. So the rainfall shock measures the mean standardized rainfall shock over
all historic monthly values in economic centers at risk within a district. The shock on
the labor market follows the share of flood victims over the lagged district population.

As before, both shocks are interacted and ranked.

There are several criticisms that can be raised regarding this methodology. Rainfall is
an insufficient predictor of flood exposure, especially of riverine floods, as neighboring
districts might be more affected by large rainfall upstream of the river. Also, the for-
mula does not account for anthropogenic changes of the urban landscape over time,
which might cause areas at risk to change. Nonetheless, for a robustness check, this
shall suffice as a method.

Effect on Temporal Level

Figure A.8 shows the temporal effects of flood exposure. Panel (a) differs between
the impact of using a top 10 ranked flood event and those within the top 100 rank-
ing, where the ranking is based on the product of the labor market and the rainfall
shock. The problem is that for the top 100 ranking only 38 events are included, as the
entire rest has more than one treatment. Panel (a) shows that there appear to be no
significant effects on FDI inflows through floods in the case of Indonesia. Yet, allowing
for treatment reversal in Panel (b) using the DiD; estimator by De Chaisemartin and
d’Haultfoeuille (2023) one can see that FDI appears to be substantially reduced within
the year of flood occurrence but not afterwards, so the effects appear earlier than in the
case of earthquakes. Overall, the effects appear to be negative but not as obvious as for
earthquakes since potentially flooding has other mechanisms through which it affects
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foreign investment. An effect on a sectoral level is discussed next.
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Fig. A.8. Temporal Effects of Flood

Note: Graph (a) uses the main specification and distinguishes between Top 10 district-
year events and Top 100 (out of which only 38 are included (as those districts with
multiple treatments are in this specification excluded). The used estimation model
is the one from Equation 1, so using the same core controls, including district, year
and province-year FE and applies district-clustered standard errors. The graph (b)
is based on De Chaisemartin and d’Haultfoeuille (2023) and plotted using Borusyak
(2021). Panel (b) includes linear time and district trends and allows for treatment
reversal. Confidence intervals are based on a 10% level.
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Effect on Sectoral Level

Re-running the regression from equation 1 on a sectoral level for flood events, one finds
mild positive effects of FDI in mining and stronger effects for wholesale and services.
The differences in sectoral effects between flood and earthquake can be attempted to
be explained through the distribution of the respective disaster hazards across Indone-
sia. Not all regions are affected by floods and earthquakes at once, which causes the
sectoral FDI results to change.

Figure A.9 adds a network perspective by showing shocks through linkage effects once
for extreme events (Panel (a)) and once for weaker events (Panel (b)). At first sight, one
can see weaker effects through linkages in panel (b). Panel (a) shows that, surprisingly,
through floods in most sectors, downward linkage shocks cause FDI inflows to reduce
in the year after the disaster. As an exception, utilities show a significant rise in FDI
inflows with a coefficient of 0.68. Upward linked shocks cause a reduction of FDI in-
flows only in the construction and mining sectors, yet hotels see a substantial rise in
FDI inflows. Within-sector strong negative effects are found for utilities and small pos-
itive effects for mining and services.

In Panel (b) weaker flood within-sector-shocks cause FDI inflows into transport to de-
cline and to mildly increase in real estate. Moving on to downstream shocks, real es-
tate and agriculture are the only ones seeing a reduction in FDI inflows, yet agriculture
sees an FDI increase through upstream shocks. Here again, it becomes clear that weak
floods seem to take place in other regions than weaker earthquakes, which explains

the differences in effects on a sectoral level.

Explanation of Differences

A key question that arises from this section is why the effects are so different, especially
at the sector level, between earthquake and flood exposure. Temporally speaking, in
both cases, after exposure to disaster, FDI inflows seem to reduce either immediately
or with a delay of a few years. Yet, the origin of the effects might be different.

First, it is shown in the introduction that floods seem to have different effects on firms
and populations than earthquakes. Floods tend to affect more people in their daily
lives, whereas earthquakes are more destructive and deadly. For firms, domestic or
foreign, they might adapt differently to either shock. Neise and Diez (2019), for in-
stance, discuss how small and medium firms tend to adapt to flood risk. While you can
adapt to flood risk for instance by investing in backup technologies, earthquakes and
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Fig. A.9. Linkage Effects of Flood

Note: Values for  coefficients are shown. The two panels show the sectoral response
of IHS-transformed FDI inflows based on a 1% flood-induced GDP shock. The first
columns in both panels refer to a 1% shock occurring within the sector of FDI consid-
ered. The other two columns to up- and downstream shocks, described as Leontief-
inverse matrix weighted GDP shocks. In contrast to the first panel, the second differs
also by origin of the shock. Grey fields are below the 10% significance threshold. Esti-
mations are based on Equation 3. The classification of top-events is based on the con-
tinuous function of the total shock and each regression includes lagged and logged

nighttime-light and population values as core controls.

70



Chapter 1. Shaking Up Foreign Finance

their associated tsunamis tend to cause more long-lasting damage to local economies,
which would explain why the effects found vary.

Secondly, the expectation of disaster risk might vary between the two categories. Earth-
quakes are prone to occur in proximity to tectonic plates, while their associates, tsunamis,
are more likely to affect low-land coastal regions. Floods also tend to originate in low-
lands, and especially in proximity to rivers. Yet, due to anthropogenic climate change,
floods induced by extreme rainfall events tend to become more frequent in the upcom-
ing years, which is potentially not yet as deeply incorporated in the risk mitigation
strategies of foreign firms. Lastly, as mentioned briefly before, the sectoral composi-
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Fig. A.10. Spatial Distribution of Risk by Disaster Type

Note: Graphs are based on the OCHA'’s Regional Office for Asia and the Pacific (2021),
data from Indonesian Investment Co-ordinating Board (BKPM) (2021) and hazard
maps on 250-year return periods for earthquake and 200-year return periods for flood
risk (UNDRR, 2017a; UNDRR, 2017b). Composition based on percentiles. In gray
there are the 14 districts non-matched. The graph likely overestimates FDI slightly in
51 districts. Maps created using bimap command by A.Naqvi (2022).

tion of affected districts might vary between the two disaster categories. Figure A.10
plots in a bivariate map the FDI inflow against the calculated district-specific compos-
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ite hazard index!”. One can clearly see that areas (in blue) of high risk for earthquakes
are located in different provinces than those for flood risk, which likely causes the sec-
toral effects to vary.

These are just a few of many reasons why floods might have different effects on for-
eign firms than earthquakes, yet nonetheless, it shows that flood events also do not

generally contribute positively to FDI inflow, similar to earthquake events.

A.6 Impact of Other Disaster Types

The paper primarily focuses on the impact of earthquakes on FDI, as they pose a sig-
nificant threat to human and economic life in Indonesia. In the previous section, it is
more in-depth investigated what the effects of floods on FDI inflow by using another
physical intensity proxy. This section only outlines the effects on FDI inflow, where
disaster types are categorized into four major categories: geophysical disasters (earth-
quakes, tsunamis and volcanic activity), hydrological disasters (floods, landslides and
tidal waves'®), meteorological (storm and cyclone exposure) and lastly climatological
disasters (drought and forest fires). All but geophysical events are described in the lit-
erature as being directly related to climate change. However, there is even a nascent lit-
erature on the impact of, for example, changes in tsunami propagation due to sea level
rise (e.g. Sepulveda et al., 2021) or how related meteorological events might cause ad-
ditional stress on tectonic crusts (Steer et al., 2020). To analyze the differences between
various disaster shocks on FDI inflows, quarterly FDI data are used to get as close as
possible to the point in time when the disaster occurs. Here, this is possible, as for
this study, there are no physical measures for the other disaster categories. Certainly,
it would be possible to account for wind-speed models, volcanic ash fallout or wild-
tire spread using remote sensing and interpolation mechanisms, but this would exceed
the scope of this paper. Thus, to measure disaster events, the Desinventar by the UN-
DRR (2022b) database is used. A disaster is considered a disaster if at least one person
has died or been directly impacted by it. Admittedly, this is a very strong assump-
tion, but in this way, the maximum number of disasters can be retained as a dynamic
difference-in-difference specification used in the main part of the paper, whereby treat-

ment reversal is excluded by definition. Most disasters occur more than once over a

17 The risk index, as described in the respective section, is created by dividing a standardized grid
cell-specific mean of each district into quartiles over the entire country
18 Waves caused for instance by tidal gauges
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Fig. A.11. Dynamic Effects by Hazard Category

Note: Figure shows the effects of aggregated disaster events, classified by their char-
acteristic, onto quarterly FDI inflows aggregated over sectors. Estimations are based
on Equation 1 and are conducted at the district level. Included are all events by dis-
aster category, where only a single event within a district in this category occurred
(districts considered treated: 72 for geophysical, 44 for hydrological, 59 for meteoro-
logical and 63 for climatological events). Other disaster events within a district in the
same quarter are excluded. A district is considered treated, if at least a single person
has died and/or is affected by a disaster.

17-year period, which is why a very low threshold of at least a single person affected
is used to include a larger sample of treated units.

Figure A.11 shows the results of the regressions. One can see that, similar to the models
used in the main part, even by including other volcanic activity and other tsunamis,
geophysical events cause a substantial reduction in FDI inflows in the aftermath. For
hydrological events, there is a huge fluctuation, likely because the effects of landslides
and floods are substantially different from each other. One can see that the FDI inflows
fluctuate substantially in the years following an event. Similarly to this, meteorological
events also see little to no significant effect in the years following storm events, only for
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climatological events one does find a persistent reduction in FDI inflows. A probable
explanation is the FDI inflows into agriculture, especially palm oil, which are likely to

decrease shortly following forest fires.

The results are too weak to generalize, but one can see that by using the same method-

ology it seems that especially geophysical events matter for Indonesian FDIL

A.7 Assessment of the Shock Metric

The entire methodology and interpretation of the results is strongly dependent on the
way the shock is defined. In the binary treatment version of the shock parameter in
the main paper, a district is considered treated if the economic center of the district is
exposed to an earthquake with at least weak destruction potential and if people are
recorded to be affected by the event. Figure A.12 illustrates the impact of changing

4= —4&— Labor Shock Alone
—— Capital Shock Alone
—— Combined Shock

+ o Fkk

IHS(FDI)

Years Around Treatment

Fig. A.12. Definition of the Shock Variable

Note: The figure shows how the results of the baseline estimation changes if only the
labor shock (light blue), capital shock (darker blue) or the combined shock, as used in
the main paper (in darkest blue) is used. The corresponding treated sample size is 431
treated for labor shock, 207 for capital shock and 126 for joint shock. The confidence
bands show the 95% interval with *** 1%, ** 5% and * 10% significance level.
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the shock definition, namely using either the capital or the labor shock individually
instead of jointly. A similar trend to that in the baseline can be observed. The larger
coefficient in the combined shock, according to the definition used in this paper, can be
attributed to a smaller sample size if both conditions hold. However, it also highlights

that when labor and capital are affected simultaneously, the effects tend to be stronger.

Additional robustness tests include running the results based only on stronger earth-
quakes. The problem is that the sample size becomes so small, especially for extremely
destructive earthquakes above a modified Mercalli scale level of 8 with 6 units, that
no valid inference is possible without changing the estimation strategy. A similar case
applies to thresholds for the minimum amount of local population that needs to be
affected by an earthquake. In more than 90% of the cases, less than 5% of the local
population was affected by losing their livelihood. Thus, the sample becomes incred-
ibly small for valid inference. Below we provide additional robustness tests on the

inclusion of intensity.

In addition, concern can be raised based on the correlation between the shock and
the included baseline controls. All models include lagged log population estimates.
However, the shock also includes at least a lagged population weight (i.e., the total
number of affected persons as a share of the local population). Despite the shock being
converted into a binary dummy, there might be some mechanical correlation between
the shock and the lagged population. Furthermore, one might raise concerns of en-
dogeneity if the treatment itself affects the population. To address both concerns, a
sensitivity analysis is conducted that includes longer lags for the labor shock. Given
that the shock today is unlikely to have influenced population two or three years ago,
this is a valid check of the exogeneity of population. Additionally, at baseline, districts
are restricted from having been exposed to previous earthquakes to avoid past treat-
ments influencing the population. Using historical pre-shock data already reduces the
likelihood that the shock itself impacts the population. Table A.7 shows the effects of
the baseline estimation (however, only 3 lags are shown) by changing the weight for
the labor shock. Instead of using the one-year lagged population variable, here we use
the two-year (column (2)) and three-year (column (3)) lagged population variables to

reduce the influence on today’s values. The results remain significant.

Another test is to see if intensity and victim number really matter. The chosen model
uses a binary treatment to define a shock and fit it into an event study framework.
We assume a threshold of MMI VI in accordance with studies such as Gignoux and
Menéndez (2016). To provide further evidence that this is not an arbitrary threshold,

75



Chapter 1. Shaking Up Foreign Finance

Table A.7
Changing the Population Weight of the Labor Shock
Labor Shock Only
1) () 3)
Pop (t-1) Pop (t-2) Pop (t-3)
Event Year -0.224 -0.231 -0.197
[-0.982,0.534] [-0.990,0.528] [-0.941,0.546]
Event Year (Lag +1) -0.962** -1.004** -0.972**
[-1.866,-0.0568] [-1.937,-0.0711] [-1.923,-0.0205]
Event Year (Lag +2) -1.028* -1.078* -1.082*
[-2.200,0.143] [-2.279,0.123] [-2.317,0.153]
Obs. 4071.000 4071.000 4071.000
Baseline Controls Yes Yes Yes
Time FE v v v
District FE v v v
Province x Year FE ve v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. Dependent variable: IHS(FDI inflows).
Each model includes log NTL term. All models exclude treatment reversal and the
simultaneous occurrence of other disasters. Districts that switched names are sys-
tematically excluded. Columns (1)-(3) change the definition of the weighting of the
"labor shock" by including, instead of population lagged by one period (column (1)),
also lagged by two and three periods.

additional tests are provided. To get a sense of how rare these events are, Figure A.13
shows the number of events that exceed level five by district, MMI and year. It shows
that MMI VI (in darker blue) is found in every year in at least 8 districts. Stronger
events, including VII and VIII, become increasingly smaller, and X is only found in
2004. Overall, this figure reveals that higher intensities indeed are increasingly more
rare and that in every year we have at least one or two handful of districts that are
exposed to hazards above the threshold. Next, it is assessed whether the results hold
using the raw intensity and death numbers directly in the regression model. The toy
regression to test intensity takes the following form:

fi]'t =+ ’YlMMIi]'f + ’)’zDeathi]'t + ’)’3ViCtimi]'t + rXi]',t_l + w; + wr + Wit + €ijt

This equation estimates the effect of an increase of one unit of MMI on inverse-hyperbolic
sine transformed FDI. Death and Victim measure the number of people who died in that
year from earthquakes, and victims are those who lost their homes. As in the baseline
model, X includes the lagged log population and nightlight. The results are shown in
Table A.8 in Column (1). Column (2) adds a lagged term to see if the results become
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Fig. A.13. Distribution of Affected Districts (By Year and Intensity)

Note: The figure plots the number of districts each year that are affected by an earth-
quake above Modified Mercalli Intensity (MMI) V. In dark blue (MMI VI) are the

"weakest" of these extreme events.
stronger in the year after, as shown in the main part of the paper. The table shows that
MMI intensity has a strong and significant effect on the reduction of FDI inflows of
around 8% per increase in intensity. This effect increases to 12% if lagged. The effects
of death are more minor, but still significant. For each 100 people who die in this pre-
liminary equation, around only 0.1% of FDI is reduced. Interestingly, victims, that is,
people who lose their house, have a small positive effect.

This raises the urgent question of whether the intensity of MMI actually increases the
number of people who die, victims, and, for robustness, also the houses reported as

damaged in United Nations Office for Disaster Risk Reduction (UNDRR) (2024). The
regression takes the form

fijp = &+ 1iMMj + T X541 + wi + wi + wjr + €4

where f;j; is either the number of people who died, the number of people who lost their
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livelihood or the number of houses destroyed. The negative hyperbolic sine is used,
given the excessive zeros in the outcomes. The results are shown in Figure A.14. When
comparing the effects of no treatment with increasing intensity, it becomes clear that
MMI V is a good threshold to define increasing levels of risk.

Overall, the results on changing the shock definitions and playing with the threshold,
as well as the population dummy, reveal that the shock dummy itself potentially over-
simplifies the nonlinearities of the hazard intensity. Increasing the threshold for more
intense events causes the treatment sample size to become too small for inference. Fu-
ture research may want to consider a more dynamic treatment model that does not rely

on binary treatments and takes intensity into account more specifically.

Table A.8
Toy Equation: Allowing for Hazard Intensities

(1) ()

Asinh(FDI) Asinh(FDI)
MMI Intensity -0.0747* -0.0828**
[-0.151,0.002] [-0.163,-0.002]
+100 Deaths by Earthquake -0.00192*** -0.00201***
[-0.003,-0.000] [-0.004,-0.000]
+100 Victims by Earthquake 0.0000%** 0.0000***
[0.000,0.001] [0.000,0.001]
MMI Intensity (Lag+1) -0.1324***
[-0.213,-0.052]
+100 Deaths by Earthquake (Lag+1) -0.00174***
[-0.003,-0.000]
+100 Victims by Earthquake (Lag+1) -0.0000
[-0.001,0.000]
Obs. 5583.000 5258.000
Baseline Controls Yes Yes
Time FE v v
District FE v v
Provincex Year FE v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. Dependent variable: IHS(FDI inflows).
Each model includes log lag NTL term and logged population. All models exclude
treatment reversal and the simultaneous occurrence of other disasters. Districts that
switched names are systematically excluded. Column (1)-(3) change the definition of
the weighting of the "labor shock" by including instead of population lagged by one
period (column (1)), also lagged by two and three periods.
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Death Victim Destroyed Houses

Fig. A.14. Exceeding the MMI V Boundary

Note: Exceeding the MMI V boundary. This figure plots in a simple toy equation
if indeed earthquakes exceeding the MMI V threshold should be considered to be
"destructive". The outcomes Death, Victims and Houses Destroyed are based on
Desinventar United Nations Office for Disaster Risk Reduction (UNDRR) (2024). The
models control for lagged population and nightlight and include district, year and
province-year fixed effects. The dotted line represents the used threshold.

A.8 Robustness of Controls

Nighttime-light as Economic Proxy

Nighttime Light (NTL) is frequently used in the development literature as a proxy for
economic (Sutton, Elvidge, and Ghosh, 2007; Hu and Yao, 2022). However, a key criti-
cism is that it overvalues richer areas, whereas deprived regions are still insufficiently
accounted for by nighttime light. This test serves solely to investigate the correlation
between logarithmic nighttime light in Indonesia and logarithmic GDP at the provin-
cial level. Data on GDP values!' over time is drawn from the INDO-DAPOER data

19 The GDP is based on 2008 constant values

79



Chapter 1. Shaking Up Foreign Finance

By Province

DKI Jakartz | o
Banten I 0.9¢
D | Yogyakarta 1 0.53
B o.77
Kepulauan Riau s ——————— R
Jambi I .75
Papua Barat I 075
Bengkulu — 0.70
Maluku Utara — 0.69
T T -6 e L L ;i LA, A A
Nusa Tenggara Timur ________________________________________________________Jn
Kalimantan T r N .64
Nanggroe Aceh Darussalam |, 159
Kalimantan Barat N 051
Sulawesi Utara N ©.52
Kalimantan Tengah . .52
Maluku I 0 50
Sulawesi Tengah I, 0.47
Sulawesi Tenggara I .44
Sulawesi Selatan NN 0.2
Kalimantan Selatan N .41
Jawa Barat I .39
Sumatera Selatan N 0.35
Rigu N 0.5
Sumatera Utara N | 32
Jawa Timur I .31
Nusa Tenggara Barat I o4
Lampung o ::
Jawa Tengah EEEEG—_— 0.1
Gorontalo NN o.20
Kepulauan Bangka Belitung I 0.7
Sumatera Barat NENEEE 006

| T T T | T
0 2 4 6 8 1

Fig. A.15. Correlation of Log(NTL) and Log(GDP)
Note: Data source from The World Bank (2022b) and Chen, Yu, et al. (2021). Author’s

own calculations.
frame of The World Bank (2022b). Figure A.15 shows the correlation by province over
all years. The strongest correlations are found in DKI Jakarta and Banten, which are
the richest provinces in GDP terms. Sumatera Barat and the islands of Bangka Belitung
have extremely low correlations, despite ranking in the midfield for GDP ranking. The
reason might be that there are many districts that are relatively poorly illuminated at
night, and therefore the correlation between GDP and nighttime light is low for these
districts. The mean correlation at the district level between NTL and GDP is 0.6, which
is sufficiently high to suggest that nighttime light proxies GDP reasonably well for this
dataset. On a yearly basis, the correlation is never lower than 0.58. So, despite the

outlier of Sumatra Barat, NTL serves as a sufficient proxy for GDP.

Reliability of Economic Center Classification

Another important test is to assess if the economic centers within each district are ac-
curately matched. To do so, information on the geographic coordinates of cities in
Indonesia and their populations is obtained from GeoNames (n.d.). The cities are then
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matched to the district level and overlaid with the Indonesian 5x5km grid. One has to
keep in mind that economic centers are classified based on quintiles of nighttime light
or population density. Using descriptive statistics, it is assessed, whether most of the
included cities from GeoNames (n.d.) are actually located within the highest quintile
in mean grid-cell specific nighttime-light. One can see in Table A.9 that most cities, in-
deed, fall into the fifth quintile. The cities in the first quintile are predominantly those
that are later reclassified using the mean population density by grid cell. Then, by us-
ing information on the population within a city, it is also tested whether all major cities
with more than a million inhabitants are classified in the highest quintile and indeed,
all but one are. There is only one exception: the city of Depok. Analysis at the grid cell
level revealed that the city boundaries extend over multiple grid cells, the neighboring
grid cells fall into the highest quintile, yet the centroid of the city from the dataset does
not. Thus, this outlier can be ignored, as Depok is taken care of by the neighboring
grid cell.

Table A.9
Classification of NTL Quintiles onto City Geocoordinates

Mean Standard Dev. N
First Quintile 14760.36 20868 14
Second Quintile 57184.5 80447 2
Third Quintile 14670.75 23722 4
Fourth Quintile 123394.2 227715 26
Fifth Quintile 163299.4 517996 364
Total 153729.1 492323 410

Note: Only grid cells which match city coordinates are included. Mean refers to mean
population of each city in each quintile.

Reliability of Disaster Effect Data

A key criticism of the paper could be made if one does not believe in the main data
source from United Nations Office for Disaster Risk Reduction (UNDRR) (2024). Ac-
cording to a report by UNDP Indonesia and BNPB Indonesia (2019) the management
of the Desinventar database has been handed over from the UNDP to Indonesia’s
national agency for disaster management (Badan Nasional Penanggulangan Bencana) in
2008. It is continually improving in tracking and recording disaster occurrences and
has also since launched its geodata portal (DiBI). In the following, we compared the
Desinventar data to the two most common other data source in Indonesia: the offi-
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cially reported data by the national agency BNPB (Badan Nasional Penanggulangan
Bencana, 2022) and the data provided on event and aggregated district level by EM-
DAT CRED and UC Louvain (2024).

Figure A.16(a) shows the percentage of district events matched between the two data
sources. Differences in all categories, except forest fires and tsunamis, can be attributed
to the fact that, before 2008, Desinventar had not been fully aligned with the na-
tional agency. Since 2008, there are no matching errors found. The difference in the
tsunami originates from different accounting. Desinventar differs between tsunamis
themselves and tsunamis with simultaneous earthquakes, whereas in the BNPB data,
tsunamis and earthquakes would be coded as tsunami events. Forest fires are also for
accounted by BNPB, but in the data portal, where this comparison data is obtained, we
have not been able to download the category for forest fires as well. Nonetheless, on a
national reporting level, these events are also reported. This test is shown to illustrate
that Desinventar is not an arbitrary database, but the data is officially provided and
managed by the National Agency for Disaster Management.

Moving on to the EM-DAT database, Figure A.16(b) indicates that Desinventar ac-
counts for substantially more events than the EM-DAT database, whereas approxi-
mately 10% of EM-DAT events are not matched on a district level with the Desinventar
data. In absolute numbers, only 136 events in total remain in EM-DAT out of which
15% are earthquake events, 22% are landslides, and 20% are volcano eruptions. Now,
one must be cautious not to make overly optimistic claims based on that figure. First,
it is possible that EM-DAT only accounts for additional districts for the same event,
resulting in more or different districts being included. It is also possible that a cer-
tain percentage of matching errors result from discrepancies in district names. While
it is attempted that all district names are standardized and collapsed by the 2003 Cen-
sus IDs, it could nonetheless happen that some are mismatched. A key reason why
Desinventar is likely to have substantially more events is that no threshold on when to
include an event is used in contrast to the EM-DAT database. EM-DAT uses thresholds
in which, for instance, at least ten or more people are killed or 100 or more are affected,

whereas Desinventar includes any potential event.

A key advantage of using Desinventar over EM-DAT is the use of district- and event-
specific damage and victim statistics. EM-DAT tends to report the total number of
damage and/or victims on an event level. Even if it affects certain districts, the impact
of the disaster may be unequally distributed across these districts and even within
them. This discussion provides further validation of the usage and reliability of the
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National Statistics (BNPB) vs. Desinventar
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Fig. A.16. Comparison of Different Datasets

Note: Data is based on United Nations Office for Disaster Risk Reduction (UNDRR)
(2024), Badan Nasional Penanggulangan Bencana (2022), and CRED and UC Lou-
vain (2024) Calculations are the author’s own. In both cases matching is done based
on number of events recorded within districts of a year. The results should not be
generalized and considered with caution as matching errors are likely to bias the 1:1
matching.
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damage statistics used in the main part.

A.9 Assessment of Hazard Risk Indices

Creation

In order to account for risk, at first, models for disaster risk are obtained predominantly
drawing from the Global Assessment Report on Disaster Risk Reduction of 2015%.
These models show where different disasters are likely to take place based on historic
data and probabilistic models. They serve the purpose of creating event-specific risk
indices, which can be combined to an overall composite hazard index.

To create risk indices for the different disaster categories, it is essential to have a con-
sistent measure of risk exposure. However, the five hazard maps used for different
disasters (earthquake, flood, landslides, tsunami, and forest fires) have varying return
periods, making direct hazard values incomparable. To address this, we merge the
hazard maps with the 5x5 km grid of Indonesia, resulting in five grids, each represent-
ing a specific disaster type’s risk per grid cell. These values are internally comparable
within each disaster type but not across categories. To achieve cross-category compa-
rability, we standardize the risk values using z-scoring. Each grid cell is then assigned
a standardized risk value based on its respective category. District-specific values are
obtained by averaging the z-scores of grid cells within each district, resulting in mean
standardized risk scores for all Indonesian districts across the five disaster categories.
For these five categories, the risk index is not endogenous to the occurrence of disas-
ters, as it only represents the statistical likelihood of occurrence in a given year based
on long-historical time series.

For volcanoes, storms, tidal waves, and droughts, where hazard maps are unavailable,
we use a different method. Here their z-scores are based on the recorded number of
events within each district, drawing from the Desinventar database (United Nations
Office for Disaster Risk Reduction (UNDRR), 2024). This z-score represents the dis-

trict’s deviation in event occurrence from the average across all districts over 17 years,

20 Flood Hazard 200 years (UNDRR, 2017a), Landslides - Frequency (triggered by Precipitations)
(International Centre for Geohazards and Smebye, 2018), Landslides - Frequency (triggered by Earth-
quakes) (International Centre for Geohazards / NGI and Smebye, 2018), Tsunami - Frequency (Interna-
tional Centre for Geohazards / NGI and Lovholt, 2009), Fire Density (UNEP/DEWA /GRID-Europe and
Peduzzi, 2014), Peak ground acceleration 250 years (PGA is a metric to measure earthquake intensity)
(UNDRR, 2017b)
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serving as a rough proxy for risk likelihood. Admittedly, the disaster risk for volca-
noes, storms and droughts is endogenous to occurrences within the district, but might

nonetheless reflect, to some extent the respective district’s risk likelihood.

For an overall index of disaster-specific risk, a so-called composite hazard index is cre-
ated. Following Emrich et al. (2022) first for each disaster category the averaged district-
specific z-score is recoded to equal one if the score is below -0.5, two if the score is
between -0.5 and 0.5, three if it is above 0.5 to 1.51 and four if it is above 1.51. These
event-type specific dummies are then aggregated using the formula:

n

CHIZ = Z Xic
c=1

whereby x;. refers to the recoded standardized risk score for district i and the disaster
category c is. The composite hazard index reflects the district time invariant index for
multi-hazard disaster risk, which will be used to validate if risk likelihood plays a role

in investment response.

Assessing Validity of the Two Main Hazard Indices

The heterogeneity analysis in this work relies on the validity of the composite hazard
index created and the dummy variable for earthquake risk to accurately reflect disaster
risk in a region. To validate the accuracy of the computed indices, they are compared

to existing studies.

Evaluating the Calculated Composite Hazard Index

In the first place, Figure A.17 shows the composite hazard scores computed by district.
Note here that as the map is based on boundaries as in 2015. The risk indices, in
contrast, as the entire dataset is based on the 2003 district boundaries, causing some
districts to remain without data (in gray). They, nonetheless, have risk values assigned
in the dataset, they are just not plotted. One can see high-risk scores (darker colors)

around the main island of Java.

Evaluating the Calculated Earthquake Hazard

To evaluate the precision of the earthquake hazard dummy, it is visually compared to
a pre-existing map from UN OCHA Regional Office for Asia Pacific (OCHA-ROAP)
(2011), which is also provided in Gignoux and Menéndez (2016) in Figure A.1.

One can see a similar pattern of earthquake risk, if one confirms Figure A.18 with these
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Composite Risk Index
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Fig. A.17. Visualization of the Hazard Index

Note: Shapefile is based on OCHA’s Regional Office for Asia and the Pacific (2021).
Composite Hazard Scores are self-computed scores based on probabilistic hazard
maps as described in the respective section. Composition based on percentiles. In
gray, there are the 14 districts that are not matched. The graph likely overestimates
FDI slightly in 51 districts.

Earthquake Risk Index
3-4
2-3

’ 1=2

0-1
= % No data

Af_‘_‘ . E

CUP 5 g v ™
~
Fig. A.18. Visualization of the Earthquake Risk Metric

Note: Graph is based on own calculation, shapefile from OCHA'’s Regional Office
for Asia and the Pacific (2021) and probabilistic hazard map based on 250-year PGA
return periods (UNDRR, 2017b). 14 districts are not matched (in gray).
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maps. This broadly confirms that the risk metric is broadly correct.

In order to see whether the results of the heterogeneity analysis change if another haz-
ard metric is used, instead of a z-scoring based on the hazard maps, a z-scoring using
the number of events is used, as mentioned. In comparison to the results of the het-
erogeneity analysis, the findings remain unchanged. It is also tested to see whether
the results hold if the hazard scores are calculated using only the hazard within eco-
nomic centers of each district. Again, the results do not change. Overall, it appears
that despite the hazard score not being perfect, it proxies disaster risk in this setting

sufficiently well to be used in the analysis.
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CHAPTER 2

The Platform for Economic Analysis of Climate Hazards
(PEACH): Gridded Hazards from 2000-2019

This chapter is solely authored.!

2.1 Background & Summary

As the likelihood of extreme events, including those that co-occur, increases, the need
for higher-resolution analysis in impact studies becomes more critical. Improved reso-
lution of such studies enables better tailoring of policies for future responses to extreme
events, especially in the Global South. In the past, social scientists frequently esti-
mated responses at the country level (Shabnam, 2014; Botzen, Deschenes, and Sanders,
2019), which underestimates local effects, at the household level (De and Thamarapani,
2022; Sen, Nayak, and Mohanty, 2022), often with gaps in years, or on specific hazards
(Hsiang and Jina, 2014; Anderson et al., 2021), potentially underestimating the interac-
tion between different types of hazards (Ridder et al., 2020). Most studies rely on pre-
existing event-specific datasets such as the widely used Emergency Events Database
(EM-DAT) (Rosvold and Buhaug, 2021a) or the DesInventar database (United Nations
Office for Disaster Risk Reduction (UNDRR), 2024) hosted by the United Nations Of-
tice for Disaster Risk Reduction. These datasets are extremely valuable as they provide
detailed information on the economic and societal effects of disasters. Yet, they are
often provided at aggregated administrative levels (country or province level) and do
not always report the intensity of an event; both are needed to better understand the
interaction between society and the environment. Furthermore, EM-DAT has been

criticized for overrepresenting richer countries (Felbermayr and Groschl, 2014).

In response to upcoming criticism, there has been a shift to down-scale the data to a
more local level in the GDIS project (Rosvold and Buhaug, 2021a) or to extend, notably

1 T would like to thank Lisa Chauvet, David Daou, Alex Ruane, Greg Yetman, Maxime Souvignet,
Andrew Kruczkiewicz, Manuel Linsenmeier, Kevin Schwarzwald, as well as participants of the Internal
Reseach Seminar at Columbia University for their valuable feedback and discussions. All interpretations
of the results remain solely my responsibility.
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the EM-DAT database, with intensities for a subset of events in the so-called ifo-GAME
database (Felbermayr and Groschl, 2024; Felbermayr and Groschl, 2014). The last ma-
jor improvement in this type of literature has been the introduction of a new methodol-
ogy to classify co-occurring, so-called "compound" events (Claassen et al., 2023a) using
an algorithm called "MYRIAD-HES". The MYRIAD-HES project also provides data on
hazard events for eleven hazards on a daily level between 2004 and 2017. The resolu-
tion of the hazard varies depending on the input data used. To determine which events
to include, thresholds are established for each type of hazard. The data presented here
is the closest comparable to the MYRIAD-HES data with three main differences.

First, the Platform for Economic Analysis for Climate Hazards (PEACH), the dataset
described here, attempts to largely avoid imposing thresholds whenever possible. This
is important as for many studies it is necessary to know also if an event is close to a
threshold. For example, strong precipitation might be strong enough to damage crops,
but not strong enough to be classified as an anomaly or an extreme event. The PEACH
data includes, in total, 17 hazard categories on a monthly resolution on a global unified
10 km grid from 2004 to 2015. For 13 of the 17 hazards, data is available from 2000 to
2019. Thresholds are only applied when the input data is available at a higher tempo-
ral resolution (hourly or daily) and needs to be aggregated to a monthly value. This
affects 6 of the 17 categories. Monthly resolutions come at the cost of not being able to
examine daily co-occurrences as thoroughly as possible with the MYRIAD-HES event
database (Claassen et al., 2023b). However, the approach chosen for PEACH allows
researchers to set their own threshold of what defines an "extreme event," as this might
vary depending on the study context. It also allows for a homogenized panel of hazard
exposure over time.

Second, a key difference between PEACH and previous datasets is that this approach
justifies the inclusion of hazards not by relying on the EM-DAT classifications of haz-
ards. Instead, the hazards included are guided by the notion of "climate impact drivers"
(CID) (Ruane et al., 2022; Seneviratne, Nicholls, et al., 2012), which are specific climate
components that directly affect human systems and ecosystems. These CIDs are ref-
erenced by the Intergovernmental Panel on Climate Change (IPCC) and have been
assessed for their potential to impact socio-economic and environmental outcomes.
As they have already been evaluated, it helps researchers identify which hazards are
most relevant to their specific context and where research gaps exist. Of the 17 hazards
included, 14 are CIDs. The remaining three hazard classes are geophysical hazards
that are not directly driven by climate change, but have substantial impacts on human
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health and economic development. Taking into account 17 hazards allows us to fur-
ther study the interconnectivity of hazards, which have been found to cluster around
global hotspots (Lee, White, et al., 2024; Ridder et al., 2020).

Third and last, the PEACH data adds a selection of socio-economic variables to the
dataset. While it is difficult to determine which variables are the most urgent, the cho-
sen variables can be categorized into three classes, all of which are particularly relevant
for social science studies: economic activity, hazard resilience/vulnerability, and agri-
culture.

For economic measures, nightlight is included. The inclusion follows the influential
work of (Elvidge et al., 1997), which became widely applied in the economic literature
through the work of Henderson, Storeygard, and Weil (2011). Economic activity due
to electricity consumption appear as brighter spots in satellite images. Since this can
originate from either economic activity or population, it’s crucial to consider popula-
tion size and density together with nightlight data. This is important for two reasons:
tirst, rural areas with limited electricity access may have weak or no nightlight, where
population estimates help fill data gaps. Second, nightlight can also reflect economic
activity unrelated to human settlements, such as gas flaring or petroleum plants. Com-
bining both variables provides a more comprehensive picture of human and economic
activity, which is important for impact analysis.

To assess resilience and vulnerability, PEACH incorporates relative wealth and criti-
cal infrastructure. Advances in machine learning enable researchers to analyze large
datasets —such as daylight images, building footprints, and more— to estimate wealth
within a country. When studying the response to hazards, it is essential to consider the
income level of a given area. While nightlight reflects economic activity, wealth is a
broader measure of economic well-being. For example, a well-lit petroleum plant may
not indicate local wealth, as nearby residents might be relatively poor due to lower
housing costs. Similarly, the presence of critical infrastructure should be considered,
as hazards affecting these areas can amplify negative consequences. Therefore, both
relative wealth and critical infrastructure indices are included.

Finally, for agriculture variables, the Normalized Difference Vegetation Index (NDVI)
as well as land use is added. The famous work of Reed et al. (1994) or Pettorelli et al.
(2005) made the use of NDVI common in the literature. The satellite images used to
measure vegetation allow for the study of changes at high temporal and spatial reso-
lutions. In PEACH, due to its aggregation, some spatial detail is lost; however, trends

over time remain useful for assessing large-scale changes in farming. However, within
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each cell, only a portion may actually contain agricultural land. To address this, land
use data is incorporated to weight NDVI values based on the fraction of vegetation-
prone land. In addition, land use data complement population and nightlight esti-
mates by offering insight into urban land distribution.

To conclude, the PEACH dataset effectively unifies well-established datasets with a
globally consistent grid, providing easier access to data for researchers, particularly
those in social sciences interested in environmental studies, disaster risk management,
and adaptation to climate change. Methodologically, it primarily utilizes weighted
statistics and combines data from various sources to create the dataset. Although not
all CIDs are covered, the replication code is written to be easily expandable to addi-
tional CIDs. PEACH provides a global grid, yet for one of the 17 hazard classes, there
is only quasi-global coverage. This concerns rainfall, as the data is derived from the
high-resolution CHIRPS data (Funk, Peterson, Landsfeld, Pedreros, Verdin, Rowland,
et al., 2014; Funk, Peterson, Landsfeld, Pedreros, Verdin, Shukla, et al., 2015) that re-
ports precipitation only for the 50 ° N and 50 ° S latitudes in the current version. This is
a known limitation, as it excludes snow and ice; nonetheless, CHIRPS is still used due
to the high resolution of the data. All other hazard classes have global coverage. A sub-
set of hazard classes is validated with ground truth data from weather stations from
the Global Summary of the Day dataset (GSOD) (NOAA National Centers for Envi-
ronmental Information, 1999) and compared with data from the EM-DAT data set. An
overview of the data is provided in Figure 2.1. The upper panel (a) shows the exposure
of individual cells with more than one person per square kilometer to the total num-
ber of hazards recorded by quantiles using a potential chosen threshold for extreme
events. More information on the thresholds taken is provided in Appendix B.1. The
lower panel (b) shows the covered CIDs and their corresponding impact dimensions,
as taken from the IPCC report. In red, it shows the temporal coverage of the individual

hazards included.

2.2 Methods

To create a unified framework for the PEACH data, the following steps are taken: First,
a global grid is established. Then, the hazard classes are selected and transformed into
the grid. Finally, socioeconomic data is added.
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Fig. 2.1. Overview on the Data

Note: The figure shows the global distribution of hazard exposure, the hazard types
included, their temporal coverage and their impact channels. Panel (a) shows the total
sum of hazard exposure by cell for the years 2004 - 2015 for 15 considered types. For
illustrative purposes, in this figure, cells with fewer than 1 person per square km are
excluded. More information on the thresholds taken to define events is provided in
the Appendix. Colors are defined based on scientific colors (Crameri, Shephard, and
Heron, 2020). Panel (b) illustrates, on the left, the impact dimension on outcomes,
adapted from IPCC Chapter 12, Table 12.2 (IPCC, 2021). The * symbol categories are
not included in IPCC and are predicted by us. The right table plots the data coverage
in PEACH for each hazard.
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2.2.1 Grid Creation

At first, the administrative boundaries of countries are obtained from the geoBound-
aries dataset (Runfola et al., 2020). GeoBoundaries provides a consistent and regu-
larly updated version of administrative boundaries. The boundaries for 2023 are used.
The boundaries are then divided into 10x10 km cells, which were created using the
Pseudo-Mercator projection. While this leads to distortion effects towards the poles,
the Pseudo-Mercator projection is chosen because it is widely applied. When grid cells
overlap two country boundaries, the cell is assigned to the country with the majority
of the cell area. The grid is then reprojected to the standard Mercator projection (EPSG:
4326) for further use. Each cell is assigned a unique cell identifier. To increase compu-
tational speed, the global grid is divided into subregions following the classification
of the United Nations Statistics Division (UNSD, 2023). Disputed areas are assigned
to the region in which they are located. The 10x10 km grid cell size represents a mid-
dle ground between the highest-resolution input data (approximately 90m) and the
coarsest input data (up to 75 km). Most of the input data falls within the 5 to 25 km
range, making 10 km a practical compromise that preserves spatial heterogeneity while
keeping computational efficiency. This resolution is fine enough to capture meaning-
ful subnational variation (e.g. local hazard exposure) yet coarse enough to ensure that
most datasets can be meaningfully aggregated or interpolated without excessive data
loss.

2.2.2 Hazard Classes

The PEACH data includes 14 climate impact drivers (CID) and 3 geophysically related
hazards. Not all CIDs mentioned in the IPCC Sixth Assessment Report, Chapter 12
(IPCC, 2021), are included, mainly due to data availability constraints. Most snow and
ice categories are missing, as well as all oceanic and coastal hazards. The three non-
directly climate-driven hazards are included due to their potential to have substantial
impacts on human health and economic development. An overview of all hazards,
their sources, and resolutions is provided in Table 2.1. The merging procedure for
combining the source data with the grid of each region is illustrated in Figure 2.2. For
gridded source data, the process depends on whether the resolution of the source data
is higher than or lower than the 10km of the grid cells. If the resolution is lower, then
zonal statistics are computed based on the majority overlap between cells, relying on
the Python rasterstats package. If it is higher, the computed statistics depend on the
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hazard category. Whenever possible, the weighted mean is computed based on the
xagg package (Schwarzwald and Geil, 2024) in Python. For polygon layers, such as
earthquakes or floods, again majority overlap conditions are used, and the maximum
intensity values are computed. For point geometries, the intersections are computed.
In the following, for each hazard class, a discussion on the applied transformation and

the final outcomes is included.

Mean air temperature & Cold Spells The monthly 2-meter mean temperature data from
ERA-5 (Copernicus Climate Change Service, 2022) used here cover each month from
1960 to 2020 and are provided in Kelvin. The data is transformed into degrees Celsius
and three standardized z-scores are calculated using the standard formula:

Xm — Xm

Xzm =
Ox

Where x is the monthly temperature in cell x at a time point t. x3, is the mean tem-
perature of cell x and oy the standard deviation for a given month. The scores are
always calculated in comparison to the previous months. The differences between the
three z-scores are based on differences in the way the mean and standard deviation
are calculated. The first one ("temp_z_max") uses all available months since 1960. This
score provides the long-term anomalies of the temperature from historical monthly
means. The second score ("temp_z_30") computes the mean and standard deviation
based on a 30-year moving window, e.g. for January 2002 all January from 1972 to
2001 are used. This definition follows climatological standard normals, also applied
by the World Meteorological Organization (WMO, 2024). This provides the medium-
run anomalies of temperature. Lastly, the third score ("temp_z_10") is computed in the
same way as the second score just with a 10-year moving window. It reflects the short-
term anomaly. Using the three different definitions enables us to better investigate
whether adaptation occurs and to distinguish between long-term climate shifts and
short-term temperature variability. PEACH, therefore, includes four variables for the
three z-scores and the monthly mean temperature in degrees Celsius. In addition to
investigating mean air temperature, z-scores also allow one to compute monthly cold
spells by taking negative anomalies on mean temperature (Felbermayr, Groschl, et al.,
2022), potentially in addition to a threshold on low mean temperature. This definition
of cold spells is suitable for investigating the impact on agricultural productivity rather

than on mortality.
Extreme Heat Extreme heat and extreme temperature are related concepts, but have dis-
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Fig. 2.2. Aggregation and Data Transformation

Note: This figure illustrates the spatial merging procedure to convert data from raster
tiles or polygons onto a unified cell. The matching is conducted in Python and repli-

cation files are provided.
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tinct meanings. In the context of PEACH, extreme heat is primarily concerned with its
impact on human health, considering both temperature and humidity factors. Extreme
heat is measured by daily maxima of the Wet-Bulb Globe Temperature (WBGT) - In-
dex for the years 2000 to 2018 provided by Mistry (2020). To aggregate the data to a
monthly level, two measures are calculated: maxima of rolling-means and the number
of days above a fixed threshold. First, maxima of rolling means are computed as the
mean WBGT for a one, three and five-day moving window. For example, if the WBGT
is 30°C on day 1, 31°C on day 2 and 32°C on day 3, the rolling mean for a three-day
window are 31°C. Then the corresponding values per month is the maximum of these
one, three, and five day windows recorded. The second measure is the number of days
when the WBGT exceeds a threshold. The threshold is set to 32.2°C, following the rec-
ommendations of the heat flag system (Patel, Mullen, and Santee, 2013; Clark, Konrad,
and Grundstein, 2024), which is applied, for example, by the US military. Above this
temperature, corresponding to a "black flag", physical exercise should be reduced to
a minimum. The final data contains four final variables for the three different block

maxima, as well as days above the threshold.

Mean Precipitation and Heavy Precipitation Information on heavy precipitation such as
standardized score and total precipitation in mm per month comes from the CHIRPS
database jointly with the Early Warning Explorer (EWX) (Climate Hazards Center
(UCSB), 2023; Funk, Peterson, Landsfeld, Pedreros, Verdin, Shukla, et al., 2015). The
data is available for every month, but unfortunately limited to 50°S-50°N, which needs
to be kept in mind when trying to construct models for the utmost northern and
southern regions (e.g. Siberia, Scandinavia, Northern Canada, Alaska and Patago-
nia). As the data is already provided in the correct format, it is merged with the grid
using weighted zonal statistics. Two variables are included: the standardized rainfall
anomaly score and the total precipitation.

Flood (River or Pluvial) The main input to flood is the boundaries of the affected flooded
areas of the Dartmouth Flood Observatory (Brakenbridge and Dartmouth Flood Ob-
servatory, 2023). At first, for each event overlaps are computed with the global grid.
For each event, the attributed given flood ID ("DFO_ID"), the number of deaths, dis-
placed persons, severity, and duration are added. If multiple flood events are recorded
in the same cell and month, the maximum values are taken. To control for the quantity,
an additional dummy variable that counts the number of floods in each cell is added.
However, flooded areas can be quite extensive. While not essential for flood analysis,
recently published data (Rentschler, Salhab, and Jafino, 2022) on populations exposed
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to flooding helps to pinpoint affected locations more accurately. The data is based on
the Fathom flood model and measures the total number of population exposed to a
flood with a 100-year return period for each 3 arc-second pixel. The exposure data
is provided in tiles (areas of interest) with multiple bands, where each band contains
various layers for different levels of inundation depth. First, it is assessed if all tiles
overlap with the global grid. Following the authors’ recommendations, all bands with
inundation depths above 15 cm are combined to identify a population at high risk.
Then, if at least one person is at risk in the pixel, the pixel is considered exposed. Ag-
gregation with the grid is done by computing the average share of pixels at risk in each
cell ("flood_risk"). To obtain a likely location of exposure to a flood, it is recommended
to combine the flood risk variable with the flood observation record. The final dataset
contains a variable for the flood ID, maximum number of deaths, displaced persons,

severity, duration, count and the respective (socio-economic) cell risk.

Landslides Landslides are fairly local events and there are not many global datasets.
To get a good coverage of events, the two most common datasets are combined: the
Global Landslide Catalog (GLC) (Kirschbaum, Adler, et al., 2010; Kirschbaum, Stan-
ley, and Zhou, 2015; NASA, 2023) and the Global Fatal Landslide Database (Froude
and Petley, 2018). The reason is that the temporal coverage between the GLC and
GFLD varies, which is why most events before 2007 are drawn from the GFLD and
those after 2016 are exclusively from the GLC. The GLC is a project started in 2007
by NASA and is complemented in this version with the extended user-driven Coop-
erative Open Online Landslide Repository (COOLR). It provides point coordinates of
landslide records, along with accuracy, possible trigger source, fatalities recorded, and
date. Although active updating began in 2007, many events from the period prior
have been added ex-post. PEACH includes landslides that have a specified location
and date. Of the remaining 35 000 events, those are excluded where the accuracy is
not known or is less than 25 kilometers accurate. This excludes another 22 000 events.
Then to avoid double accounting, the same criteria are applied to the second dataset
used. The GFLD accounts only for landslides in which fatalities are recorded. Follow-
ing a similar approach than a recent study (Gémez, Garcia, and Aristizabal, 2023) the
two datasets are merged based on date and location. To avoid mismatches based on
location precision, locations are rounded to the nearest kilometer. In total, 78 dupli-
cate events are excluded. From the remaining events five variables are generated: first,
if the trigger for the event is specified, a dummy is generated indicating the trigger.
Then, depending on the accuracy, if it is below 25km, a buffer is drawn around the

98



Chapter 2. Introducing PEACH

point coordinate indicating the potentially exposed area of the event. To identify these
events, a dummy is generated indicating the precision of the event location. Then, the
coordinates of the points are merged with the grid. If multiple events are recorded in
a cell for the same month, a counter variable is added to indicate the number of events
in that month. If there are multiple event records, the trigger dummy and precision
dummy are adjusted accordingly. If there are no multiple events, then the correspond-
ing event identifier is included. Additionally, a dummy variable is added to indicate
whether the event is drawn from the GLC-COOLR or the GFDL. The final data to add
to PEACH accounts for the landslide identifier, the trigger cause, the precision of the
event and a dummy if the landslide caused any human death and accounts for 16 800

events.

Drought The used HYDRO-Jules (Gebrechorkos et al., 2023) already reports monthly
Standardized Precipitation Evapotranspiration Index (SPEI) on a five-kilometer res-
olution. To account for different types of drought, the durations are included: the
3-month SPEI, the 6-month SPEI and the 12-month SPEI. The 3-month SPEI evaluates
short-term meteorological drought, the 6-month SPEI extends it rather to a medium-
term meteorological drought; both indicate, however, also to some extent agricultural
drought. The 12-month SPEI assesses rather long-term drought conditions indicating
issues of general aridity. The PEACH dataset therefore contains three included drought

measures.

Fire Weather and Wildfires Information on fire is divided into fire risk and fire exposure.
Data on fire risk is based on the daily Fire Weather Index (FWI) (Giuseppe et al., 2019),
which has a daily resolution of 70 km. To compute a monthly estimate, two metrics
are computed. First, the monthly 5-day moving average maxima, so the highest value
within a 5-day moving window period. Second, using all years from 1980 until 1999 to
build the mean and standard deviation, a z-score is computed for each month. To mea-
sure exposure to fire, information on burned area (Copernicus Climate Change Service,
2019; Vermote and Wolfe, 2015) on a 300m per pixel is derived based on MODIS data
provided and hosted by the ESA Climate Change Initiative and the Fire CCI. First, to
increase computational speed, the resolution is coarsened to one kilometer, so that each
aggregated pixel is the share of land burned in this one square kilometer area. Only
pixels classified as burnt with at least 90% probability are considered. Then, for each
global grid cell, the share of land burned is computed. For very large land masses, the
merging part is compartmentalized into smaller subsets. A second variable is created
that measures the burned land in areas identified as cropland (irrigated, rainfed, and

99



Chapter 2. Introducing PEACH

mosaic land). The final added data contains, therefore, four variables: the FWI 5-day
block-maxima, the FWI anomaly, the share of the cell burned, and the share of burned

land that is identified as cropland.

Severe Wind Storm The computation of severe windstorms is comparable to the MYRIAD-
HES approach (Claassen et al., 2023b). The daily maximum of hourly wind gusts at
10m in m*s~! from the CDS-Toolbox for ERA-5 (Copernicus Climate Change Service,
2024b) is acquired. Aggregating short-term wind gusts on a monthly level requires
some decisions. Two statistics are computed: the monthly maximum of hourly wind
gusts to see the strongest events and the number of days when wind gusts above
50.4 knots (26 m/s) are recorded, which is defined by the US Federal Emergency
Management Agency (FEMA) and National Oceanic and Atmospheric Administration
(NOAA) as minimum criterion for severe thunderstorm environments (Zuzak et al.,
2023). Two additional variables are introduced: the maximum wind gusts reported in

a month and the number of days with wind speeds exceeding 26 meters per second.

Tropical Cyclone Including tropical storms requires the computation of wind speed
models around the center of the cyclone. As for the MYRIAD-HES (Claassen et al.,
2023b) data, cyclone tracks from iBTraCS (Gahtan et al., 2018) are combined with wind
tield buffers from the Willis Research Network Global Tropical Cyclone Wind Foot-
print dataset (WRN-TC) (Done, 2022) based on the storm season and name. If no wind
tield buffer is available from WRN-TC for a specific storm, a 20-kilometer buffer is
drawn around the eye of the tropical cyclone, and for each movement point of the
storm track, the maximum wind speed in meters per second is included. Preferably,
the NOAA-NHC one-minute averaged wind speed is used; if not available, the next
largest estimate from the any agency affiliated to the World Meteorological Organi-
zation is included. For each cell and month, the maximum wind speed recorded is
computed. Should multiple cyclones strike the same cell in the same month, the max-
imum recorded wind speed is taken, and a counter variable counts the number of
storms within the same month. PEACH, therefore, contains two variables: the maxi-

mum wind speed of an event and the number of cyclones recorded in a given month.

Sand and Dust Environments To the best of our knowledge, there is no current dataset for
dust storm events, yet the presence of high dust paired with stronger wind gusts could
indicate at least dusty environments. To include a measure of days with high dust
presence, as an indicative proxy of dust storm presence, two sources are combined:
tirst, the 6-hour dimensionless Dust aerosol optical (DAO) depth at 550 nm (Inness
et al.,, 2019) is converted into daily maxima. Then the 90" percentile is computed to
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capture only extreme dust environments. A dust environment day is defined if the
daily maximum is above the 90" percentile in optical depth and at least 0.5. Although
this is a low threshold, similar thresholds have been applied in research (Logothetis et
al., 2021). In desert-like areas, the percentile will ensure a more extreme event. Second,
we add the hourly wind gust data from ERA-5 (Copernicus Climate Change Service,
2024b). A threshold of daily maximums of around 15 m/s is set. As we rely on wind
gust and not sustained wind speed a slightly higher threshold than 10 to 14 meters per
second as found in some studies (Muhammad Akhlaqg, Sheltami, and Mouftah, 2012)
is used. The two data sets are homogenized using spatial interpolation. A dusty day
is defined as a day when both conditions hold: high levels of dust presence and daily
wind gusts above 15 m/s. The included variable counts the number of days in a month
in which both conditions hold. When used in a study, this variable should be taken
with caution. It is indicative of days with high dust presence combined with stronger
winds. Sand and dust storms are notoriously hard to model, so these variables could

also be indicative of a blowing dust event, but not a full-blown dust storm.

Hail Data on global hail occurrence is scarce. Here, we primarily rely on a compiled
daily database of hail probabilities (Prein and Holland, 2018a) from 1970 to 2015, which
has been utilized in similar studies (Ridder et al., 2020). The resolution is with 0.75
degrees (or around 80km) quite large, but to our knowledge, it is the only available
dataset applicable worldwide. The hail probabilities are estimated based on calibrated
ground truth data from the US, Australia and Europe given the availability of the data.
To create meaningful hazard variables, we compute two indicators: the number of days
in a month that exceed a 90% and 99% hail probability. Both serve as lower-bound esti-
mates of the events. For some parts of the world, this data set lacks ground truth data.
Meteorological conditions might make hail probable, but the hail might melt in high-
temperature areas on the way to Earth. This should be taken into account when using
the variable. To further add information on likely hail locations, a metric of thunder-
storm environments that could cause hail is created. To achieve this, based on reported
hail events from weather stations, global thresholds are defined for two indicators used
to assess the stability of thunderstorm environments. If then both indicators exceed the
titted thresholds defined by weather station data, an indicator variable is assigned the
value 1, 0 otherwise. Finally, the number of days when the indicator equals one is
counted. Therefore, from a global sample of weather stations (NOAA National Cen-
ters for Environmental Information, 1999), all reported hail events between 2000 and
2020 are extracted. Then, for each location, the corresponding daily maximum hourly
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values for the two chosen indicators, Convective Available Potential Energy (CAPE)
and Convective Precipitation (CP) (Copernicus Climate Change Service, 2024b), are
added. CAPE and CP are amongst other factors indicators for unstable thunderstorm
conditions (Taszarek et al., 2021). The 93 687 hail records of 7 417 stations are binned
into latitude bins of 1 degree for CAPE and 5 degrees for CP. Next, within each bin
the 95! percentile of CAPE within that bin is computed as well as the median value of
CP. The median is chosen as excessive rainfall might hinder hail formation. Using the
computed percentile or median in each bin, a polynomial function is fitted (4th order
for CAPE and cubic for CP) to get a continuous function of thresholds by latitude for
CAPE and CP. Mathematically this corresponds to:

Cﬁ(cp) = agp* + a3¢° + w2 + agp + ag (2.1)

where ¢ is the observed CAPEgs in a latitude bin. A similar approach is used for CP:

CP(¢) = B3¢® + B¢ + B + Bo (2.2)

where ¢ corresponds to the CAPE5) in a latitude bin. The fitting is shown in Figure
2.3. To avoid inclusion of too weak convection events CAPE is limited to 150 ]’*kg_1
and CP to a minimum of 0.25 mm*h~! as defined for thunderstorm environments in
literature (Taszarek et al., 2021). Most thresholds for latitude bins are beyond 1000
J/kg CAPE, which has also been associated with hail formation for a study applied to
Europe (Kaltenbock, Diendorfer, and Dotzek, 2009). Using hourly data aggregated to
daily maxima (Copernicus Climate Change Service, 2024b), days in which observed
values exceed the CAPE and CP latitude-specific thresholds are considered to be days
with thunderstorm environments potentially favorable for hail formation. For PEACH,
the number of days each month is then counted. In the future, this indicative measure
should be improved by using alternative hail indices, such as the Significant Hail Pa-
rameter (SHIP), or at least by adding information on the 0-6 km vector wind shear.
The final dataset will have three variables: the number of days when hail has been
likely and the number of days with thunderstorm environments potentially favorable

for hail formation.

Air pollution weather To account for ambient air pollution two sources are utilized:
monthly mean fine particulate matter at 2.5 ym (PMy5) for the full period (Shen et
al., 2024) and, at a lower resolution, data from an alternative data source (Inness et al.,
2019) on monthly mean particulate matter at 10 um (PM;jo) from 2003 to 2019. The
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Fig. 2.3. Smoothing and Fitting the Hail Thresholds
Note: The figure shows the smoothing of the thresholds for Convective Available Po-
tential Energy (CAPE) and convective precipitation (CP) by latitude. The thresholds
are based on the 95" percentile of CAPE and the median of CP in each latitude bin.
The thresholds are smoothed using a polynomial function. The gray dots represent
reported hail events at weather stations. For illustrative purposes, 79 hail events with
a CAPE>5000 are excluded from plotting.

data comes in different units. The PM, 5 is provided in ug * m~3, while PMyg origi-
nally is provided in kg*m 3. Thus, PMjj is converted into pg * m 3. PEACH includes
three variables: two PM, 5 estimates from both data sources, and one for PM;( from

the second.

Earthquakes The intensities of earthquakes are taken from the USGS ShakeMaps prod-
uct (United States Geological Survey (USGS), 2023), which provides an interpolated
intensity on an event basis for most recorded earthquakes. Two datasets are obtained
from USGS using the Command Line Interface: All events with a minimum moment
magnitude of 4.5 recorded and all that include polygons of intensities (so-called "shake
maps"). First, for all epicenters reported, a 400 km buffer is drawn to see if they in-
tersect with any cell or are uniquely located in the ocean. Then, for every reported
ShakeMap, the average and highest Modified Mercalli Intensity (MMI) in every cell is
computed. For all events where no ShakeMap is available, the grid is merged with the
remaining epicenters, and the maximum reported magnitude is included. Magnitude
here can refer to various types of magnitude (e.g., moment, regional, or body-wave),
but is taken preferentially from the official USGS-reported magnitude of the event.
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The number of earthquakes in a cell is counted, and if only a single event occurred,
the USGS identifier is included. PEACH therefore contains five variables: whenever
possible the USGS identifier of the event, the total number of events, if ShakeMaps are
available, the mean and maximum reported MMI, and for non-ShakeMap events the

maximum magnitude.

Volcano Eruption Having obtained information on all reported volcano eruptions (Global
Volcanism Program and Venzke, 2023), the magnitude of the eruption is included
based on the Volcanic explosivity index (VEI). If no end date is reported, the eruption
is excluded. That concerns 33 eruptions. Following the MYRIAD-HES methodology
(Claassen et al., 2023a), the radius of influence of a volcano is calculated based on the

formula:

L = 3.040880'6956VEI

The final variables included are the VEI of the eruption in the area of influence, as well
as the volcano number.

Tsunami From the Global Historical Tsunami Database (National Geophysical Data
Center, 2024) the subset of Tsunami run-ups for the period covered is obtained. The
analysis is predominantly based on the arrival time and the maximum water heights
in meters. Although the run-up data also reports the horizontal inundation depth for
some events, the issue is that proximate areas with similar elevation might also be af-
fected but without having the location recorded. To also include such grid cells, for
analysis a digital elevation model is included for all coastal cells (Pronk et al., 2024).
The resolution is on a 30m. To combine it with the 10km grid, the median elevation of
each cell is calculated by first scaling down the 30m resolution to 1km and then com-
puting the median elevation. Around each reported run-up location, a 25 km buffer
is created, which serves as lower bound estimation. The idea is to account for at least
one neighboring cell of a treated cell. Cells with reported tsunamis are always consid-
ered treated, while nearby cells are considered treated if the observed tsunami wave
height is greater than the median elevation of the cell. For PEACH, the included infor-
mation is the maximum wave height in a month recorded, as well as, if possible, the
corresponding NOAA Tsunami identifier.
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2.2.3 Socioeconomic Data

PEACH encompasses a range of commonly used variables to assess the economic and
social performance of an area. The list of included variables is based on the availability

of higher-resolution socioeconomic outcomes.

Nighttime Light In many developing countries local measures of economic activity is
scarce. Nighttime light has commonly been applied to measure the effects on economic
activity (see for instance recent discussions by Felbermayr, Groschl, et al., 2022; Pérez-
Sindin, Chen, and Prishchepov, 2021; Hu and Yao, 2022). Data on annual nighttime
light is based on a homogenized time series between the two standard sources: the
Defense Meteorological Satellite Program (DMSP) and the Visible Infrared Imaging
Radiometer Suite (VIIRS) (Li, Zhou, et al., 2023). The data is on a 1km resolution and
for each cell globally the mean, median and maximum nighttime light intensity are
computed. Following the authors” advice, cells with a light intensity below seven are
considered to be 0 to avoid the inclusion of stray light.

Population Population is an essential factor to measure the potential impact of a hazard
event. The data is taken from the annual GlobPop dataset (Liu, Cao, et al., 2024a)
and is available with a resolution of 1km. The data is provided in two variables: the
total number of people and the population density per square kilometer. Both are
obtained and merged with the grid: the population is aggregated at a 10km resolution
as the total sum of population counts within a cell that lies within its boundaries. The
population density is calculated as the weighted mean within the cell.

Relative Wealth To measure the relative wealth of an area, the microestimates of wealth
from Chi et al. (2022) are included. The relative wealth of a 5km cell is computed
by combining household surveys, satellite images, cellular network data, and other
anonymized data from Facebook. Using all these data sources, different types of clas-
sification and deep learning algorithms are used. The final relative wealth index pro-
vides information on whether an area is, in relative terms, wealthier or less wealthy
compared to other parts of the country. The variable is time-invariant and aggregated
to the 10km grid by using the minimum, mean and maximum recorded in each cell as
well as the aggregated mean error. The data is available for 135 middle and low-income

countries.

Critical Infrastructure To measure the resilience of an area, information on critical in-
frastructure is included. The data is taken from Nirandjan et al. (2022) and is time-
invariant. The data is derived from OpenStreetMaps of November 2020 and is pro-
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vided on a 0.1-degree resolution. The source data provides an index from 0-1 on the
global scale. To compute the index subindices for telecommunication, health, educa-
tion, waste, energy transportation, and water (so-called "systems") are calculated based
on initial OpenStreetMap assets. For studies investigating the effects of climate impact
drivers or hazards in general, the type of infrastructure might matter, the mean critical
infrastructure spatial index (CISI) as well as the score for every system is included. To
homogenize with PEACH the weighted sum within each cell of the index is computed
using the overlapping area share between the CISI index and the 10km cells.

Normalized Vegetation Index For many agricultural settings, it is crucial to know the
plant health of a region. The Normalized Difference Vegetation Index (NDVI) is a stan-
dard measure for assessing plant productivity. Information on monthly NDVI is taken
from a combined homogenized time series of the Advanced Very High Resolution Ra-
diometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS) (Li,
Cao, Zhu, et al., 2023) since 1982 on 8km resolution. Following the author’s recom-
mendation, values with scarce vegetation below the value 0.1 are excluded. To obtain
a valuable measure for PEACH, three variables are included and calculated: first, the
weighted monthly mean NDVI in the cell, which serves as a general measure of plant
health. Then based on the last 10 years and 18 years a moving standardized z-score
is computed for each month. The moving z-score shall ensure that changing climate
conditions are taken into account. PEACH thus contains three variables: mean NDVI,
NDVI anomaly based on monthly expected values in the last 10 years and the previous
18 years.

Land Use Lastly, to calculate the annual changes in land use over time, which are es-
sential for adaptation studies, information on 1km land use is taken from the Historic
Land Dynamics Assessment (HILDA +) project (Winkler et al., 2020). As land classes
for each cell the share of urban land, cropland, pasture or range land, forest, unman-

aged grass or shrub land and sparse land with no vegetation is computed.

2.3 Data Records

The Platform for Economic Analysis of Climate Hazards (PEACH) is a derived dataset
for 14 continental climate impact drivers (CID) and 3 other hazards with data on so-
cioeconomic, infrastructure and environmental data. It aims to provide easier accessi-

ble access to disaster and economic data. The data is on a global grid on 10km resolu-
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tion projected in EPSG:4326. An exception is rainfall that is only quasi-global up to 50°
latitude. It has full coverage for the years 2004 to 2015 with more than 80% of all vari-
ables being available between 2000 and 2019. Data is provided in the Apache Arrow
Feather format that is usable in most software applications. Sample code is provided
to help you get started in both R and Python should you not be familiar with either.

PEACH is openly accessible on Zenodo upon acceptance. The data is provided in
sub-regions of the World based on the United Nations Statistics Division (M49) clas-
sification. The data is due to licenses of input data under the Creative Commons
Attribution-NonCommercial (CC BY-NC) license.

The data used is compiled from already peer-reviewed published articles, meaning the
validity can be assured. Errors would occur only during spatial merging with the grid.
To assess accuracy data, two tests are conducted: first, temperature, precipitation, hail,
and wind speed is validated against ground-truth data from the Global Surface Sum-
mary of the Day (GSOD) (NOAA National Centers for Environmental Information,
1999). Second, the commonly used EM-DAT (CRED and UC Louvain, 2024) and its
downscaled version (Rosvold and Buhaug, 2021b) are matched with the PEACH data

to see if certain event types or regions are underidentified.

Validation based on weather station data

At first, data from 8 000 to 12 000 weather stations, depending on the year, for daily
reported meteorological statistics is taken. The locations of each weather station over-
lap with the PEACH grid and aggregate on a monthly level, similar to how PEACH is
generated. The same metrics for wind are calculated as they are computed in PEACH.
Three different biases are evaluated: monthly deviations, yearly deviations and geo-
graphic deviations. It is assessed if values vary trend-wise by month, year and region.

The results are shown in Figure 2.4.

The temperature is, on average, underestimated by half a degree (0.25 degrees me-
dian) in comparison to weather station data on a monthly basis. The standard devia-
tion is around 1.78 degrees. The largest bias is around April. Regionally, most parts of
the world do not see large deviations; only some weather stations in western China,
Turkiye, the west coast of the United States, and the Pacific coast of Latin America see
larger deviations. On an annual level it appears that the difference is slowly decreasing
over time.

For precipitation, it becomes visually clear that PEACH is limited to latitudes of 50

. The dataset sees on average 3.8 mm (1.2 mm median) in total precipitation, less
rain than the individual dataset from the weather station, with a standard deviation
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Fig. 2.4. Validation of PEACH data with Global Summary of the Day

Note: Panel (a) Shows the mean difference between PEACH and GSOD by month.
In dark blue is the mean difference and in lighter blue the standard deviation. Panel
(b) shows the mean difference by variable and station. Blue color indicates an under-
estimation of the value by PEACH and red color an overestimation. Panel (c) shows
the mean difference by variable and year. In dark blue is the mean difference and in
lighter blue the standard deviation.
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of around 13 mm. The largest bias occurs in December and January, particularly in
the Northern latitudes, where the bias becomes more pronounced. This might be due
to precipitation taking place especially in Northern hemisphere winter months more
often in the form of snow, as well as lower light availability in Winter, which might be
affecting satellite-based infra-red measures. The bias does not decrease over time.

For monthly maximum wind gusts, PEACH overestimates the wind speed by 0.62 m/s
(0.5 m/s median) with a standard deviation of 3.5m/s. There is no clear annual trend,
but the summer months in the Northern Hemisphere see rather underestimation than
overestimation. The days of wind gusts above 26 m/s are broadly comparable with
weather station data and see on average less than 0.001 days of difference. The largest
bias for wind geographically arises from Northern Europe. whereas parts of western
China, Brazil, and the Midwest of the United States rather see an underestimate of
wind gusts.

Finally, hail days for days with a 99% likelihood of hail are on average 0.01 (0 days
median) day overestimated to station records. The low overestimation is due to the
training of the hail probability data also drawn from weather station data. The stan-
dard deviation is around 0.05 days. No clear trend monthly or annual is observable.

Validation based on EM-DAT

In order to compare EM-DAT data with PEACH some data transformation is needed.
First, EM-DAT (CRED and UC Louvain, 2024) and its scaled-down version of Geocoded
Disasters (GDIS) (Rosvold and Buhaug, 2021b) are downloaded and information on
hazard types and dates are added to GDIS. If for a unique disaster identifier (disas-
terno) an entry in GDIS is included, it is not taken from EM-DAT and information on
type, start month, year and country as well as the geometry of the affected administra-
tive boundaries are included. Otherwise, the information is taken from EM-DAT at the
country level. The data is then aggregated to the 10km grid. The data is then compared
with PEACH. The results are shown in Figure 2.5. Based on the disaster subtypes clas-
sification only relevant hazard classes are included (exclusion of not-included types
in PEACH like Tornado, Avalanches or Epidemics or types where the associated class is
unclear e.g. severe weather).

In the next step, the associated PEACH data for each country is loaded and prepared.
To compare it with EM-DAT, thresholds are applied to the intensities to classify them as
a hazard event. For flooding, the flood severity reported by the Dartmouth Flood Ob-
servatory (Brakenbridge and Dartmouth Flood Observatory, 2023) must be reported.
For an earthquake, either the magnitude or the modified Mercalli intensity needs to
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be above four. For hail, at least one day in the month is reported to have hail with a
probability greater than 90%. For heatwaves, the three-day block maximum of the Wet
Bulb Global Temperature needs to be above 28 degrees. For a storm event, the monthly
maximum in wind gusts must be greater than 15 meters per second. For wildfires, at
least one percent of the cell is burned in the corresponding month. For dust storms,
at least one day of dusty environment days is counted. For tropical storms, inclusion
is based only on wind speed. For landslides, the count of landslides in the month is
taken. Cold waves are defined as a monthly deviation from the historic 30-year mean
of more than one standard deviation. Droughts are considered if SPEI-3 is less than
-1.3. For a tsunami, the tsunami count is taken. And finally, for volcano eruptions, a
positive Volcano Explosivity Index (VEI) is used.

Lastly, the three data sets are merged based on the following criteria: for GDIS an event
is considered a match, if the threshold for the same hazard type is exceeded for any cell
of PEACH that falls within the affected administrative boundaries as reported in GDIS
in the same start month and year. If either the threshold is not exceeded, or the month
and year or the event does not fall into any of the boundaries, the event is considered
as not reported in PEACH. For EM-DAT, the same is reported; however, instead of
using administrative boundaries, the full country is considered. Only events between
2003 and 2015 where there is full coverage in PEACH is included.

Figure 2.5 shows the results of the matching process by hazard type, database, and ge-
ographic region. On the left side, one sees the total share of matched events where for
each disaster event a match is found. If multiple regions are affected by an event, as
long as a match is found in any of the affected area, the event is considered matched.
There is substantial heterogeneity in the matching. Panel(a) shows that the results by
hazard type differed by the GDIS and the EM-DAT sample. For the GDIS sample, the
highest matching is achieved in tsunamis (100%), earthquakes ( 93-100%) and volcano
eruptions ( 89-97%). The lowest matching shares are found for dust storms ( 33%),
hail ( 36%) and flood( 48-69%). For dust storms, the low percentage is likely due to a
small sample size (3 events) and may also be an underestimation of dust storm events.
Given that per definition, dust storms are defined if the 90" percentile is exceeded, the
low matching might be due to the days only capturing the most extreme dust events
in dusty regions. The same applies for hail events, as the potential counts of days with
a probability of 90% are too conservative and do not account for events below this
threshold. The lower matching for floods is worrying, yet explicable. EM-DAT utilizes
multiple sources, including the Dartmouth Flood Observatory (DFO) data, which is
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used to report flood events in this database. The usage of different sources to define
flood events might cause the DFO data to be more often misaligned with the EM-DAT
data set. However, the widespread use of the DFO data and their higher accuracy
of affected regions motivate the usage of the data. Heatwaves, landslides, and wind-
storms all achieve a matching around 80%, where mismatches are spatial mismatches
for landslides or different definitions of storms for heat waves and windstorms. Cy-
clone mismatches result mostly from either the country not being primarily affected
by the cyclone impact (e.g., impact through flooding) or by a mismatch of months.
In panel (b), the matching by country is shown. In about 36% of the countries more
than 80% of the events are matched, and a similar share is observed for the above
60% matching share. The lowest matching is found in Burundi (25 events and 16%
matched), Mongolia, Libya and Gabon (each one event). In addition, the figure shows
that the majority of countries have less than 50 events recorded, which makes the sam-
ple size for matching country-by-country relatively small. Countries with large land
surface and a high number of reported events such as China, India or the United States
all perform above the 80% matching quality. If mismatches occur, a likely reason can
be found in the misalignment of the starting month or the non-reporting in the used
input data.

Although the matching quality varies, the validation overall shows that PEACH is a
relatively reliable dataset for the set of climate impact drivers tested. The dataset is
especially useful for middle and low-income countries where national data is scarce.
One might use more accurate national data sets when working on Western Europe,
China, Australia, and the United States. The validation also revealed that it tends to
underestimate the presence of dust storms, hail events, and floods, while for the other
hazard categories, it can be connected to the vast majority of EM-DAT events.

2.4 Usage Notes

The PEACH data can be used as a global, regional or national dataset, and the files
are provided by the ISO-3 classifier stored in subregions of the world. The definition
of ISO-3 and the subregions follows the classification of the United Nations Statistics
Division (M49). The dataset is provided in the Apache Arrow Feather format, which
can be read in Python and R with the feather package. In the download folder there is
also an easy-to-use Python and R script to convert the data into a CSV format and to
plot the data. Although it is possible to convert the files into a Microsoft Excel format
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Fig. 2.5. Validation of PEACH data with the EM-DAT and GDIS data sets

Note: Panel (a) shows the matching quality by hazard type and comparative source.
A match is defined if for an event at least one cell is treated for the same hazard type
and month as long as it falls into any administrative boundaries reported affected in
EM-DAT or GDIS. Panel (b) shows the geographic distribution of matching quality
along with the number of events by country. The pattern indicates the number of
events attempted to be matched and the color of the matching accuracy.
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and combine them with the Shapefiles in QGIS, users are advised to, if possible, use R
or Python for further analysis to reduce storage space. Information on the scaling of

values and missing values can be found in the README file.

The usage is mostly intended for social scientist who want to obtain information on
hazard intensities to validate their results. As the data is compiled from peer-reviewed
publications from experts in the respective domains, the aim of PEACH is not to serve
as a new source of climatological data, but rather to make climatological data more
accessible for social scientists. For social scientists many more variables might be of
interest. If the data of interest is provided on the country level it can be easily linked to
cells using the ISO-3 identifier. This would be the case especially for country-level data
from international organisations such as the World Bank, the World Health Organiza-
tion or the International Monetary Fund. The temporal dimension also allows for the
study of structural trends and temporal persistence of effects, which might be relevant

for studies on adaptive capacity or climate risk insurance.

Another notable comment refers to the selection process of the included variables. As
with any data compilation, decisions were made on why to use this specific data, which
might lead to some uncertainty in direct comparison with other sources. This concerns
socioeconomic variables, such as population and land use, which are often derived
from different sources or employ different methodologies to interpolate the data to a
higher resolution. There are ongoing academic debates on the best performing model,
which if this is the outcome of interest, it might be noteworthy to see if the used data
here is outperformed by more recent models.

Although PEACH has global coverage, it is recommended that it be applied to middle-
and low-income countries, where national hazard reporting is more scarce. In western
Europe, China, Australia, and the United States more accurate national data is avail-
able. In addition, as mentioned in the text, for the two variables: days with thun-
derstorm environments favorable for hail and days with high dust presence, should
be taken with caution, as these two variables are self-calibrated and not derived from
peer-reviewed articles. If the primary focus of the study to which PEACH is applied
is studying distance-relevant outcomes, one needs to keep in mind that the projection
used to create cells is based on the Pseudo-Mercator projection, which leads to dis-
tortions in area size as a function of latitude. This means that studies with a primary
focus on land area (e.g., through the computation of nightlight per square kilometer)
may distort results if the region of interest spans a wide range of latitudes (e.g., in
the case of Chile). If equal area and distance within each cell are of key importance
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to the study, one might want to re-run the replication code provided on alternative
projections such as the Icosahedral Snyder Equal Area Aperture 3 Hexagon (ISEA3H)
projection.

The PEACH database is only possible due to amazing research done by the climate,
earth and social science community. A list of references to the datasets used is provided
within this article and also in the README file of the associated data repository. Please
cite when using PEACH also the primary input data to give credit to the authors as
stated in this paper to the underlying data sources to give credit to these researchers.

The data is provided under the Creative Commons Attribution-NonCommercial (CC
BY-NC) license.

2.5 Code availability

The goal of the PEACH platform is to be replicable and accessible to researchers less
familiar with Python. The replication files will be uploaded on Zenodo upon accep-
tance of the submission Reinhardt, 2024b. The code is written in Python 3.9 and run on
a server with substantial computational power. Replication requires 600 GB of storage
space and at least 16Gb of RAM for most code. While most code is written to be repli-
cable, including the download of the data, some data sets require manual download,
which is specified in the README. The code is written in a modular manner and can
be easily adapted to other datasets.
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B.1 Definition of Cut-Offs

Figure 2.1 of the article shows in Panel (a) the total exposure of each cell to hazards
included in PEACH for the period 2004-2015. To build the total sum of events the
intensities of each considered hazard need to be transformed into binary dummy vari-
ables. The following paragraph will describe the cut-offs used and provide a rationale

for each one.

Cold spell events are defined as temperature anomalies that are more than 2.3 standard
deviations, so approximately a 99th percentile, below the historic 30-year monthly av-
erage. For heatwaves, a monthly block maximum from above 33 degrees on the Wet
Bulb Global Temperature is taken. This would be equivalent to a black flag within
the US Military’s Flag system (Patel, Mullen, and Santee, 2013), so a heat level where
physical exercise is supposed to be kept to a minimum. Droughts are characterized as
extreme “compound” droughts, where the definition follows the idea of the intersec-
tion of meteorological and hydrological droughts (Wu et al., 2022). A drought month
event is defined as one in which the Standardized Precipitation Evapotranspiration
Index (SPEI) for both 3-month (meteorological) and 12-month (hydrological) periods
is simultaneously below -1.5. Flood events are defined as events, where a cell falls
within a recorded Dartmouth Flood Observatory flood event (Brakenbridge and Dart-
mouth Flood Observatory, 2023) with a recorded intensity and at more than 5% of the
cell are at high risk of being flooded using the population at risk data mentioned in
the paper (Rentschler, Salhab, and Jafino, 2022). A wildfire event in a cell is recorded
if at least 20% of the cell is burned with a probability of more than 90%. As wild-
fires are seasonal events that may occur in some regions annually, the deviation of
the burned fraction from the expected median burned fraction for the corresponding
month is calculated. The median burned fraction is the median observed value for the
corresponding month across the entire time period covered. A wildfire event, thus, is
finally defined if at least 20% are burned and on average 10% more is burned than the
median fraction over the 17-year period (wildfire coverage starts in 2003). A tropical
storm event is defined if the recorded cell is exposed to winds stronger than 33 meters
per second. This corresponds broadly to a Category 1 Hurricane on the Saffir-Simpson
Hurricane scale. A severe wind event is defined if the wind gusts exceed 30 meters
per second on at least one day in the month. Such a threshold, if wind speeds are
sustained, would define a violent storm on the Beaufort Wind Scale. However, wind
gusts are substantially shorter events. Nonetheless, even if sustained for a short time,
winds exceeding this threshold become damaging to infrastructure and pose a risk to
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human lives by causing trees to fall. A hail event is defined if at least a single day in a
month is observed where the probability for hail exceeds 90%. Dust storm events are
solely based on having at least a single day of what is described in the paper as a “dust
environment day”. Landslides are considered based on the count of events within a
cell. There needs to be at least a single event counted. Earthquakes are included if
the cells have experienced a ground motion with at least scale five on the Modified
Mercalli Intensity scale. Volcano eruptions are considered as an event if, for the cell,
an eruption with at least 1 on the volcano explosivity scale (VEI) is reported. Tsunami
events are defined as cells having a reported wave height from a tsunami greater than
zero. Extreme air pollution events are considered if the monthly mean air pollution
level exceeds 75 ug/m3 for PM2.5. Based on a recent update by the U.S. Environmen-
tal Protection Agency (EPA) this would correspond to an unhealthy air quality index
(U.S. Environmental Protection Agency, 2024). As this index is commonly computed
on a 24-hour interval, if monthly averages exceed it, one can be certain that these levels

are unhealthy for human life.

In this figure, temperature and rainfall anomalies are excluded because of their correla-
tion with flood, heatwave and wildfire occurrences. Using data on population density
(Liu, Cao, et al., 2024a) cells below a density of one person per square km in 2019 are
excluded.

B.2 Descriptive Economic Analysis

The primary purpose of this article is to explain the methodology and how PEACH was
created. The use case of PEACH is versatile and not limited to a specific application.
Here, for illustrative purposes, we present two potential use cases, among many, that

researchers might be interested in.

National Hotspot Identification

First, the correlation between hazard exposure from 2003 to 2015 and estimated Gross
Domestic Product (GDP) at the cell level is illustrated in a descriptive manner. This
might help researchers to identify locations where fluctuations in country-level ag-
gregates stem from. Most of the descriptive analysis is based on the data found in
PEACH. Yet, PEACH does not include any gridded GDP dataset. To get a proxy of
estimated GDP, we rely on the LitPop methodology described by Eberenz et al. (2020).
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This follows the idea that one can distribute country-level GDP based on a function of
population and nighttime light, both of which are variables that we have. The weights

by cell are computed here in the following way:
Lit"Popgc o015 = (NTLge2015 +1)" X Popgc o015 (2.3)

Where NTL is the average Nighttime Light value in cell g and country c for the chosen
year 2015 and Pop the total population in that cell in 2015. The factors n and m are
exponents giving the dynamics of the interaction between the two values. The plus
one term for nightlight is added to prevent cells with recorded population from being
dropped in the event of no available nightlight. Unlike the original version of the pa-
per, we use cell-level aggregates of PEACH here, rather than the pixel-level resolution
mentioned in Eberenz et al. (2020). In their article, they test for several combinations
of n and m but show that n=1 and m=1 show the highest overall correlation, which is
why we also use n=1 and m=1. To create a weight, we compute the GDP in cell g using
the following equation:

LitPo ng’2015

c,2015 ¢2015 X Ygec LitPopgco0s

(2.4)

The relative value of the GDP in 2015 of cell g in country c is the product of the total
GDP of that country times the relative weight of LitPop over the total sum of LitPop
in that country. The GDP data is the value of GDP in current USD from the World
Development Indicators of the The World Bank (2024)?.

Figure B.1 shows the total number of hazard shocks for the most balanced sample from
2003 to 2015 against the relative GDP within each country for the year 2015. All hazards
are converted from intensities into binary values using the thresholds explained in
subsection B.1. We use the year 2015 for GDP and LitPop, as it is the last year for
which PEACH has 100% data coverage. To compute the relative GDP and hazard
exposure within each country, we create quantile-based ranks (for three bins) and map
the observed values to the tertiles. Cells with null cell GDP are excluded from the map,
as this figure focuses on economically relevant areas. Cells with null GDP are areas no
population recorded. For an integrated analysis, these areas might still be relevant
(e.g. through biodiversity loss), but for this figure, they are excluded. Panel (b) and (c)
plot the within-country GDP and hazard exposure ranks, respectively. The figure aims

2 For Venezuela, the 2014 value is taken given that GDP is not reported for 2015.

118



Chapter 2. Introducing PEACH

‘AToAnp0adsar “a13a9) a1nsodxa piezey pue
a[nId) JOO dAnear oy joid (9) pue (q) [ue ] *JOO PapIodar ou a1o0ja1ay) pue uonemndod ou yjim seare 10 seare SLI-MO[
pue J(O MO] IS )edTPUT seare Aein) AIJUnod 3y} UM SUeI J[1}19) OJUT PIISAUOD I 30g "SI0 PUe F)0T UdaMId]
Sassed paezey G U0 paseq sI amsodxa piezep] "GT0g JO senfea uo paseq pue (0z0g “Te 30 zuaiaqy) jo uontugap doJiry
3} SMOT[0] JO PAPPHD) AIIunod a3 Jo 3sa1 3y 03 30adsar y3rm armsodxs prezey Jo s[AS] Y31y A[oAne[ar pue A13unod
a3y} Jo 1531 3} 03 30adsar Yym JOO PapPLid Jo S[oAS] YT ATOATIE[I YIIM SI9)uad dewr 9jerIeAlq e ur smoys (&) [aue 930N

(S10T-€007) syodsjoH piezer] [euonjeN ‘1'q "S1q

SoUGIH W 2iPPId  EEE oMol M 1S3UGIH  WEE QPPN WEm oMol
Bupjuey ainsodx3y aAneRY Bupjuey 4ao 2AneRY <x

(5102-£002)
thwonxm piezeH aAne|2y

YbiH.

(5102) daD onnejol

119



Chapter 2. Introducing PEACH

to illustrate national hazard exposure hotspots. Policy makers might be interested in
identifying national areas that see a high number of climate impact drivers, but either
high or low GDP. The same analysis can also be performed hazard by hazard or for
other outcomes such as critical infrastructure, relative wealth, or, for instance, relative

share of agricultural or pasture land.

B.3 Effect of Hazards on Economic Growth

Another application of the data could be to study the interaction of economic growth
or nightlight growth, as is often done in economic studies, and cumulative hazard ex-
posure. Quantifying the economic damages of extreme events requires a solid method-
ological background, as for instance demonstrated in (Burke, Hsiang, and Miguel,
2015; Burke, Zahid, et al., 2024; Hsiang, 2016). Here, for illustrative purposes, we
use a simple methodology broadly based on the baseline methodology of Felbermayr,
Groschl, et al. (2022):

Where A is the first difference of logged nightlight, which measures economic growth
using solely nightlight. Note that this differs from the measure used in Figure B.1,
where GDP is estimated as the relative weight of country-level GDP by population and
nightlight, jointly. Like in most growth equations, the initial pre-shock level of night-
light is included. D is either the total number of shocks of the 14 hazards described
above® per year or the number of shocks by each individual class, so disaggregated,
by year. D additionally includes the lag of each variable. As control, similar to Fel-
bermayr, Groschl, et al. (2022), we include logged population. Cell-fixed effects absorb
region-specific time-invariant factors, while time-fixed effects control for global com-
mon shocks. Standard errors are clustered at the cell-year level. This is only a very
simplified version, where in contrast to Felbermayr, Groschl, et al. (2022) neither spa-
tial autocorrelation nor the distinct intensities for hazards is taken into account. The
regression is run at the cell level and by geographic regions. The regressions are di-
vided by geographic regions, as the composition of the hazards and economic growth

varies widely between these regions. Thus, a comparison pooled over the whole world

3 Mean and extreme precipitation are excluded as they only have quasi-global coverage. Air pollution
is excluded as it is likely endogenous to economic activity and population.

120



Chapter 2. Introducing PEACH

might overlook these differences. Geographic regions follow the United Nations’ clas-
sification. The excluded territories in the analysis are Greenland and Russia due to

their large uninhabited surface areas.

First, the results when D is replaced by the total number of the 14 hazards consid-
ered are shown in Figure B.2. One can see that for South East Asia, Central Asia,
North America and Oceania, any additional shock always reduces nightlight growth
significantly. While for Central America and the Caribbean and East Asia, the effect is
positive in the year of treatment, the year after sees larger negative growth rates. For
all remaining regions the effect is positive. The results broadly indicate that additional
exposure to shocks tends to reduce nightlight growth, except for Europe, the MENA
region and South America. This is a descriptive analysis, thus, the effects shown are
not causal. Hazard might have strong non-linear effects as found in literature for tem-
perature or rainfall (e.g. see Burke, Hsiang, and Miguel, 2015). Here, the model neither
accounts for non-linearity, spatial and temporal autocorrelation nor for the respective
intensity of the hazards. However, despite all this, more hazards appear to be harmful
to nightlight growth in many parts of the world.
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L]
o)
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South America

[]
[
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North America = @
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Fig. B.2. Effects of Any Additional Hazard on NTL Growth (2004-2015)

Note: The coefficients show the effects of a single shock more reported in year t (left)
and t+1 (right) onto nightlight growth. The model controls for logged population and
includes a lagged nightlight control. The individual regressions include time and cell
fixed effects, and standard errors are clustered at the cell level. The total shock metric
is computed based on a conversion from continuous to binary dummies using the
thresholds discussed in subsection B.1.
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Finally, the same regression is used to estimate the effect of including all hazard classes
individually. Therefore, on a cell level, we maintain the other hazard shocks at their
respective regional means. The results are shown in Figure B.3. It becomes directly and
visually clear that most hazards, regardless of whether they involve lagged or direct
responses, tend to be harmful to nightlight growth. Some hazards always show nega-
tive effects on growth independent of the region. This is especially the case for floods,
droughts, heat waves, and hail. It also becomes clear that for some hazard-region pairs
there are substantially larger effects (for instance, for cyclones and central Asia). This
is likely driven by either a small sample size of treated cells or other factors that might
drive the growth response. Some regions, such as Europe, seem especially an increase
in nightlight in years of additional shocks. Yet, for policy-relevant conclusions, a more
in-depth approach should be considered that takes also the interconnections between
individual hazards into account and proxies human activity in a more holistic way,
accounting for country-specific time-varying factors such as the adaptation capacity,
public policies, fiscal stability or social welfare programs.

This descriptive discussion on the economic effects aims to highlight potential use
cases of PEACH. One might use it to identify national hotspots that need more at-
tention (relatively low GDP but relatively high hazard exposure). Another potential
use case could be to revisit the literature on the connection between economic growth
and hazard exposure. The descriptive correlation analysis hinted that the response
to shocks varies across geographical regions and across the type of shock considered.
Most hazards tend to exhibit a negative correlation with GDP growth; however, a more
nuanced and detailed analysis is needed to validate these descriptive findings.
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Fig. B.3. Effects of Any Additional Shock by Hazard on NTL Growth (2004-2015)
Note: The coefficients show the impact of an additional hazard shock (x-axis) on nightlight growth in
year t (top) and t+1 (bottom). Regressions control for logged population, lagged nightlights, time and
cell fixed effects, with standard errors clustered at the cell level. Shocks are converted from continuous
to binary dummies using thresholds from subsection B.1. Only coefficients significant at the 5% level
are shown; blanks indicate insignificance or lack of data.
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CHAPTER 3

Crisis-Driven Mobility: Exploring The Impact of Complex

Disasters on Population Changes in Sub-Saharan Africa

This chapter is solely authored.!

3.1 Introduction

Extreme natural events are shaping population distributions worldwide, particularly
in regions with limited resilience and high agricultural dependence. Regions such as
Sub-Saharan Africa (SSA), which fall into this category, see an increase in the frequency
and intensity of extreme events (IPCC, 2012). Existing studies have linked climate vari-
ability, especially through rainfall and temperature, to agricultural losses and, conse-
quently, to migratory decisions (Hoffmann, Sedova, and Vinke, 2021; Bohra-Mishra,
Oppenheimer, and Hsiang, 2014), either at the household level or at aggregate na-
tional levels. Far less research is dedicated, however, to understanding how the joint
occurrence or accumulation of extreme events affects population change and, thereby,
indirectly affects migration trends. This gap is worth investigating, given that such
complex disaster environments could have fundamentally different impacts, especially
in a context with limited adaptive capacity, such as in parts of rural SSA. Beyond the
impact dimension, it is essential to understand how different types of "complex events"
- namely single (e.g. one flood), cumulative (e.g. repetition of floods) or "compound"
events (e.g. flood and heatwave occurring together), affect net population. This under-
standing is crucial for anticipating spatial demographic shifts and designing effective

adaptation policies.

This article aims to assess the short-term effects of the nine most common hazards in
Sub-Saharan Africa on net population change at the local level. Hereby, particular at-

1 Twould like to express my gratitude to Julien Wolfersberger, Rainer Thiele, Stephan Maurer, Lesly
Cassin, Kenneth Houngbedji, David Castells-Quintana, Clement Gorin, Sarah Pouey, Sam Marshall and
Edouard Pignede as well as the participants from the International Conference on Development Eco-
nomics, the German Development Conference and French Environmental Economics Conference 2024,
the CSAE at Oxford University 2025, as well as seminars and workshops at Paris 1, Columbia university
and CIRED for their valuable comments and feedback.
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tention is given to studying whether within-year cumulative events and temporally
compounding events show fundamentally different responses than aggregate binary
treatments. This separation reveals dynamics that aggregate binary treatments con-
ceal, offering a clearer view of how hazards impact population dynamics. We apply an
annual panel regression model with unit, time and region-year fixed effects on a sam-
ple of 3863 African districts in 44 SSA countries for the time between 2000 and 2019.
The main data is data on net population change paired with high-resolution data on
monthly hazard exposure for nine hazards (temperature, heatwave, drought, rainfall,
flood, hail, wildfire, storm and desert locust). In the first part of this article, we apply
a commonly used method for including hazards. Notably, whether or not to have an
event. In the second part, we extend this narrow definition and differentiate between
the effects of single events, cumulative events (multiple events of the same type in a
year), and within-month compound events (overlaps of two different hazards in the
same month). Adopting a more standard simple binary definition of extreme events,
especially in the case of floods, we document population losses and displacement in
affected areas. Similarly, we find an inflow of population following hailstorms in dis-
tricts that tend to be destinations. The effects of other hazard hazards are inconclusive.
In contrast, accounting for all three different treatment regimes, single, cumulative
and compound, we find that compound events lead to fundamentally different effects.
Although some persistent patterns can be derived for temperature-flood events and
flood-storm events, other impacts are context-specific. The first major takeaway is that
instead of pooling all events into a single indicator, each hazard combination should

be regarded separately, as the impact it has on socioeconomic outcomes may vary.

Moving beyond the classification of extreme events, we examine the context in which
hazards occur and propose potential mechanisms behind the documented effects. Most
effects are centered around poorer, more vulnerable and remote districts of SSA. The
high volatility of the results indicates that the effects are fairly context-specific. As pro-
posed mechanisms, we discuss the effects that the different types of hazards have on
agricultural health, crop production, and food insecurity. Here, especially drought and
heat-related compound and cumulative events seem to create strong incentives for dis-
placement. The second takeaway is that not only single events matter, but compound
and cumulative events are especially significant. This is particularly true for agricul-
turally dependent rural areas, which tend to show less resilience to these shocks.

The third and final contribution relates to the methodological implications derived

from the limitations of this study. Robustness checks reveal the presence of non-
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linearity treatment effects and spatial spillovers, which pose significant challenges to
causal identification in traditional studies. Rather than treating these findings as tech-
nical limitations, we interpret them as evidence of a deeper structural complexity in
how hazards affect socioeconomic outcomes. Thus, our model describes dynamic cor-
relations rather than causal treatment effects. This distinction contributes to the litera-
ture by emphasizing the need for econometric strategies to jointly account for temporal
dynamics, spatial dependencies and latent nonlinearities. Especially in the context of
compounding hazards, the article highlights the importance of refining empirical ap-

proaches to capture these methodological dimensions of the impact of extreme events.

Our paper aligns with and contributes to two streams of literature: the impact of nat-
ural hazards on mobility as an adaptation strategy and the complex effects of hazards.
The first stream concerns mobility and migration. The literature on climate migration
is well studied and has long been analyzed (Cattaneo, Beine, et al., 2019; Hoffmann,
Sedovd, and Vinke, 2021). The vast majority of studies focus on panel studies of mostly
temperature and rainfall data (for instance, Bertoli et al., 2022; Peri and Sasahara, 2019),
with most studies focusing mainly on individual countries and relying on household-
level data (Chen, Mueller, et al., 2017; Millock, 2015; Berlemann and Steinhardt, 2017;
Groger and Zylberberg, 2016). Climate-induced migration does not appear to be more
prevalent in poorer households and there is great heterogeneity in the type of disaster
examined (Kaczan and Orgill-Meyer, 2020). Closely related to this study is the paper
by Thalheimer, Otto, and Abele (2021), Norling (2022) and Mueller et al. (2020). The
former shows for the East African context with a case study and literature review that
for human mobility, especially the context matters, notably the presence of conflicts,
social norms, and opportunities for economic improvements. Norling (2022) combines
data from the EM-DAT database with data from DHS household surveys in Africa to
study the effects of hazards on fertility trends and migration. He finds significant re-
ductions in fertility after droughts and floods. Mueller et al. (2020) use household-level
data for four East African countries and study the effects of temperature and rainfall
and their interaction on a household’s decision to migrate. For their sample, they find
little evidence of the rural push of the population in response to temperature or rain-
fall anomalies. Our study extends previous work by accounting for a broader range of
hazard types, encompassing all of sub-Saharan Africa, and explicitly modeling hazard
interactions. While we build on Thalheimer, Otto, and Abele (2021) by analyzing co-
occurrence, we extend the spatial scope. Like Norling (2022), our outcome implicitly
captures fertility through the interpolated net population data, but we actively study
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hazard interactions. Similarly to Mueller et al. (2020), we observe that some rural areas
exhibit no net population change. In contrast, our study covers a larger scale, covering

all of Sub-Saharan Africa, and includes a wider range of hazards.

The other literature to which we add is the nascent literature on cumulative and com-
pounding events. To our knowledge, this is a frontier topic, even in related disciplines
such as climate science or impact modeling. If studied, most articles focus on individ-
ual hazard classes rather than combining them (see, for instance, Kleemans and Ma-
gruder, 2018; Groger and Zylberberg, 2016; Mahajan and Yang, 2020). However, some
studies empirically analyzed the effect of interacting hazard classes, mostly in specific
national contexts (e.g. Bohra-Mishra, Oppenheimer, and Hsiang, 2014). Thalheimer,
Choquette-Levy, and Garip (2022) adds to this literature by finding that compound
droughts increase the probability of migration for the exemplary case of Nepal, Mex-
ico, and Madagascar. Related to this article are the studies by Di Falco et al. (2024) and a
current pre-print by Petrova et al. (2025). Di Falco et al. (2024) study the cumulative ef-
fects of droughts on migration decisions for five Sub-Saharan African countries. They
tind that a higher exposure to drought over multiple years increases the likelihood of
migration. The pre-print by Petrova et al. (2025) is arguably the closest related to this
article. Their study relies on the same data for net population change and studies the
effect of crop failures, storms, floods and droughts on net migration. In their baseline,
they focus on direct effects of having events, similar to this study, and later study com-
pound events. Although both papers are closely related to this one, given that they
rely on cumulative or compound events, there is a key difference. Both studies focus
on the "compound" defined as "cumulative over years". This article adds that the short-
term response to events might be present even if the events happen within, not across
years. Thus, we contribute to the literature by focusing on the interaction of hazards
rather than the cumulative effect of events over multiple years, which provides a new

perspective.

The paper is structured as follows: First, the data and descriptive statistics are pre-
sented in Section 3.2. Then, the methodology of the panel regression model is pre-
sented in Section 3.3. In this section, the article also discusses how it defines "com-
pound" events and how they are introduced methodologically. Section 3.4 presents
the results of the baseline using aggregate event dummies. Here, also robustness and
limitations of the model are assessed. Then, we extend the baseline model in Subsec-
tion 3.4.2 and introduce the notion of cumulative and compound events. Section 3.5
investigates the heterogeneity of the sample, followed by the mechanisms discussed in
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Section 3.6. The article is concluded in Section 3.7.

3.2 Data

The following paragraphs provide a brief description of the main data sources used in
the paper to estimate the effects of natural hazards on population dynamics in SSA.

3.2.1 Dependent Variable

Net Population Change The main variable of interest in this article is net population
change. The data is taken from Niva et al. (2023) and shall account for net migra-
tion. Although originally presented as net migration data, we refrain from using it as
a unique representation of net migration. The data is interpolated from census data
combined with birth and death estimates. Net migration is predicted as the difference
between the predicted population including fertility and mortality minus the observed
population, again based on interpolated population data. These changes in net pop-
ulation might strongly reflect net migration, but not exclusively. Other factors such
as census miscounts, vital statistics biases or interpolation biases in the used World-
Pop data might also influence the statistics. This might be especially a concern for
SSA, where statistical capacity might be weaker (Cameron et al., 2021). Thus, we pre-
fer to call it net population change while acknowledging that large fractions will be
explained by migratory movements. The data is provided as a noisy annual 10-km
gridded dataset, 3- or 5-year aggregates, or annual district- or province-aggregates.
We rely on annual district-level data based on the Database of Global Administrative
Area (GADM) Level 2. This allows us to retain sufficient within-annual variation of
extreme events. All districts in Sub-Saharan Africa are kept. This represents around
3863 districts during the period from 2000 to 2019. It should be noted that the inter-
pretation of net population change relies on prior knowledge of whether a district is
already "losing" or "gaining" population. A decrease in net population would indicate
that in "losing" areas more people leave an area, while in "receiving", net-positive areas
fewer people arrive. This should be taken into account. Thus, most major regression
tables split the sample into "net-receivers" and "net-emitters" as districts that over the

20-year period have seen a consistent outflow or inflow of population.
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3.2.2 Independent Variables

The article relies on data from extreme events of nine common hazards in Sub-Saharan
Africa, which are deemed important for population changes. The hazard data is taken
from Reinhardt (2024a). The original data combines open-accessible data on monthly
hazard intensities for 17 hazard classes between 2000 and 2019. Of the 17 hazards,
nine are included in this article. The selected hazards are affected by either climate
change (drought, temperature, rainfall anomalies, flood, heatwaves, storm) or poten-
tially affect agriculture (hail, locust swarms, wildfires). The data is available at a 10
km resolution for every month. In contrast, the dependent variable is defined at the
annual district level. Thus, two aggregation schemes are applied to convert the hazard
data to the year-district level. First, we convert the intensities for each 10 km cell into
binary dummies using an approach that considers whether a predefined threshold is
exceeded. In essence, this takes the following form:

oL Intensity' ), > (¥
gertm 0, otherwise
For each 10 km cell g from Reinhardt (2024a) we compute a binary dummy for each
hazard and month. Thus, for each of the nine hazards k we create for each month m,
year t, in district 7, province j in a country c located in a broader region r (like East
Africa) a binary dummy. This dummy is 1 if the intensity recorded for this hazard k in
a given month exceeds a specific hazard threshold (t()). The thresholds for each event
are specified below. Then, to aggregate the monthly-level binary dummies to an annual
level, we count the number of unique sequences. This means that if a drought lasted
three consecutive months, it is counted as a single event. If, on the other hand, we have
a gap in sequence, e.g. a drought for two months and another one three months later,
it will be counted as two sequences. As the duration of events potentially matters, we
add robustness tests to assess how our results change using a different temporal aggre-
gation regime. This aggregation gives us an annual count of events per disaster type k
at the cell level.
Second, the annual cell-level metric needs to be converted at the district level. Thus,
we compute the share of a district affected by each event. To be classified as sufficiently
important, a hazard must affect at least 20% of the physical area of a district. This is
an arbitrary cut-off point, which may cause secondary problems. For instance, 20% of
the area affected in a smaller district portrays a smaller absolute area compared to the
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20% area of a large district. Although within a district the relative impact of an event
remains the same, the absolute impact across districts can differ. To address this limi-
tation, we use alternative weighting schemes, such as population or cropland affected,
in the robustness section. Furthermore, the district-fixed effects, introduced in the next
section, reduce the potential bias induced by the cut-off as they indirectly account for
the time-invariant area of a district. So for each hazard, a district is considered treated
if at least one or more than one event during a year exceeds the intensity threshold
and covers more than 20% of the district. In the following paragraphs, the individual
cutoffs for each hazard (the 7’s) are briefly introduced along with the expectation of
how each hazard class might influence population change. Original data sources are
shown in Table C.1.

Temperature Anomalies The temperature cut-off is based on deviations from monthly
historical trends over the last 30 years. To be classified as an "extreme event" a month
needs to be in the 99th percentile of historical monthly averages. We expect that tem-
perature anomalies might reduce net population change as it might be harmful to agri-
cultural production, and thus limit possibilities to migrate. However, a rise in global
temperature has been shown to be associated with rural-urban migration (Helbling
and Meierrieks, 2023; Peri and Sasahara, 2019).

Drought Drought is a slow-onset phenomenon that is potentially harmful to agricul-
tural production. Furthermore, in many parts of SSA, droughts are quite common. To
capture upper-tail events, instead of one "extreme" drought, two thresholds need to
be exceeded. This follows the methodology of Wu et al. (2022) and defines an event
as occurring in a month when the Standardized Precipitation Evapotranspiration In-
dex falls below -1.5 in both a 3-month and a 12-month window simultaneously. This
is commonly considered a severe hydrological and agricultural drought environment.
Droughts, if they lead to agricultural losses and especially if they accumulate over time,
could lead to outmigration of the rural population (e.g., see Thalheimer, Choquette-
Levy, and Garip, 2022), thus causing a negative net population change in areas with

preexisting population losses.

Heatwave Heatwaves themselves create disamenity and can cause loss of human life,
if the local population is not adjusted to the heat (Liu, Qi, et al., 2024; Huang, Masselot,
et al., 2023). Although heat waves and temperature anomalies share that both require
abnormal temperatures, heat waves mostly strain human health and are influenced not
only by temperature but also by factors such as humidity and wind speed. Thus, they
are related, but they are separate hazard types. Heat is thus not measured in Celsius
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but in the Wet Bulb Global Temperature index. Specifically, as the input data are on
a daily level, monthly intensities are the 5-day consecutive block maxima. Given that
they are quite common in Western Africa, heatwave events must meet two criteria. A
heatwave event must have at least two standard deviations above a 30-year historical
mean, but at least an absolute value of 33 degrees. This ensures that the heat event is
historically rare and intense enough to significantly strain the human body and pose
a tangible risk to health and well-being. We include it for robustness, but it is not

expected that heatwave episodes will have tangible impacts on net population change.

Rainfall Extreme rainfall can lead to agricultural gains in arid areas if the soil can ab-
sorb the moisture; yet, it can also wash away seeds, resulting in losses and potentially
incentivizing reallocation. Rainfall events are defined as 99th percentile events over
a 30-year monthly historical mean. This shall capture only the most extreme rainfall
anomalies. Rainfall may also induce permanent migration, but to a lesser extent than
temperature (see Bohra-Mishra, Oppenheimer, and Hsiang, 2014). Thus, we anticipate

a reduction in the local population in the aftermath of extreme rainfall events.

Flood Similarly to heat wave and temperature, flood and rainfall anomalies are related
hazards but not directly identical. Rainfall anomalies are, in most cases, the primary
cause of floods, especially flash floods; however, other factors, such as dam breaks or
storm surges, can also contribute to flooding. In addition, rainfall anomalies may cause
flooding not necessarily where the rainfall hits the earth, but rather in downstream
riverbeds. Thus, we separate floods and rainfall here, in line with the findings that
households respond differently to both types of shocks (Chen, Mueller, et al., 2017).
Floods are defined using the Dartmouth Flood Observatory’s (DFO) index. The index
represents the historical rarity of an event. A flood event is defined as one in which the
index reaches or exceeds a value of 1.5. Such floods are rare and typically occur with
a probability of 1% to 5% in any given year, which means on average once every 20
to 100 years. This shall minimize areas that are frequently flooded by capturing more
extreme events. Floods have been documented to show short displacement effects, but
little or no long-term effects (see, e.g. Cattaneo, Beine, et al., 2019 for a discussion).
Thus, we expect strong short-term responses to these types of shocks.

Hail Hail commonly destroys crops and therefore can lead to losses in agricultural in-
come. Hail events are defined as months that have at least one day in which hail is
very likely. Very likely in our context means a day where the chance of hail exceeds
90%. To our knowledge, there are no studies that connect hail destruction with mi-

gration decisions. However, many papers have documented that hazard classes that
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destroy livestock and agricultural goods have the strongest impact on a household’s
decision to migrate (e.g. Blocher, Hoffmann, and Weisz, 2024). Hail may have ambigu-
ous effects, either causing the net population to remain stable if people cannot afford
to change locations, or leading to population decreases if they can afford to migrate.

Locusts Locust swarms are the only extended hazard to Reinhardt (2024a) and taken
from Food and Agriculture Organization (FAO) of the United Nations (2023). A locust
event is defined as having at least one insect that belongs to a locust swarm detected in
a district, as it could be indicative of a larger presence of locusts. Locusts are fairly re-
gional in Sub-Saharan Africa, clustered around the boundary zone of the Sahel region.
Similarly to hail, we expect that locust swarms do not lead to population changes, de-
spite the swarms destroying harvest, especially when affected individuals are unable

to migrate due to income loss.

Wildfire Several parts of SSA face frequent wildfires every year. Wildfire can cause
high air pollution and thereby infant mortality (Pullabhotla et al., 2023) or damage agri-
cultural production (Kiely et al., 2021). However, they might also be human-made if
used in a slash-and-burn farming practice. Wildfire events are defined as those where,
on average, around a fifth of a district is burned. The same concerns apply as previ-
ously mentioned regarding the use of a 20% cut-off. In the robustness section, different
cut-off points and weighting schemes are assessed. This still leaves a large treated
sample. Thus, similar to heatwaves, a secondary condition is added. This states that
additionally 10% more of a district needs to be burned than can be expected in an av-
erage (median) year over the 20-year period?. If wildfires are unanticipated and cause
significant crop losses, they can cause the displacement of the local population. Other-

wise, no effects are expected.

Storm Storm hazards are grouped here for two distinct hazards: tropical cyclones and
extreme wind. Both are short-onset events that can damage the physical infrastruc-
ture (Elliott et al., 2019) and cause significant crop losses (Blanc and Strobl, 2016). A
storm event is an event where the hourly maximum wind gusts exceed 25 meters per
second. This threshold is, for example, found for storm warnings by the European
Severe Storms Laboratory (2014). Similarly to floods, storms can have a temporary

displacement effect but little or no long-term effects.

2 As wildfire data is only available from 2001 onward, no historical deviations can be built. Thus,
anomalies are built from the median burned area over the 20-year period
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3.2.3 Other Variables

In the main part of the article, controls for rural population, cropland share, and con-
flict are added. Rural population is based on two datasets. First, the district population
count is taken from Liu, Cao, et al. (2024a). This data combines common population
datasets and fine-tunes them using statistical learning. Next, to identify urban areas,
the Global Human Settlement Urban Center Database (GHS-UCD) (Mari Rivero et al.,
2024) is added. This data compiles locations and outlines of urban centers in 2024. Ur-
ban centers are defined as having dense build-up, a population of more than 50 000
people and exceeding a minimum population density threshold. We assume that most
of these cities were already present before 2020. We recompute the population in each
urban center and compute the rural population as the difference between the popula-
tion in the GHS-UCD polygons and the total population in a district.

Cropland shares are computed as area-weighted averages of annual cropland esti-
mates from Winkler et al. (2020). Lastly, the conflict data is taken from the Armed
Conflict Location & Event Data (ACLED) database (Raleigh, Kishi, and Linke, 2023)
given that it proxies well violent riots and local conflicts, even if no state actors are
involved.

In the heterogeneity analysis, we also include data on gridded, time-invariant Human
Development Index (HDI) from Sherman et al. (2023) at the district level, calculated as
the area-weighted mean. The remoteness of districts is calculated as the average travel
time to the market towns with more than 500 000 people from HarvestChoice; Interna-
tional Food Policy Research Institute (IFPRI) (2016). All other datasets, including those
used to compute a district-specific climate vulnerability score, are described in their

respective sections.
Discussion

The final data set accounts for 3 863 districts in 44 countries and 20 years. Additionally,
the data is split into four larger macro-regions (Southern Africa, Eastern Africa, Cen-
tral Africa and Western Africa) following the United Nations Geographic Regions®.
The descriptive statistics of the sample are shown in Table 3.1. Columns (2) and (3)
divide the sample into areas that, over the 20-year period, lose population (column
(2)) or gain population (column (3)). Column (4) tests if these two splits are statisti-

cally different. On average, net-emitting regions show higher exposure to tempera-

3 Accessed 02/07/2025.
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Table 3.1
Descriptive Statistics
1) () 3) 4)
Full sample Net Negative Net Positive Difference (3)-(2)

Net Population Change (District) -1.78 -11.59 12.47 ok
(30.40) (23.20) (33.80)

Hazards

Temperature: Events 0.54 0.55 0.52 ok
(0.78) (0.78) (0.77)

Drought: Events 0.23 0.23 0.24
(0.53) (0.53) (0.53)

Heatwave: Events 0.27 0.25 0.30 ok
(0.66) (0.63) (0.70)

Rainfall: Events 0.31 0.30 0.32 ok
(0.53) (0.52) (0.54)

Flood: Events 0.11 0.11 0.10 ok
(0.31) (0.32) (0.30)

Hail: Events 0.04 0.04 0.03 ok
(0.21) (0.22) (0.20)

Locust: Events 0.03 0.02 0.03 o
(0.20) (0.18) (0.23)

Wildfire: Events 0.58 0.60 0.54 ok
(0.74) (0.75) (0.73)

Storm: Events 0.03 0.03 0.03 ok
(0.22) (0.21) (0.23)

Controls

Has Conflict? 0.14 0.13 0.15 ok
(0.35) (0.34) (0.36)

Rural Population (%) 0.88 0.90 0.84 ok
(0.23) (0.20) (0.27)

Land Use: Cropland 0.26 0.31 0.20 o
(0.31) (0.33) (0.28)

Vulnerability Score (0-100) 70.63 71.59 69.24 ok
(7.50) (6.64) (8.41)

Traveldistance to 500k (hours) 6.58 6.52 6.68 o
(5.31) (4.91) (5.84)

HDI (mean) 0.46 0.45 0.46 o
(0.10) (0.10) (0.11)

Observations 77260 45780 31480 77260

Note: p-values: *<0.1,*<0.05,*<0.01. Standard errors are in parentheses. The table
shows the descriptive statistics in the overall dataset between the full sample and the
sample being split in net-positive and net-negative population data.
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Fig. 3.1. Total Hazard Exposure of Districts in Sub-Saharan Africa

Note: Figure shows the the total number of hazard events of the nine hazards covered
in this article at the district-level (based on GADM ADM-2) between 2000-2019. Data
is based on, currently unpublished, Reinhardt (2024a). On the lower left, it shows
the number of districts and the number of events recorded over the 20-year window.
An event is defined as a month-sequence in which each month exceeds pre-specified
thresholds. The color scheme is based on Crameri, Shephard, and Heron (2020).
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ture, floods, hail events, wildfires, and marginally to storms, while net-receiving areas
see more exposure to other events. Net receiving areas also have more conflict, lower
rural population, less agricultural land, are less climate vulnerable, but seem to be
more remote. That they are more remote is due to some mid-sized cities that have a
net positive change but are quite remote in the Sahel region. Furthermore, Figure 3.1
shows that not every district is equally affected by extreme events. The figure plots
the total number of events over a 20-year interval and shows that parts of Southern
Africa, Sudan, Chad, South Sudan, and Ethiopia are relatively exposed. Most districts
during the 20-year period see between 10 and 50 events, in these districts, on average,
a negative net population is observed (shown in Figure C.1). To further investigate,
Figure C.2 provides more context on the spatial and temporal availability of hazards.
In the upper panel, it is evident that temperature anomalies, rainfall anomalies, and
drought events are the most widespread throughout the subcontinent. Heatwaves are
mainly concentrated in central and western Africa. Floods are more commonly found
along the eastern coast. Hail is localized in a few places in Africa. Locust events are
only found in the Sahel region. Storms centered around the coastal regions of southern
Africa and Madagascar, as well as parts of the Horn of Africa, are likely due to impacts
from tropical storms. Most events are available for all years, except for hail, which is
only available until 2015. Heat waves and wildfires also miss one year of coverage.
Therefore, the data has full hazard coverage for all nine events between 2001 and 2015,
and quasi-full coverage thereafter.

The data used in this article is limited in several ways, which has implications for the
interpretation of the results. First, the net population data is based on interpolated data
from various sources. The statistical capacity of ground-truth data on population, fer-
tility and mortality varies substantially across countries. These differences in capacity
are reflected in the quality of the interpolated data. This measurement error, especially
in countries with infrequent population censuses, could lead to an underestimation of
the effects of hazards on the population, particularly if the interpolated years smooth
out short-term variations caused by the hazards. Second, estimates are highly depen-
dent on accurate subnational birth and death statistics reported by national statistical
offices. Both fertility and mortality rates might change in the aftermath of extreme
events (see e.g. Norling, 2022). If these short-term fluctuations are not captured, our re-
sult may miss important short-term demographic responses. Therefore, any significant
effects we document are likely rather conservative. If the results document statistically
significant effects, despite reduced variation due to interpolation, then the estimates
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capture likely lower-bound estimates, as the true magnitude of the coefficients might
be larger in reality. To add additional validity to the data, in the robustness section, we
aggregate data at the province level, absorbing even more variation. This still broadly
confirms the main estimates, providing credibility to the results. However, given these

limitations, we refrain from making causal claims.

Second, there might be bias due to the included hazard categories. Most hazard sources
are based on reanalysis data, which refers to physical models combined with in situ
observations, and should adequately mimic global hazards. However, the resolution of
the input data varies between 70 km and 300 m. This might lead some hazard classes to
be overestimated, especially hail with 70 km resolution. In the 70 km area, not all cells
may be equally affected by hailstorms, leading to an overestimation of non-affected
cells within the 70 km area. Given the aggregation on a district level this concern
is partially alleviated given that the average district size is approximately 7,000 square
km substantially larger than the hail resolution. At the same time, hail is only available
until 2015, leading to an underestimation of events in the years after 2015. This is a data
limitation we cannot avoid, yet we still believe that the inclusion provides additional
insights in contrast to previous economic studies. Lastly, the conversion from monthly
intensities into yearly event counts may hide substantial intraannual variability and
nonlinearity. In the robustness section, it is assessed whether this is indeed the case by

using annual maxima of intensities rather than event sequences.

3.3 Methodology

Estimating the effects of treatment in hazardous environments is a challenging task
from an empirical perspective. An ideal model needs to accommodate a variation of
conditions: First, while depending on the hazard type being seasonal or random in
time, a common similarity across hazard classes is the likelihood of reoccurring in the
future. Thus, empirical models need to allow for treatment reversal. Secondly, in an
optimal methodological setup, one could consider the variability in outcome responses
due to individual hazard intensities, coupled with their dynamic interaction with the
intensities of other hazard classes. Lastly, following the concept of "constructive de-
struction” in the literature, disasters can influence the economic growth trajectory of
an affected area. An ideal model takes this temporal dynamic into account.
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3.3.1 Baseline Model

This article relies on time-dynamic treatment models in a panel with three sets of fixed
effects to establish a connection between hazard exposure and net population change.
Although far from perfect, this type of model allows, under fairly strict assumptions,
for treatment to recur multiple times and for interactions between different hazard

classes to be accommodated. The baseline model is build on the following equation:

L
k )
Yijert = Bo+ BiDfir, 1+ Y BiTir sy + VXijert—2 + A+ A+ At + €jen (3.1)
=1

1k
The outcome Y measures the net population change per 1000 people in district i, province
j, country ¢, geographic continental regions r (West, East, South and Central Africa)
and year t. The Dl(;z)r,t_l is a binary dummy that is one if at least one event of type k
took place in t — 1. The model is rerun for every specific hazard k. Treatment is defined
as having an event sequence exceeding pre-specified thresholds in at least 20% of a
district. In contrast to previous studies, the model also controls for "background stres-
sors". These are entered as T variables and refer to other hazards that exclude k (I # k)
that could also have occurred. They shall reduce the risk of omitted variable bias and
serve purely as controls. These variables are added as additive cumulative counts of
all other hazards that are not k. Thus, each cumulative count for the L hazards has its
own coefficient. The vector X represents the control variables. In particular, it accounts
for the share of the rural population, the share of cropland, and a dummy that has had
a violent conflict. Rural population aims to proxy the "rurality" of a district. Migration
and population change might be an important migration strategy for the rural popula-
tion (Beine and Jeusette, 2021; Hoffmann, Sedové, and Vinke, 2021). Similarly, a higher
agricultural dependence, measured by the share of cropland, could influence a mi-
gratory response through agricultural income (Blocher, Hoffmann, and Weisz, 2024).
Conflict, especially in connection with extreme events, might influence migratory deci-
sions, and therefore should be taken into account (Thalheimer, Otto, and Abele, 2021).
Thus, these three controls are included to account for the influence of these categories.
However, following Dell, Jones, and Olken (2014) and Hoffmann, Sedové, and Vinke
(2021) these controls might represent bad controls, as rural population and conflict are
likely strongly correlated with natural hazards and obfuscate somewhat the direct ef-
fects of hazards on migration. To minimize the risk that they serve as mediators for
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the treatment effect, they are lagged by two periods. The term A; accounts for district-
tixed effects. They control for time-invariant district-specific characteristics such as
geographic characteristics (mean elevation or proximity to borders) as well as cultural
and historical norms that might be important for fertility and population trends. Time
tixed-effects (At) control for joint common temporal shocks such as global commodity
price shocks. Inclusion of these fixed effects are common in the literature (see e.g. Dell,
Jones, and Olken, 2014). Additionally, we control for sub-continental region times year
tixed effects (A,x¢). These sub-continental region (e.g. West Africa) are interacted with
annual dummies to control for macro-climatic variation. Many large-scale climate phe-
nomena, such as the well-known El Nifo, often show similar characteristics in broader
continental regions. For example, it might cause widespread drought conditions in
Southern African countries, but not equally across all of them. If not controlled for,
these factors remain in the error term and potentially influence the occurrence of ex-
treme events, thus serving as omitted variables. Standard errors are clustered at the
province level to allow for the within-province correlation of the error term. Provinces
are defined based on the Database of Global Administrative Areas (GADM) Level 1.

Identification

The main coefficient of interest is 1. It measures the short-run, homogeneous marginal
effect of being exposed to a certain type of extreme event controlling for contempora-
neous cumulative exposure to most other hazard events. Identification in this model
originates from the random treatment timing and relies particularly on the strict ex-
ogeneity assumption. The method assumes that each treatment, conditional on the
controls, background stressors and fixed-effects is orthogonal to the standard errors
over all periods. Following Imai and Kim (2019) this implies that there are no ex-
cluded time-varying confounders, there is no feedback from past outcomes to current
treatment nor carry-over effects meaning that past treatment affect current outcome.
Lastly, past outcomes are independent of current outcomes. Although extreme events
are plausibly exogenous in their occurrence, violations of strict exogeneity may still
arise if events are anticipated (e.g., via early warning systems) or have persistent ef-
fects that extend beyond the treatment window. The next section discusses threats to
identification, including those that challenge the strict exogeneity assumption.

The first and most discussed issue is the concern of model misspecification, especially
through omitted variable bias. If unobservables remain in the error term and have
an effect on net population change and treatment or controls, the effects are biased.
Following Hogan and Schlenker (2024) this is of particularly concern if treatment de-
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scribes short-run weather events if variables that belong to the same distribution of
the weather event are not included. An example would be agricultural studies that
use temperature as a treatment, but omit the consideration that soil moisture could
also have an impact on the outcome. We believe that this is of a lesser concern in this
study, given that each model controls for the presence of other hazards, potentially
drawn from the same district-specific distribution, and by the inclusion of the three
sets of fixed effects. Furthermore, given that the events are aggregated at an annual
level, much of the variation is lost. However, as in many macro-level migration stud-
ies, a small concern remains regarding omitted variable bias. Furthermore, our model
might be misspecified due to not capturing non-linear effects. In the current model, ho-
mogeneous treatment effects are estimated. However, hazards might have important
non-linear effects, which are left unaccounted for in Equation 3.1 and remain in the er-
ror term. In the robustness section of the baseline, we test in a simple manner whether,

when using duration instead of binary treatments, duration enters nonlinearly for each
hazard.

A second concern is the violation of the Stable Unit Treatment Value Assumption
(SUTVA). It assumes that being treated is consistent across units and there are no
spillovers, peer effects or other unobserved heterogeneity. We assume that anticipa-
tion plays only a minor role, given that early warning systems are not universally
available in Sub-Saharan Africa, especially in rural, underserved districts. However,
temporary displacement of populations and long-term decisions to move after haz-
ards might cause rural-urban migration (see, e.g. Adger et al., 2020). This would cause
spatial spillovers. To assess this, we run a Spatial Durbin Error Model (SDEM) in the
robustness section and find that, unsurprisingly, spatial spillovers are indeed found for
some hazards. Thus, while Equation 3.1 assumes that SUTVA holds, in reality, there is
a risk that part of the captured effects are driven by spillovers from nearby districts.

Third is the concern on selection into treatment. Natural hazards may be random in
time, but not necessarily random in space. As Figure C.2 visualizes, especially the
storm and locust events are clustered among certain parts of Africa. Using the full
sample of untreated units leads to a comparison of units that could vary substantially
in their respective risk of exposure. Thus, we add a robustness check to see if the
results are comparable, accounting only for units that have at least one treatment over

the 20-year window.

Fourth, there is the concern of temporal heterogeneity. As Equation 3.1 only captures

a one-year lag, it omits other dynamic treatment dimensions as it assumes treatments
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take a year to fully influence net population change. However, dynamic effects might
have shorter or longer effects than just a single year. If excluded, these dynamic treat-
ment variables will remain in the error term, potentially biasing the results. Applying
one of the more recent event study estimators, among others, those by Callaway and
Sant’Anna (2021), Borusyak, Jaravel, and Spiess (2024), and Wooldridge (2021) may be
a solution to the problem. While allowing for the capture of dynamic effects and the
establishment of valid control groups, despite their use in the literature, we argue that
they do not fully apply to our setting. This is notably because, in most cases, units that
are treated once will be treated multiple times over the 20-year horizon. Baker et al.
(2025) discuss that predominantly three models allow for such treatment reversal, no-
tably the work by De Chaisemartin and d’Haultfoeuille (2024), Imai, Kim, and Wang
(2023), and Liu, Wang, and Xu (2024). The estimators rely on different assumptions
(e.g. limited carryover assumption as Imai, Kim, and Wang (2023)) to tackle the issue
that there is not a unique treatment but rather a unique sequence of treatments (e.g.
0,1,0,1,1). To our knowledge, the least restrictive estimator allowing for reversal is the
estimator by De Chaisemartin and d’'Haultfoeuille (2024), which will be used here for
robustness. While fairly flexible, this estimator still relies on a generalized version of
the parallel trend assumption, specifically that if two districts are treated at the same
time, their expected path on the outcome would be the same in the absence of the treat-
ment (in our case conditioned on the fixed effects and controls). This assumption likely
fails in reality, given that net population change and net migration follow a multitude
of influencing factors such as social networks, cultural norms or crop diversification,
each of which could cause deviations from parallel trends. In addition, every event
might lead to different growth trajectories causing diverging trends over time. This
challenges causal identification, particularly in disaster studies as the number of clean
"pre"-trends shrinks. However, we include this robustness test to evaluate whether
temporal dynamic effects drive the results in our baseline model. Furthermore, al-
though strong, we assume that the conditional parallel trends assumption holds in
the baseline specification. That is, conditional on district, year, and region-year fixed
effects, together with included controls, treated and untreated districts would have
evolved similarly in the absence of an event of type k. Lastly, as the baseline model

does not rely on a causal estimator, we do not claim causality.

Finally, the estimated model might suffer from covariate bias, meaning that treatment
effects are explained by covariates included. This is especially a concern if the treat-
ments themselves are strongly correlated. Figure C.3 shows that the correlation exists,
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but is with a maximum of 0.3, which is never extremely large®*.

In general, identifying the causal effect of hazards on outcomes is a difficult task. Not
only does each hazard influence population trajectories through a variety of factors,
but the recurrence of hazards, their spatial spillovers, and the potential nonlinearities
of impacts make it challenging to truly claim causality. Along with the interpolated de-
pendent variable, this article does not claim causal identification. Instead, it provides

insights into the dynamic correlation of hazard events on net population change.

3.3.2 Extended Model

The estimated Equation 3.1 substantially oversimplifies the real-world environment.
The coefficient D is shown as binary in having at least one event of class k. How-
ever, in practice, having one or having five events might have fundamentally different
impacts. Alternatively, effects might also become stronger if multiple hazard types
co-occur. Mostly due to the progress of global warming, climate stressors occur more
frequently simultaneously or in rapid succession to each other (Seneviratne, Zhang,
et al., 2021). In this extension to the baseline model, we will separate these three treat-
ment regimes. This follows broadly the notion of Zscheischler, Martius, et al. (2020)
that discusses so-called compound events. They discuss different forms including
temporal compounding events (the succession of various events in the same region)
or spatially compounding events (multiple events happening at the same time but at
different places). These events can be of the same type or of multiple types (so-called
"multivariate"). We focus primarily on the notion of temporally compounding events
here. The three treatment regimes are therefore: first, single events are hazards where
only a single time within a year window a sequence has been detected, where thresh-
olds are exceeded. The creation is identical to the one used in the previous part. An
example is a storm that is recorded in a given year. Second, cumulative events are haz-
ards of the same type when more than one sequence is recorded in a given year, in
all thresholds have been exceeded. Again, creation is conducted as before. An exam-
ple would be a district that sees two floods in a given year. We do not distinguish
between the timing between each event, which might also be important. However,
to be considered, there must be at least one month between each sequence where the
threshold is not exceeded. Third, compound events are defined as the joint occurrence

4 The figure does not show the significance of correlation given that mechanically a large number of
observations will almost always cause Pearson correlation to turn significant.
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of two different hazard types within a one-month window, where both events exceed
the predefined thresholds. More details are provided in subsection C.3. An example is
the common co-occurrence of a flood and storm during the landfall of a tropical storm.
To avoid double counting, single events and cumulative events are mutually exclusive,
as well as, if a compound event is recorded, this sequence is subtracted from the other
two events. This means that if a year experiences both a flood and a storm, but they
overlap, neither the flood nor the storm is recorded individually; only the compound
flood-storm interaction is included. An overview on the hazards is shown in Table C.2.
Looking at the fraction of events by year for any of the three types in Figure C.4, such
"compound" events account in most years for more than half of all events motivating

the study of their impact more in-depth.

To include all these coefficients, a full extended model is specified as:

Dk (>1) py(k>1)
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Multivariate interactions

The updated model retains the same fixed effects and controls as the baseline model.
However, instead of having only a single treatment dummy, all coefficients are added
at once. D! is a dummy for each of the nine types of hazards and equals one if only
a single hazard has been recorded in a given year. D¥>1 is a dummy equal to one if
more than one event of hazard type k has been recorded in year t — 1. Finally, D*!
provides all unique combinations of pairs of two different hazard types and equals 1 if

in a given year two hazards co-occurred at the same month.

The adoption of this model goes beyond simply showing that single events, cumula-
tive events and "compound" events are different. We expect that single events (,6,((1))

have weak effects on net population change, especially through migration®.

Some
events, especially destructive ones might force people to migrate, similar to those that

destroy sources of income. Cumulative events (8;!) might amplify the direct effects.

5> Given that net population change is P, 1 = Pt + B — Dy + M; where P is population, B is birth
rate, D is death rate and M is net migration and B and D evolve usually rather slowly, large parts of net
population changes can be attributed to migration.
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If, however, areas with repeated exposure are more adapted to these shocks, cumu-
lative events might also reduce net population change. Households might be able to
absorb a single event, but repeated events might exceed the maximum welfare losses
that households might be able to absorb. A discussion on such capacity can be found
in Hallegatte (2014). Finally, compound events (,B,({é”t)) might have fundamentally dif-
ferent effects. The coefficients might be negative if two co-occurring events amplify the
damages. For example, a storm and a flood, commonly found in the landfall of tropical
cyclones, may amplify the damage caused by the wind alone. In contrast, some com-
binations might offset each other’s effects on the population. For example, a rainfall
shock in the Sahel zone following a locust outbreak could help offset some of the neg-
ative effects on crops, thus limiting the effects to if the locust swarm had been present
alone. This complexity that events might amplify through cumulation but be offset in

case of interactions motivates us to study these three separate treatment regimes.

The same identification concerns discussed above apply. Additionally, there are two
further noteworthy concerns. First, as shown in Table C.2, some combinations are ex-
tremely rare. Thus, in the final regression model, events with less than 30 treated units
are excluded. These hazard pairs are likely statistically underpowered, causing wrong
test statistics, but they increase the likelihood of overfitting the model. Second, having
48 coefficients in the model risks overfitting and causing imperfect multicollinearity,
which means strong correlation between the individual coefficients that inflates stan-
dard errors and obfuscates treatment effects. Thus, as robustness, we apply the Post-
Double Selection Lasso regularization of Belloni, Chernozhukov, and Hansen (2014)
and implemented by Ahrens, Hansen, and Schaffer (2024) on each coefficient itera-
tively. This will retain for each treatment dummy only those variables that are jointly
important for both the net population change and the treatment dummy. The pro-
cedure shall ensure a valid variable sample for inference that minimizes the risk of

overfitting.

3.4 Results

Having introduced the baseline and the extended model in the following pages, we
will present the baseline results, interpret them, and test for their robustness. Next,
as described above, we will split the binary treatment dummy into three distinct parts
and present the results. Finally, the extended full model tests for heterogeneity and
tests four proposed mechanisms.
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3.4.1 The Effects of Being Exposed on Net Population Change
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Fig. 3.2. Baseline Estimates by Hazard Type

Note: *** (.01, ** 0.05, * 0.1, + 0.15 pval. The figure shows by each of the nine hazard
types the results of Equation 3.1. It moves from less restrictive models to more restric-
tive ones. TWFE: two-way fixed effect with district and year-FE. HC: Hazard controls,
which control for cumulative background stressors. RYFE: Continental Region-year
fixed effect. Controls: control for 2-year lagged rural population, cropland share, and
conflict dummy. Lag(Y) lags net population change by one period. KGYFE: replaces
continental region-year FE with agriclimatic Koppen-Geiger times year FE. Data is
taken from Beck et al. (2023). CYFE: country-year FE models. The N indicates the
number of districts that ever have this event. All models cluster standard errors at
the province level.

The baseline model, along with different model specifications, is shown in Figure 3.2.
The models start with simple two-way fixed effects (the hollow circle on the left) and
gradually add background controls (the small x), region-year fixed effects (the squares)
and finally the other two-year lagged controls for rural population share, cropland

145



Chapter 3. Crisis-Driven Mobility

share, and conflict presence (the triangle). This is the baseline model described in Equa-
tion 3.1. Of all nine hazards, only flood, storm, hail and wildfire show any significance.
Floods reduce the net population change significantly by around 1 per 1 000. Hail be-
comes only significant after controlling for region-year FE. Hail events tend to increase
net population change by around two persons per 1000. Wildfire has large and sig-
nificantly negative coefficients until controls are added. This might suggest that areas
prone to wildfires are also likely to experience conflict or significant fluctuations in the
rural population. Similarly, the storm remains significant at a 10% level until controls
are added, reducing the coefficients to only significance at a 15% level, below standard
norms. Next, we add additional specifications. First, we add a lagged dependent vari-
able in the regression model to turn the regression model into a dynamic model® shown
as a rhombus. The results are comparable to the baseline. Next, instead of continen-
tal region-year fixed effects, agriclimatic zone-year fixed effects are added, indicated
by the plus symbol. These zones, based on the Koppen-Geiger classification, shall ac-
count for large-scale agricultural suitability. Interacted with time, it absorbs variation
specific to these agriclimatic zones. It is used as a robustness to geographic region-year
fixed effects assuming that instead of geographic regions, large-scale atmospheric con-
ditions might influence agricultural zones rather than geographic ones. Flood becomes
insignificant, as does hail. In contrast, wildfire and storm turn significant again. This
means that likely part of the variation originally captured by floods and hail is due to
large-scale geographic trends. Wildfires and storms can affect larger areas within geo-
graphic regions, rendering coefficients insignificant once their variation is absorbed by
the fixed effects. Agricultural zone times year fixed in contrast can vary largely within
each geographic region, leaving more variation to make the coefficients significant.
Lastly, we also add country-year fixed effects, which is indicated by the round circle.
Although this seems a natural way to control for country-specific variation, a problem
is that some hazards have a broad spatial scale. While country-year fixed effects work
well for countries that stretch extensively (such as Nigeria, South Africa or Mali), for
small countries (such as Burundi, Rwanda, Lesotho) most of the annual variation is
absorbed leaving none to identify treatment effects. Thus, we exclude country-year

fixed effects and continue with region-year fixed effects.

Net population change is complicated to interpret as it depends on whether areas gain

6 We are aware of the risk of the so-called "Nickell bias" that might arise from adding a lagged de-
pendent variable. However, we do not believe that this will fundamentally change the results given that
the time dimension is fairly long
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or lose population. For instance, a decline in net population could mean two possible
channels: in areas that see on average more people moving in, it indicates a reduction
in the number of people moving in. In contrast, areas that are losing local population
would mean more people leaving the area. Thus, to better understand whether results
are indicative of in-migration or out-migration, the sample is split into districts that
are net receivers over 20 years (with positive net population change) and net emitters
(with negative net population change). The results are shown in Figure C.5. Splitting
the sample reveals that, at a 10% level, only flood and hail remain significant. Floods
lead to negative net population change, especially in net-emitting regions. Thus, floods
appear to lead to out-migration, potentially through temporary displacement. Hail
leads to an increase in net population change, indicative of an increase in in-migration.
A conjectured hypothesis here is that if hail destroys crops, it might incentivize people
to relocate to economic centers that absorb the farmers who lost their income due to
hail. In general, the results point to a surprising picture in addition to floods and
hail, and none of the expected hazard events show substantial effects. Later, we will
highlight why this might be the case.

Robustness of the Baseline Model

In the following, several robustness checks are conducted for the baseline model. The
results are shown in the Appendix.

Functional Misspecification First, we assess whether the functional form used is cor-
rect or misspecified. At the same time, it is tested whether using sequences instead of
monthly hazard counts changes the baseline result. Table Table C.5 shows the use of
monthly counts rather than sequences as treatment variables. Flood and hail show a
similar direction as in the baseline, but also show nonlinear effects, where more pro-
longed floods turn coefficients more positive, while the opposite is true for hail. Pro-
longed exposure to temperature appears to have a linear effect. The turning points to
see declining effects is only found for around a quarter (floods) and less than 10% (hail)
of all events. This means that the baseline holds for the majority of events in terms of
functional form. However, for most upper-tail events, some of the effects found might

be reversed.

Violation of the SUTVA Assumption The model could be biased if anticipation is
present or spatial spillovers exist. Although anticipation is difficult to assess in the

current setup, we assess bias from spatial spillovers. Spatial spillovers from natural
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hazards have been documented several times in the literature (e.g. Conigliani, Costan-
tini, and Finardi, 2022; Felbermayr, Groschl, et al., 2022). To test for this violation, we
run a Spatial Durbin Error Model following Anselin (1988). This enables us to dis-
tinguish between direct effects and spatial spillover effects. The results are shown in
Table C.6. There are documented spillovers, especially for temperature anomalies and
droughts. Where some of the effects are offset, if neighboring districts are also affected.
Floods seem to matter mainly locally. Locust swarms, given the high spatial clustering
around a few parts of Africa, become strongly significant, where shocks cause large
increases in net population change. Lastly, accounting for spatial spillovers hail be-
comes insignificant, highlighting that some hidden spatial dynamics might drive the
results. Overall, this suggests that SUTVA may be violated due to the presence of
spatial spillovers. Thus, our baseline estimates partially capture the spillover effects
from neighboring districts, especially for temperature anomalies and droughts. Thus,
the proposed findings must be interpreted with care and not as causal, but rather as a
correlation.

Selection into Treatment In the baseline model, the chosen comparison group also
includes districts that are neither at risk nor ever exposed to the specific hazard under
consideration. To see if the results change, we condition the regression on having had
at least one event of the hazard over the 20-year period. The results are shown in
Figure C.9. The results are comparable and become slightly more significant, especially
for hail.

Micro-sample Validation To validate the results, micro-level data on migration de-
cisions of households are added. To this end, the World Bank’s LSMS-ISA data for
Nigeria is utilized, capturing three waves of household surveys. Then, using a logit
model with controls similar to Di Falco et al. (2024), the effects of having had a hazard
event on the likelihood of having a migrant are investigated. The results are shown
in Figure C.11. In particular, floods and droughts significantly reduce the likelihood
of migration. Given that this translates to reduced out-migration from a district, this
means a positive net population change. Hail has little to no effect because only a few
parts of Nigeria are exposed to these types of events. This test highlights that especially
drought and flood influence migration and thus net population change. Hail might
still have effects on the whole continent sample, but for the specific case of Nigeria this
does not seem to be the case. In addition, it is discussed what happens if the shocks
accumulate over time. Instead of "within-year" cumulation as in the rest of the paper,

here, "across-year" cumulation is studied. This means what happens if a certain hazard
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appears multiple years in a row. It is found that, especially for temperature anomalies,
these types of cumulative multi-year events have rather large effects. Unlike the ar-
ticles by Petrova et al. (2025) and Di Falco et al. (2024), this type of cumulative event
is not at the center of this article. However, we acknowledge that the effects might

amplify once the repeated exposure is taken into account over multiple years.

Dynamic Treatment Effects The baseline model assumes that treatment takes a year
to impact net population change. However, the impacts are likely more direct or take
more time to manifest. To assess this, a dynamic event-study estimator by De Chaise-
martin and d’"Haultfoeuille (2024) is used on each of the nine treatment dummies. This
estimator is one of four current difference-in-difference estimators that allow treatment
to be turned on and off over multiple years. The results, shown in Figure C.10, reveal
two main findings: first, anticipation of treatment appears to be limited to tempera-
ture anomalies, where clear pre-trends are observed. Second, our baseline may miss
dynamic carry-over effects for wildfires and storms that start one year after the event
and continue onward. Thus, a minor part of our documented coefficients for these two
events might be driven by carryover effects from previous treatments. For floods, only
the year after the event is significant, confirming the baseline results.

Other Robustness Checks Additionally, it is assessed if large outlier districts drive the
main results by using a 1 and 5% winsoring of the outcome variable in Figure C.13.
This appears not to be the case. Next, it is assessed whether the secondary condition
that at least 20% of a district needs to be affected by changes results in Figure C.14. It
appears that the significance of hail is marginally dependent on the threshold picked,
but broadly holds. Lastly, Figure C.15 aggregates the results at the provincial level
to see if results hold on a broader geographic scale. Hail becomes insignificant, but
wildfires, flood and droughts show significant changes in net population, especially in
net-receiving (droughts) and net-emitting (wildfires) provinces. This hints that these
hazard have likely broad-scale impact dimensions that affect population beyond the

district-level. Hail, in contrast, might have more local effects.

The robustness checks aim to stress test the validity of the baseline model. They re-
veal evidence of nonlinearity for a small subset of events and hidden spatial spillovers
for temperature and droughts that are not accounted for in the baseline. They thereby
emphasize that the chosen baseline model simplifies reality. This reconfirms the initial
assessment made that the findings presented shall serve as suggestive patterns rather
than causal estimates. However, these robustness tests reveal two important take-
aways: first, the spatial interdependence reveals a migration and displacement story.
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Changes in net population in one district impacted by shocks in another indicate the
presence of migration in response to shocks, being part of a migration-as-a-response
story to shocks. At the same time, the nonlinearities reveal in parts that the response
to exposure depends on its intensity, meaning that different levels of asset or crop de-
struction might lead to different population change responses. Some of the violations
found actually hint strongly at hidden mechanisms. Some of which will be tested later.
Second, these tests stress that future models need simultaneously to account for non-
linearities, spatial spillovers, as well as the dynamic treatment dimensions. To our
knowledge, no current model allows us to account for all three simultaneously. How-
ever, they also confirm that natural hazards do cause changes in net population, and
the presented effects are averaged effects. In the following paragraphs, we will elabo-
rate on another aspect of the model, specifically the treatment itself.

3.4.2 Extending the Baseline: Introducing Three Treatment Regimes

Up until now the models presented are build on Equation 3.1. They account for a
treatment of interest, where an event is defined as having occurred at least once in a
year. This oversimplifies reality. It may matter whether you experience a single flood,
multiple floods in a year, or a combination of a flood and a heatwave in the same

month. In the following paragraph, we rely on Equation 3.2.

Figure 3.3 shows the effects of splitting the regime into three parts. For compound
types, the three most significant compound types are shown. In the following para-
graphs, many coefficients are shown, yet not all will be discussed in-depth. Instead,
patterns will be described. Figure 3.3 shows the effects by hazard type and event type.
Two results stand out: first, at the baseline, we find the strongest impact for hail and
floods. Figure 3.3 shows that while for hail, single events are indeed the main driver
of the results, the negative effects of flood are mainly driven by interactions. This is
primarily due to compound flood and temperature events. Second, only for very few
hazards are single events themselves significant. Only hail increases the net population
change, while storm decreases it. For cumulative events, only temperature anomalies
reduce the net population change by -0.8 people per 1000. However, many significant
effects are found once accounting for the compounding nature of events. The direc-
tion of the coefficients is also sometimes reversed if compound-effects are found. The
main takeaway is that spatially compounding events matter and part of the individ-

ual effects documented are explained by compound events occurring within a given
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year. These compound interactions should be regarded as "new" events, given that,
depending on the combination, the direction of the effects on net population change is
strongly influenced. A complete list of all interactions can be found in Figure C.6.

Temperature Drought Heatwave
Single Single Single
Cumulative Cumulative Cumulative
% Flood * Hail x Hall
x Rainfall x Temperature x Locust
% Heatwave x Heatwave % Flood
Rainfall Hail
Single Single Single
1
Cumulative Cumulative Cumulative
x Storm x Temperature x Heatwave
x Temperature x Heatwave x Drought
* Hail X Storm * Rainfall
I
Locust Wildfire
Single Single Single
Cumulative Cumulative Cumulative
¥ Heatwave ® Storm ¥ Rainfall
x Flood x Heatwave x Wildfire
x Temperature x Hail x Temperature

Fig. 3.3. Effects by Hazard Type

Note: *** 0.01, ** 0.05, * 0.1 pval. The figure shows the marginal effects of being
exposed to single events, cumulative events (more than one event of the same type
within a year) or a compound event (both events occur in the same month). Insignif-
icant results are shown as gray bars. Only the three most significant and largest com-
pound events are shown. All models include district-, year- and continental region-
year fixed effects as well as controls for rural population, cropland share and presence
of conflict. Standard errors are clustered at the province level.

As in the baseline, the net population change itself is insufficient to explain whether
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areas see net losses in population or net gains. Thus, the results of Equation 3.2 are
split into net-receiving and net-emitting regions. Figure C.7 splits the results into these
two types. At first sight, the number of findings might be overwhelming. In general,
more significant effects are found in net negative regions, likely because larger parts
of Africa are net emitters rather than net receivers (see Figure C.8 to see which regions
are net recipients). Net-receiving areas experience an increased inflow after cumula-
tive floods, cumulative rainfall anomalies, and combinations of storm-temperature and
storm-drought events. All other effects either reduce inflow or are not significant at all.
This is in contrast to net emitting regions, where cumulative floods lead to increased
outflows, but drought- and temperature-storm interactions reduce it. In general, there
are more compound types that increase net population losses, likely through migra-
tion, in net losing areas. In any case, temperature-flood interactions and drought-storm

events show large short-term effects on net population change.

Before proceeding to discuss the robustness and heterogeneity of these findings, it
is worthwhile to take a moment to interpret what has been described above. Many
climate events, especially compound events, are drivers of negative net population
change. In other words, they might drive displacements. The major driver, indepen-
dent of net-emitting or net-receiving areas, is flood-temperature interactions, as their
impact can jointly affect both agricultural income and physical assets. In net-emitting
regions, many compound events exhibit an increased loss of population, highlighting
underlying displacement pressures, often reflected in patterns of rural-urban migra-
tion as households move in search of more secure livelihoods and improved infrastruc-
ture. Many of these events involve hydrological events (floods or rainfall). Contrary to
the initial analysis for single events only, here, single events rarely matter. In contrast,
cumulative sequences of the same type or co-occurrence of different hazards might
matter. The presented analysis provides insightful information on the short-term re-
sponse of the population to different shock regimes and emphasizes the importance of
accounting for compounding events or cumulative events that occur within the same
year. Future models may also want to study the long-term dynamics of these effects,

especially if the recovery from such shocks varies by the type of interaction present.

Robustness of Extended Model

Selection of Variables A key concern with the proposed model is that the inclusion of
so many coefficients may lead to imperfect multicollinearity and noisy estimates. To
test if the results hold using only the most relevant coefficients, a Post-Double Selection
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Lasso estimation is conducted following Belloni, Chernozhukov, and Hansen (2014)
and implemented using Ahrens, Hansen, and Schaffer (2024). Hereby, iteratively, only
the most relevant hazard types are used, allowing for a "cleaner" comparison. More
information is given in subsection C.5. The results are shown in Figure C.16. Over-
all, the direction and stability of the main coefficients (notably temperature-flood and
drought-heatwave) provide evidence that excluding irrelevant coefficients does not
substantially change the main findings of the previous section. Changes in magnitude
might be attributed to the partial correlation between some hazard classes, which is

reduced due to the double selection procedure.

Definition of "Compound" To our knowledge, there does not exist a single clear defini-
tion of what "compound" event captures in terms of timing. Papers such as Di Falco et
al. (2024) and Petrova et al. (2025) define compound as the cumulative recurrence of the
same event over multiple years. In the case of tropical cyclones, wind damage can be
compounded by extreme rainfall and flooding within hours or days, as illustrated by
Zscheischler, Martius, et al. (2020). We use a rather conservative definition, stating that
they must occur in the same month. To compare the effects, we build interaction terms
between occurrences within the year and compare the results with the shown model.
This shifts the "compound" definition to a "sequencing" definition, where two events
occur at any time within the year. The results of the within-year definition are shown
in Figure C.18 and discussed in subsection C.5. However, the changed definition to
within-year shows a similar direction of coefficients and magnitude in parts smaller
than in the baseline. Some events, such as flood-wildfire interactions, become signifi-
cant once a longer timing interval is allowed between events. In general, the findings
affirm that the baseline effects are not strictly driven by the definition of "compound"
events. However, changing the definition to an annual level also moves the interpre-
tation away from "compounding" to more sequentially compounding or cumulating

events that have different, potentially weaker effects.

3.5 Heterogeneity of the Full Model

So far, the only subsample tested is to study if an area is "net-loosing" or "net-receiving"
in terms of population change. However, one might expect different effects also de-
pending on the type of district. In the following, we discuss four different potential
sub-samples that might provide insights into where and why the effects described

above manifest.
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Urban Areas The first heterogeneity tested is by urban versus non-urban areas. Cli-
mate change and shocks have been shown to drive urbanization and displacement
(e.g., Castells-Quintana, Krause, and McDermott, 2021; Cattaneo and Peri, 2016), while
urban areas themselves are increasingly exposed to climate risks (e.g., Rentschler, Avner,
et al., 2023). However, due to stronger adaptive infrastructure, more diversified sec-
toral composition and better access to public services, urban areas may absorb shocks
more effectively than rural regions. We expect net population change to be more neg-
ative in non-urban areas due to out-migration, whereas urban areas—despite their ex-
posure—may see stable or rising populations,” reflecting their role as migration hubs.
Columns (1) and (2) of the Table C.3 condition Equation 3.2 into districts with and with-
out major cities to test for heterogeneous effects. The data on cities is derived from the
GHS-UCD database (Mari Rivero et al., 2024) and captures dense urban areas. Dis-
tricts that do not have a city, which are likely more rural areas, show, on average, a
stronger magnitude in coefficients (positive or negative), suggesting greater volatility
in net population change. For example, the effect of net population change follow-
ing a single storm is -2.08, almost double the effect of districts that have a city (-1.17).
The type of hazards that matter also slightly changes. Although districts with cities
experience a strong increase in net population change after temperature-storm (+4.36)
and drought-storm (+3.49), those without correspond most strongly to hail-heatwave
(-7.24) and heat-wave-locust (-7.23), both of which are potentially damaging to agricul-
tural production. Both types respond negatively to temperature-flood combinations.
Similarly to previous findings, single events have small or no effects on net population
change, suggesting that some of the effects found in the literature on rural temporary
displacement might be largely driven by compound events. The main takeaway is
that in both types of regions, compound effects matter; however, rural areas without
cities exhibit more volatile, potentially migration-responsive effects. Later, it will be
assessed if this might be due to agricultural losses. Districts with cities respond espe-
cially to certain compound combinations that often involve temperature-related events

and storms, which should be taken into account in adaptation strategies.

Poverty The second heterogeneity tested is poverty. Poorer regions and households
may have less absorptive capacity against climate shocks and therefore respond differ-
ently. Poor population has been documented to respond differently to climatic shocks
(see Cattaneo, Beine, et al., 2019). Following this, the effect on net population change is

7 Most urban areas show net positive population trends, suggesting they serve as destinations for
intra-national migration.
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ambiguous: poorer people may have stronger incentives to migrate but fewer financial
resources to do so. Given this limited capacity to cope, we expect a reduction in net
population—trapping poorer individuals—while wealthier areas may show little to no
effect. To compare the results, we use the relative wealth index of Chi et al. (2022) at
the district level and split districts in the country of being above or below a country’s
median in terms of wealth. Columns (3) and (4) of Table C.3 show the results. For
poorer regions, the single hazard that matters is hail (+3.99), which increases the net
population change. Floods, especially in combination with temperature anomalies and
heatwaves, lead to a reduced net population change. Poorer areas show, on average,
more negative effects in response to compound events. Richer regions, in contrast,
show a higher variability of coefficients. For instance, the range from the smallest to
the largest coefficient is seven units (flood temperature to drought storm) in poorer
areas, but around 10 units (flood temperature to heat wave-wildfire) in richer areas.
Poorer areas, thus, might be more vulnerable to compound events causing effects to be
more negative, especially after flood- and heat-related events. Richer areas might have
a higher absorptive capacity, thus exhibiting larger positive coefficients, which in turn
causes greater variability in coefficients. As discussed above, compound events seem

to be more driving results rather than single events.

Climate Vulnerability So far, urban status and relative wealth have been investigated.
Next, we assess distinction by climate vulnerability, which is a related, albeit broader
concept. Often, climate vulnerability is equated with poverty, which falls short of
capturing the full dimension of vulnerability (Doan et al., 2023). The vulnerability of
households to climate events may limit their ability to cope with extreme events due
to factors such as adaptive capacity, total income, and access to infrastructure (Halle-
gatte, Vogt-Schilb, Bangalore, et al., 2017; Doan et al., 2023). Thus, climate-vulnerable
populations might see disproportionately large effects from extreme events. Hence,
we expect the magnitude of the impact of extreme events on the net population to be
greater in more climate-vulnerable districts. We test for climate-vulnerable (column
(5)) and less climate vulnerable (column (6)) districts using a climate-vulnerability
score from 0 to 100. The creation of this score is explained in subsection C.6. In
essence, gridded data on wealth, human development, aid dependency, and vulner-
able population are standardized and scaled to replicate parts of the INFORM index
by the European Joint Research Center (Marin-Ferrer, Poljansek, and Vernaccini, 2017).
It captures, thus, dimensions beyond solely poverty, but also socio-economic vulner-
ability. Negative net population change is documented in climate-vulnerable areas,
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but is not found in low-vulnerability areas. For example, cumulative floods reduce net
population change by -6.44 in climate-vulnerable areas but have no effect in more re-
silient areas. Compound effects continue to exhibit strong effects as before. The strong
effects of temperature-flood events are only found in vulnerable areas (-6.61). Only
four types of compounds show significant effects and, if so, are mostly positive. The
lack of findings of effects in less vulnerable areas might be due to two reasons: either
the frequency with which compound events occur is rarer in more resilient areas, or
the fact that these areas are more resilient causes effects to be insignificant due to bet-
ter coping with the shock. In general, vulnerable areas experience a decrease in net
population change, potentially leading to increased net population losses, following
cumulative and compound events. This emphasizes the limited coping capabilities of
these regions. High-resilience areas have mixed effects, but substantially less signifi-
cant ones, which emphasizes that many of the shocks may be more absorbed by local

communities and not necessarily alter short-term population trends.

Remoteness Lastly, assuming that the net population change reflects population mo-
bility, living remotely tends to be more costly for individuals in remote districts due to
higher travel costs to urban centers. In such contexts, spatial labor market frictions are
likely to intensify with distance, as documented in Brazil following drought events (Al-
bert, Bustos, and Ponticelli, 2021). Therefore, we expect a more negative net population
change in remote districts after shocks, reflecting reduced mobility and higher mobil-
ity costs. In the final split, we test if areas that are less (column (7)) or more (column
(8)) than five hours away from a market town with at least 500 000 people see different
effects. The five-hour cut-off point is chosen because it roughly divides our sample
in half and is associated with the feasible travel distance that can be covered within a
day. The data is based on HarvestChoice; International Food Policy Research Institute
(IFPRI) (2016). The main finding is that many of the effects are centered in more remote
areas. The effects are especially negative for cumulative and single events. For com-
pound events, again, especially flood-temperature interactions show strong negative
effects. In areas closer to major population hubs, single hail events (+3.18) and cumu-
lative floods (+4.08) result in a net population increase, as well as temperature-drought
(+1) and drought-storm (+1.86) types. This likely reflects a temporary influx of popu-
lation or a demographic resilience against compound shocks. Accessibility in general
seems to inverse direction of some of the events. In remote areas, we see an increase
in net population losses (e.g. through flood-temperature or heatwave-temperature).

In contrast, urban-adjacent areas see rather net population gains (especially for cumu-
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lative floods). In general, geographic remoteness appears to exacerbate demographic
losses following both cumulative and single events. In contrast, spatial proximity to
cities seems to correlate with resilience to shocks (fewer significant coefficients), where
after some shocks a net population gain is found. It appears that remoteness intensifies
vulnerability to shocks.

This section examined patterns in which the effects might vary concerning urban prox-
imity, poverty, climate vulnerability, and remoteness. In general, as previously found,
compound events have the strongest and most systematic effects on net population
change. For some single-hazard events, effects are observed; however, compound
hazards, especially those involving temperature and flood, lead to substantial reduc-
tions in net population change in vulnerable, poor, rural, and remote districts. Rural
and non-urban districts exhibit significant volatility in effects, highlighting potentially
fewer capabilities to absorb incoming shocks, in line with the literature (see for in-
stance Doan et al., 2023; Cattaneo, Beine, et al., 2019). This is further confirmed, as
the poorer regions show the most negative effects. The heterogeneity analysis over-
all reveals that exposure and vulnerability to compound events are spatially unequal
and poorer, more rural areas and those with high climate vulnerability tend to be dis-
proportionately affected. The reduction in net population change paired with these
areas that exhibit more often net negative population trends is indicative of popula-
tion losses and displacement, where the local population is likely forced to respond to
shocks with relocation. In contrast, the wealthier and more urban parts of Sub-Saharan

Africa show greater demographic resilience.

3.6 Mechanisms

Following Cattaneo, Beine, et al. (2019) there are many ways in which climate change
could affect net population change and for most valid analysis on true underlying mi-
gration household data is required. The channels discussed here will only scratch the
surface of the multitude of channels through which extreme events might influence
net population change, and notably migratory decisions. Potential channels extend
from deteriorated health conditions, loss of agricultural income, to food insecurity, or
conflict (Cattaneo, Beine, et al., 2019; Moore and Wesselbaum, 2023; Eberle, Rohner,
and Thoenig, 2025). In this section, we focus on the direct impact of extreme events
on agricultural pathways and production, as well as food insecurity and income, mea-
sured by gross domestic product. Here, it is only tested whether there are effects or
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not. In reality, these effects are likely extremely heterogeneous (Burke, Zahid, et al.,
2024; Hogan and Schlenker, 2024), as they may vary with sensitivity to the shock, e.g.
different crop-combinations respond differently to different shocks, as well as distance
to the event. All presented estimations follow Equation 3.2, whereby the dependent
variable is replaced with the new variables of interest. For agricultural production and
income, as well as addressing food insecurity, instead of using a lagged treatment, the
current treatment® is used, as its effects may be more immediate than those of popu-
lation change. The data sources and the revised methodology are described in more

detail in subsection C.7.

Agricultural Crop Health Extreme events such as extreme heat could influence the
agricultural planting strategy of households (Aragén, Oteiza, and Rud, 2021) and re-
duce yields. The yield and loss of livestock could lead to an increased migration de-
cision (Blocher, Hoffmann, and Weisz, 2024), affecting the net change of the popula-
tion. To test this first, we ask whether extreme events affect cropland health positively
or negatively in our context. To this end, we compute annual averaged cropland-
weighted Normalized Difference Vegetation Index (NDVI) anomalies by district, es-
sentially measuring if over the year cropland in districts becomes "less green". More
context for the computation of the measure is provided in subsection C.7. An increase
would indicate "improved" plant health, a decrease an "impoverished" plant health®.
Column (1) of Table C.4 shows nuanced effects with some events increasing and some
decreasing vegetation health. Hydrological events, such as rainfall or flood, as well
as wildfire seem to increase NDVI anomalies. This is counterintuitive, but could be
due to arid regions experiencing prolonged unusual rainfall, where the rain, although
potentially destructive in the immediate aftermath, might on an annual level, lead
to increased vegetation. In addition, some compound events (hail-rainfall (+0.344)
or drought-hail (+0.1557)) could benefit plant health. It is unclear why this is the
case, possibly due to similar reasons as for rainfall and floods. More clearly, drought,
temperature anomalies and compound events involving drought, locust swarms, and
warm and moist environments lead to declines in plant health. Overall, while rainfall-
related events can damage crops in the short term on an annual level, they appear
to improve NDVI anomalies. The positive effects of wildfires might indicate slash-

8 In contrast to Equation 3.2 the treatment dummy is not lagged (t instead of t-1).

? Note that this analysis is rather descriptive given that NDVI anomalies respond to effects beyond
solely hazards. Other background factors, such as soil moisture, soil nutrient density, or farming prac-
tices, could have fundamental impacts on NDVI. We believe that the included fixed effects capture part,
although by far not all such effects
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and-burn practices that might accelerate post-fire recovery. Droughts, especially when
compounding over multiple sequences in a year, is a major driver for NDVI losses.
When co-occurring with other stressors such as floods or temperature, these combina-
tions might lead to ecological failure and might incentivize net population change. In
summary, while certain hydrological and compound events aggregated on an annual
level may benefit vegetation health, droughts and their compounds broadly degrade
cropland health and may thus influence net population change, along with tempera-
ture anomalies.

Agricultural Income Connected to the previous point is the loss of agricultural in-
come. Although changes in NDVI might be indicative of loss of plant health, agricul-
tural production probably accounts for a large portion of rural income!’. Crop produc-
tion has been well documented to be affected by extreme events and climate change
(Lesk, Rowhani, and Ramankutty, 2016; Lobell, Schlenker, and Costa-Roberts, 2011).
Similar to the previous point, losses in crop health and, consequently, agricultural in-
come may translate into significant negative effects on net population change (poten-
tially indicative of out-migration). Thus, we study the effects on staple crops, as they
translate either directly into self-subsistence consumption or into local commodities
traded on farmers’ markets. Following Okou, Spray, and Unsal (2022) the four main
staple crops in Sub-Saharan Africa are cassava, wheat, rice and maize, which jointly
account for more than half of daily calorie consumption. We obtain sub-national an-
nual crop production statistics from Lee, Anderson, et al. (2025) for these crops and

t!1, Wheat and Rice are omitted from the anal-

compute logged production by distric
ysis given that they were frequently missing and had an unstable panel. Usually, in
such studies on crop production, the timing of the shock within the crop cycle is also
accounted for as shocks at certain stages may result in greater yield losses. Since we
use total production instead of yield, the effects of shocks occurring at different points
in the crop cycle are assumed to be aggregated into an annual total production esti-
mate. It is essential to note that some of the estimated effects described below may
be driven by shocks at specific stages of the crop cycle, a limitation to be considered.
Columns (2) and (3) of Table C.4 show the effects on logged production of cassava and
maize, respectively. Rainfall, especially if cumulative tends to benefit Cassava, simi-

lar to flood-temperature compound events (+0.17 to +0.25% increase in production).

10 Certainly, production can also be at the commercial, large-scale farming level. However, given that
we focus on staple crops, subsistence farming and private commerce of goods is more likely.

11 1f only province-level data is available, they are down-scaled on the district level using information
on harvested area by crop from International Food Policy Research Institute (2020)
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There appears to be some crop-specific resilience against rainfall or a specific type of
compound interaction. However, it is also possible that compound events may not
occur during the planting season, thus not significantly influencing the coefficients.
Locust swarms, floods and compounding events that involve heatwaves appear de-
structive, especially for cassava. Cassava, in general, seems to suffer more from com-
pound events, especially with events involving heat and physical shocks (fire or hail).
Maize production appears to be more resilient, benefiting even from some compound
events that harm cassava. In sum, high-cassava regions may experience more sub-
stantial losses in agricultural income, especially through locust swarms (in the Sahel
region), floods, and heat-related shocks that may influence net population change. In
contrast, regions with dominant maize production may, in parts, even benefit from
certain types of compound events. However, note that these are trends based on ag-
gregated production numbers. We did not compute the crop-specific response for each
level of hazard intensity (i.e. dose-response function), which would have provided
insights into the actual production patterns using models such as those mentioned in
Blanc and Schlenker (2017). Future research will need to extend these studies by using
nonlinear impact models and accounting for irrigation practices, crop cycle shifts, and

local farming practices to fully account for crop responses to compound shocks.

Food Insecurity Next, we discuss two measures of economic fragility, notably food in-
security and loss of economic growth. Food insecurity can trap households in a lack of
options to migrate (see, e.g., Sadiddin et al., 2019) or leave them with no financial assets
to migrate, resulting in stagnation of population change. In this section, we examine
the hazards that contribute to food insecurity, as measured by the Integrated Food Se-
curity Phase Classification (IPC) of the Famine Early Warning Systems Network (An-
drée et al., 2020). The data covers 18 African countries from 2009 until the end of our
study period. Positive effects indicate increases in food insecurity, so worse conditions.
Column (4) of Table C.4 shows the results. Single hazards that exhibit significant effects
are temperature (+0.0548), drought (+0.0751), and hail (+0.0757), all of which increase
food insecurity, likely due to their impact on agricultural production. Cumulative rain-
tall reduces food insecurity (-0.11) likely because persistent rainfall anomalies in arid
regions might create agricultural stability. Cumulative droughts and temperature, in
reverse, show a strong increase in food insecurity. Some compound events show a re-
duction in food insecurity, notably hail-temperature (-0.24), drought-locust (-0.45) and
hail-wildfire (-0.5). This is surprising and may be explained by either a local adaptive
response to these shocks or national or international intervention that supported re-
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gions affected by such shocks. Flood-locust (0.35) and drought-rainfall (0.18) exhibit
the strongest compound response, contributing to increased food insecurity. In terms
of net population change, these results suggest that cumulative events, particularly
drought and temperature, may impact net population change through food insecurity.
Some compound interactions, such as flood-locust or drought-rainfall, may create im-
mediate and acute effects, potentially also influencing net population change if they
overwhelm local coping capacity.

Economic Growth Finally, economic crisis and deprivation could provide incentives
to migrate if the disparities between regions grow. Thus, as a final mechanism, the
effect on GDP growth is assessed. The effects of disasters and extreme events are well-
researched in the literature (see, e.g., Felbermayr, Groschl, et al., 2022; Hsiang and Jina,
2014; Cevik and Jalles, 2024). We expect little to no effect on GDP growth given that
the estimates on GDP are likely highly-elastic and overweight urban areas due to the
usage of nightlight for calibration (Gibson, Kim, and Li, 2024). Thus, we expect little
to no effects on GDP growth. Here, we rely on province-level estimates from Zhang
et al. (2024), which distribute GDP using a deep-learning model based on nightlights.
Estimates are downscaled to the district level using population shares. More context
is given in subsection C.7. Column (5) of Table C.4 shows broadly weak or nonsignif-
icant effects. Single and cumulative events have a minimal impact on GDP growth.
Flood and cumulative temperature reduce it marginally. Certain compound types like
temperature-storm (-0.0061) and wildfire-storm (-0.0076) show stronger effects. The
strongest effects are found for locust-rainfall events (-0.02). Surprisingly, cumulative
hail and drought-flood events accelerate economic growth, potentially due to quick
recovery or sectoral shifts. In summary, the effects of extreme events on district GDP
growth are limited, as tested here. Compound events, particularly those involving
climate-biological interactions, appear to have the most negative impacts. The lack
of impact dimension is likely due to GDP estimates being mainly based on down-
scaled nightlight, where large parts of rural Africa show little to no nightlight. This is
a common shortcoming for applications involving nightlight in rural regions of under-
electrified regions. As such, the findings might obfuscate some of the actual impacts
of extreme events on GDP. Nonetheless, we believe that these effects are indicative of
underlying behavior on a fairly local scale, as large parts of the sample are rural and
are likely to be minimally impacted by events in terms of nightlight.

This section outlines four mechanisms that might explain why extreme events impact
net population change in Sub-Saharan Africa. Extreme events have heterogeneous im-
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pacts on agricultural health, with both single and compound events - especially tem-
perature anomalies and droughts - influencing cropland health. Drought-temperature
combinations might influence net population change. This is in line with the reduced
net outflow in emitting areas found in Figure C.7 that might be caused by loss of in-
come. Crop types also influence vulnerability, as cassava appears to be more vulner-
able compared to maize. Heat-related and physical events (such as wildfires) are es-
pecially damaging, suggesting the importance of crop composition. Drought and heat
are also associated with higher food insecurity. This is also true for certain compound
types, such as flood-locust and drought-rainfall. Food insecurity itself might force
displacement or trap the population. Cumulative droughts significantly increase net
population loss in districts already in decline (see Figure C.7). The impacts of GDP are
minimal, probably due to the data limitations of nightlight estimates in rural Africa.
Overall agricultural disruption, income shocks, and food insecurity might explain part
of the baseline effects on net population change, particularly in poorer, more rural, and
remote districts as discussed before. Interestingly, the flood-temperature compound
event appears to increase crop production but has no other notable effects. The ab-
sence of impact, combined with significant effects in the baseline, suggests that other
channels, such as physical destruction or agricultural losses beyond cassava and maize,

may cause the baseline effects.

3.7 Conclusion

This paper examines the short-term effects of extreme events and their temporal over-
laps, known as "compound" events, on the net change in population in sub-Saharan
Africa between 2000 and 2019. Relying on a novel dataset that aggregates nine com-
mon hazards and combines them with data on the net population trend at the district
level, we reveal a complex pattern of impact on the local population. Not accounting
for the complexity of events and adopting a more "standard" binary definition of hav-
ing an event or not, we find that floods lead to a reduction, notably outflow, of local
population, while hail tends to increase population in net-receiving areas. Splitting
the treatment, however, into three treatment regimes within each year: single events,
repeated cumulative events, and "compound events", we document a wide range of ef-
fects. Many of the previous insignificant effects are, in fact, significant, once accounting
for overlapping occurrences of events. Single events in place of storms rarely matter.
Instead, different combinations of hazard events might lead to fundamentally different
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impacts. Most prominent are temperature-flood interactions causing displacement!?,
contrary to heatwave-wildfire and flood-storm that see reduced outflows of district
population. The first major finding is that rather than considering individual hazard
classes, accounting for intraannual overlap of events adds important insights. Hereby,
each specific hazard-combination should be regarded separately due to its potentially

different impact channels.

The effects found are centered on population changes in vulnerable, poor, rural and
remote districts of Sub-Saharan Africa. However, there is high volatility in the effects,
indicating a low capacity to cope with the shock. Given that these regions, on average,
see net population losses, it highlights strong displacement effects of particularly com-
pound events. Wealthier, more urban parts show, in contrast, more resilience against
shocks. The mechanism part provided insight that compound events have a signifi-
cant impact on agricultural health and production, as well as food insecurity, primar-
ily through heat and drought-related events. However, we also discuss the possibility
that other mechanisms might be at play, such as the loss of physical assets. Thus, the
second main finding is that not only do compound and cumulative events in a year
matter, but also they disproportionately affect agricultural-dependent rural areas that

tend to be poorer and more remote.

The final takeaway from this article is methodological in nature. This article does not
claim causality because net population data is strongly dependent on interpolated cen-
sus data. Additionally, we document that our panel model, with its three sets of fixed
effects, fails to capture spatial spillovers, temporal dynamics, and within-month non-
linearities. While accounting for fixed effects and including other climatic background
stressors to mitigate a multitude of potential biases, we document, at least for some
hazards, that spillovers and nonlinearities exist. While seemingly a limitation, we ar-
gue that these observed findings also contribute to the literature by documenting that,
in contrast to most currently tested models, empirical models must account for all three
conditions: first, the models need to incorporate a spatial treatment dimension that al-
lows spillovers between spatial units. Second, it needs to account for temporal dynam-
ics. To our knowledge, the current difference-in-difference literature (e.g. Baker et al.,
2025) does not allow for treatment reversal under the assumption that each treatment-
combination in itself carries over a different number of years (depending on the socio-

economic context of the place). For disaster event studies, excluding this makes the

12 Net population loss in net-emitting and reduced net population gain in net-receiving districts
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model rely on strong econometric assumptions. Third, the estimator needs to account
for nonlinearities, particularly for interactions of different hazard-pairs. Binary joint
occurrence, as done in this article, fails to capture the two respective intensity levels
that themselves might influence economic outcomes. To our knowledge, most studies
on impacts on socioeconomic outcomes focus on one or maximal two of these concerns,
but not all three.

The findings have three main policy implications. First, findings that compound events
might elicit stronger responses should incentivize policymakers to shift from the no-
tion that hazards are individual events to recognizing their interconnectedness within
a complex system. The tested compound event has distinct and stronger impacts and
should be regarded as a "new" type of event. The integration of compound event fore-
casting should be increasingly added to early warning systems and disaster risk re-
duction protocols. Second, the most significant effects are found in poor, remote and
rural areas and in parts through the agricultural channel. The findings support the
idea of agricultural support programs and also shift attention to social protection in
these areas. Examples could be compound-resistant crop systems or improved com-
munity safety nets. Third and finally, there should be an increased effort and push in
the development of an advanced impact model that accounts for spatial dependency,
temporal carry-over of effects, as well as nonlinearities simultaneously, in combina-
tion with high-granular and high-frequency data, to fully uncover the socioeconomic
response to this form of extreme events.

This study has a limited scope and extent. As mentioned above, it does not fully ad-
dress all methodological concerns present in the literature. At the same time, it does
not capture the full complexity of the hazard impacts, although more than is usually
shown. First, given data limitations, overlapping events are defined here as those that
occur in the same month. However, within the month, it may also matter, especially
for rapid-onset events such as floods or hail, how many days separate the two events.
With the data used here, this is not possible. Second, in contrast to Di Falco et al.
(2024) and Petrova et al. (2025) "compound events" are defined within-year not across
years. Both are equally important and deserve attention. Third, in contrast to Thal-
heimer, Choquette-Levy, and Garip (2022), we do not include the structural and social
vulnerability as a driver for compound events, which is equally important. Moreover,
"compound" events are defined by bivariate interactions of events; however, interac-
tions of more than two event types are also possible. Lastly, we do not account for the
order of events. However, the order in which events occur may change the direction
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and magnitude of the coefficient. For example, floods following drought may be more
severe if the soil is dry. In future research, a more holistic definition of "compound"
should be explored, encompassing both temporal and social dimensions, as well as the
sequence of events. Our study focuses on net population change rather than migra-
tion. Thus, similar studies should be repeated that combine high-resolution hazard in-
tensities with individual-level household information on migratory decisions. Finally,
future work should carefully disentangle the underlying personal motivation for peo-
ple to move, which is impossible with district-aggregate-level data, yet this concern
has already been raised many times in the literature (e.g. Beine and Jeusette, 2021;
Hoffmann, Sedové, and Vinke, 2021).

Studying the interdependence of climate and population has a rich history in the fields
of development economics and demography. Advances in statistical models and big
data enable researchers to provide a more in-depth analysis of population and mi-
gration dynamics, particularly in rural regions, where household surveys may be less
frequent. With global warming that influences not only the variability and intensity
of individual events but also the co-occurrence of different events, it becomes more
important than ever to study how these "new" events affect local communities. Failing
to grasp these dynamics can lead policymakers to misdirect adaptation efforts, focus-
ing on areas experiencing a rise in a single-hazard class rather than recognizing the
compounding effects of multiple hazards in other regions, exacerbating the impact of

climate change on rural populations by misguided policies.
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C Appendix to Chapter 3

C.1 Additional Tables

Table C.1
Thresholds for Cut-off Intensity (Reinhardt, 2024a)
Hazard Measure Onset Type Dimension Share of
sample above
threshold
Temperature Z-score Slow Regional 3.8%
(°C)
Heatwave 5-day MA Slow Regional 2.2%
(WBGT)
Precipitation Z-score Rapid Regional 1.1%
(mm)
Drought SPEI-3 & Slow Regional 2.8%
SPEI-6
Tropical Storm m/s Rapid Local <1%
Wind gusts m/s Rapid Local <1%
Flood DFO Index Rapid Local 1.3%
Hail Days Rapid Local < 1%
Forest Fire Share Burned Slow Local 2.7%
Locust Hopper Count Slow Regional <1%
Swarms*

Note:* is extended to Reinhardt (2024a) from Food and Agriculture Organization
(FAO) of the United Nations (2023). WBGT: Wet Bulb Globe Temperature, MA: Mov-
ing Average, SPEI: Standardized Precipitation Evapotranspiration Index, DFO: Dart-
mouth Flood Observatory. Onset type explains the time it needs for these events to
show substantial effects relative to the other included hazards. Original input sources
based on: Mufioz Sabater, 2019; Mistry, 2020; Gebrechorkos et al., 2023; Done et al.,
2020; Knapp et al., 2010; Copernicus Climate Change Service, 2024a; Brakenbridge
and Dartmouth Flood Observatory, 2023; Prein and Holland, 2018b; Copernicus Cli-

mate Change Service, 2019; Vermote and Wolfe, 2015.
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Table C.2
Overview on Three Treatment Types
Event Observations Districts Years Event Observations Districts Years
Single Events Compound Events
Temperature 15,917 3,821 20 Drought x Flood 244 227 14
Drought 6,586 3,192 20 Drought x Hail 93 87 10
Heatwave 6,906 2,066 19  Drought x Heatwave 1,189 941 16
Rainfall 9,667 3,577 20 Drought x Locust 70 54 16
Flood 6,926 2,887 20 Drought x Rainfall 152 133 17
Hail 1,315 410 16  Drought x Temperature 5,335 2,817 20
Locust 37 26 16t Drought x Wildfire 1,888 1,138 19
Wildfire 8,612 1,673 19  Drought x Storm 131 74 14
Storm 439 157 20 Flood x Hail 98 75 6
Cumulative Events Flood x Heatwave 675 506 11
Temperature 8,599 2,990 20 Flood x Locust 45 37 9
Drought 2,460 1,655 20 Flood x Rainfall 815 724 18
Heatwave 4,885 1,917 20 Flood x Temperature 216 210 15
Rainfall 2,105 1,420 20 Flood x Wildfire 419 309 17
Flood 109 920 20 Flood x Storm 78 62 10
Hail 345 98 20 Hail x Heatwave 134 113 4
Locust 127 51 20 Hail x Locust 20 13 gt
Wildfire 8,325 1,229 20 Hail x Rainfall 66 57 12
Storm 365 51 20 Hail x Temperature 215 149 13
Hail x Wildfire 115 72 13
Hail x Storm 12 4 7t
Heatwave x Locust 71 52 10
Heatwave x Rainfall 983 744 14
Heatwave x Temperature 1,594 1,064 16
Heatwave x Wildfire 1,835 715 12
Heatwave x Storm 32 28 4t
Locust x Rainfall 105 61 18
Locust x Temperature 109 63 15
Locust x Wildfire 6 6 3t
Locust x Storm 1 1 1t
Rainfall x Temperature 1,047 833 20
Rainfall x Wildfire 2,273 1,072 19
Rainfall x Storm 105 69 19
Temperature x Wildfire 4,694 1,698 19
Temperature x Storm 80 46 16
Wildfire x Storm 173 37 19

Note: The table plots for each event the total number of districts that received a treat-
ment of that kind over the 20-year period (observations). It also shows the total num-
ber of districts that receive ever this kind of treatment (Districts) and in how many
years this treatment occurs (Years). The t indicates samples that in Equation 3.2 are
omitted, given that either fewer than 30 districts or fewer than 30 observations are
recorded.
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Table C.3
Heterogeneity: By Stratifiers
Has City? Intra-national wealth is... Climate Vulnerability Travel Time is..
No Yes Below p50 Above p50 More Less <5h >5h
(1 (2) (3) 4) (5) (6) (7) 8)
Single Events
Temperature (TP) 0.42 -0.29 -0.16 043 -0.18 0.36 -0.04 0.38
(0.75) (-0.92) (-0.46) (0.69) (-0.51) (0.61) (-0.13) (0.61)
Drought (DR) -0.36 -0.03 -0.63* 0.17 -0.43 0.24 -0.26 0.04
(-0.73) (-0.08) (-1.66) 0.37) (-1.13) (0.46) (-0.63) (0.09)
Heatwave (HW) 0.59 -0.05 0.15 0.08 0.65 -0.08 -0.17 1.09
(0.92) (-0.10) 0.27) (0.10) 0.97) (-0.14) (-0.51) (1.21)
Rainfall (RF) 0.22 0.55 0.00 0.69* -0.15 0.58 0.22 0.51
(0.48) (1.53) (0.01) (1.86) (-0.48) (1.35) (0.53) (1.24)
Flood (FL) -0.90* -0.44 -0.55 -0.60 -0.57 0.04 0.08 -1.28**
(-1.68) (-0.96) (-1.17) (-1.03) (-1.01) (0.08) (0.17) (-2.12)
Hail (HL) 4.02** 0.22 3.99** -0.53 2.57* 0.69 3.18* 0.75
(2.33) 0.27) (2.30) (-0.53) (1.77) (0.42) (1.83) (0.70)
Locust (LO) 10.55 2.13 9.27 4.47 8.35 6.20 17.90 2.33
(1.59) (0.34) (1.15) (0.69) (1.23) (0.84) (1.36) (0.52)
Wildfire (WF) -0.65 -0.21 0.12 -1.39** -0.46 -0.18 -0.03 -0.66
(-1.39) (-0.40) (0.26) (-2.25) (-0.84) (-0.37) (-0.06) (-1.21)
Storm (WT) -2.08*** -1.17* -1.59** -1.37* -2.95%** -0.60 -1.13 -1.98***
(-2.85) (-1.83) (-1.97) (-1.91) (-2.96) (-0.95) (-1.10) (-2.82)
Cumulative Events
Temperature (TP) -0.88 -0.81 -1.84%** 0.17 -1.60%** 0.60 0.14 -1.15%
(-1.33) (-1.62) (-2.82) 0.27) (-3.00) (1.03) (0.25) (-1.78)
Drought (DR) -1.09 -0.77 -2.01%** 0.26 -1.22% 0.54 -2.40%* 0.24
(-0.99) (-1.38) (-2.70) (0.23) (-1.85) (0.43) (-2.53) 0.27)
Heatwave (HW) -0.75 0.12 -0.30 -1.03 1.69** -1.58 -0.86 0.83
(-0.94) (0.16) (-0.55) (-0.95) (2.25) (-1.43) (-1.37) (0.94)
Rainfall (RF) 0.10 0.48 -0.43 0.99 0.13 1.17* -1.27 0.74
0.17) (0.78) (-0.60) (1.55) (0.18) (1.81) (-1.21) (1.26)
Flood (FL) -1.15 -3.01 0.24 -4.32 -6.88** 1.88 4.08** -5.02%*
(-0.63) (-0.81) 0.12) (-1.37) (-2.29) (1.41) (2.16) (-2.14)
Hail (HL) 0.16 0.80 227 -3.17 0.48 0.70 2.00 -5.78%**
(0.03) (0.56) (0.74) (-1.41) (0.18) (0.32) (0.76) (-4.05)
Locust (LO) -3.44 -2.19 -0.34 -4.28 0.63 -5.26 -15.18 -0.42
(-0.68) (-1.38) (-0.18) (-0.93) (0.66) (-0.66) (-0.91) (-0.34)
Wildfire (WF) -0.41 -0.29 0.24 -1.00 -0.28 -0.25 -0.11 -0.54
(-0.75) (-0.53) (0.53) (-1.15) (-0.52) (-0.41) (-0.17) (-0.95)
Storm (WT) -0.74 0.80 -0.20 0.44 -3.98* 0.03 0.82 -1.35
(-0.58) (0.51) (-0.16) (0.35) (-1.91) (0.04) (1.21) (-1.03)
Compound Events
DR x FL -1.61 -0.05 -0.70 -0.14 -0.53 -0.72 0.37 -0.39
(-0.64) (-0.05) (-0.67) (-0.04) (-0.37) (-0.52) (0.33) (-0.19)
DR x HL -0.82 -3.48** -3.49* -2.05 -3.74* -0.75
(-0.24) (-2.53) (-1.66) (-0.89) (-1.94) (-0.33)
DR x HW 3.41** 1.32 0.61 2.94** 2.10* 1.60 0.52 3.48**
(2.25) (1.39) (0.64) (2.04) (1.91) (1.11) (0.61) (2.38)
DR xLO 0.03 1.28

Continued on next page
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Has City? Intra-national wealth is... Climate Vulnerability Travel Time is..
No Yes Below p50 Above p50 More Less <5h >5h
(1 (2) (3) 4) (5) (6) (7) 8)
(0.01) (0.60)
DR x RF -3.07 1.02 0.56 -0.76 -0.73 0.01
(-1.59) (0.58) (0.40) (-0.43) (-0.46) (0.00)
DR x TP 1.32% 0.65 1.55** 0.71 1.21%* 0.58 1.00% 0.81
(1.96) (1.59) (2.41) (1.39) (2.14) (1.19) (1.74) (1.36)
DR x WF -1.09 -0.14 -1.50* 041 -1.06 1.49 -1.35 -0.64
(-0.92) (-0.19) (-1.88) (0.36) (-1.30) (1.36) (-1.23) (-0.69)
DR x WI 3.80%** 3.49%* 2.99*** 3.37%* 2.33* 0.73 1.86* 4.47%*
(2.87) (3.03) (2.74) (2.62) (1.93) 0.97) (1.66) (3.50)
FL x HL 2.84** 1.27
(2.09) (1.63)
FL x HW -2.32% -2.19%* -1.92%* -4.55* -0.88 -3.96 -2.13** -1.95
(-1.79) (2.32) (-2.30) (-1.66) (-0.78) (-1.60) (-2.13) (-1.23)
FL x RF -0.07 -1.99 0.30 -2.24 0.65 -2.83 -1.11 -0.51
(-0.08) (-1.13) (0.42) (-1.15) (0.86) (-1.33) (-0.58) (-0.54)
FL x TP -5.85% -4.28%** -4.64* -5.51** -6.61** -2.49 -1.50 -8.30%**
(-1.92) (-2.70) (-1.72) (-1.98) (-2.57) (-1.08) (-0.62) (-3.43)
FL x WF -0.21 3.69 1.58 1.15 1.67 -0.89 -0.21 1.58
(-0.09) (1.48) (1.50) (0.38) (0.68) (-0.84) (-0.12) (0.70)
FL x WI 4.95%** 2.04 1.58 6.07 8.56%** 1.48
(2.91) (0.80) (1.59) (1.64) (3.45) (1.27)
HL x HW -7.24%* -2.78**
(-2.56) (-2.41)
HL x RF 9.15* -8.22
(1.77) (-0.87)
HL x TP 0.95 2.51* 0.59 2.94%* -0.65 3.45* 0.80 1.54
(0.18) (2.30) (0.14) (2.55) (-0.18) (1.94) 0.21) (1.18)
HL x WF -1.99 -0.79 -1.57 -1.73
(-1.01) (-0.79) (-1.14) (-0.89)
HWxLO -7.23** 2.62
(-2.23) (1.49)
HW x RF -0.66 -0.79 -1.06* 0.05 -1.08* -0.51 -1.37 -0.15
(-0.70) (-1.16) (-1.75) (0.04) (-1.80) (-0.44) (-1.40) (-0.20)
HW x TP -1.92% -0.16 -0.60 -1.90* -0.69 -2.08* -0.71 -1.91%*
(-1.82) (-0.30) (-0.83) (-1.93) (-1.21) (-1.69) (-0.68) (-2.36)
HW x WF 2.86*** 1.44** 0.51 5.41%** 2.79%** 1.20 0.60 3.02%**
(2.61) (2.11) (1.23) (3.14) (2.91) (1.21) (1.00) (2.66)
LOxRF -2.43* 1.41 0.08 -1.71
(-1.68) 0.71) (0.07) (-0.59)
LOx TP -6.54 -0.17 -0.85 -8.93
(-0.53) (-0.11) (-0.48) (-0.45)
RF x TP -2.51* 0.11 -0.27 -2.67* -1.12 -1.20 -2.46 -1.07
(-1.81) (0.15) (-0.31) (-1.83) (-1.20) (-0.71) (-1.60) (-1.05)
RF x WE 0.12 0.41 0.83* -0.40 0.57 0.36 0.77 -0.07
(0.13) (0.76) (1.90) (-0.36) (0.73) (0.48) (0.89) (-0.10)
RF x WI -1.79 -4.20%* -2.56*** -2.86** -0.01 -1.47%%*
(-1.55) (-2.62) (-2.83) (-2.21) (-0.00) (-2.84)
TP x WF -0.76 -0.43 -0.03 -1.18 -0.52 -0.51 0.64 -0.98
(-1.12) (-0.78) (-0.06) (-1.42) (-0.88) (-0.75) (1.13) (-1.55)
TP x WI 2.25%* 4.36%** 241 2.88*** 0.11 1.35%
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Has City? Intra-national wealth is... Climate Vulnerability Travel Time is..
No Yes Below p50 Above p50 More Less <5h >5h
1) (2) (3) 4) (5) (6) (7) (8)
(2.44) (3.08) (1.54) (3.13) (0.05) (1.70)
WEF x WI -1.89** -1.76%** -2.55%* -1.05 -0.46 -1.86
(-2.00) (-2.80) (-2.10) (-1.28) (-0.92) (-1.28)
R? 0.428 0.572 0.514 0.468 0.659 0.322 0.432 0.517
Obs. 38,448 31,068 34,758 34,758 34,758 34,758 34,380 35,082
Net Population -4.22 1.23 -3.00 -0.60 -3.46 -0.11 -1.82 -1.87
Change
Baseline Controls Yes Yes Yes Yes Yes Yes Yes Yes
District FE v v v v v v v v
Year FE v v v v v v v v
Region x Year FE v v v v v v v v

Note: p-values: *<0.1,**<0.05,*<0.01. The table shows the results of Equation 3.2.
Only events are included where, in the subsample, at least 30 events have been

recorded to avoid outlier events. All models are clustered at the province-year level.

Table C.4

Mechanisms: Plant Health, Production, and Economic Fragility

Plant Health Log(Production) Economic Fragility
NDVI Anomaly Cassava Maize IPC Score GDP-Growth
(4)) (2) (3) 4 (5)
Single Events
Temperature (TP) -0.06*** 0.01 -0.04** 0.05*** -0.00
(-6.85) (0.44) (-2.27) (2.83) (-0.41)
Drought (DR) -0.09*** -0.07** 0.01 0.08*** -0.00
(-6.82) (-2.58) 0.27) (3.33) (-0.20)
Heatwave (HW) 0.01 0.03 0.02 -0.03 0.00
(0.98) (0.81) (0.45) (-0.66) (0.20)
Rainfall (RF) 0.06*** 0.06*** 0.02 -0.03 -0.00
(6.96) (2.70) (0.90) (-1.50) (-1.37)
Flood (FL) 0.10*** 0.03 -0.05* -0.02 -0.00**
(6.33) (0.61) (-1.78) (-0.78) (-2.35)
Hail (HL) -0.07*** -0.20%** 0.03 0.08* 0.00
(-2.87) (-2.95) (0.38) (1.73) (0.76)
Locust (LO) -0.01 -0.51%** -0.10 -0.04 0.01
(-0.13) (-10.95) (-0.17) (-0.48) (0.78)
Wildfire (WF) 0.06*** 0.06** 0.03 0.04 -0.00
(4.39) (2.27) (1.41) (1.13) (-0.15)
Storm (WI) 0.08 -0.14** 0.10* 0.13 0.00
(1.56) (-2.09) (1.68) (0.99) (0.56)
Cumulative Events
Temperature (TP) -0.08*** -0.01 -0.01 0.07#** -0.00%**
(-6.31) (-0.42) (-0.21) (2.65) (-2.97)
Drought (DR) -0.21%** -0.01 0.00 0.17%** -0.00
(-8.69) (-0.27) (0.05) (4.05) (-0.42)
Heatwave (HW) -0.02 -0.18*** -0.00 -0.09 -0.00
(-0.94) (-2.88) (-0.08) (-1.63) (-0.29)
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Plant Health Log(Production) Economic Fragility
NDVI Anomaly Cassava Maize IPC Score GDP-Growth
(4] (2) (3) @) (5)
Rainfall (RF) 0.10%** 0.08** -0.02 -0.12%** 0.00
(5.88) (2.01) (-0.64) (-3.37) (0.43)
Flood (FL) 0.26%** -0.51%** -0.09 0.07 0.00
(3.13) (-2.88) (-1.30) (0.58) (0.45)
Hail (HL) -0.07 -0.08 -0.01 0.04 0.01*
(-1.51) (-1.31) (-0.04) (0.29) (1.85)
Locust (LO) 0.16** -0.78 -0.37 -0.20 0.02
(2.07) (-1.51) (-1.60) (-1.28) (0.79)
Wildfire (WF) 0.09*** 0.11%* 0.04 0.08 0.00
(4.79) (2.91) (1.35) (1.29) (0.30)
Storm (WT) 0.12 -0.05 0.02 0.20 -0.00
(1.12) (-0.45) (0.51) (0.66) (-1.17)
Compound Events
DR x FL -0.31%** 0.09 -0.01 -0.03 0.00**
(-5.14) (0.67) (-0.13) (-0.38) (2.45)
DR x HL 0.16** -0.20 -0.05 0.18 -0.00
(2.22) (-0.81) (-0.37) (1.35) (-0.13)
DR x HW -0.03 -0.25%** -0.13 -0.23%** -0.00
(-0.92) (-3.76) (-1.57) (-3.63) (-0.75)
DR xLO 011 0.00 -0.03 -0.46*** -0.01
(1.50) () (-0.15) (-3.50) (-0.79)
DR x RF -0.00 -0.05 -0.17 0.18* -0.01
(-0.04) (-0.36) (-0.82) (1.72) (-0.66)
DR x TP -0.15%** -0.03 -0.08** 0.13*** -0.00
(-8.43) (-0.92) (-2.18) (4.55) (-0.53)
DR x WF -0.03 -0.06 -0.02 -0.10** 0.00
(-1.28) (-1.27) (-0.35) (-2.23) (1.02)
DR x WI -0.08 -0.04 -0.17%%* 0.04 -0.00
(-0.59) (-0.34) (-3.77) (0.28) (-0.28)
FLxHL 0.02 -0.17 0.11 0.04 -0.01
(0.34) (-1.21) 0.22) (0.47) (-1.33)
FL x HW -0.08** -0.06 -0.02 0.14* 0.00
(-2.12) (-0.82) (-0.36) (1.77) (0.24)
FL x LO 0.05 0.00 0.02 0.36%** -0.01
(0.50) ) (0.07) (3.74) (-1.29)
FL x RF 0.04 -0.14 -0.00 -0.01 0.00
(0.95) (-1.46) (-0.01) (-0.25) (0.18)
FL x TP 0.03 0.17% 0.46%** -0.08 0.00
(0.62) (1.73) (4.73) (-0.77) (0.22)
FL x WF -0.13*** 0.11 -0.10 0.01 -0.00
(-2.96) (1.31) (-1.03) (0.25) (-1.56)
FL x WI -0.02 0.19 -0.20** 0.12 0.01
(-0.15) (1.49) (-2.38) (0.88) (1.59)
HL x HW -0.07 -0.30** -0.50** -0.29* 0.00
(-1.20) (-2.57) (-2.03) (-1.75) (0.56)
HL x RF 0.34*** 0.09 -0.09 -0.11 -0.00
(6.60) (0.61) (-0.98) (-0.87) (-0.46)
HL x TP 0.01 0.03 -0.05 -0.25%** 0.00
(0.17) (0.52) (-0.97) (-2.83) (0.71)
HL x WF 0.09* 0.17 -0.14 -0.50%** 0.00
(1.94) (0.81) (-1.25) (-4.35) (0.42)
HW x LO 0.06 0.00 -0.07 0.05 0.00

Continued on next page
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Plant Health Log(Production) Economic Fragility
NDVI Anomaly Cassava Maize IPC Score GDP-Growth
® (2) 3) 4) (5)
(0.79) ) (-0.15) (0.33) (0.44)
HW x RF -0.01 -0.03 -0.00 0.00 -0.00
(-0.30) (-0.46) (-0.02) (0.03) (-1.49)
HW x TP 0.07*** -0.02 -0.12* -0.03 0.00
(3.97) (-0.56) -1.72) (-0.51) (1.27)
HW x WF -0.01 0.07 -0.01 -0.25%** -0.00
(-0.67) (1.61) (-0.28) (-4.14) (-0.72)
LO x RF -0.11%* 0.00 0.51** 0.17 -0.02**
(-2.58) @] (2.47) (1.34) (-2.02)
LOx TP -0.00 0.05 0.35** 0.11 0.00
(-0.02) (0.83) (2.24) (1.62) (0.32)
RF x TP -0.06%** -0.10** 0.05 0.10** 0.00
(-3.33) (-1.97) (1.22) (2.15) (0.89)
RF x WF 0.03** 0.04* -0.04* 0.06 -0.00
(1.99) (1.65) (-1.77) (1.35) (-0.71)
RF x WI 0.10 -0.14 -0.03 0.27 -0.00
(1.09) (-1.06) (-0.28) (1.43) (-0.17)
TP x WF -0.01 0.07** 0.04 0.06* -0.00*
(-1.00) (2.26) (1.30) (1.77) (-1.86)
TP x WI 0.03 0.25 0.26%** 0.09 -0.01*
(0.44) (1.61) (4.86) (0.56) (-1.72)
WEF x WI -0.09 -0.28** 0.02 0.00 -0.01**
(-1.63) (-2.24) 0.42) O (-2.08)
R? 0.320 0.940 0.937 0.762 0.063
Obs. 69,516 31,950 29,480 21,945 67,733
Baseline Controls Yes Yes Yes Yes Yes
District FE v v v v v
Year FE v v v v v
Region x Year FE v v v v v

Note: p-values: *<0.1,**<0.05,"*<0.01. The table shows the results of Equation 3.2.
Only events are included where, in the subsample, at least 30 events have been
recorded to avoid outlier events. All models are clustered at the province-year level.
The outcomes are based on NDVI anomalies, log production of Cassava and Maize in
tons, food insecurity and estimated GDP growth per capita by district. More context

on the data generation is given in subsection C.7.

172



Chapter 3. Crisis-Driven Mobility

C.2 Additional Figures

Increasing Climate Risk

20

80 100

Fig. C.1. Net Population Change and Hazard Exposure

Note: The figure plots the net population change (in yellow on the left y-axis) against
total exposure to hazard events (histogram plotted in blue). The line indicates the
polynomial fitted trend line. Data on net population change is drawn from Niva et al.
(2023) and hazard events are drawn from Reinhardt (2024a) and converted to binary

sequence dummies using a threshold approach.
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Temperature Drought Heatwave Rainfall

Wildfire Storm Compound Events

Number of Events

0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54

Data Availability by year
Temperature Anomalies (TP)
Heat Wave (HW) B
Rainfall Anomalies (RF) — Data
Draught (DR)
Floods (FL)
Forest Fires (FF) .
Wind (WI)

Hail {HL} .-.-

Locust (LO)

MNo Data

#0555 0 505 0
Fig. C.2. Spatio-Temporal Distribution of Shocks

Note: The upper figure plots for every hazard event the number of events recorded
over 20 years by district. More white areas are strongly exposed. Compound events
are defined as events where two different types of hazards are recorded within the
same month. The lower figure plots the availability of input data in the dataset.
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Drought —

Heatwave —

Rainfall —

Flood —

Hail —

Locust —

Storm —

Wildfire —

Has Conflict? —

Rural Population (\%) —
Land Use: Cropland — -0.103 -0.058 -0.114 -0.091 -0.063 -0.176

Temperature —
Drought —
Heatwave —
Rainfall —
Flood —

Hail —

Locust —
Storm —
Wildfire —

Has Conflict? —

Rural Population (\%) —

Fig. C.3. Correlation Matrix

Note: The matrix shows the standard correlation between individual coefficients and
control variables.
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Fig. C.4. Fraction of Events By Type

Note: The figure shows of all recorded hazards by year, how common "compound"
types as monthly interactions are. Hereby, the total number of events is divided into
single events, having cumulative events (more than one event-sequence) and "com-
pound" events.
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Temperature Drought Heatwave
(N=3855) (N=3734) (N=2582)
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Fig. C.5. Baseline: Splitting into Net-Receivers and Emitters

Note: *<0.1, **<0.05 and ***<0.01 p-value. + p< 0.15. The figure shows the results
splitting Equation 3.1 into net receivers (net positive) and net emitters (net negative),
defined as the average over the covered 20-year period.
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Temperature Drought Heatwave

Single Single Single
Cumulative Cumulative Cumulative
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% Flood

% Flood m x Heatwave % Flood

Fig. C.6. Effects by Hazard Type Full

Note: *<0.1, **<0.05 and ***<0.01 p-value.. The figure shows the marginal effects of
being exposed to single events, cumulative events (more than one event of the same
type within a year) or a compound event (both events occur in the same month).
Insignificant results are shown as gray bars. All models include district-, year- and
continental region-year fixed effects as well as controls for rural population, cropland
share and presence of conflict. Standard errors are clustered at the province level.
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Temperature Drought Heatwave
|
Single Single Single
Cumulative Cumulative Cumulative
x Locust * Hail « Hail
% Flood % Rainfall
x Locust
* Heatwave % Flood
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Fig. C.7. Effects by Hazard Type and Emitting Type

Note: *<0.1, **<0.05 and **<0.01 p-value. The figure displays marginal effects of single
events, cumulative events (same-type events within a year), and compound events (both types
in the same month). The sample is split by net population change over 20 years. Gray bars
indicate insignificant results. Models include district, year, and region-year fixed effects, with
controls for rural population, cropland share, and conflict presence. Standard errors are clus-
tered at the province level.

180



Chapter 3. Crisis-Driven Mobility

Net Population Change
E - s

Population Loss < 0 » Population Gains

Fig. C.8. Net Emitting vs. Net Receiving Areas

Note: The map plots the 20-year average of net population change, which is used
to classify net-emitting and net-receiving districts in Sub-Saharan Africa. The data is
based on Niva et al. (2023).
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C.3 Defining Compound Events

A significant part of this article categorizes the treatment into three types: single events,
cumulative events, and compound events. In general, events are defined as mentioned
in the Data Section. Events must exceed the predefined intensity threshold. The event
itself is created as a unique sequence and accounts for the first month where a thresh-

old is exceeded.

For compound events, a slightly modified approach is used. In simple terms, a com-
pound event is defined as the first instance of simultaneous monthly overlap between
two distinct types of hazards, where both events exceed their respective thresholds. In
practice, this is accomplished through a five-step algorithm, which will be illustrated
using an example of a flood-heatwave interaction in the Betsiboka district, Madagas-
car. First, an event sequence is created for each hazard. A sequence is initiated from
the month in which the hazard threshold is exceeded and all consecutive months. In
the example, the threshold for flooding is exceeded in February and remains in effect
until April. Therefore, the period from February to April will be classified as a unique
tflood sequence. For a heatwave, the same is true, but starting in March and May. Each
unique sequence run receives an identifier. In the example, the flood sequence receives
the identifier (MDG-FL-30) and heatwave (MDG-HW-23). Next, we label for each pair
the first month that overlaps. This shall avoid adding false positives, especially if se-
quences overlap for more than a single month. In the example, March will be the first
overlapping month and thus identify a flood-heatwave interaction. The algorithm then
eliminates individual overlapping runs and gives a unique identifier for the overlap-
ping event. In the example, this eliminates MDG-FL-30 and MDG-HW-23, but adds a
new dummy CP-FLHW-3 for the compound event. We eliminate both sequences as we
want to avoid double-counting the same event once as a compound event and twice as
a single event (for heatwave and flood). The remaining sequences that are not elimi-
nated are finally counted and aggregated on an annual level. If, for example, there was
another flood (MDG-FL-31) in October, the final aggregate will have one single flood
event (the one in October) and one flood-heatwave interaction (the overlap in March

between both events).

There are several shortcomings with this approach. First, we only identify 1-month
overlaps. However, the effects of interactions might also be amplified if two events
occur not necessarily in the same month, but in a 2- or 3-month window. This leaves

room for improvement for future models. However, we include robustness interac-
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tions of two types of hazards at the yearly level. This allows us, to some extent, to
study how two hazards occurring within the year might impact outcomes. Second,
using a one-month overlap does not allow for accounting for the order of the events.
A flood following a drought might have different impacts than the reverse. This is be-
cause drought can cause the soil to harden, making areas less likely to absorb rain and
potentially leading to stronger floods. This is a limitation that cannot be avoided in this
setup. Lastly, we only account for bivariate combinations. Having already used bivari-
ate combinations, we have more than 30 compound event types. If we were to allow
for all possible unique combinations, our final model would need to account for 511
compound event types, which would likely result in overfitting our regression model.
Future research should identify the most critical combinations based on discussions
with climate scientists and agricultural researchers to account for the most significant

interactive types.

C.4 Robustness Checks of the Baseline

Testing for Functional Form of Baseline To test for the presence of nonlinearity, we
assess if the functional form of the baseline model is correctly specified. Table Table C.5
shows the use of monthly counts rather than sequences as treatment variables. Panel A
adds duration in linear terms, while Panel B adds quadratic terms. It appears that the
number of months with temperature anomalies has a negative linear effect on the net
population change. Flood and hail show a similar direction as in the baseline, albeit not
significant. Once quadratic terms are added they turn significant again. Hereby, more
prolonged floods turn coefficients more positive, while the opposite is true for hail.
For flood, the turning point would be around 1.7 months of exposure. This exposure
is reached for 25% of all flood events; therefore, for a quarter, our model averages and
potentially masks the true effects of flood events. For hail, the computed turning point
is 1.6 months, which is only reached in around 7% of all events. In both cases, most of
the events show the described baseline results. Yet, we acknowledge that in around a
quarter of the events, we might find a potentially misspecified structural form, where

a nonlinear structure might have add value.

Testing for Spatial Spillovers

To test for spatial spillovers, we rely on a Spatial Durbin Error Model following Anselin
(1988). In contrast to the standard two-way fixed effects model, SDEMs take the spa-
tial relationship between districts into account. To capture spatial spillovers commonly
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Table C.5
Robustness: Changing Treatment Definition

184

Temperature  Drought Heatwave Rainfall Flood Hail Locust Wildfire Storm
Panel A: No Squared Terms
Duration -0.26** 0.07 -0.01 0.10 -0.03 1.05 1.23 -0.25 -0.03
(Months) (t-1) [-0.47,-0.05] [-0.16,0.30] [-0.27,0.25] [-0.20,0.39] [-0.39,0.33] [-0.01,2.10] [-1.80,4.26] [-0.52,0.02] [-0.20,0.14]
Panel B: Squared Terms
Duration -0.24 0.11 0.29 0.39 -1.22%** 3.28** -7.36 -0.17 -0.24
(Months) (t-1) [-0.69,0.22] [-0.49,0.72] [-0.14,0.73] [-0.31,1.08] [-1.98,-0.46] [0.65,5.90] [-20.92,6.19] [-0.71,0.37] [-1.15,0.66]
Duration -0.01 -0.01 -0.06* -0.16 0.37** -1.02** 1.93 -0.00 0.03
(Months) sq. (t-1) [-0.10,0.09] [-0.17,0.15] [-0.10,-0.01] [-0.50,0.18] [0.10,0.64] [-1.75,-0.30] [-1.53,5.39] [-0.15,0.14] [-0.16,0.23]
Obs. 69,516 69,516 69,516 69,516 69,516 69,516 69,516 69,516 69,516
Districts 3855 3734 2582 3832 3134 628 255 2784 249
Unit-FE v v v v v v v v v
Year-FE N v N v v v v v v
Region-Year-FE v v v v v v v v v
Controls? v v v v v v v v v
Control for Hazards? v v N v v v v v v

Note: *<0.1, **<0.05 and ***<0.01 p-value. All models include district, year and region-year fixed effects. As controls,
lagged conflict count, lagged rural population share, and lagged share of cropland are added.
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two spatial econometric models are found: Spatial Durbin Models (SDMs) or Spatial
Durbin Error Models (SDEMs). The former allows for feedback effects of the outcome
by making the spatially lagged dependent variable a core part of the regression model.
In contrast, we opt for a SDEM model that assumes that net population change pre-
dominantly responds to spatially correlated shocks, but not directly to neighboring
districts” net population change trends. SDEMs build spatial lags for treatments and
covariates and also account for latent spillovers by incorporating spatial autocorrela-
tion into the standard errors.

The SDEM model is highly dependent on the setting of a spatial weighting matrix,
which represents the influence of neighbors on each other. There are many ways in
which neighbors can be weighted. We opt for a row-standardized Queen contiguity
spatial weighting matrix, which is common in this literature. This matrix is now called
W. Then the SDEM model of the following form is run:

k k
Yijert = Bo + ﬁlDi(jC)r,t,l + Y Xijer,p—2 + 91WD§]-C)r,t,1 + OWXijerp—2 + A + At + tijers
(3.4)
Uijert = P ijj’”ij/crt + Cijert (3.5)

]

The implementation is based on the spreg Python package (Amaral et al., 2025) and
follows a form similar to the models of Felbermayr, Groschl, et al. (2022). The differ-
ence to the baseline model is that here no background stressors (T) are added. This is
done to reduce noise in the regression model. Additionally, region-year fixed effects
are excluded because they may absorb part of the variation, especially for districts lo-

(k)

jjr,t—1 Measures the direct effect of a hazard
()

ijer,t—
the nearby districts. The updated error term u;;.,; controls the spatial autocorrelation

cated along the region’s boundaries. The D

event of type k on the outcome, while the WD , measures the spillover effect for
in the error term and shall account for omitted unobservables spatially. To make the
results more comparable to the baseline, we re-run a modified baseline regression that
is identical to the above equation, with the exception that WD and WX are omitted,
and standard errors are clustered at a district level.

The results are shown in Table C.6. Similarly to the baseline in Equation 3.1, floods
and hail are significant. However, because of changes in the fixed effects, wildfires
and storms also become significant. More importantly is Panel B. It appears that tem-

perature anomalies and droughts have significant spillover effects, where the effects
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in neighboring districts offset the reduction in net population change. The effects of
floods remain significant and negative, with no observed spillover effects. The find-
ing that some of the results of the two-way fixed-effects model might be biased due
to hidden spatial spillovers justifies why, in the baseline, a province clustering rather
than a district clustering is used. However, some residual spillovers may still exist.
Wildfires primarily have local effects that are not influenced by spillovers, highlight-
ing that the reallocation of the local population due to nearby wildfires is unlikely.
For locust events, both direct and spillover effects are large and positive, in contrast
to the insignificant TWFE estimates. This reflects spatial confounding in the baseline
model. The strong effects are likely due to the high spatial concentration of desert
locust swarms around a small part of Africa. The baseline TWFE averages over the
whole region, whereas the SDEM accounts for the strong effects found within the small
region that is concerned by locust swarms. For droughts, if the districts themselves are
exposed, no significant impact on net population change is recorded. Yet, if neigh-
boring districts are treated, net population increases indicate some form of migration
or displacement. Overall, these findings reveal that, for some, albeit not all, effects,
spatial spillovers exist and should be taken into account.

Temporal Dynamics The baseline model assumes that treatment takes precisely one
period to show effects. Effects, however, might be dynamic and carry over multiple
time periods. Also, anticipation and pre-trends might be present and potentially influ-
ence the coefficients. To test if our model is driven by treatment or has dynamic carry-
over effects, we estimate an event-study version of our baseline model relying on the
DiD; estimator of De Chaisemartin and d"Haultfoeuille (2024). To estimate treatment
effects that allow for treatment reversal, the parameters of interest are

ATT(d,t) = E[Y:(d) — Y;(0) | G = d]

where the average treatment effect of the treated is split into treatment sequences (d)
and periods (t). Following Baker et al. (2025) the estimator "staggerizes" such treatment
sequences (d) following the first time the districts start to be treated. The DiD estimate
is normalized by the number of treated periods. In our setup, we use the same baseline
controls as in Equation 3.1, but we modify the treatment definition slightly. In contrast
to the baseline, where events need to affect at least 20% of a district, here we set a
higher threshold of more than 80%. This is introduced because otherwise our sample
of "clean" pretreatment periods becomes so small that estimation is not feasible with-
out contamination of previous districts. Furthermore, this approach reduces potential
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Fig. C.9. Robustness: Selection into Treatment

Note: *<0.1, **<0.05 and ***<0.01 p-value. The model presents the results of the
baseline specifications, with the difference that each regression is conditioned only
on districts that experience at least one event of the hazard type over 20 years.

missclassification or events that might have been too weak to take effect. Moreover, we
exclude the set of background stressors, as in some treated groups, the first-difference
regression of the outcome on control variables and fixed effects, which is part of the
estimation, cannot be estimated due to insufficient variation. Here, the number of ob-
servations is smaller than the number of control variables. To avoid errors and bias in

the estimates, we thus exclude the background stressors from the model.

The results are shown in Figure C.10. Locust swarms, drought, temperature and hail
show no significant effects or clear pre-trends. The heat wave seems to increase the
net population change from two years after treatment onward. Rainfall, in contrast
to the baseline, has a strong and significant effect. We suspect that this extreme ef-
fect is likely driven by extreme outlier events, given that rainfall anomalies might be

more local. Further investigation shows that rainfall events extending for more than
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Fig. C.10. Robustness: Dynamic Treatment Effects

Note: *<0.1, **<0.05 and ***<0.01 p-value.. The shown estimates present an event
study using individual treatment on a district level and estimate the DiD; estima-
tor as described by De Chaisemartin and d"Haultfoeuille (2024). Standard errors are
clustered at the district level, following the recommendations of De Chaisemartin and
d’Haultfoeuille (2020). Confidence intervals reflect 90% intervals.

80% of a district represent only around 17% of all recorded rainfall events. Thus, the
strong response is likely driven by severe events in the upper tail. Flood shows nega-
tive effects in the year after a flood, consistent with the baseline. However, the effects
are only marginally below the 10% threshold. The clearest patterns are observed for
wildfires and storms, where storms increase the net population and wildfires reduce
it. Plausible mechanisms might include the fact that wildfire destroys infrastructure
and causes income losses, thereby driving people out of districts. However, if human-
caused, it could also be indicative of slash-and-burn practices that result in larger crop
yields and thereby enable households to send migrants. Storms, in contrast, may re-

duce out-migration and thereby increase net population change in areas with negative

189



Chapter 3. Crisis-Driven Mobility

net population change, especially if storms cause households to become trapped in
poverty. Overall, the results show that flood is also, albeit with little significance, neg-
ative in the event study; however, our baseline model may underestimate the dynamic
treatment effects, especially for wildfires and storms. Lastly, at least for the chosen two
periods apart from temperature, no pretrends are shown, potentially indicating that
anticipation plays a minor role. These results should be interpreted with caution, es-
pecially since the estimator by De Chaisemartin and d’Haultfoeuille (2024) relies, like
our model, on the Stable Treatment Unit Value assumption, which we have previously
documented as potentially being violated.

Microlevel Validation The analysis of the baseline is conducted on a fairly aggregate
level. Following Hoffmann, Sedovd, and Vinke (2021), many studies on the migra-
tory response to shocks are conducted at the country macro-level or the household
micro-level. This article employs an intermediate level of aggregation at the district-
unit level. This might capture broad population trends but does not necessarily cap-
ture the household response to a shock. Although not at the center of this study, we
provide suggestive evidence on the effects at the household level by reproducing a
model similar to that of Di Falco et al. (2024). Their article focuses on the effects
of cumulative droughts on household decisions to migrate. Instead of using all Liv-
ing Standards Measurement Survey Integrated Surveys on Agriculture (LSMS-ISA) of
the World Bank, we restrict this robustness test solely on Nigeria (National Bureau of
Statistics (NBS), 2014), given its importance of population and exposure to many of
our hazards. To create the data, the geolocations of the LSMS-ISA clusters are inter-
sected with the grid taken from Reinhardt (2024a), and then a panel Logit model of the
following form is estimated:

K
10g (1 figﬁ?ﬁﬂ;il)) =+ k;l ﬁsz'(}]:,);f—l + v Xine + On + €ny (3.6)
The outcome M;; approximates the likelihood that an individual leaves the household
without returning!®. To avoid death of household members, we retain a sample of only
households that do not lose any member over the three waves covered. Thus, we avoid
capturing persons who might have died as a result of the direct or indirect effects of an
extreme event. The YK B kDi(}lz{,)tfl test the marginal effects on the likelihood of having

a migrant if in the previous year a shock of this kind occurred. All are added at once

13 Following the question: "Is person X still a member of the household?"
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to account for the potential presence of other hazards. In additional specifications, we
replace the dummy with an alternative dummy that indicates whether there was cu-
mulative exposure in previous years (e.g. if floods occurred in both prior years). Only
six of the nine hazards are included since some barely occur in Nigeria. The vector X; ;
controls the same household and individual-level determinants than in Di Falco et al.
(2024) (amongst others gender, household size, or non-agricultural income). In con-
trast to Di Falco et al. (2024) we estimate a logit regression and exclude country-level
estimates on natural and non-natural disaster exposure given that we only compare
effects within the same rather than between different countries. The results can be
seen in Figure C.11. On a household level, having had a temperature anomaly in the
previous year (red) does not change the odds of migration. Drought and flood sig-
nificantly reduce the odds of having a family member who is a migrant. Precipitation
alone, in contrast, increases the odds, making a household 1.2 times more likely to have
a migrant. A likely explanation is the reduction in household income after droughts
and floods, which are known to affect agriculture and physical assets. Rainfall, on the
other hand, may increase crop yields, thereby contributing to higher income. In con-
trast to the baseline, no significant effects are found for hail, likely because hail is not
extremely widespread in Nigeria. Overall, the household results reveal that for one
country tested, flood and drought tend to reduce decisions to migrate. This does not
directly contradict the baseline results. First, it is unclear where do people migrate to.
Depending on whether they stay within the district or move farther away, this will in-
fluence the net population change. If they move further away, droughts and floods will
reduce net population change in net-emitting regions and increase it in net-receiving
areas. We do not find this in our baseline. However, the baseline also covers the whole
subcontinent and although such effects might not be found in Nigeria, there might be

such effects in other parts of Africa.

The other two coefficients (yellow and blue) in Figure C.11 test whether cumulative
effects matter for households’ decisions. In other words, it is tested if cumulative ex-
posure over multiple years (e.g. having two consecutive years with severe droughts)
influences the household decision. The effects of floods and droughts continue to re-
duce the likelihood of migration. Now, temperature anomalies reduce the likelihood
of migration, while repeated forest fires increase the odds of having a migrant in the
household. Potentially, a single bad year might be captured, but repeated exposure to
the same event causes effects to vanish. In contrast to Di Falco et al. (2024), the propen-
sity to migrate decreases with drought exposure, but this is likely due to the different
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definition of treatment, the different model, and the set of controls. The results of cu-
mulative exposure highlight that another channel, which is not at the center of this
study, matters. This type of "compound" event is examined in Di Falco et al. (2024)
and Petrova et al. (2025) and is not central to our study. For completeness, we include
temporal compounding events to the baseline in Figure C.12 that capture having had
a type of event over consecutive years. Cumulative drought, floods, and storms seem
to matter, especially for drought and flood in net-emitting areas. Hail only matters in
the year of treatment. Overall, this reveals that indeed, temporal cumulation of events
tends to also matter, in line with findings from the microlevel test. This extension is
descriptive; however, we would like to acknowledge that cumulative, repeated events
over time may have a significant influence on household decisions regarding the pres-

ence of a permanent migrant and, consequently, on net population changes.
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Fig. C.11. Robustness: Validation with LSMS

Note: *<0.1, **<0.05 and ***<0.01 p-value. The model estimates the model described
in the paragraphs above. The data is based on LSMS-ISA waves 1 to 3 of Nigeria. The
model adds all hazards jointly and controls for household and individual statistics.
Regressions include household fixed effects and household-clustered standard errors.
The different events capture having an event of type k in the previous year, over 2
years, and 3 years.
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Other Robustness Tests To further validate the results, three additional robustness
checks are included. First, Figure C.13 checks if results are driven by outliers of districts
in the dependent variable. Thus, the net population change variable is winsorized us-
ing winsorization at 1% and 5%. The results do not change substantially in significance

or direction.

Next, Figure C.14 investigates another change in the definition of treatment. Before, it
was assessed whether our definition of upper-tail events might mask some underly-
ing nonlinearities. A second condition that must be met is that a certain fraction of a
district must be affected. This threshold is arbitrarily set to 20% of the physical area.
This can be problematic if the area sizes of districts vary: 20% in a small district corre-
sponds to a much smaller affected area than in large districts. This could include a bias
if the treatment therefore captures different levels of exposure to events. To assess this,
Figure C.14 varies the area threshold over several dimensions. In the upper panel, for
each hazard, the thresholds ranging from marginally above 0% to 100% of the affected
physical area are shown. The results using the chosen threshold of 20% are generally
robust to changes in the cut-off. For hail, the most significant cut-off is around the cho-
sen 20% level. Larger thresholds for hail result in a larger coefficient, but one that is less
significant, below a 10% level, likely due to a smaller treatment sample. For storms,
especially those with a 40% threshold, the coefficient becomes marginally significant
at the 10% level, whereas all others fall below the traditional significance levels. In
particular, locust swarms appear to have a significant coefficient beyond 80% of the
affected district. However, only six districts have this intense exposure, making it im-
possible to draw a valid inference. Rainfall anomalies have a significant effect if more
than 60% of a district is exposed. To provide further validation of the threshold 20%,
we apply alternative weighting schemes: the share of population of a district affected
and the relative cropland share affected. The results are comparable to those obtained
using area weighting. With population and cropland shares, flood remains significant,
whereas hail falls marginally below the 10% level. The same critique can be applied
using population or cropland weighting, namely that 20% in districts with higher pop-
ulation density might show larger effects than in areas with lower population density.
However, we believe that the distribution of population and cropland is not uniform
within a given district, in contrast to its physical area. Thus, given that the results
are comparable, it adds confidence that the effects are indeed relevant. Furthermore,
as our baseline model includes district-fixed effects, it accounts for the total area of a
district, thereby mitigating concerns that size itself is the primary driver of the treat-
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ment effects. Overall, the results indicate that the main findings are not fundamentally
driven by the chosen 20% threshold in the baseline specification.

Lastly, the data might be noisier for district-level data than for province-level estimates.
Figure C.15 aggregates treatment and results at the provincial level and also applies a
20% threshold for affected land. Floods remain significant, especially for net-emitting
provinces, but hail and storms lose their importance. In contrast, wildfires show sim-
ilar effects to floods, again in net-emitting regions. Given that 20% of a province has
substantially more burned area than 20% of a district, this strong effect might be driven
by some extreme wildfire events that induce displacement. Finally, if large parts of
provinces are affected by droughts, net receiving districts (with a positive net popula-
tion change) receive a larger inflow of population. This aligns with the findings of the
literature, which suggest that droughts may cause displacement in urban areas, which,

on average, are net receiving areas.
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Fig. C.13. Robustness: Sample Dependence

Note: *<0.1, **<0.05 and ***<0.01 p-value. The model estimates Equation 3.1 but
winsor the dependent variable by 1% or 5%.
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Fig. C.14. Robustness: Area Threshold

Note: *<0.1, **<0.05 and **<0.01 p-value. The model estimates Equation 3.1. As mentioned in the methodology, treat-
ments are restricted to affect at least 20% of the physical area of a district. Here, the threshold is changed from 0% to
100%. Also, alternative threshold criteria (population and cropland affected) are included.
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Fig. C.15. Robustness: Spatial Aggregation

Note: *<0.1, **<0.05 and ***<0.01 p-value. The model estimates Equation 3.1 but
aggregates values at the province level.
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C.5 Robustness of Extended Model

Concerns regarding Imperfect Multicollinearity There might be concerns of Equa-
tion 3.2 that variables of hazard interactions are added that are irrelevant or highly
collinear to one another. Thus, we employ the Post-Double Selection Lasso (PDS-
Lasso) method as proposed by Belloni, Chernozhukov, and Hansen (2014). It ensures
that only hazards relevant to the outcome and treatment are included. In our case,
treatment involves each separate coefficient for the 47 hazard combinations. Thus, the
PDS-Lasso is re-run iteratively. We proceed in three steps: first, we select the variables
most predictive of net population change using the Lasso method. Second, we select
covariates that predict the hazard-combination in question. Third, and finally, a panel
estimation is run using the treatment variable and the selected controls from the first
two steps. In contrast to Equation 3.2 no region-year fixed effects are used as they are
not compatible with the setup in the statistical software (STATA) used.

The results are shown Figure C.16. In general, the effects are broadly comparable,
but cumulative events are more often significant (especially for droughts, heatwaves,
floods and wildfires). The coefficients tend to be marginally larger than previously
shown. The differences found might be due to a different set of included covariates
or due to the omission of the region-year fixed effects. To make the results more com-
prehensible, we also create a difference plot between the coefficients of Equation 3.2
and the PDS-Lasso Model. The result is shown in Figure C.17. We find that if both are
significant, the coefficients are fairly similar (close to the dotted line). In both cases,
some coefficients are significant only in one model or the other. Four out of these are
due to cumulative events that seem to become more significant in PDS-Lasso. Further
investigation revealed that most of the significant ones were coefficients that, in the
baseline, had p-values close to the 10% cut-off. Generally, there is a high degree of
overlap between the direction and significance of the coefficients. This is especially
true for the most impactful compound events. The PDS-Lasso detects some additional
effects that might have been previously insignificant due to the inclusion of region-year
tixed effects. This is especially due to the cumulative effects of temperature, drought,
heatwave and flood. The differences in magnitude found might be due in part to the
chosen variable selection, which might reduce bias in the final model. To conclude,
the robustness of the direction of coefficients and the stability of the main compound
coefficients, even after the selection of other relevant influencing variables, imply that
the baseline effects are not systematically driven by the included variables.
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Fig. C.16. Robustness: Post-Double Selection Lasso

Note: *<0.1, **<0.05 and ***<0.01 p-value. The model yields similar results to Equa-
tion 3.2 but applies a post-double selection Lasso estimation, as described in Belloni,
Chernozhukov, and Hansen (2014). Each coefficient employs a double selection of co-
efficients. Regressions include the same controls as in the baseline but no region-year
fixed effects. Standard errors are clustered at the district level.
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Fig. C.17. Robustness: Difference between PDS-Lasso and Baseline

Note: *<0.1, **<0.05 and ***<0.01 p-value.. The figure shows the difference between
the estimates from PDS-Lasso and the baseline estimates. If both coefficients, PDS-
Lasso and baseline, are insignificant, they are omitted from this figure. The closer
both coefficients are to the 45-degree angle, the more similar the coefficients are. Ab-
breviations: T Temperature, HW Heatwave, DR Drought, P Precipitation, FL Flood,

HL Hail, WF Wildfire and WI/S Storm.
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Definition of Temporal Compounding The model shown before separates between
single events, cumulative events, and compound events, where compound events are
defined as two different types of hazards occurring in the same month. However, per-
haps instead of overlapping within the same month, co-occurrence within the same
year might also be important. Even if a flood and drought do not occur in the same
month, their combined impact on net population change may be different from the
impact of the individual hazard events. To test this, instead of using the sequence
definition used in the main part of the paper, the same regression is used with the
difference that "compound events" are now interactions within the year. So it is a
less strict definition that allows a compound event to manifest at any point within the
year. As long as both types of hazards occur in the same year, it is considered a com-
pound event. Thus, the number of compound events substantially increases. The re-
sults are shown in Figure C.18. On average, many effects are similar (especially flood-
temperature events), albeit smaller. Using interaction terms, many flood interactions
show negative and significant effects. A new finding is that wildfire-flood interactions
are strongly negative and significant; however, this is likely due to a relatively small
sample of such events. For the effects that remain significant, changing the definition
from within-month to within-year broadly keeps the sign across both models. Several
events (flood-temperature, flood-storm) have a smaller magnitude of coefficients, sug-
gesting that monthly compound events capture more immediate and severe impacts.
The strongest effects remain significant, especially flood-temperature. However, a few
additional effects are noted, notably flood-rainfall and flood-wildfire interactions that
might be missed using monthly definitions. This highlights that people might respond
not only to direct compound events, but also to cumulative or sequential shocks. To
conclude, the chosen definition changes if a larger time window is used. However, the
changed definition to within-year events does not invalidate the main results, given
that the magnitude and direction of coefficients remain broadly stable. However, some
events, such as floods and wildfires, might see a stronger response only if more time is

between each individual event.
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Fig. C.18. Robustness: Changing Compound Definition

Note: *<0.1, **<0.05 and ***<0.01 p-value. The figure shows the effects of Equa-
tion 3.2 with the difference that compound events are defined as interaction terms
within the same year.
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C.6 Illustration of the Vulnerability Index

In the heterogeneity section of the paper, the sample is divided into two groups: those
with below-median vulnerability and those with above-median vulnerability. To our
knowledge, no dataset exists at the sub-provincial level in Africa to specify climate vul-
nerability. To account for the vulnerability of a district, we rely on a downscaled ver-
sion of the INFORM index, originally developed by the European Joint Research Cen-
ter (Marin-Ferrer, Poljansek, and Vernaccini, 2017). However, instead of replicating the
entire indicator, we focus particularly on the "vulnerability component". Vulnerability
is composed of two parts: the socio-economic dimension and the vulnerable group di-
mension. Socioeconomic factors themselves are composed of three parts: development
deprivation, inequality, and aid dependency. We try to replicate this using the human
development index from Sherman et al. (2023) for development deprivation. Inequal-
ity is approximated by a relative wealth index Chi et al. (2022). Aid dependency uses
province-specific values for aid in USD received from AidData (2017). The vulnerable
group is divided into uprooted people and other vulnerable groups. We do not have
data for this, but we proxy the vulnerable population as the share of the population
below the age of 15 and above 60 (as a proxy for age dependence) in each district, us-
ing data from WorldPop (2018). Each of these variables is then weighted according to
the following formula:

; — min
= iy 10

where yu is the observed value in district i, min(x) and max(u) are the minimum and
maximum possible values of the variable and 100 is the scale to which we want to trans-
form the variables. The index is then created as the sum of the individual weighted
components, where similar to Marin-Ferrer, PoljanSek, and Vernaccini (2017), socioe-
conomic vulnerability with the weight of 0.5 (consists of development and deprivation,
in form of HDI, has the weight 0.5, inequality, measured by the relative wealth index,
has the weight 0.25, and aid dependency, here aid received as weight 0.25) and 0.5
of vulnerable groups, measured by population share below 15 or above 60. The final
index ranges from 0 (little to no climate vulnerability) to 100 (highly vulnerable). A
plotted version of the index is shown in Figure C.19.
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Fig. C.19. Visualization of Self-Composed Vulnerability Index

Note: The figure shows a self-composed vulnerability index based on the idea of the
INFORM index. It combines the Human Development Index from Sherman et al.
(2023), relative wealth from Chi et al. (2022), share of population below the age of
15 or above 60 (as a proxy for age dependence) from WorldPop (2018) and province-
specific values for aid received from AidData (2017) into a unified index using min-
max scaling. Grey areas are cells with no data available.
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C.7 Additional Information on the Mechanisms

Creation of Outcomes

NDVI Anomalies NDVI anomalies computed are based on bimonthly NDVI estimates
since 1982 from Li, Cao, Zhu, et al. (2023). Based on this, pixel-by-pixel anomalies
are computed using the monthly means and standard deviations from 1982 to 2000,
and then using a moving 18-year window. Then, an annual anomaly is computed
as the average anomaly in a given year. However, this would capture the average
anomaly by district when aggregated. To compute a district-specific measure, we use
a cropland-weighted aggregate by year. To this end, we rely on annual cropland data
from Winkler et al. (2021). The final measure measures the NDVI anomalies by district
weighted by the fraction of cropland covered in each district. This is not an ideal
measure given that NDVI cells might stretch over multiple land-use types not only
cropland. Furthermore, originally, data could have been obtained on a daily 300m
resolution, but the spatial and temporal aggregation causes a large loss of variation.
The final annual NDVI anomaly at the district level on the croplands thus captures
a smoothed generalized signal of cropland vegetation health by district rather than a
high-resolution crop-specific stress dynamic. It may underestimate local and short-

term deviations due to spatial and temporal aggregation.

Food Production The food production data on Cassava and Maize is taken from Lee,
Anderson, et al. (2025) that cleaned and harmonized crop production data for 15 SSA
countries. Data is provided at the district or provincial level, as well as by growing
season and crop type. Our main data is annual data from the district level. We select
Cassava and Maize for all areas where the growing and harvesting seasons are within
the same year. Only production statistics from main growing seasons are kept (Main,
Annual, Summer, Winter, Meher and Rice Season). That might underestimate true
production during off-season planting, but it allows us to capture at least the major
growing seasons. If data is only available at the provincial level, provincial statistics
are distributed using the time-invariant harvested area by crop data from International
Food Policy Research Institute (2020). Unfortunately, not every crop records the same
number of seasons every year. To obtain a stable sample, we conduct multiple data
cleaning steps, including manual validation of seasons covered and assessment of the
bias. The bias is greatest for rice and wheat, where a significant amount of data is
missing. Thus, in our final sample, only cassava and maize are included as they are also
important staple crops in Africa. The final variable is logged to reduce the influence of

production outliers.
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Food Insecurity Unfortunately, food insecurity data is not available in all sub-Saharan
African countries. We obtain data from 2009 until 2020 for Burkina Faso, Burundi,
Cameroon, Chad, Congo, Democratic Republic of Congo, Ethiopia, Kenya, Uganda,
Tanzania, Madagascar, Mali, Malawi, Mozambique, Niger, Nigeria, Somalia, South
Sudan, Sudan and Uganda from Andrée et al. (2020). The data is based on the Famine
Early Warning Systems Network on a tri-annual basis. The chosen measure is the In-
tegrated Food Security Phase Classification (IPC), an index ranging from 0 to 5, where
higher values indicate more severe famines. The data is already provided at the sub-
national level.

Gross Domestic Product Gross Domestic Product at the subnational level is difficult
to obtain. Articles usually rely on nightlight as a proxy for economic activity. At the
district level, nightlight falls short of taking into account the distribution of nightlight
within the district if averages are used. We rely on a downscaled GDP at the provincial
level, as presented in Zhang et al. (2024), which utilizes a deep learning model to esti-
mate annual GDP at the provincial level. To distribute the provincial-level GDP to the
district level, we use relative population shares within each province. Furthermore, we
re-estimate the results using district-level estimates from 2012 onward, as provided by
Rossi-Hansberg and Zhang (2025).

Changed Models

In the mechanism section, we rerun Equation 3.2 with different outcome variables.
The variable transformations are described above. To measure the effect of different
events on anomalies in NDVI, food insecurity, and crop production, the baseline model
changes the temporal dimension from lagged treatment to treatment in the same pe-
riod (switching t-1 to t). Apart from that the models are comparable. The reason for
not using a lagged term is that we expect the effects of hazards to have an immediate
impact on the results of NDVI and agricultural production. While it is also likely that
effects carry-over to later periods, we use no lagged treatment here due to the following
argument: if hazards have an immediate impact on agricultural health (NDVI anoma-
lies), production and direct consumption (proxied by food insecurity) then effects on
net population change a year later might be due to losses of agricultural income in
the previous period. For GDP growth, the identical model as in Equation 3.2 (with
t-1 in treatment) is used because we assume that hazards need time to manifest and
influence GDP growth.
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CHAPTER 4

Growth Under Rising Pressure: Weather Shocks in
Sub-Saharan African Cities

This chapter is solely authored.

4,1 Introduction

African cities are expected to triple in population by 2050, compared to their size in
2018, and are estimated to house 22 percent of the world population by mid-century
(UNDESA, 2019). These growing cities are major drivers of economic growth and have
improved many socioeconomic outcomes, such as education and financial inclusion
(OECD, United Nations Economic Commission for Africa, and African Development
Bank, 2022). However, rapid expansion of cities, particularly those near the coasts,
is likely to expose a growing number of residents and businesses to the impacts of cli-
mate change (Dodman et al., 2022; Rentschler, Avner, et al., 2023; Tuholske et al., 2021).
Along with urbanization, one finds the sealing of the ground that might exacerbate
flooding and heat exposure (Rentschler, Avner, et al., 2023; Founda and Santamouris,
2017). However, the effects of climate change are more complex than occasional expo-
sure to a specific extreme event. By 2030, the likelihood of urban areas facing floods
and droughts will have doubled compared to risk levels in 2000 (Giineralp, Giiner-
alp, and Liu, 2015) and some cities will experience exposure to events beyond floods
and droughts (Saki¢ Trogrli¢ et al., 2024). When multiple such events occur in a short
time frame, often referred to as "compound events", their joint effects might be more
severe than their individual effects (Zscheischler, Westra, et al., 2018). The increasing
likelihood of co-occurrence of different extreme events and the rapid urban growth
in Sub-Saharan Africa make it crucial to understand how these events shape urban
growth.

11 would like to thank Guy Michaels, Clement Bosquet, Lisa Chauvet, Maxime Roche, Niklas Nord-
fors, Yanis Bekthi and the participants of the 14th European Meeting - Urban Economics Association, the
IPSWD at Columbia university as well as internal research seminars at Paris 1 and LEO at University of
Orleans for their valuable comments.
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This article studies the effect of four types of climate-driven weather shocks on phys-
ical urban expansion in Sub-Saharan African cities between 2000 and 2019. Floods,
heatwaves, storms and droughts are chosen as they are likely to change in the upcom-
ing decades due to global warming (IPCC, 2021, Chapter 12). In contrast to previous
studies, the four hazards are introduced simultaneously. This allows for investigating
whether the effects found in the literature are driven by a specific hazard class or in-
stead by the presence of another unaccounted-for hazard. Understanding how cities
respond to extreme events is critical for several reasons. Although many studies have
studied the relationship between climate change and urbanization (see, e.g. Hender-
son, Storeygard, and Deichmann, 2017; Helbling and Meierrieks, 2023), very few have
focused on the effects beyond a specific hazard (mainly flood or drought) on urban
growth. Given the increasing likelihood of co-occurring extreme events due to climate
change, this understanding is particularly important for anticipating urban growth
patterns. Extreme events may drive population movements (Hoffmann, Dimitrova, et
al., 2020), intensifying pressure on growing cities but serving as an adaptive response
to climate shocks. Yet, if these shocks exacerbate pre-existing vulnerabilities in cities,
they might reduce welfare and induce additional humanitarian and economic pressure
on cities. Lastly, many studies focus on the evolution of the population over time. The
quality of this data is often limited since it relies on interpolated estimates. Using novel
high-resolution building footprint data allows researchers to capture a clearer picture
of extensions of urban areas.

To answer the question of how urban growth is changed after extreme events, we rely
on a temporal panel model to compare the growth of 5 721 urban agglomerations in 44
Sub-Saharan countries between 2000 and 2019. After selecting urban agglomerations,
as defined by OECD and SWAC (2020), the data is combined with high-resolution data
on the growth of a measure called "impervious surfaces". This data, coming at a 30
m resolution, provides information on the annual evolution of human-modified ar-
eas within cities. Impervious surfaces capture, beyond building evolution, also evo-
lution in infrastructure in general. It is especially important in climate impact stud-
ies, as it is correlated with a higher risk of heatwaves and urban flooding. Data on
extreme events is drawn from Reinhardt (2024a) and includes information on floods,
heatwaves, droughts and wind storms. The data is homogenized and converted into
an annual count of shocks for each hazard that occurs in a city. However, the spatial
scope of the events varies. Droughts have large-scale effects, while floods tend to be
local. Thus, we repeat part of our analysis for a city-catchment area, which accounts
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for the surrounding regions connected to the city. Then, while annual counts enable us
to investigate whether an increasing number of shocks affects growth, we also examine
the effects of a more "climatic" definition of compound events. Namely, we investigate
whether our results change when accounting for different combinations of shocks that
occur one after another within a year (e.g., a flood following a drought). Finally, in
the article, we also provide insights on how much of the coefficients are driven by the
history of exposure over the past eight years. Therefore, we rely on an event study
estimator by Imai and Kim (2019).

Our main results paint a clear picture: experiencing floods, especially those induced
by extreme precipitation, reduces urban expansion by around 3-9% in poorer and more
rural cities. These effects are largely centered around Western Africa. In addition,
these effects are amplified when floods follow heatwaves, which is a common type of
"compound event". Rather than highlighting opportunities for sustainable growth, the
tfindings are linked to undesirable side effects. We also document a contemporaneous
increase in informal population, people returning to high-risk flood zones, as well as
a slight increase in the likelihood of violent urban unrest. Heatwaves might have a
small, negligible negative effect as they create potential disamenities in the city and
reduce labor productivity (Lai et al., 2023). They might thus slow down urban expan-
sion. Although some of our results suggest this, the effects are weak and negative.
We find that most of the negative effects are caused by interactions with flood events.
The effects of droughts have already been extensively studied, with numerous papers
tinding positive impacts on urban expansion (see, e.g. Chlouba, Mukim, and Zaveri,
2023). The mechanisms proposed in the literature focus on droughts as a factor that in-
centivizes rural-urban migration. Although little effect is observed when droughts are
studied purely at the city level, accounting for the effects in catchment areas of cities,
we document an increase in urban expansion of around 3% (or 0.12 percentage points).
In partial contrast to the literature (e.g. Van der Borght et al., 2025), however, we find
that these effects originate mainly in medium-sized rural cities. These effects become
negative once the history of droughts is taken into account, suggesting that treatment
history matters. Finally, storms, although they show strongly positive effects, should
be regarded with caution, since only small fractions of African cities are exposed to this
hazard. However, relatively wealthy cities experience an increase in urban expansion
after damaging windstorms, highlighting that they can induce population movements.
Thus, combining the results, we find that shocks, especially droughts, tend to reveal

urbanization as an adaptive response to surrounding areas. However, the shocks stud-
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ied also increase vulnerabilities within cities. From a policy perspective, floods have
a major influence on urban expansion in Sub-Saharan Africa. They add pressure to
already poorer cities and exacerbate living conditions. Finally, from an empirical per-
spective, we emphasize that in addition to the history of hazard exposure and the spa-
tial dimension of the shock, researchers should consider sequences of different hazard
events. This approach might help us better understand whether the hazard alone or a

combination of hazards drives the results.

This article contributes to several streams of literature. First, the article contributes to
the literature on the effects of shocks on urban growth and recovery from shocks. This
topic has been extensively studied in urban economics in the context of war (Davis and
Weinstein, 2002; Bosker et al., 2007), human-caused events such as the Boston Fire of
1872 (Hornbeck and Keniston, 2017) or in the aftermath of particularly costly extreme
events such as Hurricane Katrina in 2005 (Vigdor, 2008). The paper contributes to this
discussion by examining how extreme events influence urban growth and expansion.
Instead of focusing solely on a single extreme event, such as a fire or a hurricane, we
extend this literature by studying, in a high-resolution setting, how cumulative rather
than single shocks might influence growth behavior.

Second, it contributes to the literature on the urban growth-climate change nexus. In
recent years, an increasing number of studies have shifted their attention from individ-
ual cities or events to the effects of climate change on urban growth. An entire chapter
of the IPCC is dedicated to this topic (Dodman et al., 2022). Many notable examples
in economics study the effects of specific hazards or joint hazards such as tempera-
ture and precipitation (Castells-Quintana, Krause, and McDermott, 2021; Helbling and
Meierrieks, 2023; Colmer, 2021), droughts (Henderson, Storeygard, and Deichmann,
2017; Chlouba, Mukim, and Zaveri, 2023; Van der Borght et al., 2025) or floods (Gandhi
et al., 2022; Kocornik-Mina et al., 2020; Magontier and Martinez, 2023). Many of these
studies are at the city level. The closest related to this study are the works of Magontier
and Martinez (2023) and Kocornik-Mina et al. (2020) for floods and Van der Borght et
al. (2025) for droughts. Magontier and Martinez (2023) focus on the effects that extreme
floods, caused by rainfall shocks, have on urban development in Spain. Applying an
event-study approach, they document that floods have led to the vertical expansion
of cities. This expansion has generally contributed positively to structural change and
increased amenities in affected cities. Kocornik-Mina et al. (2020), in contrast, focus
on a more global sample of cities and document heterogeneity depending on differ-
ent elevation levels within cities. Affected areas do not appear to adapt by shifting
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economic activity away from risky areas, except in areas that are relatively recent. In
contrast to Magontier and Martinez (2023), our study focuses on a broad scale of de-
veloping countries, where the effects might be fundamentally different. Contrary to
Kocornik-Mina et al. (2020), we actively avoid relying on nightlight data, as older data,
such as DMSP, tends to be biased in post-disaster studies (Gibson, Jiang, et al., 2024).
Instead, we use physical urban expansion. This metric, changing more slowly, is more
robust against the large fluctuations of nightlight. The article by Van der Borght et al.
(2025) is the closest related to this study, as it examines the effects of urban expansion
between 1984 and 2015 following severe drought events. They document significant
urban expansion in metropoles of affected countries, where, especially in high-flood-
risk areas, build-up appears to increase. While relying on the same input to define
urban areas as this study, we extend their work in three ways: we account for other
hazards than only droughts, we study the temporal dimension accounting for the his-
tory of droughts in a city and we do not exclude small cities as they might serve as
an important piece in the impact dimension (if displaced persons tend to settle first in
nearby towns due to lower displacement costs). In contrast to existing literature, we
document the importance of accounting for the co-occurrence of other hazards, either
by including them simultaneously in the model or by testing for specific interactions.
Furthermore, our article discusses the spatial scale of hazard events and emphasizes
the importance of going beyond continental heterogeneity analysis, which might over-
look within-continent hazard variation due to variation in atmospheric conditions.

Finally, we attempt to take a more holistic approach by including multiple types of haz-
ards in the analysis. Although the importance of analyzing connected and compound
events is well-documented (Zscheischler, Westra, et al., 2018), an emerging body of re-
search examines their impact on particular cities (Saki¢ Trogrli¢ et al., 2024) or specific
zones, including coastal and valley regions (Dodman et al., 2022). Some also focus on
specific hazard combinations in a specific country (Ghanbari et al., 2023). Despite the
simplified model used here and its failure to account for the full complexity of com-
pound events, the paper makes a contribution by studying, in its extension, the effects
of combining sequences of hazards. In summary, previous literature has primarily fo-
cused on general shocks or how specific weather shocks drive urban expansion, and
has documented heterogeneous growth responses. Little attention is given to moving
beyond single hazards and accounting for the co-occurrence of other hazards. This arti-
cle aims to fill the gap by providing a broader understanding of how different weather
shocks impact urban expansion and whether their temporal and spatial dynamics, as

well as their interactions, matter.
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The paper is structured as follows: first, the data (section 4.2) and the empirical frame-
work (section 4.3) are presented. Next, the results, their heterogeneity and robustness
are discussed in section 4.4.1. Section 4.4.2 adds extensions to the core model by ac-
counting for compound events, different spatial aggregation and finally accounting for
treatment history. The results are placed in literature and the question is asked if the
effects found improve or deteriorate the condition of the city in section 4.4.3. Finally,
the paper is concluded.

4.2 Data

This article relies on a large variety of data sources. In the following, the main variables
are described and the way in which the panel set is constructed is explained. A general
description of how data is generated is shown in Figure 4.1.

Urban Areas At first, a definition of an urban area is needed. In this study, we rely
on urban agglomerations as defined by the Africapolis by OECD and SWAC (2020),
similar to the article by Van der Borght et al. (2025). This dataset applies spatial criteria
(area where buildings are less than 200m apart) and population criteria (at least 10,000
people) to define an "urban agglomeration". For the Sub-Saharan sample around 5
721 agglomerations are included. In contrast to Van der Borght et al. (2025), we do
not apply exclusion criteria to the sample. The study aims to include smaller, rapidly
growing towns that can serve as initial destinations for displaced populations from
nearby areas. We aim to thereby obtain a more complete picture of urban development
in Sub-Saharan Africa. In the robustness part, we test how changing the sample of
cities changes the results. Figure 4.1 shows, in the first column of panel A, the agglom-
erations included in Nigeria, and in panel B, the shape of a representative agglomera-
tion. Throughout the article, we refer to these urban agglomerations as "cities", while
acknowledging that the differences in size between them may be relevant. A possi-
ble alternative could have been the use of the Global Human Settlement Layer (GHSL)
(Pesaresi, 2023). However, we prefer to rely on Africapolis, given that it relies on a stan-
dardized definition of urban areas for the African context, whereas GHSL is designed

to be globally applicable, thus losing some scope for African cities.

4.2.1 The Dependent Variable

Physical Urban Expansion To measure the physical expansion of urban areas, we rely

on the evolution of impervious surfaces at a resolution of 30 m from the Global Imper-
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Fig. 4.1. llustration of Data Generation: Nigeria

Note: Panel A displays Nigeria with its urban agglomerations, as defined by OECD
and SWAC (2020), alongside the added hazard grid from Reinhardt (2024a). Panel B
focuses on a single agglomeration—Ibadan in Oyo State—showing its overlap with
the 10x10 km grid and the computation of weighted zonal statistics (in this case, for
the 5-day maximum Wet Bulb Globe Temperature in March 2010). Finally, Panel C
presents the raw data alongside the assigned data for the outcome variable—physical
urban growth. Red and yellow areas are areas added after 2000. The grey background
is the urban extent of the city based on Africapolis.
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vious Surface Area (GISA) dataset (Ren et al., 2025). This data comes as a raster where
each pixel is indicated as built or not built, as well as the year when it was built. Im-
pervious surfaces (e.g streets, buildings, and parking lots) are human-made structures
that prevent water from being absorbed into the ground. They are indicative of phys-
ical development. More precisely, it measures the horizontal physical expansion of a
city, allowing cities to grow in space rather than height. If poorly managed, they are
also strong predictors of future vulnerability to hazards such as flooding (Feng, Zhang,
and Bourke, 2021) and extreme heat (Huang, Masselot, et al., 2023). Beyond their en-
vironmental significance, the expansion of impervious surfaces can also be interpreted
through an economic lens. Urban growth may result from productive economic activ-
ity that leads to urban expansion or from booming, unregulated informal settlements,
often triggered by displacement and a lack of affordable housing. Thus, in this study,
urbanization itself is considered neutral. If it leads to economic growth, it would be
considered positive. However, if it is accompanied by increased informality and more
people living in vulnerable areas, urbanization would be negative. Although not the
key focus of this study, we assess whether the effects found are rather positive or neg-
ative in the "Discussion” section of this paper.

In the literature, one usually finds either nightlight or the WSFevo dataset? (German
Aerospace Center (DLR), 2024; Marconcini et al., 2020) to study urban expansion. We
include WSFevo as a robustness check due to its widespread use. However, the se-
lected GISA dataset offers two key advantages: longer temporal coverage (2000-2019)
and more climate-relevant growth (since it includes infrastructure). Nightlight data is
not reliable for hazard studies. Changes in luminosity reflect not only physical urban
growth, but also economic activity and access to electricity. Furthermore, the type of
satellite sensor used in nightlight studies might distort the impacts (Gibson, Jiang, et
al., 2024).

Using 2020 urban agglomeration boundaries from Africapolis, we create bounding
boxes around each city to measure annual impervious surface area from 2000 to 2019.
As shown in panel C of Figure 4.1 for Ibadan, Nigeria, we use the 2020 functional
boundary as the maximum extent of the city. We then calculate the number of built-up
pixels each year, with brighter orange indicating later expansion. Each 30x30m pixel
equals 0.0009 km?, allowing conversion to a total human-modified area in each city.

2 See, for instance, Van der Borght et al. (2025), Chlouba, Mukim, and Zaveri (2023), and Rentschler,
Avner, et al. (2023) for applications.
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4.2.2 The Independent Variables

The hazard data is predominantly drawn from Reinhardt (2024a), a dataset that com-
bines pre-existing datasets from 2000 to 2019 into a unified global grid. The data is
reported on a 10x10 km grid for each month, primarily in terms of hazard intensi-
ties. For this study, data on floods, droughts, heatwaves and extreme wind/tropical
cyclones are extracted. An illustration for the heatwave metric, Wet Bulb Global Tem-
perature, for the case of Nigeria can be seen in Panel A of Figure 4.1. As the outcome
variable is annual and most cities are substantially smaller than the grid cells (averag-
ing about one-fourth their size), some transformation is needed. This transformation is
necessary to align the data with an annual panel at the city level. All described hazards
are characterized by monthly continuous intensity functions®. First, a monthly area-
weighted average or maximum of the hazard intensity is calculated at the city level to
account for potential overlap across multiple 10x10 km grid cells. An illustration of this
process can be seen in panel B of Figure 4.1. This value is then converted into a binary
shock indicator (shock / no shock) using hazard-specific thresholds. The annual city-
level shock is defined as the number of months the city transitions from non-treated to
treated status*. A mathematical representation of the procedure is shown in Appendix
D.3. The following paragraphs briefly describe the intensity measure for each of the
four weather shocks®. They also explain the threshold used to define a shock for each

hazard. The statistics and original data sources are presented in Table 4.7.

Floods Floods are well studied in the context of urbanization (see, e.g. Kocornik-Mina
et al., 2020; Rentschler, Avner, et al., 2023; Magontier and Martinez, 2023). If older, less
productive assets, such as machinery or buildings, are destroyed in catchment areas
and replaced with newer, more productive ones, floods could contribute to economic
growth in parts. In literature, this concept is sometimes referred to as "constructive
destruction” (Hallegatte and Dumas, 2009; Hsiang and Jina, 2014). However, floods
within cities can cause economic disruption (Kocornik-Mina et al., 2020), evasion of
flooded areas, especially near the coast (Bukvic and Barnett, 2023), or zoning restric-

tions that reduce urban growth. We expect a reduction in urban expansion, as floods

3 With the exception of flood, which has a categorical value range

4 That means if a flood occurred from February-March and July-August, two events will be recorded.
Certainly, the duration of an event might also matter, especially for floods and droughts. Accounting
for the duration is assessed in the robustness section of this paper

5 We refrain in this article from calling the observed shocks "climate" shocks, albeit they are heav-
ily influenced by climatic change. Our aim is to emphasize their short-term, high-frequency impacts
consistent with the framework of climate-driven weather shocks (Kolstad and Moore, 2020)
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are notoriously destructive and could reduce incentives to grow. Although often used
in the literature, rainfall itself is not a sufficient predictor of floods, as floods can orig-
inate from upstream river basins. We use the Dartmouth Flood Observatory (DFO)
Index, which reflects both flood magnitude and likelihood. Since floods are common
across much of Africa, we define "extreme" events as those with a return period of ap-
proximately 1 in 50 years (DFO Index > 1.5). For robustness, all recorded flood events
are also included. Furthermore, in the robustness section, we distinguish by type of
flood, assuming that a monthly 2-standard deviation from historical means in precipi-
tation might be indicative of a pluvial flood. Similarly, a two-standard deviation from
historical means over a 3-day period of maximum river discharge could be indicative
of a riverine flood®. Finally, since not all parts of an urban area are equally impacted
by a flood, we add information on flood risk from from Rentschler (2024), originally
derived from Fathom Global, and coastal flood risk from Vousdoukas et al. (2018) and
Vousdoukas (2023). Figure 4.3 visualizes on a province level the average total exposure
of cities to floods in Africa for the period 2000 to 2019. Most floods are centered around
Eastern Africa, Madagascar and parts of Nigeria.

Heatwave Heatwaves, though less clear than floods, could influence urban growth by
reducing manual labor productivity (Zhao et al., 2021). In addition, they create heat-
related discomfort and risk in densely constructed urban areas (Huang, Masselot, et
al., 2023), reducing incentives to move into cities. Thus, we expect heatwaves to have
a minor or no clear effect on urban growth. For heatwaves, the Wet-Bulb Globe Tem-
perature (WBGT) is chosen as a metric, in particular the average WBGT over a 5-day
window in a given month. Then the 5-day monthly maxima are taken. Using a fixed
threshold does not account sufficiently for geographic variation. Some parts of West-
ern Africa experience very high WBGT values almost every year. Thus, in addition, we
compute a standardized score based on historical daily WBGT temperatures from 1970
to 1999 to calculate heatwave anomalies. A heatwave month is a month in which a 2
standard deviation anomaly occurred. Furthermore, wet-bulb temperatures must have
exceeded at least 33 °C, a threshold that is considered extreme for the human body. Fig-
ure 4.3 shows that despite accounting for these extreme values, Western Africa is still

the region where most heatwave events are recorded.

Drought Prolonged drought, as a slow-onset event, can be damaging for agricultural

® The data is drawn from the Global Flood Awareness System (Joint Research Center and Copernicus
Emergency Management Service, 2019) on daily river discharge in m® per second. They are standardized
on monthly means for the covered period (2000-2020).
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production (e.g. Santini et al., 2022) and therefore lead to food insecurity. They could
accelerate urbanization (see e.g.Van der Borght et al., 2025; Chlouba, Mukim, and Za-
veri, 2023) through rural-urban migration, especially if droughts occur in catchment
areas of urban areas. We expect that drought may lead to increased urban expansion
through the indirect, non-observed channel of rural-urban migration. For drought, the
paper relies on the Standardized Precipitation Evapotranspiration Index (SPEI) for a
3-month (SPEI-3) and 12-month (SPEI-12) period. Having the monthly intensities on a
city level, an "extreme drought" is defined as a situation where both SPEI-03 and SPEI-
12 are below a value of -1.5 in the same month, commonly referred to as severely dry
environments. As droughts in some regions are fairly common, both conditions must
be met. A similar approach has been used in the past to define "compound droughts"
(see e.g. Wu et al.,, 2022). Given that droughts are fairly large-scale events, city-level
treatment is likely to also capture similar drought conditions in the catchment area of a
city. Figure 4.3 shows that most parts of Subs-Saharan Africa have seen at least a single
drought over the period covered’. In our sample, this hazard appears to be one of the

most common, as becomes clear in the descriptive statistics discussed below.

Storm Damaging winds, as a rapid-onset type of event, tend to damage the infrastruc-
ture and cause economic losses (Hsiang and Jina, 2014; Heinen, Khadan, and Strobl,
2019; Elliott et al., 2019). They might lead to unplanned expansion of cities in response
to rebuilding destroyed housing. They could also lead to increased urban growth in
cities away from the coast, as many storms occur near the coast. We therefore expect
that windstorms have a positive effect on urban expansion. In this study, extreme wind
and wind damage can be caused by wind speed anomalies or cyclones. Thus, the wind
intensity combines the highest wind speed in a month recorded by tropical cyclones
or 10m wind gusts. To be considered "extreme", a wind speed of at least 25 meters per
second is required. This threshold is used, for example, by the European Severe Storm
Laboratory (ESSL) (European Severe Storms Laboratory, 2014). However, Figure 4.3
shows that storms exceeding this threshold are relatively rare in Sub-Saharan Africa.
They are mainly concentrated in Madagascar and a few provinces in southern Africa.
Although the sample itself might be relatively small, we have included storm as a
fourth category nonetheless. This decision was made in light of the expected increase

in the intensity of future storms.

7 One might wonder why countries such as Mali and Niger see no drought events. In such hyper-
arid and consistently dry climates, it is more challenging to trigger a "compound” drought, as defined
here. This is more common in regions with more rainfall variability
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Other Controls

As main controls, similar to Van der Borght et al. (2025), we use country-level Gross
Domestic Product (GDP) per capita and share of employment in agriculture over to-
tal employment from the World Bank (through Azevedo, 2011% ). GDP per capita and
employment in agriculture aim to capture important time-varying factors that could
affect the response to extreme events. Poorer or more agriculturally dependent coun-
tries might be more vulnerable to these weather shocks (Meierrieks, 2021; Cattaneo,
Beine, et al., 2019). Thus, we control for time-varying country characteristics. Further-
more, we include a population estimates from the global gridded population dataset
(GlobPOP) by Liu, Cao, et al. (2024a). Urban expansion that excludes population es-
timates overlooks a significant aspect of what drives urbanization. We refrain from
defining urbanization by relying exclusively on population estimates, given their in-
terpolated nature. However, the GlobPop data is documented to outperform other ex-
isting population estimated datasets and is therefore used in some parts of that article.
We expect that population trends follow broadly urban expansion. Finally, wealth es-
timates are taken from Lee and Braithwaite (2022) and estimate a time-invariant index
of the absolute wealth of a location. This follows a similar reasoning as accounting for
GDP per capita on a country-level and aims to allow us to distinguish between poorer
and richer cities in relative terms within each country. All other data is described in
the respective sections.

4.2.3 Descriptive Statistics and Limitation of the Data

The descriptive statistics of this article are shown in Table 4.8. Originally, the sample
for Sub-Saharan Africa included 5 821 cities, of which 5 721 are included. The excluded
cities show growth rates in urban expansion of above 150%. They were manually val-
idated as outliers and therefore excluded’. The final sample covers 5 721 cities for the
period 2000 until 2019. Out of this sample, 59 can be considered metropolitan areas'’ as
population and economic centers of a country. The average city has only about seven

square kilometers in impervious area. Two things can be taken from this: many of the

8 For Eritrea, missing GDP per capita data after 2012 was supplemented using data from the IMF
World Economic Outlook (accessed May 5, 2025).

? Growth rates of 100% are rare in our sample, but they can occur when relatively small urban ag-
glomerations expand rapidly. Because these areas start from a low base, even modest absolute increases
in urban extent can result in very high growth rates.

10 This definition is provided by OECD and SWAC (2020).
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our sample are small towns. Furthermore, with a standard deviation of 42 square km,
there is a large heterogeneity in urban size in our sample. Columns (2) to (5) divide the
sample into African subregions!!. Most small cities are found in eastern and central
Africa. Across the entire sample and all regions, cities exhibit annual growth rates of
approximately 3%. These rates are computed as first log-differences. The by far most
common hazards are droughts. An average city sees around 0.1 drought events a year
or roughly one drought every ten years. Similarly, floods are also common. Heat-
waves, as discussed earlier, are most commonly found in western Africa. In terms of
control variables, most cities lie in countries where non-negligible shares of the pop-
ulation are employed in agriculture. In general, the descriptive statistics suggest sig-
nificant variation between subregions. Thus, we test heterogeneity by subregion. Fur-
thermore, when we count the number of cities by country, Nigeria represents one-fifth
of the cities in our sample (see the lower panel in Figure D.2). This proportion mirrors
the demographics of the real world, where approximately one in five people in Sub-
Saharan Africa lives in Nigeria. However, this motivates robustness checks of sample
dependence, which will be included in the robustness section of this article. A large
part of cities are at high flood risk. The included towns of central Africa show, on
average, the lowest wealth but the highest share of agricultural employment at the
country level. In terms of shock computation, most cities overlap between two and
three 10x10km cells, so city-level exposure values are based on averages of weighted
statistics of two 10x10km cells by Reinhardt (2024a).

There are some notable data limitations. The measure of urban expansion, impervi-
ous surfaces, measures horizontal urban expansion rather than vertical expansion. So,
if the city cores grow in height, this growth will not be captured. Given the focus
on many smaller urban areas, horizontal expansion is likely the main driver of urban
growth, in contrast to studies that focus on the effects in already densely populated
regions (Magontier and Martinez, 2023). The hazard data is also limited. Converting
hazard intensities into binary dummies may oversimplify the complexity of hazard
events. There are two main concerns with this method: first, having a single dummy
assumes homogeneous treatment effects and excludes the possibility of nonlinearity.
Given that the thresholds are set to rather extreme values, the binary indicator may fail
to capture the variation in the hazard intensity just below the threshold. This could po-
tentially lead to underestimating weaker yet still impactful events. This study focuses
on fairly high hazard values, making this threshold choice both interpretable ("one

1 The division is illustrated in Appendix Figure D.2.
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additional event") and consistent with parts of the existing literature!?. For example,
flood events are frequently operationalized as binary indicators, as seen in Kocornik-
Mina et al. (2020). A second concern relates to how "extreme" is defined. According
to the Intergovernmental Panel on Climate Change (IPCC) (Seneviratne, Nicholls, et
al., 2012), all four hazard categories considered in this study are influenced by global
warming. Consequently, these hazards may become more or less extreme. However,
since the thresholds for defining extreme events are set retrospectively, they are based
on a relatively short 20-year period. It is unlikely that substantial shifts in the underly-
ing distributions of each hazard would be detectable within this time frame.

4.3 Empirical Framework

This study attempts to assess the effects of the four major extreme weather hazards
on horizontal physical urban extension in Sub-Saharan Africa. We focus particularly
on changes in urban expansion growth rates in the years following extreme events.
In contrast to previous work, we account for the presence of other climatic shocks by

explicitly including them in the regression model.

4.3.1 Specification

The main specification of this article is a panel regression model of the following form:

Br - Haz\") | + YXet—1 + A+ A+ Apxr + € (4.1)

icrt—1

4
Alog(Yierr) = & +

k=1
The main outcome variable in this model is Alog(Yi.+), which measures the logged
first-difference of the area in m? of a city that is covered with impervious surfaces, so
human-modified land. Cities (i) are located in country c that again is located in sub-
region r (Western, Eastern, Central or Southern Africa) and recorded in year t. The
B - Hazg{r) ;1 represents the dot product between the regression coefficients p; for each
hazard type k (flood, heatwave, drought, storm) and the corresponding components
of the hazard vector Haz;,;_1, which includes all hazard variables lagged by one year.

The four hazards, as described in the previous section, measure the number of events

12 This concerns particularly articles relying on event studies that often reformulate treatment inten-
sities into binary dummies to fit into treatment models
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13 Hazards are therefore considered cumulative and additive,

of this type in a year
based on the total number of events per year. They are lagged under the assumption
that shocks require time to influence urban growth. As controls X, similar to Van der
Borght et al. (2025), the share of agricultural employment over total employment and
GDP per capita in a country are included as lagged terms. They account for important
factors that vary in time and could influence the response to urban growth. A; con-
trol for common global shocks such as commodity price shocks, pandemics, but also
common trends in weather (see Kolstad and Moore, 2020). A; control for city-specific
time-invariant effects such as distance from the coastline, average elevation, accessi-
bility by road, and remoteness. Finally, we include region-year fixed effects (A,x;) to
capture region-specific trends, particularly those driven by large-scale climate telecon-
nections (e.g., El Nifio Southern Oscillation, Madden Julian Oscillation), which tend to
affect entire sub-regions rather than individual localities. These trends might heavily
influence the occurrence of hazards and serve as omitted variables. The countries by

subregions are shown in Table D.1. The standard error is clustered at the city-level*.

4.3.2 Identification Strategy

The baseline coefficients (Bj) measure the short-term response in the year following an
event to changes in physical urban growth resulting from an additional hazard event
k. Identification comes from the temporal random variation in the hazard occurrence
between and within cities. Following Kolstad and Moore (2020), the use of this vari-
ation in panel models describes a short-run response. In this short-run scenario, we
expect little to no adjustments in beliefs or adjustments in investment, in contrast to
longer-run effects of climate variation ("shift in distribution"). Given the calibration of
the shock to extreme values, however, we expect that shocks nonetheless will create
non-negligible effects. Although not actively discussed, the main underlying mecha-
nisms are likely rural-urban migration, policy responses, or urban zoning in response
to shocks that have been studied in previous literature (for some discussions see Cat-
taneo, Beine, et al., 2019; Ferreira, 2024). However, there are several concerns with the

13 The number of times a hazard switches from non-treated to treated

14 In literature, often clustering at larger levels is found (see for a discussion by Ortiz-Bobea, 2021
section 4.6). Given that part of the underlying mechanism, such as rural-urban migration, will be at
the province level, this clustering might introduce correlation in the residuals. Clustering at the city
level assumes errors are independent across cities, which may not fully capture this dependence. This
is assessed in the baseline.
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proposed methodology, notably, violation of the Stable Unit Treatment Value Assump-
tion (SUTVA), omitted variable bias, reverse causality, spatial and temporal autocorre-
lation of the error term, and selection into treatment.

First and foremost, there is concern about violating the Stable Unit Treatment Value
Assumption. This assumption states that the treatment assigned to a specific hazard
is independent of the treatment status of other units. In the context of extreme events,
this is often not the case. Potential reasons might be spatial spillovers, treatment an-
ticipation or non-uniformly distributed treatment definitions. In this article, we con-
sider anticipation to be limited. Although Early Warnings For All and other initiatives
have substantially advanced access to information in recent years, their coverage re-
mains unevenly distributed across our sample. Many countries still have only limited
access to this information. As a result, anticipation might not be a major concern. Re-
garding treatment uniformity, we standardize treatments by event counts using mostly
country-specific thresholds. This reduces concerns and heterogeneity of the treatment
definition. However, spatial spillovers remain a valid threat to the SUTVA. Spillovers
from nearby areas are possible (Chlouba, Mukim, and Zaveri, 2023), thus we include
a test if treatments in catchment areas have more explanatory power. This will at least
reduce concerns to some extent.

The omitted variable bias is present if time-varying factors that influence horizontal
urban expansion are not captured in the model. Fixed effects help control for many
omitted variables in the climate context. However, if shock variables come from the
same distribution as climatic variables, omitted variable bias may still occur if key cli-
matic variables are excluded (Hogan and Schlenker, 2024). Urban studies often exam-
ine the effects of rainfall and temperature on growth. However, air moisture, linked to
heatwaves and urban disamenities, may also be important. Our use of pre-composed
intensity measures (e.g., heatwaves or floods) helps reduce such bias, though some
residual environmental factors remain. For example, powerful local weather systems,
known as mesoscale convective systems, can lead to floods, storms, and hailstorms,
an impact that is omitted in this article. From a socio-economic point of view, other
predictors of urban growth at city level are excluded given that they might represent
"bad controls", which means mediating the effect of the shocks (Dell, Jones, and Olken,
2014). It is not possible to fully account for all omitted variables, but we believe that
with the set of fixed effects, the chosen controls as well as the inclusion of all events at
once large parts of the omitted variable bias is limited.

Then, the impact of shocks on urban growth may be nonlinear. The current model

assumes constant marginal effects (By), treating each additional event as having the
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same impact — e.g. from zero to one heatwave is equal to three to four. This may over-
simplify reality: if marginal effects vary with the number of events, unaccounted non-
linearities remain in the error term as omitted variables. Ideally, we would employ a
non-linear specification similar to that used by Burke, Hsiang, and Miguel (2015) by di-
rectly including intensities. However, this approach is more challenging in our case, as
our model includes multiple main independent variables that may interact with each
other when used to predict extreme events. Adding a non-linear function for rainfall
extremes alone might be easy to implement. However, adding wet-bulb temperature,
our measure for heatwaves in a non-linear way at the same time introduces signifi-
cant complexity for interpretation. The relationship between these variables and their
polynomials complicates isolating the impact of rainfall and wet-bulb temperature on
observed effects. The chosen proxy (number of events per year) still retains at least an
idea of the quantity of shocks, but allows a better identification of what shock drives
the results. To at least partially address this limitation, our robustness checks include
quadratic polynomial specifications and incorporate annual raw intensity measures.
Reverse causality is unlikely, as hazard shocks are lagged by one period. However,
urban growth today may increase the likelihood of future heatwaves or flood (see e.g.
Feng, Zhang, and Bourke, 2021; Tuholske et al., 2021). Increasing the risk of an event
and causing an event are not the same thing. Floods and heatwaves depend on mul-
tiple factors beyond urbanized land, including city characteristics, geography, and cli-
mate. However, this introduces temporal autocorrelation of the error term. To address
this, we apply spatial heteroskedastic-autocorrelated corrected (HAC) standard errors
as a robustness check.

In addition, shock exposure varies spatially: droughts expand over large areas, while
floods are often localized. Thus, our data likely captures urban flooding well but may
underrepresent drought exposure, introducing spatial measurement error. To address
this and account for the larger spatial footprint of some shocks, one of our extended
heterogeneity analyses expands the definition of a shock from the city to its surround-
ing catchment area using geographic buffers.

A final concern is selection into treatment. In the baseline model, some cities in the
control group are never exposed to any of the four shocks, which may have funda-
mentally shaped their growth trajectories. To assess whether this influences our base-
line results, we apply the method proposed by Imai and Kim (2019), which constructs
control groups with similar treatment histories and adjusts them based on relevant co-
variates. This approach enables us to assess the potential impact of selection bias on

our findings.
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4.4 Results

In the following sections, we first present our baseline estimates, followed by analyses
of heterogeneity and robustness. We then introduce three key extensions. First, we
disentangle the number of hazard events from the co-occurrence of other events, com-
monly referred to as "compound events". Second, extend the spatial scope beyond city
boundaries to examine intensive margin effects by exploiting variation in hazard ex-
posure across surrounding catchment areas. Third, we incorporate temporal dynamics
through an event study that accounts for the history of treatment, allowing us to ex-
plore longer-term effects and address potential selection bias.

Table 4.1
Toy Equation
Growth of Impervious Surfaces
(1) (2) (3) (4)
Flood Heatwave Drought Storm
Y. Eventsin t-1 -0.0029*** -0.0016*** 0.0011** 0.0038*
[-0.004,-0.002] [-0.002,-0.001] [0.000,0.002] [0.000,0.008]
Adjusted R? 0.223 0.223 0.223 0.223
Obs. 107,796 107,796 107,796 107,796
Average Urban Growth .03 .03 .03 .03
Controls? Yes Yes Yes Yes
City-FE Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes
Region-Year FE No No No No

Note: *** 0.01,"* 0.05, * 0.1 p-val. Confidence intervals are at a 90% level. This table
shows the results of Equation 4.1 excluding region-year FE and only adding hazards
individually. Controls included are country employment in agriculture (in %) and the
country’s total GDP per capita. Regions are defined as subregions of Africa and are
shown in Figure D.2.

Before presenting the results of Equation 4.1, Table 4.1 illustrates the common approach
in the literature, which involves including hazards individually. This toy regression is
similar to Equation 4.1 but includes only one hazard at a time and excludes region-
year fixed effects. This shall allow us to illustrate the raw correlations in a two-way
fixed-effects setting. Each flood leads to a reduction in urban growth by around 0.3pp
(or 10% relative to the mean growth rate), heatwaves by 0.2pp (or 7% to mean growth),
while droughts increase them by 0.1pp (+3% to mean growth) and storms of 0.4pp.
(+13% to means). In the next sections, we are presenting how these individual coef-
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ficients change once accounting for the mean level of the other hazards and will see
that especially the heatwave becomes insignificant with droughts and storms losing

magnitude and significance.

44.1 Main Results

We find that flood events significantly reduce the rate of urban expansion. Our es-
timates suggest reductions in urban growth of approximately 0.24 to 0.28 percentage
points (pp) for each additional flood experienced, representing a reduction of around
8 to 9% relative to the city’s average rate of growth of 3% (with a 3 to 9% reduction in
the confidence intervals). This effect is robust to all tested specifications and is the only
hazard that exhibits a clear pattern. Table 4.2 reports results from Equation 4.1, which
examine the short-term effects of weather shocks on the intensive margin of additional
shocks on urban expansion. We gradually increase the restrictiveness of our model
from column (1) to (4). Column (1) shows a simple two-way fixed effects model, often
found in the literature. Floods and heatwaves significantly reduce urban growth at the
1% level, while droughts and storms appear to increase it.

However, these positive effects do not hold when we account for spatial and tem-
poral autocorrelation in column (2), using a 100 km spatial and 2-year temporal clus-
tering window!®. This suggests the importance of spatial dependencies, particularly
for drought and storm events. We study this insight in more detail in Table 4.4.2.
In column (3), we present our preferred specification, which is equivalent to Equa-
tion 4.1. We introduce region-year fixed effects and use clustering of standard errors
at the city level. Here, the flood effect remains negative and significant, while the ef-
fects of droughts and storms become weaker. In contrast to Van der Borght et al. (2025)
the effect of droughts is with 0.08pp on a 10% level substantially smaller than in lit-
erature, likely due to the inclusion of smaller cities in the sample. Finally, clustering
at the country level in column (4) renders all coefficients but flood insignificant. This

emphasizes that substantial heterogeneity exists within countries.

Heterogeneity

In the following paragraphs, we investigate whether the results vary when considering
stratified samples from the entire city sample. All results are still based on Equation 4.1,

15 Unfortunately, this clustering does not allow for more than two fixed effects, which is why it is
applied to the two-way fixed effects model rather than the one with included regional fixed-effects.
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Table 4.2
Baseline Regression

Growth of Impervious Surfaces

(1) 2) 3) 4)

Y Flood Events in t-1 -0.0028"** -0.0028"** -0.0024*** -0.0024**
[-0.004,-0.002] [-0.004,-0.001] [-0.003,-0.001] [-0.004,-0.000]
Y Heatwave Eventsint-1 ~ -0.0015*** -0.0015** -0.0008 -0.0008
[-0.002,-0.001] [-0.003,-0.000] [-0.002,0.000] [-0.002,0.001]
Y_ Drought Events in t-1 0.0011** 0.0011 0.0008* 0.0008
[0.000,0.002]  [-0.000,0.002]  [0.000,0.002]  [-0.001,0.003]
Y. Storm Events in t-1 0.0038* 0.0038 0.0036* 0.0036
[0.000,0.008]  [-0.000,0.008]  [0.000,0.007]  [-0.001,0.008]
Adjusted R? 0.223 0.233 0.233
Obs. 107,796 107,797 107,796 107,796
Average Urban Growth .03 .03 .03 .03
Controls? Yes Yes Yes Yes
City-FE Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes
Region-Year FE No No Yes Yes
Clustered at City HAC City Country

Note: *** 0.01,"* 0.05, * 0.1 p-val. Confidence intervals are at a 90% level. This table
shows the baseline results of Equation 4.1. Controls included are country employ-
ment in agriculture (in %) and the country’s total GDP per capita. Column (2) applies
spatial HAC errors following Colella et al. (2019) with a distance cut-off of 100km and
with 2 temporal lags. Regions are defined as subregions of Africa and are shown in
Figure D.2.

but are divided into subsamples.

By Geographic Region Following the IPCC report (Seneviratne, Nicholls, et al., 2012),
the different regions of Africa are differently exposed to extreme events, which moti-
vates the division of the country into broader regions. The negative effects of floods
are found to be strongly driven by Western African cities, as shown in Table 4.3. In
these cities, each additional shock reduces growth by 0.4 pp. Droughts accelerate ur-
ban growth especially in Eastern Africa, where they increase urban growth by approx-
imately 14% relative to the means. However, in western Africa, they tend to signifi-
cantly reduce urban growth at the 10% level. All models include fixed effects for city
and year. Two important takeaways can be concluded from Table 4.3: first, there is
strong heterogeneity in Sub-Saharan Africa, likely because weather shocks can be spa-
tially centered around a specific region, and second, the direction of the effects may
also depend on the region. In Western, Southern and Central Africa floods, heatwaves

and droughts are generally harmful to urban expansion, albeit mostly not significant,
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Table 4.3
Heterogeneity by Region

(1) 2) 3) 4

Southern Africa Eastern Africa Central Africa Western Africa

Y Flood Events in t-1 -0.0014 0.0009 -0.0017 -0.0046***
[-0.003,0.000] [-0.001,0.003] [-0.007,0.004] [-0.006,-0.003]
Y Heatwave Events in t-1 -0.0032 0.0040** -0.0028 -0.0010
[-0.007,0.000] [0.001,0.007]  [-0.006,0.000]  [-0.002,0.000]
Y. Drought Events in t-1 -0.0003 0.0044*** 0.0000 -0.0015*
[-0.001,0.001] [0.003,0.006] [-0.003,0.003] [-0.003,-0.000]
Y~ Storm Events in t-1 0.0042 0.0015 0.0000 0.0000
[-0.001,0.009] [-0.002,0.005]  [0.000,0.000] [0.000,0.000]
Obs. 19,551 28,275 16,716 43,254
Average Urban Growth .02 .03 .03 .03
Controls? Yes Yes Yes Yes
City-FE Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes
Region-Year FE No No No No

Note: *** 0.01,"* 0.05, * 0.1 p-val. Confidence intervals are at a 90% level. This table
shows the baseline results of Equation 4.1. All samples include controls ( a country’s
employment in agriculture (in %) and the country’s total GDP per capita) and have
city and year fixed effects. Regions are defined as subregions of Africa and are shown
in Figure D.2 and countries are listed in Table D.1. The exposure by country is shown
in Figure 4.3.

while the opposite is true in Eastern Africa. This reveals that the underlying mecha-
nisms that might drive or hinder urban expansions are different. Regions may differ
in their regional governance, their ability to respond to migration in the face of shocks,
or their differences in urban absorptive capacity. Cities in East Africa might have po-
tentially better absorptive capacity, or rural farmers tend to respond faster with rural-
urban migration . In other parts of Africa, these channels might be less pronounced,
or other factors such as rising conflict might be different responses to weather shocks
keeping people from moving into cities. In Appendix D.4 we additionally assess if
global climate phenomena that influence regional climate events might influence ur-
ban expansion. Specifically, we focus on the El Nifio Southern Oscillation, which might
amplify rainfall in some regions of Africa and increase dry conditions in others. Thus,
as an additional test, the effects are analyzed if the year of the event is an El Nifio year
or not. The model and the data are described in the respective section. The findings
show that effects are most pronounced in neutral years, where communities or policy-
makers might anticipate less extreme events. There is regional variation in responses

to events, depending on the year in the El Nifio cycle. However, more temporally

227



Chapter 4. Non-linear Responses to Weather Shocks

disaggregated studies are needed to draw robust conclusions from these results.

By Urban Poverty The effects on the response of urban areas could depend on the
ability of residents to cope with shock, especially in the context of poor households
(Hallegatte, Vogt-Schilb, Bangalore, et al., 2017; Cattaneo, Beine, et al., 2019). Richer
cities might have more capabilities to adjust to shocks, whereas poorer cities might re-
spond rather than anticipate a weather shock. To this end, we use data on poverty and
wealth measures at the village level by Lee and Braithwaite (2022) and compute the
time-invariant wealth average of a city. The authors provide the International Wealth
Index, which we use for this study. Based on the time-invariant measure at the city
level, we construct four quantiles within each country, which show the least (richest)
and most (poorest) deprived cities within each country in our sample. The results
are shown in Figure 4.4(a). Flood has negative effects throughout the entire wealth
distribution. A likely explanation is that flooding might lead to displacement and de-
struction within the city, independently of the city’s wealth. These factors can cause
the effects of growth to be negative. Droughts increase urban expansion only in the
poorest cities; for all others, they appear to have no significant impact. A conjectured
explanation is that rural-urban migrants might first settle in nearby agglomerations, as
the cost of settling is potentially lower than migrating into richer, larger cities. Storms
show a clear pattern, where richer cities seem to expand more after severe storms. This
could be because storms are destructive and manifest more frequently near coastlines,
where wealthier cities are often located. These factors prompt infrastructure invest-
ment after such events and lead to real estate redevelopment, which might drive urban

expansion.

By Remoteness Usually, cities that are located in proximity to the main city of a coun-
try, the "metropole", might be better connected through trade and transportation net-
works. Households in remote cities might be poorer (Provenzano, 2024) and thus be
more severely affected if help takes longer to arrive or their remoteness makes pro-
viding disaster aid less politically interesting (Hamza, Eriksson, and Staupe-Delgado,
2021). Thus, we computed the distance of each city to the metropole of the country
and built quantiles of distance within each country. The only clear pattern is observed
in Figure 4.4(b) for floods, where the strongest negative effects are found for the most
remote cities. Combined with the previous result, it becomes clear that the largest loss
in growth in response to floods is paid by remote, poorer cities. No effects are found
for heatwaves. For storms, it is mostly cities close to metropolitan areas that experi-
ence increased growth. This is again in line with previous results, which show that
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the richest cities tend to see the largest growth effects. For droughts, the results are
more nuanced, where only cities at a medium distance see the positive effects. Overall,
it seems that remoteness plays a role especially for flood events, where more remote
cities see larger losses in growth.

By City Rank Van der Borght et al. (2025) find that droughts seem to especially increase
growth in large economic centers. To test whether, in addition to wealth, the relative
size of a city matters, we stratify our sample by creating a ranking of the top 3, 5,
10, and all other cities within a country'®. One might imagine that large cities offer
more opportunities for work and greater flexibility in relocating internally after an
event. The results are shown in Figure 4.4(c). The results for floods are consistent
with the previous sections. For heatwaves, we observe weak effects that indicate the
largest cities in a country also experience the largest relative expansion after heatwave
events. For drought, the contrary is the case. If large cities are affected compared
in comparison to less affected ones, the effects of a drought reduce urban expansion.
Storm has a sample too small to be evaluated here.

By Industry Type Lastly, we also test the proposed finding by Henderson, Storey-
gard, and Deichmann (2017) that conjectures that negative shocks of soil moisture
contributed especially in manufacturing and export-oriented towns to increased ur-
banization. According to their argument, this is especially due to the possibility of
manufacturing cities to absorb incoming labor from rural-urban migration. However,
in all non-manufacturing towns, hardly any changes are observed. Similarly, Colmer
(2021) finds that for India the possibility for firms to absorb incoming labor substan-
tially reduced economic losses after rainfall and temperature shocks. In our context,
manufacturing cities are defined as cities where more than 20% of total carbon emis-
sions are derived from industrial production and processes!”. This data is taken from
the European Commission - JRC and International Energy Agency (IEA) (2023) and
computed as sectoral averages by city-year. For floods and heatwaves, we find that
cities that are classified as non-manufacturing see a minimal reduction in urban growth
after each additional event in Figure 4.4(d). Droughts, similar to Henderson, Storey-
gard, and Deichmann (2017), have a positive effect especially in manufacturing cities.

This is surprising in light of the results shown above. Previously, we found that espe-

16 The ranking is build as average urban extent over the 20-year period within the country.

17 The threshold has been set after assessing this metric for a random sample of 10 manufacturing
cities taken from the replication package of Henderson, Storeygard, and Deichmann (2017). The share
of industrial CO; fluctuated between 18% and 60%. The 20% is used as a lower bound estimate.
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cially small cities experience expansions after droughts, while large cities observe the
opposite. Manufacturing cities tend to be larger cities also, so one would expect nega-
tive, not positive, effects. This is likely driven by the change in sample. In the city-rank
analysis, around 130 cities fall into the top 3 tier, while in this figure, one of every five
cities fits the criteria. An additional robustness test, excluded here, revealed that the
positive effects are driven by medium-sized cities with ranks between 10 and 50 that
are sufficiently industrialized but not the primary cities of a country. For storms, we
observe large confidence intervals, given the limited sample size. In contrast to Hen-
derson, Storeygard, and Deichmann (2017), however, we include a larger sample of
cities, covering a shorter but more recent period, and focus on a more recent classifica-
tion of cities by manufacturing status. Nonetheless, despite different magnitudes, the
direction is comparable. We do not test for the underlying mechanism that might ex-
plain why manufacturing cities see stronger growth responses. In the Indian context,
short-term weather shocks (Colmer, 2021) and long-term climate shocks (Liu, Sham-
dasani, and Taraz, 2023) caused by temperature anomalies have led to labor adjust-
ments and rural-urban migration in response. Here, it has been found that short-term
weather shocks have led to reallocation from agricultural to non-agricultural employ-
ment, which is not observed in the long run. Similarly, as noted by Colmer (2021),
similar effects may also be observed in an African context for other short-term weather
shocks. A possible explanation might therefore be that drought induces more rural-
urban migration, while floods cause temporary displacement (Cattaneo, Beine, et al.,
2019). If migrants choose a destination, they might relocate to cities with larger labor
market opportunities and thus settle in cities with more non-agricultural markets, thus
accelerating growth in manufacturing cities. Floods or heatwaves might, especially in
rural towns in Africa, trap the population due to losses of income, thus temporarily
reducing urban growth in cities that do not strongly rely on manufacturing services.
However, this finding is only indicative evidence. Further studies using firm-level data

are needed to draw definitive conclusions.

In general, the results of this section reveal a large heterogeneity in the dimension of
the impact of hazards on urban expansion in Africa. Western Africa experiences the
most significant overall negative impacts, particularly from floods. These floods re-
duce urban expansion, especially for poorer, remote cities that tend to depend more on
non-manufacturing industries. Droughts tend to drive urban expansion in the poorest
and medium-distance cities. This is likely due to displacement-driven rural-urban mi-
gration. In general, this section highlights the importance of considering spatial and
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economic context in examining the effects of urban expansion. Papers in the literature
often pool cities only by continents. However, there may be significant heterogeneity
in the impact response due to the characteristics of the city and region. This should be

taken into account.

Robustness Checks

In order to ensure that our results are not driven by specifications or sample selection,

a set of robustness checks is conducted.

Definition of Outcome In the literature, one of the most common annual data on urban
expansion is the World Settlement Footprint (WSF) Evolution (WSFevo) from 1985 to
2015 provided by Marconcini et al. (2020) (see e.g. studies by Chlouba, Mukim, and
Zaveri, 2023; Rentschler, Avner, et al., 2023). The method of obtaining WSFevo slightly
varies from the GISA data used in this study. Column (1) of Table 4.4 if the results hold
using the WSFevo data instead. The results are comparable to the baseline, except
for droughts, which become insignificant. WSFevo and the used GISA data have the
shortcoming that they always increase, which might overlook urban destruction. To
this end, column (2) measures the urban growth in a variable that can regress: low-
resolution radar backscattering. In this method, radar signals are sent and received
from satellites, and the stronger the signal received, the greater the potential build-
up. For this purpose, we use a homogenized time series of Tao et al. (2023). After
computing growth rates based on average city-year signal'®, Column (2) of Table 4.4
shows that effects that allow destruction in urban land do not fundamentally change
the baseline results. In contrast, it makes them even stronger. In general, it appears

that the measure of urban expansion is robust against other measures.

Definition of Growth Two closely related papers by Chlouba, Mukim, and Zaveri
(2023) and Van der Borght et al. (2025) use different definitions of growth. To avoid
the definition of growth driving the results, the two definitions of growth are tested.
Column (3) of Table 4.4 tests the effects using an increment plus a constant factor, and

Column (4) relies on longer-term growth, assuming that extreme events, in the case of

18 Note that backscatter might also increase due to high-rise urban build-up, a phenomenon known
as "double bouncing." It can also increase through high surface backscatter from flooded areas. Most
cities in Africa have a fairly low share of high-rise buildings. In addition, annual backscatter statistics
help smooth out noise from flooded areas. Therefore, this is likely a minor concern in this robustness
test.
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Table 4.4

Robustness Tests of Baseline Model

Alt. Outcomes

Alt. Growth Specifications

Alt. Structural Form

(1) 2) 4) ©)
WSFevo Radar Signal log( A Increment+1) 2-year Growth Standard
Y. Flood Events in t-1 -0.002** -0.003*** -0.007*** -0.002***
[-0.003,-0.000] [-0.003,-0.002] [-0.121,-0.045] [-0.011,-0.003] [-0.003,-0.001]
Y. Heatwave Events in t-1 -0.001 -0.000** 0.006* -0.001*
[-0.001,0.000]  [-0.001,-0.000] [-0.066,0.010] [0.000,0.011] [-0.002,-0.000]
Y Drought Events in t-1 0.000 0.008*** 0.003 0.001
[-0.001,0.001]  [0.008,0.009] [-0.026,0.034] [-0.000,0.006] [-0.000,0.002]
Y. Storm Events in t-1 -0.001 -0.004*** -0.005 0.004*
[-0.004,0.002] [-0.007,-0.002] [0.021,0.213] [-0.014,0.005] [0.000,0.007]
Build-Up (in km?) in t-1 -0.000%**
[-0.001,-0.000]
Obs. 84,977 100,986 96,520 107,796
Average Urban Growth .03 .03 .07 .03

Note: *** 0.01,"* 0.05, * 0.1 p-val. Confidence intervals are at a 90% level. This table shows the baseline results of
Equation 4.1. All samples include controls (a country’s employment in agriculture (in %) and the country’s total GDP
per capita) and have city and year fixed effects. Regions are defined as subregions of Africa and are shown in Figure D.2.
Column (1) includes data from the German Aerospace Center (DLR) (2024) and Marconcini et al. (2020) measuring build-
up growth until 2015. Column (2) utilizes low-resolution backscattering radar signals from unified time series from Tao
et al. (2023) as an alternative measure of construction growth. Columns (3) and (4) change the outcome transformation,
and Column (5) adds a lagged term into the model.
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Van der Borght et al. (2025) droughts, take place to affect urbanization. The change
does not fundamentally change the result.

Growth Regression Framework To align with the growth literature following, e.g.,
Mankiw, Romer, and Weil (1992), Column (5) of Table 4.4 includes a lagged level of the
dependent variable. This specification yields results that are statistically more signif-
icant, suggesting that the baseline results are robust to this specification change. The
model tested might be subject to the so-called "Nickell bias" (Nickell, 1981) referring
to concerns that in short panel models when lagged dependent variables are included
as regressors in a fixed-effects model. Here, the demeaning due to individual fixed
effects induces a correlation between the transformed lagged dependent variables and
the transformed error term, which biases the estimates and renders them inconsistent.
To avoid drawing incorrect conclusions, we also apply a bias-corrected model by (Bre-
itung, Kripfganz, and Hayakawa, 2022), which yields comparable results.

Sample Dependence Most articles in the literature apply some sort of threshold to
only include a fraction of the sample. We test in Table D.2 whether the results change
if we winsorize the dependent variable by applying a 5% threshold in Column (1). The
results become weaker for floods and stronger for storms, but the direction of the result
remains the same. Next, we progressively excluded cities from columns (2) to (4) that
had populations below a certain threshold by the end of 2019. The results for floods are
persistent around 0.2-0.3pp excluding cities with urban population of less than 5 000,
10 000'” and 50 000 people. As only around 20% of the cities in the sample have more
than 50 000 people in 2019, this test mainly excludes large parts of the sample. Includ-
ing only small cities with less than 50 000 people or less in 2019 we have similar effects
in magnitude, but droughts have a more significant positive effect of increasing urban
expansion by 0.1pp. This shows that part of the positive baseline effects of droughts
are driven by small cities, which was already discussed in Figure 4.4(c). In general, the
main claim is that floods, especially, are causing a reduction in urban expansion. This
claim is strongly robust against sample dependence and outliers in growth. To also
test if one country drives the results, we perform a leave-one-out exercise as shown
in Figure D.1. The results for floods remain significant regardless of which country is
dropped. For heatwaves, it seems that Nigeria and the Ivory Coast drive the results

19 Note that one criteria for cities to be included in Africapolis (OECD and SWAC (2020)) is that more
than 10 000 people live in a city. The data used here to compute urban population is different to the one
of Africapolis, thus we might find still urban agglomerations with less than 10 000 people. Some cities
may also have lost population over the years
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more significantly. For drought, excluding Nigeria, the results are more positive and
significant. For storm, since the largest treated sample is in South Africa, excluding it
makes the storm insignificant. This reveals that the results for floods are stable across
countries. For heatwaves and droughts, Nigeria partially drives the results, which,

given that it accounts for 20% of the sample, is not entirely unlikely.

Measure of Shock The main specification of the article sums all events of the four haz-
ards in a year over an entire year. Two critiques should be tested: first, an earlier shock
in the year might have a greater impact on urban growth. Second, the intensity (dura-
tion or physical intensity) might also matter. To address the first concern, in column (3)
of Table D.3, we compute a time-decay weight®” that gives a stronger weight to earlier
occurring events. The events become more significant and marginally larger, especially
for floods, heatwaves and droughts. The weighting of the shock has an influence, but
the direction of the results remains. To address concerns about intensity, column (5)
includes, instead of the number of events, the number of months in a year that have
conditions exceeding a threshold. This captures instead of the frequency of new onsets,
the duration of onsets. Only the effects for floods are significant and smaller. For other
hazards that are insignificant in terms of duration, the impacts may be more centered
around the onset rather than the duration of an event. Lastly, instead of including
event counts, we add the raw intensity measures aggregated at the yearly level, which
may oversimplify the effects. For floods, we include the maximum DFO-Index in a
city within a year, for heatwave the highest recorded 5-day block maximum in terms
of Wet Bulb Temperature, for drought the lowest recorded SPEI-3 and for storm the
highest daily wind gusts in meters per second?!. The effects are around 0.09pp smaller
as in the baseline in Column (1). Heatwaves become significant, probably because not
accounting for historical deviations a large fraction of the sample sees already fairly
high levels of temperature (most of Western Africa). An increase of one unit in SPEI-03
reduces urban growth, while the storm is still significant. Although effects on floods
and storms remain, the direction of effects for droughts and heatwaves is reversed. A

likely explanation is either that intensities affect urban expansion in a non-linear man-

20 The weights are computed by month of the event as:

13 — (month)
12

21 Note that in the conversion for the events, heatwaves also include deviations from historic means
of months and droughts also include SPEI-12 beside SPEI-03

234



Chapter 4. Non-linear Responses to Weather Shocks

ner or that measurement errors occur. This is given because the Min-Max values of
the intensities can be fairly noisy. We must be careful in interpreting these intensities
as causal for two reasons. First, we underestimate the actual exposure, given that we
only consider the maximum or minimum values over a year. This means that we only
capture the most extreme events, underpredicting weaker, yet still impactful events.
Additionally, especially for heatwaves and droughts, we do not account for historical
deviations (for droughts for longer-term droughts). Overall, this section has shown
that the results are fairly robust to variations in the definition and weighting of the

shock variable.

Non-linearities Our model might have an omitted variable bias if non-linearities are
not accounted for. Building on the results from the previous robustness test, we also
add squared terms of all variables into all the described models. Column (2) of Ta-
ble D.3 tests adding squared terms to our main specification. Floods, become are sitll
significant but now only on a 10% level, no other coefficient is significant. Column (4)
applies the same to time-decay-weighted shocks. Here, we find non-linearity in floods
where having more than a single event tends to reverse the growth effects. No other
hazard is significant. The same results are found when using the number of months
squared in Column (6). In Column (8), accounting for squared non-linearities in in-
tensities turns the flood entirely insignificant. However, for raw intensities, heatwaves
and storms change the direction of the results, accounting for their squared terms. This
highlights that for flood intensity, the linear and non-linear terms might offset each
other (due to strong correlation), making both insignificant, or there is no relationship
across intensity levels??. Heatwaves and storms seem to have non-linear dependen-
cies. The key takeaway from this robustness analysis is that our baseline measure,
annual event counts, is relatively robust to alternative shock definitions and the inclu-
sion of non-linear terms. However, we find some indication that the economic impacts
of floods are both nonlinear and temporally sensitive, particularly when considering
earlier events in a given year. This illustrates that aggregating shocks into an annual,
equal-weighted count of floods may overlook important variations related to the tim-
ing of events. Additionally, this approach may overlook variations in the frequency of
events within a given year. Given that our empirical strategy relies on a panel model

at the yearly level and we assume that shocks take some time to influence urban ex-

22 A likely explanation can be found looking at the range of considered intensities. The values range
from 0 (no flood) to 2 (extreme flood). Most flooded years have an intensity of one. This causes the
squared term to be collinear to the flood event and being dropped. This might explain at least in part
the insignificant results.
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pansion, we continue to use annual event counts in our main specification. However,
we acknowledge that this approach may overlook some time-sensitive non-linear dy-

namics, especially for floods.

Significance of Floods What is striking in the previous results is the robustness of
flood events. Thus, additional robustness tests for flood events are performed in Ta-
ble D.4 to test more or less restrictive flood definitions. Neither including more com-
mon floods nor excluding cities with little or no flood risk changes the results. To avoid
assigning floods to non-treated cities, we furthermore build more restrictive measures
of flood. These measures consider whether flood records co-occurred with extreme
rainfall shocks (pluvial floods) or with extreme river streamflow discharges (river-
ine floods). Both effects are significant and negative, but pluvial floods have notably

stronger impacts.

4.4.2 Beyond the Baseline: Three Extensions

The previous section focused on the baseline equation in Equation 4.1. The following
sections introduce three extensions, notably the definition of a shock, before turning to
a discussion and interpretation of the results. First, the shock is decomposed into cu-
mulative hazard shocks and interconnected shocks, referred to as "compound events."
Second, the analysis examines whether the results change when shifting from an in-
tensive margin at the city level to an extensive margin at a broader spatial scale. Third,
the temporal dynamics of the proposed shock are explored.

Accounting for the Shock Complexity

Following the work of, for instance, Zscheischler, Martius, et al. (2020), accounting only
for four distinct hazards might oversimplify the true nature of the effect of shocks.
This part will study what happens if shocks of different types co-occur, e.g. a flood
following a heatwave. These combinations might exacerbate the impact of shocks and
thus lead to significantly different results. We categorize shocks into single-hazard and
multi-hazard events, based on whether one or more hazards occurred within a month
or a given time window. We define "compound" events as occurrences where multiple
hazard types (e.g. flood and storm) are observed within a single month or a 2-month
span. Furthermore, we also test for the two-month window the order in which both
event classes took place. More information on the creation of the shock dummy and
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Table 4.5
Extension: Accounting for Compound Events
No Compound Events (CE) Not ordered Ordered
1) (2) 3) 4 ®)
Y Flood Events ex. CE -0.002*** -0.0027*** -0.002*** -0.002*** -0.0027***
[-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001]
Y Heat Events ex. CE -0.001* -0.001* -0.001* -0.001* -0.001
[-0.002,-0.000] [-0.002,-0.000] [-0.002,-0.000] [-0.002,-0.000] [-0.002,0.000]
Y Drought Events ex. CE 0.001 0.001 0.001 0.001 0.001
[-0.000,0.002] [-0.000,0.002] [-0.000,0.002] [-0.000,0.002] [-0.000,0.002]
Y Storm Events ex. CE 0.003 0.003 0.004 0.003 0.003

[-0.000,0.007]  [-0.000,0.007]

Multivariate Compound Events

[-0.000,0.007]

[-0.001,0.007]

[-0.001,0.007]

Flood x Heat -0.002 -0.004*
[-0.006,0.002] [-0.007,-0.000]
Flood x Drought -0.007* 0.001
[-0.014,-0.000] [-0.003,0.006]
Flood x Storm 0.006* 0.006**
[0.000,0.011]  [0.002,0.010]
Heat x Drought 0.004 0.002
[-0.002,0.010] [-0.003,0.008]
Drought x Storm 0.001 0.002
[-0.001,0.003] [-0.001,0.004]
Heat x Storm 0.015*** 0.015***
[0.013,0.017]  [0.013,0.017]
Flood — Heatwave 0.004
[-0.000,0.009]
Heatwave — Drought 0.001
[-0.006,0.008]
Flood — Storm 0.010**
[0.003,0.018]
Storm — Drought 0.003
[-0.005,0.012]
Drought — Flood 0.002
[-0.002,0.006]
Drought — Heatwave 0.001
[-0.005,0.007]
Drought — Storm -0.001
[-0.006,0.003]
Flood — Drought -0.009*
[-0.017,-0.000]
Heatwave — Storm 0.006
[-0.005,0.016]
Heatwave — Flood -0.007***
[-0.009,-0.005]
Storm — Flood 0.006**
[0.002,0.010]
Obs. 107,796 107,796 107,796 107,796 107,796
City-FE Yes Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes Yes
Region-Year FE Yes Yes Yes Yes Yes
Clustered at City City City City City
Window to Define CE 1-month 2-month 1-month 2-month 2-month

Note: *** 0.01,"* 0.05, * 0.1 p-val. The table illustrates the impact of compound events
on physical urban expansion, based on an adjusted Equation 4.1. More information

on the creation of the variables is given in D.5.
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the updated regression model can be found in D.5. Then the baseline model is re-run
now including these compound shocks. The results can be seen in Table 4.5. Columns
(1) and (2) show the results when the baseline model’s shocks omit months with com-
pounded shocks in the same month (column (1)) or within a 2-month period (column
(2)). Excluding compound events, the coefficients are about the same magnitude as
in the baseline. Next, adding compound dummies in columns (3) and (4), the effects
remain stable. The compound interactions of flood-storm and heat-storm are the most
significant and both positive. The combination of droughts and floods shows a sig-
nificant reduction of urban expansion by 0.7pp, almost triple the effect than for floods
alone. This effect is only found for compound events within the same month. Flood-
storm and heat-storm pairs need to be interpreted with caution given that only around
10 cities have seen these hazard pairs?®. Finally, in Column (5), accounting for the order
of the sequence, again, the effects of individual hazards remain. The most significant
effects are observed for floods that follow heatwaves. Each additional sequence of that
order occurring in a year reduces urban expansion by 0.7pp. This reduction amounts
to around 23% reduction from the mean urban growth rate. These types of compound
events are the most common found interaction and have been shown in literature to
exist (Sauter et al., 2023). While we would have expected to also find significant ef-
fects for droughts before floods, notably of dry soil increasing the flooding impact, the
effects are insignificant. In contrast, floods before droughts show a weak yet still sig-
nificant negative effect. Seemingly paradoxical, floods can precede droughts for two
reasons: first, floods are local events while droughts are global events. We might have
a city experiencing a flood, and in the following month the catchment of a city experi-
encing a drought. Second, a flood does not exclude the possibility of a drought given
that rapid flash floods might run-off without soaking into the soil. Lastly, again with
a small sample, storm and floods and floods and storms likely capture tropical storms
that bring storm surges in coastal areas. Here effects are positive and large with 1pp in-
crease in expansion. The main takeaway from this extension is that, while the general
direction of the results holds, compound pairs, especially in the case of heatwave-flood
interactions, may show a significantly larger response than either floods or heatwaves

alone.

23 See Appendix D.3
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Accounting for Spatial Scope

The second extension is related to the spatial aggregation of the shock. In Equation 4.1,
shocks are computed as an intensive margin ("What is the homogeneous short-term
effect of an additional event of type k?"). This is especially useful for indirectly ex-
amining local drivers of urban expansion, such as reconstruction, zoning policies, or
city-specific responses to local events (floods and heatwaves). For events, notably
droughts, covering larger spatial environments, it may be worth studying catchment
area dynamics rather than cities themselves, as done by Van der Borght et al. (2025)
(country-level shocks) or Chlouba, Mukim, and Zaveri (2023) (shocks in neighboring
50 km cells). To account for this dynamic, the analysis of this article is repeated by
computing the extensive margin ("What fraction of the surrounding land around a city
is affected?"). For this purpose, buffers of 50, 100, and 150 km are drawn around each
city and intersected with a 10x10 km grid. As the shock is now studied not categor-
ically but in the affected area, the shocks are also recomputed at the city level. More
information on how buffers and shocks are defined Appendix D.6. Buffers have the
limitation that they do not account for the transportation infrastructure within. Thus,
as robustness, we also include daily commuting zone data by Data for Good at Meta
(2023).

The models presented in Table 4.9 follow Equation 4.5. The model used is similar to
the original, but it estimates what would happen if every spatial unit (cell) within the
catchment of a city were to experience an additional event. Thus, it now measures
the average aggregate effect of a shock with widespread exposure. We control for
the population living within that buffer to determine the exposure of the population
within that buffer. Column (1) shows that with the new definition of the shock that
defines shocks at the city level, suddenly all coefficients become significant, similar to
the model without region-year fixed effects in Table 4.2. Floods are most significant,
but, more importantly, droughts are also significant with 0.1pp, increasing average ur-
ban growth by around 3.6%. Columns (2) to (4) show that the effects become stronger
for floods, droughts and storm. As robustness, considering commuting zones instead,
all but droughts are significant. It remains unclear why droughts are insignificant.
However, a conjectured hypothesis is that, given that commuting zones might cross
country borders, underlying migration mechanisms through droughts might predom-
inantly take place within countries. One needs to be careful in the coefficient interpre-
tation, as the average level of shocks slightly vary one needs to be careful to directly
compare shocks in different buffers. Although the average shock for each hazard re-
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mains relatively stable across buffer sizes, the coefficients controlling for population
in each buffer increase in magnitude. This pattern suggests that larger coefficients are
likely due to the broader spatial impact of the shock rather than differences in shock
means across buffers. Thus, part of the observed impact on urban expansion in the
baseline area may be driven by dynamics occurring in the city’s broader catchment
area. These dynamics may involve hidden mechanisms such as rural-urban migration

or the avoidance of flooded cities as a destination.

Accounting for Temporal Dynamics

Flood Heatwave Drought Storm

ATT (in pp.)
=

o : ] v o+ - T o N A
1 : Y

post post post post

Fig. 4.2. Extension: Temporal Dynamics of the Weather Shocks

Note: The four panels show the average treatment effect of the treated (ATT) follow-

ing the methodology by Imai and Kim (2019). The estimates use covariate propensity

score matching to build valid counterfactuals and are matched on the eight previous

treatment periods. Confidence intervals shown represent the 10% confidence inter-

vals.
Third, and finally, all the models studied so far have studied the short-term impact of
events on urban growth. However, researchers might be interested in the longer-term
dynamics of shocks. In addition, it might be worthwhile to consider the history of
treatment of a city to avoid selection bias of the results. To this end, we apply a recent
estimator by Imai and Kim (2019). This estimator follows a three-step procedure. First,
for each treated city by a hazard, a set of cities is created that share a similar treat-
ment history over a specified pre-treatment period. In our case, for each treated city,
we match five comparable cities with similar treatment histories over the last 8 years.
Second, the comparable cities are matched to have a better balance between the treated
city and the control set. In our case, we use the last two years of all other shocks than
the one under consideration. Additionally, the total urban size in square km in 1990
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and the average urban growth over the last four years are used to create a better control
group. Finally, a difference-in-difference estimate is computed for post-treatment peri-
ods. More details are specified in Appendix D.7. The results of this exercise are shown
in Figure 4.2. Accounting for the treatment history, floods not only lead in the year
after, but over the full studied five post-treatment years to a negative effect on urban
expansion. The negative effects increase from 0.2pp in the treatment year up to 0.6pp
reduction three years after the event, all significant at a 10% level. Heatwaves show a
positive, yet barely significant effect. Surprisingly, accounting for the treatment history
of droughts, experiencing a drought decreases urban expansion by around 0.3pp in the
year after a drought event up to two years. Then it turns insignificant. This is in con-
trast to the baseline results, where we document positive effects. That highlights that,
while in the short run, droughts might have some positive effects. Especially for this
hazard type, dynamic treatment matters, which simple growth models might miss.
Thus, cumulative drought shocks over time must be taken into account. Lastly, for
storms, no significant effects are found. The results are robust against different match-
ing methods and placebo test to determine if pre-treatments exist. The key takeaway
from this analysis is that the found effects for floods indeed are significant and might
persist even longer than shown in the baseline. For droughts, it might be important
to consider the dynamic treatments of these events. Taking into account the history of
drought, the effects become negative.

4.4.3 Interpretation and Discussion

This section evaluates whether the changes in urban expansion have meaningful im-
plications in the real world. Floods cause damage and potential loss of life. However,
they may also prolong urban expansion. This creates an opportunity for communities
to adapt by implementing non-structural measures, such as stricter zoning laws or in-
centivizing relocation. To understand the internal impacts of these events, we provide
descriptive insights in Table 4.6 on how urban expansion dynamics are connected to
population dynamics. More information on the data sources used and their transfor-
mations is shown in Appendix D.8. The baseline models in Table 4.2 demonstrate a
robust decline in short-term urban growth rates following floods. However, this ap-
pears to coincide with an increase in population, approximately doubling the growth
rate in Column (1). Increasing urban population in the context of climate have already
been documented in literature (Castells-Quintana, Krause, and McDermott, 2021). The

combination of slower build-up growth but strong population growth appears to in-
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crease population density by up to 30 persons more per square km in Column (2).
This effect is only found for floods. Furthermore, we observe a 64% increase to the
means in population growth (or 3.2pp) in strongly informal settlements and almost
80% (or 4pp) increase in weakly informal areas of cities®*. To our knowledge, this is a
novel insight to the limited literature on how hazards influence informal growth. For a
Colombian context, it was shown that informal settlements reduce in growth after ex-
treme events (Camacho, Aryal, and Rajabifard, 2025). Surprisingly, Column (5) shows
that population growth in previously flooded areas (or at least areas at high risk) al-
most doubles in the year following a flood. This might suggest people returning after
a temporary displacement potentially, either due to lower housing costs or lack of reg-
ulation or enforcement of zoning laws or the housing market in these areas. This is in
line with literature finding long-term growth of build-up in flood zones (Rentschler,
Avner, et al., 2023). This effect is also, albeit weaker, found for droughts, where each
additional drought event increases population in flood-risk zones by 22% to the mean
growth (0.9pp). This result is also found with a different magnitude by Van der Borght
et al. (2025). Finally, weather shocks might also influence violence and social unrest
(Castells-Quintana, Lopez-Uribe, and McDermott, 2022; Eberle, Rohner, and Thoenig,
2025; Damette and Goutte, 2023). Column (6) tests the effects on urban unrest and vi-
olent protests. Here, instead of growth, we focus on the log of conflict events reported
in the ACLED database ( Raleigh, Kishi, and Linke, 2023). Floods and droughts signif-
icantly increase the number of violent unrests that occur within urban boundaries in
the year after an event. This is in line with findings by Castells-Quintana, Lopez-Uribe,
and McDermott (2022). There is indicative evidence that reduced urban growth does
not necessarily translate into improvements in urban welfare after extreme events.
Quite the contrary is true: especially floods, but also partially droughts, lead to in-
creased population in informal neighborhoods and high flood-risk areas. They also

increase the propensity for urban social unrest.

Combining all these dimensions allows us to place this article in the literature. Floods
significantly reduce urban expansion, especially in more remote rural towns. This
is similar to the findings on nightlights after flood impacts by Gandhi et al. (2022).
Magontier and Martinez (2023) find for Spanish cities a vertical expansion in build-up,

which is not tested in this paper. They also see increases in population in the aftermath

24 The data is taken from the Million Neighborhoods project (Bettencourt and Marchio, 2023) and
measures informal areas as gradient within neighborhoods that are badly connected to urban infras-
tructure.

242



‘Q"(] Ul PaqLIdsap se

parefodiaur st eyep uonyendo *(¢Z0g ‘OUr] pue ‘st ‘Y31orey]) aseqerep (JH IV Y} WOIJ ejep OIFU0d $asn (9) uwmnjo))
“(z07) oune[ pue ‘qeyres “IYdsjudy SUIMO][0] SPOO[] Tedk-00T Ul W< syidop uonepunur Y3im auoz poofj su-y3ny
ut uopemdod smoys (G) uwmo) (£Z07) OTYIIL]N pue 3Inoduapdg wox ((F) uwmjod) 9< pue ((¢) uwmnjod) OI< Xopur
Ayxordwod ypm syuawapyas rewrzoyur ungiim uorgendod syewnsa (§) pue (g) suwmio) *(efz0z) ‘Te 312 ‘o)) ‘NI Aq Sjewns9
uo paseq Ajsuap pue ypmoid uonendod moys (g) pue (1) suwunjo)) ToAd[ A3 3Yj J& SSW0dINO0 JUSISJJIP 10§ T'F uonenby
JO s)nsa1 durpaseq A} syudsaxd a[qe) SIYL [9AJ] %06 € e dIe sfeAIur DUIPYU0D) TeA-d T°0 4 ‘G0°0 ++'T00 sss 2ION

Chapter 4. Non-linear Responses to Weather Shocks

T'T 208 S0’ (e(0} 19668 208 X JO Yimo1o) a8erdAy
62601 99¢¥6 0796 104'%9 9¢/'801 68896 'sq0
[¥co0’s1¥°0-]1 [8%0°0°0£0°0-] [2€0°0"S80°0-] [150°0°041°0-] [z6S'8F¢/F€T-]  [€€00760°0-]
161°0- 600°0 £20°0- 090°0- 795°C1 1€0°0- -} UI SJUSAF WLI0}S {
[¥80°0'1T0°0]  [9T0°0"200°0] [210°0°T00°0-] [600°0°600°0-] [eeeeT’'00¥'C-]  [210°0°T00°0-]
«+L¥0°0 «600°0 G000 0000~ 196'F 900°0 [-} Ut syuaag 3y3noiq
[00°0"80T°0-] [800°0"200°0-] [800°0"200°0-] [S10°0°100°0] [Tog'01'¢Sz1-1  [800°0°100°0-]
1S0°0- €00°0 €000 +800°0 9/6°0~ ¥00°0 -} Ul SJuaAf aABMIeaH
[zoT'0’6000]  [0S0°0°GE0°0] [870°0°c€0°0] [1%0°0'F20°0] [¥2S8¢’05091]  [6¥0°0°6€0°0]
+850°0 wx+CV0°0 «+070°0 «4+C€0°0 w5 8T LT wxxCV0°0 [-} Ul sjudAy Poorq
(3uno) seary poo[] (eam) Sjuswaf)ag  (SUoIs) SJUSWIIIRG Ayisua(q UIMOID)
Piyuod)307  YSRI-YSIH [euLIoju] [euLIOju] uoneindog uonyendog
9) () 2] (€ ) (1)
bEliilg) = ur ypmorn) uonendo g uoneindog

SYO0YS Iayjeap Jo spoeduy A31D)-Ungiipm
97 9IqeL

243



Chapter 4. Non-linear Responses to Weather Shocks

of flood events, similar to our findings. Yet additionally, we find that they are ampli-
tied when co-occurring with rainfall extremes and following heatwave events. This is
especially a concern for Western Africa. Heatwaves themselves have very mixed ef-
fects, and it is not clear if they contribute or not to urban expansion. We are not aware
of studies studying the impact of heatwaves onto urban expansion as most studies
focus on the inverse direction. Part of the results regarding droughts align with pre-
vious literature. Similarly to Chlouba, Mukim, and Zaveri (2023) and Van der Borght
et al. (2025), we find coefficients that indicate that droughts accelerate urban expan-
sion, especially taking into account catchment areas. There are, however, two major
differences: first, as we account also for small cities, most positive growth effects are
recorded in small cities, not in the primary cities of the country. This may be due to
differences in sample sizes and varying definitions of the drought shock. Second, ad-
justing for the history of droughts, the effects become negative, highlighting that the
longer-term effects of droughts might not be as positive, which has also been found by
Nordfors (2024).

4.5 Conclusion

This paper aims to answer the question what the effects of four of the most important
weather shocks in Sub-Saharan Africa are on urban expansion. In contrast to previous
research, this study adopts a dedicated multi-hazard perspective, given the increased
likelihood of co-occurring events in future decades. Using high-resolution data on ur-
ban development in combination with city-wide hazard exposure data for flood, heat-
waves, droughts and storms, we reveal a complex pattern of the impact of extreme
events across space, time and hazard type. Each additional flood reduces urban growth
in the range of 3-9% relative to the average growth rate, especially in poorer, more
remote towns, leading to increased population pressure in informal settlements and,
surprisingly, parts of cities with high flooding risk. These effects are notably found in
Western Africa. A novel finding is that these effects are fundamentally amplified when
floods follow heatwave events, combinations that have been studied in atmospheric
science before (Sauter et al., 2023). Similarly to previous studies, we find that drought
increases urban expansion, but contrary to previous work (Van der Borght et al., 2025)
mainly in smaller cities. For drought impacts, spatial scale matters. Although droughts
may be harmful to the nearby agricultural land in urban areas, the more catchment ar-
eas affected, the stronger the effects on urban expansion. We discuss, however, that

244



Chapter 4. Non-linear Responses to Weather Shocks

these findings need to be regarded with care, as we reveal that accounting for the his-
tory droughts in cities the effects turn negative. This highlights that while in the short
term some positive effects might be seen, accounting for longer-term effects, droughts
tend to be more harmful to urban expansion. For heatwave, as expected, barely any
significant effects are found, if so they tend to be rather negative. Extreme wind storms
are geographically more centered leading to small treatment samples and large coeffi-
cients. Interpreted carefully, they seem to especially contribute to urban expansion in

richer larger cities in southern Africa.

The paper is grounded in several assumptions whose implications should be consid-
ered when interpreting the results. A main limitation is the way how hazards are
included. Most models assume a linear parametric short-term impact of shocks onto
outcomes, which following the literature by Hogan and Schlenker (2024) might over-
look important non-linearities. While tested for simple quadratic terms, the usage of
intensity thresholds to define extreme events might omit this non-linearity. This is a
significant limitation, as also points marginally below a threshold might be important
and interact non-linearly with the model. Another limitation is that we only indirectly
consider mechanisms such as rural-urban migration and within-city dynamics. A more
rigorous micro-founded analysis is needed to substantiate the points made. These limi-
tations provide several directions for future research, particularly non-linear modelling

of events and spatial mechanisms such as migration.

The findings of this study have strong policy implications. Although adaptation action
in Sub-Saharan Africa is currently focused on metropolitan areas, where a large frac-
tion of the population is clustered, the findings suggest that small flood-prone cities
should be more in focus for climate action. These cities tend to bear a large part of the
burden of extreme events, with increasing informality and higher conflict potential.
Furthermore, the analysis highlights that policymakers should refrain from conduct-
ing research exclusively on a whole-continent scale or along a single hazard dimension.
The underpinning climate dynamics, such as teleconnections, might cause fundamen-
tally different effects across subregions. Likewise, weather shocks do not occur in in
isolation. Their impact also depends on the past treatment history of a hazard and their
co-occurrence with other events, which may interact in non-linear ways. Ignoring such
dynamics might mislead policy guidance.

This study is far from exhaustive. Beyond just adding non-linear models and spatial
mechanisms, more research is needed to better study the individual and firm response

on a large scale to extreme events, especially those that are expected to see a substantial
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rise and interaction with others in the years to come. Future research should adopt a
more inclusive approach that incorporates multiple types of hazards simultaneously. It
should also connect with high-frequency microlevel estimates of response and damage
reported to get a better overall picture of the complex heterogeneous response to cli-
matic shock. Given the current climatic predictions that the 2.5-degree global warming
goal is likely to be missed, it is more important than ever to start implementing adap-
tation policies in regions and urban agglomerations with less resilient infrastructure to
safeguard human lives.
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4.6 Figures & Tables
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Fig. 4.3. Spatial Distribution of the Hazards

Note: The four figures show on a province-level (ADM 1) the average number of total
shocks cities have seen between 2000 and 2019 across Sub-Saharan Africa. The data
is derived from Reinhardt (2024a) and provinces are defined as in GeoBoundaries
(Runfola et al. (2020)).
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Fig. 4.4. Heterogeneity Analysis - Part 1/2
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Fig. 4.4. Heterogeneity Analysis - Part 2/2
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Note: The four figures show the results of using Equation 4.1 on stratified samples. Figures show the
95% ClIs with p-values *<0.1,**<0.05, ***<0.01. Panel (a) uses stratification by the International Wealth
Index (IWI) taken from Lee and Braithwaite (2022). Panel (b) computes the distance of cities to the
country’s metropole (usually the capital) as defined in OECD and SWAC (2020). Panel (c) ranks the
cities by build-up area and creates ranks to determine primary cities in a country. Panel (d) uses carbon
emission data from the European Commission - JRC and International Energy Agency (IEA) (2023) to
define manufacturing cities as cities with >20% industrial carbon emission over total city emissions.
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Table 4.7

Thresholds for Cut-off Intensity (Reinhardt, 2024a)
Hazard Measure Onset Type Share of Expected

sample above Effect on
threshold Urbanisation
Heatwave 5-day MA Slow 2.8% Mixed
(WBGT)
Drought SPEI-3 & Slow 1.8% Positive
SPEI-6

Tropical Storm m/s Rapid <1% Positive
Wind gusts m/s Rapid <1% Positive
Flood DFO Index Rapid 1.3% Negative

Note: WBGT: Wet Bulb Globe Temperature, MA: Moving Average, SPEI: Standard-
ized Precipitation Evapotranspiration Index, DFO: Dartmouth Flood Observatory.
Onset type explains the time it needs for these events to show substantial effects rel-
ative to the other included hazards. Original input sources based on: Mistry, 2020;
Gebrechorkos et al., 2023; Done et al., 2020; Knapp et al., 2010; Copernicus Climate
Change Service, 2024a; Brakenbridge and Dartmouth Flood Observatory, 2023; Prein

and Holland, 2018b.
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Table 4.8
Descriptive Statistics

) @ ®) 4) ©)

Full sample Southern Africa Eastern Africa Central Africa Western Africa

Outcomes
Impervious Area 7.07 14.86 4.89 4.34 6.03
(km?) (41.87) (76.29) (28.98) (16.50) (32.40)
City growth (%) 0.03 0.02 0.03 0.03 0.03
(0.06) (0.04) (0.06) (0.08) (0.06)
Treatments
Flood 0.09 0.10 0.09 0.02 0.12
(0.33) (0.32) (0.32) (0.15) (0.38)
Storm 0.00 0.01 0.00 0.00 0.00
(0.07) (0.15) (0.05) (0.00) (0.00)
Heatwave 0.11 0.02 0.02 0.06 0.22
(0.40) (0.17) (0.19) (0.31) (0.55)
Drought 0.11 0.14 0.12 0.13 0.09
(0.36) (0.41) (0.36) (0.38) (0.32)
Other Variables
High-Risk Flood 14.46 9.48 15.10 16.02 15.68
Areas (% of Urban Area) (15.81) (9.73) (18.05) (16.04) (15.93)
Population 903.57 835.28 793.99 795.96 1047.19
Density (per km?) (960.33) (748.30) (894.08) (1096.72) (1011.92)
Absolute Wealth 45.74 60.81 38.42 31.93 49.03
(TWTI) (16.56) (19.42) (13.16) (14.34) (9.90)
Employment in 52.00 39.70 63.14 64.36 45.50
Agriculture (%) - country (18.22) (25.11) (15.49) (10.93) (9.39)
Total GDP per 1575.89 3749.99 672.26 795.61 1485.13
capita - country (1799.22) (2803.33) (396.85) (1525.07) (774.10)
Nb. of 10x10km 2.50 2.94 291 2.18 2.16
Cells overlap (3.30) (3.02) (4.79) (2.02) (2.46)
Nb. Cities? 5721 1029 1577 894 2280
Observations 107796 19551 28260 16716 43254

Note: The means and standard deviations are shown in brackets. 2 shows the number
of cities. One might note that the total number of cities does not sum up to the total
sample. This is due to some cities being omitted because of a lack of data availability
or unrealisticly high growth rates. This table shows the descriptive statistics of an
average city in this study. Standard deviations are shown in brackets. Division into
Subregions follows the UN Statistical Division. Hazard Exposure indicates the aver-
age number of events that occur within any given year.

251



Chapter 4. Non-linear Responses to Weather Shocks

Table 4.9
Extension: Accounting for Spatial Scope

(1) (2) (3) (4) (5)

Okm 50km 100km 150km Commuting Zone

Y Flood Events in t-1 -0.0025*** -0.0030*** -0.0035*** -0.0038*** -0.0046***

[-0.003,-0.002] [-0.004,-0.002] [-0.005,-0.002] [-0.005,-0.003] [-0.006,-0.003]
)" Heatwave Events in t-1 -0.0019*** -0.0021*** -0.0019*** -0.0017** -0.0022%**

[-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001] [-0.003,-0.001]
Y Drought Events in t-1 0.0011** 0.0012** 0.0016** 0.0022** 0.0010

[0.000,0.002]  [0.000,0.002]  [0.000,0.003]  [0.001,0.004] [-0.000,0.002]
Y Storm Events in t-1 0.0025*** 0.0043*** 0.0051*** 0.0055*** 0.0041***
[0.001,0.004]  [0.003,0.006]  [0.003,0.007]  [0.003,0.008] [0.003,0.006]

Obs. 107,777 107,777 107,777 107,777 99,158
Average Urban Growth .03 .03 .03 .03 .03
Average Shock by Buffer
Flood 066 066 066 066 .063
Heatwave 213 215 217 217 222
Drought 117 116 116 117 114
Storm 016 016 016 016 017
Controls? Yes Yes Yes Yes Yes
City-FE Yes Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes Yes
Region-Year FE Yes Yes Yes Yes Yes
Clustered at City City City City City

Note: *** 0.01,"* 0.05, * 0.1 p-val. This table shows the results of an adjusted version of the baseline model. The description
of the shocks and the model are discussed in D.6. Shocks measure here the average fraction of the buffer affected by a
shock. Data from commuting zones are based on Data for Good at Meta (2023).
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D Appendix to Chapter 4

D.1 Additional Figures

Heatwave -
Flood -

Drought -

B-Coeff. (in pp.)
I

<-.3 ~0 >3 ns.

Fig. D.1. Robustness: Leave-one-out-exercise

Note: The figure shows the results of sequentially dropping one country at a time and
examining whether the significance level changes for each of the four hazards. The
shown confidence intervals are at a 10% level and all regressions follow Equation 4.1
with city, year and region-year fixed effects. Areas in light grey are insignificant at a

10% level.
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Fig. D.2. More Information on the Sample
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Note: The left figure shows how this paper classifies regions following the UN Statistical Division. The right
plots the number of cities by country ISO-3 code. The black dots represent each an urban agglomeration
included from OECD and SWAC (2020).
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D.2 Additional Tables

Table D.1
Classification of Countries by Region
Region Countries (ISO3)
Southern Africa Angola (AGO), Botswana (BWA), Eswatini (SWZ), Lesotho

(LSO), Malawi (MWI), Mozambique (MOZ), Namibia (NAM),
South Africa (ZAF), Zambia (ZMB), Zimbabwe (ZWE)

Eastern Africa Djibouti (DJI), Eritrea (ERI), Ethiopia (ETH), Kenya (KEN), Mada-
gascar (MDG), Rwanda (RWA), Somalia (SOM), South Sudan
(SSD), Sudan (SDN), Tanzania (TZA), Uganda (UGA)

Central Africa Burundi (BDI), Cameroon (CMR), Central African Republic
(CAF), Chad (TCD), Republic of the Congo (COG), Democratic
Republic of the Congo (COD), Equatorial Guinea (GNQ), Gabon
(GAB)

Western Africa Benin (BEN), Burkina Faso (BFA), Cote d’Ivoire (CIV), The Gam-
bia (GMB), Ghana (GHA), Guinea-Bissau (GNB), Guinea (GIN),
Liberia (LBR), Mauritania (MRT), Mali (MLI), Niger (NER), Nige-
ria (NGA), Senegal (SEN), Sierra Leone (SLE), Togo (TGO)

Note: The table shows how the different countries are classified into regions. It fol-
lows the classification of the UN (UNSD, 2023)

Table D.2
Robustness: Sample Dependence
Winsor Urban Growth Exclude cities that have population (2019) of...
1) @) ®) “) )
Both Tails (5%) <5000 < 10000 < 50 000 > 50 000
Y. Flood Events in t-1 -0.001*** -0.002*** -0.002*** -0.003*** -0.002***
[-0.001,-0.000] [-0.003,-0.001] [-0.003,-0.001] [-0.004,-0.002] [-0.003,-0.001]
Y Heatwave Events in t-1 -0.000 -0.001 -0.001 -0.000 -0.001**
[-0.001,0.000] [-0.002,0.000]  [-0.002,0.000] [-0.004,0.003] [-0.002,-0.000]
Y. Drought Events in t-1 0.000 0.000 0.000 -0.001 0.001**
[-0.000,0.001] [-0.000,0.001] [-0.001,0.001] [-0.002,0.000]  [0.000,0.002]
Y. Storm Events in t-1 0.003*** 0.002* 0.003** 0.012 0.003
[0.001,0.005] [0.000,0.004]  [0.001,0.005] [-0.002,0.026] [-0.001,0.007]
Obs. 107,796 102,190 84,426 21,885 85,911
Average Urban Growth .02 .03 .03 .03 .03

Note: *** 0.01,** 0.05, * 0.1 p-val. This table shows the baseline specification from
Equation 4.1. All models include city, year and region-year fixed effects and standard
errors are clustered at the city-level. Population counts are based on data from Liu,
Cao, et al. (2024a).
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Table D.3

Robustness: Treatment Definition + Non-Linearities

Events Time-Decay Events Number of Months Intensity
1) () 3) 4 ©) (6) 7) 8)
Flood in t-1 -0.0024*** -0.0025* -0.0036*** -0.0099*** -0.0008** -0.0022** -0.0015*** -0.0010
[-0.003,-0.001] [-0.005,-0.000] [-0.005,-0.002] [-0.014,-0.006] [-0.001,-0.000] [-0.004,-0.001] [-0.002,-0.001] [-0.002,0.000]
Heatwave in t-1 -0.0008 -0.0009 -0.0029*** -0.0011 -0.0001 -0.0002 0.0008*** -0.0025*
[-0.002,0.000] [-0.003,0.001] [-0.004,-0.001] [-0.005,0.003] [-0.001,0.000] [-0.001,0.001] [0.000,0.001] [-0.005,-0.000]
Drought in t-1 0.0008* -0.0004 0.0018** 0.0003 0.0004 0.0001 -0.0016*** -0.0007
[0.000,0.002] [-0.002,0.001] [0.000,0.003] [-0.003,0.004] [-0.000,0.001] [-0.001,0.001] [-0.002,-0.001] [-0.002,0.001]
Storm in t-1 0.0036* -0.0040 0.0026 -0.0092 0.0013 -0.0002 0.0006*** 0.0015***
[0.000,0.007] [-0.012,0.004] [-0.004,0.009] [-0.033,0.014] [-0.002,0.004] [-0.005,0.004] [0.000,0.001] [0.001,0.002]
Flood in t-1 (sq.) 0.0001 0.0075*** 0.0005 -0.0002
[-0.001,0.002] [0.004,0.011] [-0.000,0.001] [-0.001,0.000]
Heatwave in t-1 (sq.) 0.0000 -0.0014 0.0000 0.0001**
[-0.001,0.001] [-0.004,0.001] [-0.000,0.000] [0.000,0.000]
Drought in t-1 (sq.) 0.0008 0.0015 0.0001 -0.0004
[-0.000,0.002] [-0.002,0.005] [-0.000,0.000] [-0.001,0.000]
Storm in t-1 (sq.) 0.0046 0.0122 0.0006 -0.0000**
[-0.001,0.010] [-0.016,0.040] [-0.001,0.002] [-0.000,-0.000]
Obs. 107,796 107,796 107,796 107,796 107,796 107,796 106,732 106,732
Average Urban Growth .03 .03 .03 .03 .03 .03 .03 .03
Controls? Yes Yes Yes Yes Yes Yes Yes Yes
City-FE Yes Yes Yes Yes Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes Yes Yes Yes Yes
Region-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Note: *** 0.01,* 0.05, * 0.1 p-val. This table shows the baseline specification from Equation 4.1 but with a changed
treatment definition. Note that there are fewer observations in Column (1) due to restricting the sample to make it
comparable between (1) and (6). Column (1) shows the sample-restricted baseline. Column (3) applies a time-decay
weight for the shock. (5) show the number of months in a year in which an event is present. Column (5) uses annual
raw intensities. All even columns add quadratic terms. All models include city, year and region-year fixed effects and
standard errors are clustered at the city-level.
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D.3 Mathematical Construction of the Shock

This section explains mathematically how the 10x10 km grid of Reinhardt (2024a) is
adjusted on a monthly level to align with city boundaries, enabling the computation of
a yearly city panel dataset.

At first, the 10x10km grid overlaps with the city polygons and overlapping areas are
computed for each cell. Then, a city-specific weighted mean for each hazard is com-
puted based on the following equation:
(k)
70 _ g Aig * Xgmt
imt Zg Aig

(k)
imt
and year t. It is computed as summing, across all all 10x10km grid cells g, the product

where x; ' is the weighted average of hazard intensity for hazard k in city i, month m
of two components: (1) the area overlap between city i and cell ¢ denoted as A;, ("What
part of a grid cell overlaps with city boundaries?") and (2) the cell specific intensity value
for the hazard (x((gl;zt). This is then divided by the total overlap area of all grids within
a city. This intensity can be the 5-day maximum wet-bulb temperature (heatwave), the
SPEI-03 and SPEI-12 (drought) or the maximum windspeed recorded (storm). This is
divided by the total number of overlapping area. For floods, the maximum recorded

DFO Index is used.

Next, the monthly intensities are converted into binary dummies by applying the pre-
defined thresholds.

imt
hazimt =

0 otherwise

k) {1 lff(k) > T(k)

where 7(¥) are the defined thresholds and the weighted average needs to be above the
threshold. Every hazard has a specific defined T described in section 4.2. Then, the
annual city-level event number is defined as the number of events that switch from 0
to 1.
hazftk) = 2 ll(hazg;)ﬂfl =0A hazl{tkﬂ)ﬂ =1)
meM\{min(M)}

where m is the month of the year as part of M, the total number of months, but ex-
cluding the first month of the panel (January 2000) as the previous month could not be
determined. This will give us the total number of "unique" events for hazard k in city
i in year t. The final vector Haz contains four elements (hazftk)), one for each hazard.
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Especially for flood, this approach might overlook events. If for instance flood 1 lasted
from February to March and another flood occured in March to April, this would be
considered as a single event. To avoid this, for flood, the total number of events is
compared to the unique counts of flood-specific identifiers of floods that intersect with
a city.

D.4 Additional Heterogeneity Tests

By Geographic Region and ENSO period This additional analysis tests if the coef-
ficients presented in Table 4.3 vary across timing in the El Nifio-Southern Oscillation
(ENSO). It is included that, depending on the cycle, within the ENSO, extremely wet
or extremely dry conditions can be expected. The effect of ENSO varies by broader
regions, which is why it fits well in the geographic heterogeneity analysis. We suspect
that during ENSO-neutral years, extreme events (like floods or droughts) may have
stronger or different effects. This is because they are less anticipated, and thus may
catch governments or communities more by surprise than when expectation and pre-
paredness are higher. To define ENSO we take the Oceanic Nifio Index (ONI) from the
NOAA Climate Prediction Center (2025) that allows to define months as part of neu-
tral, El Nifio or La Nifia months. El Nifio or La Nifia years are defined if at least four
consecutive months of a year fulfill conditions according to the ONI to be classified
as El Nifio or La Nifia month. The dummies are added as interaction terms with the

shocks in a stratified region of the following form:

4 4
k k .
Alog(Yiey) = ar + Z Br.r Hazfcr),tf1 + ) Okr Hazz.(cr)/tf1 - Nifio;_1
k=1 k=1
- Q
+ Ok, Hazicr,t_l -Nifia; 1 + 7 Xe -1+ Atr + Aiy + Eicnt
k=1

The results are shown in Table D.5. In the sample analyzed, urban expansion in East-
ern Africa does not appear to be significantly influenced by climate hazards during El
Nifio or La Nifia years. Instead, observed effects are primarily associated with hazards
occurring during ENSO-neutral years. For Southern Africa, floods have a significant
impact on urban growth, though the direction varies by ENSO phase: floods during
neutral years reduce urban expansion, whereas during La Nifia years, they are esti-
mated to increase urban growth. Droughts in this region reduce urban expansion,
but this effect is significant only during non-neutral ENSO phases. In Central Africa,
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droughts during El Nifio or La Nifia years are associated with reduced urban growth,
effectively offsetting any positive effects observed during neutral years. For Western
Africa, the negative association of floods and urban expansion of Table 4.3 is likely
driven by floods occurring during neutral ENSO years. Interestingly, during ENSO
years, floods may be associated with increased urban growth, suggesting a potential
context-specific or adaptive response. Heatwaves also show negative effects on ur-
ban expansion but only in ENSO years. Lastly, droughts also have negative effects
in neutral years, but they also show positive effects. A possible explanation for the
stronger responses in general during neutral years is the lower expectation of extreme
weather events during such periods. As a result, early warnings might show larger
uncertainties. Unlike El Nifio or La Nifia phases, which are often accompanied by spe-
cific forecasts and preemptive responses, neutral years may result in less preparedness,

thereby amplifying the strong responses of particularly droughts and floods.

D.5 Constructing of the Compound Shocks

In this part of the paper the previously individually regarded shock metrics are dis-
entangled into two components: number of events of a hazard type k; where no other
hazard than k; occurred in temporal and spatial proximity and those where another
hazard type kj.; occurred. Furthermore, two increasing constraining restrictions are
included: first, just account for a temporal window in which k; needs to take place and
second, the order of sequence in which k; and k; take place.They will be presented as

unordered and ordered sequences, respectively.

Mathematical Intuition Behind the Unordered Sequence

First, we construct a compound event in an unordered sequence as happening in the
same month or within a given time frame. To this end we construct monthly moving
windows that define if within that period both type of hazards are present or not.
Having computed on the city-level the presence of a hazard, we obtain the following
(note e is an event of a hazard type and element of the earlier presented vector haz):

e(fl) e(hw) e(dr) (st) c {0’1}

im 7 €im "1 Cim 7 Cim

So for all of the four hazards (flood, heatwave, drought and storm) we know if the
month exceeded a threshold or not. Note here as we currently study the effects over the
years the subscript t is omitted as the windows, which will be introduced next, move

across years. Next for a rolling-window of a specified length and for each hazard, we
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Table D.5
Heterogeneity by Region and ENSO Cycle
) @) ®) 4)

Southern Africa Eastern Africa Central Africa Western Africa

In neutral years

Y Flood Events in t-1

Y Heatwave Events in t-1

Y Drought Events in t-1

Y Storm Events in t-1

In EI-Nifio Years..

Y Flood Events in t-1

Y Heatwave Events in t-1

Y Drought Events in t-1

Y Storm Events in t-1

In La-Nifia Years...

Y Flood Events in t-1

Y Heatwave Events in t-1

-0.0046**
[-0.008,-0.001]

-0.0043**
[-0.007,-0.001]

0.0017
[-0.000,0.004]

0.0046
[-0.001,0.010]

0.0045
[-0.001,0.010]

0.0202
[-0.019,0.060]

-0.0052***
[-0.008,-0.002]

0.0014
[-0.002,0.005]

0.0069"**
[0.003,0.011]

0.0062
[-0.006,0.018]

0.0000
[-0.003,0.003]

0.0040**
[0.001,0.007]

0.0036***
[0.002,0.006]

0.0033
[-0.000,0.007]

0.0028
[-0.001,0.007]

-0.0010
[-0.006,0.004]

0.0025
[-0.000,0.005]

-0.0031
[-0.008,0.001]

0.0007
[-0.003,0.005]

0.0064
[-0.023,0.036]

-0.0010
[-0.013,0.011]

-0.0020
[-0.006,0.002]

0.0081*
[0.000,0.016]

0.0000
[0.000,0.000]

-0.0097
[-0.023,0.003]

-0.0033
[-0.008,0.001]

-0.0094*
[-0.018,-0.001]

0.0000
[0.000,0.000]

0.0049
[-0.011,0.020]

-0.0012
[-0.023,0.020]

-0.0078***
[-0.010,-0.006]

0.0003
[-0.001,0.002]

-0.0052***
[-0.007,-0.004]

0.0000
[0.000,0.000]

0.0041***
[0.002,0.007]

-0.0020**
[-0.004,-0.001]

0.0038***
[0.002,0.006]

0.0000
[0.000,0.000]

0.0049***
[0.002,0.008]

-0.0049***
[-0.008,-0.002]

Y Drought Events in t-1 -0.0023* -0.0004 -0.0120** 0.0096™**
[-0.005,-0.000]  [-0.004,0.003] [-0.020,-0.004]  [0.005,0.014]
Y. Storm Events in t-1 -0.0036 -0.0020 0.0000 0.0000
[-0.011,0.004] [-0.010,0.006]  [0.000,0.000] [0.000,0.000]
Obs. 19,551 28,275 16,716 43,254
Average Urban Growth .02 .03 .03 .03
Controls? Yes Yes Yes Yes
City-FE Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes
Region-Year FE No No No No

Note: *** 0.01,"* 0.05, * 0.1 p-val. Confidence intervals are at a 90% level. This table
shows the baseline results of Equation 4.1. All samples include controls ( a country’s
employment in agriculture (in %) and the countries total GDP per capita) and have
city and year fixed effects. Regions are defined as subregions of Africa and are shown
in Figure D.2. El Nifio and La Nifa are defined if at least 4 month of a year fulfill
these conditions taken from NOAA Climate Prediction Center (2025).
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define the rolling maximum:

(7)

&) (w) = max eV, Wy(m) = {m—[(w—1)/2),...,m+[(w—1)/2]}
’ heWy(m)
Which gives us 51(]11)1 (w) as the rolling-maximum of hazard k with window length w in

city i and month m. It is defined as maximum value over the month-block & which
is part of a new set of aggregated month-sets W. This set W just defines the months-
windows to consider when computing the shock. In our sample we define w € {1,2},
so 1- or 2-month windows. Having computed the block-maxima for each of the four
hazard types, we build a raw compound hazard indicator for each unordered pair (j,1),

whereby j # | between both types:
epl) (@) =1 (el =1ae)@) =1 v e =18 w)=1)

i,m i

S =

This will give us cpf];;f) (w) as one of six possible combinations of j and 1. The criteria
requests that either j is 1 and falls into a rolling maxima of I or the other way round. So

for the example of flood and heatwaves we essentially ask:

‘ flood in m AND heat-wave somewhere in window w,
cpl(]nf)(w) =1iff ¢ OR

heat-wave in m AND flood somewhere in window w.

To define compound events, we want to avoid double-counting consecutive months.
For example, if a heatwave and flood combination extend over two months, we want
to define it as a single event rather than two separate events. Thus, we define a final
monthly equation that only keeps the first month of the spell:

i,m i,m i,m

haz(j'g)(w) =1 (CP(M)(W) =1A Cp(j!)—l(w) - O)

So here we only keep the first occurrence of a specific sequence. In a final step for

(7:4)
1,m
of events per year. To avoid double accounting for the same type of shock, we subtract

each hazard combination (haz;”’ ’(w)) with a set window w we compute the number
the number of compound events from the total number of each event involved. For
instance, there were two flood events recorded and one heatwave-flood pair. The in-
cluded number for flood will be one, given that presumably the other flood overlapped
with the heatwave event. This model is not perfect as there might be some risk that

using the "take-the-first-month" spell condition, might overlook other newly occuring
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events. This means that we likely underestimate the number of events and the measure

is likely a lower bound estimate.

Empirical Estimation of the Unordered Sequence
To only account for the presence of a second hazard type independent of the order
between hazard type k; and k, the baseline equation Equation 4.1 is thereby adjusted

to accomodate this division:

4 11
— (k
Alog(YiCVf) =&+ Z ﬁk ’ Hazz(cr)t—l + Z ec ’ CPZ(CC,:?L)l + ')’Xct—l + /\t + /\i + Arxt + €t
k=1 c=5
(4.2)

—— (k S .
where Hazgcr)t_l is similar to Equation 4.1 but excludes from the count of hazard events,

events where within a window w another hazard type has been recorded, thus the tilde.
(c,w)

icrt—1
that is a variable that counts the number of compound combinations of type ¢ in a

It is therefore on average lower than our baseline variable. New is the part of CP

given window w. c is one of six potential unordered pairs (e.g., flood-heatwave), and
the window is set in the model to either one or two months. The interpretation of 0 is
the marginal short-term effect of having one additional compound shock of type c in
the last year on the growth rate of urban expansion in percentage points.

Mathematical Intuition Behind the Ordered Sequence
As before here we have defined the four distinct hazard types per month-event:

(1) flim) (@) 6D ¢ g 1

eim’im'im’im

Every month our algorithm investigates if none, one, or more than one hazard oc-
curred. Formally, we build a hazard set S for each month-city pair that accounts for the
combinations:

S, = {k € {FL,HW, ST,DR} : ¢!) = 1}

Which is for instance for a month with flood and heatwave ("FL,HW") in a month un-
der consideration (m). If nothing is reported then S;,, = ©@. Next, we define a forward-
looking window (w), in our case set to two months. Essentially, if the considered month
is m, we look forward into the months m+1 and m+2.

For the same city i consider any pair of months (m,n) with m < n < m + w. Thus, m is
the current months and n is a later month inside the forward looking window w. For
example, if the current month is March (m=3), the window extends to May (m+w=5),
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and n would be April (4). Then, we build ordered pairs as
ki = ka, ki € Siy, k2 € Sin, k1 # k2

Note here that k; is defined at month m and k; is defined at month n. As a next step,
to account for unique sequences in a given year, we introduce a city-specific memory
set that checks if the hazard sequence within a given window is already recorded or
not. We name this memory set P; and check if either ky — ky or ko — k; already exists
within the set. If the sequence or its reverse is already recorded, we ignore it. Other-
wise, we add it to P; at the later month n (as we presume this is where the sequence is
tully established and shows the most significant effects). This condition filters out re-
peated sequences or order reversals that might take place due to fading out events (an
area sees a reducation of flooded areas while experiencing still drought conditions).

We enforce a 12-month cool down period. This means if a compound sequence is
recorded at a particular months, the same sequence (in either order) cannot be recorded
again within the next 12 month. This reduces concerns of double-counting the same

compound combination. Formally, a sequence is then defined as:

dmst.n—w<m<n,
Seq;, = k1 = ko ki € Siyy, ko € Sy, k1 # ko, (4.3)
(k1 — kz) ¢ Pi(n — 1), (kz — kl) Qé PZ’(H — 1)

Essentially Seg;,, records a hazard-sequence k1 — kj if neither k; — k, nor ko — kq has
occured in the previous 12-month window. If these conditions are satisfied, the new
sequence is added to P; (at month n). We look at P;(n — 1) because the condition set
must use a memory set before month n is updated, otherwise if we use P; at time n,
the new sequence would already be added to P; and thus disqualify itself.

Once the sequence variable (Seq;,,) is defined, we obtain unique counts by city i and
hazard-sequence k1 — ky*. As the variable is currently on a monthly level, we aggre-
gate each unique sequence into a city-year panel. In short, for each city we identify
hazard k; (e.g. flood) occuring in a given month, then look forward within a window
(w) to check if another hazard k> (e.g. heatwave) occurs. If so, we form an ordered pair

k1 — ky. If this pair (or its reverse k; — k1) occured in the past 12 months, we exclude

25 For simplicity reasons, here only k; to k, pairs are shown. In practice, the designed algorithm in
Python also allows for more than just one ordered pair to enter the sequence. In practice thus we capture
more than just one bivariate pair.
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it; otherwise, it is labelled as a new compound sequence?.

Empirical Estimation of the Ordered Sequence

The derived empirical estimation is fairly similar to the previous one:

J .
— (k
B - Hazz(cr)tfl +).6 CPseq), | +4Xe1 + At + Aj + Art + €

icrt—1

4
Alog(Yiey) = a+

k=1 j=5

(4.4)

Here CPsquZF1 is a vector of the j-th ordered pair of the vector CPseq defined for a
fixed 2-month window. All else remains the same.

How does the number of combinations change between models?

The change in definition between a month, a two-month unordered setup, and an or-
dered sequence with a 12-month cooling period will change the number of existing
combinations. The hazard-pair counts are shown in Figure D.3. One can see that for all
hazards, the number of events increases, allowing for a larger time window. The anti-
diagonal is empty as we exclude the possibility of within-hazard compound events?’.
The most common combination of hazards is heatwaves and floods, and heatwaves
and droughts, followed by floods and droughts. Storms, given the spatial concentra-
tion in some parts of Eastern and Southern Africa, see substantially fewer compound
events. It is not surprising to see that heatwave-flood pairs are the most common type
given that they might be connected through convective storms®®. For an ordered 2-
month period, we see that the by far most common sequence in Sub-Saharan Africa is
heatwaves followed by flood events. The next most common are droughts followed
by floods and droughts followed by heatwaves. Note that the number of events is not
identical to the unordered 2-month period due to slightly different computations of the
sequence mentioned above.

26 Tested but not included is using other thresholds of the "exclusion criteria" of 12 months. Allowing
for shorter windows increases the noise and risk of double accounting, but includes more event combi-
nations. Broadly comparable results have been documented for a 10 month and 14 month window.

27 Within-month within-hazard compound events would require higher temporal resolution, which

(k)

iert—1 accounts for the number of events of

we do not have. Otherwise, within the year, the adjusted Haz
that type in a given year

28 A possible example for this hazard pair could be in the Sahel zone. In May and June, before the
northward shift of the Intertropical Convergence Zone (ITCZ) and the onset of the West African Mon-
soon (WAM), the region experiences intense heat, potentially sufficient to be considered heatwaves.
When the monsoon arrives in July, the combination of moist air from the Gulf of Guinea and the super-
heated land surface leads to strong atmospheric instability. This can trigger intense convective storms,

sometimes resulting in floods.
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1-month 2-month Ordered 2-month

Storm Storm Storm

Heat Heat Heat

First Event

Flood 366

Flood 124

347
Flood
300

Drought 398

Drought 124 Draught

5 £
55 I
5 8 [=] [ b w
e = Second Event

Fig. D.3. Compound Sequence: Number of Hazard Pairs

Note: The figure shows the number of unordered (1-month and 2-month) and ordered
hazard pairs. The creation of these pairs follows the methods described above. Note
that for the ordered pairs, the y-axis indicates the first, the x-axis indicates the second
event.

D.6 Constructing Spatial Shock

In an extension of the baseline model of Equation 4.1 we include the exposure to flood,
storm, drought and heatwaves also in nearby rural land. To this end, we employ
two approaches to assess weather shocks in nearby land: (1) a spatial buffer analysis
around each urban agglomeration and (2) an analysis based on the commuting zones
of each major city. The following sections describe the methodology used to compute
weather shocks under each approach.

Creation of the Buffers

First, the spatial buffer approach draws a 50km, 100km, and 150km catchment area
around the centroid of each urban agglomeration. The different buffers allow one to
assess the sensitivity of the results to different magnitudes of buffer. An illustration of
these buffers can be seen in Figure D.4 (a) and (al) for the example of Kinshasha. As
the treatment variables of drought, heatwave, storm, and flood are taken from Rein-
hardt (2024a), the same data is used to compute the number of shocks within these
buffers. The 10x10km grid of Reinhardt (2024a) is overlapped with the buffers and
intersections are computed. If buffers exceed national boundaries, they are clipped to
only include areas within the same country. In Figure Figure D.4 (2) one can see that
for Kinshasha only the catchment area within the Democratic Republic of Congo is
included, while Congo-Brazzaville in the Republic of the Congo is excluded. This is

done under the assumption that if internal migration happens, migrating into a bor-
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der country is costly, and in this case excluded by construction. Having defined the
buffers, a continuous shock variable is calculated for each buffer. The computation is
slightly different from that of the baseline model. We modify the treatment definition
to more closely reflect the spatial distribution of the shocks. Instead of relying solely on
the urban agglomeration, we construct spatial buffers (e.g., 50km) around urban cores
and intersect these with the 10x10km grid. Here, each grid cell is directly converted to
a binary shock indicator using the same threshold as before. These are then summed
annually?. The new shock is the average within each buffer®’. For cities within these
buffers, the same method is applied to all grid cells intersecting the urban shapefile,
ensuring comparability. As a result, the new shock variable becomes continuous (av-
erage area of a buffer affected), reflecting the intensity of shocks within the buffer area.
An increase in this measure can be interpreted as, for example, a 100% increase in the
number of shocked grid cells within the buffer. This differs from the baseline, where
the focus is on the number of events derived from average intensities within an urban
area. The baseline does not focus on the average number of shocks in cells with which
the city (or its buffers) intersects. Given the description above, a problem arises if the
number of cells used to compute the buffer might vary (e.g. Kinshasa has only half of
the cells given that the other half falls into another country). To account for this, addi-
tionally, the total population within each buffer is computed using data from GlobPop
(Liu, Cao, et al., 2024a).

Static buffers have two main limitations. First, they do not account for country-specific

contexts such as the size of a country. For instance, a 150 km radius covers a significant

29 Following the notation of D.3, we compute

hexpgmt =

(k) 1 if xg;)lt > (k)
0 otherwise

so computing for each month and cell g if thresholds are exceeded. Then sum them as

k k k
hexpét) = Z 1 (hexpét?m_l =0A hexp((gt,)m = l)
meM\{min(M)}

This gives the total number of events for type kin cell g
30 In the notation of D.3 this would correspond to
hexptt) — 1 (k)
exp,, = —7v hexp
ic c® = g
i QEG;
, Where G is the total number of grid cells in buffer b to city i. The value of G might vary between cities
due to the overlap of the boundaries.
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portion of a small country like Burundi, whereas it covers only a minor part of a much
larger country like Niger. Second, buffers ignore terrain and infrastructure, which are
important to assess given that they are strongly related to the costs of displacement and
mobility. A 150 km journey through the hilly and densely forested Kivu region in the
Northeastern Democratic Republic of Congo is more time-consuming and potentially
expensive than an equivalent distance in the well-connected catchment area of Cape
Town, South Africa. To account for this, an alternative buffer scheme is used: commut-
ing zones provided by Data for Good at Meta (2023). The commute zones are based on
daily movement maps from home locations to potential work locations of individuals
who have activated the location services of used Meta apps (such as Facebook). By
tracking weekday movements, the project attempts to build commute zones to nearby
population centers (nodes) and isolate them by drawing Voronai shapes around these
catchment areas. These data were taken for all African countries considered in this ar-
ticle and intersected with urban agglomerations. The 416 included commuting zones

that cover 5 185 cities of the 5 821 cities in the full sample are shown in Figure D.4 panel

(b).

The commuting zones are named after the main destinations of weekday movements.
Iidentify the main commuting node in each commuting zone using fuzzy matching on
the name and based on a distance-matching criterion. This is important, as many, espe-
cially smaller urban agglomerations, fall within the commuting zones of larger cities.
For example, the small agglomeration of Bankana, 120km south-east of Kinshasa, in the
Democratic Republic of Congo, falls into the Kinshasa commuting zone. This means
that our final sample will have in parts multiple cities in the same commuting zone
with one city being the "population hub". Similarly to the buffer approach explained
above, the 10x10km grids as in the main approach are overlapped with each commut-
ing zone and 10km grid cells that contain urban agglomerations and population less
than 10 people are excluded (see lower row (2) and (3)). Attentive readers may notice
that the commuting zone of Kinshasa in Figure D.4 extends across the river into the
Republic of Congo, including parts of Brazzaville. This is intentional, as the analysis
is based on functional urban catchment zones rather than strict administrative bound-
aries. If shocks drive migration to larger urban areas, some internal migrants in the
Republic of the Congo may relocate to Brazzaville instead of Kinshasa, both of which
are captured in the sample. Similarly to the buffer approach, based on the same thresh-
old and methodology as in the main paper, flood, drought, storm, and heatwave events

are computed for each cell. Finally, the resulting yearly events are then aggregated on
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a city level as the maximum number of events and the average number of events in the
catchment area, e.g the average number of flood events recorded in 2015 in the Kin-
shasa catchment areas (excluding areas with high urban presence and absence of local
population) for all cities that fall into this catchment area.

Computation of Model
To estimate the effects of a 100% shock in the catchment area (buffer or commuting
zone) a slightly modified version of the baseline model is used:

4
Alog(Yiey) = o+ Z Br - Hexpg‘;f)_l + v X1 + Klog(Pop(b) )+ 0+ A+ At + €t
k=1

icrt—1
(4.5)
The model is comparable to the original specification, with three key exceptions. First,

instead of the vector Haz, which contained categorical indicators for each of the four
types of hazards, we now use the vector Hexp, which measures continuous hazard
exposure for each hazard. Second, this exposure vector is defined at a specific buffer
size b, chosen from one of the following: 0 km, 50 km, 100 km, 150 km, or the commut-
ing zone. The interpretation of each coefficient 8 also changes: rather than capturing
the effect of an additional discrete shock, each B now reflects the effect of an addi-
tional shock affecting the full buffer. Lastly, we introduce a new control variable: the
lagged log of population within buffer b. This accounts for the size of the potentially
affected population and improves comparability across buffers that may contain a dif-
ferent number of grid cells due to exclusions near borders. Including lagged popula-
tion along with hazard exposure risks that effects of weather shocks on urbanisation
are mediated through population. This risks to underestimate the effects if popula-
tion endogenously respond to the hazards, which likely in the case of weather shocks.
Including it nonetheless here serves three purposes: first, it reduces risk of ommit-
ted variable bias. Second, it improves comparability of effects across catchments with
varying baseline population levels. Third and lastly, in includes indirectly a key mech-
anism that may drive urban expansion: rural-urban migration. For these reasons, we

add population directly in the same lag structure into the model.

D.7 Constructing the Event-Study

Overview
This section provides more context on the use of the event-study estimator of panel
matching suggested by Imai and Kim (2019). This estimator is especially useful in cases
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with non-random treatment assignment and repeated treatments over time. Following
Baker et al. (2025), there are currently only very few causal difference-in-difference-like
estimators that allow treatment to switch from treated to nontreated, an assumption
that is crucial in the case of extreme events. In addition, the estimator proposed by Imai
and Kim (2019) is relatively flexible, as it allows conditioning on both time-varying and
time-invariant covariates, unlike most other estimators, with the exception of the one
by Liu, Wang, and Xu (2024). Furthermore, standard two-way fixed effects models
rely on strong identification assumptions, notably strict exogeneity: no time-varying
confounders (i.e., no omitted variable bias), no carry-over effects from past treatments,
and no feedback from past outcomes to current treatment. The method of Imai and
Kim (2019) instead relies on the assumption of sequential ignorability, which is less
restrictive. This assumption allows for carry-over effects from past treatments and
outcomes onto the current outcome, but assumes that the current treatment is not in-
fluenced by past covariates. Although sequential ignorability is generally easier to
defend—especially in the context of heatwaves—there remains a small risk of viola-
tion. This risk arises if, for example, urban expansion increases the likelihood of heat-
waves. However, we argue that while heatwave risk and heatwave occurrence may be
correlated, the latter depends on additional stochastic factors. These include, among
others, precipitation, local weather variability, and local adaptation efforts. Therefore,
the increase in risk does not directly translate to an increase in heatwave events. Based
on this reasoning, we consider the sequential ignorability assumption plausible in our

setting and proceed using the estimator by Imai and Kim (2019).

The Setup

The method proposed follows a three-step procedure. First, a matched set is created for
each transition of the shocks. Note here that floods, heatwaves, droughts and storms
are considered binary, given that the panel match estimator does not allow for cate-
gorical treatments. Thus, for every city, a set of matched cities with similar treatment
histories for an event is iteratively created. For example, if Nairobi was flooded in
2008 and 2015, the algorithm searches for other cities (in our case, we set the size of
the matching group to 5) that were flooded in 2008 but not in 2015. Second, once
the set of cities with similar treatment histories has been selected, a more comparable
control city is created by refining the matched set using matching methods. In our
case, we tested for Mahalanobis matching, covariate balance propensity score match-
ing and propensity score weighting. To build a better fitting sample, decisions need
to be made on which covariates the matched sample should be refined. Given that
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the outcome is urban expansion, the covariates include the last two years of all other
hazards except the one in question. This assumes that their past treatment might in-
fluence urban expansion. Furthermore, we use the initial urban area in 1990 to get a
better approximation on the growth level the cities have seen in the past. Finally, we
take the last four years before a treatment in terms of urban expansion to get cities with
similar historical growth rates. However, it is not trivial to decide which matching pro-
cedure to use.We assess the best-fitting model by comparing the average difference of
variables used for matching between the treated unit and the weighted average of the
control units over all matched sets. This assessment follows the author’s guidelines.
The results are shown in Figure D.5. The general standard deviation was the smallest
for covariate balancing, making it our preferred specification for this study. Having

Flood Heatwave Storm Urban Growth Initial Urban Size

Standard Deviation

® Mahlanobis CBPS Propensity Weighting

Fig. D.5. Event-Study: Selecting Best Matching Method

Note: The plots compare the difference in covariate balancing for the three tested
matching methods. The closer coefficients are to the zero line the better on average the
matching performance. Outcome is the standard deviation for the average difference
between treated units and average matched units.

selected the pretreatment window for the treatment history, the matching method and
covariates to match on, in the third step, the average treatment effect of treated (ATT) is
computed between the treated unit and the refined set. Standard errors are computed

using block bootstrapping with 100 replications.
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Additional Results

The results of all different methods are shown in Figure D.6. For flood, all models
show a similar pattern. Heatwaves show only significant positive effects when using
propensity score weighting. A reason might be that propensity score weighting does
not exclude poor matches, but might be more model-dependent than Mahalanobis or
Covariate Balance Propensity Score matching. For drought and storm, again, similar
results are found. We also test, yet not shown, using different pre-treatment lags and

different lag structures in the covariates.
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Fig. D.6. Event-Study: All Models

Note: This figure shows the results of using panel matching by Imai and Kim (2019)
on the four different hazard on physical urban expansion. Treatment histories are
fitted for an eight-year window and standard errors are bootstrapped 100 times. The
confidence intervals shown represent a 10% level. The first row shows Mahalanobis
matching, the second Covariate Balance Propensity Score matching and the last row
shows propensity score weighting.

Robustness

To test whether the results are driven by strong pre-trends, a placebo test is conducted
to assess whether parallel trends hold. The results are shown in Figure D.7 and appear
to hold for all but heatwaves, where one period is significant. Thus, the mild and
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mostly insignificant effects of heatwaves should be interpreted with caution.
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Fig. D.7. Event Study: Placebo Tests

Note: The four panels show the placebo test on the pre-treatment sample using the
same covariate setup as in the main event-study. Estimates are based on the tests
proposed by Imai and Kim (2019). Confidence intervals shown represent the 10%
level. The model tested here is the Covariate Balance Propensity Score Model.

D.8 Within-City Analysis: Data and Transformation

This section describes the data used and transformations applied to estimate the results
of Table 4.6.

Data Sources

Population As mentioned in the main part of the paper, the data are based on a dataset
by Liu, Cao, et al. (2024a). This data provides annual population counts and density es-
timates at a resolution of 1km. Most annual data for population counts is interpolated

from census data and fine-tuned with remote sensing extensions (e.g. building foot-
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prints, nightlight, etc.). The data by Liu, Cao, et al. (2024a) seems to perform equally
well or slightly better than comparable annual population datasets.

Informal Settlements Acquiring data on informal settlements is challenging, since the
criteria that define them differ. They can generally be defined by high land tenure in-
security, lack of access to roads and urban infrastructure, little to no amenities (such as
hospitals, canalization system) or areas with high social marginalization of vulnerable
groups (UNHCR, 2024). Here, we rely on the Million Neighborhoods project (Betten-
court and Marchio, 2023) to focus on the lack of access to street networks as a measure
of "informality". The data used to define these areas is recent, thus the assumption is
made that areas with lack of access today will have likely had little to no access in the
part. The data provided come in a range zero up to 67 in our sample, where neighbor-
hoods with values above 10 are classified as "off-network" and above six have a very
low connectivity. Thus, we use 10 as a strong "informal" metric and 6 as a "weak" infor-
mal metric. Within each of these areas, the population is computed using a downscaled
estimate for population from Liu, Cao, et al. (2024a), described below. Instead of re-
lying on urban expansion by impervious surfaces here, we focus on population given
that impervious surfaces might underestimate the extent of informal activity (knowing
that they also capture increase in infrastructure beyond just buildings.)

Flood Risk While already briefly presented in the Data Section, flood risk data is
drawn from Rentschler (2024) and coastal flooding risk from Vousdoukas et al. (2018)
and Vousdoukas (2023), both have an ultra-high resolution of less than 300m. High-
flood risk zones are defined as areas that would be inundated by more than 50 cm in
the event of a 100-year flood.

Conflict There exist two common databases for conflict: the ACLED databases (Raleigh,
Kishi, and Linke, 2023) and the Uppsala Conflict Data Program (UCDP) (Sundberg and
Melander, 2013). We choose the former and account for conflict only if it took place in
the form of violent conflicts or riots within a city’s urban boundary. However, the
dependent outcome variable is also tested for using a binary dummy (whether it has
conflict or not) and using the UCDP dataset. The results are comparable.

Downscaling of Population Data
Attentive readers might have noticed that the population data presented comes at a
1km resolution while flood risk as well as neighborhood data might be in a substan-

tially smaller geographic area. To compute population estimates, we apply a simple
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downscaling method>!. In order to downscale the data, we use building footprints on
a 100-m resolution from the Global Human Settlement Layer (GHSL) dataset (Pesaresi,
2023). To account only for population locations, only the residential part of building
footprints is used. The motivation is that the population will be allocated where the
residential build-up is recorded. Although this approach is rather simplistic, GHSL has
been used in other literature also as one of several factors besides interpolated popu-
lation count and Landsat images (see e.g. Tziokas et al., 2023). As the GHSL data is
only available in 5-year periods, we always use the last available year. After bilinear
resampling and coarsening, downscaling weights are computed based on the normal-
ized weight of the 100m area to the total sum of build-up within the 1km grid. To
reduce noise from individual data points, a Gaussian smoothing filter is applied. We
apply here for the following model

1 x2 42
Glxy) = 202 P (_ 202y )

, where G() is the Gaussian function at each lon-lat pair (x,y), a ¢ value of 1.The Gaus-

sian filter spreads cell-specific estimates over local neighbors, reducing the possibility
of extreme outliers. The sigma of one is a rather small amount of smoothing as we want
to retain a sufficiently high variation in population. Applying the Gaussian smoothing
might lead to a slight underestimation of population serving rather as a lower bound
estimate.

To compute area-specific statistics, we rely on an auxiliary 300m grid within each city
that defines if an area is informal or not or if it is at high flood risk or not (see panel (c)
and (d) of D.8 for a visualization). Once downscaling is completed, zonal statistics are
then computed with the sum of population within this auxiliary grid. Given the cen-
troid overlapping approach implemented in the rasterstats package in Python, the sum
values might be slightly overestimated for population, which is why the means are also
computed for robustness. An illustration of the procedure is shown in D.8. To bench-
mark the estimates, population estimates are validated for three points in time in three
countries with unconstrained interpolated population data of 100 m adjusted with UN
estimates of WorldPop (2020). The results are shown in Figure D.8. In comparison
with the World Pop data, the downscaled data slightly overestimates the population

31 We are aware that annual population estimates exist at higher resolution, but using them for all of
Africa exceeded the scope of this paper. However, we validate our estimates against them on a random
selection of cities.
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of cells. The R? varies between 0.46 and 0.69. Although that indicates not a perfect
prediction in comparison with other interpolated data sets, given that large fractions
of the overestimation is due to outliers that are reduced as in the main specification,
the outcome is going to be logged, overall, the matching quality is sufficiently good.
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Fig. D.8. Downscaling of Population data and Robustness Tests

Note: The figure visualizes the data generating process. The upper panel shows the data. Panel (a) presents the original
population count data at a 1 km resolution. (b) provides the downscaled version using the produre described in the text.
(c) visualizes high flood risk zones (dark blue where distance to flood zone is <300m) and (d) shows the used informality
complexity measure by are. The lower panel shows for three countries and years the validation of a linear regression of
the 100m World Pop data from WorldPop (2020) with the 100m downscaled version based on GHSL residential building
footprint. Color palettes follow Crameri, Shephard, and Heron (2020).

278



Résumé de la these

Le changement climatique anthropique influence non seulement le climat dans lequel
nous vivons, mais aussi, et surtout, les interactions que les étres humains entretien-
nent avec la nature qui les entoure. Le changement climatique, classé parmi les neuf
limites planétaires par Rockstrom et al. (2009), représente un seuil critique a I'intérieur
duquel 'humanité peut évoluer en toute sécurité. En tant que 1'un des défis les plus
importants et les plus largement débattus du XXIe siecle, il souligne la nécessité d"une
coopération mondiale pour maintenir la stabilité du systéeme terrestre. Ne pas y par-
venir constitue non seulement une menace pour la prospérité économique, mais com-
promet également les objectifs de développement déja atteints, comme ceux formulés
dans les Objectifs de Développement Durable (ODD) des Nations Unies. Depuis la
découverte des gaz a effet de serre par les travaux de Fourier, Tyndall et Arrhenius au
XIXe siecle, un nombre croissant d’études et d’articles ont vu le jour a partir du milieu
du XXe siécle, avec I'établissement de la science climatique moderne (pour un apercu,
voir Dobes, Jotzo, and Stern, 2014). Depuis lors, la communauté internationale a mis
en place divers accords internationaux, notamment le Protocole de Kyoto et, plus tard,
I"’Accord de Paris. Des projets de collaboration ont également été établis, a 1'instar du
Groupe d’experts intergouvernemental sur 1’évolution du climat (GIEC) ou du Fonds
vert pour le climat. Ces initiatives ont pour objectif de limiter 'ampleur du phénomeéne
et d’informer sur ses effets climatiques néfastes. Dans les médias et la littérature sci-
entifique, le discours sur le changement climatique est souvent présenté de maniere
dichotomique : en se concentrant soit sur I'atténuation, qui vise a limiter 'ampleur et
la vitesse du réchauffement climatique, soit sur I’adaptation, qui traite des ajustements
face a ses conséquences. Cette thése se concentrera sur ce dernier aspect, en mettant

particulierement 1’accent sur ses implications pour les pays en développement.

L’adaptation au changement climatique est un terme générique qui englobe toute une
série de stratégies. Celles-ci comprennent entre autres le développement d’infrastructures
résilientes, de systemes agricoles adaptés et de services de santé capables de faire face
aux chocs climatiques. Les économistes ont joué un role essentiel dans le débat scien-
tifique entourant ces stratégies, notamment en ce qui concerne 1’analyse cofit-bénéfice

des politiques ou l'évaluation des risques économiques liés au climat. Il est d'une im-

279



Résumé de la theése

portance capitale de comprendre le risque auquel une personne, une entreprise, une
région ou un pays est exposé face au changement climatique lors de la conception et de
I’évaluation de stratégies d’adaptation.Selon le Groupe d’experts intergouvernemental
sur I’évolution du climat (GIEC), les risques liés aux extrémes peuvent étre analysés a
travers trois dimensions fondamentales. La premiére concerne l'exposition, c’est-a-dire
la mesure dans laquelle une population ou un territoire est situé dans une zone touchée
par un événement. La deuxieme est le danger, qui renvoie a la probabilité qu'un tel
événement se produise. Enfin, la vulnérabilité désigne la sensibilité d'une région ou
d’un groupe a cet événement, une fois qu'il survient (cf. IPCC, 2012, p.69). Parfois, on
y ajoute aussi la notion de réponse (« comment les individus ou les zones réagissent-ils
a I'événement ? »). Les articles issus de ma these, présentés ci-dessous, cherchent a
combiner différents aspects du risque climatique. Ils articulent notamment la notion
d’exposition, en analysant la fréquence des événements extrémes, et celle de vulnéra-
bilité, en s’intéressant a certaines des régions les plus pauvres du monde. D’apres le
Groupe d’experts intergouvernemental sur 1’évolution du climat (GIEC), un large con-
sensus existe au sein de la communauté scientifique quant a I’augmentation attendue
des événements climatiques extrémes — tels que la puissance des tempétes tropicales
ou la variabilité des précipitations — a 1’échelle mondiale. Toutefois, cette intensifica-
tion variera selon les régions géographiques. Les pays a revenu faible et intermédiaire
sont davantage affectés par les événements climatiques extrémes, en raison de con-
traintes financieres séveres et d"une résilience plus faible liée a des niveaux de pauvreté
élevés, a une gouvernance défaillante et a des conflits persistants. Cette vulnérabilité
est illustrée par la Figure 1.

Figure 1 montre la distribution mondiale de 'exposition aux événements extrémes
en fonction du niveau de développement humain. Les données sont désagrégées a
une résolution spatiale de 10x10 km, sur la période allant de 2004 a 2015'. Les don-
nées sont issues du Chapitre 2 de cette thése de doctorat combinées avec celles sur
I'Indice de Développement Humain (IDH). En moyenne, les zones en rouge sont des
zones avec un indice de développement humain relativement plus faible par rapport

au reste du monde. Il apparait clairement que de nombreuses régions du Sud, no-

! Pour la définition des événements extrémes, les seuils suivants sont pris : vague de chaleur (WBGT
>28), inondation (indice DFO >1), incendie de forét (>>20 % brtilés), tempéte tropicale (>33 m/s), tem-
péte de vent (>30 m/s), gréle (>1 jour avec Prob >90%), tremblement de terre (>5 MMI), invasion
acridienne (nombre >1) (selon les données de Food and Agriculture Organization (FAO) of the United
Nations, 2023), tempéte de poussiere (>1 jour), glissement de terrain (nombre >1), tsunami (vague
>0m), volcan (VEI >0), pollution de l'air (>75 pg/m?)
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tamment 1’Afrique, 1’Asie du Sud et certaines parties de ’Amérique du Sud, présen-
tent des niveaux relativement faibles d’Indice de Développement Humain, mais des
niveaux plus élevés d’exposition observée aux événements extrémes. Les ménages les
plus pauvres étant déja les plus vulnérables au changement climatique (voir par exem-
ple Hallegatte, Vogt-Schilb, Rozenberg, et al., 2020), il apparait des lors primordial de
mettre I'accent sur les pays a revenu faible et intermédiaire.

Fig. 1. Distribution mondiale de l'exposition aux événements extrémes selon 1'Indice de
Développement Humain (2004-2015)

(0,075) (.079 (13,079

(5.063) (13,069)

(50049) 1 (13,0089)

Human Development Index

Hazard Exposure (2004-2015)

Note : Cette figure est basée sur 'ensemble de données compilé dans Rein-
hardt (2024a), combinant les 19 risques climatiques les plus fréquents et les
données de I'Indice de Développement Humain de Sherman et al. (2023).
La figure montre la distribution mondiale de 1’exposition aux événements
extrémes en fonction de I'Indice de Développement Humain (IDH) relatif.
Les seuils utilisés sont spécifiés en blanc. Seules les zones comptant plus de
10 personnes par kilometre carré sont incluses.

Pourtant, une question essentielle se pose : comment peut-on relier les événements ex-
trémes aux résultats économiques ? Afin de connecter les conditions climatiques aux
résultats associés a I’économie et a d’autres disciplines, le Groupe d’experts intergou-
vernemental sur I’évolution du climat (GIEC) introduit le concept de CID - les facteurs
d’impact sur le climat — soit des composantes climatiques spécifiques qui affectent di-
rectement les systemes humains ainsi que les écosystemes (Seneviratne, Nicholls, et
al., 2012). Ces CID sont généralement évalués a 1’échelle locale ou régionale, la ot les
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interactions entre les humains, les écosystemes et les conditions climatiques sont les
plus marquées. L'influence des conditions climatiques et des événements extrémes sur
les résultats socio-économiques constitue un fil conducteur de cette these. Bien que ces
phénomenes ne soient pas toujours désignés explicitement sous le terme de climate im-
pact drivers, plusieurs chapitres s’appuient sur eux de maniere fonctionnelle, en par-
ticulier en les intégrant comme variables de traitement dans les modeles empiriques.
Parmi les exemples notables, on peut citer 1'utilisation de la température et des précip-
itations (« pluviométrie ») comme variables explicatives pour analyser leurs effets sur
des dimensions telles que les systemes agricoles (Aragén, Oteiza, and Rud, 2021; De-
schénes and Greenstone, 2007; Lobell, Schlenker, and Costa-Roberts, 2011), les villes
et les établissements humains, ou encore le théme de migration (Beine and Jeusette,
2021; Bohra-Mishra, Oppenheimer, and Hsiang, 2014; Cattaneo, Beine, et al., 2019) et
la santé (Meierrieks, 2021; Watts et al., 2017). De maniére plus générales, les principales
variables concernent aussi la croissance économique et la production (Nordhaus, 2019;
Tol, 2018; Dell, Jones, and Olken, 2012; Burke, Hsiang, and Miguel, 2015). Beaucoup
de ces études ont été citées des centaines voire des milliers de fois. D’autres travaux se
sont concentrés plus spécifiquement sur les effets d"un type particulier de choc clima-
tique sur la dimension microéconomique des ménages ou des entreprises. Parmi les
exemples récents notables, on trouve I'étude de I'impact des incendies de forét sur la
mortalité (Burke, Driscoll, et al., 2021) ou encore l'effet des cyclones tropicaux sur les
actifs des entreprises (Pelli et al., 2023).

Un theme récurrent dans ces études est qu’elles se concentrent généralement sur un
type spécifique de choc climatique, tel que la température, les cyclones tropicaux ou
les anomalies de précipitations, afin de mesurer 'impact sur une dimension de résul-
tat particuliére. Seules quelques études empiriques prennent explicitement en compte
les interactions entre différents types de climate impact drivers ou, plus généralement,
d’événements extrémes (voir, par exemple, Fezzi and Bateman, 2015). Dans les mod-
eles théoriques tels que les Integrated Assessment Models, les interactions sont inté-
grées, mais ces modeles restent souvent insuffisants pour capturer toute la complexité
des interactions réelles.

Simplifier I'impact des événements extrémes sur les résultats, notamment dans les
articles d’économie appliquée, en les réduisant a des événements isolés permet aux
chercheurs de diminuer la complexité des effets liés aux dangers et de mieux établir
des liens de causalité. Cependant, les apports des climatologues, géoscientifiques ou

météorologues montrent que cette simplification néglige fréquemment la nature com-
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plexe du systéme climatique. La littérature scientifique sur les événements extrémes en
climatologie a évolué vers une vision plus holistique, tenant compte des interactions
complexes entre les phénomenes extrémes individuels. En particulier, la notion de con-
nected hazards ou de compounding hazards? a récemment suscité un vif intérét. Les
paragraphes suivants reviendront sur ce concept et préciseront son importance dans le

cadre de cette thése.

Tout au long de cette dissertation, chaque chapitre défend I'idée que les résultats socio-
économiques ne sont pas uniquement influencés par des risques individuels. Les dan-
gers isolés ont tendance a interagir avec d’autres événements extrémes ou avec des
vulnérabilités préexistantes. Cette these couvre un éventail plus large de dangers que
ceux généralement discutés, bien que la liste des dangers considérés reste non exhaus-

tive.

Evénements connectés, leur importance pour la littérature

économique et défis méthodologiques

Avant d’aborder les défis méthodologiques posés par les dangers connectés, une breve
introduction stylisée est présentée sur ce que sont les événements connectés ou com-

posés, ainsi que sur les raisons pour lesquelles ils devraient interpeller les économistes.

Selon le Groupe d’experts intergouvernemental sur 1’évolution du climat SREX, les
événements composés désignent des phénomenes climatiques ou météorologiques qui
se manifestent simultanément, peu de temps les uns apres les autres, ou dans une prox-
imité spatiale, et qui tendent a entrainer des effets amplifiés par rapport aux événe-
ments individuels (cf. Seneviratne, Nicholls, et al., 2012, p.118). En complément,
en utilisant la typologie proposée par Zscheischler, Martius, et al. (2020), les événe-
ments composés peuvent étre classés comme suit : les événements pré-conditionnés
(une condition climatique amplifie 'impact d"une autre), les événements multivariés
(deux ou plusieurs climate impact drivers ou dangers se produisent simultanément),
les événements composés dans le temps (deux événements ou plus surviennent dans
une séquence rapprochée), ou les événements composés dans l'espace (deux événe-
ments ou plus se produisent dans une proximité géographique). Chaque combinai-

son spécifique entre type d’événement et type de composition peut entrainer des ef-

2 Dans cette these, les termes compounding et connected seront utilisés de maniére interchangeable.
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fets économiques fondamentalement différents. A titre d’exemple, la sécheresse et les
vagues de chaleur préconditionnent I'occurrence d’incendies de forét (mentionné dans
AghaKouchak et al., 2020). Un autre exemple est celui des tempétes tropicales qui
provoquent a la fois des dommages directs liés au vent et des dégats supplémentaires
par l'intermédiaire d’inondations et d’ondes de tempéte, touchant particulierement les

communautés cotieres.

I existe notamment deux raisons pour lesquelles il est important de considérer les ef-
fets connectés dans les études économiques : premierement, la réponse a de tels chocs
peut étre fondamentalement différente de celle provoquée par des dangers isolés. Par
exemple, étudier 1'effet des anomalies de température sur la production agricole, comme
cela est couramment fait, peut étre une bonne approche pour mesurer la fonction de
réponse de la température sur la production des sols ou le rendement des cultures.
Si, toutefois, I’anomalie de température se produit simultanément avec un événement
de vague de chaleur?, la perte de rendement observée ne peut étre attribuée que par-
tiellement a 'anomalie elle-méme, mais également a la réduction de la productivité du
travail de I’agriculteur chargé de la récolte. Un autre exemple serait 1'estimation des
périodes de reprise apres un choc. Sil’on présume qu’un seul choc s’est produit, les im-
plications politiques dérivées pour la reprise post-choc pourraient étre erronées. Pour
reprendre 1’exemple précédent, on pourrait proposer un meilleur systéme d’irrigation
en réponse a une anomalie de température, mais il faudrait également envisager des

stratégies visant a réduire I’exposition a la chaleur des ouvriers agricoles.

Deuxiémement, si une étude économique est menée a l’échelle régionale, voire au
niveau du district, la variation d’exposition a une diversité de dangers peut différer
au sein d’'une méme zone géographique. Un village peut subir une inondation et une
vague de chaleur, tandis qu'un autre village, situé a 30 km de distance mais dans le
méme district, pourrait connaitre un glissement de terrain au lieu d’une inondation,
en raison de fortes précipitations. Si ces autres événements sont exclus, cela peut
conduire a 'omission de variables importantes dans 1’estimation, causant un biais au
niveau du résultat final. C’est particulierement préoccupant pour les modéles en coupe
transversale ou en panel incluant des variables climatiques (Hsiang, 2016). Il est donc
important d’adopter une perspective multi-aléas, en particulier lorsqu’on mene des

recherches ayant une pertinence politique.

3 Les deux sont fortement liés, mais une vague de chaleur ajoute des facteurs environnementaux
supplémentaires tels que I'humidité de l'air et la vitesse du vent.
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Pour souligner davantage ce point, la Figure 2 illustre le nombre de types distincts de
dangers (par exemple, inondation et vague de chaleur) enregistrés entre 2004 et 2015 a
une échelle de 10x10 km.* Les données sont issues du Chapitre 2. La figure ne présente
que onze types de dangers, notamment les sécheresses, les vagues de chaleur, les inon-
dations, les séismes, les cyclones tropicaux, les vents extrémes, les glissements de ter-
rain, les tsunamis, les volcans et les incendies de forét. La liste n’est pas exhaustive et
pourrait étre élargie a d’autres dimensions, mais elle suffit ici a des fins d’illustration.

Les deux graphiques montrent la part du PIB (a gauche) et de la population (a droite)
exposée au nombre de classes de dangers®. A I'échelle mondiale, les graphiques réve-
lent que, pour les onze dangers représentés, moins de 7% du PIB et moins de 6% de
la population n’ont été exposés a aucun événement extréme sur la période 2004-2015.
Environ un quart de la population et du PIB a été exposé a un seul événement. Dans ces
zones, il est possible de mener relativement facilement des études d’événement avec
un seul type de traitement. Pour les 70% restants de 1’échantillon, plus d"une classe de
danger a été enregistrée, ce qui pourrait contaminer toute estimation économétrique
si cela n’est pas pris en compte. Cela concerne notamment le sud-est des Etats-Unis,
la zone sahélienne en Afrique, ainsi que certaines parties de I’Asie du Sud-Est, notam-
ment le Vietnam, le Cambodge et le Laos. Ainsi, plus le nombre de classes de dangers
de cette liste non exhaustive est élevé dans un méme lieu, plus il est probable que les ef-
fets mesurés dans des études basées sur un seul événement soient en réalité influencés

par des dangers omis ou des interactions entre plusieurs types de dangers.

Assez logiquement, cela interroge sur les raisons pour lesquelles la notion de chocs
composés reste encore peu intégrée dans les travaux de recherche. Il y a a la fois des
raisons pratiques et empiriques pour cela. Ce serait une erreur de supposer qu’aucune
recherche n’est menée sur le sujet. Des travaux dans des domaines interdisciplinaires
tels que ceux de Ridder et al. (2020) and Thalheimer, Choquette-Levy, and Garip (2022)
ainsi que des travaux tenant compte des chocs cumulatifs (par exemple Di Falco et al.,
2024) au fil du temps étudient la question des chocs connectés. Pourtant, en pratique,
il y avait un manque de disponibilité de jeux de données homogénéisés qui permet-
tent de déméler les différents chocs. Comme mentionné dans Botzen, Deschenes, and

Sanders, 2019, de nombreuses études empiriques s’appuient sur la base de données

4 La figure ne montre pas la fréquence a laquelle les dangers se produisent, mais uniquement le
nombre de types différents observés entre 2004 et 2015.

> Les données sont basées sur les parts de PIB calculées a partir de Kummu, Kosonen, and Ma-
soumzadeh Sayyar (2025) pour I'année 2015.
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Fig. 2. Illustration de la présence des dangers et de leur importance relative

GDP (2015} Population {2015}

Note : Cette figure est basée sur 'ensemble de données compilé dans Reinhardt (2024a) portant sur un
sous-ensemble de onze types de dangers courants (sécheresse, vague de chaleur, inondation, gréle, séismes,
cyclone tropical, vents extrémes, glissements de terrain, tsunami, volcan et incendies de forét). La figure
montre le nombre de classes de dangers distinctes enregistrées entre 2004 et 2015. Le panneau (a) calcule
en outre la part du PIB mondial (a gauche) et de la population mondiale située dans des zones ayant le
nombre respectif de classes de dangers distinctes. La population et le PIB sont tous deux calculés sur la base
des valeurs de 2015. Les données sur le PIB proviennent de Kummu, Kosonen, and Masoumzadeh Sayyar
(2025). Le panneau (b) divise 1’estimation mondiale en sous-estimations régionales, indiquant la part du
PIB et de la population selon le nombre de classes de dangers distinctes.
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EM-DAT — décrite dans CRED and UC Louvain, 2024 — qui fournit des informa-
tions sur les catastrophes naturelles a 1’échelle mondiale. Bien que largement utilisées,
ces données ne précisent pas toujours la délimitation administrative exacte des événe-
ments, ce qui complique leur utilisation dans les études économiques a 1’échelle ré-
gionale ou locale. En outre, des critiques de ces données incluent sa tendance a sures-
timer potentiellement les pays plus riches en raison de son accent sur les dommages
économiques plutdt que sur l'intensité des aléas (Felbermayr and Groschl, 2014). Bien
que de nombreux jeux de données aient été proposés ces derniéres années, ce n’est
qu’avec la sortie récente de la base de données MYRIAD-HES (Claassen et al., 2023a)
qu’'un jeu de données complet pour les intensités locales des aléas est devenu accessi-
ble. Ces données sont compilées en définissant 11 types d’événements comme événe-
ments dangereux en fixant des seuils puis en compilant les données pour les années
2004 a 2017 au niveau journalier. Le chapitre 2 de cette these propose un nouveau jeu
de données puisque, pendant son développement, il n'y avait pas de jeu de données
standardisé qui incluait de maniére fiable les intensités des aléas. La "Platform for
Economic Analysis of Climate Hazards" (PEACH), un grand parti de cette these, four-
nit un jeu de données comparable avec des données d’entrée légerement différentes
a I’échelle mondiale mais avec une résolution mensuelle. Chaque fois que possible,
elle s’abstient d’appliquer tout seuil, permettant aux chercheurs d’utiliser les intensités

mensuelles pour calculer les dommages et les fonctions de réponse.

Au-dela des contraintes pratiques — telles que la disponibilité des données — plusieurs
raisons empiriques expliquent pourquoi peu d’articles adoptent une perspective multi-
aléas. Premierement, les mémes problemes économétriques standards s’appliquent
lors de 1'utilisation d’aléas composés comme pour tout événement climatique. Cela
inclut la non-linéarité des effets, les décalages temporels — comme les effets différés
ou persistants —, les décalages spatiaux — lorsque les impacts s’étendent au-dela de
la zone directement touchée —, ainsi que les défis liés a la modélisation correcte de la
structure du terme d’erreur (Hsiang, 2016). Cependant, un autre défi est de savoir com-
ment prendre correctement en compte l'interaction de différents types d’aléas, de fac-
teurs environnementaux, ou de moteurs d’impact climatique. Un bon point de départ
pourrait étre de considérer les interactions entre les intensités de deux événements.
Cependant, bien que cela soit relativement simple avec deux facteurs, cela devient
de plus en plus difficile lorsque des types d’événements supplémentaires se cumu-
lent. Avec deux intensités, par exemple, température et précipitations, et un résultat,

on obtient deux réponses spécifiques aux aléas et un terme d’interaction de haute di-

287



Résumé de la theése

mension. La Figure 3 permet de visualiser cela en prenant le cas du Nigéria et en
combinant les effets de la température et des précipitations sur la santé des plantes au
Nigeria. La santé des plantes est mesurée par le Indice de végétation par différence
normalisée (IVDN). Le panneau central montre les effets individuels de la température
et des précipitations sur la santé des plantes, tandis que le panneau de droite montre
leurs interactions. La figure démontre que la prise en compte des interactions modifie
les effets estimés des facteurs individuels. Si une troisiéme composante était ajoutée,
comme la vitesse du vent, il deviendrait difficile pour les chercheurs de déterminer

quelle combinaison entraine les changements observés.

Une solution pourrait étre 1'utilisation d’une analyse de la sensibilité d'un systeme
spécifique, comme un « test de résistance », ot il est analysé a un moment spéci-
fique et a un endroit spécifique, quels facteurs contribuent le plus aux changements
dans les résultats souhaités (cf. Zscheischler, Martius, et al., 2020). Deuxiemement, dif-
térentes classes d’aléas pourraient étre corrélées soit par une cause sous-jacente com-
mune (dans le cas de téléconnexions telles que le El Nifio — Oscillation australe ou
le Oscillation de Madden-Julian), soit directement liées physiquement comme dans le
cas de la pollution de l'air et des feux de forét (voir par exemple Burke, Driscoll, et
al., 2021). Si les classes d’aléas corrélées sont exclues des modeles économétriques,
elles peuvent provoquer un biais de variable omise. De plus, comme mentionné par
Hsiang (2016), ces variables non observées sont probablement autocorrélées dans le
temps, ce qui biaise les erreurs standards de la régression. Méme si elles sont in-
cluses, elles peuvent limiter la possibilité d’inférences précises dans les modéles de
régression paramétrique, potentiellement en raison de problemes tels que la multicol-
inéarité imparfaite ou la modélisation inadéquate de leurs effets conjoints. Dans la
littérature scientifique, dans de tels cas de dépendance entre variables, des méthodes
statistiques, telles que les fonctions copules, ont été utilisées pour mieux prendre en
compte l'interdépendance des variables (Zscheischler, Martius, et al., 2020). Enfin, se
pose la question pratique du choix d"un modéle économétrique approprié. Les mod-
eles paramétriques standards échouent souvent a prendre en compte les interactions
complexes et non linéaires entre plusieurs aléas comme celles montrées dans la Fig-
ure 3. Les événements extrémes, souvent traités comme des expériences naturelles
singulieres, nécessitent 1'utilisation de modeles causals pour identifier les effets de
maniere robuste. Les modeles de discontinuité de régression (RD), en particulier dans
I'espace, ne parviennent pas a tenir compte de la dépendance spatiale non observée
au niveau local. Les régions voisines different souvent dans leur exposition au risque
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climatique, leurs trajectoires de croissance économique et leurs stratégies d’adaptation
climatique, ce qui complique l'utilisation des modeles RD spatiaux. Les essais con-
trolés randomisés ne sont pas applicables étant donné que le traitement des événe-
ments extrémes peut étre aléatoire dans le temps mais pas dans l'espace. Les méthodes
de controle synthétique rencontrent quant a elles des défis dans le contexte des événe-
ments extrémes en raison des effets potentiels d’équilibre général et des retombées
qui peuvent biaiser les estimations méme avec des groupes de controle soigneusement
construits. Enfin, et cette méthode a été utilisée largement tout au long de la these,
il existe les modeles de différence-en-différence. Ces modeles permettent de capturer
'effet en comparant les zones exposées avec des zones jamais traitées ou pas encore
traitées. Un défi clé est d’assurer la validité de I’hypothese de tendances paralleles, en
particulier lorsque plusieurs aléas sont présents ou lorsque des événements extrémes
réapparaissent durant la période d’étude. Pour tenir compte de ces complexités, tous
les chapitres de la thése s’appuient sous une forme ou une autre sur des estimateurs ré-
cents de la littérature sur la différence-en-différence. Bien que non parfaits, certains de
ces nouveaux estimateurs permettent la réversibilité du traitement, ce qui est essentiel

dans les études sur les catastrophes.

Dans le paragraphe suivant, je décris comment cette these définit les événements con-
nectés et comment elle aborde les préoccupations méthodologiques mentionnées ci-
dessus. Les chapitres 2 a 4 incluent la notion d’événements composés ou connectés
(appelés événements « complexes » dans le Chapitre 3). J’adopte une approche simpli-
tiée en définissant un événement composé comme un événement qui se produit dans la
méme zone (« événement composé spatial ») ou dans une certaine période de temps («
événement cumulatif temporel »). Dans le Chapitre 4, j'explore également différentes

combinaisons de séquences d’événements.

Pour tenir compte des interdépendances entre les types d’aléas, les Chapitres 3 et
4 s’appuient sur des termes d’interaction. Bien que des fonctions de réponse non
linéaires, comme montré et décrit ci-dessus, seraient préférables, j’opte pour une ap-
proche alternative en raison d'une hétérogénéité substantielle dans les formats des
données utilisées. Au lieu de s’appuyer sur des mesures continues d’intensité, les
événements individuels sont transformés en variables muettes de traitement binaires
basées sur des seuils statistiques (« upper tail events ») ou issus de la littérature. Pour
certains aléas, comme les anomalies de température, les "upper tail events" sont définis
par rapport aux tendances historiques spécifiques a chaque lieu. Pour d’autres aléas,
tels que les cyclones tropicaux, un seuil global est utilisé. Bien que les mesures con-
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Fig. 3. Exemple de non-linéarités dans la dimension des impacts
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Note : Cette figure fournit un exemple des effets de la température et des
précipitations sur la santé des plantes, mesurée par 'indice de végétation
par différence normalisée (NDVI), au Nigeria. La figure de gauche illustre, a
titre d’exemple, la distribution du NDVI au Nigeria pour un mois aléatoire,
juin 2015. Les données NDVI sont issues de Li, Cao, Zhu, et al. (2023). Les
deux figures centrales tracent une fonction de réponse de la température
moyenne mensuelle et des précipitations moyennes en mm sur le NDVI, en
utilisant un modele additif généralisé (GAM) avec quatre polyndmes. Les
données proviennent d’ERA-5 (Mufioz Sabater, 2019) et de CHIRPS (Funk,
Peterson, Landsfeld, Pedreros, Verdin, Shukla, et al., 2015). Le graphique
de droite montre l'interaction entre les deux coefficients sur le NDVI. Les
données dérivées sont basées sur le Chapitre 2 de cette theése.

tinues des aléas permettraient 1’estimation de fonctions dose-effet, un tel cadre n’est
pas possible dans cette theése en raison de I'hétérogénéité significative dans les formats
de données inclus. Certains aléas sont rapportés de maniere catégorielle, d’autres a
travers des scores normalisés, et certains sous forme binaire. Cette incohérence entre
les formats de données complique fortement la construction de paires d’interaction et
limite la pertinence des modeles non linéaires. En contraste, 'exemple de la Figure 3
utilise la température et les précipitations, deux variables bien étudiées dans la littéra-
ture, qui ne sont pas représentatives de tous les aléas dans cette thése. Les aléas, tels
que les feux de forét, par exemple, sont plus difficiles a intégrer dans un cadre non
linéaire. Par conséquent, cette dissertation suit de pres la littérature sur les études
d’événements, qui repose généralement davantage sur des variables muettes de traite-
ment binaires. Pour permettre une certaine forme de non-linéarité, les Chapitres 3 et
4 incluent et discutent des termes quadratiques dans les modeles paramétriques de
base. Je reconnais que cela se fait au prix de I’omission d"une partie de 1'hétérogénéité

sous-jacente dans l'impact des événements, ce qui est discuté plus en détail dans les
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chapitres correspondants. En conséquence, dans les Chapitres 3 et 4, je souligne égale-
ment d’autres facteurs que les chercheurs pourraient vouloir prendre en compte pour
évaluer si leurs résultats sont véritablement causaux. Une autre contribution de cette
these est I'introduction d"un jeu de données inédit, PEACH, au Chapitre 2, qui répond
au probleme décrit de I’absence d'une base de données unifiée pour 1’analyse des
catastrophes. Les préoccupations liées a la corrélation temporelle et spatiale, ainsi
qu’a la structure du terme d’erreur, sont abordées en appliquant différents niveaux
d’agrégation temporelle et spatiale. Tous les modéles des Chapitres 2 a 4 incorporent
la notion de "CID", mais la nomment dans les Chapitres 3 et 4 « événements extrémes
» ou « chocs climatiques » pour des raisons de compréhension. Le Chapitre 1 propose
une perspective alternative sur la littérature. En étudiant les flux d’investissement,
I'objectif de ce chapitre est de soutenir que les effets des événements extrémes de-
structeurs vont au-dela de la seule destruction du capital physique. Les régions spa-
tialement ou économiquement connectées a une zone touchée peuvent étre affectées
indirectement par le choc, en particulier lorsque les chocs surviennent en amont, c’est-
a-dire sur le versant de l'offre de l'entreprise. Bien que le risque multi-aléas ne soit
pas 1’objectif principal de l'article, la base du modele prend néanmoins en compte la

présence d’autres événements extrémes.

La contribution de cette thése est donc triple : le Chapitre 1 met en évidence, a travers
I'exemple de l'investissement étranger, que 1'effet des événements extrémes va au-dela
de la seule destruction des actifs et peut se propager le long des chaines d” approvision-
nement jusqu’a des entreprises éloignées. Le Chapitre 2 présente un nouveau jeu de
données en libre acces afin de mieux estimer les interactions des événements extrémes
a l'échelle locale. Enfin, les Chapitres 3 et 4 revisitent des sujets largement étudiés
en économie du développement, en se concentrant sur les interactions entre différents
types d’aléas et leurs implications pour les résultats. La section suivante propose un

apercu plus détaillé de 'ensemble des chapitres de la thése.

Contribution détaillée de chaque chapitre de la theése

Les paragraphes suivants présentent chacun des chapitres et fournissent une vue d’ensemble.
IIs soulignent leur contribution a la littérature sur les événements extrémes et connexes

dans les pays du Sud.
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Chapitre 1

Le premier chapitre est le seul chapitre qui ne se concentre pas particuliérement sur
les chocs connectés ou les chocs cumulatifs. Au lieu de cela, I’article examine 1'impact
des événements extrémes destructeurs, en particulier les tremblements de terre, sur
les flux d’investissements étrangers a l'intérieur d’un pays. Comme pays d’étude, cet
article se concentre sur I'Indonésie en raison de son exposition fréquente a une large
gamme d’événements extrémes. La position de I'Indonésie a proximité de la Ceinture
de Feu du Pacifique rend les tremblements de terre puissants et largement répartis
a travers le pays. La question de savoir comment les événements extrémes affectent
I'investissement a été largement étudiée dans la littérature, mais la plupart de ces ar-
ticles se concentrent sur des dynamiques au niveau national. A ma connaissance, il
n’existe que tres peu d’études qui incluent des effets des chocs a l'intérieur d'un pays.
Un exemple notable est I'exemple de Friedt and Toner-Rodgers (2022) pour les inonda-
tions en Inde. Leur article est le plus proche de mon article. Au-dela de cela, plusieurs
études se penchent sur la dynamique des entreprises dans les périodes qui suivent
ces événements. Un article étroitement lié ici est celui de Carvalho et al. (2021) qui
étudie les effets de la chaine d’approvisionnement des entreprises au Japon dans les
suites d'un tremblement de terre particulierement fort. L'article contribue a la littéra-
ture en se concentrant, de maniere similaire a Carvalho et al. (2021), sur les effets de
la chaine d’approvisionnement des tremblements de terre, mais sans utiliser de don-
nées au niveau des entreprises, comme dans Friedt and Toner-Rodgers (2022). De plus,
j'étudie les retombées spatiales et, dans ’annexe de I’article, les effets en tenant compte
d’autres aléas.

Pour cela, l'article combine des données sur les investissements directs étrangers en-
trants provenant de 413 districts indonésiens entre 2003 et 2019. Ces données sont
maintenues par le Conseil de Coordination de I'Investissement Indonésien et sont
fournies au niveau sectoriel et mensuel. Pour obtenir une approximation de 'intensité
des tremblements de terre, les données sur les investissements étrangers sont com-
binées avec 896 cartes géophysiques détaillées qui illustrent 'empreinte des événe-
ments sismiques. Les données sont prises de I'Institut d’Etudes Géologiques des Etats-
Unis et sont appelées « ShakeMaps ». L'intensité est basée sur des modeles géo-
physiques qui estiment l'intensité des secousses a partir de données d’observation in
situ provenant de stations d’enregistrement. Contrairement aux études précédentes,
l'article applique deux conditions qui doivent étre remplies pour qu'un tremblement

de terre soit considéré comme significatif. Premierement, le marché du travail local
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doit étre perturbé, ce qui signifie que des personnes dans le district ont été enreg-
istrées comme affectées par un tremblement de terre. Deuxiemement, le tremblement
de terre doit avoir causé au moins des dommages mineurs. Pour cela, j'applique
un seuil établi précédemment dans la littérature, qui est en outre validé dans la sec-
tion de robustesse. Bien que l'information sur I'emplacement des tremblements de
terre et des investissements étrangers soit incluse, il manque l'information sur la fagon
dont I'activité économique est reliée entre les provinces. A cette fin, nous renfor¢ons
le modele avec une table entrée-sortie multirégionale de 2016 pour relier 1'activité
économique sectorielle a travers l'espace a l'intérieur du pays. Ainsi, je peux tester
si les chocs sismiques se propagent dans I’économie ou restent confinés aux zones

touchées.

Méthodologiquement, j'applique un estimateur basé sur une étude d’événements util-
isant un modele a effets fixes bidirectionnels. Cependant, suivant la discussion de
Goodman-Bacon (2021), les estimations dans un tel modele peuvent étre biaisées si les
tremblements de terre ne se produisent pas au méme moment, ce qui est le cas dans
cet article. Ainsi, dans la section de robustesse, j'applique une correction pour cela
et je compare le résultat de base avec des estimateurs alternatifs issus de la littéra-
ture récente sur la différence de différences. ]J'observe que les flux d’investissement
sont temporairement réduits de presque 90% l’année suivant un tremblement de terre.
Toutefois, toutes les zones ne sont pas affecté de la méme maniere. Les effets sont prin-
cipalement concentrées dans les zones avec une exposition historique au risque plus
faible et un stock d’investissement étranger plus élevé. Cela suggére que 1’anticipation
du risque, ainsi que le nombre total d’entreprises dans lesquelles la firme étrangere
a investi, peuvent jouer un rdle dans la réponse a un choc. Ensuite, je passe aux ef-
fets indirects du tremblement de terre. D’abord, en considérant les retombées spa-
tiales — bien que ce ne soit pas le cceur de cet article — j'observe que les retombées
en provenance des districts voisins ont peu d’effet sur les résultats principaux. Cela
s’explique probablement par la forte concentration de l'investissement étranger au-
tour des centres économiques et des zones économiques spéciales. En revanche, la
réduction de 'investissement étranger peut étre partiellement attribuée a des chocs in-
duits par l'offre. Si les fournisseurs d’une entreprise étrangere sont impactés par un
tremblement de terre, surtout dans la fabrication, cela tend a réduire significativement
I'entrée étrangere. Du c6té de la demande, le secteur de la construction semble parti-
culierement bénéficier lorsque les clients sont affectés par des tremblements de terre.
Dans l’ensemble, I’étude met en évidence le cas d"un seul type d’aléa et d"un seul pays,

293



Résumé de la theése

montrant que, surtout pour I’analyse des impacts d’aléas a 1’échelle locale, il est égale-
ment important de considérer les effets indirects comme les retombées spatiales ou de

réseau.

Chapitre 2

Le deuxiéme chapitre tente de combler le fossé mentionné ci-dessus concernant1’absence
d’un cadre de données unifié pour étudier la co-occurrence des événements extrémes.
La plupart des articles dans la littérature s’appuient soit sur des aléas individuels, soit
sur des bases de données d’aléas compilées telles que EM-DAT (CRED and UC Lou-
vain, 2024). Ce n’est que récemment qu’il y a eu des efforts pour créer une base de
données mondiale a haute résolution des événements extrémes. En ce qui me con-
cerne, je souhaitais disposer d'un estimateur davantage concu pour des séries tem-
porelles par localisation, tout en tenant compte des conditions socio-démographiques
et économiques propres a chaque zone. Ainsi, j'ai développé la Plateforme d’Analyse
Economique des Risques Climatiques (PEACH) qui fournit un ensemble de données
global, quadrillé, compilé et homogénéisé pour 14 facteurs d’impact climatique et 3
aléas non climatiques. Ceux-ci vont des aléas standards tels que les anomalies de tem-
pérature ou de précipitations, aux gréles, feux de forét ou cyclones tropicaux. Les
aléas non influencés par le climat incluent notamment les tsunamis, les tremblements
de terre et la pollution de l'air. L'ensemble de données combine ce grand ensemble
de variables pour chaque mois de 2000 a 2019, mais n’atteint une couverture compléte
pour les 17 types d’aléas qu’entre les années 2004 et 2015, en raison d"une disponibilité

limitée des données sources.

La résolution spatiale est d’environ 10x10 km a 1’échelle mondiale avec deux limita-
tions mineures : pour les précipitations, je n’ai qu’une couverture quasi-globale, et une
partie de I'hémisphere nord est manquante. Deuxiemement, étant donné que j'utilise
une projection de Mercator pour les données incluses afin de suivre les standards de
cartographie, cela peut entrainer des distorsions dans les fonctions non linéaires en
fonction de la distance a I’équateur, ce que les lecteurs sont invités a prendre en compte.
Pour plusieurs des 17 aléas mentionnés, des valeurs d’intensité sont disponibles, cepen-
dant, pour certains aléas, seules des variables binaires ou des variables de comptage
sont incluses. Contrairement aux études précédentes, pour les dimensions les plus
importantes, telles que la sécheresse, les vagues de chaleur, la température, les pré-

cipitations et la pollution de l’air, je m’abstiens d’imposer un seuil, lorsque cela est
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possible, afin de permettre aux chercheurs de choisir leur propre intensité respec-
tive. Cela doit permettre une meilleure calibration des fonctions de dommages des
résultats économiques en fonction de l'intensité de 'aléa. L'objectif principal de cet
ensemble de données est de faciliter 1’accés a des données qui exigent généralement
de nombreuses compétences en programmation pour étre converties en un format de
recherche utilisable en sciences sociales. Il fournit de meilleures informations sur la
distribution mondiale des événements extrémes sur deux décennies et doit aider les
chercheurs a étudier 'impact des événements connectés ou cumulatifs sur les résultats

économiques.

Comme les chercheurs en sciences sociales peuvent s’intéresser aux résultats économiques,
j'ajoute également un ensemble d’indicateurs socio-économiques précompilés afin de
faciliter 'utilisation des données. Cela inclut les lumieres nocturnes, la population,
des informations sur la part des infrastructures critiques et les données d’utilisation
des sols. Ce chapitre contribue donc a la littérature en fournissant aux chercheurs un
ensemble de données supplémentaire, facile a utiliser pour I’étude, venant compléter
les ensembles de données préexistants. Les données sont validées par rapport aux
données des stations météorologiques et par rapport a la base de données EM-DAT et
fournissent une qualité de correspondance suffisante. Le plan futur inclut 'offre du
code complet de réplication exécutable sous la forme d"un package Python afin de per-
mettre aux chercheurs d’incorporer des catégories d’aléas supplémentaires encore non

couvertes.

Chapitre 3

Le troisieme chapitre integre le nouveau jeu de données du chapitre 2 et revisite la
littérature bien établie sur les changements de population et la migration en Afrique.
La plupart de ces articles se concentrent soit au niveau des ménages, soit sur les effets
de la migration internationale en utilisant des estimations de migration au niveau na-
tional (Cattaneo, Beine, et al., 2019). Cet article recentre 1’analyse sur une perspective
macroéconomique et évite ainsi d’attribuer 1’effet observé uniquement a la migration.
Contrairement a la littérature a laquelle cet article est opposé, cet article ne se con-
centre pas sur un ou deux événements extrémes, mais prend en compte, en accord
avec l'objectif de cette these, neuf aléas communs a travers I’Afrique subsaharienne.
L’article répond a la question de savoir comment ces événements extrémes influencent

le changement net de population dans le contexte du continent. La variable de résultat
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d’intérét est le changement net de population entre 2000 et 2019 provenant de Niva
et al. (2023) et mesure les changements nets de population interpolés sur une base an-
nuelle et a travers 3863 districts en Afrique. Je m’abstiens d’appeler les changements
de population "migration" méme si une grande partie du changement net de popula-
tion est probablement entrainée par des tendances migratoires. Les données sur les
événements extrémes sont basées sur le deuxieme chapitre de cette these. J'inclus des
informations sur les événements extrémes concernant les anomalies de température,
les chocs de précipitations, les vagues de chaleur, les sécheresses, les tempétes, les
inondations, la gréle, les incendies de forét et les invasions de criquets. Tous ont été
sélectionnés car ils affectent soit 1’agriculture soit pourraient avoir d’autres impacts di-
rects sur les moyens de subsistance des populations. Un probléme clé est que les don-
nées dérivées du chapitre 2 utilisent principalement des intensités, mais certains aléas
ne disposent que de variables indicatrices binaires ou de variables catégorielles. De
plus, elles sont disponibles a une résolution de 10 km pour chaque mois. Le résultat,
en revanche, a une résolution annuelle au niveau des districts. Ainsi, comme men-
tionné précédemment, je convertis les intensités en variables binaires en appliquant
des seuils spécifiques a chaque lieu qui tiennent compte des tendances historiques,
chaque fois que cela est possible. Pour certains aléas, nous nous basons sur des seuils
issus de la littérature. En complément, nous appliquons un seuil de surface pour tenir
compte de I'exposition intra-district. Autrement dit, un district n’est considéré comme
traité que si une proportion minimale de sa superficie a été affectée par un choc clima-
tique. Ensuite, ces indicateurs binaires mensuels au niveau des districts sont agrégés

et additionnés a un niveau annuel.

L’article étudie les effets de ces événements extrémes sur le changement net de popu-
lation en Afrique. L'analyse est ensuite décomposés en deux parties. Premiérement,
je suis une approche plus standard de la question en examinant quels sont les effets
des événements extrémes individuels sur le changement net de population. J'utilise
ici de maniere simplifiée une variable muette binaire de traitement qui indique si un
aléa spécifique a été observé dans le district ou non. En revanche, contrairement a la
littérature précédente, je prends en compte les aléas simultanés, c’est-a-dire la présence
d’autres événements extrémes se produisant au méme moment, afin d’éviter que I'effet
observé ne soit attribuable a des facteurs non observés. Ensuite, dans la deuxieme par-
tie, je divise la variable de traitement des aléas en trois régimes de traitement différents.
Un événement enregistré au cours de I'année peut appartenir a I'un des trois régimes

suivants : un événement simple est défini lorsque seul un type d’aléa est enregistré au
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cours d'une année donnée. Un exemple serait une inondation unique qui affecte un
district en 2005. Le deuxieme type concerne les soi-disant événements cumulatifs. Ces
événements font référence a une situation ot le type d’aléa se produit plus d"une fois
au cours d'une année. Un exemple serait des tempétes tropicales qui surviennent deux
fois au cours d’une année, mais a des mois différents, affectant le méme district en rai-
son de déplacements de la zone de convergence intertropicale. Le troisieme type est
un type nouveau basé sur la littérature en sciences climatiques et appelé événements
composés. Un événement composé est défini dans cet article comme un chevauche-
ment temporel de deux types d’événements dans les mémes mois au sein du méme
district. Un exemple serait une vague de chaleur documentée dans un district qui en-
traine une évaporation d’air chaud, laquelle provoque a son tour de la convection et
des précipitations excessives causant une inondation dans ce district. Je discute en dé-
tail dans l’annexe de 1’article la maniere dont cet événement est construit et quelles
en sont les limites. J'inclus ainsi dans la version finale les interactions temporellement
superposées des 38 combinaisons différentes. Comme cela pourrait entrainer des prob-
lemes de multicolinéarité imparfaite, je mene plusieurs tests de robustesse, y compris
un modele PDS-Lasso, afin de valider que mes résultats de référence ne sont pas bi-
aisés. Les deux parties, la premiere et la seconde, reposent largement sur un modele
de panel avec effets fixes pour le district, I'année et la région continentale par année.
Les tests de robustesse sont principalement effectués sur la premiere partie de l’article
et je ne décris que les tendances des effets les plus significatifs dans la deuxieme partie,
compte tenu du nombre de coefficients. Dans le paragraphe suivant, je vais décrire ce

que nous trouvons dans ce chapitre.

Initialement, dans le scénario de référence, en se concentrant sur les aléas uniques
avec une variable muette annuelle par aléa, je constate que les inondations, en par-
ticulier, réduisent le changement net de population, entrainant notamment une émi-
gration. La gréle, en revanche, tend a augmenter I'immigration. Les résultats sont
relativement robustes selon la spécification, bien que certains effets soient masqués en
raison de l'inclusion des effets fixes région continentale-année. Ensuite, en passant a
la deuxieme partie de l’article, le premier résultat principal est présenté. Alors que de
nombreux coefficients d’aléas individuels sont non significatifs, la prise en compte des
paires d’interaction d’événements extrémes permet d’obtenir une image fondamen-
talement plus riche des effets des événements extrémes. De nombreux aléas aupara-
vant non significatifs deviennent des facteurs significatifs de changement de popula-

tion, notamment en combinaison avec d’autres événements. Pour certains, notamment
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les inondations et les sécheresses, 1’accumulation du méme événement au cours de
I'année conduit également a des réponses plus fortes. Ainsi, les modéles simples ne
tenant compte que des traitements binaires risquent de ne pas capturer adéquatement
la complexité des impacts des événements extrémes. Les chercheurs devraient plutot

considérer les paires d’aléas individuelles comme des « nouveaux » événements.

Deuxiémement, de maniére similaire aux études de cette littérature, I’article teste une
hétérogénéité potentielle ainsi que les mécanismes qui pourraient expliquer les effets
documentés. La plupart des effets précédemment documentés sont observés dans
des districts plus ruraux, plus pauvres et plus vulnérables au climat. Les person-
nes dans ces districts pourraient ne pas avoir d’alternative autre que de migrer en
raison du manque d’options, ou bien de s’abstenir de migrer si les ressources finan-
cieres suffisantes ne sont pas présentes au sein du ménage. En outre, je documente
que certaines combinaisons d’aléas ont des effets marqués sur les indices de sécurité
alimentaire ainsi que sur la santé et la production des cultures. Toutefois, il existe une
grande hétérogénéité. Par exemple, je constate que la réponse des aléas sur le mais
est généralement plus faible que sur le manioc, ce qui révele que, au-dela de la simple
présence de 1’aléa, la composition des cultures d"une zone pourrait également jouer un
role dans la réponse a un choc. Je constate que les sécheresses et les événements liés a
la chaleur semblent particuliérement étre des facteurs majeurs de pertes en production
agricole.

Troisiemement, les tests de robustesse de cet article révelent que la méthodologie pro-
posée souffre en partie de biais liés a des non-linéarités cachées, a des effets de traite-
ment dynamiques ainsi qu’a des effets de débordement spatial. Cela révele ainsi une
complexité structurelle plus profonde de la maniere dont les événements extrémes
affectent les résultats socioéconomiques. De nombreux articles dans la littérature se
concentrent soit sur les effets de traitement dynamiques de chocs singuliers, soit sur
des modeles permettant des effets non linéaires des aléas. Cependant, ne pas tenir
compte des trois types de biais potentiels risque de produire des résultats erronés. En
outre, comme mentionné précédemment, il peut étre pertinent de tenir compte de la
présence d’autres aléas et d’étre prudent avant d’attribuer directement une causalité
aux effets observés. Par conséquent, ce chapitre de la thése contribue a la littérature en
tenant compte activement des types d’interactions d’aléas au cours de I’année, en re-
visitant les mécanismes potentiels qui peuvent expliquer pourquoi les événements ex-
trémes influencent les changements de population, et en soulignant les risques que les

chercheurs doivent considérer lorsqu’ils s’appuient sur des variables muettes d’aléas.
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Chapitre 4

Le dernier chapitre ne s’intéresse plus a la population rurale mais examine les effets
des aléas sur les destinations potentielles des populations déplacées, en particulier les
zones urbaines. L'article s’interroge ainsi sur les effets a court terme de quatre des
phénomeénes météorologiques les plus courants. Nous passons ici d'une qualification
d’événements extrémes a celle de chocs météorologiques spécifiques, afin de souligner
la dimension temporelle plutot breve de leur impact et I'intensité de celui-ci, influencée
par les conditions météorologiques locales. Les chocs météorologiques considérés sont
les inondations, les vagues de chaleur, les tempétes et les sécheresses, en raison de
leur forte probabilité d’étre affectés par le changement climatique. LLa question de
recherche qui en découle porte donc sur les effets a court terme que ces quatre aléas
exercent sur I’expansion urbaine horizontale physique® dans un échantillon de 5 721
villes d’Afrique subsaharienne. L'expansion urbaine horizontale physique se concen-
tre notamment sur la croissance spatiale des villes, plutét que sur leur croissance en
hauteur ou en densité. Les études antérieures se sont généralement penchées sur la di-
mension d'impact de certains aléas, le plus souvent sur la maniére dont les sécheresses
ou les anomalies de précipitations influencent les tendances a 1'urbanisation. Cepen-
dant, en accord avec cette thése, j'ajoute les chocs simultanément afin de capter les
effets de contagion par d’autres événements extrémes. De plus, au lieu de considérer
les aléas de maniere individuelle ou binaire, ceux-ci sont ici ajoutés comme somme
totale des chocs. Les chocs sont définis, comme dans le deuxiéme article, comme des
séquences consécutives de mois durant lesquelles des seuils prédéfinis sont dépassés,
ces seuils étant établis sur des bases historiques. Le modele final comporte ainsi quatre
variables cumulées, représentant le nombre de chocs de chaque type d’aléa. Ensuite,
japplique un modele de panel sur 20 ans, en contrdlant les effets fixes de la ville, de
I'année, et de la région continentale par année. Les effets fixes région-années visent
a prendre en compte les conditions atmosphériques a grande échelle pouvant influ-
encer la probabilité de survenue des aléas. Un exemple notable serait 1'Oscillation de
Madden-Julian, qui pourrait influencer les régimes de précipitations régionales. Le ré-
sultat d'intérét est une mesure appelée « surface imperméable ». En bref, elle mesure
la surface d'une ville recouverte de béton. Cela a deux implications majeures pour

cette étude : cela entrave souvent I’écoulement de I'eau, augmentant ainsi le risque

¢ L’expansion urbaine horizontale physique désigne 1'extension spatiale du bati et du infrastructure
en périphérie des villes, en opposition a la densification verticale ou a la réhabilitation du tissu urbain
existant.

299



Résumé de la theése

d’inondation, et cela réfléchit la chaleur, contribuant ainsi aux vagues de chaleur en
milieu urbain. Ainsi, au-dela de son intérét pratique, il s’agit d’un indicateur impor-
tant de croissance urbaine durable. Ces données sont disponibles a une résolution an-
nuelle de 30 metres et sont converties en superficie totale avec surfaces imperméables
dans les limites urbaines fixées de 2020, c’est-a-dire a la fin de la période étudiée. Pour
valider ces données, elles sont croisées avec d’autres mesures courantes de 1’'expansion

urbaine.

En combinant les points précédents — a savoir la somme des quatre aléas, le mod-
ele de régression en panel avec effets fixes régionaux, et la mesure d’expansion ur-
baine — que révele l'article ? Je trouve des effets forts et persistants des inondations,
qui réduisent 1’expansion urbaine entre 3 et 9%. Les autres aléas montrent a peine
des effets significatifs. Les sécheresses semblent légerement accélérer 1’expansion ur-
baine, mais les effets ne sont que faiblement significatifs. Une analyse plus approfondie
révele que les effets des inondations concernent notamment les villes plus pauvres et
plus rurales d’Afrique de 1'Ouest. Contrairement aux études précédentes, je ne con-
state pas que seules les villes primaires des pays croissent ; une grande partie des
effets de croissance se concentre en réalité dans des villes de taille moyenne. Etant
donné I'ampleur des effets significatifs des inondations, une attention particuliére est
accordée aux types d'inondations susceptibles d’en étre la cause. En m’appuyant sur
des données d’anomalies des débits fluviaux et des précipitations, je conclus que les
inondations pluviales — donc provoquées par la pluie — sont probablement le princi-

pal facteur conduisant a une réduction de la croissance urbaine.

Ensuite, je propose trois extensions au modele de base : premiérement — et il s’agit
de l'extension principale — j'introduis des interactions entre les quatre aléas, confor-
mément a 1'idée de la combinaison des risques (« hazard compounding »). Au lieu
de me limiter aux interactions ou chevauchements de deux aléas survenant le méme
mois, j’examine également si ’ordre des événements joue un role. Je constate, entre
autres, que les vagues de chaleur précédant des inondations semblent avoir un effet
significatif sur ’expansion urbaine. Les vagues de chaleur, prises isolément, ont peu
d’effet. En les intéragissant avec les innondations, on observe, cependant, davantage
d’effets. Les tempétes, individuellement, montrent des effets faibles, probablement
parce qu’elles n’affectent qu’une petite fraction des villes africaines situées sur la cote
est. Bien que des effets positifs significatifs sur la croissance soient observés pour les
villes plus riches, la faible taille de 1’échantillon de villes concernées exige une certaine
prudence quant a la généralisation des résultats. Des effets faibles sont également iden-
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tifiés pour les interactions tempéte-inondation, une combinaison fréquente a la suite de

tempétes tropicales.

Ensuite, j’examine si les effets varient selon que 1’analyse soit menée a 1'échelle de la
ville (en intensité) ou a celle du bassin versant urbain (en extension). J’explore ici si les
effets changent en fonction de la superficie environnante affectée. Cela semble étre le
cas pour les sécheresses. Les sécheresses au niveau de la ville ont peu d’importance.
Toutefois, lorsqu’on considére la zone de captation urbaine, les sécheresses entrainent
une accélération significative de la croissance urbaine d’environ 3%. Ce résultat est

cohérent avec la littérature existante.

Troisiemement et pour finir, la plupart des articles sur I'expansion urbaine ne prennent
pas en compte 1'historique des aléas. Pour contribuer a cette littérature, je m’appuie
sur un estimateur d’événement récent proposé par Imai, Kim, and Wang (2023) et je
I'applique a I’analyse. En substance, cet estimateur suit la logique des études d’événement
et construit des groupes de controle a partir d'un ensemble de variables de controle et
d’historiques de traitement similaires. En appliquant cet estimateur, je découvre que si
les sécheresses semblent initialement accélérer I’expansion urbaine, la prise en compte
de I'historique des sécheresses inverse cet effet : une sécheresse supplémentaire con-
duit alors a une réduction de la croissance urbaine.

Face a tous ces effets sur la croissance urbaine, l’article discute également de la ques-
tion suivante : une réduction de 'expansion urbaine doit-elle étre considérée comme
un résultat positif ? En soi, la croissance urbaine est neutre : elle peut permettre aux
villes de mieux s’adapter aux événements. Mais si elle conduit a des installations in-
formelles, elle peut aussi exposer davantage de personnes aux risques climatiques.
Ainsi, les effets négatifs des inondations sur la croissance s’accompagnent d’une in-
tensification de la population urbaine, d'une augmentation des quartiers informels, et
d’une plus grande part de la population locale exposée au risque d’inondation futur.
Je documente également une probabilité accrue de troubles violents a la suite de tels
événements. La réduction de I'expansion urbaine est donc liée a des conséquences

indésirables.

En conclusion, ce chapitre complete la littérature existante en montrant, comme le
chapitre 3, que certaines combinaisons d’événements peuvent expliquer une partie des
effets observés initialement. Les effets des chocs météorologiques sur 1’expansion ur-
baine dépendent du fait que les chercheurs tiennent compte ou non de I'historique
des traitements, de 1’échelle spatiale considérée et des interactions entre les différents
chocs météorologiques. D’un point de vue politique, ce chapitre met en évidence que
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les inondations semblent exercer une pression accrue sur les villes les plus pauvres,
qui connaissent une croissance plus importante des quartiers informels et une possible
détérioration des conditions de vie. De maniére générale, I’article s’inscrit pleinement
dans l'objectif de la these, qui vise a mieux comprendre les effets des événements com-
posés dans les pays en développement ainsi que les défis empiriques que posent ce

type d’études.

Conclusion

Ensemble, ces quatre chapitres analysent la complexité que les événements extrémes
imposent aux résultats économiques. Ils mettent en évidence deux défis majeurs :
la difficulté de modéliser de tels événements et la complexité des mécanismes sous-
jacents—en particulier dans les pays a revenu faible et intermédiaire. Cette these ap-
porte trois contributions principales a la littérature en économie du développement.
Premierement, elle introduit un nouveau jeu de données accessible, permettant aux
chercheurs—en particulier ceux moins familiers avec la géoscience ou la télédétec-
tion—d’étudier les événements extrémes, en mettant 1’accent sur les environnements
multirisques. Deuxiemement, elle offre de nouvelles perspectives sur 'impact des
événements composés (définis comme des événements de types différents survenant
au cours d'un méme mois) et cumulatifs sur 1’évolution de la population et 'urbanisation.
Ces résultats suggerent que les effets couramment observés peuvent étre largement in-
fluencés par les interactions composées des événements extrémes. Troisiemement, la
thése cherche a combler un fossé interdisciplinaire entre les sciences climatiques et
I"économie en appliquant des modeles économiques empiriques a des données issues
de la météorologie, des sciences du climat et de la géographie.

Les résultats empiriques confirment ces observations. Le chapitre 1 montre que les
aléas ne se limitent pas a détruire les infrastructures physiques ou a mettre en dan-
ger les populations affectées, mais qu’ils exercent également des effets systémiques
plus larges—perturbant les chaines d’approvisionnement et se répercutant sur les ré-
gions voisines. Cela est illustré a travers le cas des flux d’investissements étrangers
en Indonésie. Les chapitres 3 et 4 déplacent I'analyse géographique vers 1’Afrique,
révélant que les régions rurales, vulnérables et pauvres subissent des impacts démo-
graphiques significatifs a la suite d’événements composés. Les zones urbaines, quant
a elles, présentent des trajectoires de croissance plus lentes, en particulier apres des in-
teractions entre inondations et vagues de chaleur. Toutefois, les deux chapitres soulig-
nent également une hétérogénéité importante des effets observés, influencée par des
facteurs tels que le type d’aléa, la richesse régionale, I’échelle spatiale et la dimension
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spécifique de I'impact étudiée.

Bien que le jeu de données et les stratégies empiriques développés dans cette these
visent a améliorer notre compréhension des conséquences économiques des événe-
ments extrémes, ils présentent plusieurs limites. Premierement, comme discuté a divers
endroits de la these, tous les chapitres s’efforcent de contrdler autant que possible
les menaces pesant sur 1'identification. Toutefois, les modeles empiriques présentés
ne reflétent pas une relation parfaitement causale. Identifier des effets causaux dans
un contexte de chocs qui se chevauchent, d’interdépendance spatiale et de réponses
dynamiques différées constitue un défi complexe. Par exemple, estimer 1’effet causal
d’événements composés sur la migration requiert une compréhension des dimensions
par lesquelles les deux événements extrémes affectent la migration, ainsi que de leur re-
lation temporelle, spatiale et en termes d’intensité-impact. Cela exclut déja la question
de 'adaptation, ot différents individus ou communautés peuvent réagir de maniere
différenciée en fonction de leur histoire d’exposition ou de l'apprentissage par les
réseaux sociaux. Tous ces facteurs rendent difficile une identification propre et stricte-

ment causale.

Deuxiemement, la theése n’aborde pas completement I'adaptation comportementale ou
la réponse institutionnelle aux événements extrémes et au changement climatique.
Alors qu’elle se concentre sur les impacts de ces événements sur les communautés
et les entreprises en général, elle n’aborde pas la maniere dont les individus, les en-
treprises ou les gouvernements peuvent s’adapter et ainsi atténuer certains des effets
négatifs. Il omet ainsi un facteur clé susceptible d’influencer la réponse aux chocs, en
particulier dans les pays a revenu faible ou intermédiaire ot les capacités d’adaptation

peuvent varier considérablement.

Troisiemement, bien que la thése introduise un nouveau jeu de données maillé per-
mettant I'étude des événements multirisques, celui-ci demeure limité. Il ne contient
ni rapports de dommages ni d’autres indicateurs potentiellement pertinents pour les
décideurs publics. S’il est facile de le relier a des données agrégées au niveau national,
aucun schéma n’est fourni pour expliciter cette procédure. De plus, avec une résolution
spatiale de 10 km et une résolution temporelle mensuelle, le jeu de données manque

de la précision nécessaire pour certains types d’analyses.

Quatriemement, bien que l'accent géographique mis sur I’Afrique subsaharienne et
I'Indonésie soit justifié, il limite la validité externe de la these. Les résultats sont influ-
encés par les aléas dominants dans ces régions, mais d’autres zones du monde peuvent

étre exposées a des compositions d’événements extrémes tres différentes. Ainsi, cer-
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taines conclusions pourraient ne pas étre généralisables a I’échelle mondiale. Par exem-
ple, les économies a revenu élevé pourraient présenter des dynamiques d’urbanisation
différentes en réponse aux événements extrémes, notamment en raison de systemes

d’assurance plus largement disponibles.

Enfin, la thése ne traite pas directement de I’évolution de la fréquence et de 'intensité
des événements étudiés. Ceux-ci sont considérés tels quels, bien que le changement
climatique exerce une influence déterminante sur la distribution des événements ex-

trémes, non seulement sur leur fréquence mais aussi sur leur interconnexion.

Cette these ne fait qu’effleurer la surface des effets des événements extrémes, en par-
ticulier lorsqu’ils sont interconnectés. Des questions fondamentales demeurent : Ou

les événements composés et cumulatifs surviennent-ils le plus fréquemment ? Quelles
sont leurs conséquences socioéconomiques ? Sur quelles temporalités leurs effets persistent-
ils, et par quels canaux se propagent-ils ? Par ailleurs, une définition plus rigoureuse et
cohérente des événements composés est nécessaire afin d’aligner les approches théoriques

et empiriques en modélisation économique.

Bien qu'il soit difficile de capturer pleinement la complexité des systemes météorologiques
et climatiques—en particulier en ce qui concerne les événements extrémes et leurs im-
pacts économiques—il est essentiel que les recommandations politiques fondées sur
des données probantes reflétent la réalité aussi fidelement que possible. Dans le cas
contraire, nous risquons de concevoir des politiques inadéquates qui, dans le pire des
cas, pourraient entrainer une mauvaise allocation des ressources nécessaires et exposer

les populations et les acteurs économiques a des risques évitables.

Dans ce contexte, la collaboration interdisciplinaire est cruciale pour favoriser I’échange
d’idées et de perspectives. Bien que cette these tente de contribuer a une meilleure
compréhension des effets économiques des événements extrémes, notamment dans les
pays du Sud global, I’avenir offre des perspectives de recherche encore plus promet-
teuses. Comprendre comment les communautés et les sociétés réagissent a la menace
croissante des événements extrémes—qu’ils soient interconnectés ou isolés—n’est pas
qu'un enjeu académique. C’est une condition centrale pour atteindre un développe-
ment équitable et durable au XXIeme siecle. Reste a savoir si ce sujet recevra 'attention

qu’il mérite véritablement.
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