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ABSTRACT

The economic impact of dry and wet spells is increasingly investigated, also relative to anthropogenic climate
change. Combining high-resolution wealth estimates1 and long-run (1901-2018) hydrological records2 for nearly
one million settlements , here we empirically estimate the long-run welfare impact of hydrological events in
sub-Saharan Africa (SSA). To achieve causal identification, we adopt a generalised propensity score approach
allowing for continuous longitudinal treatments. Our results suggest that hydrological events played a long-lasting
impact in shaping the current wealth distribution patterns in SSA. While even moderate dry spells diminished
wealth (on average -$110 in the local per-capita GDP for each additional dry month), only extreme wet spells show
a significant impact, but this is significantly harsher (-$387). We examine the temporal variability of estimates and
discuss the significance of adaptive capacity. Our findings support the consideration of adaptation investment to
mitigate future impacts and an exacerbation of existing inequalities.
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Introduction
The role of climate and climate extreme events in shaping the current distribution of wealth across and within
countries is a long-debated topic3–7. The issue has become even more relevant in the context of estimating
the current and future economic impact of anthropogenic climate change8, 9. This research strand has generally
exploited empirically estimated parametric damage functions which link temperature and other climate factors with
macroeconomic outcomes10–13. Other ex-post climate impact evaluation studies have focused on specific sectors,
such as agriculture14, 15 or labour productivity16, 17.

Yet, most empirical evaluations connecting climate and economic outcomes have been carried out at large
levels of aggregation such as at the country level4, 18, or across sub-national administrative units19. While useful to
understand global cross-country and regional dynamics, these assessments however hide inequalities and smooth
out the local determinants of the observed levels and distribution of wealth. These local factors include climate
indicators, but also specific geographic, socio-demographic, and institutional factors.

Building on novel non-conventional wealth estimates1, long-run historical climate20 and hydrological events
(dry and wet spells)2 records, and a broad set of socio-demographic, geographic, natural resource, environmental and
institutional covariates, here we estimate the long-run welfare impact of drought and flood events incidence measured
through the Standardised Precipitation Evapotranspiration Index (SPEI) in the period 1901-2018 in sub-Saharan



Africa. Our analysis benefits from a high spatial high-resolution (2.4 km) covering a large number of settled locations
(n=911,430) across 42 countries of sub-Saharan Africa.

In our study, treatment variables are defined as the count of moderate (SPEI � 1.5) and extreme (SPEI � 2) dry
or wet spells (see Materials and Methods) over four periods: 1901-1928, 1929-1958, 1959-1988, and 1989-2018.
The use of such time windows allows for instance to differentiate the impact of early 20th century climate from that
of more recent decades. Nonetheless, the approach is still suitable to estimate the cumulative treatment effect over
the four treatment periods of interest. A detailed visualisation of the density distribution of the dry and wet moderate
and extreme events in the time period under analysis is found in Figures SI-1 - SI-3.

In addition, to offer a visual representation of the distribution and spatial heterogeneity in the data, Figure 1
illustrates the two wealth outcome variables (the RWI, Relative Wealth Index, and the AWE, Absolute Wealth
Estimate; see Materials and Methods) and two of the four treatment variables (the counts of moderate dry and wet
spell months, see Materials and Methods for details) considered in this study.
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Figure 1. (A) Spatial distribution of the relative wealth index (RWI) in sub-Saharan Africa1; (B) Ridgeline plot for
the within and across country distribution of the Absolute Wealth Estimate (AWE, see Materials and Methods for
calculation detail). The colour fill mirrors the national Gini index; (C,D) Maps of the cumulative count of months
classified as wet and dry spells (SPEI � 1.5,2) respectively, in the 1901-2018 period.

The econometric identification strategy adopted is schematically represented in the framework of Figure 2.
Namely, to ensure a causal identification of the welfare impact of hydrological events, we adopt a generalised
propensity score (GPS) matching approach21, 22 within a marginal structural model for time-varying treatments23

(see Materials and Methods for a detailed description of the methodology and of the underlying data). Weights are
used to balance a broad set of socio-demographic, geographic, natural resource, environmental and institutional
covariates and dealing with potential confounding factors in the relation between wealth and hydrological events
incidence. The goal of the procedure is to generate appropriate balancing weights that ensure independence between
the treatment variables and the set of covariates.
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Figure 2. Framework for the identification strategy adopted in this paper. Y is the outcome. Z represents a set of
time invariant covariates (or baseline covariates). D is a set of exposures at different points in time (1=1901 - 1928,
2=1929 - 1958, 3=1959 - 1988, 4=1989 - 2018). X represent the set of time variant covariates that affect the
exposure and the outcome. We use a marginal structural model for time-varying treatments to take in account the
temporal order of exposure and confounders (both time variant and time invariant). Note: Y: wealth micro-data24; D:
SPEI events counts2 (see Materials and Methods); (X,Z): time variant and time invariant covariates (see Data section
in the Materials and Methods for a detailed account); w: GPS weights.

Materials and Methods

Data
The key outcome variable of the analysis is based on novel satellite-based and survey-validated wealth micro-data24.
The non-conventional wealth data come with a resolution of 2.4 km, covering 42 countries for a total of 911,430
settlements. Convolutional neuronal networks (CNN) are used to train a model with several satellite data products
and produce estimates for unsurveyed settlements. The publicly available data product includes the Relative Wealth
Index (RWI) variable. This index is calculated taking the first principal component of the answers from a standardized
set of questions about assets and housing characteristics derived from DHS surveys24, 25. To derive an outcome
variable in monetary units, we convert this RWI into an Absolute Wealth Estimate (AWE), as discussed in the
Absolute Wealth Estimate calculation section below. Treatment variables and covariates are then extracted within
the same areal unit of each settlement in the wealth estimate dataset.

Our treatment of interest is given by counts of hydrological events over four time windows of about thirty
years each, i.e. 1901-1928, 1929-1958, 1959-1988, and 1989-2018. We adopt the Standardized Precipitation
Evapotranspiration Index (SPEI) obtained from the global SPEI Database (https://spei.csic.es/spei_
database). In the context of our analysis we consider the monthly SPEI at a time-scale of 24 months (SPEI-24),
namely accounting for the accumulated (rolling) deficit/oversupply over the previous two year at each month. As
discussed in the literature26, a SPEI time-scale of 24 months is deemed the most appropriate for evaluations of the
socio-economic consequences of hydrological events like droughts and floods.

In addition, we control for average local climate conditions by processing precipitation, temperature and wetness
time-series from the CRU TS v. 4.05 database20. The average climate conditions are extracted for the same time
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windows of the SPEI treatment variables to account for changing climate normals over the periods in question.
Population count and degree of urbanisation (DoU) data are drawn from the Global Human Settlement Layer

products suite27, 28, produced by the European Commission Joint Research Center. We refer to the 2019 revision
of the two data products. We convert the categorical degree of urbanisation data into a binary urban-rural mask,
considering DoU values >=20 as urban grid cells. We retrieve the simplemaps World Cities Database https://
simplemaps.com/data/world-cities and use cost-based accessibility algorithms offered by the accCost
function in the gdistance R package in combination with recent motorised transport friction layers29 to estimate the
average travel time to the nearest city from each grid cell.

In addition, we calculate the Malaria Stability Index30 at each location, as well as the prevalent agro-ecological
zone31, and the proportion of area which is covered by cropland and forests, respectively32.

We also consider the PRIO-GRID 2.0 database33 to process a number of additional spatially-explicit covariates,
including the distance to the capital city, the distance to the nearest country and the distance from the own boundaries,
as well as the local availability of diamonds, gold, petroleum or gems.

Finally, we process information about altitude from the GTOPO30 global digital elevation model34, based on
which we also estimate the slope in Google Earth Engine.

When it comes to country-level covariates, we extract the most recent available statistics from the World
Bank Data (https://data.worldbank.org/) for each country on the country urbanisation level, land area,
hectares of agricultural land per capita, electricity access level, the rate of kids enrolment in primary schools, the
amount of renewable freshwater resources per capita, the ease of doing business index, the average time to start a
business, the index of institutional quality in the public sector management, the index of social inclusion policies,
the index of legal rights strengths, the GDP share of energy imports and fuel and ores and metals exports.

SPEI index processing
In our study, treatment variables are defined as the count of dry or wet spell events (see Materials and Methods) over
four periods: 1901-1928, 1929-1958, 1959-1988, and 1989-2018.

For each time window we define four variables:

• Two variables for the count of months where the SPEI index is� 1.5, defined as moderate hydrological events;
positive values of the SPEI index denote wet spells, while negative values refer to dry spells.

• Two variables for the count of months where the SPEI index is � 2, defined as extreme hydrological events.

Thus, extreme events are defined as a subset of the count of moderate events. Figures SI-1-SI-3 in the SI
Appendix show the density distributions of the values of these treatment variables for each of the four time windows
considered.

Absolute Wealth Estimate calculation
As discussed above, the non-conventional wealth data considered come as a RWI based on assets and housing
characteristics derived from DHS surveys. The main disadvantage of the RWI is that the values at each settlement
i express the wealth level relative to other settlements in the same country c, making it not directly usable for
cross-country analysis.

Following the Materials and Methods described in24 itself, we use the approach of35 to estimate the absolute
wealth of households (AWE) based on the rank of the RWI and the assumed shape of the distribution of wealth among
a national population. Our AWE is a measure of the average per-capita GDP (in 2011 PPP USD) of households
located in each settlement contained in the orignal RWI data, and it is comparable across countries.

In particular, to estimate the AWE a log-normal distribution is parametrised with mc = log(gdpcapitac)� sd2

=2

and sdc =
p

2� probit(ginic+1
=2 ) where c is each country, while gini and gdpcapita are the Gini index and the PPP

per-capita GDP (2011 USD) for the most recent year available in the World Bank database36.
The distribution of the RWI and AWE variables in each country is mapped in Figure SI-5 in the SI Appendix.
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Identi�cation strategy: covariates balancing at the settlement level
We frame the estimation of the joint causal effect of each treatment period on the two measures of wealth as a
marginal structural model for time-varying treatments23. First, we estimate the General Propensity Score (GPS)
balance weights at each treatment period following21, using the rich set of time-invariant covariates and any other
time-varying covariate from the current and the previous periods discussed in the Data section above.

The goal is to balance all the variables measured prior to a given treatment time point, accounting for all previous
treatments. Then, we generate a single set of weights as the product of each period's weights. The GPS can be
estimated using GLM regression or a non-parametric model1 The estimated coef�cients and residual variance are
used to de�ne the density function of the conditional distribution of the treatment variable.

We use the following mathematical notation: letN denote the study sample size andJ the number of periods
considered. For each uniti 2 f 1; :::;Ng at each periodj 2 f 1; :::;Jg, let Zi denote a set of time-invariant variables,
Xi j the set of time-variant variables,Di j denote the observed exposure for uniti at time j, Yi denotes the observed
outcome for uniti; andYi j (w) denote the counterfactual outcome for uniti at the exposure leveld. fDi j jXi j;Zi(djx;z),
denote the general assignment mechanism de�ned as the conditional density of the exposure given the time-variant
and time-invariant covariates at a given time, that is the GPS. To account for the effect of covariates and exposures in
the previous periods (if any) we de�ne a marginal structural model with multiple equations to take in account the
temporal order of exposure and confounders as in Equation 1. The �nal set of weights is the product of all the GPS
PJ

j= 1t.
2.

Di j = 1 = Xi j = 1 + Zi

Di j = 2 = Xi j = 2 + Xi j = 1 + Di j = 1 + Zi

Di j = 3 = Xi j = 3 + Xi j = 2 + Xi j = 1 + Di j = 2 + Di j = 1 + Zi

Di j = 4 = Xi j = 4 + Xi j = 3 + Xi j = 2 + Xi j = 1 + Di j = 3 + Di j = 2 + Di j = 1 + Zi

(1)

We use two model speci�cations for the GPS, namely, GLM and Bayesian Additive Regression Trees (BART)38–40.
We asses the goodness of the generated balancing weights using the Spearman Correlation Coef�cient. The frame-
work is implemented in theWeightItR package41. A similar approach is found in42.

Impacts estimation
To estimate the effects based on the calculated scoring weights, we use the survey-weighted generalized linear model
(svyglm) function from the survey package to �t the model43,44. All statistical analyses were performed using R 4.0
(R Foundation for Statistical Computing, Vienna, Austria).

The model described in Equation 2 is used to estimate the joint causal effect of each treatment periodj on the
two measures of wealth for the two outcome variables of interest (the AWE and the RWI). Observations are weighted
by the corresponding product of the GPS.

AWEi=RWIi = a i +
j= 1

å
J

b j � Di j (2)

Then, to calculate the cumulative impact we sum the individual treatment periods in one single cumulative
exposure following45.

Robustness checks
As a robustness check, we provide alternative model speci�cation for the GPS and for the impact estimation. For the
former we used the Bayesian additive regression trees (BART) algorithm46 as an alternative to GLM and compared

1For an excellent introduction to the Generalised Propensity Score the reader can refer to37.
2We assume the conditional density to be normally distributed, except for the GPS ofdry extreme events, where we used a kernel density

estimation due to the non-generalizable distribution (see �gure SI-2)
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the number of balanced variables. For the latter, we �t a modi�ed BART that features the inclusion of the estimated
GPS (based on GLM) in the full set of covariates47.

Table SI-2, shows how - contrarily to the GLM balancing reported in the Results section - BART does not
achieve full balancing, albeit only on theDry-Extra treatment. For this outcome variable, almost half of the variables
have a correlation higher than 0.05 with the treatment even after the balancing procedure.

Finally, to examine the heterogeneity and robustness of the estimated effects at different levels of treatment
intensity, we classify each of the four treatment variables into deciles and run the same second stage estimation as in
equation 1. Plots SI-6 to SI-9 visually display the average effect at each decile of the treatment variables. The reuslts
are particularly consistent for moderate dry events and extreme wet events, highlighting the detrimental effect of the
number of events on wealth. On the other hand, the number of extreme dry events do not suggest clear signi�cant
effects on the outcome variable, while the number of moderate wet events seems may have a positive effect on the
measure of wealth.

Results

Figure 3 and Table 1 present the results of the balancing procedure via linear regression. Covariates include both
time-variant climate records (moving averages of precipitations, temperature and wetness for the same periods of
the treatment), and current geographic (accessibility, altitude, distance to boundaries, malaria stability, cropland
and forest cover), socio-demographic (population, urbanisation), economic (availability of natural resources) and
institutional quality factors. The results show that the GPS balancing procedure is successful for all treatment
variables considered. Namely, pre-balancing non-zero Spearman correlations are observed between covariates and
the treatments, while - due to the GPS weighting - post-balancing all correlation coef�cients converge to below
0.05. As a robustness check, we also implement the balancing procedure through a Bayesian Additive Regression
Trees (BART) approach, see SI Appendix. Residual concerns - such as the omission of relevant covariates - are
highlighted in the Discussion section. These concerns are however at least partly mitigated by the large number of
covariates included and the large sample size.
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