Too hot to handle? Climate shocks, societal vulnerability and conflict forecasting
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Abstract
As global warming is projected to rise in the following decades, increasing temperature
and more severe and frequent climate extremes have spread concern over the risk of
mounting political instability, particularly in vulnerable regions such as the Middle East
and North Africa (MENA). Yet, existing research has thus far focused mostly on mean
climate conditions, while the effect of climate extremes and their impact over space
and time is poorly understood. This paper presents a systematic, data-driven, conflict
forecasting model based on a comprehensive set of climate extreme indices and a refined
spatio-temporal modelling of climate impacts on conflict risk. Informed by the findings
of empirical studies on climate security and based on the setup provided by the ViEWS
project (Hegre et al., 2021) the model uses 39 climate extreme indices and alternative
spatio-temporal functions, coupled with indicators of socio-economic vulnerability, to
predict the probability of state-based conflict in sub-national locations in Africa and
the Middle East up to 48 months into the future for an out-of-sample test partition.
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Introduction

Climate change is projected to affect the frequency and intensity of weather extremes, such
as heat and cold waves, with increasing economic and social costs, especially in locations
already affected by societal cleavages and political instability (NAS, 2016). The Middle East
and North Africa (MENA) region is and will increasingly be affected by heatwaves, droughts
and aridity conditions under global warming. These natural impacts combined with a lack of
societal resilience in many countries lead to high vulnerabilities in the region, and especially
affect the agricultural sector, of which 70% is rain-fed (Waha et al., 2017). Paired with
the biophysical changes induced by global warming, a growing population that is projected
to double by 2070 risks impairing access to food and water. In turn, deteriorating rural
livelihoods associated with crop failures can trigger rural-urban migration that might alter
the socio-demographic structures in the receiving regions and thus contribute to fuel protests
(Koubi et al., 2021), competition for resources (De Juan, 2015) and further social unrest in
an already unstable political environment (Waha et al., 2017). Understanding how armed
conflict risk will unfold as a result of the direct and indirect impacts of climate extremes is
paramount to designing policy strategies that can help prevent and mitigate the disastrous
effects of violence.
Surprisingly few statistical studies have thus far tested the effects of climate on conflict
specifically in the MENA region, and existing ones invite caution against drawing broad
conclusions regarding climate-conflict links. The lack of solid conclusions in the quantitative
literature is at odds with findings from qualitative studies that highlight the role of climate
extremes, prolonged drought conditions and crop failures as drivers of multiple forms of
violence (e.g. Rubenson, 1991; Lee and Zahar, 1997; Leff, 2009; Selby, 2014).
We argue that one possible explanation behind this lack of solid evidence in the quantitative literature may relate to the operationalization of the independent variable. Existing
studies in fact tends to focus on average climate conditions, such as temperature, precipitation or drought patterns, while overlooking more sudden, rapid-onset climate extremes, as
well as their impacts over space and time. In previous work, we found that spatial heterogeneity in agro-climatic conditions is a strong explanatory factor for conflict onset (Vesco, 2021).
Yet, more research is needed to assess the role that spatial and temporal heterogeneities
of climatic factors may play on conflict dynamics. Neglecting this heterogeneity prevents
scholars to understand whether communities are able to adapt to increasingly frequent and
severe changes in climate, or whether these changes accumulate in ways that make them
more intense and difficult to recover from (De Juan and Wegenast, 2020).
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The present study fills this gap by using a pool of climate extreme indices that are
suitable metrics to capture the heterogeneity of climate impacts over space and time, and
studying how these extremes can affect the risk of state-based armed conflict in the MENA
region. We utilize a pool of 39 climate extreme indices, closely capturing the spatio-temporal
variations of climate extremes, as conflict predictors. Next, we combine these indices with a
set of spatio-temporal functions, including spatial and temporal tree-lags, to appropriately
model the impacts of climate extremes over space and time. Building on the setup of ViEWS
(Hegre et al., 2021), we design, test and evaluate a set of forecasting models that employ
both raw and spatio-temporal lagged climate features as predictors of state-based conflict in
the MENA region.
The study contributes to the quantitative literature on climate security in many regards:
to the best of our knowledge, this paper is the first to test the power of climate indicators as
predictors of conflict risk in the MENA region. Second, we shed light on the effect of climate
extremes, beyond average climate conditions, on the risk of conflict in the MENA region in
the short to medium term, for an out-of-sample test partition. We employ a suite of climate
extreme indices (CEIs) that go much beyond the traditionally used drought indicators such
as SPEI. The combination of CEIs with a refined modelling of their effect over space and
time enables us to fully account for the heterogeneity of climate shocks. The rest of the
paper proceeds as follows: the first section reviews the relevant literature on the effect of
climate on conflict in the MENA region; section 2 presents the main research arguments and
motivations behind this study; next, we illustrate the data and methods applied to forecast
the spatio-temporal effects of climate extremes; the last section presents and discusses the
results.
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Literature Review

Despite an abundance of qualitative studies finding a positive relationship between climaterelated shocks and conflict risk in the MENA region (see Baalen and Mobjörk, 2018), surprisingly little quantitative work has focused explicitly on Middle East and North Africa, and its
findings are mixed. Helman et al., 2020 finds that temperature is non-linearly associated with
non-state conflict, with the risk of violence peaking at about 32, while rainfall is negatively
associated with violence. (Helman and Zaitchik, 2020) finds that for all countries in the Arab
region, both temperature and precipitation changes increase political instability and violent
conflict. A sub-national analysis of Somalia (Maystadt et al., 2014) finds that the intensity
and duration of drought increases the risk of conflict incidence by depressing cattle prices,
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which in turn reduce the opportunity-cost of violence. A study of Sudan and South Sudan
finds temperature shocks, but not precipitation shocks, to increase conflict risk, especially in
areas characterized by pastoral activity that are more likely to experience competition over
water resources.
Other studies do not find any straightforward association between climate-related shocks
and conflict. An analysis of Africa and the Middle East (Sofuoğlu and Ay, 2020) finds anomalously warm years to increase the number of conflict events in areas already experiencing
conflict, particularly for warmer locations, but fails to detect a general relationship between
long-term warming and conflict. One recent study on low-intensity disputes finds that conflicts over water are context-specific and cannot be generally linked to drought (Ide et al.,
2021). The study also finds the climate-conflict relationship to be conditional on pre-existing
social cleavages in the presence of either water cuts or less open political systems. Analyzing
the Mediterranean and North Africa, a recent study finds low groundwater levels to increase
the chance of both conflicting and cooperative events over water, with effects being more pronounced for the Arab region (Döring, 2020). However, neither precipitation nor agricultural
drought are found to affect any violent outcomes.
A nascent literature focusing on long-term shifts in climate (at least 30 years) detects
some conflict-increasing effects of climatic changes, but results vary. A study comparing the
permanent shift in the long rains in Kenya and Ethiopia occurring after 1998 find that areas
experiencing stronger decreases in the long rains saw moderate increases in most measures
of violence for the period 1999-2014, while absolute measures of rainfall contributed little to
predicting conflict (Weezel, 2019). An analysis of the African continent comparing the average
climate in 2003-2017 with conditions in 1988-2002 also find shifts in average temperature to
increase conflict risk, but mainly for areas that already witnessed conflict during the reference
period (Weezel, 2020). Another study of Africa and the Middle East fails to detect a general
relationship between long-term warming and conflict (Helman and Zaitchik, 2020). Studying
the African continent, Breckner and Sunde (2019) also find that an increase in extreme warm
months over time increases the incidence of violent events. Interestingly, when controlling
for increases in extremely warm months, the authors find the effect of temperature changes
to become very small and no longer significant. These findings in particular point to the
importance of studying climate extremes and anomalies, rather than mean conditions, as
potential predictors of conflict.
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Theoretical arguments and motivation

Unlike qualitative research, quantitative studies do not offer conclusive evidence on the effect
of climate-related shocks on conflict risk in the MENA region. A possible explanation might
be found in the inability of studies to properly capture the true underlying climate signal,
particularly with regards to two key dimensions: the extremeness of climate shocks, and
the heterogeneity of their impacts over space and time. Existing studies tend to focus on
average climate conditions and slow-pace changes, such as mean temperature, precipitation
and droughts, while overlooking the impact of climate extremes, as well as how these impacts
transmit over space and time.
While communities might be able to adapt to gradual or slow-onset changes in average
weather conditions, sudden shocks and natural disasters can overburden adaptive capacities
of institutions and populations (Mitra and Vivekananda, 2015). This is especially crucial in
agriculturally dependent areas such as the MENA region, as temperature extremes have a
stronger association with crop yield anomalies than drought or precipitation (Vogel et al.,
2019). Sudden variations in weather such as heatwaves or heavy rainfalls may be more relevant to conflict risks than changes in average climate conditions, as they induce unexpected
shocks that are harder to adapt to. For example, high precipitation fluctuations imply that
provisions need to be put in place to store excess water for dry months, and abrupt changes
in seasonal patterns can significantly impact the availability of water (Konapala et al., 2020).
Particularly in vulnerable states, extreme climate events can damage properties, encourage population displacement, or temporarily disrupt essential services such as transportation,
telecommunications, energy, or water supplies. In turn, hampered access to services, water
and food can enhance political instability (Waha et al., 2017) by fostering competition over
scarce resources (De Juan, 2015), and lowering the opportunity costs of violence.
Institutions might lack the willingness or capability to adequately respond to grievances
fostered by climate shocks and their impacts, and individuals may in turn perceive the
government as responsible for their sufferings. As decision makers are expected to implement
disaster relief measures, their failure to address climate impacts and provide relief can fuel
frustration and grievances (Abbs, 2020). The deterioration of livelihood induced by climate
shocks, coupled with the societal vulnerability characterizing the MENA region, may overall
increase collective incentives to mobilize.
Moreover, as the effect of environmental change is multiplied by the disruption caused
by conflict (Zscheischler et al., 2018), climate extremes can increase societal vulnerability
in affected locations and interact with conflict impacts in a reinforcing feedback. Climate
6

extremes might thus act as catalysts toward spiralling violence in areas where conflicts are
ongoing (Scheffran, 2020) and contribute to escalation (Brzoska and Fröhlich, 2016). Not
surprisingly, some studies have found a slight increase in the risk of occurrence and the
duration of collective violence in the aftermath of disasters (Brzoska and Fröhlich, 2016).
The second dimension of the climate signal that is often neglected by studies relates
to climate impacts over space and time. The impacts of climate extremes might travel far
through space and time, and studies that fail to properly model the spatio-temporal repercussions of climate-related shocks might miss a relevant signal associated to conflict risk. While
the main impacts of climate extremes are restricted to the affected locations, second order
effects may propagate across regions, for example by affecting the distribution of agricultural
production (Vesco et al., 2020), encouraging flows of displacement (Bosetti et al., 2021), and
altering food prices (Wheeler and Braun, 2013). Crop failures and reduced resources that
result from climate shocks can stimulate “teleconnections” of extreme events. For example,
after heat waves and wildfires in Russia, China, and other food-growing countries in summer 2010, the peak in global food prices contributed to the upsurge of collective violence
in Northern Africa and Middle East (Johnstone and Mazo, 2011; Wegren, 2013; Challinor
et al., 2017).
Similarly, the effects of climate extremes may persist over time in ways that are more
complex than those captured by traditional one-year lags. Especially if climate events cross
a tipping point in adaptive capacities, they may trigger cascading events that reinforce each
other in fragile communities that lack the resilience to recover from shocks. (Steffen et al.,
2018). For example, the combination of floods and droughts is more destabilizing than
the occurrence of a drought/flood episode alone, as the compound shock might cross the
community’s adaptive capacity (Zscheischler et al., 2018). Approaches that focus on an
individual climate episode overlook the broader socio-ecological dynamics triggered by multihazard events, and limit scholarly understanding of how communities react to compound
risks (Di Baldassarre et al., 2017).
Current approaches may therefore be unable to detect a significant relationship between
climate conditions and conflict risk because they do not account for the non-linearities and
heterogeneous dynamics characterizing climate impacts. Moreover, most of existing studies
operationalize the outcome variable as average climate conditions, which fail to capture the
anomaly and intensity of climate shocks. Standard approaches that treat each individual
observation as independent and rely on linear measures of correlation or parametric functional
forms are not suitable for capturing interactive and heterogeneous effects.
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In the present analysis, we argue that an ensemble of forecasting model encoding the
broad, complex climate signal beyond average climate conditions, as well as reflecting the
impact of climate extremes over space and time, performs better than a baseline model in
predicting state-based conflict fatalities.
To this end, we introduce several innovations: first, we employ 39 climate extreme indices (CEIs) that provide a comprehensive representation of climate variations and anomalies;
second, the study applies a pool of spatio-temporal tree-lag functions that enables a sophisticated modelling of the spatio-temporal heterogeneity of climate impacts; last, it uses a set
of forecasting models based on light extreme gradient boosting (LGBM) algorithms to allow
for interactive, non-linear links between climate and conflict risk. In what follows, we discuss
the data and methods used to test this theoretical expectation.

4

Methods and Data

Predictions can successfully contribute to the development and improvement of theoretical
explanations of conflict and peace as a supplement to hypothesis testing (Hegre et al., 2017).
By analyzing the predictors that do well in an out-of-sample evaluation, we can learn about
the aspects of our models and the underlying theories that increase our understanding of
empirical data (Colaresi and Mahmood, 2017).
Here, we examine the ability of different sets of features, including a refined spatiotemporal modelling of climate extremes, to predict changes in conflict fatalities out-of-sample.
We train, evaluate and test a set of predictive models including different spatio-temporal
transformations of the climate extreme indices, compare their results, and eventually combine
them in two types of ensembles to maximize predictive performance and observe how the
combination of features affect the predictions.

4.1

Data

Outcome variable
The prediction target is the number of people killed in direct battle-related deaths (BRDs)
from state-based armed conflict defined according to the Uppsala Conflict Data Program
(UCDP; Pettersson et al., 2021). State-based conflict is defined as the use of armed violence
between government forces and other government forces or armed political organizations.
This type of violence is the most frequent and deadly of the types of political violence recorded
by UCDP, and the other two types frequently occur in the context of state-based violence.
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We aggregate the fatalities into monthly sums for each PRIO-GRID cell, a grid-cell with
spatial resolution of 0.5x0.5 degrees – approximately 55 km at the equator – as defined by
the PRIO-GRID structure (Tollefsen, 2012). A unit of analysis disaggregated to this extent
is fundamental to observing trends in conflict fatalities at the local level. National studies
can miss relevant predictors of conflict whose variation is aggregated to the national level,
and hide important local signals (Buhaug and Gates, 2002). Local variations are particularly
relevant for climate conditions which may differ extensively across a country, especially a
sizeable one; climate indicators like the climate extreme indices used in the present analysis
are not suitable for measuring large-scale variations in climatic conditions, but are a good
metric for assessing local climate shocks.
Climate extreme indices
The main predictors included in this study are 39 monthly climate extreme indices (CEIs)
developed by the World Meteorological Association’s Expert Team on Climate Change Detection and Indices (ETCCDI). Figure 13 in Appendix visualizes the indices for June 2019.
The climate extreme indices take the form of a ‘summary’ of weather behaviour (Tebaldi
et al., 2020), whereby they describe characteristics of natural extremes, including frequency,
amplitude and persistence. CEIs are measures of extreme weather conditions including
droughts, warm spells and extreme hot and cold days. These indices are suitable metrics
to capture the effect of climate on a range of socio-economic factors, such as agriculture,
effects that can increase societal vulnerability and thereby contribute to exacerbate conflict
risk. Also, CEIs capture both the spatial and temporal heterogeneity characterising climate
extremes, which is especially important when we are to evaluate the impacts of climate
change.
The CEIs used in this study are computed utilizing the ETCCDI recommended Rpackage ‘ClimPACT2’, setting the baseline period for the computation of anomalies to 1990–
2010. Input data on hourly temperature and precipitation are drawn from Copernicus ERA5
re-analysis data at a 0.25x0.25 resolution (ECMWF, 2021). Compared to historical observations from satellite, re-analysis products provide a complete and consistent time-series, as
missing data are filled in with results of climate models.

4.2

Modelling the effect of climate over time and space

We use a combination of spatial and temporal tree-lags to model the impact of climate
extremes over space and time (Dale et al., 2022). As an example, Figures 1 and 2 illustrate
9

the spatial and temporal transformations applied to spei3 and tx90p.
Trees efficiently compute approximate weighted sums or averages at each unit of analysis
over all other units. These sums/averages over space and/or time can be used in place of
more traditional spatial and temporal lags, which connect each unit of analysis with only a
very limited subset of other units. Tree-based spatial or temporal lags make use of a much
larger proportion of the data than traditional fixed lags, and are able to model information
flows over arbitrarily large distances or timescales (Dale et al., 2022).
The temporal tree lags (shown in bottom row of Figures 1 and 2) compute an exponential
time decay function of the event, defined as any PRIO-GRID-month for which the climate
extreme index has a non-null value. A temporal tree step-wisely groups data at adjacent
time-steps into pairs, referred to as ’nodes’. At any given point in time, the tree computes
a a sum or average over all prior events, weighted by how far back in the past each event
occurred. More recent events are included individually in the sum/average, so that the
recent past is modelled relatively more accurately, whereas earlier events are included in the
sum/average as a group instead, improving efficiency at the expense of modelling the distant
past less accurately1 (Dale et al., 2022).
In this way, the tree lag transformation is able to ‘remember’ events arbitrarily far back
in the past. This is especially important for indicators such as the SPEI index that gives a
measure of water availability along a continuous scale, where negative values represent water
scarcity and droughts, and positive values represent water abundance and floods (VicenteSerrano et al., 2010). Unlike traditional ‘fixed’ lags, the temporal tree allows not only the
effect of the event to persist in time, but also to accumulate in intensity, such that the
combination of a flood and a drought episode is reflected in wider peaks and valleys in the
transformed feature. The function also allows to tune the value of some key parameters. The
σ parameter controls how steeply the transformed feature increases or decreases with the
distance in time to the event, or how far in time the event is allowed to have an impact. Low
σ assigns very high importance to steps very close to the event, and much lower to events
that are distant. Higher σ values smooth out the importance, so that the effect of the event
‘persists’ in time much longer (Figures 1 and 2, top-right)
Spatial trees work in a similar fashion. In two dimensions, cells in a uniform grid are
1

The decision of whether a given node should be included in the sum/average is made by comparing the
duration of the node - the difference between the youngest and oldest times of any of its constituent data
points - with the node’s age - how far back in the past the youngest data point in the node is, relative to
the time when the weighted sum is to be computed. If the ratio of a node’s duration to its age is greater
than a user-defined parameter, the node is recursively split into components which do obey the duration/age
criterion.
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spei3, tlag σ = 10

spei3, tlag σ = 100

spei3, time-trend, raw

spei3, sptime, ν = 0.1

spei3, sptime, ν = 10

spei3, splag d=1

spei3, splag d=2

spei3, raw

Figure 1. Temporal (top row) and spatial (bottom rows) transformations of the spei3 index using tree lags, compared to the raw feature (bottom, center) and its time-trend (top,
right). Temporal rows are shown for January 2017 – December 2019 for an example cell in
central Mali.
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tx90p, tlag σ = 10

tx90p, tlag σ = 100

tx90p, time-trend, raw

tx90p, sptime, ν = 0.1

tx90p, sptime, ν = 10

tx90p, splag d=1

tx90p, splag d=2

tx90p, raw

Figure 2. Temporal (top row) and spatial (bottom rows) transformations of the tx90p index using tree lags, compared to the raw features (bottom, center) and its time-trend (top,
right). Temporal rows are shown for January 2017 – December 2019 for an example cell in
central Mali.
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placed into square groups of four, which are in turn grouped into fours, and so on, until
a single group is constructed which covers the whole grid structure. A distance-weighted
sum over the whole grid structure is then performed at every PRIO-GRID-cell, including
nearby cells themselves – and so accurately modelling close interactions – but replacing more
distant cells by nodes at lower levels of the hierarchy. A node is included in the weighted
sum computed for a given target cell if the ratio of its diameter to the distance from its
centre to the target cell is greater than another user-defined parameter, termed the ’critical
opening angle’ or θ. If the ratio is higher than the parameter value, the node is recursively
split into components that do fulfil the angular criterion. As for the temporal tree, choosing
the opening angle is a trade-off. A small value results in a very accurate weighted sum but is
expensive to compute, since the sum runs over many small tree nodes, whereas a large value
produces a less accurate sum, computed much more quickly. Here, we set θ to an angle of
0.7 that retains good accuracy while keeping computing time manageable. The δ parameter
in the spatial tree-lag function defines how the transformed feature varies over space along
with the spatial distance to the event, or how far in space the event is allowed to have an
impact. For example, δ = 1 assigns less importance to long-distance interactions. Setting
δ = 2 rewards close interactions much more than distant ones relative to δ = 1.
Lastly, the space-time distance computes, for every PRIO-GRID-month in the input
dataframe, the space-time distance to the nearest (present or past) event. The transformation
locates the event for which the distance to both space (according to the longitude-latitude
coordinates) and time (month) is minimized. The space-time transformed feature is a multidimensional representation of distance, where each of the three dimensions is allowed to
contribute differently to the final measure of distance to the climate extreme (Hegre et al.,
2021). The parameter ν regulates how to assign the relative weight to each dimension.
By shrinking ν, we assign more weights to the time dimension and place temporally distant
events relatively closer to each PRIO-GRID-month. Conversely, high ν values attribute more
weight to the spatial dimension, such that events further back in time are less relevant than
spatially proximate events.
In the linear ensemble of models, we include different combinations of the temporal,
spatial and space-time functions applied to all the climate extreme indices. The main model
specification (‘clim_base’) include a temporal tree-lag with σ = 10, a spatial tree-lag with
δ = 2 and a space-time distance with ν = 0.1 for all climate indicators. In addition to
these, we add some extended models with Principle Component Analysis-reduced features,
including additional spatio-temporal transformations with an alternative parameters’ selec-
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tion: temporal tree-lag with σ = 100, a spatial tree-lag with δ = 1 and a space-time distance
with ν = 10.

4.3

Vulnerability Indicators

All models include the same vulnerability indicators as baseline features. The risk of conflict is expected to increase in vulnerable locations, such as those affected by poverty, ethnic
fractionalization, low levels of socio-economic development, ongoing or strong legacy of conflict, and high dependence on agriculture (Cardona et al., 2012; Oppenheimer et al., 2014;
Otto et al., 2017). Communities hit by conflict or with a strong legacy of violence are more
vulnerable to exogenous shocks and more likely to experience violence re-occurrence (Sitati
et al., 2021). Poor and agriculturally-dependent areas are also particularly vulnerable to
climate shocks (von Uexkull, 2014; Vesco et al., 2021); this is crucial in the MENA region
where the agriculture sector is the largest employer and contributes considerably to national
economies (Waha et al., 2017). Ethnically fractionalized locations similarly suffer from higher
vulnerability to climate variability (von Uexkull et al., 2016).
The model specifications include information on the main drivers of societal vulnerability acknowledged by the existing empirical literature, as baseline predictors; the agricultural
added value as a proxy of agricultural dependence from the World Development Indicators
(WorldBank, 2019), the history of conflict events (Uppsala Conflict Data Program [UCDP],
2019), the number of excluded ethnic groups as defined in the GeoEPR data (Wucherpfennig
et al., 2011), population size and the average nighttime light emissions as a proxy for economic activity, and infant mortality rate as a measure of development, all from PRIO-GRID
(Tollefsen, 2012).

4.4

Forecasting Models

The forecasting setup is based on an updated version of the Violence Early Warning System
(Hegre et al., 2021, ViEWS), optimized to predict the number of fatalities instead of a binary
outcome.
To train/test the models, we split the available data in three partitions: training, calibration, and test sets, according to year cutoffs (Table 1). To increase the available data for
calibration and evaluation, we predict the number of fatalities in every PRIO-GRID-month,
for 1 up to 48 months ahead.
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Out-of-sample
Training

1990-2012

Calibration

2013-2016

Test

2017-2020

Table 1. Periodization for the out-of-sample models.
We refer to each model specification as ‘model’ m(j) and for each month we produce
forecasts for as time-steps s ∈ [1, 36]. The models are trained for each s (month) and they
‘time-shift’ the predictors with respect to the outcome, so that for each time-step s, the
model m(j,1) learns to predict t + s months into the future, using input features at time t.
The choice to time-shift the predictors with respect to the outcome guarantees the availability of data for hyper-parameter tuning, and enables similar models to perform differently
for different s. For example, we may observe that some models or indicators are more useful
to forecast the immediate future and others are more relevant in the longer term, or that
predictions exhibit a distinct pattern along the forecasting horizon.
The time-shifting procedure also has implications for the evaluation of predictive performance. When evaluating the models, we generate predictions for each month in the testing
period and we match forecasts with the actual outcome for each time-step s. This means
that a model is evaluated against all 48 months in the calibration/testing period – close to a
rolling window of leave-the-future-out cross validation (Hegre et al., 2021). For instance, for
s = 2, we generate forecasts for May 2016 using data up to March 2016, for April 2016 the
models use information on the predictors up to February 2016, and so on. To make sure that
the mean outcome in the calibration set is close to the average observed number of fatalities,
calibration is performed by using a Generalized Additive Model with 15 basis splines.
All forecasting models are based on Light Gradient Boosting regressors (LGBM). Gradient boosting models are ensemble machine learning algorithms where decision trees are
added one at a time to the ensemble and fit to correct the prediction errors made by prior
models (Chen and Guestrin, 2016). Specifically, LGBM is a gradient boosting method based
on decision trees to increase the efficiency of the model and reduce memory usage. It uses
one side sampling and exclusive feature bundling to overcome the limitations of histogrambased algorithm, and works by retaining instances that with larger gradients – those that
contain more information but are under-trained – and randomly dropping data-points with
small gradients. This leads to a more accurate estimation than uniformly random sampling,
while maintaining very high efficiency and reducing computation time. Boosting algorithms
15

are appropriate to decrease the chance of overfitting to training data; they allow for the inclusion of a high number of collinear predictors and can ignore features that do not improve
predictive performance. Moreover, these algorithms are highly interactive and can capture
complex feature patterns, thanks to the random selection of features and the resulting diversity of trees. Unlike maximum likelihood estimators or traditional regression techniques, the
gradient boosting increases predictive accuracy while maintaining high interpretability, and
going beyond stringent functional forms assumptions.
Model specifications
All model specifications include the same baseline features. The baseline encompasses the
most relevant vulnerability indicators as discussed in Section 4.3 (the complete list of predictors is provided in the Appendix). Second, we train and test a model including the full
list of climate extreme indices as raw, non-engineered, features in addition to the baseline
(‘raws_base’). The ‘clim_base’ model applies a set of spatio-temporal tree-lag functions to
the raw features, in order to model the effect of climate extremes both in space and time (see
Section 4.2 for a detailed explanation). Comparing the results of the model specifications
with and without the spatio-temporal transformations allows us to investigate how appropriately modelling the effects of climate extremes over time and space affects the predictions of
conflict fatalities. Next, the ‘drought-crop’ model includes a set of drought indicators based
on the SPEI Index, coupled with some indicators of agricultural production and the main
crops’ growing season from the MIRCA Dataset (Portmann et al., 2010).
We also add some model specifications with an expanded set of spatio-temporal transformations, obtained by varying the selection of parameters in the functions. To limit the
features to a manageable number, we reduced the transformed predictors via a Principle Component Analysis (PCA) before training the models. These specifications with PCA-reduced
features include a model with seven different spatio-temporal transformations applied to
all climate extreme indices; one where the spatio-temporal functions are applied only to
temperature-related climate extreme indices; one with transformed indices related to precipitation; one with indices related to drought and one with those measuring anomaly relative
to the average conditions in the reference period (1990-2020).
Lastly, to improve forecasting accuracy and observe how the models perform when combined, we include different types of ensembles: a simple unweighted average of the models
and a linear ensemble that is constructed by linearly regressing the outcome on the models’
predictions. The ensemble predictions give a useful indication of how an extensive represen-
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tation of the climate signal provided by different climate models perform compared to the
baseline model.

5

Results

Figure 3 present the predictions from the linear ensemble in map form for June 2020 and
for different time-steps, compared to the actual value (bottom right). The linear ensemble
performs well in discriminating between peaceful and violent locations, especially for the near
future. The ensemble predicts around 50 fatalities in the north-east region of Nigeria and
a lower risk of violence (1–25 fatalities) in central Mali, some limited locations in the north
of Egypt and Libya, and central Somalia. These areas largely correspond with high values
of a number of climate extreme indices, especially those related to temperature anomalies
(Figures 11k and 11l) and drought (Figures 11b and 11c, Appendix).
Contrasted with the true observed fatalities, the ensemble predicts a widespread and
intense upsurge of violence in the Middle-East, up to 142 fatalities in Syria. As evident in
Figure 4 that reports the errors in predictions, when forecasting 3 years ahead, the ensemble
is less accurate and predictions are less sharp: the risk of conflict is forecasted to be much
more widespread than actually observed for almost the whole of Nigeria and Yemen, as well
as Syria and Iraq and the north of Egypt. This may be due to the lower weight that the
models assign to recent and ongoing conflicts when predicting violence in the longer-term,
combined with a higher weight assigned to the climate indices. It might also suggest that the
combination of ongoing conflict and climate extremes is linked by the model to an increased
risk of violence in the future. All the areas that are forecasted to be at high risk of conflict
in fact correspond with intense climate extremes.
To better understand the effect of climate extreme indices compared to the baseline
indicators, Figure 5 reports the simple difference between predictions from the linear ensemble
and those from the baseline model, for June 2019. Blue shades represent negative differences,
suggesting that the climate model largely predicts a lower number of fatalities than the
baseline, especially up to s = 12. Interestingly, the ensemble forecasts a considerably higher
number of fatalities than the baseline in locations with ongoing conflict, as evident especially
in the Chad region, Syria, Iraq and Yemen, as well as in central Somalia. These trends in
predictions seem to be driven by the impact of extreme climate conditions in the region, as
evident when comparing the prediction maps with those that presents the percentage of days
when the temperature was higher than the 90th percentile for the reference period (tnx90p,
and its spatial lags, Figure 2), or higher than 30°C (txge30 ) in June 2018, as well as to other
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s=1

s=3

s=6

s=12

s=36

actual

Figure 3. Predicted count of fatalities (non-logged) from sb violence, from the linear ensemble, test set, June 2020, for different time-steps. The map at the right of the bottom
row shows the true observed count of fatalities.
climate extremes related to precipitation (e.g. Figure 10k in the Appendix). Despite climate
extremes hitting also other regions, the model only predicts a high risk of conflict in locations
that have a strong legacy of, are currently experiencing violence or are close to violent areas.
This is in line with expectations that conflict history is one of the most important drivers of
societal vulnerability, and highlights the need for further investigation on how conflicts affect
vulnerability to climate shocks.
The trends observed in the maps are partly driven by miscalibration. For example, the
map for s = 36 in Figure 4 clearly underscores the models’ tendency to over-predict for
s = 36: the dominance of red shades reveals that the models predict a small but positive
number of fatalities in cells that experienced none. The opposite is true when predicting
one month ahead, for which the ensemble forecasts a small but negative number of fatalities.
Both trends are signs of miscalibration: the predictions do not approximate well the mean
and standard deviation of the true distribution. The distribution of the outcome variable is
18

s=1

s=3

s=12

s=36

s=6

Figure 4. Error in predictions from the linear ensemble, test set, June 2020, for different
time-steps.
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s=3

s=6

s=12

s=36

txge30

tx90p

Figure 5. Difference in predictions between the ensemble and the baseline model, test set,
June 2020, for different time-steps, compared to extreme temperature anomaly (txge30 and
tx90p) in June 2019 (bottom, right)
very skewed and particularly daunting to forecast: for the 2017-2020 period (test set), 99%
of the observations are 0, but the 99.9-percentile equals 7.81, corresponding to more than
2500 fatalities in a single month. The Generalized Additive Model function that we used
to calibrate the predictions, although shifting the negative predicted values toward zero, is
sub-optimal in reproducing the true underlying distribution. The miscalibration partially
explains the trend in the ensemble predictions, and future iterations of this work will involve
exploring alternative calibration functions.
Miscalibration also affects the evaluation of the models’ performance, as observed in
Figure 6 reporting the mean squared errors (MSE) of the models, computed both for the full
sample (top) and the subset of actual observations that are greater than zero (bottom). The
‘drought-crop’ model, for example, ranks quite low in MSE for the full sample, especially
when predicting farther ahead than s = 12, and the linear ensemble shows a similar trend.
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The ‘clim-base’ model also performs quite poorly for s = 15, 17, 24 but the score relatively
improves when predicting for the long-term future (s > 24).
Low MSE scores for the full sample may be a sign of a poor calibration: if the model
predicts a very small but non-null number of fatalities when the true observation is null,
MSE penalizes it strongly due to the high proportion of zeros in the dataset. MSEs are
disproportionately influenced by the zero inflation and may thus not be a suitable metric
to evaluate models’ ability to predict conflicts when and where they actually occur (Vesco
et al., 2022; Vestby et al., 2022). A model might be quite accurate in predicting fatalities
when conflicts are ongoing, or in capturing escalatory/de-escalatory trends, at the price of a
higher proportion of false positives. MSE would penalize such a model and relatively reward
one that always predict null fatalities (Vestby et al., 2022).
This intuition is reflected in the MSE scores computed in ??: when excluding the zero
observations from the test set, the evaluation is quite different, and the ‘drought-crop’ and
linear ensemble are the best models. The ‘pca-all’ model, which includes an expanded set of
spatio-temporal functions applied to all climate extreme indices, also ranks high, although
the predictive performance of almost all models deteriorates considerably after s = 24 .
Broadly, the PCA models perform well according to both MSEs, suggesting that models that
extensively account for the spatio-temporal effects of climate extremes add an important contribution to the ensemble. The ‘drought-pca’ model that includes spatio-temporally lagged
climate extremes related to drought perform very well for the short forecasting horizon, while
a model including climate anomalies (‘anom-pca’) is relatively better when predicting for 1
up to 2 years ahead.
The better performance of PCA models compared to the ‘clim-base’ model may also
indicate that more complex models with a high number of features are more likely to overfit
on the training set and generalize less well on the held-out test partition.2
In addition to MSE, a zero-inflated distribution such as the one of interest would require
evaluation metrics that reward not only ‘trueness’ (deviation from the actuals) but also
‘precision’ – models’ ability to discriminate between null and positive fatalities. Such metrics
would acknowledge the sensitivity of forecasting models to positive actual occurrence, rather
than the non-occurrence of fatalities. Rank correlation is an example of such metrics, as it
evaluates the pairwise agreement between two vectors of observations along a continuous scale
and measures both ‘precision’ and ‘trueness’ at the same time. Figure 7 reports the Spearman
correlation between the predictions of each model and the actual observations, for s = 1, 12.
2

We will conduct further tests to understand whether this is the case. Future work for this manuscript
will involve using early-stopping in the training stage to assess the likelihood of overfitting.
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s=all

s=non-zero
Figure 6. Mean squared error for all model specifications, Test set, for the full sample
(top), and excluding observations where the count of fatalities is null (bottom)
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Figure 7. Rank correlation between model predictions and actual values for s
and s = 12 (right), Test set.

=

1 (left)

The ensembles rank highest according to correlation, followed by models including droughtrelated climate extremes. The PCA model with climate anomalies perform among the best for
s = 12, suggesting that anomalies relative to long-term trends contribute an important signal
when predicting further ahead into the future. The Figure also emphasizes that the climate
models present some differences, although largely encoding the same patterns: expectedly,
the unweighted average and linear ensemble are very highly correlated, while the ‘clim-base’
model is more diverse.
Correlation provides a good complement to MSE as it reflects the reliability of the
measurements, but it does not distinguish between accuracy and precision and can only be
interpreted in relative terms. Moreover, neither MSE nor correlation provide any information
about the variance of the predictions. To have a better understanding of models’ calibration and abilities to reflect the true distribution of fatalities, Figure 8 presents the density
plots of predicted values across models for s = 1 in the test set. The Figure confirms the
miscalibration issue, as almost all models predicts a slight negative outcome instead of null
fatalities. The distributions of the ‘clim-base’ model that includes spatio-temporal transformation of climate extremes is slightly better calibrated than the model including the raw
climate features, as the density of slightly negative values is lower. The PCA models including precipitation and anomaly-related features, along with the ensembles, better reproduce
the right-skewed distribution of fatalities. This reiterates that models that encompass an
extensive representation of the climate extremes, as well as their spatio-temporal effect, are
better able to capture the patterns in prediction.
To further help the interpretation of the predictions, we also construct a global surrogate
model using a single climate extreme index as input. Surrogate models are interpretable
23

Figure 8. Distribution of predicted and actual count of sb fatalities for the test set
(logged).
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Figure 9. Relationship between the maximum length of heatwave (cdd ), true and predicted
fatalities from a surrogate model.
models trained to approximate the predictions of a ‘black box’ model (Molnar, 2021). They
work by training a simple model, such as a linear regression, on the predictions obtained from
the original machine learning model. The purpose of surrogate models is to approximate the
predictions of the original model while being easily interpretable. Here, we used a Generalized
Additive Model with only one climate extreme index and the true number of fatalities as input
features, and the ensemble predictions for each time-step and PRIO-GRID-month in the test
set as outcome. Figure 9 visualizes the results of the surrogate model using the temporal
tree lag of heatwave length (cdd ) as input. Each dot in the scatterplot corresponds to a
PRIO-GRID-month. The x -axis represents the temporal lag of heatwave (cdd ), on the y-axis
is the observed count of fatalities from sb violence, and on the z -axis the predicted number
of fatalities from the surrogate model. As we only used the temporal lag of heatwaves (cdd )
and the endogenous variable as input feature, the scatterplot illustrates the importance of
heatwaves in influencing the predictions from the ensemble, given the true observed number
of fatalities. Expectedly, the count of predicted fatalities increases with the number of actual
values, but the figure visualizes another clear trend: longer heatwaves are associated with
higher predicted counts of fatalities. The results indicate that, in locations that are affected by
conflict, the ensemble predicts a higher risk of violence if they are exposed to long heatwaves.
This confirms the trends observed in the map concerning the importance of conflict as a
driver of vulnerability.
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Overall, the ensemble model and models including an extensive number of spatio-temporally
transformed climate extreme indices, perform better than any other model in predicting the
number of state-based fatalities. These results give some support to our argument, underscoring that models that encode the broad, complex climate signal beyond average climate
conditions, as well as its impacts over space and time, have potential to improve conflict
predictions compared to a baseline model.

6

Discussion and Conclusions

The present analysis studies the impact of a suite of climate extreme indices on state-based
violence in the MENA region. We trained, tested and evaluated a set of forecasting models
including 39 climate extreme indices, and an extensive number of spatio-temporal transformations, to predict the number of fatalities in the MENA region. The results of the predictions
reveal that a linear ensemble of models including climate extremes, as well as models that
use extended spatio-temporal transformations of climate indicators as input features, improve
the prediction of state-based violence upon a baseline including only vulnerability indicators.
The findings also point to the importance of conflict history as a driver of societal vulnerability; we find that the ensemble of predictions forecasts a very high risk of conflict in locations
that are hit by extreme climate conditions and anomalies, but only if those areas have a
strong legacy of or are currently exposed to conflict. This is in line with expectations that
conflict history is one of the most important drivers of societal vulnerability, and highlights
the need for further investigation on how conflicts affect vulnerability to climate shocks.
[Note: we plan to conduct further work to improve the calibration function, include
additional evaluation metrics (pEMDiv, CRPS...) and better demonstrate the link between
spatio-temporal transformations of the climate extreme indicators and conflict predictions.
Feedback on these aspects is particularly appreciated].
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A

climate extreme indices

Feature

Short description

ln_ged_sb

Dependent variable, log of fatalities

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

greq_1_excluded

at least 1 ethnic group excluded from power in
a grid-year

PRIO-GRID (Tollefsen, 2012)

decay_12_time_since
_ged_dummy_sb

history of conflict

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

Data source

pgd_nlights_calib_mean average nighttime light emission, proxy for
economic activities

PRIO-GRID (Tollefsen, 2012)

pgd_imr_mean

infant mortality rate, proxy for development

PRIO-GRID (Tollefsen, 2012)

ln_pop_gpw_sum

sum of population in grid-cell, logged

PRIO-GRID (Tollefsen, 2012)

ln_pgd_ttime_mean

travel time to the nearest major city

PRIO-GRID (Tollefsen, 2012)

pgd_urban_ih

percentage area of the cell covered by urban
area, based on ISAM-HYDE landuse data

PRIO-GRID (Tollefsen, 2012)

splag_1_1_ged_best_sb proximity to conflict

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

tlag_12_wdi_nv
_agr_totl_kd

value added of agricultural production as share
of GDP, proxy for dependence on agriculture,
lagged by 12 months

WDI (WorldBank, 2019)

decay_ged_sb_1

Decay of state-based conflict with at least one
death

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

decay_ged_sb_25

Decay of state-based conflict with at least 25
deaths

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

decay_ged_os_1

Decay of one-sided violence with at least one
death

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

splag_1_1_sb_1

Spatial lag of state-based conflict with at least
one death

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

splag_1_decay_ged_sb_1 Spatial lag of decay_ged_sb_1

UCDP-GED (Uppsala Conflict
Data Program [UCDP], 2019)

FD

Annual count of ’frost’ days when daily minimum temperature < 0.

ERA5 (ECMWF, 2021)

TNlt2

Number of days when daily minimum temperature < 2.

ERA5 (ECMWF, 2021)

TNltm2

Number of days when daily minimum temperature < -2.

ERA5 (ECMWF, 2021)

TNltm20

Number of days when daily minimum temperature <-20.

ERA5 (ECMWF, 2021)

SU

Annual count of ‘summer’ days, when daily
maximum temperature > 25.

ERA5 (ECMWF, 2021)

id

Number of ‘icing’ days. Annual count of ‘icing’
days when daily maximum temperature < 0.

ERA5 (ECMWF, 2021)

TR

Annual count of ‘tropical nights’: days when
daily minimum temperature) > 20.

ERA5 (ECMWF, 2021)

TXx

Monthly maximum value of daily maximum
temperature.

ERA5 (ECMWF, 2021)
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TNx

Monthly maximum value of daily minimum
temperature.

ERA5 (ECMWF, 2021)

TXn

Monthly minimum value of daily maximum
temperature.

ERA5 (ECMWF, 2021)

TNn

Monthly minimum value of daily minimum
temperature.

ERA5 (ECMWF, 2021)

TMm

Mean daily mean temperature.

ERA5 (ECMWF, 2021)

TXm

Mean daily maximum temperature.

ERA5 (ECMWF, 2021)

TNm

Mean daily minimum temperature.

ERA5 (ECMWF, 2021)

TN10p

Percentage of days when daily minimum temperature < 10th percentile (centred on a 5-day
window) for the base period (1990-2010).

ERA5 (ECMWF, 2021)

TX10p

Percentage of days when daily maximum temperature < 10th (centred on a 5-day window)
percentile for the base period.

ERA5 (ECMWF, 2021)

TN90p

Percentage of days when daily minimum temperature > 90th percentile (centred on a 5-day
window) for the base period.

ERA5 (ECMWF, 2021)

TX90p

Percentage of days when daily maximum temperature > 90th percentile (centred on a 5-day
window) for the base period.
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TXgt50p

Percentage of days with above average temperature.

ERA5 (ECMWF, 2021)

TMge5

Number of days when daily mean temperature
≥ 5.

ERA5 (ECMWF, 2021)

TMlt5

Number of days when daily mean temperature
< 5.

ERA5 (ECMWF, 2021)

TMge10

Number of days when daily mean temperature
≥ 10.

ERA5 (ECMWF, 2021)

TMlt10

Number of days when daily mean temperature
< 10.

ERA5 (ECMWF, 2021)

TXge30

Number of days when daily maximum temperature is above 30 ≥ .
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TXge35

Number of days when daily maximum temperature is above 35 ≥ .
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DTR

Range of daily temperature (min,max).
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Rx1day

Monthly maximum 1-day precipitation.
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Rx5day

Monthly maximum consecutive 5-day precipitation.

ERA5 (ECMWF, 2021)

Rx7day

Monthly maximum consecutive 7-day precipitation.

ERA5 (ECMWF, 2021)

SPI

Standardised Precipitation Index. Measure of
"drought" using the Standardised Precipitation Index on time scales of 3, 6 and 12 months.

ERA5 (ECMWF, 2021)

SPEI

Standardised Precipitation Evapotranspiration Index.
Measure of "drought" using
the Standardised Precipitation Evapotranspiration Index on time scales of 3, 6 and 12
months.

ERA5 (ECMWF, 2021)

R10mm

Annual count of days when the daily precipitation amount ≥ 10mm.

ERA5 (ECMWF, 2021)

R20mm

Annual count of days when precipitation ≥
20mm
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CDD

Maximum length of dry spell: maximum number of consecutive days with daily precipitation amount < 1mm.

ERA5 (ECMWF, 2021)

CWD

Maximum length of wet spell: maximum number of consecutive days with daily precipitation amount ≥ 1mm.
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PRCPTOT

Annual total precipitation on wet days.
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Figure 10.
Climate extreme indices for June 2018, PRIO-GRID-cell.

(a) cdd, pgm level

(b) dtr, pgm level

(c) fd, pgm level

(d) id, pgm level

(e) prcptot, pgm level

(f) r10mm, pgm level

(g) r20mm, pgm level

(h) r30mm, pgm level

(i) rx1day, pgm level

(j) rx5day, pgm level

(k) rx7day, pgm level

(l) spei3, pgm level

Note: Raw climate extreme indices per PRIO-GRID cell, June 2018. Yellow colors in the maps point to higher values, whereas blue colors indicate lower values. Indices are computed with the Climpact2 R package, using temperature and precipitation data from ERA5 as input and 1990-2020 as reference period for anomalies computation.

Figure 11.
Climate extreme indices for June 2018, PRIO-GRID-cell.

(a) spei6, pgm level

(b) spi3, pgm level

(c) spi6, pgm level

(d) spi12, pgm level

(e) su, pgm level

(f) tmge5, pgm level

(g) tmge10, pgm level

(h) tmlt5, pgm level

(i) tmlt10, pgm level

(j) tmm, pgm level

(k) tn10p, pgm level

(l) tn90p, pgm level

Note: Raw climate extreme indices per PRIO-GRID cell, June 2018. Yellow colors in the maps point to higher values, whereas blue colors indicate lower values. Indices are computed with the Climpact2 R package, using temperature and precipitation data from ERA5 as input and 1990-2020 as reference period for anomalies computation.

Figure 12.
Climate extreme indices for June 2018, PRIO-GRID-cell.

(a) tnlt2, pgm level

(b) tnltm2, pgm level

(c) tnm, pgm level

(d) tnn, pgm level

(e) tnx, pgm level

(f) tr, pgm level

(g) tx10p, pgm level

(h) tx90p, pgm level

(i) txge30, pgm level

(j) txge35, pgm level

(k) txgt50p, pgm level

(l) txm, pgm level

Note: Raw climate extreme indices per PRIO-GRID cell, June 2018. Yellow colors in the maps point to higher values, whereas blue colors indicate lower values. Indices are computed with the Climpact2 R package, using temperature and precipitation data from ERA5 as input and 1990-2020 as reference period for anomalies computation.

Figure 13.
Climate extreme indices for June 2018, PRIO-GRID-cell.

(a) txn, pgm level

(b) txx, pgm level

(c) cwd, pgm level

Note: Raw climate extreme indices per PRIO-GRID cell, June 2018. Yellow colors in the maps point to higher values, whereas blue colors indicate lower values. Indices are computed with the Climpact2 R package, using temperature and precipitation data from ERA5 as input and 1990-2020 as reference period for anomalies computation.

