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Abstract
Although a considerable research effort has targeted the mechanisms connecting climate variability
and its impacts to the likelihood of conflict, the majority of quantitative studies so far has focused
on the onset or incidence of violence, while little attention has been paid to the role of climate
shocks in enduring conflict dynamics. This paper attempts to fill this gap by studying how drought
and agricultural factors contribute to state-based conflict escalation. Building on the framework of
the Violence Early-Warning System (ViEWS - Hegre et al., 2019), the study tests out-of-sample
how droughts contribute to predict violence escalation in Africa at the priogrid-month level. Results suggest that the local livelihood deprivation induced by droughts shapes actors’ incentives and
opportunities and thereby contributes to increase conflict escalation. I find that droughts are particularly relevant to predict conflict escalation at the local level for short forecasting horizons and
their impact is largely dependent on agricultural production.
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Introduction

Long-term changes in climate, inter-annual shifts in weather conditions and natural extremes will
increasingly affect human societies (IPCC, 2014) and might raise the likelihood of armed conflict in
the future (Mach et al., 2019) by fostering resource scarcity, triggering out-migration, reducing the
economic growth and deteriorating local livelihoods (Koubi, 2019).
Although climate extremes have attracted considerable scholarly attention, existing research investigates almost exclusively the influence of climate conditions on the onset or incidence of conflicts, while
very limited attention is devoted to the effect of climate on conflict dynamics (Wischnath and Buhaug,
2014). However, understanding when and where conflicts escalate is paramount in designing effective
strategies of conflict resolution. The present article attempts to fill this gap by studying the influence
of droughts on conflict escalation at the sub-national level. By using geographically disaggregated data
for Africa in the period 1990-2020, I test the power of drought-like conditions in forecasting escalation
of state-based violence in an out-of-sample setting. I rely on Machine Learning (ML) algorithms to assess and compare droughts and agricultural factors to other predictors of conflict escalation. Although
serving a broader purpose than testing theories, forecasting may help evaluate theoretical arguments
(Colaresi and Mahmood, 2017) and allay concerns over the shortcomings of traditional hypothesis
testing (Ward, Greenhill, and Bakke, 2010).
The analysis contributes to advance the research frontier on conflict from many perspectives. First,
I contribute to the literature on climate and conflict by exploring the links between drought and
escalation processes at the sub-national level. The focus on changes in state-based violence over time
expands the existing research on climate security by shedding light on a previously neglected dimension
of the outcome. Relatedly, I advance the field of conflict escalation by studying how climatic drivers
affect conflict dynamics at the local level. The study suggests a new and simple operationalization of
‘conflict escalation’ that solves many of the empirical challenges faced by previous analyses. Finally,
I contribute to the literature on conflict predictions by applying ML-driven forecasting methods to
validate theoretical arguments and interpret the effect of droughts on violence escalation.
The article proceeds as follows: in the first section, I introduce the concept of escalation and explore
the mechanisms that can lead from drought to escalation of state-based conflict at the local level; section
2 presents the methods, data, and tools; finally, I illustrate and discuss the results.
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Droughts and conflict escalation

Recent research on climate security has advanced our knowledge on the possible pathways leading
from climate shocks to increased risk of violence, and clarified the importance of societal vulnerability
in shaping the effect of environmental conditions on conflict (Uexkull and Buhaug, 2021). Yet, very
limited attention has been devoted to the impact of climate factors on conflict dynamics, especially at
the local level. Although climate variability may have a moderate and indirect influence on the risk of
conflict outbreak or incidence, changing environmental conditions and their impacts on socio-economic
systems may affect the dynamics of violence (Wischnath and Buhaug, 2014).
This study investigates whether droughts and agricultural factors may contribute to state-based
conflict escalation at the local level. Escalation can be defined as the increase in the intensity or scope
of conflict that crosses thresholds considered significant by one or more of the participants (Morgan
et al., 2008; Kahn, 2010). This increase in violence can be driven by two main factors: i) an overall
exacerbation of violence from one or both sides, involving the use of heavier tactics; ii) a mobilization
of additional actors into the conflict (Pruitt and Kim, 2001).
Here, I define escalation as the increase in the intensity of armed state-based conflict at the local
level, proxied by the increase in the number of fatalities in a priogrid-cell over time. Although some
of the dynamics outlined as follows may potentially apply to non-state conflicts, the role of the central
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government and the feedback of action-reaction involving state and non-state actors are central to
explain escalatory processes. Therefore, I limit the focus to state-based conflict, defined as a contested
incompatibility relying on the use of armed force between two parties, at least one of which is the
government of a state (Pettersson, Högbladh, and Öberg, 2019).
The analysis pays particular attention to agricultural production as a channel leading from droughts
to increased intensity of violence at the local level. The line of reasoning in this paper follows three fundamental underpinnings: i) the negative impacts of droughts on agriculture increase food insecurity and
deteriorate local livelihoods (Wheeler and Braun, 2013); ii) climate extremes have highly destabilizing
impacts on agriculturally-dependent regions, which are particularly vulnerable to changing environmental conditions (Von Uexkull, 2014); iii) the local livelihood deterioration induced by droughts can
change conflict parties’ incentives and opportunities to act, thereby increasing the probability of conflict
escalation.
Agricultural production is one of the most vulnerable sectors to changing climate conditions and
natural extremes. Ensemble climate and crop simulations suggest that climate change has already
decreased global yields of maize, wheat and soybeans by around 4, 2 and 4.5%, respectively, relative to
the pre-industrial climate (Iizumi et al., 2018). Increasingly severe droughts related to global warming
are projected to cause yield losses across all crop types and all regions of the world (Leng and Hall,
2019). In Sub-Saharan Africa, existing models estimate an average decrease in the production of all
the major crops by 8-22% by mid-century (Schlenker and Lobell, 2010).
Not only droughts decrease the production of crops, but due to the sensitivity of commodity markets
to climate extremes, they steer shocks to food prices (Swinnen and Squicciarini, 2012), and destabilize
the agricultural labour market (Roche et al., 2020). It is not a coincidence that in the last decade there
have been several peaks in food and cereal prices following climate extremes in key producing regions
(IPCC, 2014). By reducing crop and livestock yields, and destabilizing food prices, persistent and severe
droughts exacerbated by climate change decrease the supply of and access to food (Hatfield et al., 2011),
exacerbate food insecurity, and pose a high risk to the livelihoods of rural people, especially in underdeveloped countries (Wheeler and Braun, 2013). Over 1 billion people already live in agricultural areas
affected by very high levels of water stress or very high drought frequency (FAO, 2020). If no serious
adaptation effort takes place, droughts and rising temperature will increasingly harness all dimensions
of food security, including food access, utilization and price stability (Wheeler and Braun, 2013; FAO,
2020).
The effects of droughts are especially destabilizing for agriculturally dependent locations, in which
most of the population is employed in the agricultural sector. The conflict potential of climate extremes
and their impacts is in fact not only a function of their magnitude but, crucially, of the societal
vulnerability to these extremes (Uexkull and Buhaug, 2021). Populations whose income and livelihood
primarily depend on agriculture are less able to recover from shocks and more vulnerable to the negative
impacts of droughts (Von Uexkull, 2014). Consistently, agriculturally-dependent locations are found to
be more likely to experience conflict outbreaks related to climate shocks (Vesco et al., 2021).
The local livelihood deterioration induced by droughts can thus shape conflict actors’ set of resources and opportunities, triggering a chain of actions and reactions that can foster violence escalation.
Schematically, droughts can lead to conflict escalation along two main pathways: they can induce an
overall exacerbation of violence by increasing governments’ incentives to scale up repression, and/or
encourage the mobilization of additional actors in the conflict.
First, governments can see a window of opportunity in the deprivation induced by droughts and
exploit it to intensify their repression. For instance, the Ethiopian government supported the counterinsurgency by exploiting the foreign funds aimed at countering the drought-induced famine in 1984
(De Waal, 1991). More recently, the Ugandan police attacked a member of the opposition for his effort
to distributing food to deprived people, as a reminder that food aids can only be administered by the
central government to its constituency (Economist, 2020).
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Food and water insecurity induced by climate extremes represent immediate needs that call for
the government’s urgent attention. Unlike long-term grievances connected to self-determination or
autonomy, immediate grievances such as those related to livelihood can intensify violent behaviours
in previously non-violent actors, because of their desire to achieve short-term concessions (Gustafson,
2020). If requests of concessions are not met by the government, groups or individuals who were neutral
may feel urged to decide which side they stand for. This perceived or explicit imposition to take a stand
leads to community polarization, and eases the probability of new individuals joining the fight (Pruitt
and Kim, 2001). Overall, drought-induced spikes in food prices and food insecurity may enhance
grievances and induce marginalization which triggers a higher disposition to participate in violence
(Humphreys and Weinstein, 2008; Heslin, 2020). For example, food spikes and high unemployment
rates have been connected to an increased risk of violent escalation of peaceful protests (Gustafson,
2020). More broadly, conflicts over vital interests such as food are more likely to produce destructive
escalation (Kriesberg and Dayton, 2012; Ghosn, Palmer, and Bremer, 2004; Braithwaite and Lemke,
2011).
Especially if the government does not provide an adequate relief support to drought-hit regions,
individuals may be inclined to perceive it as responsible for the increased food insecurity and livelihood
deterioration (Arezki and Brueckner, 2014) and rebels’ appeal will increase. Combatants’ recruiting
strategies may become more compelling in the aftermath of a drought, as they often rely on the provision
of food or protection to civilians (Martin-Shields and Stojetz, 2019) and the offer of rations, shelter
and physical securities as a reward for joining the armed group (Humphreys and Weinstein, 2008).
Rebel groups might thus become better positioned to capitalize on sentiments of deprivation to pull
civilians’ mobilization and escalate violence in drought-affected areas. For instance, the Revolutionary
United Front (RUF) exploited feelings of oppression and discontent shared by the deprived rural youth
during the civil war in Sierra Leone (Richards, 1996). Likewise, during the civil war in Darfur, resource
competition and tensions induced by droughts triggered spontaneous protests and acts of violence from
civilians, which conflict actors’ capitalized upon (De Juan, 2015).
All in all, violence may escalate in drought-affected locations as the byproduct of increased government’s repression and/or exacerbated grievances that translate into greater incentives to mobilize. The
mechanisms illustrated in this section broadly translate into the following testable implications:
1. droughts increase the number of BRDs in affected locations over time;
2. the effect of drought on conflict escalation is conditional on agricultural production;
I explore these implications by means of different out-of-sample forecasting model specifications to
test the predictive power of drought and agricultural related indicators. The results of the forecasting
models presented in the following sections cannot be interpreted in terms of causal inference; however,
they can provide useful indications on the direction and magnitude of the mechanisms illustrated above,
by uncovering the contribution of drought to predict conflict escalation.

3
3.1

Methods and Data
Unit of analysis

I rely on priogrid-month (pgm) level data for both the dependent variable and the predictors. Priogrid is 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, Strand, and Buhaug, 2012). A disaggregated unit
of analysis is fundamental to observe conflict dynamics at the local level. National studies can miss
relevant predictors of conflict whose variation is aggregated at the national level, and hide important
local signals (Buhaug and Gates, 2002). Local variations are particularly relevant for climate conditions
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that may largely differ across one country, especially sizeable ones. Climate indicators like the SPEI
index used in the present analysis (see Section 3.5) are not suitable to measuring large scale variations
in climatic conditions, but are a good metric to assess local droughts (Vicente-Serrano, Beguerı́a, and
López-Moreno, 2010). It should be noted that the observed increase in conflict intensity in a prio-grid
cell does not necessarily translate into a national trend. When observing conflict dynamics at the
pgm level, we cannot exclude that the increase in violence in one or more grid-cells corresponds to a
decrease in violence in other locations in that country. For example, rebels can attract mobilization
from previously neutral territories to expand their pool of consent, which in turn results in violence
escalation in drought-affected areas. Droughts may thus have a local impact on conflict escalation that
does not translate in an aggregate country-level increase in violence. This reiterates the importance
of observing local, rather than national, dynamics of violence that may be associated with drought
impacts.
A caveat on this point is necessary before moving forward. A possibility exists that drought-related
impacts trigger violence spillovers to neighboring locations. For example, deprived individuals might
migrate from rural to urban locations in a quest for better conditions. Migration flows can shape
the livelihood opportunities in receiving areas, change the ethno-demographic stratification of host
communities and contribute to increase conflict intensity in locations which are close to, but not the
same as, those affected by droughts. Conflicts in Syria and Darfur are cases in point (De Juan, 2015;
Gleick, 2014). Exploring how droughts affect displacement and trigger spatial spillovers in conflict
is outside the scope of this study, as it would require data on intra-national migration flows, which
are unfortunately not available for the whole African continent at the local level. However, the spatial
resolution of priogrid-cells is arguably coarse enough to capture at least some spillover effects of violence
induced by internal displacement. Considering that the average distance from the cell centroid to the
border of the country in the sample is around 135 kilometers, a priogrid-cell which by definition has
an approximate size of 3000 squared kilometers is likely to cover most of the flows of people that are
internally displaced by natural extremes. Displacement may in fact include many situations where
people remain close to their original dwellings, due to personal choice or a lack of means to access
shelter and assistance elsewhere (European Commission, Statistical Office of the European Union, and
United Nations, 2018). By using priogrid-cells as units of analysis, the forecasting models are therefore
likely to capture most of the violence spillovers induced by climate shocks.

3.2

Model specifications

Although the pitfalls of statistical significance appear to be well known, and despite an increasing
use of forecasting for theory testing and development (e.g. Witmer et al., 2017), p-values still remain
the gold standard in empirical research (Nuzzo, 2014). The quest for statistical significance can be
misleading, both for how well a model reflects the underlying trends in the data, and how it will
generalize out-of-sample (Colaresi and Mahmood, 2017). A variable that might be deemed to represent
an important driver of conflicts according to its statistical significance, has often only very limited
predictive capacity and offers poor direction in anticipating the development of violence. As policy
guidance is frequently drawn from statistical analyses, assessing the importance of variables through
their p-value may translate into erroneous policy implications (Ward, Greenhill, and Bakke, 2010).
A solution is to heuristically evaluate models’ validity with respect to their predictive performance
(Ward, Greenhill, and Bakke, 2010). In this study, I rely on out-of-sample forecasting to examine the
effect of droughts on conflict dynamics at the local level. The way I conduct the analysis enables me
to go beyond the traditional reliance on statistical significance.
Specifically, I examine the ability of a set of model specifications, including and excluding drought
indicators, to predict changes in the intensity of conflict out-of-sample. I train, evaluate and test a
set of predictive models: a full model with all features discussed in Section 3.6 and listed in Table
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Table I. Periodization for the out-of-sample models.
Out-of-sample
1990-2014
2014-2017
2017-2020

Training
Calibration
Test/Forecast

A.I in the Appendix; a full model with all features but drought-related ones; a baseline model which
includes the essential socio-economic and conflict history features which can influence conflict dynamics;
a drought agricultural model which only includes indicators of drought and agricultural production
(Table II), and a drought base model which adds the indicators of drought and agriculture to the
baseline model. The inclusion of the same model with and without drought indicators enables me to
delve into the effect of climate extremes, relative to other factors, to affect conflict dynamics.
All the forecasting models in the present analysis are based on random forest regressors, MLtechniques employing regression trees (Breiman, 2001; Muchlinski et al., 2016 - further details in Appendix). Random forests are ensembles of decision trees that select the best features to classify the
outcome at each iteration. Random forests decrease the chance of overfitting to training data, and
thanks to the random selection of features and the resulting diversity of trees, can capture complex
feature patterns and interactive effects. All in all, the random forest increases predictive accuracy while
maintaining high interpretability (Denisko and Hoffman, 2018).

3.3

Time-shifting

A challenge in assessing conflict escalation is due to the difficulty of detecting the overall trend in
violence, which may not emerge from the pairwise comparison of the number of fatalities in one month
relative to the previous month. The specification of different steps-ahead utilized in the ViEWS framework (Hegre et al., 2020) makes it possible to solve this challenge and shed light on the overall trend in
∆Y over-time. I guide the reader to Hegre et al., 2020 for a full explanation of the forecasting methods
in ViEWS but summarizes the time-shifting process hereby. I split the available data in three partitions: training, calibration and testing/forecasting; the subsets are defined according to year cutoffs
(Table I).
I refer to each model specification as ‘model’ m(j) and to each month I produce forecasts for as time
steps s ∈ [1, 36]. Each model is specifically trained for each s and time-shift the predictors with respect
to the delta outcome, making the model a link function between the future (∆Yt+s ) and the present
(Xt ). For each time-step s, each model m(j,1) thus learns to predict s months into the future. A model
trained for s = 3 predicts the change in battle-related deaths (BRDs) over 3 steps ahead and ‘learns’
from data up to three months before the present time; a model trained for step 6 predicts the change
in conflict intensity for 6 months ahead and so on.
The choice to time-shift separately for each combination of s and calendar time t in the out-ofsample window guarantees to have more available data for hyper-parameter tuning, but also enables
similar models to perform differently for different s. Hence, I may capture that some models are more
important for forecasting the immediate future and others for the more distant ones (Hegre et al., 2020).
When evaluating the models, I generate predictions for each month in the testing period and I match
forecasts with the actual outcome for each s. For instance, for s = 2, I generate forecasts for May 2016
using data up to March 2016, for April 2016 using information on the predictors up to February 2016,
and so on. The calibration (illustrated in the Appendix) is performed to make sure that the mean delta
transformed outcome in the calibration set is close to the average observed change in fatalities.
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3.4

Outcome Variable

Research on escalation needs to consider carefully how the dependent variable is measured (Braithwaite
and Lemke, 2011). Scholars substantially agree on the definition of conflict escalation; yet, there
are many unsolved challenges in framing the theoretical concept and operationalizing the dependent
variable. By and large, studies of conflict escalation tend to conflate the terms conflict ‘dynamics’,
‘severity’ and ‘intensity’, even though they reflect different dimensions of escalatory processes. The
extant literature generally operationalizes escalation as the number of BRDs, while overlooking the
dimension of change (e.g. Lacina, 2006; Davenport, Armstrong, and Lichbach, 2005). An adequate
measure of conflict escalation not only needs to reflect the intensity of the fighting, but also the increase
in conflict severity over time. This requires the use of a relative rather than absolute measure. A good
measure should capture the overall temporal trend, which may not emerge from the pairwise comparison
of the level of fatalities in one point in time relative to the previous one.
Here, I refer to conflict escalation as the increase in conflict intensity (proxied by the number of
BRDs) over time, and to conflict dynamics as a change in BRDs in a priogrid-month in either direction.
This definition enables me to systematically observe changes and trends in violence at a broad scale
and for different temporal spans. Specifically, I define the dependent variable as the step-wise temporal
change in the logged BRDs at the priogrid-month level, extracted from UCDP-GED (Sundberg and
Melander, 2013)1 . For each step s, log(Ys ) + 1 is replaced with:
∆Ys ,
where
∆Ys = Yt − Yt−s .
The ‘delta’ transformation of the outcome is operated before fitting the estimators and training the
predictive models, in order to convert each step-specific outcome to the difference in the number of
BRDs. In regression notation this takes the form ∆Ys = β t X t − s, for s ∈ (1, 36). As ∆Y can be defined
for different time-steps, from 1 up to 36, this definition, coupled with the time-shifting procedure that
I discussed above, enables a comprehensive assessment of short and longer trends in violence.
The sample includes all priogrid cells in Africa in the period 1990-2020. As I am interested in
detecting changes in violence at the local level, I do not subset the sample to grid-cells with an ongoing
conflict. This choice has many advantages. First and crucially, it avoids introducing possible biases
by subsetting the sample where I expect an increase in violence to occur (Adams et al., 2018); second,
it enables me to consistently observe broad temporal trends over a grid-cell without intermittently
excluding and including the cell over time. This is especially relevant as the threshold to code a conflict
as active at the disaggregated geographic level is only 1 BRD. Finally, this choice ensures to have a
sufficient amount of data to train and test the forecasting models.

3.5

Drought indicators

Following my main theoretical argument, the climate indicators included in the models are targeted
at proxying the effect of drought on the agricultural sector. According to common practice in climate
sciences, I use the standardized precipitation evapo-transpiration index (SPEI) as a measure of drought
(Vicente-Serrano, Beguerı́a, and López-Moreno, 2010). The SPEI Index combines precipitation and
temperature data and is an effective indicator of the effects of temperature variability on drought
assessment (Vicente-Serrano, Beguerı́a, and López-Moreno, 2010). Negative values of the SPEI index
indicate water stress and drought, while positive values correspond to water availability and flood in
1

As demographics do not seem to exert a significant influence on escalatory processes (Lacina, 2006), I do not normalize
the number of deaths by population, to avoid the risk of underestimating the severity of conflict in highly populated
locations.
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extreme cases (SPEI value greater than 2). SPEI is especially important to measure the influence of
climate variability on agriculture, as crop production is considerably affected by the levels of evapotranspiration before and during the growing season (Wang et al., 2017). The SPEI index can be
computed for different time-scales - 1, 3, 12, 24, 36, 48, i.e. averaged respectively across 1 up to
48 months. For instance, SPEI 3 computed in March 2017, measures the water availability averaged
across three months, from January to March 2017. For this reason, SPEI is useful to observe both
short and long-term shifts in weather conditions. Different time scales help monitor drought conditions
for different hydrological sub-systems; short-term shifts in SPEI indicate a change in soil water content
and river discharge, while long-term scales relate to variations in ground-water stock (Vicente-Serrano,
Beguerı́a, and López-Moreno, 2010). Accordingly, short or long-term changes in SPEI may influence
conflict dynamics through different pathways; short-term changes may impose strains on crop yields and
compromise food supplies if occurring during crops’ growing season; changes in ground-water storage
may reduce the availability of drinking water (Kumar et al., 2016), and debilitate individuals’ access
to freshwater for basic needs, including irrigation. Also, communities may be more likely to recover
from an individual drought episode, but less so to frequent or repeated drought-like conditions. The
long-term drought episodes hitting Syria, for example, has been associated with out-migration from
affected rural locations to urban areas, which in turn sparked tensions in the receiving communities
(Gleick, 2014).
In addition to SPEI, I construct a set of specific indicators of drought intensity, which measure mild,
moderate and severe drought occurrence according to the average SPEI value over three months2 . Also,
I interact the SPEI indicator with information about the main crops’ growing season from the MIRCA
calendar (Portmann, Siebert, and Döll, 2010), to obtain a measure of ‘agricultural drought’. Data on
crop production and harvest area is obtained from Mapspam (https://www.mapspam.info/data/).
Figure 1 presents the value of agricultural drought interacted with the share of harvested area
for June 20183 . Dark shades as reported in the legend identify locations that have a higher share of
harvested area and experienced a drought during the growing season. The coastline of Tunisia, Morocco
and Algeria, north Mauritania, the southern areas of Nigeria and DRC, and the west part of Sudan
appear to be particularly immpacted by agricultural droughts.
Figure 1. Drought occurrence during the crops growing season interacted with the share of harvested
area, for June 2018.
agricultural drought and harvested area, pgm, June 2018

The models also include a number of indicators to proxy communities’ adaptive capacity to climate
shocks. Locations that experienced high climate variability in the past are more likely to adapt to
weather shocks, for example by switching to alternative crop varieties or introducing new cultivation
techniques (Burke and Emerick, 2016). Accordingly, the models include measures of the past variation
2

Mild drought corresponds to SPEI values between -0.5 and -1; moderate drought to SPEI values between -1 and -1.5
and SPEI values lower than -2 are coded as severe drought Bischiniotis et al., 2018
3
Note that to ease interpretation SPEI is reversed so that higher scores represent higher magnitude of drought.
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in drought conditions, as well as climate anomalies, computed as the difference between current and
past climate conditions during the main crops’ growing season. To specifically capture drought-induced
crop failures and adaptive capacity in the agricultural sector, I also include indicators of the amount
of cultivated land in the grid-cell and a dummy indicating if the main cropland is irrigated or rainfed.
The Appendix describes these indicators in detail (section 1.2). The full set of drought and agricultural
indicators is listed in Table II.
Table II. Predictors included in the drought agricultural models
Indicator
count moder drought prev10
cropprop
growseasdummy

spei1 gs prev10
spei1 gs prev10 anom
spei1 gsm cv anom

spei1gsy lowermedian count
spei 48
tlag1 dr mod gs
tlag1 dr moder gs
tlag1 dr sev gs
tlag1 spei1 gsm
tlag 12 crop sum
tlag 12 harvarea maincrops
tlag 12 irr maincrops
tlag 12 rainf maincrops

3.6

Description
count variable of months in the ten previous years during which there was a moderate
drought (during growing season)
proportion of months in a year for which the growing season is ongoing, lagged by 12
months
binary variable indicating if the growing season is ongoing in that month. Growing
season is defined on the basis of the three most cultivated crops in that priogrid-cell
and extracted from MIRCA data; lagged by 12 months
average SPEI value during the growing season in the ten preceding years, only for the
months when SPEI is negative
difference between current spei gs and its average value for the ten previous years
difference between the coefficient of variation of spei gs along the current year, and
the average coefficient of variation of SPEI during the growing season for the reference
period (1990-2010)
consecutive n. of years in which drought exceeds median value for sample
long-term drought (4-year average SPEI)
occurrence of a modest drought during the growing season (SPEI value lower than
-0.5), lagged by one month
occurrence of a moderate drought during the growing season (SPEI value lower than
-1.5), lagged by one month
occurrence of a severe drought during the growing season (SPEI value lower than -2),
lagged by one month
agricultural drought, proxied by the SPEI value during the growing season months
harvest quantity of the main crops, capturing harvest failure
harvested area of the main crops in the priogrid-cell
dummy indicating whether the main crops are irrigated
dummy indicating whether the main crops are rainfed

Other features affecting conflict dynamics

The full model specification includes data to reflect the existing literature on conflict escalation and the
theorized mechanisms related to climate shocks. First, consistently with the main theoretical argument,
I include additional controls for agricultural dependence at the country level measured by the added
value of agricultural production, and indicators of rural communities as percentage of the national
population.
Next, locations with a recent history of conflicts and frequent occurrence of protests and riots
might be more likely to experience escalatory processes (Carey, 2006); hence, I control for the recent
historical trends of these events. Also, large economic shocks have been shown to affect the intensity
and persistence of civil wars (Bazzi and Blattman, 2014). Poorer and less developed countries may
be more likely to experience conflict and remain trapped in violent dynamics, and thus be more prone
to escalation (Chaudoin, Peskowitz, and Stanton, 2017). Consistently, I include data on GDP and
development level. Likewise, ethnically polarized contexts are expected to experience more severe
conflicts (Esteban, Mayoral, and Ray, 2012) and I therefore add variables measuring ethnic exclusion.
Rebels’ calculations (or miscalculations) of their forces relative to government’s capacities are influenced by expectations of foreign or other groups’ support to the dissident cause (Kaplan, 2019). It
is not a coincidence that the availability of foreign aid and intervention has been shown to be among
the main drivers of conflict escalation (Lacina, 2006). The full model specification takes this aspect
into account by including information on the share of territory occupied by foreign states. Democratic
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governments may be less likely to face conflict escalation, as they are more willing to accommodate opposition and grant concessions (Carey, 2006; Lacina, 2006), and all in all less likely to resort to violent
repression which inflames escalatory processes. Nevertheless, democracies may also be more likely to
persist and escalate conflicts, due to the ‘audience costs’ of withdrawal (Fearon, 1994) and may respond
with negative sanctions as much as other regime types, if faced with popular dissent (Carey, 2006).
Accordingly, the full forecasting model includes variables for the type of regime. Additionally, state
repression may be influenced by personal attitudes and psychological changes in the leaders (Pruitt and
Kim, 2001) and the full model contains information on various characteristics of the leaders in power.
As elections may exacerbate pre-existing tensions (e.g. Cheesman and Farrelly, 2016), predictors in the
full model includes information on the occurrence and temporal proximity of elections.
Finally, geographical characteristics may also influence the increase in conflict intensity by affecting
combatants’ tactics; rough or irregular terrains may force both sides to deploy smaller units, reducing
the potential amount of BRDs and decreasing the probability of escalation (Lacina, 2006). Hence, I also
include data on the characteristics of the land area, such as the roughness of terrain and the presence
of forests.

4

Results

Figure 2 reports the predicted change in BRDs over 3 and 36 months (s = 3, 36) in map form for June
2018, for the baseline (left), the drought base (middle) and the full model (right). All the models show a
tendency to predict slight negative changes rather than no change in BRDs in peaceful locations (light
blue shades). However, the drought base model performs better than the baseline in distinguishing
between peaceful, particularly for DRC, but also Angola, Namibia, Mali and Cote D’Ivoire. Compared
to the baseline, the drought base model predicts more intense escalation concentrated in the area of
Kasai in DRC, which corresponds to a hotspot of agricultural drought and harvested area (Figure 1).
More intense escalation is also forecasted in the urban areas of Harare and Bulawayo in Zimbabwe,
in the region across the border of Mozambique and Tanzania, and in the Kungu territory in Congo.
Similarly, the model including drought and agricultural features predicts a more diffuse violence increase
in north-east Mali along the border with Mauritania.
The full model, which includes an extensive set of features (Section 3.6) generally predicts a more
intense and widespread increase in violence across all countries, and especially in Somalia, South Sudan,
Ethiopia and CAR. This is probably driven by the structural features included in the full model,
capturing regime type, development and demographic characteristics. Compared to the drought base
model, the full specification forecasts a more limited escalation in the Dar El Salaam area in Tanzania,
and in Cote D’Ivoire.
For a longer forecasting horizon (s = 36), predictions are more homogeneous across different model
specifications. The drought base model tends to predict a more widespread and intense increase in
violence than the baseline model in South Sudan, DRC, the southern regions of Congo, and central
Mali. However, differences in predictions across models appear more limited than for s = 3. These
results suggest that drought conditions may still be related to increases in violence intensity over the
long-term, but their contribution in predicting conflict escalation seems to be less substantive than
in the short-term. Also, the full model specification seems to be better than the other models in
discriminating violent from non-violent areas for s = 36, especially in Zimbabwe and DRC, pointing to
the greater importance of structural features over climate conditions in forecasting long-term changes
in violence intensity.
Figure 3 reports the evaluation metrics of the out-of-sample models for steps 3, 12 and 36. MSE
is the mean squared error while TADDA (Colaresi, 2020) is a function developed to assess the models
performance and accuracy in predicting changes in fatalities. The closer the scores to 0, the better the
prediction. The evaluation metrics are described more extensively in the Appendix.
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Figure 2. Predicted Change in BRDs at priogrid-month level, out-of-sample, pgm, for June 2018, step
3 (top) and 36 (bottom); baseline (left) drought base (middle) and full model (right).
Baseline

∆3 , June 2018, pgm
Drought base

Full

Baseline

∆3 6, June 2018, pgm
Drought base

Full

The drought agricultural model, which includes only drought and crop related indicators, performs
worse than the other model specifications according to MSE, but is one of the best model according
to TADDA. As TADDA is specifically targeted at evaluating the model’s ability in capturing changes
in BRDs, these results may indicate that drought and agricultural features are particularly suitable
to predict changes in violence compared to non-climatic indicators. The drought base model, which
includes drought and agricultural related features in addition to the baseline, is performing better
than any other model specification for s = 3, and better than the simple baseline across both short
and longer forecasting horizons. However, the contribution of drought and agricultural features seems
to decrease over time, especially for forecasting windows longer than one year. The baseline model
performs slightly better than the drought base model for s = 36. The full model with extensive features
performs relatively better for longer forecasting windows, suggesting again that structural factors such
as the level of development and the type of regime gain importance over climate conditions to predict
conflict escalation in the long run.
This intuition is confirmed by the feature importances of the full model, reported in Table III4 .
The table shows an increasing importance of variables proxying economic conditions, development, and
demographic patterns for s = 36.
Expectedly, the history and occurrence of violence in a grid-cell are the most important features to
predict conflict escalation across all forecasting horizons, and especially over the long-term (s = 36).
Violence in neighboring grid-cells is less relevant, whereas the distance to the country border and the
4

The impurity-based importance of all features sum to one. Features are ranked according to their importance for
predicting the outcome; higher scores are assigned to features that contribute to predicting a higher fraction of samples.
Features importance takes into account interactions among variables without requiring a parametric model specification
(Lunetta et al., 2004). I guide the reader to Strobl et al., 2008 for a critical review of impurity-based feature importances.
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Figure 3. Parallel coordinate plots reporting the MSE and TADDA scores of the forecasting models
for steps 3, 36.

share of urban area are relatively more important. This supports the intuition that even if droughts
caused spatial shifts in violence intensity, this spillover would occur within the border of the affected
grid-cell, rather than in neighboring ones, and is thus likely to be captured in model specifications that
use priogrid-cells as unit of analysis. A systematic investigation of the possible spillover effects induced
by droughts cannot be undertaken in the present analysis however, and is left to future endeavours.
Drought-like conditions are the second most important group of features to predict conflict escalation
in the full model. Particularly relevant are long-term drought conditions as captured by the four-year
SPEI index, as well as climate anomalies which proxy the magnitude of the shock compared to past
climate variability. The importance of climate anomalies reflect locations’ adaptive capacity; grid-cells
that experienced low variability in climate conditions in the previous years may be less resilient to
shocks than those that are used to widely changing conditions. Short-term droughts hitting during the
growing season are especially relevant to predict escalation for a shorter forecasting horizon (s = 3).
These findings suggest that droughts can have an effect on escalation both in the short run by affecting
food production, and in the long-run, by vexing populations’ adaptive capacity. This is reinforced by
the importance of crop production in predicting changes in violence especially in the short-term. In fact,
the total quantity of agricultural production is particularly relevant in forecasting conflict escalation,
although its importance tends to decrease along the forecasting window.
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Table III. Feature Importance of the full model (out-of-sample).
Variable
ged best sb
time since ged dummy sb
time since splag 1 1 ged dummy sb
pgd pop gpw sum
time since greq 25 ged best sb
spei1 gs prev10 anom
time since ged dummy os
spei 48 detrend
pgd urban ih
tlag 12 vdem v2cldmovem
pgd ttime mean
time since splag 1 1 ged dummy ns
spei1 gsm cv anom
tlag1 spei1 gsm
spei1 gs prev10
reign couprisk
time since splag 1 1 ged dummy os
pgd bdist3
splag 1 1 ged best sb
pgd capdist
spdist pgd diamsec
reign lastelection
tlag 12 crop sum
time since greq 25 ged best os
time since ged dummy ns
pgd gcp mer
pgd agri ih
ln fvp timeindep
time since greq 500 splag 1 1 ged best sb
tlag 12 harvarea maincrops

3

6

12

36

0.616925
0.056044
0.021298
0.019502
0.012000
0.008691
0.008267
0.008096
0.007719
0.007364
0.007326
0.007312
0.007098
0.007098
0.006570
0.006503
0.006114
0.005995
0.005853
0.005697
0.005337
0.005300
0.005152
0.005125
0.005109
0.005105
0.005029
0.005026
0.004826
0.004800

0.635136
0.053908
0.016955
0.014993
0.007401
0.008413
0.007097
0.007782
0.009674
0.007381
0.006271
0.006336
0.006965
0.007456
0.006178
0.006406
0.006555
0.005367
0.003445
0.007304
0.005005
0.006549
0.004953
0.004527
0.005186
0.004559
0.006097
0.004527
0.004489
0.004513

0.648326
0.046602
0.011318
0.014089
0.006387
0.007839
0.006282
0.007910
0.011259
0.006452
0.005916
0.006265
0.006675
0.006987
0.006453
0.006453
0.007378
0.006338
0.003761
0.007310
0.004115
0.004543
0.004621
0.004507
0.005984
0.004906
0.007766
0.002477
0.004771
0.004278

0.678603
0.032662
0.008201
0.019355
0.004278
0.008368
0.004727
0.008995
0.012899
0.005445
0.006650
0.005290
0.005167
0.006566
0.006705
0.006104
0.006908
0.005215
0.002133
0.006349
0.004147
0.004786
0.004363
0.004100
0.004696
0.005016
0.007017
0.002359
0.003485
0.004825

Figure 4. Ablation Study, full model, out-of-sample. The figure shows change in MSE when removing a
set of feature from the full model. Negative change on the x-axis implies worse predictive performance

The importance of drought-related conditions in influencing conflict dynamics is reiterated by the
ablation study (details in Appendix). The purpose of ablation is to gain insight on how the predictive
performance of a model changes according to different features; if the model’s performance decreases
when dropping a particular feature, this feature contributes positively to the predictive power of the
model. Figure 4 illustrates the results of the ablation study for time steps 3, 12 and 36. The color
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and size of the dots indicate the ablated model’s MSE and TADDA respectively; red and bigger dots
correspond to a higher increase in the models’ error when the corresponding feature is dropped. The
x-axis reports the change in MSE of each ablated model compared to the whole model, i.e. the change
in the drought base model’s performance when dropping a particular feature5 . The higher the loss in
the model caused by dropping feature i, i.e. the higher the contribution of that feature to the models’
predictive performance, the more to the right of the central line the dot.
The plot shows that indicators of crop production and measures of adaptive capacity in the agricultural sector are the most important features in predicting conflict escalation. However, the relative
contribution of these two sets of factors varies across different time steps. Features related to the
growing season and the production of crops are more relevant to predict escalation in the short term,
while variables measuring populations’ adaptive capacity as a function of the past climate variability
are more important to predict long-term increases in violence. Specifically, for s = 3, the share of the
year for which the growing season is ongoing and the occurrence of a moderate drought during the
growing season are particularly relevant. For longer forecasting horizons and especially for s = 36,
the share of harvested area in the grid-cell is the most relevant feature, along with other indicators
of the agricultural sectors’ vulnerability to climate shocks, such as the anomaly in drought conditions
compared to the climate variability experienced in the past ten years. These findings confirm the trends
detected by the feature importances of the full model. Not only the impact of droughts is conditional
on agriculture, but this impact affects conflict escalation through mechanisms that differ in the short
and long term; while for short forecasting horizons droughts seem to affect violence mainly through
their negative effect on crops growing season and the livelihood deterioration that results from it, in the
long-term climate shocks may increase conflict escalation by exhausting individuals and communities’
capacity to adapt.
Partial dependence plots presented in Figure 5 illustrate the marginal effect of drought and agricultural production on the predicted conflict escalation for s = 3 and s = 36. The marginal effect
of agricultural drought is positive: negative values of the SPEI index, proxying water scarcity and
drought, are associated with positive increases in BRDs. Similar results are found for long-term SPEI
values, computed over 4 years.
The effect of drought again appears to be conditional on agriculture. Not only the partial dependence
plots suggests that decreased levels of crop production are associated with conflict escalation, but the
interactive plot (Figure 6, left) shows that the highest risk of escalation corresponds to extremely low
values of the SPEI index and very low levels of crop production. Yet, the effect of drought on conflict
escalation also increases for grid-cells with very high levels of crop production. This suggests that
the effect of droughts conditional on agricultural production is non-linear; droughts are particularly
destabilizing for both extremely poor areas where crops are cultivated for households’ sustenance, and
for locations where agricultural production is extensive, and thus probably represents a substantial part
of individuals’ income. The interactive plot of drought and the added value of agricultural production,
as a measure of agricultural dependence (Figure 6, right), confirms the importance of the latter feature
in shaping the impact of drought on conflict escalation. The interaction between droughts and the added
values of agriculture as a share of GDP has a positive effect on violence increase; this is consistent with
studies finding that locations that rely strongly on agriculture are more vulnerable to climate shocks
(Vesco et al., 2021).
5

For illustrative reason, I reverted the scale along the x-axis, so that features with greater importance are shown at
the right of the central line.
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Figure 5. Partial dependence plots of drought (left) and agricultural production (right) for s = 3 (top)
and s = 36 (bottom).

Figure 6. Interactive plots of drought and total crop production (left) and drought and value added of
agricultural production (right) and for s = 3

5

Conclusion

The present study investigates the effects of droughts on conflict escalation at the priogrid-month level.
I construct a new measure of conflict escalation, able to capture temporal trends in conflict intensity
over time, and explore the predictive power of climatic and agricultural indicators to forecast changes
in violence in Africa in an out-of-sample setting.
The findings suggest that droughts have an influence on sub-national conflict dynamics which largely
depend on agricultural production. Both short-term shocks during the main crops growing season and
prolonged periods of water scarcity in the past years are relevant for predicting conflict escalation,
although the mechanisms seem to differ according to the time-scale. In the short run, droughts are
likely to increase conflict escalation by negatively affecting food production, while in the long-run,
climate shocks operate by vexing populations’ adaptive capacity, especially in the agricultural sector.
The contribution of droughts in predicting the outcome slightly decreases over time, whereas structural
factors such as the level of development and the type of regime are more important in forecasting
long-term changes in violence intensity.
The impact of drought conditional on agricultural production is shown to follow a non-linear trend,
suggesting that climate shocks are more likely to lead to conflict escalation in both extremely poor areas
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where crops are cultivated for households’ sustenance, and locations where agricultural production is
extensive, and thus potentially represents a great share of individuals’ income.
Caution needs to be exerted when interpreting these results. Although providing useful indication
of the contribution of drought and agricultural related factors in predicting conflict escalation, these
findings cannot be interpreted in terms of causal inference. Also, additional effort is required to explore
the role of conflict actors in shaping the effect of climate extremes on conflict escalation, as well as
to investigate the potential violence spillovers induced by droughts which can increase the intensity of
conflict in neighboring locations.
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Portmann, Felix T., Stefan Siebert, and Petra Döll (Mar. 2010). “MIRCA2000-Global monthly irrigated and rainfed crop
areas around the year 2000: A new high-resolution data set for agricultural and hydrological modeling: MONTHLY
IRRIGATED AND RAINFED CROP AREAS”. In: Global Biogeochemical Cycles 24.1, n/a–n/a. doi: 10 . 1029 /
2008GB003435. url: http://doi.wiley.com/10.1029/2008GB003435 (visited on 06/30/2020).
Pruitt, Dean G. and Sung Hee Kim (2001). Social conflict: escalation, stalemate, and settlement. 3rd ed. McGraw-Hill
series in social psychology. Boston: McGraw-Hill. 316 pp.
Richards, Paul (1996). Fighting for the rain forest: war, youth & resources in Sierra Leone. African issues. Portsmouth,
N.H: Heinemann. 181 pp.
Roche, Kevin R. et al. (Jan. 28, 2020). “Climate change and the opportunity cost of conflict”. In: Proceedings of the
National Academy of Sciences 117.4, pp. 1935–1940. doi: 10.1073/pnas.1914829117. url: http://www.pnas.org/
lookup/doi/10.1073/pnas.1914829117 (visited on 08/17/2020).
Schlenker, Wolfram and David B Lobell (Jan. 2010). “Robust negative impacts of climate change on African agriculture”.
In: Environmental Research Letters 5.1, p. 014010. doi: 10.1088/1748-9326/5/1/014010. url: https://iopscience.
iop.org/article/10.1088/1748-9326/5/1/014010 (visited on 03/30/2021).
Strobl, Carolin et al. (2008). “Conditional variable importance for random forests”. In: BMC Bioinformatics 9.1, p. 307.
doi: 10.1186/1471-2105-9-307. url: https://doi.org/10.1186/1471-2105-9-307.
Sundberg, Ralph and Erik Melander (July 2013). “Introducing the UCDP Georeferenced Event Dataset”. In: Journal of
Peace Research 50.4, pp. 523–532. doi: 10.1177/0022343313484347. url: http://journals.sagepub.com/doi/10.
1177/0022343313484347 (visited on 12/18/2019).
Swinnen, J. and P. Squicciarini (Jan. 27, 2012). “Mixed Messages on Prices and Food Security”. In: Science 335.6067,
pp. 405–406. doi: 10.1126/science.1210806. url: https://www.sciencemag.org/lookup/doi/10.1126/science.
1210806 (visited on 08/19/2020).
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