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Abstract
Armed conflicts have been associated with a variety of detrimental impacts on human
security and development, and represent a crucial vector of societal vulnerability to subsequent climate hazards. The burgeoning literature on climate security has highlighted
that climate variability and natural disasters may indirectly increase conflict risk in
vulnerable locations. However, scientifically sound knowledge of the impacts of armed
conflicts on socio-economic vulnerability remains sparse, and more research is needed to
understand the complex linkages between natural disasters, armed conflict, and societal
vulnerability. This study fills the gap by empirically investigating the impacts of armed
conflicts and natural disasters on subsequent levels of societal vulnerability to climate
hazards. The paper uses global, time-varying data for 189 countries between 1995 and
2019, combining information on natural disasters, armed conflict, and socio-economic
vulnerability. We apply a leave-the-future-out cross validation and an extreme gradient
boosting algorithm to test the out-of-sample performance of armed conflict, alone or in
combination with natural disasters, as a predictor of vulnerability. This machine learning approach enables us to overcome some of the empirical challenges that traditional
statistical methods relying on reduced form regressions fail to solve.

∗

† Corresponding author: paola.vesco@pcr.uu.se
The authors contributed equally to the paper and are listed in alphabetical order.

1

1

Introduction

Climate change is one of the most pressing issues of our time. The Intergovernmental Panel
on Climate Change (IPCC) has estimated that human activities have caused approximately
1°C of global temperature increase with respect to pre-industrial levels, and that the rate of
warming has been unprecedented in the last 2000 years (IPCC, 2021). A number of climatic
changes have already been observed in the last decades, including changes in temperature
and precipitation patterns, and the increase in frequency and magnitude of extreme weather
events (IPCC, 2021). In 2021, 432 disasters related to natural hazards were recorded in the
EM-DAT Database (CRED, 2022). These changes have been and will increasingly affect both
natural and human systems to an extent that could require radical adaptation responses and
major adjustments in current social, political and economic systems.
Organized violence has also been increasing worldwide since 2020, reversing the downward
trend in fatalities observed after the peak in 2014 (Pettersson et al., 2021). The Uppsala
Conflict Data Program (UCDP) recorded 56 active conflicts in 2020 – a record high since
1946 (Strand and Hegre, 2021), as the decrease in fatalities in some areas, such as Syria,
was counteracted by the upsurge in violence in other regions of the world, mainly in Africa
(Pettersson et al., 2021).
Armed conflicts are "development in reverse" (Collier et al., 2003): they have been associated with a decline in economic growth (Gupta et al., 2004), development failures (Gates
et al., 2012), food insecurity (FAO, 2020), migration and displacement (Schutte et al., 2021),
public health crises and the outbreak of diseases (Ghobarah et al., 2004), the deterioration
in social, physical and mental well-being of affected individuals (Cheung et al., 2020), and
declining educational attainments (Davies, 2005; Diwakar, 2015). In turn, low levels of development, poor livelihood conditions, increased migration flows, and weak state capacity
are associated with heightened vulnerability to climate hazards (Augsten et al., 2022).
Armed conflicts can therefore be a major driver of societal vulnerability, but they are also
a consequence of development failure, displacement, economic inequality and poor state capacity. As illustrated in Figure 1, disasters, socio-economic vulnerability and armed conflicts
might thus compound with each other in a self-reinforcing feedback loop that breeds higher
vulnerability, increased conflict risk and harmful climate-related impacts (Buhaug and von
Uexkull, 2021). The result may be a vicious circle, trapping affected societies in a spiral of
violence, vulnerability, and harmful impacts (Buhaug and von Uexkull, 2021).
In particular, the literature on vulnerability has seen a surge in the last several years, following
the increasing concerns regarding climate change and numerous reports by international institutions. The IPCC defines vulnerability as "the propension or predisposition to be adversely
affected" (IPCC, 2022, p.5). We rely on this definition and understand societal vulnerability
as the predisposition of human systems to be negatively affected by the impacts of natural
disasters. Following this notion, socio-economic vulnerability is considered a multifaceted
concept, which encompasses several different dimensions.
Although research on the climate-conflict nexus has surged in the past decades (e.g.
Koubi, 2019; Mach et al., 2019; von Uexkull and Buhaug, 2021), this literature has mostly
focused on the impacts that climate change, coupled with societal vulnerability, can have on
the risk of violence, while the effects of armed conflict on vulnerability to climate hazards
remain poorly understood.
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Figure 1. The map visualizes the locations hit by at least 3 climate-related natural disasters in 2018 (purple) from GDIS, a
geo-coded extension of the EM-DAT database (Rosvold and Buhaug, 2021); the count of fatal political events of any type
(red) recorded by UCDP-GED in 2018 (Croicu and Sundberg, 2015), and the ‘disasters and conflict sensitive’ vulnerability
score reconstructed from Notre Dame Global Adaptation Initiative (2022) one year later, in 2019.

To the best of our knowledge, only one empirical study (Marktanner et al., 2015) has
analysed the impact of armed conflict on societal vulnerability to natural disasters. Understanding the complex feedback loops involving armed conflict and vulnerability to climate
related hazards is, however, paramount to meaningfully predict and possibly prevent future
impacts in conflict-exposed, vulnerable communities. More systematic empirical research
is therefore needed to fully understand the mutual association between armed conflict and
vulnerability to climate shocks (Buhaug and von Uexkull, 2021; Augsten et al., 2022, p.16).
The present work aims at filling this research gap by analysing the impact of armed
conflicts, alone or in combination with the occurrence of natural disasters, on socio-economic
vulnerability. We use global, yearly data on 189 countries from 1995 to 2019 to test the outof-sample performance of armed conflict and natural disasters indicators in predicting the
ND-GAIN country vulnerability index. The rest of the paper is structured as follows: the first
section sets up the theoretical framework; the second illustrates the data and methodology
used; the third reports results and the final section discusses and concludes.

2
2.1

Theoretical Framework
Climate, vulnerability and conflict

Climate variability and related impacts have been increasingly at the forefront of the public debate thrusting security risks into the spotlight. Climate as a security issue allegedly
involves threats to national stability, livelihoods and health conditions of millions of people
across the globe (Barnett, 2003). In the past decade, a burgeoning literature on climate
security has advanced common knowledge of the relationship between climate variability and
the risk of various conflict outcomes (Mach et al., 2019; von Uexkull and Buhaug, 2021).
The most recent empirical studies have shed light on the indirect, conditional relationship
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between climate shocks and conflict outcomes, and highlighted the role of societal vulnerability in mediating the security risks posed by climate stressors (Koubi, 2019; von Uexkull
and Buhaug, 2021). Scholars agree that climate change may indirectly contribute to an increase in conflict risk, through a complex causal chain involving socio-economic, political and
cultural factors (Field et al., 2014, IPCC, 2022). Vulnerable populations that are heavily
dependent on agricultural production, and are characterized by weak institutions, poor state
capacity, and pre-existing ethnic or societal cleavages, are more likely to experience conflict
risk when exposed to natural disasters. For example, climate-related resource scarcity and
crop failures could have severe impacts on communities’ livelihoods and thereby increase conflict risk (Raleigh et al., 2015 von Uexkull et al., 2016 Vesco et al., 2020 Vesco et al., 2021).
Additionally, climate-induced migration might result in higher conflict risks in receiving areas because of competition for access to scarce resources, especially if this is compounded by
underlying ethnic and socio-economic cleavages (Brzoska and Fröhlich, 2016; Koubi, 2019).
Climate changes and shocks are thus a ‘threat multiplier’ that may exacerbate the main
underlying socio-economic, cultural and political drivers of conflict (Field et al., 2014). In the
short term however, socio-economic and governance-related factors will continue to represent
the main causes of violent conflict (IPCC, 2021, p.13).
Most of the factors that drive insecurity and conflict risk, such as low socio-economic development, poverty, and weak governance and institutions, are also crucial drivers of societal
vulnerability to natural disasters. Since vulnerability represents the predisposition to be adversely affected (Field et al., 2014), it is likely that numerous factors within different realms
can have an effect on it; in turn, heightened socio-economic vulnerability can be detrimental when future climatic shocks occur. As exemplified in Figure 1, the association between
armed conflict, climate impacts, and societal vulnerability is hence inherently endogenous:
past impacts of both conflicts and climate-related shocks increase societal vulnerability to
future climate hazards (Buhaug and von Uexkull, 2021).
The following section reviews the main mechanisms connecting armed conflict, natural
disasters, and societal vulnerability to climate hazards, and lays out our theoretical expectations.

2.2

Integrating the literature: a complex framework

Armed conflicts have been linked to a variety of negative outcomes that may increase subsequent socio-economic vulnerability to other hazards.
First, conflicts have detrimental effects on many critical dimensions of human development, such as food security and livelihood: they have been associated with hunger crises and
increased undernourishment, higher infant mortality rates, lower educational attainment, and
livelihood deprivation (Gates et al., 2012). In turn, socio-economic development is one of
the main drivers of vulnerability, as poor countries with low levels of development lack the
resources to adapt to and recover from climate hazards and disasters (Yohe and Tol, 2002).
At a macro-level, violence increases economic inequality, as the disruption of market
mechanisms and threats to rule of law during and after conflicts hinder government effectiveness (Bircan et al., 2010). Armed conflicts dampen economic growth and have adverse
effects on inflation, tax revenues and investments (Gupta et al., 2004). This diminishes state
capacity and it results in a lower pool of resources being available to adapt to and/or prevent
4

Figure 2. This figure represents the complex theoretical relationships among societal vulnerability, armed conflicts and natural disasters: both natural disasters and armed conflicts increase socio-economic vulnerability; heightened socio-economic
vulnerability, in turn, affects the subsequent impacts of climate-related hazards and might even increase future conflict risk.

climatic-related risks (Buhaug and von Uexkull, 2021).
‘Civil wars kill and maim people—long after the shooting stops’ and they have long-lasting
effects on civilian health and well-being (Ghobarah et al., 2003; Wagner et al., 2018). Not
only do conflicts kill people directly, but they also spread destruction and death indirectly, for
example through the disruption of health services and increased risks of disease outbreaks or
spread of epidemics due to poor sanitation and impaired access to freshwater (Murray et al.,
2002; Iqbal, 2006). The long-term impairment in public health causing long-lasting effects on
the surviving individuals is likely to make them more vulnerable to future climatic hazards.
Armed conflicts do not only cause physical injuries and traumas, but have a wide range
of psychological and mental health-related effects, including the exacerbation of previous
mental health conditions and a decreased ability to cope with problems generated by conflictrelated violence (Garry and Checchi, 2020a). As psychological preparedness and resilience
are fundamental in shaping individuals’ response to natural disasters, psychological distress
and mental-health conditions can exacerbate vulnerability to subsequent shocks (Morrissey
and Reser, 2007).
Moreover, armed conflicts can trigger migration and displacement, perceived either as
a coping strategy or as a last resort in case of violence (Augsten et al., 2022), whereby
populations will try to flee conflict-ridden regions in search of a safer environment and better
opportunities (Adhikari, 2012). In turn, migration can increase affected people’s vulnerability
to climate hazards. Not only refugees and displaced communities living in temporary camps
are more exposed to natural disasters (UNHCR, 2017); migrants are also more likely to accept
riskier jobs (Orrenius and Zavodny, 2009; Johnson and Ostendorf, 2010) that make them
more vulnerable to shocks. The inflow of migrants might destabilize the ethnic and social
equilibria of host societies, especially in case of pre-existing marginalization (Rüegger, 2019;
Schleussner et al., 2016). The destabilization induced by migrants’ inflow might deteriorate
states’ willingness or ability to devote resources to disaster risk management and thereby
increase the vulnerability of displaced and host communities (Marktanner et al., 2015).
We expect long-lasting and more intense conflicts to have particularly dire implications
on societal vulnerability. First, longer and more severe conflicts are associated with greater
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material destruction and higher casualties and deaths, leading to higher macro-economic
damages (Besley and Mueller, 2012; Mueller, 2016). Greater life losses and economic damages
increase the risk of economic decline, as they progressively divert public resources away from
other spheres (Lavi and Bar-Tal, 2015). Longer, severe conflicts are also more likely to change
societal norms, and lead to a normalization of violence as an accepted behavioural pattern
(Lavi and Bar-Tal, 2015). Protracted conflict exposure and the normalized use of violence in
conflict-ridden societies might increase the risk of experiencing PTSD and major depression,
especially in the case of resource loss and individual lost of trust in the government (Canetti
et al., 2010). The individual and community level erosion of trust further destroys economic
ties, increases social and political polarization, and overall heightens the risk of precipitating
societies into conflict recurrence (Cederman and Pengl, 2019) and ‘conflict traps’ (Collier
and Sambanis, 2002) which further reduce societal adaptive capacity and preparedness to
respond to subsequent shocks.
The above arguments yield the following first set of hypotheses:
Hypothesis 1. Exposure to armed conflict improves predictions of societal vulnerability
to climate hazards.
Hypothesis 1a. More intense armed conflict are associated with higher levels of societal
vulnerability to climate hazards.
Hypothesis 1b. Protracted armed conflicts are associated with higher levels of societal
vulnerability to climate hazards.
Climate-related natural disasters are an additional driver of societal vulnerability that
can deteriorate the capacity of societies to adjust to future hazards. An important distinction needs to be made between hazards and disasters. Hazards are extreme events - such as
storms, cyclones and droughts - that occur because of climatic forces; their frequency and
magnitude is increasing as a result of climate change (Field et al., 2014). Disasters, on the
other hand, are the product of hazards occurring within socio-economic systems. Disasters
manifest themselves as people and resources are affected and damaged. As disasters strictly
depend on the vulnerability of the exposed system, some scholars argue that no disaster can
be deemed "natural" (Kelman, 2019).
In other words, while climate hazards relate to the intensity and severity of a climate phenomenon, natural disasters are dependent on the populations’ response to the hazard, and
thus are closely related to the magnitude of the impacts suffered by the population. The
present analysis thus focuses on climate-related natural disasters as a main driver of socioeconomic vulnerability.
Similarly to conflicts, natural disasters can trigger migration flows. Natural disasters
in combination with loss of households’ assets increase the likelihood of internal migration
(Petrova, 2021). Likewise, drought induced crop failures or prolonged arid conditions in rural
areas may push people to migrate to urban centers, putting urban wages under pressure.
(Marchiori and Schumacher, 2011).
Natural disasters are also associated with increased volatility in the agricultural market
and peaks in food prices (Fuglie, 2021), which can result in income losses and increased
poverty for urban residents, especially in already poor countries characterized by high-income
inequality (Dessus et al., 2008). Poverty, poor access to resources and food insecurity limit
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the capacity of communities to respond to climate-related shocks. For example, communities
that rely on agricultural-dependent activities as their main source of livelihood confront
higher levels of vulnerability when exposed to natural disasters(von Uexkull et al., 2016).
Natural disasters can damage residential properties and infrastructures, force the interruption or relocation of business activities, and disrupt firms’ capital and production (Kousky,
2014). The loss of lives and structural destruction caused by natural disasters can result in
economic losses, with average annual costs ranging between 94 billion (EM-DAT) to over 130
billion USD (Kousky, 2014). The economic loss may in turn reduce both individuals’ and
governments’ resource availability, and thus lead to a deterioration in adaptive capacity.
At an individual level, natural disasters can have long lasting psycho-social and mentalhealth impacts on exposed populations, particularly on women and children (Morrissey and
Reser, 2007), leading to an additional impairment in individual coping mechanisms and
heightened vulnerability to future hazards.
The human and economic damages induced by natural disasters, and the individual distress associated with them, can undermine social capital and reduce social trust (Albrecht,
2018), threaten state capacity and institutional integrity, and deteriorate government stability and democratic accountability (Khurana et al., 2022). In turn, the lack of accountable
governance and weak institutions constitute a major driver of vulnerability (Augsten et al.,
2022). Research has in fact shown that state capacity prevents human losses caused by natural disasters, especially predictable ones such as floods and storms (Lin, 2015), and countries
with better institutions experience less human and economic costs from natural disasters
(Raschky, 2008).
Overall, natural disasters may exacerbate and perpetuate societal vulnerability and deteriorate the resilience of affected societies to future climate hazards. Crucially, multiple
climate-related disasters and their effects might compound with each other; not only multiple natural disasters might occur consecutively, but their impacts might overlap both spatially and temporally, hindering the possibility of recovery and further increasing societal
vulnerability to subsequent events (Ruiter et al., 2020; Zscheischler et al., 2020).
This leads us to formulate the following hypothesis:
Hypothesis 2: Exposure to natural disasters improves prediction of societal vulnerability
to climate hazards.
Not only natural and human induced disasters have the potential to increase societal
vulnerability to future natural hazards, but the effect of a compound exposure to armed
conflict and natural disasters can be even more detrimental to societal vulnerability. The
combination of social and natural events can in fact give rise to a cascade of temporally
or spatially dependent risks (Zscheischler et al., 2018), which might compound and further
increase socio-economic vulnerability to future hazards.
In fact, natural disasters can increase the risk of conflicts, especially in regions characterized by high levels of inequality, sluggish economic growth and mixed political regimes
(Nel and Righarts, 2008). Natural disasters can also increase the duration of civil wars, by
dampening state capacity and reducing available resources for peace efforts (Eastin, 2016).
In turn, as disasters are a product of social constructs beyond the natural event itself, the
devastation induced by violence can contribute to shaping natural hazards into disasters (Peters, 2022, p.2). The compound effect of violence and climate-related natural disasters may
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therefore be more detrimental to societal vulnerability than the occurrence of a single event.
It is not a coincidence that the most severe humanitarian crises are found in areas exposed to
a combination of human and natural disasters (von Uexkull and Busby, 2018). For example,
some of the most acute hunger crises are located in conflict-affected regions that were exposed
to prolonged or severe natural hardships, such as conflict-ridden South Sudan and Northern
Nigeria (Buhaug and von Uexkull, 2021).
Lastly, women are particularly vulnerable to the impacts of both climate natural disasters
and armed conflicts (Augsten et al., 2022). Climate related natural disasters, especially in
agricultural dependent communities, disproportionately expose women to forced migration,
discrimination, land and income loss, and food insecurity (Chandra et al., 2017). On average,
women are more affected by natural and human disasters due to their weakened capacity to
recover (Chandra and Gaganis, 2016), impaired access to land rights, financial resources and
social protection mechanisms (Molyneux and Razavi, 2002; Shah et al., 2013), as well as
cultural and societal barriers to disasters adaptation and response (Zake and Hauser, 2014).
These arguments yield the following hypotheses:
Hypothesis 3: The combined exposure to natural disasters and armed conflict improves
prediction of societal vulnerability to climate hazards better than the exposure to a single
event.
Hypothesis 3a: Gender inequality improves prediction of societal vulnerability to climate
hazards.

3
3.1

Data and Methodology
A machine learning approach

Extreme, rare events such as armed conflicts or climatic extremes, which can cause devastating impacts, are generally characterized by a complex chain of causal steps, the effects
of which often propagate beyond the event itself in both space and time (Zscheischler et
al., 2018). Understanding the overall impacts of compound events requires an analysis of
complex causal mechanisms and interactions among various components, and approaches
that rely on good social science data are necessary to allow for effective interventions (Janes
et al., 2012). Traditional statistical methods that rely on reduced form regressions are not
fully equipped to grasp the complexities of these linkages and are especially unsuitable to
characterize endogenous relationships (Schutte et al., 2021).
In contrast, predictive models reliant on machine learning algorithms are flexible enough
to overcome the limitations of reduced form regressions, while maintaining high interpretability. Out-of-sample predictions can successfully contribute to the testing of theoretical arguments as an alternative or supplement to null hypothesis significance tests (Hegre et al., 2017;
Ward et al., 2010). Examining the variables that increase the predictive performance of the
models provides insight on the aspects of the models and underlying theories that generalize
well on unseen data (Colaresi and Mahmood, 2017). For example, the increase in prediction error when removing a variable from the overall model indicates a positive marginal
contribution of that variable in predicting the outcome (Ward et al., 2010).
We examine the out-of-sample performance of four models employing the same machine
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learning algorithm but varying sets of features to predict societal vulnerability to climate
hazards, measured by the yearly vulnerability score from ND-GAIN (Chen, 2015, see section
3.3.1). To measure the contribution of various sets of independent variables in predicting
vulnerability, we compare the four models to the baseline model, which only includes the
population size per country as predictor. We expect population size to be a strong predictor,
as vulnerability is highly dependent on exposure.
The ‘armed conflict’ model includes the annual, national count of armed conflict events
of any type (state-based, one-sided, non-state) from the Uppsala Conflict Data Program
(UCDP), the related number of fatalities, and the duration of ongoing conflicts for every
country and year (Pettersson and Öberg, 2020). The second set of features in the ‘natural
disasters’ model, used to test Hypothesis 2, includes the count of natural disasters for every
country-year, the related number of ‘affected’ people, i.e. those injured, killed or in need
of assistance, and the total estimated damages in USD, drawn from the EM-DAT Database
(Guha-Sapir, 2020). The third set of features characterizing the ‘compound events’ model,
and employed to test Hypothesis 3, combines both armed conflict and natural disasters
indicators. To test hypothesis 3a, we specify a ‘gender’ model that includes measures of
gender inequality from the World Development Indicators in addition to armed conflict and
natural disasters predictors. Specifically, we include the proportion of seats held by women
in national parliaments, female unemployment as a percentage of the female labour force and
the under-5 female mortality rate (World Bank, 2019). As we cannot assume an immediate
effect of human or natural disasters on countries’ response, all predictors included in the
model are lagged by one year. As the choice of lags may affect the prediction results, we test
the robustness of our models by varying the lag structure (see section 4.1). More information
on the main data sources is provided in section 3.3.

3.2

Modelling design

We train, evaluate and test the models using global data for each country and year in the
1995-2019 period. We utilize a ‘leave-the-future-out’ cross validation with a random forest
machine learning algorithm that closely approximates the task of predicting the real nearfuture vulnerability. To maximise the amount of data while avoiding leakage, we trained the
models on 21 partially overlapping sub-sets of the samples within the period 1996-2018, as
in Schutte et al. (2021) (e.g. 1996-1998,...2016-2019) and predict for one year ahead within
the range 1999-2019.
All models are trained with a random forest regressor (rf). Random forest is a ‘bagging’
method where decision trees are added simultaneously to the ensemble and fit to correct
the prediction errors made by prior models (Breiman, 2001). Random forest is less prone
to overfitting than other algorithms, and by combining multiple decision trees through a
bootstrap aggregate, it increases predictive accuracy. The random selection of features and
the resulting diversity of the trees make this algorithm highly interactive and able to capture
complex feature patterns. The gradient boosting increases predictive accuracy while going
beyond stringent functional forms assumptions.
For each model, we evaluate predictive performance as the absolute difference between
predicted and actual outcomes (‘mean absolute error’ or MAE ), averaged across all sub-sets
of the samples. Better-performing models have lower average errors, such that an increase in
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the average error of a model specification when dropping a set of features from the overall
model indicates a positive contribution of those features in predicting the vulnerability score.
As the modelling set-up is equivalent to dropping a particular set of features from the combined model, the difference in predictive error between the compound model and the armed
conflict or natural disasters models provides an indication of the marginal contribution of
that particular set of features in predicting vulnerability. Likewise, as a test for Hypothesis
3a, we can therefore compare the predictive performance of the compound events and the
gender compound models. A lower error of the latter model would indicate a positive contribution of gender features in predicting societal vulnerability in exposed societies. In order
to test Hypothesis 1a and 1b, we compute and present the accumulated local effects (ALE)
plots for all the features in the compound model, including the duration of ongoing conflicts
(1a) and the intensity of violence, proxied by the count of battle-related deaths (1b). ALE
plots describe how features influence the prediction of a machine learning model on average,
and represent an efficient and unbiased alternative to partial dependence plots (PDPs) that
are not suitable in presence of highly correlated features. (Molnar, 2021).

3.3
3.3.1

Data
Vulnerability data

The vulnerability data are drawn from the country-year ND-GAIN vulnerability score (Notre
Dame Global Adaptation Initiative, 2022). The ND-GAIN aggregate index assigns a 0-1 vulnerability score to each country and year from 1995 to 2019. Consistently with the IPCC’s
definition, vulnerability is defined as the ‘propensity or predisposition of human societies
to be negatively affected by climate hazards’ (Chen, 2015). The index encompasses six
macro sectors that assess the vulnerability of a country with respect to food, water, health,
ecosystem services, human habitat and infrastructure. For each sector, the ND-GAIN score
results from the aggregation of three macro components: adaptive capacity, sensitivity and
exposure, each including a number of sub-indicators. For each sub-indicator, 0-1 scores are
assigned according to each country-year’s performance against an optimal benchmark. The
aggregated vulnerability score, ranging from 0 (low) to 1 (high vulnerability) is computed
for each country-year as the arithmetic, unweighted mean of all the sub-indicators.
The ND-GAIN vulnerability index is well established in the literature and has been used
extensively to answer various research questions, including to explore how countries’ vulnerability respond to climate change perception (Azócar et al., 2021), and to investigate the
effect of macro-level characteristics on societal vulnerability to climate shocks (Halkos et al.,
2020), with a particular focus on the challenges faced by developing countries (Namdar et al.,
2021). ND-GAIN data have also been used to study the nexus between adaptation, readiness, and vulnerability of countries over time (Sarkodie and Strezov, 2019), and to identify
challenges and adaptation options (Amegavi et al., 2021).
Other country-level indexes are available to measure trends in vulnerability and resilience,
including the World Risk Index (WRI) and the INFORM Risk Index. WRI provides information on risk as a function of exposure and vulnerability (Franziska Atwii, 2022). The
INFORM Risk Index assesses the risk of humanitarian crises, operationalized along the dimensions of hazards and exposure, vulnerability, and lack of coping capacity (Montserrat
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et al., 2017). Despite a slightly different conceptualization, the vulnerability scores assigned
by these indexes are largely overlapping and strongly correlated, especially as concerns their
vulnerability component (Garschagen et al., 2021).
Our choice of ND-GAIN data over alternative indicators is motivated by a number of
factors that we summarise here. First, the definition and operationalization of ND-GAIN
are explicitly consistent with the IPCC’s definition of vulnerability as ‘the propensity or
predisposition to be adversely affected’, and encompassing ‘a variety of concepts and elements, including sensitivity or susceptibility to harm and lack of capacity to cope and adapt’
(Glossary IPCC, 2022).
Second, the availability of ND-GAIN scores across multiple sectors is advantageous over
the other indices, as it allows for a selection of sub-indicators relevant to a specific research
question. For example, Regan and Kim (2020) select a subset of ND-GAIN sub-indicators
relevant for water stress to study the impact of climate drivers on the risk of armed conflict,
and find that higher levels of adaptive capacity decrease the probability of conflict risk in
response to water stress.
As we are interested in how societal vulnerability responds to both natural disasters
and conflict events, the provision of disaggregated information on sectoral vulnerability is
fundamental for the purpose of this study. Among these sectoral indicators, ND-GAIN
includes information on some fundamental components of societal vulnerability that are
very sensitive to natural disasters and armed conflict, such as water, infrastructure, and
food. In particular, ND-GAIN encompasses data on access to electricity, energy dependency,
agricultural capacity, and food import dependency, which not only represent a significant
component of a country’s vulnerability but are also impacted by both armed conflict and
natural disasters. Although the WRI and the INFORM index include many dimensions of
societal vulnerability linked to economic development (such as GNI per capita or the HDI
index), they do not account for a number of other components that are critical to analyse
societal responses to natural disasters and armed conflicts, such as infrastructure, water, and
food/agriculture.
Lastly, the temporal span of ND-GAIN data (1995-2019) enables us to maximise the
amount of information for training and testing the predictive models. ND-GAIN consistently
reports data for the period 1995-2019; WRI have updated and consistent data (including all
the sub-indicators) available for the years 2000-2022, and INFORM collects data from 2014
to 2022. As we have conflict data available since 1989, using WRI or INFORM would cause
a loss of 3 and 16 years, respectively, in the overall data available for the analysis relative to
the temporal span covered by the ND-GAIN index.
3.3.2

Disasters and conflict sensitive vulnerability index

Despite the broader temporal and spatial coverage of ND-GAIN as well as the provision of
sectoral information on vulnerability, ND-GAIN is not exempt from limitations. Crucially,
not all sub-indicators that are included to compute the ND-GAIN aggregate vulnerability
score might be relevant for our research question as some dimensions may be un-affected
by the material and immaterial destruction caused by violence. To isolate the vulnerability
shock suffered by sectors that are sensitive to the impacts of conflict and climate hazards,
we draw from the sub-indicators of ND-GAIN and re-construct a ‘disasters and conflict sen11

sitive’ vulnerability index, following a similar procedure to the one used in Kling et al. (2021).
Sector

Indicator

Relevance

Food

Food import dependency

Food consumption is affected by conflict and climate hazards
(Dureab et al., 2019; Fuglie, 2021)

Rural population

Rural population are more vulnerable to the conflict and climate nexus (von Uexkull et al., 2016)

Agricultural capacity

Agricultural technology (e.g. irrigation) can mediate the impacts of natural hazards (Mendelsohn and Seo, 2007)

Child malnutrition

% Conflicts and natural disasters can both increase child malnutrition (Brown et al., 2021, e.g.)

Water dependency

Climate change, natural disasters, and conflicts can affect water resources, access, and management (Gosling and Arnell,
2016; Schillinger et al., 2020) and thus countries’ dependency
on foreign water resources

Dam capacity

Armed conflicts can target dams as a weapon (Schillinger et
al., 2020)

Access to drinking water

Climate hazards, natural disasters and conflicts can increase
water scarcity (Gosling and Arnell, 2016; Schillinger et al.,
2020)

Dependency on external resource for
health services

Conflicts impact public health services directly and indirectly
(Garry and Checchi, 2020b)

Slum population

Conflicts, climate change, and natural disasters increase
poverty, slow socio-economic development (Hallegatte and
Rozenberg, 2017; Gates et al., 2012) and trigger refugee flows
(Schutte et al., 2021) that may all contribute to increased the
share of slum population

Medical staffs

Conflicts may directly target or harm medical staff and health
facilities (Garry and Checchi, 2020b)

Access to improved sanitation facilities

Armed conflict and natural disasters may disrupt the access to
sanitation facilities

Natural capital dependency

Societies that are dependent on natural resources may be more
at risk of armed conflict (Boix, 2008)

Engagement in international environmental conventions

it proxies the political ability to reach decisions, which is lowered in conflict-affected countries

Urban concentration

Densely inhabited areas suffer relatively more destruction from
conflicts and climate hazards due to increased exposure

Age dependency ratio

Children and the elderly are more vulnerable to the impacts of
conflict and natural disasters (Jawad et al., 2020; Cherniack,
2008)

Quality of trade and transport infrastructure

Trade is negatively affected by conflict (Magee and Massoud,
2011)

Water

Health

Ecosystem services

Habitat

Infrastructure

Paved roads

Roads can be destructed by conflicts and natural disasters

Dependency on imported energy

Armed conflict and natural disasters can disrupt energy facilities and increase dependency on imported sources.

Electricity access

The destruction caused by armed conflict and natural hazards
can disrupt access to grid-power

Disaster preparedness

Armed conflict can lower state capacity, lower development
(Gates et al., 2012), and thus reduce disaster preparedness

Table 1. ND-GAIN indicators included in the aggregate disasters and conflict sensitive indicator of vulnerability.

To this end, our ‘disasters and conflict sensitive’ vulnerability index is constructed by
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averaging the ND-GAIN sub-indicators that are responsive to conflict and natural disasters.
The sub-indicators are selected based on an evaluation of their relevance, and according to
the existing empirical literature on the impacts of armed conflict and natural disasters, as
summarized in column 3, Table 1. To minimise the risk of data leakage, the re-constructed
indicator also excludes all sub-indicators that are derived from projected data. The final
sub-indicators taken into account to construct the new index are presented in Table 1.
3.3.3

Armed conflict data

Data on violence are drawn from UCDP (Pettersson and Öberg, 2020), and follow their
definition of armed conflict as an incompatibility concerning the government and/or territory
of a state where the use of armed force results in 25 or more battle-related deaths per countryyear (Gleditsch et al., 2002). We include all types of violent events coded by UCDP: statebased armed conflicts involving at least the government of a state, non-state violence between
non-governmental actors such as rebel groups, and one-sided violence where a governmental
or non-state actor attacks unarmed civilians. UCDP data are extracted from a multitude
of sources, including news articles, reports from United Nations agencies and international
organisations, Truth and Reconciliation Commissions and case-oriented research studies (Eck,
2012). Despite being obviously subject to the same limitations as its sources, UCDP applies
a strict definition of conflict events and a rigorous coding approach that ensures that every
event is carefully vetted before inclusion to guarantee data quality (Eck, 2012).
3.3.4

Natural disasters data

Information on natural disasters is drawn from the publicly accessible EM-DAT Database
(Guha-Sapir, 2020) maintained by the Centre for Research on the Epidemiology of Disasters
(CRED) of the University of Louvain, Belgium. EM-DAT includes disasters that caused more
than 10 fatalities, left more than 100 people in need of emergency assistance, and involved
either the declaration of a state of emergency, or a call for international assistance. EM-DAT
data are coded from a collection of sources such as United Nations agencies, governmental
and non-governmental organizations, insurance companies, research centers, and the press
(Guha-Sapir and Below, 2002). Being focused on humanitarian needs, EM-DAT data may
fail to comprehensively cover disasters in developed countries that experienced high economic
and material losses, but lower deaths and no call for international aid (Kousky, 2014). Despite
this caveat, EM-DAT is to date the best source for consistent, cross-national data on natural
disasters (Kousky, 2014). We exclude from the analysis natural disasters that are not strictly
linked to climatic changes, e.g. earthquakes and epidemics, and we account only for climaterelated ones, such as storms and droughts. The complete list of climate-related disasters
considered in the analysis can be found in Table 2.
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Disaster Type

Disaster sub-group

Disaster group

Inclusion in the analysis

Earthquake

Geophysical

Natural

Not included

Mass Movement (dry)

Geophysical

Natural

Not included

Volcanic activity

Geophysical

Natural

Not included

Extreme temperature

Meteorological

Natural

Included

Fog

Meteorological

Natural

No data

Storm

Meteorological

Natural

Included

Flood

Hydrological

Natural

Included

Landslide

Hydrological

Natural

Included

Wave action

Hydrological

Natural

No data

Drought

Climatological

Natural

Included

Glacial lake outburst

Climatological

Natural

Included

Wildfire

Climatological

Natural

Included

Epidemic

Biological

Natural

Not included

Insect infestation

Biological

Natural

Not included

Animal accident

Biological

Natural

Not included

Impact

Extraterrestrial

Natural

Not included

Space weather

Extraterrestrial

Natural

Not included

Table 2. Table 2. Correlation between ND Gain sub-indicators used to calculate the new conflict-sensitive vulnerability
indicator in 2019 and total fatalities and total conflict count in 2018.

4

Results

The results of the forecasting models are presented in Figure 3. The map (a) illustrates the
best predictive models for each country, averaged over the test sets in 1999-2019. Results are
displayed in section a of Figure 3. As Figure 3 shows, the best predictive model varies across
countries worldwide. The conflict model is the best predictive in the Russian Federation, in
some vulnerable countries of the Middle East, like Afghanistan and Turkmenistan, and of
Latin America, such as Argentina, Uruguay and Ecuador. The conflict model is also the best
predictive model of vulnerability in the African continent, especially in East Africa, such as
in Somalia, Kenya, Ethiopia, Djibouti and Sudan, but also in Central-West Africa, such as
in Central African Republic, Congo and Camerun. As many of these countries have been
ravaged by long-lasting conflicts for many years, it is not surprising that vulnerability to
subsequent hazards is best explained by the exposure to conflicts.
The disaster model is the best predictive one in some countries of Latin America, like Mexico,
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Nicaragua, Colombia and Peru, and in southern Africa, like Namibia, Botswana, Zimbabwe
and Zambia. Similarly, the disaster model is the best predictive model of vulnerability for
some countries in the Eastern Europe/Middle East region, like Turkey, Iraq, Georgia and
Armenia.
The compound model is the best predictive model in Senegal, Angola and some countries
of South-East Asia, like Indonesia, Thailand and South Korea. This is not surprising, since
these are countries that are historically both been subject to conflicts and natural disasters.
The gender model is the best predictive model in the rest of the world. Gender inequalities
are a driver of subsequent vulnerability in most of the developed world, but also in most of
Asia and some parts of Latin America. As gender equality is associated with socio-economic
development, these results shed light on the importance of an inclusive, egalitarian and
sustainable human development for reducing societal vulnerability.
The importance of gender variables in predicting vulnerability is confirmed by the scatter
plot in Figure 3 c, showing that predictions from the gender model have the highest correlation with observed vulnerability. Consistently, the mean absolute error in predictions (Figure
3 d) reiterates that the gender model is the best predictive model of vulnerability on average
across all countries and test sets, immediately followed by the compound model. The conflict
model exhibits a slightly better performance than the disasters model, and all models are
more accurate in predicting than the baseline, in line with our hypotheses. Broadly, all models have a tendency to under-predict vulnerability relative to the actual scores, as evident in
Figure 3 c.
Figure 3 b reports the feature importance of the compound model. Accordingly, the most
important predictor in the compound model is population, followed by people affected by
climate-related disasters, conflict events, deaths, and duration, disaster counts, and lastly,
disaster damages. The importance of population to predict vulnerability is likely a reflection
of exposure: populated areas are more exposed to all sources of vulnerability, and vulnerability in itself is strictly dependent on the presence of human activities. Similarly, the
magnitude of people that are affected by natural disasters is an important predictor of vulnerability, as the affected population may be less able to respond to future disasters. People
might die as a result of a disaster, become homeless or be severely injured – all factors that
contribute to increasing subsequent vulnerability to future shocks. The number of disasters
is less important in predicting vulnerability than the number of people affected, suggesting that a good response system that reduces the impact on affected people could, at least
partly, help alleviate societal vulnerability to subsequent disasters. The model also assigns a
high importance to conflict events and deaths as predictors of vulnerability. These findings
shed light on the possible mechanisms through which armed conflict and natural disasters
may affect vulnerability, illuminating the importance of population related dynamics rather
than strictly economic losses. Further research is needed to understand how and under what
conditions violence and disasters affect the individual and collective ability to respond to,
prevent, and mitigate subsequent climate hazards.
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Figure 3. a) Best predictive model of ‘disasters and conflict sensitive’ vulnerability by country averaged over the test sets
in 1999-2019; b) Feature importance of the compound model; c) Scatterplot of predicted and actual ‘disasters and conflict
sensitive’ vulnerability scores across models; d) Average prediction error averaged across the test sets in 2001-2019. Model ‘g’:
gender; ‘d’: disaster; ‘v’: conflict; ‘c’: compound; ‘b’: baseline.

Figure 4 depicts the Accumulated Local Effect (ALE) plots for each component of the
compound model (without the baseline). ALE plots describe how input features (horizontal
axis) influence the prediction of a machine learning model on average (vertical axis) (Molnar, 2021). Figure 4 shows that when conflict duration increases, the average prediction of
vulnerability increases steadily, suggesting that the duration of a conflict increases societal
vulnerability. Similarly, when the number of conflict deaths rise, the average vulnerability
prediction also increases. The average vulnerability prediction also rises when the number
of conflicts increase, but then decreases as conflict events continue to rise. This non-linear
relationship might indicate an adaptation effect: when a conflict breaks out in a previously
peaceful country, this might have a very negative effect on affected people and the economic
system, but the effect is much less devastating when an additional violence episode occurs in
countries with a strong conflict legacy.
Figure 4 also shows a positive relationship between natural disasters and vulnerability,
mostly driven by the number of affected people. The ALE plot shows that the prediction of
vulnerability increases steadily at the increase in the number of affected people, confirming
the pivotal role of affected population in predicting societal vulnerability. By contrast, the
average vulnerability prediction tends to remain constant when disaster damages are very
limited, and then rapidly declines when the damages are over 2700 USD (10 on log+0.001
scale). The effect of disaster counts on vulnerability exhibits a similar trend. This might
again indicate an adaptation effect: while vulnerability is very responsive to the shock induced
by the first disaster, societies may be able to adapt and prepare to subsequent shocks, and
thereby reduce the negative impact on vulnerability.
Although the ALE plots remain reliable even when the features are correlated (Molnar,
2021), the magnitude of the effect of individual features on the average prediction might be
16

capturing some indirect effects, due to the interaction of an individual variable with others
in the model.

Figure 4. Accumulated Local Effect (ALE) plots, compound model without baseline. The observed value is reported on
alog+0.001 scale.

Figure 5 presents the strength of the interaction in the features of the compound model.
The interaction between two features is measured as the change in prediction that occurs
by permuting the features values, after accounting for the individual feature effects (Molnar,
2021). The plot shows that the population variable exhibits a very strong interaction with all
the other features, while disaster count and disaster damages show the weakest interactions
with the other features. This confirms that the amount of people affected by conflicts and
disasters is one of the main drivers of vulnerability, but also suggests that part of their effect
on vulnerability is indirect, and may operate though their interactions with other features.

17

population
female unemployment
disaster affected people

Variable

women in parliament
conflict deaths
conflict events
conflict duration
disaster count
disaster damages
0

20
40
Variable interaction strength

60

Figure 5. Interaction strength of the features in the compound model.

4.1

Sensitivity tests

We conduct a number of tests to verify the robustness of our findings. First, to evaluate
whether the models are sensitive to the selected 1-year lag structure, we re-run the same
models by lagging all predictors by 2 years. Second, we test the sensitivity of our results
by re-training and testing our models to predict an alternative operationalization of the
vulnerability indicator. Specifically, we train and test alternative models to predict the NDGAIN vulnerability score per each country and year, as reported in section 3.3.1. Next, as
higher levels of vulnerability can translate into higher losses of lives from a natural disaster,
we specify a set of models that use the number of people killed by natural disasters as
outcome. Lastly, to rule out the possibility that population size is driving the results, we
specify an alternative set of model that uses per capita predictors in place of their absolute
values. The results of these alternative specifications do not substantially differ from the
main findings. Results of these tests are presented in Appendix.
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5

Conclusions

Armed conflict, climate-related impacts and societal vulnerability are inherently connected
in an endogenous, complex relationship. Although past studies have illuminated how climate
shocks and its adverse consequences affect the risk of conflict, existing evidence on the inverse
relationship is scant.
We fill this gap by presenting the first systematic study of the impact of violence and
natural disasters on subsequent levels of societal vulnerability to climate hazards. By advancing our knowledge of the drivers of societal vulnerability, this study contributes to both
the literature on climate security, and the scholarship on climate impacts, vulnerability and
adaptive capacity.
We argue that both armed conflict and natural disasters increase societal vulnerability
to future hazards, especially when they mutually compound, and when they affect gender
unequal countries where women have less resources and capacity to adapt.
We test these hypotheses in a predictive framework that leverages on the explanatory
power of machine learning tools. We train, test and evaluate five random forest models in a
leave-the-future-out cross validation to predict a country-year disaster and conflict sensitive
vulnerability index, derived from ND-GAIN data.
We find that both armed conflict and natural disasters increase societal vulnerability to
climate hazards. The compound model, accounting for the combined effect of both violence
and climate-related disasters, predicts vulnerability more accurately than the models including conflict or disasters related features alone. A gender model, encompassing information
on the level of gender equality and inclusion in a country, is the best predictive model of
vulnerability, especially in developed countries.
The findings also illuminate that armed conflict and natural disasters’ effect on vulnerability operates through their impacts on population rather than via economic losses. This
suggests that policies aimed at improving individual and collective well-being, livelihood,
trust, and overall adaptive capacity, and especially providing support to women as one of the
most affected segment of society, may prove more fruitful to decrease the impacts of climate
hazards than economically-centered relief programs. However, investigating how and under
what conditions conflict and disasters affect vulnerability was outside the scope of this study.
Another limitation of this country-year study is to use an aggregated level of analysis that
preempts a refined investigation of the spatial and temporal dynamics affecting vulnerability.
Some promising avenues for future research are thus to delve into the causal pathways
connecting armed conflict, natural disasters, and societal responses, with a particular focus
on the human dimension of the climate-conflict nexus, as well as to understand how these
impacts spread and diffuse over space and time.
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