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Varying climatic-social-geographical patterns
shape the conflict risk at regional and global scales
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Given that armed conflict has been seriously impeding sustainable development, reducing the
frequency and intensity of armed conflicts has become an explicit goal and a common theme
of the 2030 Sustainable Development Goals. Determining the factors shaping armed conflict
risks in different regions could support formulating region-specific strategies to prevent
armed conflicts. A machine learning approach was applied to reveal the drivers of, and
especially the impact of climatic conditions on, armed conflict in Sub-Saharan Africa, the
Middle East, and South Asia and characterizes their changes over time. The analyses show a
rising impact of climatic conditions on armed conflict risk over the past decades, although the
influences vary regionally. The overall percentage increases in the contribution of climatic
conditions to conflict risks over the last 30 years in Sub-Saharan Africa, the Middle East, and
South Asia are 4.25, 4.76, and 10.65 percentage points, respectively. Furthermore, it is found
that the Climatic-Social-Geographical (“C-S-G") patterns that characterize armed conflict
risks vary across the three studied regions, while each regional pattern remains relatively
stable over time. These findings indicate that when devising defenses against conflicts, it is
required to adapt to specific situations in each region to more effectively mitigate the risk of
armed conflict and pursue Sustainability Development Goals.
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Introduction

n the 2030 agenda for sustainable development, one of

the major goals proposed by the United Nations for

sustainable development (SDG16), which is considered
the prerequisite and core of all SDGs, is to promote just, peaceful
and inclusive societies (Kumar and Roy, 2018). One of the main
obstacles to achieving this goal of sustainable development is the
constant armed conflict that has been imposing a serious threat to
global peace (Le, 2021). At the aggregate level, armed conflict
could lead to disastrous economic consequences, undermine the
functioning of political systems and prevent countries from
escaping dire poverty (Hegre et al., 2019), while at the microlevel,
it has been severely disrupting individuals’ life, bringing deaths
and permanent injuries. Statistics show that in 2020, the number
of armed conflict events reached the highest level since World
War 2, accounting for over 80,000 battle-related deaths (Pet-
tersson et al., 2021), rendering the urgency of developing mea-
sures to counter armed conflict. Identifying the armed conflict
drivers in different regions could lay the foundation for devising
region-specific strategies that reduce the frequency and intensity
of armed conflicts, which would be a critical step toward Sus-
tainable Development Goals.

Identifying the potential drivers and effects of armed conflict
also have been a major focus of intense scientific research for
quite some time (Schleussner et al.,, 2016). High social vulner-
ability is considered one of the main drivers of armed conflicts
due to the uneven socio-economic situations across different
regions (Minhas and Radford, 2017; Rozmarin, 2017; Bell and
Keys, 2018; Elbadawi and Hegre, 2008). For example, the impacts
of resources scarcity (Koubi et al., 2014), a weak economy
(Elbadawi and Hegre, 2008), and ethnic discrimination
(Wucherpfennig et al., 2011) on armed conflict have been agreed
upon. After years of research, there has been no consensus among
scholars regarding whether or how climate influences the risk of
armed conflict. Although some studies support a link between
climate change and armed conflict (Zhang et al, 2007, 2011;
Burke et al, 2009; O’Loughlin et al., 2012; Hsiang et al., 2013;
Vesco et al., 2021; Jun and Sethi, 2021; Ge et al., 2022; Schleussner
et al., 2016; Ide et al., 2020), others find little evidence to back this
claim (Raleigh and Urdal, 2007; Buhaug, 2010; Owain and
Maslin, 2018; De Juan and Hinze, 2020; van Weezel, 2019). This
is generally because the definition of armed conflict as well as the
selection of area, model, and data can sway the results of the
studies about climate-armed conflict links (Scheffran et al., 2012;
O’Loughlin et al,, 2014). In 2019, a group of scholars who have
reached varied conclusions in their previous work on the relation
between climate and armed conflict agreed, through an expert
elicitation method, that climate change will increase the future
risk of armed conflict, yet the scope of this impact remained
contested (Mach et al., 2019). It can be concluded that armed
conflict is affected by climatic, social, and geographical factors
which have complex pathways and feedback among these factors
(Scheffran et al,, 2012). Determining the relative importance of
driving factors to armed conflict risk is seen as the cross-cutting
priority for future research on armed conflict (Mach et al., 2020).
Data-science methods have been remarkably effective in flexibly
accommodating conditional relationships to uncover differential
effects across locations (Mach et al, 2020). With advanced
machine learning methods, this study seeks to close this knowl-
edge gap by assessing the relative impact of climatic conditions on
armed conflict risks in typical areas, relative to a large range of
cultural, religious, social, and economic factors.

In this study, we focus on armed conflict events within states in
Sub-Saharan Africa, the Middle East, and South Asia, primarily
because these are the regions that have been largely plagued by
conflicts since World War 2. From 1989 to 2018, there were
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170,881 armed conflicts reported in these three regions,
accounting for more than 80% of the total number of armed
conflicts worldwide, of which 36,778 occurred in South Asia,
60,653 in the Middle East, and 73,450 in Sub-Saharan Africa
(Pettersson et al., 2021; Sundberg and Melander, 2013). More-
over, despite the similarly high incidence of armed conflict in all
three regions, the driving mechanisms of their armed conflict risk
are quite different because of the significant variability of geo-
graphical, climatic, and socio-economic conditions (detailed
introduction in Supplementary Materials) between these three
regions, thusly rendering them appropriate representatives to
explore the geographically varying drivers of armed conflict.

To do so, the analysis proceeds in three steps: (1) choosing
conflict-prone regions with a typically high incidence of armed
conflict that is differentiated by their climatic zones (Kottek et al.,
2006) (Fig. 1), (2) structuring the covariates with support of high
spatial resolution data from 1989 to 2018, and (3) applying
Boosted Regression Trees (BRT), a machine learning method, to
quantify the linkage between Climatic-Social-Geographical fac-
tors and armed conflict risk across the regions and three different
decades.

Methods
Data. This study exploits data on armed conflict events and on
substantial driving factors of armed conflict risk.

Armed conflict. We use the UCDP Georeferenced Event Dataset
(UCDP GED) Global version 20.1 due to its high temporal
resolution, which contains georeferenced episodes of armed
conflict events spanning 30 years from 1989 to 2018 (Sundberg
and Melander, 2013; Pettersson and Oberg, 2020). Based on
UCDP GED, armed conflict events are aggregated at the grid-year
level (0.1°x 0.1°) and are coded as a binary dependent variable
(armed conflict incidence). If there is an armed conflict event in
one grid in a single year, the armed conflict incidence indicator is
assigned a value of 1; otherwise, 0. In line with established con-
ventions, armed conflict risk refers to the risk of armed conflict
incidence in a given grid-year (Koubi, 2019). In the modeling, the
high-risk samples refer to the grids where armed conflict has
occurred; otherwise, they are low-risk samples.

Covariates. Research has pointed out that the high vulnerability
could shape their risk of armed conflict (Buhaug and Von
Uexkull, 2021). Thus far, the concept of vulnerability is highly
contested and is often given different connotations (O’keefe et al.,
1976; Alwang et al, 2001). Despite the varying definitions of
vulnerability (Turner et al., 2003; Adger, 2006; IPCC, 2001; Cutter
and Finch, 2008; Fiissel and Klein, 2006), in this paper, it is
defined in a consistent way with the United Nations Strategy for
Disaster Reduction, where vulnerability refers to the conditions
determined by physical, social, economic, and environmental
factors or processes, which increase the susceptibility of a com-
munity to the impact of hazards (UN/ISDR, 2004). It is a
reflection of the physical, social, economic, and environmental
conditions of both individuals and the collective, an indicator of
how people would be threatened by armed conflict. The vulner-
ability and the background elements together constitute the
indicators of armed conflict risk. With the experience from past
research, we divided the indicator system into three parts: social
condition, climatic condition, and geographical condition.

Social vulnerability, in conjunction with other stressors, has led
to armed conflict (Schleussner et al., 2016), which is highly
correlated with the level of well-being of individuals and society.
Besides, the levels of vulnerability in each region are highly
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Fig. 1 The spatial distribution of armed conflict events and climatic conditions. The high-risk samples refer to the grids where armed conflict has
occurred. The distribution of high-risk samples and statistical maps show the significant geographical variability in armed conflict. Sub-Saharan Africa, the
Middle East, and South Asia are the areas with a high incidence of armed conflict. Focusing on analyzing these three zones, we also find significant
variability in the frequency of armed conflict events and climatic conditions. The supplementary material presents detailed climatic differences between the

three zones (Fig. ST).

dependent upon the economic status of individuals and nations.
Thus, in theory, the social condition drivers of armed conflict risk
should include those related to population density levels,
remoteness of a settlement, levels of education, access to basic
human rights, systems of good governance, social equity, positive
traditional values, customs, and ideological beliefs and overall
collective organizational systems, levels of individual and national
economic reserves, levels of debt and the degree of access to
credit, loans, insurance, etc. (UN/ISDR, 2004). Considering the
availability of high spatial resolution data and long time span, we
selected population density (Raleigh and Urdal, 2007; Hauge and
Ellingsen, 1998), urban accessibility (Hegre et al., 2019), night-
time lights (Owain and Maslin, 2018; Miguel et al, 2015;
Nordhaus and Chen, 2015), and ethnic diversity (Wimmer et al.,
2009; Esteban et al., 2012), that composed the dataset on the
social conditions, which can reflect the demographic distribution,
traffic convenience, general economic level, and ethnic differ-
ences. These indicators of social condition are closely related to
the armed conflict risk (see Supplementary Materials for detailed
description).

The geographical conditions dataset comprises data on land
use (Raleigh and Urdal, 2007; Baumann and Kuemmerle, 2016),
elevation (Weidmann and Ward, 2010; Ding et al,, 2017), and
natural disaster hotspots (Brancati, 2016; Nel and Righarts, 2008;
Nelson, 2010), which can reflect the distribution of natural
resources, topographical conditions, and disaster risk. The
analysis divides the climatic condition into two parts defined as
climate average condition and climate variation condition. The
climate average condition is the average maximum temperature,
average minimum temperature, and average precipitation from
1960 to 1988. The term “climate variation condition” refers to the

differences between (a) the average value of a certain climate
element in each year from 1989 to 2018 and (b) the climate
average condition of the corresponding element. The reasons for
selecting these factors, along with the data description are detailed
in the supplementary. All data are processed at the same spatial
resolution (0.1°x0.1°) to match the information on armed
conflict incidence.

Model. This study focuses on armed conflict risks in Sub-Saharan
Africa, the Middle East, and South Asia from 1989 to 2018. To
simulate the linkage of climate and armed conflict risk within
these regions, we select boosted regression trees (BRT)—an
ensemble method that has been widely used for data mining,
particularly where large amounts of data are used—to simulate
the relationship between a response variable and some set of
predictor variables (Leathwick et al., 2006; Miiller et al., 2013). In
this study, the ‘dismo’ package was adopted to deploy the mod-
eling approach in the R Version 3.3.3 statistical programming
environment. To construct the BRT model, we need to build the
sample dataset with high-risk samples of armed conflict incidence
and equal amounts of low-risk samples, one year at a time, from
1989 to 2018. In the present study, we made 20 ensemble BRT
models to reduce the randomness of every single result.

Figure S3 shows the technical flow chart of this study. To
explore the linkages between climate and armed conflict risk over
time, we perform simulations through our BRT model over three
periods, which are 1989-1998, 1999-2008, and 2009-2018. The
overall results of all the covariates put in this model are refined
through spatial comparison and time series analysis. Results by
covariates are provided in the online supplemental appendix 3

| (2022)9:276 | https://doi.org/10.1057/541599-022-01294-2 3



ARTICLE

Table 1 The relative contributions of different conditions in time series.
Research area Time Relative contribution (%)
Climatic conditions Geographical conditions Social conditions
Climate variation Climate average Total
Sub-Saharan Africa 1989-1998 8.80 28.29 37.09 16.71 46.20
1999-2008 1n.27 30.51 41.77 2217 36.06
2009-2018 9.72 31.62 4134 23.85 34.81
Middle East 1989-1998 0.94 23.22 2416 12.56 63.28
1999-2008 3.08 21.45 24.53 7.65 67.82
2009-2018 3.37 25.55 28.92 18.79 52.29
South Asia 1989-1998 71 54.88 61.99 17.39 20.62
1999-2008 8.64 48.32 56.96 26.09 16.96
2009-2018 2.67 69.97 72.64 13.67 13.69

(Tables S1-S3). The detailed performance assessment of the BRT
model is described in supplementary (Table S4 and Fig. S4).

Results

Significant geographic variability in climatic conditions to
armed conflict risk. The relative contributions of the driving
factors of armed conflict risk for different regions in each period
are shown in Table 1 (Tables S1-S3 show the relative contribu-
tion of each covariate to armed conflict risk in three regions).

Results in Table 1 strongly suggest that climatic conditions,
including climate variation conditions and climate average
conditions, can be a significant driving factor of the armed
conflict risk. The importance of this factor varies significantly
across the three selected regions. In South Asia, the contribution
of 56.96-72.64% states that armed conflict risk there can be
remarkably affected by climatic conditions, followed by Sub-
Saharan Africa and the Middle East with contributions of
37.09-41.77% and 24.16-28.92%, respectively. Socio-economic
factors remain the main drivers of armed conflict risk in the
Middle East. However, the impact of the climatic conditions on
the armed conflict risk in the three regions has been gradually
increasing over the past decades. The overall percentage increase
in the contribution of climatic conditions is around 4.5
percentage points in Sub-Saharan Africa and the Middle East,
respectively. In South Asia, the influence of armed conflict risk of
climatic conditions has increased by about 11 percentage points
over the last 30 years.

The impact of the climate variation conditions on armed
conflict risk, however, presents rather different features, with the
greatest impact on the armed conflict risk in Sub-Saharan Africa,
contributing 8.80-11.27% to such risk, followed by South Asia
and the Middle East with 2.67-8.64% and 0.94-3.37%, respec-
tively. Figure 2 depicts the response curves demonstrating the
linkages between the climate anomalies variables and armed
conflict risk. In Sub-Saharan Africa, we find a positive relation-
ship between minimum temperature anomaly and armed conflict
risk, while the relationships between maximum temperature
anomaly and precipitation to armed conflict risk are rather
intricate. In the Middle East, the relationship between armed
conflict risk and minimum temperature anomaly is negative,
while the relationship between armed conflict risk and precipita-
tion anomaly is positive. Figure 2 also suggests that a complex
relationship exists between maximum temperature anomaly and
armed conflict risk. The relationship between armed conflict risk
and minimum temperature anomaly and precipitation anomaly
in South Asia tends to be positive, while the link between
maximum temperature and armed conflict risk is observed to be
complex.

4

The different Climatic-Social-Geographical patterns in three
typical regions. Given that armed conflict, the risk is affected by a
complicated combination of various elements that fall into the
categories of climatic, geographical, and social conditions, it is
important to explore the Climatic-Social-Geographical patterns
(“C-S-G” patterns) in different regions.

Figure 3 reveals the geographically divergent “C-S-G” patterns
that exist in three chosen regions by visualizing the relative
contributions of climatic, social, and geographical conditions to
armed conflict risk. In the Middle East, the contribution of social
conditions to armed conflict risk is significantly higher than the
geographical and climatic conditions. By contrast, the “C-S-G”
pattern in South Asia is leaning toward the climatic conditions,
while social and geographical conditions are making less relevant
contributions to the risk of armed conflict. In Sub-Saharan Africa,
the “C-S-G” pattern presents a relatively balanced pattern of
three conditions which means that the climatic, social, and
geographical conditions exert numerically similar influences on
the armed conflict risk. The patterns show that while climate
change has a significant impact on armed conflict risks, it only
does so in combination with other social and geographic factors,
indicating that climate-conflict linkages are not deterministic.
Besides, the “C-S-G” pattern is relatively stable in each region,
with only minor changes over time.

Discussion
In this study, driving factors with a high spatial resolution were
selected as comprehensively as possible to simulate the influence
mechanism of driving factors to armed conflict in Sub-Saharan
Africa, the Middle East, and South Asia. Our results confirmed
that the climatic conditions, including climate average conditions
and climate variation conditions, are relevant drivers of armed
conflict risk. More importantly, we identify different “C-S-G”
patterns in these regions when analyzing all three sets of armed
conflict drivers together. This suggests that the armed conflict risk
is not determined by one single element but the result of a
combination of complex and site-specific social, geographic, and
climatic factors. And the causes of armed conflict risk vary from
region to region. Therefore, it is required to devise defenses
against conflicts according to local conditions to push ourselves
one step further to achieve the Sustainability Development Goals.
Africa is the region with the most studies of how climate
change impacts armed conflict as a result of being one of the most
vulnerable continents to climate change (Adams et al., 2018). The
result shows that the contribution of climatic conditions to armed
conflict in Sub-Saharan Africa is 37.09-41.77%. A similar result
was found in the article published in PNAS by Burke et al. (2009),
indicating that the rise in temperature will increase the armed
conflict risk by 54% in 2030. The results of van Weezel (2020)
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Fig. 2 The marginal effect plots of climate variation conditions in Sub-Saharan Africa, the Middle East, and South Asia. The marginal effect plots are
generated by the boosted regression tree (BRT) ensemble fitted to the full incidence samples of each studied region. The white lines represent the mean
effect curves calculated from the ensemble BRT models. 95% confidence intervals of climate variation variables are indicated by color: deepred, maximum
temperature anomaly; light red, minimum temperature anomaly; blue, precipitation anomaly.

study showed that a two-standard deviation increase in average
temperature accounts for about a 31% increase in conflict risk in
Africa. O’Loughlin et al. (2012) and Fjelde and von Uexkull
(2012) also demonstrated that the climatic conditions affect the
armed conflict risk in Africa, consistent with the results in
this study.

In the Middle East, the contribution of climatic conditions to
armed conflict risk ranges from 24.16% to 28.92% over the three
periods which is considerably lower than those of social condi-
tions. Previous studies have explored both the direct and indirect
impact of climate change on armed conflict in the Middle East.
Feitelson and Tubi (2017) came to the conclusion that climate
change is an intermediate variable rather than a major driver of
conflict in the Middle East, while David Helman et al. (2020)
argued that the direct effects of climate on armed conflict risk
seem to be stronger than any indirect effects. Their divergent
conclusions of mechanisms for climate-conflict linkages, how-
ever, would not compromise their agreement that social variables

have a comparatively greater impact on armed conflict risk than
the climatic factors in the Middle East.

Deviating from the generally accepted view that socio-
economic deprivation as well as diversity in religion, language,
and culture are the main drivers of armed conflict (including
secessionist movements) in South Asia, this study finds an
unexpectedly high contribution of climatic conditions to armed
conflict risk. Reasons for the high contribution could be that
more than 75% of armed conflict events in South Asia occurred in
Afghanistan, Pakistan, and the Kashmir region, mainly located on
the edges of the Himalayan highlands and thus belonging to the
high-altitude areas that are susceptible to climate change.

In this study, the contributions of the climate variation con-
dition to armed conflict risk ranged from 0.94% to 11.27% in the
three periods for each research region, which basically accords
with the previous studies (Hsiang et al., 2013; Mach et al., 2019).
Hsiang et al. (2013) estimate that one-standard deviation changes
in climate toward warmer temperatures or more extreme rainfall
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can increase the frequency of interpersonal violence by 4% and
the frequency of intergroup conflict by 14%. Aside from that,
based on the structured judgments of experts from diverse dis-
ciplines, the best estimates are that 3-20% of conflict risk over the
past century has been influenced by climate variability or change
(Mach et al,, 2019). Our results indicate that the lower range of
this spectrum would be more accurate.

The formation of regionally diversified “C-S-G” patterns is
determined in accordance with their different conditions and dif-
ferent ways of feedback. Located in the poorest region in the world,
countries in Sub-Saharan Africa are highly dependent on rainfed
agriculture for economic production, which is most vulnerable to
climate change. The temperature has also been found to exacerbate
competition over resources and violence between herders and
farmers in Africa (Maystadt et al, 2015; Eberle et al., 2020;
Maystadt and Ecker, 2014). It is here where the social and climatic
conditions are the major drivers of armed conflict risks, accounting
for (a) a generally high risk of various forms of conflict due to
socio-economic conditions and (b) the high vulnerability to climate
change and limited adaptive capacity. The “C-S-G” pattern in the
Middle East is rather shaped by regional peculiarities such as oil
abundance, scarce water resources, regional rivalries, and ethnic or
religious nationalism. Consequently, the social condition has the
greatest impact on the armed conflict risk in the Middle East.
Though social condition-related indicators are active drivers of
armed conflict in both Sub-Saharan Africa and the Middle East, the
different vulnerabilities of these two regions distinguish their
resilience to the risk of armed conflict from each other. Naturally, a
high economic level and sufficient social management (e.g., low
socio-economic vulnerability) can dampen the occurrence of
armed conflicts, while the low levels of economy and uneven dis-
tribution of resources would rather induce armed conflicts
(Pinstrup-Andersen and Shimokawa, 2008). Hence, though both
regions are majorly affected by their social conditions, while most
states in Sub-Saharan Africa become too economically fragile,
under the impact of climate change or other fluctuating factors, to
respond to the armed conflict risk (Bell and Keys, 2018), the
economic conditions of Middle East render it more resilient to the
risk than Sub-Saharan Africa. The “C-S-G” pattern in South Asia
results from areas with a high frequency of armed conflict events
being highly susceptible to climate change. Research suggests that
climate change increases flood risks in Bangladesh, which could
result in great migration to India and communal tensions in the

receiving (Reuveny, 2007). Water scarcities (particularly in the
Himalayas region) and an increasing number of storm and flood
disasters (particularly in coastal and riverine areas) increase local
grievances and facilitate recruitment efforts from extremist groups
(Barnett and Adger, 2007; Ide et al, 2021). In sum, resource
competition, socio-economic deprivation, and migration caused by
climate change (in combination with other social and geographic
factors) can potentially increase the risk of armed conflict in South
Asia, rendering the region most prone to climate-conflict risks.

Compared with previous studies that provide inconclusive
evidence about the climate-armed conflict nexus that cannot
quantify the magnitude of such an impact, this study offers three
main contributions. Firstly, the scale of this study is a high-
resolution geographic grid with 0.1° x 0.1°, which enables us to
tap geospatial variations in climate and armed conflict risk. Sec-
ondly, we use a wide range of spatially quantifiable geographical
and social controls that have an enormous impact on the trans-
mission of climate change to conflict risk. Lastly, on the basis of
the previous research, this study determines the relative con-
tribution of the climatic condition to armed conflict risk and finds
the Climatic-Social-Geographical (“C-S-G”) patterns in their
respective regions.

Identifying the relative importance of climate as a driving
factor of armed conflict risk is a critical step forward to resolve
one of the uncertainties in research on armed conflict and dealing
with the future challenges in predicting the risk of armed conflict
in a changing climate. An important limitation is the inability to
incorporate factors with coarser spatial and time resolutions. For
instance, other social and economic variables like the detrimental
legacy of the slave trade or colonization in terms of the inter-
personal trust or institutional capacity (Nunn, 2020; Nunn and
Wantchekon, 2011; Acemoglu et al,, 2001), cannot be integrated
into the “C-S-G” framework. Further research could also better
distinguish the channels—e.g. through prices and productivity—
through which climatic conditions affect the risk of armed con-
flict. Meanwhile, an in-depth analysis of the vulnerability and
resilience of different regions is also required to better explain the
spatial heterogeneity of conflict occurrence. Future research
would also benefit from identifying sub-regional patterns as the
three regions studied in our analysis and “C-S-G” differences
between neighboring countries (or even the different regions in
the same country) can be quite substantial. In general, despite the
uncertainties in the study of quantifying implications of driving
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factors for armed conflict, it is quite necessary to consider these
results when designing future policies for sustainable
development.

Data availability

Some or all data, models, or codes that support the findings of
this study are available from the corresponding author upon
reasonable request.
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