
Quantifying the link between 
COVID-19, conflict risk, and 
the global economy
Grant Johnson, Sean M. Zeigler, Marco Hafner, Catherine Galley

https://www.rand.org/pubs/research_reports/RRA2302-1.html
https://www.rand.org/randeurope.html


For more information on this publication, visit www.rand.org/t/RRA2302-1 
 
 
About RAND Europe 
RAND Europe is a not-for-profit research organisation that helps improve policy and  
decision making through research and analysis. To learn more about RAND Europe, visit  
www.randeurope.org.

Research Integrity 
Our mission to help improve policy and decision making through research and analysis is 
enabled through our core values of quality and objectivity and our unwavering commitment to 
the highest level of integrity and ethical behaviour. To help ensure our research and analysis 
are rigorous, objective, and nonpartisan, we subject our research publications to a robust and 
exacting quality-assurance process; avoid both the appearance and reality of financial and 
other conflicts of interest through staff training, project screening, and a policy of mandatory 
disclosure; and pursue transparency in our research engagements through our commitment to 
the open publication of our research findings and recommendations, disclosure of the source 
of funding of published research, and policies to ensure intellectual independence. For more 
information, visit www.rand.org/about/principles.

RAND’s publications do not necessarily reflect the opinions of its research clients and sponsors.

Published by the RAND Corporation, Santa Monica, Calif., and Cambridge, UK

© 2023 RAND Corporation

R® is a registered trademark.

Cover: Adobe Stock

Limited Print and Electronic Distribution Rights 
This publication and trademark(s) contained herein are protected by law. This representation 
of RAND intellectual property is provided for noncommercial use only. Unauthorised posting of 
this publication online is prohibited; linking directly to its webpage on rand.org is encouraged. 
Permission is required from RAND to reproduce, or reuse in another form, any of its research 
products for commercial purposes. For information on reprint and reuse permissions, please 
visit www.rand.org/pubs/permissions.

http://www.rand.org/t/RRA2302-1
http://www.randeurope.org
http://www.rand.org/about/principles
https://www.rand.org/pubs/permissions.html


i

This report presents selected findings and 
results from a RAND study investigating the 
impact of COVID-19 on the economy and socio-
political stability of fragile and conflict-affected 
countries. Funding for this research was made 
possible by the independent research and 
development provisions of RAND’s contracts 
for the operation of its U.S. Department 
of Defense federally funded research and 
development centres. 

This study aimed to examine the impact 
of the ongoing COVID-19 pandemic on the 
economy and socio-political stability of 
fragile and conflict-affected countries. The 
study also aimed to explore broader relations 
between conflict and macroeconomic shocks, 
recognising the need to systematically 
understand the economic and socio-political 
implications of the COVID-19 pandemic and 
the possible consequences of delayed access 
to vaccines in fragile and conflict-affected 
countries. To this end, the project aimed to help 
identify and assess the potential economic and 
security implications of these phenomena via a 
quantitative and qualitative research approach. 

This report presents the results of modelling 
work conducted between October 2021 and 
September 2022 examining the implications 
of COVID-19-associated shocks on the risk of 
conflict and the related economic impact of 
COVID-19-induced conflict risks on developed 
countries and the broader global economy. 

RAND Europe is a not-for-profit research 
organisation that helps to improve policy 
and decision making through research and 
analysis. RAND Europe’s clients include 
governments, institutions, non-governmental 
organisations and others requiring rigorous, 
independent, multidisciplinary analysis.

For further information about this project and 
RAND Europe more generally, please contact:

Jacopo Bellasio 
Research Leader – Defence and Security 
RAND Europe 
Rue de la Loi 82 – Bte 3 
1040 Brussels 
BELGIUM 
E-mail: bellasio@randeurope.org
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Summary

The COVID-19 pandemic that began in 
December 2019 was a major global shock 
whose implications are still playing out. Some 
pandemic effects manifested immediately 
via increased mortality rates in numerous 
countries. The pandemic’s longer-term impacts, 
such as economic fallout and social instability, 
are also beginning to emerge. While there is 
a growing consensus that the pandemic has 
adversely affected many countries’ economies 
and may exacerbate socio-political unrest, 
understanding the dynamics of this process 
remains challenging. Our research suggests 
that COVID-19 will significantly increase 
the risk of civil conflict in unstable African 
countries. We estimate this effect will, in turn, 
have negative global economic repercussions 
via international trade losses. 

We estimate that COVID-19 has increased 
Africa’s baseline risk of civil conflicts by 
roughly six per cent on average – a modest but 
significant increase in conflict risk – although 
the effect is higher in a handful of countries, 
including Morocco, Côte d’Ivoire, Cameroon, 
Mauritania, and Guinea. Due to trade losses, 
we estimate that these increased risks may 
have pernicious effects on the largest global 
economies. Our model suggests that economic 
losses due to increased COVID-19-related 
conflicts could reach nearly $5.5bn, based on a 
conservative lower bound to reductions in high-
income nations’ gross domestic product that 
only reflects the economic fallout attributed to 
decreases in trade.  

Approach
We explore two issues related to COVID-19, 
civil conflict and economics. First, how has 

COVID-19 changed the likelihood of civil 
conflict in unstable African states? Second, 
how might COVID-19’s impact on conflict-
prone countries (via civil unrest) affect the 
economies of other, more developed nations? 
We investigate this question by examining how 
COVID-related conflict might impact African 
countries’ trade levels with third parties. 

Our analytical approach involved first crafting 
a model to assess each country’s ‘baseline’ 
conflict risk. We generated this model using 
data from 1997 to 2013, employing a machine-
learning method to select those variables that 
best predicted conflict incidence. To further 
test our baseline model’s robustness, we 
used out-of-sample data from 2014 to 2018 
and compared its predicted results to actual 
conflict occurrence. 

Using these baseline results to inform our 
analysis of how COVID-19 might impact 
conflict risk, we identified six key variables 
potentially affecting each country’s conflict 
calculus. After estimating each variable’s 
deviation from pre-COVID averages, we 
re-calibrated our baseline conflict model to 
estimate new post-COVID conflict probabilities. 

Our final modelling effort leverages our pre- 
and post-COVID conflict-probability estimates 
to calculate the expected value of forgone 
trade between African countries and developed 
nations. In this way, we can assess changes 
in the GDP of more developed nations due to 
potential conflict increase following the COVID-
19 pandemic.

Informed by machine learning, our highly 
generalisable analytical approach can be 
repurposed or extended to examine the impacts 
of macroeconomic shocks in other contexts.  
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Chapter 1. Introduction 

The COVID-19 pandemic was a 
macroeconomic shock to the global economy. 
However, the pandemic’s economic and socio-
political implications and consequences in 
countries already prone to conflict and unrest 
remain an open question. This report presents 
a quantitative model designed to answer two 
fundamental questions about COVID-19 and 
civil conflict:

• How might COVID-19 affect civil conflict/
unrest in fragile states?

• How might such conflict patterns affect 
other nations’ economies through trade?

The first question aims to better understand 
the relationship between the macroeconomic 
shock of the pandemic and the incidence of 
civil conflict. Can we expect more or worsening 
conflict because of COVID-19, for example? 
Or might the pandemic’s effects mitigate civil 
unrest? The second question explores the 
broader relationship between COVID-19 and the 
economy. How has the pandemic impacted the 
economies of fragile or conflict-prone states, 
for example? How might such impacts affect 
other countries that share important economic 
relationships with these fragile states? 

Our analysis focuses on African nations, 
collectively comprising a valid empirical 
context for examining the above questions. 
Africa has persistently experienced a relatively 
high incidence of civil conflict, and faced 
continuing challenges regarding access to and 

1 Elbadawi & Sambanis (2000), Massinga & Nkengasong (2021).  

2 The field of biology incorporates a similar understanding of exogenous as something growing or originating from 
outside an organism.  

distribution of COVID-19 vaccines, exacerbating 
the pandemic’s impacts throughout the region.1 
How might these forces’ interactions unfold, 
and how significant is the possible spillover to 
the global economy?

Economists generally define macroeconomic 
shocks as exogenous and economically 
meaningful structural disturbances to 
economies. Exogenous means that the shock 
originates from outside of the economic 
model.2 Meaningful implies that the shock’s 
effect is non-negligible, i.e. causes a notable 
impact or change. Thus, geopolitical 
events that cause war or unrest are often 
categorised as macroeconomic shocks, as 
are sudden disruptions in world oil markets. 
The COVID-19 pandemic certainly satisfies 
these characteristics. While much of the 
scholarly work on macroeconomic shocks 
centres on estimating the effects on economic 
aggregates such as growth, consumption and 
unemployment, our research examines the 
possible relationship between COVID-19 and 
conflict prevalence. Furthermore, we explore 
the potential economic effects of COVID-
related conflicts on other countries via trade 
changes.  

Although research into the sources of civil 
conflict and political violence is rich with 
hypotheses, it generally lacks robust empirical 
findings or validation. Numerous quantitative 
studies have sought to understand the 
causes of civil conflict onset and related 
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topics over the past few decades,3 including 
hundreds of independent variables as 
candidates for empirical testing. Such 
variables include demographic factors 
(e.g. population size, growth and density), 
ethnolinguistic fractionalisation, religious/
ethnic fractionalisation, ethnic diversity, 
linguistic diversity and religious polarisation. 
Geographic and environmental factors have 
also received attention, including geographical 
regions, overall size, and forest/mountains/
freshwater per capita (or those of neighbouring 
countries). A related line of inquiry explores 
the relationship between natural resources 
and conflict – often dubbed the ‘resource 
curse’. Variables in this research programme 
include diamonds and gems, minerals, opiates, 
energy resources, oil, natural gas and energy 
rents. Other scholars have examined potential 
economic causes of conflict, assessing gross 
domestic product (GDP), GDP per capita, 
literacy rates, foreign direct investments (FDI), 
infant mortality rates, education, income 
inequality, trade, sanctions, female labour 
force participation and economic liberalisation. 
Lastly, other studies explore the connections 
between regime types and conflict propensity, 
often incorporating proxies for autocratic to 
democratic regime types.4  

Much of the literature on civil conflict onset 
is subject to significant limitations, yielding 
empirical results that are rarely robust or 
replicable across studies. Studies also 
employ different definitions of civil conflict 
and examine different periods, making 
comparisons difficult or impossible. For 

3 Such related topics include civil conflict recurrence, duration and intensity; settlements to civil conflicts; terrorism and 
civil conflict; and ethnic conflicts. Because our focus here is the relationship between COVID-19 and the incidence of 
intrastate conflict, we limit our discussion below to the literature on civil conflict onset.

4 For surveys of this literature, see Dixon (2009) and Hegre & Sambanis (2006).

5 See Hegre & Sambanis (2006). 

6 Hegre & Sambanis (2006). An early and influential study by Fearon and Laitin (2003) found that more ethnically or 
religiously diverse countries were no more likely to experience significant civil violence in the period since the end of 
the Cold War than less diverse ones.

example, some studies only examine conflicts 
with a certain intensity, e.g. 1,000 battle deaths. 
Other studies use a lower intensity threshold 
to define civil conflict episodes, e.g. 25 battle 
deaths. Moreover, research designs, data 
sources, independent-variable measurement 
and estimation methods differ across studies, 
and some results are sensitive to model 
specification (i.e. adding new control variables 
may invalidate the original results).5 

Despite these difficulties, a limited but growing 
consensus has emerged around a small set 
of variables and their respective effects on 
civil conflict, with a high degree of confidence 
that demographics matter. Unsurprisingly, 
more populated countries are more likely to 
experience conflict, which is often exacerbated 
in countries with rough terrain. Countries with 
a history of conflict and political instability are 
also more likely to experience new or renewed 
conflicts, often referred to as the ‘conflict 
trap’ – another unsurprising finding. While the 
regime literature suggests that democracies 
are far less likely to experience conflict, the 
relationship between less democratic states 
is unclear. However, inconsistent democratic 
institutions appear to raise the likelihood 
of conflict. The role of ethnic differences in 
populations also remains unclear, although 
there is some evidence that ethnic differences 
may matter more for lower-level conflicts.6

Perhaps the most robust finding from these 
studies concerns the relationship between 
economic prosperity and domestic conflicts. 
Wealthier, more prosperous states (as 
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measured by various economic indicators) 
are significantly less likely to suffer civil 
conflict onset than their poorer, less developed 
counterparts. In contrast, low economic 
growth rates correlate highly with civil unrest7 
– again, not unexpected and probably the most 
consistent and uncontested theme to emerge 
from quantitative studies of civil conflicts. 
Economic prosperity mitigates conflict. In sum, 
quantitative research to unpack the causes 
of civil conflicts suggests there is not one but 
many paths to war.  

This study aims to fill an evidence gap about 
the relationship between economics and civil 
conflict. Although the existing evidence has 
identified a positive correlation between poorer 
economic conditions and domestic insecurity/
violence, it is unclear whether changes in 
conflict trends or patterns are attributable 
to a negative macroeconomic shock such 
as COVID-19 or an expectation of more/less 
violence. More precisely, this research seeks to 
understand how the COVID-19 pandemic might 
exacerbate or mitigate the conflict-generating 
processes occurring in fragile states.

Others document similar inquiries. Polo’s 
recent effort (2020) suggests that COVID-
19 will likely fuel rather than reduce conflict, 
perpetuating violence in conflict-prone states.8 
Polo posits two main processes for this to 
happen. First, COVID-19 may deepen the 
underlying root causes of conflict, which are 
manifold. Second, COVID-19 might present 
an opportunity for governments and non-
state actors to gain or consolidate political 
advantages by leveraging or exploiting the 
crisis for political and military gains.  

Our research is motivated by and builds upon 
these two explanations, yielding two novel 
aspects in our two-stage modelling. First, the 

7 See Blattman & Miguel (2010), for example. 

8 Polo (2020). 

model we present is highly generalisable; we 
designed the model’s first stage to identify 
the best predictors or covariates associated 
with civil conflict in the absence of any COVID-
19 shock, which we refer to as our baseline 
predictive conflict model. This model is 
informed by the conflict-onset literature and 
augmented with a machine-learning (ML) 
variable-selection process. As already noted, 
conflict-onset research has identified multiple 
variables potentially involved in initiating civil 
conflicts. However, apart from a handful of 
key indicators, it is unclear which covariates 
in any given sample produce the most robust 
predictive models. ML can help identify variables 
with the best predictive power. Our ML model 
(described below) employs the least absolute 
shrinkage and selection operator (LASSO) to 
select independent variables from the baseline 
model and can generate conflict risk estimates 
for each country in our sample. However, its 
generalisable process is equally applicable to 
other datasets, conflict settings and variables 
with potential socio-political impacts.  

Having established baseline conflict 
predictions and their key determining 
variables, we examined how COVID-19 might 
impact them based on current literature 
detailing the pandemic’s effects on countries. 
Research suggests that COVID-19 has various 
socioeconomic impacts, including influences 
on health-related indicators, education, trade 
and other business indicators. Examining this 
literature enabled us to identify variables in our 
model for further study, for which we assessed 
changes or deviations from pre-COVID trends. 
Accounting for these deviations in our baseline 
model, we derived new (country-specific) 
predicted conflict probabilities, yielding an 
initial assessment of how COVID-19 may have 
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altered the risk of civil conflict. By examining 
the changes in variables most impacted by 
COVID-19 and updating our baseline model 
accordingly, we gained insight into how the 
shock of the pandemic may have altered the 
expected probability of civil unrest in unstable 
countries. Thus, we could derive updated 
country-specific conflict probabilities in the 
wake of the COVID-19 pandemic. 

We used these updated risk assessments 
to answer our final question about the 
potential economic impact of COVID-19. Civil 
conflicts are known to adversely impact the 
economic prospects of the countries they 
afflict, commonly referred to as ‘development 
in reverse’.9 If we can assess how COVID-
19 alters a given country’s likelihood of civil 
unrest, we can better understand and predict 
the likely economic fallout from COVID-19 
due to possible future unrest. We do so here 
by examining how an altered risk of conflict 
may affect a country’s international trade level, 
thereby impacting the economies of countries 
outside of Africa. Since trade is a key economic 
component likely to be affected by conflict, 
we used it to estimate how a given country’s 
economy may be adversely affected by 
conflict in the wake of the COVID-19 pandemic 

9 Collier et al. (2003).  

(and how this impacts the economies of 
external trading partners, in turn). This 
approach enabled a limited assessment of 
how COVID-19 might foster global economic 
consequences via civil conflict and unrest.  

This report proceeds as follows: 

• Chapter 2, ‘Data’, describes the data 
and sources underpinning our analytical 
methods.

• Chapter 3, ‘Methodological Approach’, 
details our quantitative modelling strategy, 
including our conflict model, assessment 
of the impact of COVID-19 on conflict risk, 
estimation of external economic effects 
and the caveats and limitations of our 
approach. 

• Chapter 4, ‘Results and Findings’, presents 
and discusses the results of each stage 
of our modelling approach, including an 
evaluation of the model’s performance, 
baseline and COVID-adjusted conflict-risk 
predictions and estimates of external 
economic risk. 

• Chapter 5, ‘Conclusion’, summarises our 
approach and findings, including a brief 
discussion of possible avenues for future 
work.
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Chapter 2. Data

We based our analysis on data from various 
sources. Data used in our conflict model are 
primarily collated by the Quality of Government 
(QoG) Institute in their QoG Standard Dataset.10 
Other variables were collected from numerous 
sources or hand-coded based on the raw 
data contained in specific datasets. Table 2.1 
presents summary statistics for each variable 
in our baseline conflict model; the right-most 
column lists the corresponding data source 
from which we extracted the variable. The 
second column from the right lists covariates 
selected by the variable selection procedure (X) 
and chosen for further examination of COVID-19 
impacts (+). We calculated summary statistics 
over our entire core sample period (1997 to 
2018), including the ‘training’ sample (1997 
to 2013) and the ‘validation sample’ (2014 to 
2018). Though not reflected in Table 2.1, we also 
incorporated additional data extending through 
2020 for our study of COVID-19 impacts. Due 
to data unavailability, we dropped some African 
countries from our primary dataset.11

Our dependent variable was an indicator 
variable with a value of ‘1’ if an intrastate conflict 
occurred in a given country within a given year 

10 Teorell et al. (2022). 

11 We dropped countries with a population of less than 1,000,000 and those for which sufficient data were unavailable. 
Of the 54 African countries, 36 were covered for the entirety of our timeframe of interest. 

12 Gleditsch et al. (2002), Pettersson et al. (2021). 

13 Borchert el al. (2022), Borchert et al. (2021). 

14 World Bank (2021). 

and ‘0’ if not. We created this variable based 
on Uppsala Conflict Data Program (UCDP) 
data12 covering internal armed conflict and 
internationalised internal armed conflict. We 
define internal armed conflict as between a state 
government and at least one internal opposition 
group without intervention from other nations. 
Although similar, we define internationalised 
internal armed conflict based on intervention 
from another nation on behalf of at least one 
side. The original variables track the number 
of annual conflicts by type and country. We 
translated this information into a single indicator 
variable because our focus is on the presence 
of intrastate conflict rather than conflict 
onset, intensity or frequency, irrespective of 
intervention from outside parties.

Our international trade and external impacts 
model primarily utilises data from the 
International Trade and Production Database for 
Estimation (ITPD-E) between 2015 and 2019.13 
These data cover bilateral trade in agriculture, 
mining, energy, manufacturing and services. To 
translate bilateral trade impacts into estimates 
of aggregate economic effects, we incorporated 
GDP data from the World Bank.14
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Table 2.1: Summary statistics

Variable Observations Mean Standard 
Deviation Selected Source

Conflict (binary) 1,020 0.415 0.493 N/A UCDP

Log population 1,013 16.221 1.192 + WB WDI

Log real GDP per capita 983 7.05 0.966 + WB WDI

Ethnic fractionalisation 1,005 0.663 0.245 Fearon (2003)

Ethnic fractionalisation 
squared

1,005 0.5 0.266 Fearon (2003)

Share of the largest ethnic 
group

1,005 0.458 0.24 Fearon (2003)

Racial component of ethnic 
heterogeneity index

968 4.386 12.208 X Vanhanen (1999)

Religious component of 
ethnic heterogeneity index

968 12.977 14.35 X Vanhanen (1999)

Language component of 
ethnic heterogeneity index

968 42.932 21.681 X Vanhanen (1999)

Ethnolinguistic diversity 924 61.262 26.431 X Collier and 
Hoeffler (2004)

Ethnolinguistic diversity 
squared

924 4,450.881 2,612.95 X Collier and 
Hoeffler (2004)

Number of languages in 
Ethnologue

968 11.909 7.358 X Fearon and Laitin 
(2003)

Religious fractionalisation 968 0.43 0.221 X Fearon and Laitin 
(2003)

Size of largest confession 968 65.727 20.273 X Fearon and Laitin 
(2003)

Per cent of the population in 
the second largest group

1,005 0.19 0.084 X Fearon (2003)

Ethnic dominance 1,020 0.362 0.481 X Collier and 
Hoeffler (2004)

Autocracy index 1,019 2.219 2.302 X Polity

Democracy index 1,019 3.290 3.066 X Polity
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Variable Observations Mean Standard 
Deviation Selected Source

Democracy (binary) 1,020 0.286 0.452 X Polity

Autocracy (binary) 1,020 0.111 0.314 Polity

Executive recruitment 
concept

1,019 5.290 2.229 X Polity

Competitiveness of 
participation

1,019 2.794 1.213 X Polity

Regulation of participation 1,019 2.661 0.917 X Polity

Polity2 score 1,019 1.08 4.992 Polity

Political competition 1,020 0.101 21.93 X Polity

Executive constraints 1,019 3.767 1.840 X Polity

SIP index of continuous 
democracy

1,009 7.213 15.767 X Gates et al. (2006)

Polity2 score squared 1,019 26.066 22.258 X Polity

Partly free (binary) 1,020 0.15 0.357 X Freedom House

Anocracy (binary) 1,020 0.603 0.49 X Polity

Change in autocracy score 1,019 0.115 13.644 X Polity

Change in democracy score 1,019 0.273 13.912 X Polity

Change in Polity2 score 1,017 0.157 1.362 Polity

Polity2 score changed in the 
past three years (binary)

1,015 0.219 0.414 Polity

Years since the last regime 
change

1,020 10.995 12.114 X Polity

Coup (binary) 1,020 0.049 0.225 Bjørnskov and 
Rode (2020)

Lag of coup (binary) 1,019 0.052 0.235 X Bjørnskov and 
Rode (2020)

Unitary government 
structure (binary)

1,020 0.596 0.491 X Wig, Hegre and 
Regan (2015)
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Variable Observations Mean Standard 
Deviation Selected Source

Federal government 
structure (binary)

1,020 0.099 0.299 X Wig, Hegre and 
Regan (2015)

Exports of goods and 
services (% GDP)

942 29.396 16.087 X WB WDI

Trade (% GDP) 942 67.785 32.472 X WB WDI

Infant mortality rate 1,020 63.02 26.691 X WB WDI

Life expectancy 1,020 57.167 7.854 X WB WDI

Male youth unemployment 1,020 15.049 13.233 + WB WDI

Agriculture, forestry and 
fishing value added (% GDP)

954 22.955 14.053 X WB WDI

Oil rents 985 5.013 11.623 X WB WDI

Global real food price index 1,020 90.788 16.177 + UN FAO

Terrain ruggedness index 1,012 0.895 1.094 X Nunn and Puga 
(2012)

Population density 1,020 63.636 77.232 X WB WDI

Refugee population 996 78,900.64 149,045.4 X WB WDI

Armed forces personnel 
(total)

957 70.927 134.286 X WB WDI

Global militarisation index 937 152.617 76.032 X Mutschler and 
Bales (2020)

Armed forces personnel (% 
of labour force)

957 1.228 2.253 X WB WDI

Bayesian corruption index 973 57.137 10.058 Standaert (2015)

Political terror scale 1,020 3.134 0.964 X Gibney et al. 
(2020)

Number of protests and 
riots

1,011 51.126 146.857 + ACLED

Average of Freedom House 
political rights and civil 
liberties scores (10-point 
scale)

1,020 6.597 2.148 + Freedom House
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Chapter 3. Methodological Approach

This chapter describes our empirical approach, 
which we divide into four sections. First, we 
detail our statistical model for identifying the 
key correlates of intrastate conflict in Africa 
over our sample period. Our base model 
is a logit specification based primarily on 
independent variables drawn from leading 
predictors identified in the literature.15 We 
then extended our model to include a variable 
selection and regularisation procedure. This 
allowed us to leverage a general, data-driven 
process to restrict the included independent 
variables to the most relevant only. We 
describe this procedure’s relative advantages 
and disadvantages in greater detail below and 
conclude by describing how we generated 
conflict risk predictions from our baseline 
model and evaluated the model’s performance.

Second, we discuss our approach to assessing 
the impact of COVID-19 on conflict risk across 
African nations. The conflict risk predictions 
underpin our statistical experiment. In broad 
terms, the procedure estimates the country-
level change in the probability of conflict we 
would expect to observe following changes 
in the values of key independent variables 
consistent with the observed magnitude of 
COVID-19’s impacts in 2020. This involves 

15  Hegre & Sambanis (2006), Dixon (2009).

identifying a platform of key predictors as 
the basis of the experiment, assessing how 
each variable changed during COVID-19 and 
quantifying how those changes impact the 
probability of conflict relative to the conflict 
risk in a pre-COVID base year. The key outputs 
from this modelling stage are a set of baseline, 
country-level conflict risk predictions and a 
corresponding set of COVID-adjusted conflict 
risk predictions. The differences between these 
predicted values represent our estimates of the 
impact COVID-19 may have had on conflict risk. 

Third, we fed the conflict risk values into an 
economic model to estimate the resulting 
economic impacts on other countries, given 
the extent of trade linkages characterising the 
global economy. This analysis stage leveraged 
the existing literature in two ways. First, it 
drew on available evidence concerning the 
relationship between conflict and bilateral 
trade. Second, it utilised current research 
estimating the impact of bilateral trade 
movements on GDP. We describe this process 
in more detail in the following sections, with 
Figure 3.1 providing a high-level summary of 
our empirical strategy. Finally, we discuss the 
caveats and limitations of our approach.
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Figure 3.1: Summary of our methodological approach

3.1. A quantitative model of 
conflict risk 
The aim of our quantitative conflict model 
was twofold: (1) to identify the factors 
(variables) most closely associated with 
conflict in our sample and (2) to use the fitted 
coefficients in conjunction with covariate 
data to generate conflict risk predictions. 
We used the predictions themselves in two 
ways. First, they allowed us to assess the 
model’s performance using standard forecast 
evaluation techniques, by which we separately 
evaluated in-sample and out-of-sample 
performance. Second, they played an essential 

16 For example, the same framework could be used, in principle, to examine how the Russian war in Ukraine may 
affect conflict risk in Africa through its impacts on specific grain or commodity prices. It would be able to project the 
resulting spill-over economic effects via trade as well. We discuss this possibility in the conclusion of this report. 

role in determining how conflict risk may have 
changed due to COVID-19. Our modelling 
strategy constitutes a remarkably general 
framework for understanding how correlates 
of conflict translate to economic impacts on 
external countries, such that the steps we 
describe below can be easily adapted to study 
other scenarios. The primary changes required 
involve the compilation of a dataset that covers 
the countries and correlates relevant to the 
scenario; the modelling strategy itself can, in 
many instances, remain relatively unchanged 
to suit other research questions.16 

Build quantitative conflict model

Apply ML variable selection procedure

Estimate baseline conflict risk

Assess impact of COVID-19 on key correlates

Estimate COVID-adjusted conflict risk

Calculate expected changes in bilateral trade

Estimate external economic risk
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Our baseline model is represented by the logit 
specification contained in equation (1):

ϒi,t = β0 + β1x1,i,t + ... + βnxn,i,t + εi,t•               (1)

The dependent variable, ϒi,t, equals one if an 
intrastate conflict occurred in country i  in year 
t  and zero otherwise. The array of independent 
variables xj, j ϵ {1, ..., n} contains an expansive 
set of factors identified in the literature formally 
examining the correlates of conflict. We 
describe these variables in greater detail in 
chapter two. Logit (and related probit) models 
have been widely used in the literature on civil 
conflict and international crises.17 This class of 
models is particularly well-suited to empirical 
settings where the dependent variable is binary, 
and the researcher is interested in modelling 
the probability of an event occurring.

We employed the LASSO method to select 
and estimate the final model, setting the 
tuning parameter by choosing the model that 
minimises the Akaike Information Criteria 
(AIC).18 Alternative approaches for selecting 
the tuning parameter will generally result in 
different numbers of selected variables. As 
Table 2.1 illustrates, our method is relatively 
conservative in excluding variables. 

The LASSO approach offers two key 
advantages for this study. First, it can improve 
predictive accuracy by avoiding problems 
associated with overfitting a model. The 
procedure reduces the number of independent 

17 For instance: Cederman et al. (2017) and Rousseau et al. (1996).

18 Tibshirani (1996), Akaike (1974), Stoica & Selen (2004). 

19 Tibshirani (1996). Out-of-sample data refers to data containing observed values not used to fit the model.

20 It is worth noting, however, that there is no guarantee that the LASSO procedure selects the variables that comprise 
the ‘true’ underlying model – it may instead select variables that correlate highly with them. While not necessarily an 
issue when focusing on predictive information, it complicates questions of causality.

21 The first step is to obtain regression coefficients and an intercept from the baseline logit model. Then, for a given year 
and country, these outputs (intercept and coefficients) are combined (i.e. multiplied) with the respective values of the 
associated covariates. Exponentiating this expression (the fitted right-hand side of the regression equation) produces 
what is known as the ‘odds.’ The predicted probability is then computed as odds / (1+odds). The probability equation

 for a given country in a given year is given by , P = 
e (α + β1X1 + ... + βn Xn)

1+e (α + β1X1 + ... + βn Xn) 
  where P denotes the predicted probability. 

variables included in the final model by focusing 
on retaining only key predictors. Reducing the 
set of predictors lowers the chances that the 
fitted model is driven by oddities unique to a 
specific sample, thus improving out-of-sample 
predictive performance.19 Second, it allows for a 
more general framework to study the  
correlates and impacts of conflict across 
different data samples. LASSO can be applied 
to datasets covering conflicts in other  
countries or periods, which may involve either 
(1) augmenting the set of predictors used in 
the analysis or (2) assuming the key predictors 
within a given, broader set of correlates differ. 
The procedure affords an efficient, data-
driven way to address these issues, removing 
pressure on the researcher to select the best 
predictive model ex-ante.20

We selected and fitted the model on our 
‘training’ sample, which spans 1997 to 2013. 
Along with their estimated coefficients, we  
used the resulting independent variables to 
generate estimates of the probability of conflict 
for each country in our sample annually.21 
Because our underlying dataset extends to 
2018, we generated predictions for each 
year between 1997 and 2018 (inclusive). We 
compared the projections for 1997 to 2013 
(our training sample) with actual conflict 
occurrences over the same period to assess 
the model’s in-sample predictive performance. 
Similarly, we compared the predictions for  



12 Quantifying the link between COVID-19, conflict risk, and the global economy

2014 to 2018 (which we refer to as the 
‘out-years’ or ‘validation’ sample) with 
observed conflict over the corresponding 
period to assess the model’s out-of-sample 
performance. We employed three metrics to 
measure our model’s performance: (1) mean 
absolute error (MAE), (2) root-mean-square-
error (RMSE), and (3) the number of correctly 
predicted conflicts. The formulas for the first 
two measures are provided in equations (2) 
and (3), respectively:

MAE = ϒi,t ϒi,t

1 T
t=t0NT Σ

N
i=1Σ ˆ           (2)

RMSE =
NT

(ϒi,t ϒi,t)2T
t=t0Σ N

i=1Σ ˆ

         
(3)

In the equations above, ϒi,t is an indicator 
variable denoting the occurrence of conflict in 
country i in year t (i.e. our dependent variable) 
and ϒi,t denotes the predicted probability of 
conflict in country i in year t. In simple terms, 
these procedures compare estimated or fitted 
values of conflict (ϒi,t) with actual observed 
values (ϒi,t) in the same country and year. If the 
differences are small, the model is considered 
a reasonable predictor. 

To calculate the number of correctly predicted 
conflicts, we first decided what conflict 
probability threshold constitutes a prediction 
that conflict will occur. A natural threshold is 
0.5, given that probabilities exceeding this value 
reflect the expectation that conflict is more 
likely to occur than not. We also considered 
thresholds of 0.3 and 0.1, both commonly 
reported in the literature.22 Incorporating 
a probability threshold created a ‘decision 
rule’ that translates a continuous measure 
of risk into a binary ‘yes or no’ prediction, 
which allowed us to assess the number of 
conflicts correctly predicted by the model. In 

22 See, for example, Ward et al. (2010). 

addition to computing the number of correct 
predictions, we also calculated the number 
of ‘false positives’ – cases where our model 
predicted that conflict would occur when it 
did not. Chapter four provides a more detailed 
interpretation of this metric.

3.2. Technique for assessing  
the impact of COVID-19 on 
conflict risk 
This section details our approach to 
quantifying the impact of COVID-19 on conflict 
risk. The procedure is broadly motivated by 
Polo’s hypotheses (2020), which propose two 
primary pathways through which COVID-19 
may exacerbate conflict in conflict-prone 
countries. First, COVID-19 may negatively 
affect some of the underlying root causes of 
conflict. Second, the pandemic may create 
conditions conducive to political and military 
exploitation, potentially leading to conflict. Our 
approach offers one way to operationalise 
and test these hypotheses. We did so by first 
qualitatively examining the variables selected 
by the LASSO procedure. Next, we selected 
a subset of covariates that mapped to the 
channels described above, quantifying how 
these variables were affected by COVID-19 and 
estimating the projected change in conflict risk 
resulting from those effects. 

To do so, we first identified the specific 
covariates we were interested in assessing 
– those likely impacted by the pandemic that 
map to the two channels described above. For 
this study, we selected: (1) population, (2) GDP 
per capita, (3) male youth unemployment, (4) 
global food prices, (5) the level of freedom, 
and (6) the number of protests and riots. Our 
choice of variables was guided by the existing 

ˆ

ˆ
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literature and the study team’s judgement.23 
However, we would like to stress our focus on 
producing a proof-of-concept for a general, 
multi-layered modelling framework. One could 
argue for including different or additional 
covariates in a more robust application. 

Next, we estimated conflict risk in the base 
year (2017) using the estimated model 
coefficients in conjunction with observed 2017 
data.24 We then assessed COVID-19’s impact 
on each of the six variables listed above by 
(1) calculating the 2015–2019 average for 
each variable and (2) computing the per cent 
change between the 2015–2019 average and 
the 2020 value.25 We choose to assess the 
2020 value relative to the 2015–2019 average 
(instead of, for example, using the per cent 
change between 2019 and 2020) to smooth 
out the potential impacts of outlier events in 
2019.26 Third, we multiplied each variable’s 
2017 value by the per cent change calculated 
above to obtain COVID-adjusted values. Finally, 
we re-estimated base-year conflict risk using 
the COVID-adjusted values, holding all other 
variables at their observed 2017 levels. We then 
compared the baseline with COVID-adjusted 
conflict risk estimates to assess the impact of 
COVID-19 on conflict risk via these variables.

We will now illustrate the procedural 
mechanics using a simplified example 
restricting attention to a single variable: the 

23 Studies examining the impact of COVID-19 on various aspects of societies are beginning to emerge, e.g. Su et al. 
(2022) on the relationship between COVID-19 and unemployment, Aguei et al. (2021) on COVID-19’s impact on 
sub-Saharan African food prices, and Rapeli & Saikkonen (2020) on the relationship between the pandemic and 
democracy. 

24 We chose 2017 as the base year instead of 2018 (the most recent year in our core dataset) because a small number 
of countries dropped out of our dataset in 2018. However, the exact year choice is not critical because our estimates 
of COVID-19’s impacts rely on changes relative to the base year.

25 We calculated population and GDP per capita slightly differently. Instead of computing these variables’ 2015-2019 
averages and comparing them with their 2020 values, we computed the variables’ 2015–2019 average growth rates 
and compared them with the 2020 growth rates. We then applied the growth rate differences to the base year values to 
create COVID-adjusted figures, thus accounting for the upward trend in population and GDP per capita trend over time. 

26 For example, protests were widespread in Egypt in 2019, departing from historical averages in a way that might 
complicate efforts to discern COVID-19’s impact on this variable in 2020. Therefore, we believed it was sensible to 
examine pre-pandemic averages for each variable, spanning several years instead of only 2019. 

number of protests/riots. Suppose that country 
X had a base conflict risk of 90 per cent in 
2017 and experienced 100 protests/riots that 
year. Now assume that Country X experienced 
120 protests/riots in 2020, with a 2015–2019 
average of 80. The percentage difference 
between the 2015–2019 average and the 2020 
value is thus 50 per cent. We then multiply the 
2017 value (100) by the percentage change 
figure (1.5, representing a 50 per cent increase) 
to obtain our COVID-adjusted value (150). 
Once we have calculated the COVID-adjusted 
variable, we can re-estimate conflict risk using 
the COVID-adjusted number of protests/
riots (150) in place of the actual baseline 
value (100). Suppose the resulting (adjusted) 
estimate of conflict risk for country X is 
now 95 per cent. In this case, the difference 
between the two conflict risk predictions (five 
percentage points, or 5.556 per cent) thus 
reflects the expected change in conflict risk 
resulting from a measure of how COVID-19 
affected this underlying variable.

3.3. Approach for estimating 
external risk 
The previous two sections outlined a model 
for predicting conflict risk in African countries 
and developed an approach for assessing 
how COVID-19 has affected the risk of conflict 
in the African region through its impacts 
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on key variables. Civil conflict is associated 
with substantial human and economic 
costs, including adverse consequences for a 
country’s population, such as casualties and 
forced displacement of people, as well as 
adverse economic effects via lower economic 
growth rates.27 While conflict has serious 
consequences for the countries directly 
involved, it also has spillover effects on other 
countries through international trade and FDI 
(e.g. the integration of global supply chains).28

Our objective here is to assess the 
corresponding economic risk for external 
countries due to the risk of conflict in African 
countries. For this analysis, we define 
economic risk as the expected loss in GDP 
associated with a trade decrease with conflict-
affected countries – which implies that 
third countries may suffer economic losses 
owing to reductions in their bilateral trade 
relationships with conflict-ridden states. Rather 
than reflecting realised economic damages, 
our measure of economic risk combines the 
expected cost incurred if conflict occurs in 
a given country and the probability of that 
happening. Thus, the conflict risk analysis 
predicts a conflict probability between ‘0’ and 
‘1’, assessing economic risk as the expected 
economic damage based on this probability. 

Our analysis quantified economic risk 
according to two scenarios to help understand 
the possible external economic effects of 
COVID-19’s impact on conflict in African 
nations. First, we calculated the economic risk 
associated with baseline conflict risk across 
African countries. Second, we conducted 
an analysis to demonstrate how COVID-19 
has impacted conflict risk and subsequent 

27 See Collier et al. (2003) in particular, but also Fang et al. (2020) and Thies & Baum (2020). 

28 See, for example, Glick & Taylor (2010), Assem (2019) and Oukhallou (2020). 

29 Assem (2019). Hence, our δc,j is 0.4. 

economic risk. Our economic risk estimates 
focused on analysing the prospective impacts 
of conflict-risk shifts across Africa on a large 
set of higher-income countries, aiming to 
measure the potential economic output at 
stake for these nations if COVID-19 affects 
conflict prevalence in the African region.

More technically, our approach to estimating 
economic risk focuses on the expected costs 
of conflict to international trade. Theoretically, 
we could also consider other economic-risk 
channels – including financial interests in a 
conflict-affected country, as measured by 
its FDI level. However, we have focused on 
international trade based on available data 
and existing research. For this reason, our 
economic risk figures should be interpreted as 
conservative estimates. 

The economic risk calculation can be written 
as follows:

ERi,j = CRj  ×  δc,j ti,j  ×  π.                  (4)

ERi,j represents the economic risk (i.e. the 
expected value of GDP at risk) for country 
i; CRj  represents conflict risk in country or 
region j and ti,j is the value of bilateral trade 
between country i and country j. We compute 
this value as the average annual total amount 
of bilateral trade between 2015 and 2019. δc,j 

represents the expected change in bilateral 
trade associated with civil conflict in country 
or region j. Based on existing literature, we 
assume that civil conflict reduces bilateral 
trade by roughly 40 per cent.29 The economic 
risk calculation also relies on a trade-to-GDP 
multiplier, π, which represents the relationship 
between a change in trade and the resulting 
change in GDP. Based on previous research, 
we assumed a value of 0.5 for the multiplier; 
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this implies that GDP decreases by 50 cents for 
each one-dollar trade reduction.30

In reality, civil conflicts can span several 
years, and the evidence suggests long-lasting 
economic consequences. For example, 
Assem (2019) shows that bilateral trade can 
remain below pre-conflict levels more than a 
decade after a conflict ends. In this study, we 
chose to focus on annual economic risk, i.e. 
we report the total value of GDP currently at 
risk in a given year based on the estimated 
level of conflict risk. Similarly, we present 
annual economic risk figures for the COVID-19 
scenario analysis described above.

3.4. Caveats and limitations
Readers of this report should take the following 
caveats and limitations into consideration:

• Our conflict model is focused exclusively 
on prediction. Rather than identifying the 
causal impact of any single variable on 
this likelihood, we aimed to investigate 
how shifts in a combination of covariates 
affect the likelihood of conflict. While 
understanding causal drivers of conflict is 
undoubtedly important – and the subject 
of a robust, growing literature – it is outside 
this report’s scope.

• Our measure of COVID-19’s impact on key 
variables is imperfect. Ideally, we would 
create a measure that reflects COVID-
19’s impacts relative to a counterfactual 
scenario where COVID-19 did not occur. 
For some variables, such as GDP, there 
are metrics more closely aligned with this 
conceptual ideal. For example, the World 
Bank published information describing 

30 Frenkel & Romer (1999). Note that Frankel and Romer (1999) estimate a range of 0.85 to 1.97 for the multiplier; we 
take a conservative approach and apply a value of 0.5, which is the lower bound estimate associated with their work. 
Other models of international trade commonly apply a 0.5 multiplier – see Egel et al. (2019). 

31 World Bank (2020).

how the forecasts for 2020 GDP were 
affected by the outbreak of COVID-19.31 For 
other variables, similar data on forecast 
adjustments do not exist. For consistency, 
we have thus chosen to apply the above 
approach to all variables, acknowledging 
that it is an imperfect measure.

• Although it would be relatively 
straightforward, we did not embed 
sensitivity analysis into our COVID-
19 analysis. Since we were primarily 
concerned with producing a general proof-
of-concept modelling strategy, this report’s 
results are restricted to point estimates. 
However, there are numerous ways to 
capture uncertainty in this framework. 
One example is to estimate a range of 
possible impacts on each selected variable 
instead of relying on a single percentage-
change calculation. If impact ranges were 
estimated at the covariate level, their 
underlying uncertainty would carry through 
to the conflict risk predictions. Thus, the 
projected changes in conflict risk would 
reflect a range of possible impacts instead 
of a single-point estimate. Depending on 
the research questions under investigation, 
we would encourage practitioners 
to consider how best to account for 
uncertainty in each context.  

• For numerous reasons, our external 
economic-risk estimates likely reflect a 
lower bound on the impacts of COVID-
19-driven conflict-risk changes across 
Africa on higher-income nations. First, 
we have focused on a relatively small set 
of covariates in examining how COVID-19 
may have affected conflict risk throughout 
Africa. While widening the lens might result 
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in the inclusion of variables that served to 
mitigate conflict risk throughout COVID-19, 
it is reasonable to suppose that a more 
robust assessment would magnify the 
conflict risk changes estimated in this 
report. Second, our evaluation of COVID-19 
impacts only extends through 2020; many 
places did not experience the full effects 

of COVID-19 until after 2020. Third, our 
economic impact estimates rely solely on 
effects transmitted through international 
trade and do not consider other channels, 
such as FDI. Fourth, we intentionally 
choose a conservative multiplier when 
translating estimated trade impacts into 
projected impacts on GDP. 
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Chapter 4. Results and findings

This chapter presents and discusses the 
results of the modelling strategy described in 
the previous chapter, divided into two sections 
that correspond to our methodological 
approach’s two stages. The first presents 
the key results from the predictive model of 
conflict, beginning with a brief description 
of the covariates identified by the variable 
selection procedure before assessing 
in-sample and out-of-sample performance. The 
first section concludes by presenting base-year 
conflict-risk estimates and assessments of 
how conflict risk changed across countries due 
to COVID-19’s impact on particular covariates. 

The second section presents our economic 
impact estimates, showing how changes in 
conflict risk relate to economic output via 
expected changes in international trade. As 
described above, this portion of the analysis 
leverages assessments of (1) how conflict 
affects international trade and (2) how 
fluctuations in trade ultimately translate to 
changes in GDP. In particular, we present 
estimates of the impact of conflict-risk 
changes on GDP for 39 relatively high-income 
nations, including the United States (US) and 
the United Kingdom (UK).

32 As described earlier, our method for selecting the tuning parameter results in a relatively conservative approach to 
selecting covariates; other approaches restrict the model’s total number of predictors more severely.

4.1. Conflict risk predictions
As described earlier, we selected and fitted 
our conflict model on the ‘training’ sample, 
comprised of data from 1997 to 2013. Table 
2.1 lists the covariates selected by the LASSO 
procedure (47 of the 56 covariates forming 
the baseline model).32 Since we did not design 
our model to estimate causal relationships, 
we do not present coefficient estimates and 
their associated standard errors. Instead, we 
focus on assessing the model’s predictive 
performance.

Table 4.1 reports our model’s MAE and RMSE 
measures. It reports performance metrics for 
the ‘training’ sample (from 1997 to 2013) and 
the ‘validation’ sample (from 2014 to 2018). 
We also chose to display each measure’s 
value for each year in the validation sample to 
understand whether aggregate out-of-sample 
performance is disproportionately driven by 
any particular year(s). The key takeaways from 
the performance metrics can be summarised 
as follows.
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Table 4.1: Assessment of in-sample and out-of-sample model performance

Sample MAE RMSE Observations

1997–2013 (in-sample) 0.190 0.301 558

2014–2018 (out-years) 0.316 0.444 188

2014 0.318 0.437 38

2015 0.336 0.465 38

2016 0.328 0.460 38

2017 0.280 0.402 38

2018 0.322 0.452 36

First, the model is reasonably accurate. 
The MAE metric lends itself more readily to 
interpretation, given its focus on the difference 
between actual and predicted values; therefore, 
we describe performance according to this 
dimension. For example, the out-of-sample 
MAE value of 0.316 can be roughly interpreted 
as predicting a 68.4 per cent chance of conflict 
on average for countries that did experience 
conflict between 2014 and 2018. RMSE is less 
easily interpretable given that it assesses the 
square of errors, making it more sensitive to 
poor individual predictions. Nonetheless, our 
RMSE values generally lend themselves to a 
similar conclusion.

Second, the model’s out-of-sample 
performance is noticeably worse than its 
in-sample performance. As noted above, our 
out-of-sample MAE is 0.316. Its in-sample 
counterpart equals 0.190, which roughly 
predicts an 81 per cent chance of conflict 
in locations that experienced conflict during 
the in-sample years. Of course, it is natural 
for in-sample performance to exceed out-of-
sample performance to some degree, given 
that the model coefficients are estimated 
using in-sample observations. However, while 
our model performs reasonably well out-
of-sample, it does not perform equally well 
out-of-sample. We also emphasise that the 
conflict model is just one part of a broader 

methodology designed to assess the link 
between conflict-risk drivers and economic 
outcomes. While conflict risk predictions play 
an important role in the broader construct, a 
more tailored approach may be appropriate for 
prediction within a particular locale. It is worth 
noting, however, that the model’s performance 
is relatively consistent across out-years; the 
out-of-sample metrics are not driven by any 
particular outlier years.

Table 4.2 summarises our model’s performance 
using measures more commonly employed in 
the literature: the number of correctly predicted 
conflicts and false positives. The table restricts 
attention to out-of-sample observations (from 
2014 to 2018). The first row shows that, in 95 
instances where conflict occurred in a particular 
country and year, our model predicted at least a 
50 per cent chance of it happening. In total, 140 
country-year observations were associated with 
conflict, meaning our model correctly predicted 
67.857 per cent of conflict incidence over the 
period. However, our model predicted conflict 
that did not occur (false positives) in 19 cases. 
Lowering the threshold generally increases the 
number of correctly predicted conflicts and false 
positives. Given its intuitive interpretation, our 
preferred threshold is 0.5. Thus, this measure 
paints a similar picture of model performance 
as the MAE metric discussed above. 
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Table 4.2: Number of correctly predicted conflicts and false positives

Threshold Correctly Predicted Total Conflicts Per cent Correctly Predicted False Positives

0.5 95 140 67.857 19

0.3 120 140 85.714 25

0.1 137 140 97.857 34

NOTES: Calculations are based on out-of-sample data (2014 to 2018). The unit of observation is country-by-year. 
‘Threshold’ denotes the lower bound probability at which we predict a conflict will occur.

33 In particular, see the discussion section in Ward et al. (2010).

34 Ward et al. (2013). 

35 Muchlinski et al. (2016), Colaresi & Mahmood (2017), Mueller & Rauh (2022). 

Even with the construction of standard metrics, 
comparing our model’s predictive performance 
with others in the literature is difficult due to 
the variation in objectives, contexts, samples, 
forecasting horizons and outcome measures 
between studies. For example, many studies 
are concerned with predicting conflict onset 
or duration instead of incidence. However, the 
performance evaluation results broadly suggest 
that our model outperforms many earlier 
studies, including the seminal work by Fearon 
& Laitin and Collier & Hoeffler.33 Its overall 
performance is roughly comparable to more 
recent studies such as Ward et al.34 However, 
it is outperformed (both in-sample and out-of-
sample) by a small set of recently developed 
models.35 These models typically employ a more 
complex array of ML techniques and are centred 
exclusively on predictive accuracy. 

Having discussed and contextualised our 
model’s predictive power, we next turn to our 
estimates of conflict risk. Table 4.3 reports our 
primary set of conflict risk predictions. Column 
three presents estimates of conflict risk across 
countries for our chosen base year, 2017. 
Column four displays estimates of conflict risk 
that reflect the use of COVID-adjusted values 
for specific variables. Columns five and six 
present two measures of difference between 
the two sets of risk: the percentage point and 
per cent difference, respectively. Countries 
are ranked in descending order based on the 

percentage point difference between baseline 
and COVID-adjusted conflict risk (column five).

The estimated percentage point difference in 
conflict risk ranges from -1.130 percentage 
points (Tanzania) to +14.977 percentage 
points (Morocco); the estimated percentage 
difference in conflict risk ranges from -1.572 
per cent (Mozambique) to +41.878 per cent 
(Morocco). On average, our results suggest 
that COVID-19 increased conflict risk by 
roughly six per cent (or two percentage points) 
across our sample. Our model estimates 
that COVID-19 may have created a modest – 
though significant – increase in conflict risk for 
many countries. For a fair number of countries, 
however, the model estimates a negligible 
change in conflict risk. However, in many cases 
(e.g. the Democratic Republic of the Congo, 
hereafter DRC), the marginal difference in 
conflict risk is likely a function of the country’s 
exceedingly high baseline risk level. As a 
result, we would like to emphasise caution in 
attributing conflict occurring throughout the 
COVID-19 period to the impacts of COVID-19 
itself. While COVID-19 may have contributed 
to the outbreak or continuation of conflict in 
certain cases, conflict may have been likely 
with or without the pandemic in others. Figures 
4.1 and 4.2 visually illustrate our estimates 
of conflict-risk changes. These two sets of 
conflict-risk predictions inform our estimates 
of economic impacts, discussed next.
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Table 4.3: Conflict risk predictions across Africa

Rank Country Baseline COVID-19 Percentage Point 
Difference

Percentage 
Difference

1 Morocco 35.763 50.740 14.977 41.878

2 Tunisia 77.462 89.561 12.099 15.620

3 Guinea 38.226 46.645 8.419 22.025

4 Mauritania 34.873 42.681 7.808 22.391

5 South Africa 75.385 82.185 6.800 9.020

6 Côte d’Ivoire 18.442 23.644 5.202 28.205

7 The Gambia 32.541 37.041 4.500 13.830

8 Cameroon 17.736 21.753 4.017 22.647

9 Angola 77.119 79.561 2.442 3.167

10 Namibia 71.235 73.059 1.824 2.561

11 Ghana 74.875 76.684 1.809 2.416

12 Zimbabwe 47.181 48.406 1.225 2.597

13 Liberia 33.253 34.295 1.042 3.132

14 Sierra Leone 60.712 61.648 0.936 1.542

15 Botswana 20.234 20.918 0.685 3.384

16 Algeria 99.534 99.807 0.273 0.275

17 Mali 95.363 95.635 0.272 0.285

18 Niger 90.475 90.699 0.224 0.247

19 Congo 24.920 25.143 0.223 0.897

20 Rwanda 97.835 97.982 0.148 0.151

21 Egypt 88.287 88.433 0.145 0.165

22 DRC 99.509 99.653 0.143 0.144

23 Togo 78.144 78.270 0.126 0.161

24 Zambia 8.075 8.188 0.113 1.401

25 Nigeria 99.746 99.825 0.079 0.079

26 Benin 39.607 39.677 0.069 0.175

27 Chad 99.214 99.232 0.018 0.019

28 Madagascar 0.087 0.100 0.013 15.326

29 Uganda 99.975 99.979 0.004 0.004

30 Lesotho 0.004 0.004 0.000 5.346

31 Gabon 3.156 3.141 -0.015 -0.460

32 Burkina Faso 90.204 90.154 -0.050 -0.055

33 Senegal 95.602 95.500 -0.102 -0.107

34 Mozambique 17.529 17.253 -0.275 -1.572

35 Burundi 97.533 97.237 -0.296 -0.304

36 Kenya 96.015 95.714 -0.301 -0.313

37 Ethiopia 91.523 91.045 -0.478 -0.523

38 Tanzania 90.738 89.607 -1.130 -1.246



21

Figure 4.1: Percentage point changes in conflict risk driven by the impacts of COVID-19
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Figure 4.2: Percentage changes in conflict risk driven by the impacts of COVID-19

ETHIOPIA

CHAD

ALGERIA

MALI

NIGERIA

TANZANIA

ANGOLA

EGYPT

NIGER

CÔTE
D’IVOIRE

MAURITANIA

LIBERIA

SIERRA LEONE

THE GAMBIA

G
H

A
N

A

B
E

N
IN

T
O

G
O

ZAMBIA

SOUTH
AFRICA

NAMIBIA
ZIMBABWE

BOTSWANA

LESOTHO

KENYA

DRC
GABON

BURKINA
FASO

RWANDA

BURUNDI

M
O

ZAM
BIQ

U
E

U
G

ANDA

M
A

D
A

G
A

S
C

A
R

C
O

N
G

O

CAM
E

R
O

O
N

SENEGA
L

GUINEA

M
O

ROCCO

T
U

N
IS

IA

Percentage change in conflict 
risk due to COVID-19

Baseline above 95%

Increase more than 20%

Increase between 10% and 20%

Increase between 5% and 10%

Increase between 2% and 5%

Increase less than 2%

Decrease less than 2%



23

4.2. Estimates of external 
economic risk 
Table 4.4 (below) presents the main results 
from our economic impacts framework. These 
include two primary types: (1) estimates of the 
economic risk associated with the baseline 
level of conflict risk across African countries; 
and (2) estimates of the projected change 
in economic risk arising from COVID-19’s 
impact on key correlates of conflict. Each set 
of results derives from the calculation given 
by equation (4). As noted earlier, our numbers 
reflect annual economic risk, i.e. the expected 
value of lost GDP within one year. Moreover, the 
estimates for each country listed in the table 
represent the impact of aggregate conflict risk 
across Africa on the country in question. In 
mathematical terms, for a given country i, the 
estimates contained in the table correspond 
to ΣJ

j=1 ERi,j, where j indexes the countries in 
Africa. We present each set of results in terms 
of total economic impact (columns two and 
four) and relative to the size of the country’s 
economy (columns three and five). We begin by 
discussing the results for baseline conflict risk.

Our conflict model projects a relatively high 
baseline probability of conflict across many 
African nations; this set of results reflects the 
expected value of this risk’s impacts on GDP 
through trade linkages. In absolute terms, 
the estimated losses range from almost 
$66m (Croatia) to nearly $22bn (China). As 
a percentage of GDP, the estimated losses 
range from 0.024 per cent of GDP (Colombia) 

to 1.272 per cent of GDP (Malta). While the 
impacts appear small when viewing projected 
economic losses as a percentage of GDP, 
expressing them in absolute dollar amounts 
highlights the volume of economic activity at 
stake: over $98bn.

For the second set of results, we estimate 
that the increase in economic risk driven by 
COVID-19’s impacts on specific conflict drivers 
ranges from over $3m (Croatia) to just over 
$1bn (China). Expressed as a percentage of 
GDP, the predicted additional economic losses 
range from 0.002 per cent of GDP (Colombia) 
to 0.043 per cent of GDP (Malta). Figure 4.2 
depicts the estimated change in GDP (in 
percentage terms) driven by COVID-19 visually. 
Overall, we estimate the additional economic 
risk to equal nearly $5.5bn.

It is important to emphasise that our estimates 
likely reflect a lower bound on the COVID-
19-driven impacts of conflict-risk changes 
across Africa on higher-income nations for 
the reasons described earlier in this report. 
Nonetheless, even an estimate as constrained 
as ours suggests there are meaningful impacts 
on the GDP of higher-income countries. While 
many studies have assessed COVID-19’s 
impacts on various economic outcomes, our 
study’s novel modelling approach highlights 
a specific channel that has received little 
attention to date: the possible spillover effects 
of COVID-19-exacerbated African-conflict 
patterns on the global economy.
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Table 4.4: Predicted aggregated economic risk associated with conflict risk in the African region

  Baseline annual GDP at risk ($, million) Change due to COVID-19

Country $, million %, total GDP $, million %, total GDP

Argentina -943.175 -0.170% -37.850 -0.007%

Australia -687.040 -0.051% -33.759 -0.003%

Austria -518.636 -0.124% -34.776 -0.008%

Belgium -2,800.566 -0.556% -127.606 -0.025%

Brazil -2,492.084 -0.132% -92.407 -0.005%

Bulgaria -301.011 -0.503% -14.319 -0.024%

Canada -1,198.543 -0.073% -54.352 -0.003%

Chile -87.965 -0.033% -5.659 -0.002%

China -21,919.996 -0.175% -1,004.954 -0.008%

Colombia -74.657 -0.024% -6.291 -0.002%

Croatia -65.953 -0.116% -3.165 -0.006%

Cyprus -92.906 -0.404% -3.273 -0.014%

Czech Republic -438.086 -0.198% -35.625 -0.016%

Denmark -744.277 -0.225% -35.788 -0.011%

Estonia -82.410 -0.304% -3.296 -0.012%

Finland -389.738 -0.153% -22.957 -0.009%

France -8,087.857 -0.310% -755.377 -0.029%

Germany -7,231.933 -0.197% -470.818 -0.013%

Greece -755.869 -0.376% -22.041 -0.011%

Hungary -207.683 -0.144% -16.997 -0.012%

India -8,776.851 -0.349% -275.444 -0.011%

Ireland -544.240 -0.159% -31.616 -0.009%

Italy -6,023.181 -0.308% -351.484 -0.018%

Japan -2,866.557 -0.058% -143.339 -0.003%

South Korea -2,497.157 -0.157% -88.412 -0.006%

Latvia -161.534 -0.523% -4.097 -0.013%



25

  Baseline annual GDP at risk ($, million) Change due to COVID-19

Country $, million %, total GDP $, million %, total GDP

Luxembourg -131.437 -0.199% -8.051 -0.012%

Malta -171.183 -1.272% -5.854 -0.043%

Mexico -322.614 -0.027% -24.320 -0.002%

Netherlands -3,904.762 -0.464% -159.562 -0.019%

Poland -703.673 -0.132% -53.492 -0.010%

Portugal -1,126.133 -0.508% -75.902 -0.034%

Romania -474.172 -0.222% -36.085 -0.017%

Slovakia -162.354 -0.168% -15.927 -0.016%

Slovenia -108.166 -0.221% -6.633 -0.014%

Spain -5,910.306 -0.451% -527.839 -0.040%

Sweden -916.718 -0.173% -40.755 -0.008%

United States -9,990.539 -0.051% -503.173 -0.003%

United Kingdom -4,909.709 -0.173% -289.870 -0.010%

All -98,821.673 -0.150% -5,423.165 -0.008%
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Figure 4.3: Impacts of COVID-19 on GDP via the effects of COVID on conflict risk in Africa

Change in predicted aggregated economic
risk associated with conflict risk in the Africa 
region due to COVID-19 (%, total GDP)

-0.0004300 -0.0000200
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Chapter 5. Conclusion

This research addressed several questions 
related to COVID-19, civil conflict and 
economics. The first and most basic question 
is how the COVID-19 pandemic has altered 
and affected the likelihood of civil conflict 
in unstable African states. To answer this 
question, we must first understand each 
country’s overall risk of conflict in the 
absence of the global pandemic. Therefore, 
we constructed a model to assess what we 
refer to as each country’s ‘baseline’ conflict 
risk, generated using data from 1997 to 2013. 
We enhanced this model by employing a ML 
method to select those variables that best 
predicted conflict incidence. We further tested 
our baseline model’s robustness by using 
out-of-sample data (from 2014 to 2018) and 
comparing its predicted results to actual 
conflict occurrence. The results of these 
exercises suggest that our baseline model 
predicted, on average, nearly 70 per cent 
of conflict, affording us a moderately high 
degree of confidence in our baseline model for 
predicting civil conflict. 

The second issue we grappled with was how 
COVID-19 might interact with and alter the 
prevalence of civil conflict in any given country. 
For this, we identified six key variables whose 
impact due to COVID-19 might meaningfully 
affect the conflict calculus in each country. We 
qualitatively selected these variables, informed 
by the burgeoning literature on COVID-19 
and conflict processes. Once determined, we 
estimated how these variables changed in 
2020 compared to their pre-pandemic trends. 
Informed by these changes, we re-estimated 
our baseline model to generate new, country-
specific predicted probabilities for civil conflict. 

We thus attributed differences in these 
estimated probabilities to COVID-19. 

Finally, we investigated a broader issue related 
to COVID-19 and the global economy: how 
COVID-19’s impact on conflict-prone countries 
(via civil unrest) might affect the economies 
of other, more developed nations. We aimed 
to address this question by examining how 
COVID-19-related conflict might impact African 
countries’ trade levels with third parties. Trade 
is one inter-state relationship that drives and 
impacts a country’s overall economic well-
being. Therefore, we selected it as a measure 
to understand how changes in conflict risk (due 
to COVID-19) might affect the economies of 
39 more developed countries. Our economic 
risk estimates reflect the expected loss in 
GDP associated with a decrease in trade with 
conflict-affected countries.

We found that, on average, COVID-19 increased 
the risk of conflict by roughly six per cent in 
our sample of African nations. However, many 
countries in our sample are estimated to have 
an exceedingly high baseline risk level, thus 
limiting the scope for substantial upticks in the 
probability of conflict. The anticipated effect 
is most pronounced in Morocco, Côte d’Ivoire, 
and Cameroon. However, our model suggests 
a small handful of countries may expect 
a marginal decrease in conflict likelihood 
because of the pandemic, possibly driven by 
reductions in public protests following COVID-
19 restrictions on public gatherings in certain 
countries. Thus, these effects may be short-
lived as such restrictions are lifted. 

Concerning the economic fallout to 39 other 
nations due to COVID-19, the overall expected 
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decline in GDP is 0.008 per cent. While small 
in percentage terms, this equals nearly $5.5bn 
potentially lost to the global economy at a 
macro level. Again, however, these numbers 
represent conservative estimates for multiple 
reasons. For example, they derive only from 
impacts due to trade loss and not other 
economic indicators such as tourism or FDI. 
Moreover, our estimates only reflect impacts 
operating through one specific channel: 
changes in conflict risk.

We are unaware of any directly comparable 
studies of previous public health crises, 
which challenges the contextualisation of our 
findings. Public health crises are relatively 
rare phenomena, limiting the scope for robust 
research and analysis. Moreover, studies 
examining a given crisis or disaster often focus 
on the effects within an affected country or 
region,36 while little attention has been given to 
how such impacts may spill over to unaffected 
nations or regions. Kostova et al. come closest 
to documenting the type of external economic 
impacts this study reports,37 finding that the 
2014 West African Ebola outbreak caused a 
$1.08bn relative reduction in US merchandise 
exports to nations affected by Ebola. By 
comparison, we estimate the increased risk to 
the US economy driven by COVID-19’s impact 

36 Rose (2021), Saywell et al. (2003). 

37 Kostova et al. (2019). 

38 Rooney et al. (2022) 

on key conflict drivers in Africa to be just over 
$500m. However, it is important to note that 
impacts on bilateral trade may not translate 
directly to GDP outcomes. The ultimate impact 
on total economic output may be mitigated by 
production adjustments or changes in overall 
trade patterns, making it difficult to compare 
our US findings to Kostova et al.38 Therefore, 
this aspect of our study contributes to the 
limited body of research analysing the spillover 
effects of public health crises on third parties.

While specifically designed to address the 
relationship between the COVID-19 pandemic 
and possible economic fallout due to conflict 
changes, our modelling approach is remarkably 
generalisable. We aimed to trace specific 
connections between COVID-19 and domestic 
conflict and between domestic conflict and 
international economic fallouts. However, our 
modelling approach can be repurposed to 
address multiple other issues. For instance, 
how might the current war between Russia 
and Ukraine impact global economics via 
increased food prices? Future research could 
employ similar modelling methods, informed 
by ML mechanisms, to understand how shocks 
such as wars and pandemics have broader 
economic impacts.  
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