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Summary

As climate change progresses and efforts to combat it move upward on the global

agenda, quantitative research on the relationships between climate variability and

violent conflict has not led to a consensus. The use of diverse operationalizations,

levels of analysis and outcomes of interest in the research field has produced valuable

insights about causal mechanisms, but results point in different directions. This

thesis aims to remedy this by treating these mechanisms as equifinal, allowing them

to be put to one common test.

The key to this research design is the African market for the AK-47 assault rifle

and similar weapons. Because Kalashnikov rifles are used by a variety of actors,

exist in abundance and can travel easily to where on the continent they are needed,

changes in the demand for such arms should reflect developments in the risk of

violence. I investigate the relationship between a widely used type of climate vari-

ability, namely drought severity, and changes in the price of small arms in Africa in

the 1990-2014 period. The research question guiding the project is this: Is drought

severity systematically related to increases in the demand for small arms in Africa?

Using panel data on two different spatial levels of analysis, I find evidence for a

two-year delayed effect of the severity of observed meteorological drought on the risk

of violence, operationalized as interannual change in the price of small arms. The

result indicates that drought severity positively affects the rate at which demand

changes, but not necessarily that drought causes more demand. Whether illicit small

arms prices rise or fall is better predicted by other factors.
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Chapter 1

Introduction

The belief that climate change will cause more violent conflict in the future has

attracted much attention in the last few years. It is beyond doubt that global

warming will affect the climate in various and complex ways, and that these changes

will have profound impacts on humankind. One dimension of climate change involves

increasing frequency and intensity of drought (IPCC, 2013). What will be the

consequences of large land areas becoming hotter and drier?

Many researchers have attempted to find scientific evidence that climatic stress

is already driving conflict. These researchers have mostly focused on the African

continent, assuming that climate change will have most devastating impacts there

(Boko et al., 2007). Searching for causal effects in data from the past and present,

scholars conjecture that higher temperatures, more frequent extreme weather and

natural disasters will drive more conflict as climate change progresses (IPCC, 2012).

Since the early 2000s, however, research on the direct relationship between different

kinds of climate variability and violent conflict has yielded inconclusive results. The

Intergovernmental Panel on Climate Change (IPCC) stated in its Fifth Assessment

Report that “...there remains much disagreement about whether climate change
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directly causes violent conflicts” (IPCC, 2014, p. 94) .

Because of the lack of consensus on the existence of such a relationship, since

the mid-2010s the field has shifted focus to exploring the various causal pathways

between climate factors on the one hand and conflict on the other. In response

to criticism of the climate-conflict literature being poorly theorized, this shift has

entailed a more careful specification of the different components of each causal link.

Largely abandoning the quest for direct effects between climate and conflict, the

literature has since produced valuable insights about causal relationships. However,

the picture that has emerged from this strand of research is unclear. Findings are

context dependent, and “...the mechanisms of climate-conflict linkages remain a key

uncertainty” (Mach et al., 2019). The use of different variables, data and units of

analysis makes it difficult to compare findings from different studies. Unfortunately,

this makes the research field as a whole hard to navigate.

A typical climate-conflict research design investigates a relationship between

some kind of climate variability and some kind of conflict outcome. These rela-

tionships are many, as illustrated by the arrows in figure 1.1, and are studied by

different scholars with different results. Although the quality of recent research on

each relationship is high, what is needed is a bottom-line insight about the common

direction of these various relationships. This master thesis provides a birds-eye view

of the link between one type of climate variability, namely drought severity, and the

risk of violence. When it comes to whether a direct causal link between drought and

violence in Africa does exists, an answer whose validity is not restricted to a specific

context is needed.

The study rests on the following insights from the climate-conflict nexus: first,

despite the uncertainty that exists in the research field, there are several plausible

indirect causal linkages between drought and violent conflict. These effects are

mediated through variables such as agriculture and food prices, economic growth,
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migration and institutions. They may increase the likelihood of conflict by having

an impact on people’s livelihoods, the state’s coping capacity and the level of inter-

group tension (Busby, 2018, p. 339). Second, which specific conflict outcome is most

relevant differs between the various causal linkages and could be anything from local

riots to civil war (Salehyan, 2014; Seter, 2016).

Figure 1.1: Illustration of typical climate-conflict research designs.

The novel feature of this study is that all these causal mechanisms are treated as

equifinal in the sense that they all should have an impact on one common indicator:

the demand for small arms. Many violent actors, that differ along dimensions such

as degree of organization, number of members, geographic reach and form of moti-

vation, have one thing in common: they need firearms. Rebel groups taking on state

forces, herders protecting their cattle from rustlers, local thugs who have taken to

looting, and citizens having to protect themselves from transgressions all must arm

themselves to achieve their goals. The research question guiding the project is this:

Is drought severity systematically related to increases in the demand for small

arms in Africa?

Using existing observational data on small arms transactions, I base my research

on the unique position of one particular gun on the African continent: the AK-47
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assault rifle. A destructive part of the Cold War legacy, this rifle is the weapon of

choice for a variety of actors big and small because it is inexpensive, easy to use and

extremely durable (Kahaner, 2007). It continues to exist in abundance and travels

easily to wherever it is in demand (Killicoat, 2007). Therefore, I use the demand

for small arms (such as the AK-47) as a common indicator for all the potential and

actual violent outcomes that together constitute the risk of violence. The research

design is illustrated in figure 1.2.

Figure 1.2: Illustration of my research design.

In order to investigate the relationship between drought severity and the demand

for small arms, I use panel data from the 1990-2014 period. I operationalize changes

in demand as interannual change in illicit small arms prices. The unit of measure-

ment for this variable is constant US dollars, which lets me estimate linear models

with a continuous dependent variable. This allows the models to capture subtle

changes along the continuum between stable peace and armed conflict, as opposed

to studies that treat conflict as a binary outcome.

I carry out the analysis on two different spatial levels. For one set of models the

units of yearly observation are the countries of mainland Africa, and for the other set

of models the units are square cells covering the same geographic area. By combining

this bi-level approach with different temporal lags, I aim to model how drought

impacts evolve over space and time. The results are consistent between the two
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levels of analysis and indicate that drought severity is systematically related to the

demand for small arms. This effect is delayed by two years. The causal relationship

does not necessarily involve increasing demand, only the change rate of demand:

drought may accelerate tensions or decelerate relaxations. However, drought severity

holds little predictive power as to whether small arms prices rise or fall, reinforcing

the impression of climate variability as a marginal factor in determining when and

where violence breaks out.

The next chapter provides an overview of the existing literature on the relation-

ship between climate change and conflict with a particular focus on studies involving

drought. Chapter 3 elaborates on the theoretical argument serving as a foundation

of this study, and presents my main hypothesis. Chapter 4 accounts for the re-

search design I develop in order to test this hypothesis in a way that can capture

the complexity of drought impacts and ensure robustness of results. In chapter 5 I

present my statistical models and interpret their results, as well as put the results

to various robustness tests. In chapter 6 I discuss the most important limitations

of my analysis. In the final chapter I conclude and present some thoughts on how

future research may deal with the task of modelling the effects of climate factors on

violent conflict.
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Chapter 2

Literature review

The year 2007 marks a watershed for the notion that climate change poses a security

threat. The IPCC stated (in careful terms) in its Fourth Assessment Report that the

warming of the earth’s climate could become an important conflict driving factor,

i.a. because of its potential impact on resource scarcity (2007, p. 443). In addition,

climate change came on the US security agenda through a governmental report

published in that same year, and attempts to combat climate change were explicitly

linked to peace when the IPCC and Al Gore were awarded the Nobel Peace Prize.

Furthermore, key figures such as President Obama and UN Secretary General Ban

Ki-Moon lifted the issue to the highest level of the international community over

the following years (Koubi, 2019, p. 344).

The securitization of climate change was accompanied by a surge in the scientific

study of climate variability and its consequences. Before proceeding to the literature

review, I will give a brief introduction to the relationship between climate change

and climate variability.
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2.1 Climate variability as a proxy for future

climate change impacts

The World Meteorological Organization provides a useful definition of climate vari-

ability as the term is often used in peace and conflict research:

“The term ‘Climate Variability’ is often used to denote deviations of climatic statistics

over a given period of time (e.g. a month, season or year) when compared to long-term

statistics for the same calendar period. Climate variability is measured by these deviations,

which are usually termed anomalies” (World Meteorological Organization, 2019).

Climate for its part is commonly defined as long-term weather patterns.1 How-

ever, the climate changes too slowly for it to be a useful explanatory variable in terms

of predicting the occurrence of some conflict-related event (Hendrix and Glaser, 2007,

p. 695). The weather, on the other hand, changes too quickly. There is presumably

not much point in testing the theory that conflicts tend to break out on days with

bad weather (although many studies use extreme weather events to predict various

aspects of conflict).2

Climate variability is an intermediate level of measurement, more reliable than

day-to-day weather variations and more fine-grained than climatic changes that take

decades to manifest themselves. Thus, climate variability constitutes an appropriate

middle ground for scholars of peace and conflict, who are often interested in how

phenomena change from year to year. For example, yearly anomalies in quanti-

ties such as precipitation and temperature, or indices combining different climatic

1For instance: the “...conditions of the atmosphere at a particular location over a long period

of time; it is the long-term summation of the atmospheric elements (and their variations) that,

over short time periods, constitute weather” (Pielke et al., 2020).
2See for instance Omelicheva, 2011; Slettebak, 2012; Bergholt and Lujala, 2012; Ghimire, Fer-

reira, and Dorfman, 2015).
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statistics, can be used alongside common dependent variables of interest such as

civil conflict onset or incidence.

Even if most contemporary climate-conflict research does not observe climate

change directly, there is a link between climate variability and climate change which

makes the findings from this body of literature relevant for future generations. Cli-

mate variability is in itself an aspect of the climate (Pielke et al., 2020). The way

the climate is expected to change generally involves increased climate variability:

there will be more extremes, in other words, larger and more frequent anomalies

from the mean statistics (IPCC, 2013, p. 956). Thus, if a statistically significant

relationship between some kind of climate variability and some aspect of conflict is

found in already existing data, it is not a good sign. Under the assumption that

the causal effect remains the same over time, more climate variability will translate

into more conflict. This assumption is dubious, both because the climate is non-

stationary: it will look different in the future, and because we do not know how

people’s and governments’ capacity to adapt to changes will evolve. However, his-

toric data on climate variability “...is generally what researchers have to work with”

(Busby, 2018, p. 339). What is more, there is a high degree of agreement among

experts “...that additional climate change will amplify conflict risk, along with the

associated uncertainties” (Mach et al., 2019, p. 194).3

One can divide the academic debate in the research field of climate variability

and conflict into two main phases (Busby, 2018). In the early phase attention was

directed towards the direct link between the two phenomena, while more recently

the focus has shifted towards indirect causal pathways. However, despite this change

in perspective our knowledge about if and how climate is linked to conflict remains

3For an in-depth review of the pitfalls of using historic data to predict future security implica-

tions of climate change, see Busby et al., 2012.
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uncertain. As Busby points out,

“[. . . ]the connections between climate change and security are complex, contingent,

and not fully understood. For policy audiences, the nuance can be frustrating. It is

difficult to know what to do with such complexity, other than talk broadly of climate

change as a ‘threat multiplier’” (2018, p. 342).

In the following I review the debate through its two main phases. By so doing

I motivate a new research approach that could bring some simplicity back into the

climate-conflict puzzle while satisfying the demands for theoretical validity.

2.2 The search for direct links between climate

variability and conflict

The seeds of climate-conflict research were sown in the early 1990s, following debates

concerning the expansion of the traditional concept of security. Among the novel

dimensions of the concept were environmental security. Two research groups, one

Canadian and the other Swiss, explored the link between environmental factors and

violent conflict qualitatively and identified a set of causal mechanisms through which

increasing pressure on environmental resources can increase conflict risk (Deligian-

nis, 2012, pp. 79-80). The perhaps most influential publication from this research

community was the 1999 book Environment, Scarcity, and Violence by Thomas

Homer-Dixon, who chaired the so-called Toronto Group. In this book he presented

a theory on how human-induced pressure on natural resources can lead to scarcity

and violence. The theory involved the supply, demand and distribution of renewable

resources (Homer-Dixon, 1999). This work and subsequent literature (Urdal, 2005;

Kahl, 2006) investigated the effect of long-term changes in neo-Malthusian variables

such as population growth, population density and resource availability. However,
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attention was soon directed towards short-term climate-related fluctuations, in other

words, climate variability.

Many of these studies built directly on the model described by Homer-Dixon

(1999): violence resulting from resource scarcity. Arguably the most popularly

known kind of resource scarcity conflict are so-called ‘water wars’. Although pre-

dictions that countries will wage war against each other over access to water are

wide-spread, this is not firmly rooted in scientific evidence (Toset, Gleditsch, and

Hegre, 2000). In fact, shared waterways often instigate international cooperation

(Wolf, 1998). However, water-related conflicts are abundant on the intranational

level. Figure 2.1 shows a map of recorded conflicts in sub-Saharan Africa since 2010

where water was the “...trigger or root cause of conflict”, i.e. “...where there is a

dispute over the control of water or water systems or where economic or physical

access to water, or scarcity of water, triggers violence” (Pacific Institute, 2019).

The conflicts tend to occur in three main regional clusters: the Sahel belt, the East

Africa/Horn of Africa region and Southern Africa. The scale varies greatly among

the 66 recorded events: media headlines accompanying the entries range from “Four

farmers killed in Tanzania over resource disputes” (2011) to “50,000 people flee their

homes in central Mali as conflict escalates over land and water” (2019). Thus, there

is no shortage of intranational conflicts in which water scarcity played a significant

role. There was an empirical foundation for climate-conflict research to build on.

Another common feature of early climate variability-conflict research (that per-

sists today) was the focus on sub-Saharan Africa, because of the link between cli-

matic factors (precipitation and temperature) for which data is easily available on

the one hand, and economic output on the other. This link is particularly strong in

this region due to the heavy reliance on rain-fed agriculture (Wani et al., 2009).

What this body of literature did was essentially testing whether the baseline

probability of conflict is higher in contexts that are relatively hot and dry and is
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Figure 2.1: Water conflicts in sub-Saharan Africa, 2010-present (worldwater.org)

therefore lacking water. Miguel, Satyanath & Sergenti (2004) carried out the first

quantitative study to employ a measure of shorter-term climate variability in conflict

research. This influential article claimed that negative rainfall growth is significantly

related to civil conflict risk. They used interannual rainfall growth as an instrument

for economic growth in 41 countries in sub-Saharan Africa, taking advantage of the

high reliance on rain-fed agriculture in this region.

Miguel et al. interpreted their findings in light of the opportunity cost mecha-

nism: people being driven to illegitimate sources of income because their livelihood

is ruined by climatic conditions or natural disasters. This could also be seen as an
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effect of competition resulting from scarcity: those who lose out in the race for the

remaining sources of legitimate income must earn a living in unconventional ways.

In sub-Saharan Africa, this typically translates to: ‘young men who cannot make

a living off farming in areas with few other conventional sources of income decide

to join a (political or criminal) armed group’ (Hendrix and Glaser, 2007, p. 700).

The underlying theoretical assumption is “...that a person commits an offense if the

expected utility to him exceeds the utility he could get by using his time and other

resources at other activities” (Becker, 1968, p. 176). In the civil war literature,

opportunity cost is an explanation for the individual choice of joining rebellions

(Collier and Hoeffler, 2004).

The opportunity cost argument is a persistent one: it was applied to the rise of

piracy off the coast of Somalia in the 1990s, and has recently been used to explain

(i.a.) why piracy rates vary with locals’ ability to earn a living from fishing in

the Gulf of Guinea (Denton and Harris, 2019). In this region, the year-to-year

variation in the benefit of local fishing depends on the activity of foreign industrial

trawlers. Denton & Harris (2019) find that piracy rates increase in years with high

levels of industrial fishing. Although climate variability is not responsible for these

violent surges, the study proves that the opportunity cost mechanism is salient. It

could presumably be transferred to contexts where climatic factors is what actually

drives year-to-year variation in the economic prospects of legitimate activity, which

is precisely what Miguel et al. (2004) did. However, Ciccone (2011) later countered

Miguel et al.’s findings. He demonstrated that the correlation between negative

rainfall growth and conflict in year t was not a product of little rainfall in year t-1,

but rather of heavy rainfall in year t-2. In another attempt to test the opportunity

cost mechanism, Vestby (2019) uses survey data to demonstrate that individual

motivation for participating in political violence is higher following a perceived drop

in living conditions, which is instrumented by a measure of drought.
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Another contribution using precipitation as the key independent variable was

Hendrix & Glaser (2007) who found “a good deal of support” for the hypothesis that

inter-annual rainfall variation predicts civil conflict. Like Miguel et al. (2004) they

concluded that the likelihood of conflict onset was higher in years following a year

with negative rainfall growth. They explicitly recognized that shorter-term changes

may be more relevant for predicting violence because adaptive capacity is lower

for individuals facing rapid changes than communities facing long-term changes

(Hendrix and Glaser, 2007, p. 700). However, their predictor is operationalized

as percentage growth in rainfall between year t-1 and year t. Consequentially, the

criticism that Ciccone (2011) directed towards Miguel et al. (2004) is presumably

also valid for this study because a negative rainfall growth may be caused by rainfall

levels returning to normal after an unusually wet year.

Others have tested temperature, not precipitation, as a climatic predictor of

conflict. A study claiming to find an effect is Burke et al. (2009) who found that

civil war incidence is predicted by temperature anomalies. In other words, if hotter

than usual weather cannot predict the onset of conflict, it can affect its duration.

However, Buhaug (2010a) falsified these findings by demonstrating that the results

were driven by three poor methodological choices that each had the power to make

the results insignificant when corrected. O’Loughlin et al. (2012) later found that

much higher than normal temperatures increase conflict risk in East Africa, while

recognizing the geographically limited validity of their findings.

To summarize, the early stage of the academic debate on climate variability and

conflict was characterized by some scholars claiming to find robust results in accor-

dance with their hypotheses (Miguel, Satyanath, and Sergenti, 2004); Burke et al.,

2009), and others questioning them on the basis of methodology (Buhaug, 2010a);

Buhaug et al., 2014). This back-and-forth dynamic arose from the fact that differ-

ent research communities approached the subject matter differently. As Salehyan
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(2014) pointed out with some hindsight, “Studies of the climate change-conflict con-

nection have adopted a broad array of methodological approaches, units of analysis,

temporal scales, indicators of climate/weather, and definitions of conflict.” (p. 2).

Furthermore, many studies were conducted without sufficient attention being given

to theoretically underpinning the empirical analyses. As a result, the literature ap-

peared somewhat chaotic and results could not easily be compared. Indeed, it was

not even possible to agree on what knowledge the literature had so far produced:

different meta-studies analysing the results reported in published papers arrived at

diverse conclusions regarding the question of whether there existed a convergence of

results (Theisen, 2017, p. 212).4

2.3 Turning towards causal mechanisms

Several critics addressed this state of affairs. Salehyan (2014) identified three di-

mensions along which studies diverged: the geographic, temporal and social scales

of theoretical and empirical models. Seter (2016) proposed a framework consisting

of four elements that researchers should be specific about when theorizing their hy-

potheses: the type of actors, the type of climate variability, the relevant conflict

outcome and the appropriate spatial and temporal scale.

These reflections led to a wave of excellent research investigating the causal mech-

anisms linking climatic factors to conflict. Koubi et. al (2012) followed in the line

of Miguel et al. (2004) when specifying economic growth as their mediating variable

between drought and conflict, and investigating whether this mechanism is condi-

tioned by regime type. However, this study had features of ‘traditional’ civil war

scholarship: it was global in scope, used civil conflict onset as the dependent variable

4Hsiang & Burke (2014) argued for a convergence, Buhaug et al. (2014) against. Salehyan

(2014) took up the middle ground.
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and the country-year as the unit of analysis. Others narrowed down the geographical

scope, increasing the operational validity of key variables. For instance, Maystadt

& Ecker (2014) specified the economic impact of drought in the context of Somalia

by using livestock prices as an indicator of household income. Yet others took ad-

vantage of new, spatially disaggregated data in order to investigate climate-conflict

hypotheses on a sub-national level. An early example is Rowhani et al. (2011) who

used fine-grained vegetation data to study the local impacts of climate variability

on malnutrition and armed conflict in East Africa. Another example is von Uexkull

et al. (2012) who provided a ‘most-likely study’ oriented towards politically rele-

vant ethnic groups under pressure from growing-season drought. This study covered

Africa and Asia, using yearly observations of the settlement areas of ethnic groups

in regards to 1) temperature/precipitation anomalies during the growing-season and

2) georeferenced civil conflict events. Yet another is Detges (2016) who investigated

how local violence is conditioned by road and water infrastructures in sub-Saharan

Africa.

Another dimension of the field’s change of focus regarded the type of conflict

outcome: many scholars formed hypotheses based on the idea that low-intensity

forms of conflict such as communal conflict is a more likely consequence of climate

variability than full-blown civil war (Raleigh and Kniveton, 2012; Fjelde and von

Uexkull, 2012; Nordkvelle, Rustad, and Salmivalli, 2017). The shift away from

civil war as the outcome of interest also involved a different kind of actor than

the traditional focus on the rebel group, as lower-scale violence does not require

the organizational level of an insurgency. I will return to the causal mechanisms

between drought and conflict in the next chapter where I demonstrate that although

the different mechanisms are associated with different specific outcomes, they could

be thought of as equifinal.

Although the call for theoretical specification was entirely legitimate, one could
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argue that it did not make the ensuing literature any less chaotic. A review arti-

cle by Theisen (2017) reflects this: in an impressive collation of studies published

from 2014-2017 he organizes these in a matrix of four categories of climate-related

independent variables by ten conflict-related dependent variables (p. 213). In other

words: while the climate-conflict research community may have started producing

higher-quality scholarship with greater attention to the theoretical validity of re-

search designs, the collective output of these endeavours was still unclear. The

findings of each study were highly contextual and bore little potential for general-

ization.

Looking back, the impression is that the early attempts at finding evidence for

an increased baseline risk of conflict in the face of climatic stress were dismissed,

and on reasonable grounds. A key insight from the subsequent literature seems

to be that climatic stress does not alone produce conflict. Rather, it plays some

subordinate role along with other factors. For drought, Theisen et al. (2011/12, p.

89-90) state that it “...constitutes a threat to security and peace primarily when it

overlaps with other conflict-inducing features, notably, political exclusion, economic

marginalization, and cultural discrimination”. The question of whether the climate

causes conflict can perhaps not be answered adequately when posed that simply,

without reference to a specific context. However, it is still an interesting one that

merits a response. A clear-cut scientific consensus would be useful for policy makers,

and could also enhance pro-climate action sentiments in public opinion. Thus, it

could promote efforts to combat climate change in a democratic way. Removing

the doubt surrounding the existence of a cross-contextual conflict-driving effect of

warming in Africa would complement the ongoing search for more in-depth, context-

specific knowledge. For these reasons I attempt to provide an answer to the question

that requires as few reservations as possible. In the next chapter I explain how the

apparent trade-off between theoretical validity and generalizability can be overcome.
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Chapter 3

Theoretical argument

In this chapter I present a theoretical argument that can be tested by a research

design that incorporates all the equifinal mechanisms between drought and the risk

of violence in Africa. My objective is to investigate whether a signal can be found

of a causal effect between these two variables, using one common indicator that is

valid for a large part of the armed violence taking place on the African continent:

the demand for small arms such as the AK-47.

The argument consists of three parts, each involving an element which has been

present on the post-colonial African continent. I account for each part separately,

ensuring theoretical validity between the observed cause (drought severity) and the

observed effect (the demand for small arms). Figure 3.1 shows the theoretical ar-

gument in the shape of Coleman’s boat. The bold line indicates the macro-level re-

lationship to be empirically tested, and the remaining lines indicate the micro-level

mechanisms by which this relationship is proposed to materialize. All relationships

are positive.

The first part of the argument involves what I call ‘Hobbesian situations’. I define

this term as scenarios where the risk of violence could rise because the situation
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Figure 3.1: Visual presentation of the theoretical argument.

becomes more tense or competitive. The second part consists of the possibility that

such situations arise as a result of climatic factors such as drought. The third and

final part has to do with how the somewhat fuzzy phenomenon ‘risk of violence’

can be observed in one operationally valid indicator: the demand for small arms.

To substantiate this I provide an overview of the African market for small arms, of

which the AK-47 constitutes a major share, as well as outline the historical position

of Kalashnikovs on the continent.

3.1 ‘Hobbesian situations’ and the risk

of violence

Several Western philosophers have used the concept State of Nature to describe a

situation prior to the establishment of political entities (Oxford Reference, 2020).

Depending on their view of human nature, philosophers depict this state in more

or less chaotic terms. Thomas Hobbes was perhaps the most skeptical of them

all regarding man’s ability to coexist peacefully without restraints from a central

authority. The term most frequently associated with the State of Nature described
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by Hobbes is the “war of all against all” (Leviathan, Chapter XIV, p. 72). In this

“war” life is a competition for resources needed to sustain life. Of course, the axiom

underlying this is that such resources are finite. This is also one of Thomas Malthus’

central arguments. His pessimistic views included that because population grows at

a faster rate than food production, various apocalyptic events including wars will

cause a raise in mortality rates whenever the pressure on resources becomes too high

(Malthus, 1998[1798]).

Although scholars within the liberal tradition of international relations (IR) the-

ory place much emphasis on the cooperative aspects of the international system, it

resembles the Hobbesian State of Nature at times. In IR theory the international

system is commonly described as anarchic because of its lack of a central authority

with power to restrain states. It is up to each state to pursue its interests using

whatever means available, in a world where “the strong do what they can and the

weak suffer what they must”. This trait is of particular importance within the realist

tradition in IR theory. According to the structural realist Kenneth Waltz (1979) the

anarchic structure coupled with the unequal distribution of power is what defines

the international system. It is the reason why states engage in military armament

and alliance building in order to protect what is theirs, attack others, or deter ene-

mies from doing the same. These dynamics can create a spiral of fear and mutual

mistrust known as the security dilemma, inducing further armament or even pre-

emptive strikes (Wivel, 2019). Hobbes echoes this mechanism, famously described

by Thucydides in the context of the Peloponnesian War, in his own comparison

between the state of war and the State of Nature:

“Whatsoever therefore is consequent to a time of war, where every man is enemy

to every man, the same consequent to the time wherein men live without other

security than what their own strength and their own invention shall furnish them
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withall.” (Leviathan, Chapter XIII, p. 70)

Even if nearly all human communities today are under the jurisdiction of some

political authority derived from a state, situations with Hobbesian characteristics

can arise. For one thing, the ability and willingness to project power and police

territory varies considerably, both between and within states. Post-colonial Africa

as a continent has been characterized by weak state institutions although many

countries have implemented reforms (Levy, 2007). The fact remains that in many

sub-Saharan countries the government lacks effective sovereignty over parts of its

territory (Rudolfsen, 2017). Furthermore, civil war research has found evidence that

the classic loss-of-strength gradient (LSG) theory of Boulding (1962) is applicable in

intra-state settings (Buhaug, 2010b). This theory states that the power-projecting

ability of the state diminishes over distance, and that strong states are relatively

less constrained by the LSG.

This indicates that in many African countries there is a zone outside the reach of

the state in which the state’s monopoly on violence is eroded. When people cannot

rely on the state to protect them they must take matters into their own hands, by

either arming themselves or hiring protection from others. Extreme examples of

such failed states include present-day Somalia or Yemen. Although these are special

cases (and Yemen is not in Africa), African countries are over-represented in the

upper end of the Fund for Peace’s 2019 Fragile States Index. This index uses twelve

indicators in four categories to assess state fragility in a wide sense (Fragile States

Index, 2018)1. Among the 31 countries falling in the categories “Alert”, “High

alert” or “Very high alert”, 23 are African. Nigeria is an example of a country that

1One of the categories is “Cohesion”, which consists of indicators relevant to the risk of violent

groups organizing. These indicators are “Security apparatus”, “Group grievances” and “Faction-

alized elites”.

20



is not a failed state in the same sense as Somalia but still suffers from inadequate

ability to govern its territory. According to Fulan Nasrullah, director of the think-

tank Global Initiative for Civil Stabilization, “...the lack of effective policing of the

countryside has created a vacuum and led to armed groups and criminal gangs taking

over villages and carving out territories” (Ajakaye, 2019). Although there is much

variation between African countries, the opportunity for using violence unchecked

is relatively high in many of them.

To clarify, the concept of ‘Hobbesian situations’ is used in this thesis to cover

a variety of scenarios where the risk of violence is high. The scenario closest to

the Hobbesian State of Nature can be labelled ‘Crime and self-armament’, where

increased competition leads to more predatory behavior like looting and, conse-

quentially, a need to protect one’s resources. A second scenario involves the same

dynamic on a higher social level, namely ‘Communal conflict’, to which I return

in the next section and which often involves natural resources. A third scenario is

full-blown civil war, where societies are engulfed in violence and lawlessness, and

the likelihood of the other two scenarios should increase.

3.2 Droughts and violent conflict

In chapter 2 I mentioned some of the more recent pieces of research on the different

causal pathways trough which climate-related processes can increase the risk of

conflict. This constitutes the second part of the theoretical argument: that various

climate factors, drought amongst them, can cause situations where the potential for

violence increases. In his review article, Busby (2018, p. 339) states that most recent

accounts connect climate and conflict via “...livelihoods, state capacity, and/or inter-

group tensions”. Busby’s point is that all of these intermediate factors can be

affected by the same climatic process or event. Here, I take advantage of that same
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insight: a drought can catalyze all sorts of processes that may in turn induce violent

conflict of different kinds. In the following I elaborate on the impacts of drought

and on how these impacts change as the drought develops over time and space.

3.2.1 Drought impacts

Many different kinds of climatic events may have a conflict driving impact. Which

event type is most associated with conflict risk varies between regions, partly because

of variation in terms of economic impact. Geographically mapping the climatic

predictors of economic activity is a worthy research endeavor in itself. For this

study, I focus my attention on drought. There are several reasons for this choice.

For one thing, space and time considerations limit the possibility of investigating

the effect of more than one event type. More importantly, drought is perhaps the

most appropriate choice of event for this study. It is the natural hazard that affects

the most people (Wilhite, 2000). PreventionWeb, a database managed by the UN

Office for Disaster Risk Reduction, records droughts of sufficient severity to amount

to a disaster. According to this data, floods are far more frequent than droughts

but the average drought is far more severe than the average flood, both in terms of

people killed, people affected and economic damages.2

Droughts can cause supply problems for civic, industrial and agricultural uses of

water (Covich, 2009). Thus, in line with the ‘scarcity school’ (Homer-Dixon, 1999)

it can cause tensions to rise in several ways: First, by increasing competition over

water itself as a vitally important commodity. Second, by lowering crop yields, thus

increasing food prices and putting strain on subsistence food production. Third, by

causing serious economic consequences when lowering the output from water-reliant

2PreventionWeb’s statistics are based on data from EM-DAT: the International Disasters

Database.
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industries (agriculture among them).

These different kinds of impacts fit well with Busby’s three main intermediate

variables which are mentioned above. First, inter-group tensions could rise over

access to water or rain-fed land. The typical context is conflicts between pastoralists

and farmers, a type of conflict which is labelled ‘communal conflict’ in the literature.

A prominent example is the protracted wave of violence between Fulani herdsmen

and farmers across Western Africa. A journalistic account states that “Armed with

AK-47s, the herdsmen raze villages and kill residents. The violence seems to be

rooted in scarce resources” (Ritter, 2018). Shettima and Tar (2008) emphasize

the role of religion, ethnicity, politics and tradition in explaining this conflict, but

acknowledge that “...social and environmental factors act in tandem to perpetuate

it” (p. 179). Using a climate variability-approach, Fjelde and von Uexkull (2012)

find that large negative deviations in rainfall are associated with a higher risk of

communal conflict, and some support that ethno-political exclusion amplifies this

risk.

Second, livelihoods could be eradicated because of lower crop yields. Studies

that are based on this economic mechanism and that find evidence linking it to

conflict include Miguel, Satyanath, and Sergenti, 2004, Hendrix and Glaser, 2007 and

Raleigh, Choi, and Kniveton, 2015, to name a few. One possible consequence is the

opportunity cost mechanism discussed in chapter 2: a lower threshold for voluntary

participation in organized political violence or crime because of the possibility of

remuneration or looting (Chassang and Padró i Miguel, 2009). An example of this

includes attacks on humanitarian aid camps, such as a 2011 incident in Mogadishu

where “At least seven people [were] killed and several wounded after a gunfight broke

out at a camp for displaced people...” (BBC, 2011). The other main consequence is

the grievance mechanism that highlights the increased motivation of using violence.

Amidst the covid-19 pandemic, there is growing concern that large parts of the
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world will experience food insecurity like in 2007-08 and 2010-11. The latter period

developed into what was named the Arab Spring, and is the latest historical example

of grievances being translated to social unrest in the context of drought-induced food

insecurity (Koren and Winecoff, 2020).

Third, state capacity could deteriorate (thus improving opportunity structures

for violence) because of lower tax income when industrial production falls. This

is a prominent mechanism linking economic conditions to civil war (Fearon and

Laitin, 2003) and to political survival (Bueno de Mesquita and Smith, 2017). It has

been informally extended into the climate-conflict literature (Busby, 2018; Koubi,

2019), but no empirical study investigates this particular mechanism with a climate

variability-approach. Alternatively, low state capacity, viewed as a static feature,

can be seen as a necessary condition for climate-induced tensions or grievances trans-

lating into violence because the state is unable to address the problems (Chen, 2015;

Jones, Mattiacci, and Braumoeller, 2017).

3.2.2 The spatio-temporal nature of droughts

The variety of consequences that droughts can have, along with their slow onset and

long duration makes it difficult to estimate the exact impacts of droughts (Ding,

Hayes, and Widhalm, 2010). However, this complexity fits well with the aim of this

study because it makes drought a potential cause of conflict across different contexts.

These contexts differ along both the temporal and the spatial dimension. In the first

chapter of his book Drought: a global assessment Donald Wilhite discusses the char-

acteristics of droughts. Illustrating the conceptual elusiveness of this phenomenon

he notes “...the effects of droughts often accumulate slowly over a considerable pe-

riod of time...” (2000, p. 4), and that “drought impacts are nonstructural and

spread over a larger geographical area than damages that result from other natural
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hazards” (p. 5). This speaks to the idea that while immediate effects are felt on a

local level, others could eventually also be felt on higher geographic/administrative

levels if the drought is severe enough. Previous climate-conflict research has relied

on the notion that the effects of climate change are “...both local and national in

character” (O’Loughlin et al., 2012, p. 18344).

According to Wilhite (2000) definitions of drought can be grouped according to

which effects are of interest. These effects change with the passage of time as well

as spread geographically. Meteorological drought constitutes the first stage and is

characterized by precipitation deficiency, often accompanied by other aggravating

factors such as high temperatures and winds. This is closely linked to the next

stage: agricultural drought, at which point there is a deficiency of soil water and

water stress on plants is introduced in the water-deficient area. Meteorological and

agricultural drought typically occur not far apart in time “...because soil moisture

supplies are often quickly depleted, especially if the period of moisture deficiency is

associated with high temperatures and windy conditions.” (Wilhite, 2000, p. 11).

The next stage is hydrological drought, which sees bodies of surface and sub-

surface water suffer from reduced inflow (Wilhite, 2000, p. 10). Hydrological drought

is often temporally separated from the first two stages because it takes time “...be-

fore precipitation deficiencies are detected in other components of the hydrological

system (e.g., reservoirs, groundwater).” (ibid., p. 11). These other components may

be located far from the initial precipitation deficiency. This spatio-temporal lag

makes the impacts of hydrological drought the perhaps most difficult to quantify.

The last kind of drought definition is socioeconomic drought. It is related to

situations in which demand for some weather-dependent good exceeds its supply

because of water scarcity. Thus, socioeconomic drought transcends the temporal

order of the other three drought types: it can apply to shortages in any stage of the

drought’s life span (Wilhite, 2000, p. 12).
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It is important to emphasize the point that while the different drought impacts

could happen in different locations, the drought as a whole tends to spread geo-

graphically with time, not move. An illustrative and potentially important example

regards agricultural drought. While a drought can eradicate crops in an area with

rain deficiency in its initial phase, the total area affected can become gradually

larger. If the area with agricultural drought is vital to domestic or even regional

food production and consumption, the effects could amount to higher food prices

across the country, especially if neighbouring countries are also affected (Wilhite,

2000, p. 14). This would add to the local impacts. Besides, even if the agricultural

drought should cease, impacts from hydrological drought could still go on for months

or years elsewhere throughout the hydrological system (ibid., p. 12).

In this section I have demonstrated that droughts have the ability to create or

exacerbate tensions in a variety of ways. Furthermore, drought impacts may be

localized close to or far from the meteorological drought setting it all in motion,

depending on the severity and the passage of time. Along the way I have pointed

to examples of security implications during droughts in order to illustrate that sit-

uations with Hobbesian characteristics could arise in such contexts.

The last part of the theoretical argument involves the observable implication of

these tensions when they do have a negative impact on security. In the following

section I demonstrate that despite the great variety of conflict outcomes that may

result from various drought impacts, many of these mechanisms can be treated as

equifinal : they permit being put to one common test because they can be jointly

operationalized in terms of the demand for small arms.
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3.3 The AK-47 in Africa

Unlike in the State of Nature imagined by Hobbes, conflicts in present-day commu-

nities are rarely fought with sticks, stones and raw muscle power. Nor do people

have to rely on their own invention when they can rely on the invention of one

Mikhail T. Kalashnikov. The young Soviet tank soldier with self-taught mechanical

skills and a talent for weapon design is the man responsible for inventing the AK-47

assault rifle. It has been described as

“...the world’s most prolific and effective combat weapon, a device so cheap and

simple that it can be bought in many countries for less than the cost of a live

chicken. ...It is the undisputed firearm of choice for at least fifty legitimate standing

armies, along with untold numbers of disenfranchised fighting forces ranging from

international insurgents and terrorists to domestic drug dealers and street gangs.”

(Kahaner, 2007, p. 2).

It is estimated that one fifth of all firearms in the world belong to the Kalashnikov

family (Killicoat, 2007, p. 3). In this section I outline the historical significance of

the AK-47 in Africa and explain why these weapons appear wherever conflict takes

place.

3.3.1 How the AK came to Africa

In his book AK-47. The Weapon that Changed the Face of War, Larry Kahaner tells

the story of this weapon and its impact on conflict across the world. In Kahaner’s

narrative, the Vietnam war is when the AK-47 gained its reputation as superior

to more sophisticated rifles such as the American M-16. The Viet Cong guerrilla

was one of many groups that were armed with AKs as a part of the Soviet Union’s

attempt to spread communism. However, the crucial point regarding the prolifer-
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ation of Kalashnikov rifles throughout the world came in the 1980s, when the CIA

decided to order “...hundreds of thousands of AKs, mainly from China...” to arm the

mujahideen movement in its struggle against the Soviet Union in Afghanistan (Ka-

haner, 2007, p. 63). The guns were funneled through Pakistan, but a substantial

share of them never reached their intended destination. The uncontrolled spread

escalated when the Soviet army left Afghanistan and the rifles became available

to actors elsewhere. As East European countries sold their AKs for quick money

after the Soviet Union collapsed, this escalated even further. One of the markets

to which AKs were sold was Africa. The political disintegration of many countries

when superpower support disappeared, coupled with a lack of interest from Western

countries regarding the fate of all these rifles, ensured both supply and demand for

AKs in Africa (Kahaner, 2007, p. 75-76). Kahaner puts it this way: “Because of its

low price and availability, the reliable AK became the perfect weapon for guerrilla

fighters and terrorists.” (2007, p. 70).

The first to put the AK-47 to use in an insurgency in Africa was Charles Taylor,

leader of the National Patriotic Front of Liberia. His small force of guerilla soldiers

overthrew the regime of President Samuel K. Doe in 1989. Taylor achieved this

with a new style of warfare where AK-47s, on-the-way village plundering and sexual

violence were key ingredients. He also took advantage of the AK’s ease of use by

unleashing child soldiers, a trend that would be copied in many other conflict zones

such as the civil war in Sierra Leone (Kahaner, 2007, p. 88). The AK’s presence

soon spread to other countries. Kahaner argues that the AK was the fuel sustaining

Africa’s more than hundred conflicts in the 1990s, mentioning countries such as

Somalia, Rwanda, Mozambique, Congo, Sudan and South Africa. (2007, p. 91).

Soon it was so abundant and had achieved a socio-cultural status to match that of

1980s Pakistan, earning it the nickname ‘the African credit card’.
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3.3.2 African arms flows

While the Liberian civil war was the start of the AK’s history in Africa, it soon

proliferated throughout the continent. This was made possible partly because of

the rifle’s durability: Kahaner notes an incident where “UN experts documented a

cache of AKs that had seen action in Angola, Mozambique, and Sudan, recycled

from conflict to conflict.” (2007, p. 87). The rifles are also easy to repair because of

their simplicity (Killicoat, 2007, p. 4).

However, in addition to favorable properties of the AK itself, Africa’s porous

borders facilitate their moving from conflict zone to conflict zone. According to

Killicoat, African countries on average have more neighbouring countries and more

porous borders than the rest of the world. This makes for lower supply barriers than

elsewhere, and is why there is an ‘Africa discount’ on Kalashnikov rifles. Because

of porous borders, the entire African continent can be regarded as one deregulated

market in which the supply of AKs is able to meet demand at any given time,

wherever that be (2007, p. 13).

These conditions make Kalashnikov rifles a stable commodity in Africa. Accord-

ing to Killicoat,

“...for the last half-century the AK-47 has enjoyed a near dominant role in the market

for assault rifles making it the most persistent piece of modern military technology. Since

the technology used in the AK-47 is essentially unchanged from the original, one may be

confident that the prices observed across time and countries are determined by market

conditions rather than changes in the product” (Killicoat, 2007, p. 4-5).

Given that this observation is correct, basic economic laws of supply and demand

govern changes in the price of AKs. When demand for small arms increases, the

price rises, other things equal. This simple mechanism has been put to practical
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use: counterinsurgency expert David Kilcullen notes that fluctuations in the price

of AKs is an indicator that can be used to measure counterinsurgency progress

in Afghanistan. Such fluctuations can indicate changes in demand, as a function

of i) insurgents’ operational tempo and ii) the surrounding community’s sense of

insecurity (Kilcullen, 2010, p. 75).

To summarize this chapter, I have justified the proposition that the mechanisms

linking drought (and other climatic phenomena) to violence are equifinal in the

sense that a common observed outcome of these mechanisms is increasing demand

for small arms. First, rising tensions in places without sufficient legitimate authority

can lead to ‘Hobbesian situations’ in which the risk of violence is high. This term

covers different scenarios that range across social and organizational levels. Second,

climate shocks such as droughts can lead to tensions and cause such situations. The

African continent as a whole is particularly susceptible to this mechanism because

of its low average state capacity and its vulnerability to climatic factors. Third, AK-

47s and similar weapons are readily available in Africa wherever they are needed.

It is by far the most prolific weapon on the continent and its simplicity makes it

possible for anyone to use. This fact lets me overcome the problem that specific

hypotheses about the linkages between climate and conflict each require specific

outcome variables. Using the demand for small arms as the outcome of interest

is beneficial in another way: it transcends the dichotomy between ‘conflict’ and

‘absence of conflict’ that characterizes most studies in the literature (Theisen, 2017,

p. 215). It is able to reflect changes along a continuum of security ranging from

stable peace to armed conflict.

Based on this theoretical argument I propose that a new, extensive baseline test

of the relationship between drought and the risk of violence is feasible. My main

hypothesis is this:
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Hypothesis 1: Demand for AK-47s and similar weapons will tend to increase

during periods of drought.

Bearing in mind that the total impacts of a drought may greatly outlast the

initial meteorological drought, I will explore this relationship using models which

incorporate different temporal delays between cause and effect. Equally crucial is

the different geographical levels that these impacts may occur in. I will account for

this too in the analysis. In the next chapter I present the research design that I

develop for this purpose.
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Chapter 4

Research design

I test my main hypothesis with a bi-level research design using panel data. I begin

this chapter justifying this approach on general and project-specific grounds. Then

I move on to describing the spatial and temporal delimitation of the study, the data

I use, and how I operationalize the key variables.

4.1 Two levels of analysis:

country-year and cell-year

On both levels of analysis I use panel data: the first part is conducted on the

country-year level and the other on a sub-national level where the spatial units of

yearly observation are square cells.1 One of the most important benefits of panel

data is that it allows the researcher to take advantage of variation in two dimen-

sions. First, it allows comparison of multiple units instead of studying only one,

which is typically done in qualitative case studies. Second, it allows comparison

of these units at different points in time, as opposed to cross-sectional data. This

1I describe this cell structure in more detail in the section ‘Data’ below.
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additional information provides the opportunity of accounting for the “...myriad of

unmeasured explanatory variables...” that affect the outcome, allowing for more ef-

ficient estimation (Kennedy, 2008, pp. 281-282). On a more basic level, comparing

different units at different times is a way of overcoming ‘the fundamental problem

of causal inference’, namely that the causal effect that some treatment has on a

unit cannot be observed because only one outcome can be observed for each unit

(Holland, 1986). The other potential outcomes are instead represented by other,

comparable units (Rubin, 1974).

4.1.1 The benefit of multilevel analysis

Using multiple levels is a robustness measure when analyzing spatial units: because

the choice of geographical unit may affect results, certainty is added if they are con-

sistent across analyses using different units.2 Furthermore, assuming that countries

are homogeneous as units is intrinsically problematic. While this may be roughly

true for certain small countries, it is clearly untrue for others. The more heteroge-

neous a country is, the less descriptive are national averages of variables like GDP

per capita and population density. Such figures are often at large discrepancies with

local conditions (Tollefsen, Strand, and Buhaug, 2012, p. 364). Within-country

variation that might be essential in order to understand an outcome of interest is

missed when relying exclusively on country level data.

That national averages could conceal sub-national variation is also the case with

climatic data. According to Theisen et al. “...climate zones tend to cross, rather

than follow, national boundaries, thereby effectively pointing to the limitations of

using aggregate statistics of country climate” (2011/12, p. 98). Thus, in the case of

the present study the general robustness benefit of multiple level analysis is corrobo-

2This is known as the modifiable areal unit problem (MAUP) (Salehyan, 2014, p. 2).
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rated by the fact that droughts could be both local and national in scope depending

on the severity and the passing of time. Returning to Wilhite’s (2000) classification

of drought types, this research design is aimed to quantify the local and national

effects associated with the meteorological, agricultural, hydrological and socioeco-

nomic aspects of drought.

4.1.2 Delimitation

I delimit the study spatially and temporally in order to obtain coherence between its

theoretical and empirical part. First, the geographical scope of the empirical anal-

ysis is the entire mainland African continent. On the grounds that climate-conflict

scholarship has been biased towards Africa, the reason for this choice is partly to

be able to compare my findings to existing research. However, this bias has cen-

tered on sub-Saharan Africa in particular because its agricultural dependence and

other conditions make it a ‘most likely case’ regarding security implications of cli-

mate change (Theisen, Buhaug, and Holtermann, 2011/12, p. 92). In contrast, this

study aims to test the hypothesised relationship in a broader set of contexts than,

say, ethnically diverse drought-stricken agricultural societies. Besides, evidence has

been found that drought increases civil conflict risk the most in countries that are

otherwise unlikely to experience conflict (Bell and Keys, 2018). Consequentially,

including the entire continent with all its diversity is more in accordance with the

theoretical foundation of the study.

Second, I use the year 1990 as the starting point in my panels despite the fact

that there is older data available for both the explanatory and the outcome variable.

There are two reasons for this choice. One is that the observational data I use to

quantify changes in the demand for small arms are very scarce up until the end of
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Figure 4.1: Scatter plot: Price index over time

the Cold War. These data are prices from observed illicit small arms transactions.3

As a result, data quality is presumably lower before this point in time. This is shown

by figure 4.1, which is a plot of the price index on which I base my outcome variable

from 1980 to 2014, including all country-years. The vertical dotted line marks the

year 1990, prior to which the plot reveals lack of year-to-year variation.

The other reason is that the theoretical argument relies heavily on the relatively

free circulation of Kalashnikov rifles in Africa. As I recounted in the previous chapter

these rifles were first put to use in an insurgency in the 1989 coup d’état in Liberia.

They were present on the continent before that: for instance, they were reportedly

observed during the Mozambican war of independence in the early 70s (Hastings,

3I elaborate on operationalizations in the next section.
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1974, p. 274). However, several sources speak of the end of the Cold War as the

point at which the Kalashnikov’s proliferation in Africa truly escalated, the Liberian

coup being the first notable instance of its use in organized violence (Klare, 1999;

Kahaner, 2007). No time series (or single reliable figure) exists on the number of

Kalashnikovs in Africa, thus it is impossible to say at which point the rifles piled up

to the extent that they were readily available across the continent. If one regards

to coup in Liberia as the main point of entry for AKs in Africa, 1990 is a natural

starting point.4

4.2 Data

The data used in the two analyses are drawn from the same data sources. The

drought data are from the PRIO GRID 2.0 and the small arms data are from two

versions of a dataset created by N. Marsh and T. McDougal in collaboration with

the Small Arms Data Observatory, namely iSAP-C and iSAP-T.

4.2.1 Drought data: The PRIO GRID

Data for the explanatory variable on both levels of analysis are from the PRIO GRID

project. The PRIO GRID is “a standardized structure for storing, manipulating,

and analyzing high-resolution spatial data” (Tollefsen, Strand, and Buhaug, 2012,

p. 363). It is a grid consisting of cells measuring 0.5 x 0.5 decimal degrees and

covering all land areas of the world. Each cell contains both static and longitudinal

data within a range of categories.5 One of the data categories of the PRIO GRID

is climatic variables, some of which are based on the Standardized Precipitation-

Evapotranspiration Index (SPEI). The SPEI measures drought severity in terms

4See the supplementary information for models estimated with 1980 as the starting point.
5For details see Tollefsen et al. (2012).
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of “climatic water balance”, which is the difference between the available water

(precipitation) and the atmospheric evaporative demand.6

The SPEI is considered superior to the Standardized Precipitation Index, which

only takes precipitation into account. Wilhite (2000) notes that “Drought is the

consequence of a natural reduction in the amount of precipitation received over

an extended period of time...” but that its severity can be aggravated by other

climatic factors, i.a. high temperatures. As the evaporative demand will rise with

higher temperatures, the SPEI incorporates both precipitation and temperature.

This makes it suitable as an operationalization of Wilhite’s (2000) definition of

meteorological drought.

SPEI-based data has the advantage of being exogenous to the outcome. There

are no conceivable ways in which a measure of violence or conflict could affect

precipitation and temperature patterns. The same cannot be said of other opera-

tionalizations of drought. Some studies have used remotely sensed vegetation data

as a measure of drought.7 While this might better capture actual impacts of pre-

cipitation deficiencies than the SPEI, it runs the risk of being biased by the level of

conflict because conflict itself could contribute to vegetation degradation. Moreover,

vegetation could be a violence-facilitating factor because it provides cover for orga-

nized raids (Meier, Bond, and Bond, 2007). Therefore, while low levels of vegetation

could indicate high motivation for violence because of scarcity, it could also indicate

that the opportunities of exercising it are low.

Another advantage the SPEI holds over other measures of droughts is the fact

that it is standardized. Technically this means that the SPEI value assigned to

a spatio-temporal unit gives the deviation from that unit’s long-term mean water

balance in standard deviations. The benefit of this is that SPEI values for different

6For details see Begueŕıa et al. (2013).
7See for instance Ayana et al., 2016.
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units are comparable: what constitutes a standard deviation is allowed to vary

according to the mean and variance of each unit’s climatic conditions. This is not

necessarily the case when operationalizing droughts as disaster events. Some studies

use the EM-DAT database for this purpose. It contains events fulfilling one or more

of the following criteria: 1) 10 or more people are dead; 2) 100 or more people

are affected; 3) a state of emergency is declared; 4) there is a call for international

assistance. The advantage of this operationalization is that one can be certain that

the recorded droughts have had an impact on human activity. The caveat is that

the practices surrounding aid requests and emergency declarations may differ greatly

between countries, in terms of the threshold of requesting aid and the considerations

determining when this threshold is passed. Furthermore, criteria 1) and 2) may lead

to an endogeneity problem because the number of dead and affected people could

be biased by conflict.

The fact that the SPEI gives no information regarding the actual impacts of

rainfall deficiencies is perhaps its greatest disadvantage. In the case of sub-Saharan

Africa one can be fairly certain that large parts of the region will suffer from mete-

orological droughts. However, the extent to which human beings are impacted will

vary between the cells in the PRIO GRID. As mentioned above, the grid is divided

along decimal degrees, which makes the cells’ boundaries completely independent

of the factors that could determine the vulnerability of their population to drought.

Indeed, some of the cells cover areas with little or no population at all. However, I

deem that the benefits associated with exogeneity and standardization exceed this

disadvantage in the case of this study.
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Operationalization of the independent variables

The independent variables in my analyses are computed from a PRIO GRID variable

which I label Drought severity. For each cell-year it gives the proportion of months

that is part of the longest streak of months with SPEI values below -1.5. (Tollefsen

et al., 2015). In other words, it gives the proportion of a cell-year that is affected by

a severe meteorological drought.8 For ease of interpretation I multiply this variable

by 12 in order to obtain the number of months instead of proportions. In the

disaggregated analysis, the variable is used as it is because it is measured on the

cell-year level. For the cross-national analysis, I aggregate the variable to national

yearly means. I do this by sorting the PRIO GRID cells by country and year

and calculating the average number of months affected by drought in each of these

sub-groups. Panels a) and b) in figure 4.2 show the distributions of this variable

on the country-year level and the cell-year level, respectively. The mean of both

distributions is approximately 0.9. This means that the longest drought spell of a

year (as defined by Tollefsen et al. (2015)) lasts for 0.9 months on average, on both

spatial levels.

Alternative operationalizations of drought available from PRIO GRID are re-

lated to deviations from the normal water balance of the rainy season or of the

main crop growing season. These are suitable for testing hypotheses regarding the

impacts of drought-induced agricultural shocks. While this set of mechanisms is

important in the climate-conflict literature, the purpose of this study is to include

all equifinal mechanisms in a common test. Drought severity has the advantage of

not being biased towards any particular causal mechanism. Rather, it is chosen in

order to pick up as many different mechanisms as possible. Bearing in mind the

8Because some droughts last longer than a year some observations have values greater than 1

on this variable.
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Figure 4.2: Histograms: Distribution of Drought severity

various causal mechanisms linking drought to the risk of violence I consider Drought

severity to be operationally valid as a predictor in this study. Additionally, because

other operationalizations measure both positive and negative deviations from mean

conditions they vary around zero. My chosen variable starts at zero and its range

extends in one direction only: the larger the value, the larger the number of drought-

affected months. That way, I can rule out the possibility that an estimated linear

relationship is in fact caused by flood impacts instead of drought impacts.

4.2.2 Small arms price data: iSAP

(Illicit Small Arms Prices)

For my dependent variables, I use data from the iSAP project. This project records

illicit small arms transactions around the world, and was initiated in response to

the wish of “detecting and quantifying illicit trade volumes” by use of econometric
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analysis (Marsh and McDougal, 2017, p. 2). Its entries are directly observed by

and gathered from various reliable sources “...ranging from the journalistic media

to reports from the Small Arms Survey, individual researchers, and others.” (ibid.,

p. 4).

The recorded transactions are contained in the iSAP-T dataset. Arm(s) sold in

a transaction is the unit of observation, and each entry includes data on (i.a.) the

time, location and price of the transaction. Marsh & McDougal take measures to

make the observed price data comparable across time and space by computing a

variable that gives the price in constant 2010 US dollars. Furthermore, for a subset

of observations (constrained by data availability) they compute a variable which

gives constant prices adjusted to PRIO category 2 weapons (small arms). That way,

prices for different weapon types can be compared. The choice of adjusting prices to

this category of weapons is that it refers to assault rifles such as the AK-47, which

has a unique position among small arms (Marsh and McDougal, 2017, p. 5).

From the data recorded in the iSAP-T, Marsh & McDougal have created a

country-year dataset, the iSAP-C, for the purpose of allowing for longitudinal and

difference-in-difference analysis, as well as the opportunity of easily merging it with

other datasets. This dataset covers the period between 1960 and 2015. These advan-

tages come at a cost of poorer data quality: the transformation into a country-year

structure involved collapsing data into means, linear interpolation between data

points, and spatial and temporal lags in order to fill data holes in the panel (Marsh

and McDougal, 2017). The price data in this dataset should therefore be regarded

as an approximation of the true small arms price in each country in each year.9

9For details on the iSAP project and the datasets, see the introductory article (Marsh & Mc-

Dougal (2017)) and the codebooks (Marsh et al. (2017a) and Marsh et al. (2017b)).
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Operationalization of the dependent variables

The fact that the price data are uncertain is made less problematic because I am

interested in how prices change from year to year, not the prices in themselves.

Although the price estimates are uncertain, interannual changes in these estimates

aim to reflect the true direction and magnitude of price growth. As I explained in

the previous chapter, I assume that the laws of supply and demand govern illicit

small arms prices in Africa. Since supply is “guaranteed” by porous borders, price

changes should reflect changes in demand. I use the variable Price index from iSAP-

C to compute a variable Price change, which denotes the change in the Price index

between year t-1 and year t in each country in each year. As mentioned, the Price

index is an approximation of the true price in each country-year. It is based on the

weapons-adjusted price data, meaning that its connection to the AK-47 and similar

weapons is preserved.

In the cross-national analysis I use the iSAP-C as the point of departure because

of its country-year structure. National average figures for Drought severity are then

merged into this structure alongside the Price change variable. For the disaggregated

analysis, I assign the values of the Price change variable to the PRIO GRID structure

so that each cell-year has the same value as the country-year it belongs to. This

implies that the price is assumed equal across all cell-years within each country-

year. This is obviously not always the case as different parts of a country might

experience very different security situations. However, it is justifiable due to the

nature of national markets: the market equilibrium at one location should be equal

to the hypothetical equilibrium of another location in the same country in a scenario

where the demand factors affecting the price were the same in this other location.

Furthermore, the spatial lag technique employed by Marsh et al. in creating the

Price index allows price estimations to be made for country-years where actual
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observed arms transactions are scarce. Thus, it vastly increases the amount of

usable cell-years.

The distributions of Price change are shown in figure 4.3, panels a) and b). It

is apparent that in most country-years the price does not change much. The mean

price change is a 21 USD price increase. However, there is a good deal of variation

and some extreme cases in both directions.
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Figure 4.3: Histograms: Distribution of Price change

In this chapter, I have explained my spatially bi-level approach. Choosing coun-

tries and grid cells as geographical units results from a combination of convenience

and theoretical validity. Data on Drought severity is available on the PRIO GRID

cell level and can be aggregated to country average figures, making it easy to merge

with country-level data on Price change. Small arms transactions data, on the other

hand, are available in their raw state as well as in the form of a country-year dataset.

This lets me connect observed transactions to the cell where they took place, which is

useful for simulation purposes. Furthermore, considering how droughts could affect

43



people locally and nationally, using Drought severity as the independent variable

ensures the theoretical salience of using these two geographical units. Table 4.1 con-

tains summary statistics for the key variables in each analysis. Drought severity is

measured in months affected by drought per year, and Price index and Price change

is measured in 2010 US dollars.

Lvl. Variable Min. Mean Max. St. dev. N

Cross-

national

Avg. drought sev. 0.00 0.89 6.8 0.65 1,226

Price index 26.5 987.0 4533.3 471.547 1,226

Price change -2616.1 21.3 3034.0 558.6 1,223

Disaggregated

Drought sev. 0.00 0.92 18 1.05 264,567

Price index 26.5 934.3 4533.3 484.1 266,013

Price change -2616.1 21.0 3034.0 523.1 265,953

Table 4.1: Summary statistics
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Chapter 5

Analysis

As explained above, the data used at both levels of analysis are panel data covering

mainland Africa from 1990 to 2014. The key variables are Drought severity (Average

drought severity in the cross-national analysis), and small arms Price change. In

this section, I account for how I use this data to estimate statistical models, as well

as present the results from these models and discuss the main findings in light of

theory.

5.1 Cross-national analysis

I estimate models using the Ordinary Least Squares (OLS) estimator. The main

reason for this choice is that the dependent variable is measured in 2010 US dollars

and so is continuous. The OLS lets me model changes in the demand for small arms

as such. Because of the level of measurement, I can be confident that an interval

on the dependent variable will represent the same amount of dollars regardless of

where in the distribution this interval is.

For the estimates to be as unbiased as possible, I need to reduce the omitted
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variable bias. According to Stock and Watson (2011), fixed effects regression is

“...the main tool for regression analysis of panel data” (p. 347). In the context of

panel data, fixed effects control for the unobserved variation between spatial and/or

temporal units. I estimate linear models with country and year fixed effects. This

method eliminates bias arising from variables that vary across countries but are

constant over time, and that from variables that vary over time but are constant

across countries (Stock and Watson, 2011, p. 347). While this will eliminate a large

part of the omitted variable bias, it does not account for country-specific time trends

(Stock and Watson, 2011, p. 369).

In order to explore how the effect of drought severity on small arms prices change

differs over time in accordance with the theory presented on droughts, I test the

relationship with lagged as well as contemporaneous versions of the explanatory

variable. Specifically, I use variables that are lagged by 1 and 2 years.

5.1.1 Results

Table 5.1 shows three models. In model 1, Avg. drought severity and Price change

are observed in the same year. In model 2, Avg. drought severity is lagged by one

year, and in model 3 it is lagged by two years. Because Avg. drought severity is

operationalized as the average number of months affected by severe drought, the

coefficients represent the estimated growth in Price change associated with one

additional month affected, regardless of country and year.

In models 1 and 2, the coefficients do not approach statistical significance. In

model 3, however, it is positive, has a larger magnitude and is significant at the 1%

level. The interpretation of the model is that a one-month extension of the longest

severe drought spell of a country-year is associated with an average 48 USD increase

in Price change. Note that this does not necessarily mean that the price on average
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goes up, but that its growth becomes more positive on average.

Table 5.1: Models 1-3. Country-year.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −5.676
(16.862)

Avg. dr. sev. (1yr lag) −16.300
(17.578)

Avg. dr. sev. (2yr lag) 48.135∗∗∗

(17.778)

Constant 537.720∗∗∗ 542.611∗∗∗ 496.216∗∗∗

(79.334) (77.898) (77.848)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 1,223 1,223 1,220
R2 0.705 0.705 0.706
Adjusted R2 0.686 0.686 0.687
Residual Std. Error 313.034 (df = 1148) 312.933 (df = 1148) 312.293 (df = 1145)
F Statistic 37.078∗∗∗ (df = 74) 37.112∗∗∗ (df = 74) 37.198∗∗∗ (df = 74)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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5.1.2 Main findings

Based on models 1 and 2 one can only conclude that on the country level, price

change in year t is unrelated to drought severity of year t and t-1. The absence of

an immediate effect is consistent with Wilhite’s (2000) theory of droughts presented

in chapter 3. A central point of that theory is that time must pass in order for a

drought to impact larger areas than where the rainfall deficiency (and potentially

the subsequent crop failure) occurred. Drought impacts that extend geographically

beyond the area affected by meteorological drought are typically of a hydrological

nature: downstream water scarcity results from upstream rainfall deficiency. This

process takes time and “...may continue for many months or years, since recharge

of reservoirs and groundwater is a long process” (Wilhite, 2000, p. 12). In light of

this theory it is therefore not surprising that an average measure of drought severity

appears to be unrelated to the risk of violence in the short run on the country level.

Considering that meteorological droughts rarely affect entire countries, this theory

also provides a quite natural explanation for why many country-level statistical

studies fail to find support for a link between inter-year variation in drought severity,

and conflict.

Nor is it surprising that model 2 provides no evidence for an effect of one-

year lagged Drought severity on Price change. It is common practice to include

a predictor lagged by one year in addition to the contemporaneous version (Miguel,

Satyanath, and Sergenti, 2004; Hendrix and Glaser, 2007; Burke et al., 2009; Buhaug,

2010b; Koubi et al., 2012). As I discussed in chapter 2, the studies claiming to find

evidence for a direct link between drought and conflict in the following year have

been methodologically debunked. Thus, such a link is no to be expected in light

of the existing literature. While these studies observe conflict onset or incidence

directly as binary outcomes, my analysis does not support the idea of a one-year
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lagged country-level effect of drought severity on the risk of violence as a continuous

phenomenon. This could also be interpreted as a signal that on average, a year is

not enough time for a drought to evolve to the stage where it affects a sufficient

amount of people that it has national-level security implications.

Fewer (if any) cross-national studies explicitly theorize and/or model longer de-

lays between the observed climate predictor and the observed conflict outcome vari-

able. Model 3 represents an attempt at including the slow-onset drought impacts in

a statistical model. In this model, two years separate the observed Average drought

severity and the observed Price change. As I explained previously, these slow im-

pacts are also the ones with the highest potential to affect larger areas than where

the rainfall deficiency occurred. The results from the model seems to support the

main hypothesis: the price change of a given year is estimated to increase with the

number of months affected by severe drought in the year before last. This could

be interpreted as the effect of severe droughts whose various impacts are given time

to geographically spread. Eventually the sum of impacts could affect people to

the extent that the risk of violence increases, as signalled by increasing demand

for small arms. The result presented here could be seen as proof that adequately

modelling the temporal nature of droughts is a fertile endeavour for country-level

research. Bearing in mind the wide use of various measures of drought in country-

level climate-conflict research, the failure to incorporate its temporal nature into

statistical models is a shortcoming of this literature.

5.1.3 Robustness checks

In order to test the robustness of these results I estimate the models without influ-

ential outliers. That large outliers are unlikely is one of the underlying assumptions

of the OLS (Stock and Watson, 2011, p. 363). I use Cook’s D for measuring the

extent to which an observation has an impact on the estimate, because this pa-
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rameter combines influence and leverage. In order to determine which observations

are influential a threshold value for Cook’s D is needed. There are different such

threshold values in use. The strictest one is given by 4
N−k−1

, where k is the number

of variables and N is the number of observations in the model (Hermansen, 2019, p.

188).1 This formula yields a relatively low threshold because the country and year

fixed effects drives k upwards. In the case of model 3 the threshold is 0.003, and

there are 47 observations with a Cook’s D exceeding this value. The results from

models estimated without such observations show that the overall impression is the

same, albeit with less magnitude and certainty. Model 3 still estimates that small

arms prices respond to Drought severity after two years. The coefficient in model 3

drops considerably but retains significance on the 10% level.

The difference between the two models in terms of how they predict price change

is shown in figure 5.1 a) and b). Leaving out the influential outliers decreases the

slope of the regression line somewhat, but the direction of the linear relationship

and the associated certainty are not considerably affected.

1Other thresholds in use include 4
N (Yellowbrick, 2020). The critical value can depend heavily

on the formula chosen, especially for models with many observations and predictors.
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Table 5.2: Models 1-3. Country-year. No influential outliers.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −12.780
(11.580)

Avg. dr. sev. (1yr lag) −16.123
(12.298)

Avg. dr. sev. (2yr lag) 21.274∗

(12.491)

Constant 556.268∗∗∗ 551.856∗∗∗ 524.933∗∗∗

(53.384) (52.835) (52.883)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 1,174 1,176 1,173
R2 0.847 0.845 0.845
Adjusted R2 0.837 0.834 0.834
Residual Std. Error 210.379 (df = 1099) 211.978 (df = 1101) 211.841 (df = 1098)
F Statistic 82.233∗∗∗ (df = 74) 80.994∗∗∗ (df = 74) 80.734∗∗∗ (df = 74)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 5.1: Scatter plot: Predicted Price change vs. Average drought severity
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Figure 5.2: Scatter plot: Observed vs. predicted Price change

There is another argument to be made for leaving out influential outliers. Not

only could they produce artificially large coefficients, they could also violate the

assumption that the dependent variable is a linear function of the predictors. In

figure 5.2 a) and b), observed values of Price change are plotted against predicted

values based on model 3. The blue line is the smoothed least squares regression line.

If the relationship between the predictors and the outcome is linear, the observations

should align along the red dashed line. The difference between the two figures is the

range of the X axis: in panel a) the whole range of observed values is included, and in

panel b) the range is limited to -1000, 1000. Comparing the panels, it becomes clear

how observations with extreme observed values of Price change cause the model to

underestimate the magnitude of price change in either end of the range. The figure

excluding extreme values demonstrates a better fit because it is more able to predict

values at both ends of the range of observed values. This is also reflected in the R

squared. Model 3 without influential outliers achieves an R squared of 0.845 (0.834

adjusted), as compared to 0.706 (0.687) with influential outliers.
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Furthermore, because the models are estimated on panel data there is a high

probability that observations are autocorrelated within entities (Stock and Watson,

2011, p. 363). In this case this would mean that the price change of a given year in

a given country could predict price change the next year in the same country. If this

is the case, the standard errors are too small, which could lead to over-confidence

in the estimates.

The Durbin-Watson test for autocorrelation confirms that the error terms are

autocorrelated. This statistic returns a value between 0 and 4, where the value 2 in-

dicates no autocorrelation, values between 0 and 2 indicate positive autocorrelation,

and values between 2 and 4 indicate negative autocorrelation. The value returned

for model 3 is 2.9, indicating that the error terms are negatively correlated with

each other. That is to say that high values for Price change tend to be followed

by low values, in other words that Price change tends to fluctuate around a mean.

This dynamic is illustrated in figure 5.3, using Kenya as an example. Because auto-

correlation seems to be a problem in models 1-3, I estimate alternative models with

corrected standard errors. These standard errors are clustered on countries, which

means that observations of the same country are allowed to be serially correlated.

Table 5.3 shows that, like removing influential outliers, clustering standard errors on

countries has the effect of reducing the confidence in the estimate in model 3. The

corrected standard error is sufficiently larger than the non-corrected one to reduce

the level of significance to the 10% level.
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Table 5.3: Models 1-3. Country-year. Clustered standard errors.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −5.676
(15.740)

Avg. dr. sev. (1yr lag) −16.300
(12.452)

Avg. dr. sev. (2yr lag) 48.135∗

(26.210)

Constant 537.720∗∗∗ 542.611∗∗∗ 496.216∗∗∗

(40.115) (31.572) (41.980)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 5.3: Line plot: Error terms for Kenya over time.

The result of model 3 survives removing influential outliers and clustering stan-

dard errors, separately. The final test is to estimate a version of model 3 without

influental outliers and with clustered standard errors. Table 5.4 shows that the stan-

dard error for model 3 without influential outliers actually becomes smaller when it

is clustered on countries. The result is that confidence in the estimate increases to

the 5% level.
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Table 5.4: Model 3. Country-year. No influential outliers, clustered standard errors.

Price change

Model 3

(OLS)

Avg. drought sev., 2yr lag 21.274∗∗

(10.716)

Constant 524.933∗∗∗

(35.899)

Country fixed effects Yes
Year fixed effects Yes

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

5.2 Disaggregated analysis

In the disaggregated analysis the variables are the same, but with a more fine-grained

unit of analysis that allows using Drought severity at its original level of observation:

the cell-year.

The dependent variable is, as in the cross-national analysis, the price difference

between year t and year t-1. One obvious disadvantage is that the complete price

index is only available on the country-year level. As mentioned in the previous chap-

ter, observations of illicit small arms transactions are quite scarce. Therefore, any

panel with actual price data on the cell-year level (or some other sub-national unit)

would be vastly unbalanced. Constructing a balanced panel on such a level would

depend on extensive data manufacture (even more so than the iSAP-C dataset), and

result in very unreliable data. Furthermore, the precision of transaction localization

is as low as referring to countries in many cases, thus, these transactions are impos-

sible to connect to a sub-national spatial unit. The consequence of this disadvantage
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is that all cell-years pertaining to the same country-year has the same value on the

dependent variable. In other words, the variation on the dependent variable is on

the same resolution as in the cross-national analysis.2

As in the cross-national analysis I use country and year fixed effects. Even though

the PRIO GRID cell is the spatial unit in the disaggregated data, I use country fixed

effects because the way the PRIO GRID divides the land into cells is random in all

social, cultural and political respects. I therefore assume that there are more time-

invariant factors associated with countries than with cells. Besides, the amount of

cells is quite large. Estimating models with cell fixed effects would require many

degrees of freedom and, as it turns out, more data power than is available to me.

5.2.1 Results

Table 5.5 displays the results from models 4-6, which model the contemporaneous,

one-year lagged and two-year lagged effect of drought severity on small arms price

change, respectively. The coefficients of models 4 and 5 are small and negative,

indicating that Price change correlates negatively with Drought severity in year

t and t-1. Model 6, however, has a larger coefficient in absolute terms, and is

positive. In this model, a one-month extension of the longest drought spell in year

t-2 is associated with a 24.4 USD increase in the price change. These results appear

to mirror those of models 1-3 in table 5.1. The most striking feature of both sets of

models is the magnitude of the coefficient when Drought severity is lagged by two

years.

2For robustness, I estimate models on a relatively reliable, but unbalanced, subset of the data.
See the supplementary information.
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Table 5.5: Models 4-6. Cell-year.

Price change

Model 4 Model 5 Model 6

(OLS) (OLS) (OLS)

Drought severity −2.680∗∗∗

(0.637)

Dr. sev. (1yr lag) −4.143∗∗∗

(0.658)

Dr. sev. (2yr lag) 24.400∗∗∗

(0.664)

Constant 410.354∗∗∗ 410.416∗∗∗ 387.547∗∗∗

(18.749) (18.738) (18.687)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 264,508 264,657 264,763
R2 0.624 0.624 0.626
Adjusted R2 0.624 0.624 0.626
Residual Std. Error 320.176 (df = 264433) 320.126 (df = 264582) 319.237 (df = 264688)
F Statistic 5,927.120∗∗∗ (df = 74) 5,929.739∗∗∗ (df = 74) 5,978.635∗∗∗ (df = 74)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

5.2.2 Main findings

The spatially disaggregated part of the analysis turns out an interesting set of re-

sults. Here the context for interpretation is different: people living in areas exposed

to a meteorological drought must respond immediately because the rainfall defi-

ciency (especially when accompanied by high temperatures) quickly translates into

agricultural drought (Wilhite, 2000). What models 4 and 5 indicate is that the

short-to-medium term local effect of drought is pacifying, in the sense that higher

levels of Drought severity are associated with lower (but not necessarily negative)

Price change.

Although this result is contrary to the hypothesis that drought causes higher

demand for small arms it is not altogether surprising. Firstly, it is not difficult

to intellectually rationalize this result. It seems reasonable that people’s primary

58



concern when a drought hits is to do what may be done to mitigate its impacts. The

consequence might be that ongoing disputes are put on hold, and that tensions that

could otherwise have translated into violence are defused. Furthermore, one would

expect most people to turn to mitigation measures that are within the confines of

the law and do not infringe on others, at least in societies without particularly deep

conflict lines. Not least, buying a gun involves a substantial economic cost: the

mean value of the price index is 934 2010 USD (although there are extreme cases

where very low prices of AK-47s have been reported). The threshold of incurring

that cost should be higher in times of economic downturn.

Secondly, the pacifying effect of negative rainfall shocks is not without precedent

in the literature. This fits into what may be called the ‘abundance model’, which is

the inverse of the ‘scarcity model’ associated with Homer-Dixon (1999). While the

scarcity model puts the emphasis on the push factors contributing to conflict risk

(grievances or lack of income opportunities), the abundance model focuses on the

pull factors: what is to be gained by entering into conflict? The basic theory behind

it is that when resources are more abundant there is more to win by engaging in

violence. In a famous article, Collier and Hoeffler (2004) found that ‘greed factors’

outperform ‘grievance factors’ in predicting civil war. de Soysa (2002) finds support

for this line of thought and concludes that “The good news is that human greed and

folly, not mother nature, is still the problem for peace.” (p. 1).

There are also newer studies involving climate variability that lend support for

this argument. Similarly to the present thesis, Theisen (2012) finds evidence for one

implication of the theory, namely that scarcity is related to peace. He documents

that relatively dry years have a peaceful effect on the same year and the follow-

ing year in post-Cold War Kenya. Several studies find evidence of the opposite,

compatible implication, in other words that abundance is related to conflict. Brown

(2010) finds that the Darfur conflict was preceded by better than average vegetation
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growth, contesting that the conflict was caused by “eco-scarcity”. Salehyan & Hen-

drix (2014) find water abundance to be positively correlated with political conflict

on a global scale, and particularly so in contexts like sub-Saharan Africa. Adano

et al. (2012) study pastoral societies in Kenya and find evidence for both these

implications: wetter than normal years see more conflict, whereas drought periods

instigate inter-group cooperation.

Models 4 and 5 do not provide a basis for assessing the salience of the greed-

related mechanisms associated with the abundance model. They do however indicate

that in the short-to-medium run the mechanisms associated with the scarcity model,

involving grievances and opportunity cost, do not cause an acceleration in the risk

of violence. On the contrary, high levels of Drought severity are associated with

slower growth in Price change.

However, this effect changes as time elapses. Model 6 indicates that higher lev-

els of drought severity in year t-2 are associated with higher (but not necessarily

positive) price change in year t. As far as I am aware, this is a quite novel find-

ing. As is the case with cross-national research, there are not many examples of

spatially disaggregated research designs with predictors that are lagged by more

than one year. I have found two exceptions: first, in an early application of the

PRIO GRID, Theisen et al. (2011/12) find no evidence that cell-year level negative

rainfall anomalies predict the location of civil conflict onset, using 1-5 year lags.

Second, Detges (2016) does not find support for a delayed effect of extreme drought

on local conflict, regardless of the level of infrastructure on which his hypothesised

relationship is conditioned. My empirical analysis, on the other hand, seems to lend

support to the existence of a delayed effect of meteorological drought on the risk

of violence. It should be stressed that the outcome could coincide temporally with

other kinds of drought impacts. Thus, the result from model 6 in the present thesis

represents an interesting finding that could merit further attention.
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The interpretation of model 6 depends to a certain extent on whether or not it is

seen in conjunction with models 4 and 5. At first glance it could be tempting to read

table 5.4 as proof of the following dynamic: ’demand tends to slow down immediately

following a drought, and the average decrease continues into the following year. In

the second year after drought occurs, there comes a surge in violence and demand

rises to above its original level’. However, each model has only one predictor (besides

the fixed effects): contemporaneous, one-year lagged or two-year lagged Drought

severity. Therefore, the coefficient in each model is not affected by the observations’

values on the predictors used in the two other models. This means that even if the

average relationship between Drought severity and Price change is negative and weak

in models 4 and 5 before becoming positive and strong in model 6, the covariation

between the two variables does not necessarily evolve in that manner for individual

cells. Moreover, the observations predominantly driving the results of each model

may come from different time periods. Thus, table 5.4 cannot be read as a typical

three-year trajectory of demand for small arms. Again, average estimates may be

covering individual variation.

It is more appropriate to interpret model 6 independently of the other two. It

estimates a positive, two-year delayed effect of drought severity on small arms price

change. According to this model, the average increase in the price of an AK-47

or similar weapon is 24.4 USD higher for each extra month of severe drought in a

given cell-year. To illustrate: if the price of an AK-47 were predicted to rise by 100

USD in a given cell-year which experienced two months of drought two years ago,

it would be predicted to increase by 124.4 USD in a cell-year with three months of

drought two years ago. If prices were predicted to fall in the former cell-year, prices

in the latter cell-year would be predicted to fall by 24.4 USD less, in other words,

the decline in demand would be less steep.

The challenge for interpretation is to explain what happens during the time
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between observed Drought severity and observed Price change, that is, in year t-

1. Why is the effect delayed? One possible interpretation of the result puts the

emphasis on the slow nature of drought impacts. Even if agricultural impacts are

felt quite quickly, this could be insufficient in terms of affecting the risk of violence.

The hydrological class of drought impacts, which typically occur later, could be

what is needed to pass the threshold.

Another interpretation focuses more on how humans choose to respond to the

rainfall deficiency. In keeping with the results from models 4 and 5 (and schol-

arly contributions mentioned above), the perhaps most likely response to drought-

induced agricultural challenges is to cope with them peacefully and cooperatively.

If this is the case, the two-year delayed surge in demand may be viewed as the

result of unsuccessful coping strategies in situations where the agricultural drought

is protracted. When peaceful measures are exhausted, and the situation does not

improve, a Hobbesian situation might ensue.

5.2.3 Robustness checks

Again, I remove observations with a Cook’s D that exceed the threshold given by

4
N−k−1

, in order to put the results to a strict robustness test. Models 4-6 have

vastly more observations than models 1-3, so their thresholds are even lower due

to the impact of N on the denominator. All three models have more than 12,000

observations exceeding its threshold. Here, too, table 5.6 shows that the main picture

remains the same, but with a lower coefficient in the two-year lagged model.

All the coefficients are significant at the 1% level. However, this could be caused

by the high resolution of the data. Generally, the certainty of an estimate increases

with the sample size. In this case, the large number of observations (cell-years)

makes the standard errors small. One should therefore be wary of gazing too much

at the stars behind the coefficients of these models, given that the coefficients are
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Table 5.6: Models 4-6. Cell-year. No influential outliers.

Price change

Model 4 Model 5 Model 6

(OLS) (OLS) (OLS)

Drought severity −3.282∗∗∗

(0.443)

Dr. sev. (1yr lag) −2.291∗∗∗

(0.463)

Dr. sev. (2yr lag) 5.724∗∗∗

(0.476)

Constant 480.950∗∗∗ 481.936∗∗∗ 460.695∗∗∗

(17.185) (17.260) (17.863)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 252,086 252,140 251,995
R2 0.774 0.775 0.777
Adjusted R2 0.774 0.775 0.777
Residual Std. Error 216.789 (df = 252011) 216.445 (df = 252065) 215.543 (df = 251920)
F Statistic 11,674.380∗∗∗ (df = 74) 11,721.140∗∗∗ (df = 74) 11,837.800∗∗∗ (df = 74)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

quite small in substantial terms.

The effect that the large sample size has on the standard errors can be seen

in figure 5.4. Panels a) and b) show the predicted price change based on model

6 with and without influential outliers, respectively. The semi-transparent bands

visualizing the confidence intervals are so narrow they are hardly visible. In terms

of estimation, removing influential outliers decreases the magnitude of the effect as

shown by the slope of the regression line, but the direction remains the same.

As in the cross-national analysis there is every reason to believe that sequences

of observations within entities, and thus their error terms, are autocorrelated. The

Durbin-Watson test yields approximately the same value for model 6 as for its

country-year counterpart, model 3. I therefore estimate alternative models 4-6 with

standard errors clustered on countries. These can be seen in table 5.7. Correcting
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Figure 5.4: Scatter plot: Predicted Price change vs. Drought severity

the standard errors to allow for autocorrelation, they are inflated to the extent that

the estimates from models 4 and 5 are rendered statistically insignificant. The level

of significance of the estimate from model 6 drops to the 5% level.
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Table 5.7: Models 4-6. Cell-year. Clustered standard errors.

Price change

Model 4 Model 5 Model 6

(OLS) (OLS) (OLS)

Avg. drought severity −2.680
(5.229)

Avg. dr. sev. (1yr lag) −4.143
(3.725)

Avg. dr. sev. (2yr lag) 24.400∗∗

(10.738)

Constant 410.354∗∗∗ 410.416∗∗∗ 387.547∗∗∗

(50.502) (50.341) (52.448)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Lastly, I put model 6 to the test of combining removal of influential outliers

with clustering standard errors. Table 5.8 shows that the corrected standard error

is many times the size of the one from model 6 without influential outliers (table

5.6). Still, it retains the 10% significance level.

Table 5.8: Model 6. Cell year. No influential outliers, clustered standard errors.

Price change

Model 6
(OLS)

Avg. dr. sev. (2yr lag) 5.724∗

(3.036)

Constant 460.695∗∗∗

(44.508)

Country fixed effects Yes
Year fixed effects Yes

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

In summary of this chapter one could say that the two levels of analysis together

show interesting differences and similarities between the local and country-level ef-

fects of drought. While drought severity needs time to translate into increasing

demand for small arms on the country level, effects are felt immediately on the local

level. The local effect exhibits a diametrical change across the three temporal spec-

ifications, from an immediate average slowdown of demand to a two-year delayed

average increase. However, the short-to-medium term effect on the cell-year level

is sensitive to corrected standard errors that allow for autocorrelation. Consequen-

tially, I cannot conclude on the nature of the relationship between Drought severity

and Price change on either level of analysis.

The only result that survives being put to various robustness tests is the result
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shared by the two levels of analysis. This result is that high levels of drought

severity are related to larger growth rates in the demand for small arms observed

two years later. I have demonstrated that while the contemporaneous and one-year

lagged effects are vulnerable to methodological scrutiny, the two-year lagged effect

is not entirely driven by neither influential outliers nor artificially small standard

errors. This is true for both levels of analysis. However, the magnitude of the effect

depends on whether influential outliers are included. Removing 47 such observations

from country-year model 3 cuts the coefficient in half, and removing 12,768 such

observations from cell-year model 6 reduces the coefficient to 1
4

of its original value.

Whether or not influential outliers should be excluded is another question. The

most important insight is that the effect is robust enough to survive it.

I have discussed what mechanisms might explain the delay between cause and

effect, related both to the nature of drought impacts and the response of human

communities. It is impossible to infer Which mechanism is most explanatory based

on the empirical analysis presented here. This is fertile ground for future research.

The result of this baseline test of the relationship between drought severity and

the demand for small arms is a signal that statistical models of climate-conflict

relationships need to incorporate temporal aspects of the climatic factor under study.
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Chapter 6

Limitations

Having presented the results and discussed the findings in light of theory, in this

section I proceed to discuss the limitations of the empirical analysis. These limita-

tions pertain to different components of the research design, and might affect the

reliability and/or the validity of the results. Moreover, reservations must be made

regarding the predictive power of Drought severity as an independent variable.

6.1 Data

The first element that could have introduced a bias is the data. I am confident

that the selection I use in my analyses is the one that best ensures coherence with

the underlying theory without overly restricting the number of observations. Nev-

ertheless, it is likely that both the price data and the drought data have potentially

problematic properties.

First, it is possible that there is a systematic bias in the price data. The country-

year price index that I use on both my levels of analysis is computed from actual

prices in recorded illicit small arms transactions. The gathering and compilation of

these transactions is performed by humans, and there is no way of knowing what

principles guided this work. This could introduce a bias in any direction, depending
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on (i.a.) the geographical or temporal focus of the researchers. Furthermore, I take

for granted that the recorded transactions represent a mere fraction of all the illicit

small arms transactions that took place in Africa during the time period covered

by the dataset. The question is: What factors determined which transactions made

their way into the iSAP-T dataset via first-hand sources? Here I can only make

assumptions, but I would imagine that transactions i) involving larger quantities of

weapons, ii) taking place close to urban centers and iii) taking place in countries

with low state capacity, are over-represented in the dataset due to a presumed higher

risk and/or lower cost of exposure to observers. Again, it is difficult to assess the

direction of the bias that these factors would have on the price data. All that can

be said with some certainty is that the selection is hardly representative of the

population of illicit small arms transactions, and the price index must therefore be

treated as very uncertain.

Second, a major shortcoming is the lack of sub-national variation in small arms

prices. By spatially merging the coordinates of small arms transactions to the PRIO

GRID I found that there are only 163 unique cell-years that experienced an illicit

small arms transaction between 1986 and 2014. Some cells experienced a transaction

in more than one year, making the number of unique cells even lower than the

number of unique cell-years. In other words, the vast majority of cell-years cannot be

associated with price data that was observed in the cell-year in question. My solution

is to assign country-level price data to cells. I use Marsh et al.’s transformation of

scarce price data to a country-year structure (the iSAP-C dataset). The consequence

of this is that the disaggregated analysis to a large extent hinges on a dubious

assumption, namely that small arms prices follow one common trajectory (given by

the price index) within countries. If this assumption is false there is no basis for

interpreting the covariance between the variables as an indication of the local-level

relationship between drought severity and the risk of violence. One conceivable
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remedy is aggregating grid cells to an intermediary geographical level such as sub-

national administrative units. However, for most countries data is still too scarce

for constructing balanced sub-national panels, so the geographical scope of such an

analysis would be more restricted. Furthermore, this would require GIS (Geographic

Information System) skills that I do not currently possess. Given the time frame, I

decided not to invest the time needed to acquire them at this point.

A third data-related caveat regards the basis for operationalizing changes in

demand for small arms in terms of interannual price change. There is a possibility

that the positive effect that rising demand has on prices is partly offset by a negative

effect of increasing supply. The mechanism by which this could happen is when

“Agents on the margin of the legal labor market become unemployed in an economic

downturn and a fraction of those unemployed take on employment in the black market

(including the arms trade), which is profitable relative to no work at all. The extra (illicit)

employment in arms trade creates a more competitive arms market...” (Killicoat, 2007, p.

10).

A more competitive market implies more supply and lower prices. Thus, there

might exist cases where the observed price change is close to 0 in spite of rising

demand. However, if such cases do exist, so does (presumably) the opposite kind of

case, in which people leave the illicit arms trade in favor of legitimate income during

periods of economic growth.

6.2 Models

My findings are based on statistical models that can only capture an approximate

and simplified version of the real world. Here I discuss how the models could be

improved.

70



One potential improvement concerns the relationship between the independent

and the dependent variable in the disaggregated analysis. By using temporal lags I

account for the time that separates observed Drought severity and observed Price

change. This is grounded in drought theory. However, the models do not incorporate

any theory of where a meteorological drought is most likely to cause price change.

The outcome variable is simply observed in the same grid cell as the causal variable,

which implies the assumption that arms transactions tend to take place close to

the metorological drought. This might not be true as the localization of illicit

arms transactions is likely determined by other factors. Such factors could include

proximity to i) the sea, ii) an urban center, iii) a national border, iv) lootable

resources and so forth. Additionally, which factor(s) are most relevant will probably

vary across contexts. However, given that the price data lacks sub-national variation,

the failure to model spatial distance does not really matter for my results. The

exception is cases where drought affects small arms prices across a national border.

In other words, for a more sophisticated theory of localization to be incorporated

into my statistical models, better small arms price data is needed.

A second form of improvement involves an even more careful consideration of how

and when drought translates into social tensions. A host of different characteristics

determine if and how impacts are felt by human beings. Agriculture is an important

example. Beyer et al. (2015) use 17 different characteristics to predict how rainfall

patterns during the rainy season affects maize yields in the upper Zambezi river

basin. These characteristics have to do with the frequency of wet and dry days, the

length and frequency of wet and dry spells within the rainy season, the timing of the

onset and cessation of the rainy season, and so forth. The total amount of rainfall is

only one of many characteristics that determine maize yields. However, total water

balance in a certain period is all that is picked up by the SPEI. Any empirical study

using a measure of drought would benefit from data that incorporates more of the

71



rainfall characteristics that matter to human activity.

6.3 Predictive power

The last limitation that merits attention regards the extent to which Drought severity

is able to predict Price change. The empirical analysis confirms the insight that

climate variability alone is a poor predictor of conflict. Other factors, that are

accounted for through the fixed effects, are far more useful for predicting the exact

price change in a given location in a given year. This is particularly true for year

fixed effects: the year of observation alone is able to explain a lot of the variation

in Price change. In other words, time trends that are equal across countries have

a strong bearing on fluctuations in small arms prices. This could indicate a strong

diffusion effect: when tensions rise in a country, the small arms price increase spreads

to contiguous countries. Regardless of whether this is the case, it is likely a result

of the spatial lags used by Marsh et. al in constructing the country-year version of

the iSAP dataset.

Figure 6.1 shows simulations of three different scenarios for Kenya.1 The three

lines graph predicted Price change for different values of Drought severity. The blue

and the red line are based on model 3 with country and year fixed effects, where

the year is set to 2012 and 2006, respectively. The blue and the red dashed lines

indicate the observed Drought severity of these scenarios, that is, in 2010 and 2004.

The predictions graphed by the black line are simulated based on a version of model

3 with country fixed effects only. In other words, these estimates are averaged over

the whole time period, and Kenya’s mean Drought severity is shown by the black

dashed line.

1I use Kenya as a case for simulation because it is the country for which the price data is most
abundant.
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Figure 6.1: Simulation: Kenya
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The figure shows visually how the year fixed effects make the model able to

distinguish between very different levels of Price change. For 2012 the model predicts

a steep price increase, and for 2006 it predicts a somewhat less steep price fall.

Without this information, one would be led to believe that small arms prices in

Kenya always rise when the average number of drought months in year t-2 exceeds

its mean.2

Because Drought severity is unable to accurately predict Price change, it is ap-

propriate to emphasize that this analysis does not provide a basis for inferring that

drought causes violence. In scenarios such as Kenya 2006, the model predicts that

small arms prices would have fallen regardless of the number of drought-affected

months in 2004. In the case of Kenya 2012, prices would be predicted to rise even

if there were no severe drought at all in 2010 (although the blue dashed line shows

that 2010 was an unusually dry year). However, because the Price change variable

is continuous one may infer that the observed Drought severity does have a causal

effect on the rate at which prices change. In figure 6.1 this is shown by the slope

of the three lines. In this perspective, including year fixed effects is important so as

not to overestimate this rate.

2The predictive power of models is quantified by the R squared statistic. I discuss this briefly
in the supplementary information where I compare the R squared of different model estimations.
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Chapter 7

Conclusions

This master thesis has attempted to provide an answer to the question: Is drought

severity systematically related to increases in the demand for small arms in Africa?

Its purpose has been to shed new light on the highly contentious and many-faceted

relationship between drought and violence by incorporating all equifinal causal mech-

anisms linking these phenomena in one common test. The original methodological

feature that has been employed to this end is the use of small arms price change

as an indicator of developments in the risk of violence. This indicator takes advan-

tage of the continent-wide availability of the AK-47 assault rifle in particular, and

is proposed to be valid across the myriad of unique contexts in which conflicts take

place. Thus, it ensures coherence with the underlying theory while not restricting

the geographical scope of the analysis.

Using panel data on drought severity and small arms price change, I have es-

timated statistical models on two different spatial levels of analysis. There is no

empirical basis for claiming the existence of a causal effect in the short-to-medium

run. However, the analysis reveals a positive, two-year delayed relationship between

drought severity and price change. This result is consistent across the two levels of

analysis and is robust to removal of influential outliers and correction of standard

errors to allow for within-unit serial correlation.
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The results from country-year model 3 and cell-year model 6 indicate that

drought severity is indeed systematically related to the demand for small arms in

Africa. They do not, however, confirm the hypothesis that this relationship involves

increasing demand. A crucial point is that the models do not necessarily predict

positive values for Price change. What they do is estimate that on average, higher

values of Drought severity in year t-2 are associated with positive growth in Price

change in year t. In other words, droughts can speed up surges in demand or slow

down decreases in demand. This confirms the understanding of climate variability

as a marginal factor that may exacerbate tensions in situations that are already

prone to conflict.

Uncertainty remains regarding the mechanisms that drive this result. There are

not many conflict-oriented studies that shed light on a delayed effect of drought. On

the country level, the delay could be explained by the fact that the total impacts of

droughts need time to materialize. On the grid cell level, plausible explanations in-

clude that in most scenarios, peaceful coping mechanisms are a more likely response

than violence when a meteorological/agricultural drought hits. Besides, ongoing

local conflicts might be temporarily defused because droughts introduce more dire

concerns.

In the discussion I highlighted some flaws of the research design. The primary

concern in the case of my analysis is that the basis for interpreting the results from

the disaggregated analysis in light of the theoretical argument, is uncertain. This

arises partly from lack of sub-national small arms price data, partly from lack of

theory regarding the spatial determinants of arms transactions, and partly from

the limits to my own technical ability regarding spatial data. The result is that

strong assumptions must be made: first, that arms prices develop uniformly within

countries, and second, that price change occurs in the same grid cell as the observed

drought severity. The extended consequence is that the picture painted by the cell-
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year models may be relatively far from the world they are meant to depict. In order

to obtain reliable insights, more sophisticated theorization, data and modelling tools

are needed.

However, as previously stated, the purpose of this project has been to provide a

birds-eye view of the proposition that drought increases the risk of violence. This

has implied that the empirical analysis should be simple. Since the use of small

arms price change as an observable outcome constitutes a new approach to climate-

conflict research, I have deliberately used basic statistical tools in order to set a high

bar for the proposed causal relationship. The fact that the signals I pick up from

the data are predictable in light of well-established theory, is encouraging. While

the exact spatio-temporal nature of the relationship remains uncertain, the main

result does not hinge on advanced estimation methods and is robust to alternative

model specifications1.

My findings have two main implications for future research. First, studies of

climate variability and conflict should take care to theorize and model the temporal

nature of the climatic phenomenon that the study investigates. Recognizing that

quite some time could elapse between observed drought and observed conflict out-

come is an important insight that could be transferred to other, more sophisticated

research designs.

Second, the finding demonstrates the virtues of using small arms price change

as an indicator of the risk of violence. One of these virtues is the possibility to

model conflict as a continuous phenomenon, which better reflects its true nature

than do binary variables based on crude cut-offs like 25 battle-deaths per year.

The lack of published studies that test longer temporal lags could be explained by

the inability of widely used, binary outcome variables to capture subtle changes in

security situations, thereby producing null findings.

1See the supplementary information.
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However, the lack of reliable data on small arms prices is in itself the largest

obstacle to using it in high-quality research. Although the result that the data

yields is robust, the data itself is scarce, and the data generated from it is uncertain.

Illicit small arms prices are presumably scarce by nature, because this information

has to do with illegal activity and those carrying it out have every incentive to

conceal it. Perhaps state-of-the-art methods of data capture could help remedy

this, providing better preconditions for future research.
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Attachment 1:
Supplementary information

I provide alternative estimations of my models in order to demonstrate that the

results are robust across different specifications.

Alternative time frame

Tables 7.1 and 7.2 show alternative estimations of models 1-3 and 4-6, respectively,

using 1980 as the starting point. The results are very similar to the ones presented

in the main text. The coefficients differ slightly, but all of them have the same

direction and significance level.
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Table 7.1: Models 1-3. Country-year. Starting point 1980.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −4.222
(13.253)

Avg. dr. sev. (1yr lag) −12.785
(13.630)

Avg. dr. sev. (2yr lag) 40.911∗∗∗

(14.082)

Constant 9.216 15.726 −21.223
(60.674) (60.872) (62.137)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 1,646 1,646 1,596
R2 0.705 0.705 0.706
Adjusted R2 0.689 0.689 0.690
Residual Std. Error 268.591 (df = 1562) 268.524 (df = 1562) 271.999 (df = 1513)
F Statistic 44.908∗∗∗ (df = 83) 44.940∗∗∗ (df = 83) 44.241∗∗∗ (df = 82)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 7.2: Models 4-6. Cell-year. Starting point 1980.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Drought severity −1.990∗∗∗

(0.504)

Dr. sev. (1yr lag) −2.962∗∗∗

(0.518)

Dr. sev. (2yr lag) 21.640∗∗∗

(0.536)

Constant 8.260 8.928 −4.995
(13.858) (13.857) (14.232)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 360,052 360,201 349,691
R2 0.623 0.623 0.625
Adjusted R2 0.623 0.623 0.625
Residual Std. Error 274.766 (df = 359968) 274.748 (df = 360117) 278.162 (df = 349608)
F Statistic 7,174.109∗∗∗ (df = 83) 7,175.751∗∗∗ (df = 83) 7,103.507∗∗∗ (df = 82)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Most reliable subset of data

To check for the possibility that the results are driven by unreliable data, I estimate

models on the most reliable subset. This subset consists of the cell-years that belong

to country-years in which a small arms transaction was observed. This constitutes

a minority of the total observations. As a result, this subset is not a balanced

panel dataset, meaning that there are many holes in the panel. Therefore I use

the weapons-adjusted price as the dependent variable instead of year-to-year price

change. Table 7.3 shows that the results are similar to those presented in the main

text: models 1 and 2 yield negative coefficients while model 3 yields a positive

one. The difference is that model 1 has the largest coefficient in absolute terms.

However, this may be due to the fact that the dependent variable is different: it

measures absolute prices instead of price change. For instance, model 3 in table 7.3

predicts prices to be 4 USD higher on average per extra month of drought.

I would have liked to estimate an equivalent model on the country-year level,

however, there are only 66 country-years with recorded transactions, and that gives

me too little variation to estimate a model on.
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Table 7.3: Models 4-6. Cell-year. Most reliable data subset.

Weapons-adjusted price (2010 USD)

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Drought severity −13.286∗∗∗

(2.806)

Dr. sev. (1yr lag) −0.902∗∗∗

(0.214)

Dr. sev. (2yr lag) 4.118∗∗∗

(0.238)

Constant −1,128.458∗∗∗ −1,133.630∗∗∗ −1,146.606∗∗∗

(41.214) (41.200) (40.840)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 18,526 18,542 18,561
R2 0.779 0.779 0.782
Adjusted R2 0.779 0.778 0.781
Residual Std. Error 444.255 (df = 18490) 444.246 (df = 18506) 440.812 (df = 18525)
F Statistic 1,866.237∗∗∗ (df = 35) 1,860.861∗∗∗ (df = 35) 1,897.618∗∗∗ (df = 35)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Fixed effects

In the following I demonstrate that the results are not an artefact of the fixed effects

employed in the main models. On the contrary, tables 7.4 and 7.5 show that the

use of fixed effects is warranted. The models shown here estimate larger coefficients

than the ones presented in the main text. In the case of model 1, they are sufficiently

large to achieve a weak statistical significance. Both the models with no fixed effects

(table 7.4) and those with country fixed effects only (table 7.5) have a vastly lower R

squared than do the models with country and year fixed effects. The latter have R

squared values at above 0.7. This means that a substantial amount of the variance

is explained by country-invariant time trends. Constant, country-specific factors,

however, appear to explain very little.
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Table 7.4: Models 1-3. Country-year. No fixed effects.

Dependent variable:

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −46.065∗

(24.679)

Avg. dr. sev. (1yr lag) −19.689
(25.127)

Avg. dr. sev. (2yr lag) 148.720∗∗∗

(25.029)

Constant 62.562∗∗ 38.343 −104.116∗∗∗

(27.258) (26.976) (26.222)

Country fixed effects No No No
Year fixed effects No No No

Observations 1,223 1,223 1,220
R2 0.003 0.001 0.028
Adjusted R2 0.002 −0.0003 0.027
Residual Std. Error 558.069 (df = 1221) 558.724 (df = 1221) 550.724 (df = 1218)
F Statistic 3.484∗ (df = 1) 0.614 (df = 1) 35.307∗∗∗ (df = 1)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 7.5: Models 1-3. Country-year. Country fixed effects.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −51.463∗

(26.248)

Avg. dr. sev. (1yr lag) −22.681
(26.807)

Avg. dr. sev. (2yr lag) 160.436∗∗∗

(26.585)

Constant 93.092 57.373 −145.103
(118.254) (118.391) (115.876)

Country fixed effects Yes Yes Yes
Year fixed effects No No No

Observations 1,223 1,223 1,220
R2 0.004 0.002 0.033
Adjusted R2 −0.038 −0.041 −0.009
Residual Std. Error 569.179 (df = 1172) 569.937 (df = 1172) 560.860 (df = 1169)
F Statistic 0.103 (df = 50) 0.040 (df = 50) 0.788 (df = 50)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

The following figures give a visual impression of how the fixed effects increase

the variance of the outcomes predicted by the models. The diagrams plot the in-

dependent variable Avg. drought severity (2-year lag) against the predicted price

change based on the pooled, country fixed effects, and country and year fixed effects

models, respectively. In figure 7.1, average drought severity (2-year lag) is the sole

predictor of price change, thence the plot points align perfectly. In figure 7.2 each

country is allowed its own intercept because of country fixed effects, and figure 7.3

shows the predictions from the model presented in the main text, with both country

and year fixed effects. Visually comparing these diagrams confirms that universal

time trends accounts for the greater share of the variance in price change.
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Figure 7.1: Predicted Price change, no fixed effects (pooled OLS).
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Figure 7.2: Predicted Price change, country fixed effects.
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Figure 7.3: Predicted Price change, country and year fixed effects.
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Country-specific time trends

Next I want to show that the result survives the inclusion of country-specific time

trends. Country-specific time trends are intended to capture the variation that fixed

effects do not, namely the factors that vary between countries and over time. Tables

7.6 - 7.8 show that the positive relationship between 2-year lagged drought severity

and price change remains significant when country-specific time trends are included

in models with and without fixed effects. The variables included are Population,

Infant mortality rate and GDP per capita.2 They are commonly used as control

variables in the peace and conflict literature, as indicators for a host of different

phenomena. I also chose these variables because data could be found for the whole

time period, so as not to limit the number of observations.

Two more features of these table is worth mentioning: first, the inclusion of

Avg. dr. sev. (2yr lag) leads to a hike in the R squared in the two specifications

without year fixed effects. Second, the R squared also reveals that country-specific

time trends are not nearly as explanatory of price change as year fixed effects.

2Data for all these variables are taken from the World Bank: World Development Indicators
dataset.
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Table 7.6: Models 1-3. Country-year. Country time trends, no fixed effects.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −33.393
(27.726)

Avg. dr. sev. (1yr lag) −24.811
(28.534)

Avg. dr. sev. (2yr lag) 162.050∗∗∗

(28.919)

Population(logged) −4.288 −3.968 −6.631
(15.270) (15.275) (15.098)

Infant mortality rate −0.225 −0.204 0.412
(0.638) (0.640) (0.630)

GDP p.c. −0.001 −0.001 −0.001
(0.007) (0.007) (0.007)

Constant 138.083 122.723 −41.163
(268.242) (267.799) (263.971)

Country fixed effects No No No
Year fixed effects No No No

Observations 1,075 1,075 1,072
R2 0.001 0.001 0.029
Adjusted R2 −0.002 −0.003 0.025
Residual Std. Error 559.896 (df = 1070) 560.077 (df = 1070) 551.974 (df = 1067)
F Statistic 0.386 (df = 4) 0.212 (df = 4) 7.869∗∗∗ (df = 4)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 7.7: Models 1-3. Country-year. Country time trends, country fixed effects.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity −36.297
(31.158)

Avg. dr. sev. (1yr lag) −26.203
(31.779)

Avg. dr. sev. (2yr lag) 200.116∗∗∗

(32.431)

Population(logged) −159.160 −163.219 −452.742∗∗

(207.659) (208.999) (206.690)

Infant mortality rate −1.816 −1.796 −2.194
(2.269) (2.270) (2.234)

GDP p.c. 0.003 0.003 0.007
(0.015) (0.015) (0.015)

Constant 2,342.841 2,387.105 6,064.290∗∗

(2,951.058) (2,966.869) (2,932.732)

Country fixed effects Yes Yes Yes
Year fixed effects No No No

Observations 1,075 1,075 1,072
R2 0.004 0.003 0.040
Adjusted R2 −0.044 −0.045 −0.006
Residual Std. Error 571.377 (df = 1025) 571.566 (df = 1025) 560.788 (df = 1022)
F Statistic 0.080 (df = 49) 0.066 (df = 49) 0.862 (df = 49)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 7.8: Models 1-3. Country-year. Country time trends, country and year fixed
effects.

Price change

Model 1 Model 2 Model 3

(OLS) (OLS) (OLS)

Avg. drought severity 7.829
(19.543)

Avg. dr. sev. (1yr lag) −18.852
(20.015)

Avg. dr. sev. (2yr lag) 56.354∗∗∗

(20.745)

Population(logged) 2.347 19.263 −39.371
(207.919) (208.112) (208.345)

Infant mortality rate −0.513 −0.469 −0.686
(1.306) (1.306) (1.306)

GDP p.c. −0.001 −0.001 0.0002
(0.009) (0.009) (0.009)

Constant 555.434 347.171 1,094.400
(2,786.976) (2,789.633) (2,792.552)

Country fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 1,075 1,075 1,072
R2 0.698 0.698 0.699
Adjusted R2 0.676 0.676 0.677
Residual Std. Error 318.343 (df = 1001) 318.227 (df = 1001) 317.486 (df = 998)
F Statistic 31.693∗∗∗ (df = 73) 31.726∗∗∗ (df = 73) 31.812∗∗∗ (df = 73)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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