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EXECUTIVE SUMMARY

Violent conflict can be devasting on human life and prosperity. Therefore, both scholars and policy
professionals have spent much time and effort in developing early-warning systems. These early-warning
systems provide predictions and warnings of conflict. Informed policy makers can subsequently take
action. Early or anticipatory action can greatly reduce the costs of responses at a later time (Organisation
for Economic Co-operation and Development (OECD), 2009). Therefore, the field of conflict prediction
seeks to develop predictive models for diverse types of conflict. These predictive models can
subsequently serve as the input for early-warning systems.

The proliferation of machine learning and new datasets pushed the performance of these models forward.
Particularly important is the development of automatic event data (AED). These are data coded
automatically from news messages and they are thus suited to capture short-term dynamics. These AED
complement the traditionally used structural variables, which refer to slow-changing variables. The
combination of AED and machine learning has scored several predictive successes, such as the Violence
Early-Warning System (ViEWS) project, which predicts state-based conflict in Africa. However, these
successes so far have not included interstate conflict prediction. Therefore, the premise of this study is to
evaluate the contribution AED makes in interstate conflict prediction. Additionally, this study provides
global predictions on a monthly level, whereas interstate conflict prediction before only has used yearly
predictions on a global scale. Subsequently, it provides predictions for the occurrence, the onset and the
escalation of interstate conflict. Additionally, the project seeks to identify the driving factors in model
construction by calculating feature importance scores.

For one part, the model is based on 11 structural features which are causally related to interstate conflict.
The other strand of input data consists of 268 features based on the Integrated Crisis Early Warning
System (ICEWS) data. These are monthly counts of scraped news events coded according to the Conflict
and Mediation Event Observations (CAMEO) coding ontology. Thus, a collection of 279 features predict
the outcome variable. The outcome variable itself is based on militarized interstate disputes (MIDs). The
models used are random forest and eXtreme Gradient Boosting (XGBoost). The unit of analysis is the
dyad month, with data ranging from 1995 to 2014. The peace instances are undersampled to prevent class
imbalance since they represent the overwhelming majority of the cases for all three prediction problems.
The final modelling dataset consists of 9736 cases, half peace cases and half conflict cases. 830 of these
are conflict onset cases, and escalation is measured on a six-point ordinal scale, whereas the other two
problems are binary. Finally, the importance of the features during model training is indicated using mean
decrease in impurity (MDI) scores, although their bias due to the presence of mixed data types and
multicollinearity must be taken into account.

The algorithms are tuned with randomised grid search cross-validation and the trained models are
evaluated on a held-out test set. The main evaluation metrics are the F2 score and average precision for
the binary problems, and the macro-averaged F1 score for the multiclass problem.

The main results of the study, and their interpretation, are:

1. AED included in the feature space as simple counts of events happening on a specific dyad in a
specific month does not improve the predictive power of the structural models across all three
problems. This result is contrary to the expectation that AED event data capture short-term
dynamics. This may be due to the predictive potential of the data itself, or to the choice of
aggregation into monthly counts. Other aggregations or feature selection may improve AED
performance.

2. The monthly disaggregated models for conflict occurrence and escalation perform well and are
an improvement on the state-of-the-art. Both are, however, relatively uninformative outcome
variables, so are not suitable to form the basis of an early-warning system. Nevertheless, a
workaround may be viable where occurrence is used to predict conflict onset. Additionally, the
escalation models separate different levels of escalation fairly well. They reflect the highest level
of escalation achieved in an MID, and can therefore not be used to model intraconflict dynamics,



but the models do indicate that it is achievable to separate MID according to their level of
escalation on a monthly level.

3. The predictive power of the onset models is insufficient. Further improvements to the models,
such as cost-sensitive training or feature selection may improve the models’ performance. The
onset models do not lend themselves to early-warning models in any capacity in this state.

The main limitations of this study pertain to the data setup and methods used. First, the model is trained
on data only from 1995 to 2014, leaving a large gap between the present years and training data. This
means that the model is not suitable for direct real-time prediction, since it has not learned the structures
of the last seven years, which is sizeable compared to the twenty training years. Second, the MDI scores
are unable to provide robust indications of the most important variables, and third, the model uses an
artificially balanced test set, instead of the real-world ratio of peace and conflict cases.

To continue in the field of conflict prediction, the study makes three recommendations.

A. Improve the current models methodologically and implement cost-sensitive training to evaluate
whether the lacklustre AED performance can be improved, as well as the onset models’
performance.

B. Use Ensemble Bayesian Model Averaging in subsequent modelling efforts for interstate conflict.
Ensemble methods, as well as Bayesian methods, have been shown to be effective in similar
problems (Hegre, Bell, et al., 2021; Williford & Atkinson, 2019).

C. Host a forecasting competition for interstate conflict onset to acquire a focused and diverse set of
efforts. These can then also be used in a model ensemble.

In conclusion, this study tested the predictive contribution of AED in the prediction of the occurrence,
onset, and escalation of interstate conflict. Contrary to expectation, AED does not contribute to better
performance, at least when aggregated into monthly event counts. On the other hand, the occurrence and
escalation models perform well, indicating that monthly predictions are possible for interstate conflict.

Hegre, H., Bell, C., Colaresi, M., Croicu, M., Hoyles, F., Jansen, R., Leis, M. R., Lindqvist-McGowan,
A., Randahl, D., Rad, E. G., & Vesco, P. (2021). ViEWS2020: Revising and evaluating the
VIiEWS political Violence Early-Warning System. Journal of Peace Research, 58(3), 599—611.
https://doi.org/10.1177/0022343320962157
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Collapse:  The  Future of Conflict Early Warning and Response. OECD.
https://doi.org/10.1787/9789264059818-en

Williford, G. W., & Atkinson, D. B. (2019). A Bayesian forecasting model of international conflict. The
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Chapter 1: Introduction

I INTRODUCTION

Early warning systems can predict incoming shocks to policy makers. While these systems have been developed and
put in place for phenomena such as tsunamis, droughts, and disease outbreaks (UN Office for the Coordination of
Humanitarian Affairs, 2022), effective systems for human conflict are more difficult. But this has not stopped the
academic field of conflict prediction nor the policy world from trying to develop models that can predict conflict.

The need for early warning systems is recognised by policy makers worldwide. The international community,
particularly the United Nations (UN), has been striving to establish an effective and reliable conflict early warning
system for the last 30 years. Starting from Boutros Boutros-Ghali's An Agenda for Peace (UN, 1992) to the present
day, UN policy makers and academics have emphasized the importance of having comprehensive early warning
systems that can provide policy makers with accurate predictions by gathering and analysing information related to
the early warning indicators of conflict. In 2011, Secretary General Ban Ki-Moon and the UN Security Council
reconfirmed the need for early warning mechanisms in the Preventative Diplomacy: Delivering Results report (UN,
2011). Several early warning systems have been created, the European Union Conflict Early Warning System being
among the few that link warning to action (EU, 2020; Meyer et al., 2019).

The rationale behind early warning systems is that if conflict can be predicted, then informed policy makers can take
anticipatory action to reduce the humanitarian impact, adjust policy to better safeguard interests, or in the best-case
scenario, even take preventive measures. By early or anticipatory action policy makers can greatly reduce the costs
that responses would have taken at a later time (OECD, 2009).

The basis of these systems is often formed by models analysing indicators of conflict. While some models only track
the indicators themselves, others can assign probabilities of conflict. Machine learning has greatly improved the
performance of these models, but nevertheless, effective predictive early warning systems are scarce for violent
conflict. A major reason for this scarcity is the current inability of the field of conflict prediction to predict conflict
sufficiently accurately to base policy interventions on.

This research focuses on increasing the reliability and accuracy of the predictive models, contributing in this way to
enable effective early action. It does so in the context of interstate conflict, which has received much attention
following the invasion by Russian forces of Ukraine. This study tries to predict various aspects of militarized
interstate disputes (MIDs)! by using a machine learning approach. Once predictive models are accurate and reliable,
they can be implemented in early warning systems.

! “united historical cases of conflict in which the threat, display or use of military force short of war by one member
state is explicitly directed towards the government, official representatives, official forces, property, or territory of
another state” (Jones et al., 1996, p. 163)



Catching the trigger? Including automated event data in interstate conflict prediction

1.1 Knowledge gap and research questions

Over the last two decades, the literature on conflict studies has seen the growth of conflict prediction from a modest
subject to a prominent area of research. This was made possible by the proliferation of large datasets and
computational techniques, such as machine learning algorithms. Machine learning now is a very popular approach to
conflict prediction. Much of this growth has focussed on intrastate conflict, i.e., insurgencies, civil wars, and other
forms of political violence between a government and other actors. Conversely, there is less research on conflict
prediction related to interstate conflict. This is mainly due to the relative scarcity of interstate conflict compared to
intrastate conflict. This means that the literature on conflict prediction regarding interstate conflict leaves room for
improvement. More specifically, no studies to date have tried to introduce automated event data (AED) to capture
short-term dynamics that may trigger interstate conflict to erupt. This project tries to fill that gap and additionally
strives to increase understanding of which factors are most influential in the occurrence, onset, and escalation of
interstate conflict. To that end, this project tries to answer the question:

“How can machine learning techniques and automated event data be employed to better predict and understand the
onset and escalation of militarized interstate disputes?”, which can be divided into the following sub-questions:

SQ 1. “What factors are likely to be associated with MID onset and escalation?”’

SQ 2. “What algorithms and methods are best suited to predict on combined structural and automated event
data?”

SQ 3. “Can predictions for MID onset and escalation be improved with automated event data?”

SQ 4. “What factors are important in predicting MID onset and escalation?

The objectives of answering these questions are 1) to improve on existing models in the extant literature, 2) to refine
the understanding of conflict onset and escalation, and finally, 3) to provide the basis of an early warning tool for
policy makers for the onset and escalation of interstate conflict.

The terms prediction and forecasting have been used interchangeably in the field of conflict studies. Prediction is
defined as the assignment of an outcome probability to realised or unrealised events, including model estimates, but
also prediction based on expert knowledge. Forecasting is a term that is also often used and is here taken to mean
predictions about unrealised outcomes given model estimates from realised data, following Hegre et al. (2017). Seen
this way, prediction is the first step in the chain, forecasting takes tested predictive models to the uncertain future,
and early-warning systems do this in a systematic way.

This study will focus on conflict prediction, and provide the basis for later iterative efforts towards forecasting and
early-warning systems.

1.2 Research approach

The investigation of the research question is empirical and follows a data-driven approach, with some qualitative
elements.

To find out what factors likely are associated with MIDs, the literature on the causes of conflict and the factors
correlated with it has been reviewed. Then, a quantitative approach, machine learning, is used to find the relations
with which to predict interstate conflict and to build the models to predict the occurrence, onset, and escalation of
conflict.

1.3 Link to EPA programme

The core of the Engineering and Policy Analysis (EPA) programme is the aim to provide policy advice in complex
socio-technical systems, through a variety of methods: qualitative, but predominantly with a quantitative focus. The
objectives of this research fit the programme well, since it aims to provide information about conflict onset and
escalation to public policy makers, as well as contribute to the field of conflict studies. Although the system itself is
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mainly a social system, the data analytical methodology and policy component anchor the research within the
programme.

Additionally, this project takes both a systems and a multi-actor view towards the problem. It looks for regularities
on a system level, and it analyses dyadic actor behaviour in order to construct a dyadic dataset. Finally, this research
contributes to the solution of the Grand Challenges, which are central to the EPA programme. More specifically, it
ties into Social Development Goal 16: the promotion of peaceful and inclusive societies (United Nations, 2022),
since it is explicitly aimed at increasing the anticipatory capacity, and as such, the capacity for early action of public
policy makers to interstate conflict.

1.4 Report structure

This thesis report is structured into five chapters. Chapter 1 details the context of the problem, and explains the setup
of the study. It describes the knowledge gap and research questions, as well as the objectives of the study. It also
outlines the research approach it introduces the report’s structure. Chapter 2 provides an overview of the scientific
literature on conflict prediction. It gives a historical overview, discusses major debates, and identifies the knowledge
gap in the literature. Chapter 3 presents the methods used in the study. It describes the data used, what operations
have been performed on the data, and what their structures are. It then outlines which algorithms are used, and how
they are used. Finally, it then portrays the way that the models created have been evaluated. Chapter 4 presents the
results of the predictive models, and analyses their performance. Here, the question of whether AED contributes to
modelling is evaluated, as well as what factors are most influential in prediction. Subsequently, Chapter 5 then
discusses the findings and their implications. It also mentions the limitations of the research and provides
recommendations for further research. Finally, the conclusions are presented in Chapter 6.
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Chapter 2: Literature review

2 LITERATURE REVIEW

A fundamental goal of peace research is to predict peace and conflict (D. Singer, 1973). This chapter provides a
review of the field of conflict prediction.

The chapter is organised as follows. First, a historical overview highlights the most consequential developments in
the field. Second, the role of prediction in the field is discussed. Third, the positions and challenges around the
fundamental predictability of conflict are discussed, before concluding by sculpting out the contributions of this
study within the niche of interstate conflict prediction.

This review aims to provide an overview of the field of conflict prediction. Additionally, there is a large literature on
the covariates and causal theories of the various types of conflict, but these are not in the scope of this review.

2.1 Conflict prediction: a historical perspective

There are several ways to treat the history of conflict prediction. This review uses the three generations in the field
as identified by Hegre et al. (2017).

The first generation of conflict prediction was inspired by the works of Wright (1942/1965) and Richardson
(1949/1960), who wrote sizeable studies dedicated to the systematic and statistical analysis of war. With his
statistical analysis of the phenomenon of war, and the international relations field in general, Wright confirmed
earlier ideas about conflict which had hitherto only been treated theoretically. Examples are that constitutional
government is more favourable to peace than absolutism, or that rules of war and of neutrality have no significant
effect in limiting war. Richardson, comparably, treated historical conflict in a mathematical manner. He found
amongst others that the relationship between the frequency and size of conflict, measured in the number of
casualties on a logarithmic scale, follows a Poisson distribution, with the smaller conflicts occurring much more
frequently than the larger ones. However, rather than with their exact findings, the works of Richardson and Wright
hold significance for the field of conflict prediction by being the first major statistical works on conflict, opening the
door for others to predict conflict based on empirical regularities.

Following this systematic approach, one of the earliest works that included a predictive component was a study of
the Vietnam war (Milstein, 1974). Using detailed data on troop numbers, abducted civilians, number of bombing
sorties, and more, Milstein used the outcomes of his statistical models in a simulation model with the aim of
predicting escalation in the war, depending on the policy choices that were made. The ultimate goal was to evaluate
what would have happened, would US policy have been more hawkish, or dovish during the war?. Simultaneously,
Choucri (1974, p. 80) started promoting forecasts of international relations, calling for systematic evaluations of the

2 The term hawkish refers to hardliners in foreign policy matters, while dovish refers to policy makers that are more
inclined towards cooperation.
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effects of current trends and different policy options, naming this the “forecaster's contribution to planning”. This
task was taken up amongst others by Azar et al. (1977), who predicted crises in the Middle East based on structural
data, but also on an early form of event data, finding that accurate predictions of crises could in principle be
possible. Later, Azar set up the COPDAB database as a template for curated and fine-grained event data (Azar,
1980). Another important project was the Correlates for War (CoW) project (Small & Singer, 1982), which aimed to
systematically collect data about variables theorised to be connected to conflict. One of the aims of the project was
to enable better models for conflict prediction (J. D. Singer & Wallace, 1979), and it became an important, if not the
most important source for conflict data in the ensuing decades.

Thus, the first generation of conflict prediction was inspired by the first major statistical works on conflict. It saw
the identification of its possible usefulness, and the start of data-collecting efforts aimed at facilitating this process.
Nevertheless, after these initial efforts, the interest in conflict prediction faded®. The years throughout the late 1970s
and early 80s reflected a pause in the field, until the next generation of conflict prediction gained popularity in the
1980s.

The second generation of conflict prediction was characterised by two main developments. These were the
introduction of game theory, and the use of econometric models, which went hand in hand with the further
development of event data. The introduction of game theory took place slightly earlier than the econometric strand
of work, and is presented first.

Game-theoretic models were pioneered by Bruce Bueno de Mesquita (1980, 1985). By eliciting information from
expert knowledge about system structure, actor preferences and their power, he was able to construct a simulation
model and make predictions with it. With these models, different aspects and theories of actor behaviour could be
tested in a simulated reality, and their predictions could be evaluated. Bueno de Mesquita’s models in the 1980s
focussed on the utility that actors expected to gain in a conflict, but later models included other aspects such as
coalition-forming or spatial effects in the context of European Union (EU) voting dynamics (Achen, 2006).

Second, new econometric approaches were introduced starting in the 90s, and being applied to many different
aspects of conflict prediction. The goal of these approaches was to make use of new methods and data available and
find relations between predictors and conflict data with the aim of extrapolating these relations into the future, as
well as analysing the relations by themselves. Before this time, many studies took the form of relatively simple
approaches, such as logistic regression, which remained popular during this period. Oneal and Russet (1997) used
pooled logistical regressions to test the notion of the liberal peace, finding support for the theory*. Another example
is Hegre (2008), who demonstrates with a logistical regression that more powerful states experience more conflict.
However, there were also more sophisticated econometric methods employed. A starting point was provided by
Schrodt, who first used classification trees and then neural networks to predict the outcomes of interstate conflict
(Schrodt, 1990, 1991). He found that both the trees and neural network performed better than the oft-used
discriminant analysis, but were equal to multinomial logit models. Subsequently, Beck et al. (2000) also used neural
networks to assess the effect of commonly theorised predictors of conflict where the ex ante probability of conflict is
high, showing the effectiveness of the method for the task. A few years later, Marwala and Lagazio (2004), used
Bayesian neural networks to predict the onset of militarized interstate disputes using four structural variables to
show the applicability of these methods to MID onset prediction. Somewhat later, they present a volume on the
various other computational techniques to model interstate conflict and how they may be used for early-warning
systems (Marwala & Lagazio, 2011). They find that these computational or econometric methods are a powerful
approach and they present support for a number of variables to influence interstate conflict, such as distance, relative
power and common alliances. Finally, Brandt and Freeman (2006) present further support for the use of Bayesian
methods by construing policy counterfactuals for the Israeli-Palestinian conflict using Bayesian time-series
modelling. The use of these methods® constituted an improvement over the first generation, but the second
generation was characterised by two more, interlinked, developments.

3 For a further review of forecasting studies of the first generation, see Choucri and Robinson ((1978), who wrote a
book containing a survey of the field, and also Singer & Wallace (1979) for a review of studies pertaining to early
warning indicators and forecasting methodology.

4 The term liberal peace is derived from classical liberal 19%™-century political thought and refers to the absence of
conflict in economically interdependent states. See Schneider et al. (Schneider et al., 2003) for a review of the
concept.

5 In the wider field of conflict studies, other quantitative studies without a focus on forecasting were also common.
Two famous examples are the civil war models by Laitin and Fearon (2003) and Collier and Hoeffler (2004).
However, these were sometimes used to form predictions still (Ward et al., 2010).
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The first of these was the initial development of automatically coded event data, responding to a need for more and
more fine-grained data in addition to the coarse aggregations of structural variables. In the early 90s, Philip Schrodt
and his team published the first automated event coding scheme, named the Kansas Event Data System (KEDS)
(Schrodt et al., 1994; Gerner et al., 1994). Previously, graduate students created event data by manually filling in
coding schemes, but KEDS automatically transformed Reuters news headlines into data points. Now, for the first
time, automated coding could drastically increase the volume and coverage of the event data. Later projects in the
2000s would build on this innovation, by expanding in languages and news outlets covered, as well as increasing the
volume of the data (Schrodt & Yonamine, 2016).° Finally, even though the development of the coding schemes
above was a welcome start, the demand for spatio-temporally disaggregated data was still increasing (Cederman &
Gleditsch, 2009; Weidmann & Ward, 2010), even more so since Schrodt and Gerner (2000) had demonstrated that
disaggregated event data could help form early warning indicators.

In conclusion, the second generation of conflict prediction had delivered a new game-theoretic approach, more
sophisticated methods, and the initial stages of automated event data. And although the field was able to identify
conflict risk, the exact onset of conflict remained a challenge.

The third generation of conflict prediction, starting in the late 2000s, is characterised by three developments. First,
the policy community took further interest in the field, second, the development and use of spatio-temporally
disaggregated data advanced significantly, and third, prediction entered mainstream political science.

The promise of conflict prediction to forecast instances of political violence resulted in an increased interest from
the policy community in the 2000s. The first major effort was the Political Instability Task Force, which was a CIA -
sponsored attempt to globally predict political instability at the country level with a two-year lead time. The project
was novel in its scope and ambition, eventually achieving 80% accuracy on political violence onsets over the period
1955 to 2003 (Goldstone et al., 2010). Another notable collaboration between government and academia was the
Integrated Crisis Early Warning System (ICEWS) project, which also presented an improvement in the use of
disaggregated event data (O’Brien, 2010). Sponsored by the Defense Advanced Research Project Agency (DARPA),
the project combined two modelling efforts. In the first place, ICEWS made extensive use of natural language
processing to extract events from news sources worldwide, but more importantly, a suite of predictive models was
built based on this and other data streams. The predictions of these models were combined via Ensemble Bayesian
Model Averaging, allowing different modelling efforts to combine their insights (Montgomery et al., 2012). Thus,
the ICEWS project presented a step forward in using AED and model ensembles. Other studies moving away from
the yearly format were Ward et al. (2013), who predicted political violence onsets on a monthly basis, as well as
Scharpf et al. (2014), who predicted daily risk estimations of massacres in the Syrian civil war.

In the ensuing years, leading up to the present, predictive efforts have proliferated. Various efforts have focussed on
early-warning indicators (Blair et al., 2017)), civil war (Chiba & Gleditsch, 2017; Daxecker & Prins, 2017), and
geographically disaggregated forecasts (Witmer et al., 2017). Especially notable is the iterative effort of the ViEWS
project ((Hegre, Bell, et al., 2021; Hegre et al., 2019; Hegre, Nygard, et al., 2021)), focussing on conflict in Africa,
and using different constituent models and different units of analysis to accurately predict the onset of state-based
conflict, as well as its location, setting the benchmark for other studies (Brandt et al., 2022).

The acceptance of prediction into mainstream peace research that characterises the third generation of conflict
prediction was greatly aided by Ward, Greenhill & Bakke (2010), who made the case that prediction is a better
evaluation of theory than the then-usual description of statistical significance (Schneider et al., 2011). This debate is
further explored in the next section.

¢ Subsequent projects are the Protocol for Nonviolent Direct Action (PANDA), and the Integrated Data for Events
Analysis (IDEA) scheme built on top of it (Bond et al., 2003). Additionally, the Textual Analysis by Augmented
Replacement Instructions (TABARI) coder, which is based on the KEDS scheme, allows coding from languages
other than English by automatic translation (Schrodt, 2001). Finally, the Conflict and Mediation Event Observations
(CAMEO) coding scheme (Gerner et al., 2002) contains a very elaborate event ontology and is the codebook for the
ICEWS project data used in this study.
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2.2 What role should prediction play in conflict research?

The role of prediction today is twofold (Hegre et al., 2017). The first is to provide timely warnings about events
taking place in the world, so that policy makers may act on it (Harff, 2003). The second is as a tool of theory
evaluation.

However, evaluating predictive power has become a mainstream test for theoretical models only comparatively
recently. Traditionally, theory evaluation had been the domain of statistical significance, p-values, and of case-
studies. Although basing confidence in a model’s explanatory power on the statistical significance of its variables
runs the risk of identifying significant, but small and sometimes irrelevant causal relations, this has been an
important test of theoretical validity in the field of conflict studies for decades. Ward (2010) made the case that this
approach was inferior to evaluating predictive power by demonstrating that two famous models of civil war did not
predict better than a single-variable baseline model when their two most important predictors were deleted from the
model, even though many statistically significant variables remained. Thus, prediction provides a valuable addition
to significance hypothesis testing for testing theories rigorously against real-world behaviour (Ward, 2016). It
should be noted however, that prediction should not be the only evaluator of theory. Some processes are highly path-
dependent and can typically only be explained ex post, such as evolutionary processes in nature (Cederman and
Weidmann, 2017).

2.3 Prediction in interstate conflict

Up until this point, this review has treated the field of conflict prediction as pertaining to the same predicted
outcome. However, this specific study aims to make a contribution in the prediction of interstate conflict. A
separation can be made between intrastate, and interstate conflict. The former includes civil wars, coups, violent
government crackdowns, genocides and more, whereas the latter refers to violence between the representatives of
two nation states. Of the two, intrastate conflict has received more attention. The reason for this is that there are
more data points available in the historical record for instances of intrastate violence. Coups, civil wars, and
politicides are more frequent than interstate violent conflict. The VIEWS project, for example, makes predictions of
intrastate conflict, bringing interstate conflict under the category of state-based conflict (Hegre, Bell, et al., 2021),
due to their use of the UCDP data which does not collect data on interstate conflict specifically (Sundberg &
Melander, 2013). Thus, interstate conflict prediction is an under researched area where implementing the notions of
progress in intrastate conflict prediction could lead to better prediction outcomes.

Within the prediction of interstate conflict, two questions have been long-standing research aims. The first relates to
the predictability of the onset of a conflict between two states, and the second relates to the exact timing of
escalation within such a conflict. Additionally, both in intrastate and interstate conflict prediction, researchers have
struggled with the problem of including temporally and spatially disaggregated dynamics into their models. The use
of structural variables, which change only slowly, has been the main approach to prediction, but these variables do
not allow disaggregated dynamics to be included. Various types of data have been used to resolve this information
problem, among which AED and event data in general. While intrastate conflict prediction has made significant
progress in using disaggregated data’, less headway has been made in interstate conflict prediction regarding this
topic. The following paragraphs will detail the state-of-the art of interstate conflict prediction, with a focus on the
inclusion of disaggregated data.

Studies into conflict onset were carried out using various types of data inputs. Some used machine learning
techniques on structural variables (Beck et al., 2000; K. S. Gleditsch & Ward, 2013; Williford & Atkinson, 2019), or
on financial data (Chadefaux, 2017a). Chadefaux (2014) used a form of AED in the shape of news counts to predict
interstate war onsets with reasonable accuracy. The best performance for global models of conflict onset, at the
yearly level, is represented by Williford and Atkinson (2019), who use a Bayesian forecasting model to achieve an
accuracy of 80 per cent at predicted onsets, although at the cost of many falsely predicted conflict onsets. Progress
in this matter has been slow however, due to the small number of conflict onsets compared to the instances of peace.
Other studies have thus focussed on the concept of conflict occurrence first, as its instances are more numerous than
conflict onsets. Two attempts by Marwala and Lagazio (2004, 2011) using various computational techniques, such

7 For intrastate conflict prediction using disaggregated data, see Hegre et al. (2021), Chadefaux (2022), Brandt et al.
(2022), and Vesco et al. (2022) as notable examples.
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as Bayesian neural networks and genetic algorithms. They were followed by Stodola et al. (2021), who improved
their scores for conflict occurrence using the random forest algorithm.

Finally, the prediction of escalation within a conflict presents another problem. A main difficulty is the scarcity of
data on intra-conflict dynamics on a global scale, which is necessary to this end. Additionally, Braitwaite and Lemke
(2011) noted that there is no consensus concerning a measure of conflict escalation, as well as few robust relations
across different measures. Henrickson (2020) did construct a prediction of the number of battle-deaths intended to
further research into the bargaining theory of war, but which may be used as an ex ante expectation of interstate
escalation when forecasted. Nevertheless, there are no studies predicting interstate conflict escalation on a global
scale to this date.

In conclusion, no study has been undertaken to combine AED with structural data to predict all problems of
interstate conflict occurrence, onset, and escalation. Chadefaux (2014) included interstate wars, but no interstate
conflicts below the 1000 battle-deaths threshold. Thus, the usefulness of AED in interstate conflict prediction
requires further research. This study will contribute to that knowledge gap by testing whether including AED in
structural models for interstate conflict occurrence, onset, and escalation can increase the models’ performance.
Finally, the second contribution this study makes is assessing the possibility of predicting interstate conflict at the
monthly level, as current efforts are focussed on the yearly level.

2.4 Can conflict be predicted?

Although conflict prediction in general has made significant steps forward, the question whether conflict can be
predicted remains an open question. This section will present a rationale for the endeavour of conflict prediction, as
well as the fundamental issues in conflict forecasting. It concludes by providing an overview of characterisations of
the nature of conflict.

Whether conflict is inherently predictable or not, has sparked much debate. As illustrated by Tetlock (2005/2017),
experts in political science have a poor track record of predicting political events. For some, this indicated that at its
very core “research aimed at political prediction is doomed to fail. At least if the idea is to predict more accurately
than a dart-throwing chimp” (Stephens, 2012, para. 10). Responding to Stephens however, Hegre et al. (2017)
pointed to improvements in data, methods and theory that may eventually allow policy relevant predictions. This
lack of past predictive performance is not a call for abandoning prediction for Ward, Greenhill & Bakke (2010), firm
proponents of prediction methods. They build a case for a more formalised prediction procedure for theory
evaluation, noting a lack of predictive power of current models. Even though doubts persist on the predictability of
conflict, it is nevertheless worthy of pursuit, as Jay Ulfelder (2014, para. 4) put it into words: “ I land on a pragmatic
rationale for emphasizing prediction as a means of validation: it works better than the alternatives”.

Nevertheless, four fundamental issues make conflict prediction particularly challenging. First, the structure of the
international system is not set in stone, but is constantly evolving. This has two implications. The first is more
pragmatic, being that a changing structure changes the setups of most predictive studies, who are based on a fixed
geopolitical structure (Cederman & Weidmann, 2017). For example, no model created and trained during the
existence of the Soviet Union and treating it as a single country could have predicted a war between Russia and
Ukraine, simply because it could not conceive of those entities. Second, beyond changes to the international state
system, state behaviours themselves may change drastically, rendering relations learned before that shift less useful
(Chadefaux, 2017b). For example, the creation of atomic weapons fundamentally altered the calculus to go to war
with an equally armed opponent. Changes such as these alter a models outcomes drastically. The second
fundamental issue is data quality. Timing and location of conflict are prone to measurement error, as are the
variables used to predict conflict (Cederman & Weidmann, 2017; Chadefaux, 2017b). Third, as Cederman and
Weidmann (2017) note, conflict is inherently complex and is an environment with strategic actors. Actors change
their behaviour based on their perception of the future, meaning that forecasting models could disturb the relations
they themselves have found when their insights are put to use. Chadefaux (2017) adds to this that states employ
mixed strategies in their behaviour to prevent predictability of their actions, thus purposefully distorting any
relations found in historical data.

Next to the challenges in conflict prediction, the very nature of conflict itself is not clear. Conflicts may ultimately
be predictable, regular occurrences, such as the behaviour displayed by clocks. Otherwise, they may be disorderly
phenomena, irregular and “more or less unpredictable”®, while we can still learn about the underlying probability
distributions (Chadefaux, 2017). Another possibility is that it not only is conflict unpredictable, but that the factors
on which its probability would depend also are unknown. In this case, conflict would be a black swan (Taleb, 2007).

8 For the concepts of clocks and clouds referred to, see Popper (1979).
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Chadefaux (2017) outlines several approaches to finding out that question, mainly by carefully examining past and
current predictive performance, where a plateauing discipline might point to fundamental limits. Some nuance is
provided by Gleditsch (2017), who warns of excessive focus on unpredictable black swans, and focussing on more
regular white swans®, providing the valuable notion that not all conflicts are equal in nature. As such, many studies
continue predictive efforts and keeping track of progress can allow us to discern whether conflict ultimately is a
predictable phenomenon.

%1In his study, he refers to white swans as having “many regularities in their behaviour or whereabouts at specific
time points” (K. S. Gleditsch, 2017, p. 1).
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3 METHODOLOGY

The methodology chapter presents the details of the methods used. It first lists the types of data and how they have
been used in the study in the Data section. Appendix A. Data is an addition to this section. Subsequently, the
modelling process is introduced in the Modelling and Prediction section, going into detail of the logic behind the
model selection, hyperparameter tuning and model evaluation.

3.1 Data
3.1.1 Data structure

The research design is centred around the non-directed dyad month as the unit of analysis. A dyad is a pair of
countries. To account for various different points in time, a dyad can be transformed into a dyad month, which refers
to a specific month on a specific dyad. An example would be France — Belgium, March 1998. Non-directed then
refers to the fact that there is no directionality in the unit of analysis. Directed dyads would be France — Belgium,
and conversely, Belgium — France. Instead, a non-directed dyad solely refers to a combination France — Belgium.
This format aggregates directional aspects, such as who-did-what, into dyadic aspects. The main reason for choosing
undirected above directed dyads, is that disaggregating dyadic data into directed dyads at a monthly level would
make the data even more sparse than it would be at an undirected level. This paucity of data would make prediction
in an already data-poor environment even more difficult.

The dyads, or country pairs, form a new data point for every month. This is done on a global scale, for 187 states, in
the period 1995 — 2014. The time period is mandated by the time limits of the available data. The result is a raw
dataset structure of 4,173,840 dyad months.

The input data for prediction come in two flavours. Eleven features are made up by operationalising structural
variables, variables that do not change a lot in a short time span, and that set the conditions for potential conflict.
The second data stream consists of automated event data, which automatically codes news events from all around
the world. The idea under review is that conflicts are in large part caused by dynamic triggers, which cannot easily
be measured with structural variables. The main question in this study is whether automatic event data can catch
these dynamic processes and improve upon existing models of interstate conflict prediction.

3.1.1.1 On using all possible dyads

The final dataset contains all possible dyad months in the period 1995-2014, their structural features, and the event
counts of the events happening on those dyads. The total number of rows is larger than four million, the
overwhelming majority of which are populated by peaceful dyads. Additionally, these dyads may not even interact
much, thus making them unlikely to experience conflict in the first place. Some studies choose to model using only

11
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a subset of “politically relevant dyads’ (Stodola et al., 2021), as to increase the ratio of relevant to irrelevant cases, or
decrease the need for data collection. The latter reason is not applicable to this study, which uses available global
data, but the former is.

Nonetheless, using only politically relevant dyads has three drawbacks. First, any conflict episodes outside of the
politically relevant dyads will not be included in the training set. Subsequently, the model will find it difficult to
predict those cases, given that may not have seen a similar conflict in its training data. Second, including only
politically relevant dyads invites selection bias into the results regarding which features are the most influential
predictors. Although this has been found not to constitute a major problem for well-researched correlates of conflict
(Lemke & Reed, 2001), if it can be avoided, then that would be an advantage. And finally, even with the politically
relevant dyads, further measures would have to be taken to deal with class imbalance within the targets’ classes.

3.1.2 Sorts of data

3.1.2.1 Target variables

The variables to be predicted are commonly referred to in the machine learning field as targets, while the predicting
variables are known as features. This mirrors the statistical terminology of dependent and independent variables, or
the terms input and output variables associated with models. In essence, all refer to the same concept of input
variables that are able to say something about the variable of interest.

In this project, the main interest lies with predicting the 1) onset and 2) escalation of interstate conflict. These are
operationalised in two separate target variables. Additionally, 3) the occurrence of conflict is included as another
target variable. This is to better ground the model in existing literature, where occurrence, not onset, is traditionally
the variable of interest. This traditional focus, however, is not due to lack of theorical or empirical interest in the
onset of conflict, but rather to the larger volume of historical conflict occurrence cases. After all, a single conflict
onset can embody many yearly or monthly conflict occurrence cases.

These three target variables then need to be sourced from a dataset on historical conflict. There are a multitude of
conflict datasets available, each with their own focus and coding decisions. Consequently, choice for a data source is
project specific. The conditions and criteria for this choice are as follows.

i.  Must explicitly code for interstate conflict

ii. Must allow for disaggregation at the level of the dyad month

iii. Must offer a way to construct a measure of escalation

iv. Contain as many conflict episodes as possible

v. Must be global and extend for as much time as possible after 1995

In the end, the MID Dyadic Dataset best meets all demands, and thus was the dataset chosen. It runs from 1816 to
2014 and captures MIDs. For an overview of the datasets considered, see Appendix A. Data.

The target variables are then operationalised as follows. Occurrence is coded 1 when two states are involved in an
MID in any given month. Onset is also coded on a binary level, with the starting month of a new MID being the
positive case. The operationalisation of the escalation target variable deserves more detail, which is examined in the
section below.

To get a better intuition about the target variable, occurrence of conflict in this case, Figure 3-1 presents the number
of dyads that experienced an MID in any given year. It is interesting to see large fluctuations, even outside of both
World Wars. Note however, that this study does not account for the temporal structure between the units of analysis,
the dyad months. The effect of time is accounted for, however, in the feature Dyadic peace years (see the following
section), and by lagging the event features by a month.

No. of dyads experiencing an MID (1816-2014) et | . No. of dyads experiencing an MID (1995-2014)
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Figure 3-1. MIDs through time

Operationalising escalation

There is no agreed upon measure for escalation in the conflict studies literature (Braithwaite & Lemke, 2011;
Terechshenko, 2020), although there are recurring elements, such as thresholds for numbers of fatalities, the use of
force, and reciprocal or unilateral actions. Apart from hampering progress in research on escalation processes due to
incomparability, this also means that this project must make its own decision regarding an escalation measure.

The most-used measure in the field is the hostility variable by the CoW Project (Jones et al., 1996). It recognizes
five ordinal categories. The absence of militarised action, the threat to use force, the display of force, the actual use
of force, and interstate war, where participants must suffer at least 100 battle-deaths, and deploy at least 1000 troops
in battle. This ordinal scale however, is criticised due to a lack of scientific evidence. For example, is a show of
force more hostile than a threat to declare war (Diehl & Goertz, 2000; Maoz, 1982)?

We compare the CoW measure with two other measures that tweak this operationalisation. First, Braithwaite &
Lemke (2011) test commonly used predicting variables with several different measures of escalation. They look at
escalation first by seeing whether any force was used, then by whether any actions taken were reciprocated, or
finally by noting the level of fatalities (0, 250, 1000). Second, Bennet and Stam (2004) collapse the divide between
threats and displays, and distinguish between one-sided, or reciprocated use of force. An overview of the options
considered is presented in Table 3-1.

For the purposes of machine learning, it is important that the various classes contain enough cases, preferably evenly
spread. Additionally, the more granular the measure, the more precise predictions can be made. Based on these
considerations, an alternative measure is used, that distinguishes between threats, displays, one-sided and
reciprocated use of force, but not between different fatality levels. Thus, escalation is coded on an ordinal scale,
where 0 means no militarised action, 1 a threat to use force, 2 a display of force, 3 a one-sided use of force, 4 a
reciprocated use of force, 5 interstate war. Note that this ordinality is a rough measure, which is not to be used for
assessing theoretical claims on escalation processes, but which is useful for our predictive purposes.

Table 3-1 Options for operationalisation escalation
(undirected dyadic MIDs, relevant states only, 1995-2014)

A. CoW B. Braithwaite & Lemke |C. Bennet & Stam D. Operationalisation used
1 No MID many No MID many 1 No MID many |1 No MID many
2 Threat 43 Use of force 610 2 No UoF 486 2 Threat 43
3 Display 443 Reciprocated 323 3 One-sided UoF 333 3 Display 443
4 Use of force 610 Fatality level: 4 Reciprocated UoF 277 3 One-sided UoF 333
5 War 46 0 960 5 War 46 4 Reciprocated UoF 277
0-249 89 5 War 26
250-999 8
1000+ 28
Total 1142 1142 1142

The escalation operationalisation has an important consequence for the precision with which the models can predict
escalation in time. In the CoW data, escalation is measured at the dispute level. The variable hihost indicates the
highest level of hostility experienced during the entire dispute. As such, the algorithms can only predict the highest
level of hostility experienced during a dispute, not the course of hostility levels throughout it. A hypothetical
conflict illustrates the concept in Figure 3-2.
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Figure 3-2. Escalation levels during an eight-month conflict

When transformed into a dyad month format, the target variables’ class distributions become rather imbalanced, as
can be seen in Table 3-2. This dataset is then undersampled with a 1:1 Occurrence — No occurrence ratio, which is
detailed in subsection 3.1.3.

Table 3-2. Distribution of classes, raw data

Occurrence Onset Escalation
0 4168944 0 4173007 0 (no MID) 4168944
1 4896 1 833 1 (threat to use force) 153

2 (display of force) 1263

3 (one-sided use of force) 1292

4 (reciprocated use of force) 1824

5 (interstate war) 364
Total 4173840 4173840 4173840
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3.1.2.2 Structural variables

Structural variables refer to slow-changing variables that shape the conditions in which conflict may or may not
erupt. Traditionally, it has been a focus of academics in conflict research to disentangle the processes leading to
conflict and conflict escalation by carefully examining any statistically significant effects these structural variables
have on the variables of interest. As such, they also formed the starting point for predictive studies, since a wealth of
theoretical links and carefully crafted datasets were already available.

In this study, eleven input variables are included, as presented in Table 3-3. They were selected based on theoretical
links with the processes of conflict onset and escalation, and all take the shape of the dyad month. For a detailed
background on arguments for inclusion and specific operationalisation, see Appendix A.

Table 3-3 Overview structural variables

Variable

Operationalisation

Data source

Political

Security

Geographical

Existing rivalries

Joint democracy

Major power

Alliance (broad)
Alliance (defence pact)

Nuclear weapons (both)

Nuclear weapons (one)

Dyadic peace years

Contiguity
Distance

Regions

1 if two states see each other as a significant threat,
else 0

1 if two states score 6 or higher on the 0-10 Polity
democracy scale, else 0

1 if one state is classified a major power, else 0

1 if a any military alliance exists on the dyad, else 0

1 if a defence pact exists on the dyad, else 0

1 if both dyad states possess nuclear weapons, and 0
otherwise

1 if only one dyad state possesses nuclear weapons,
and 0 otherwise

The number of years since the dyad was last
involved in an MID

1 if contiguous on land, or separated by less than 24
miles of water, 0 otherwise

Distance between the dyad capitals in kilometres

1 when both states are in the same region, and 0
otherwise

Thompson rivalry dataset,
v2022

Polity5 Project

CoW State System
Membership dataset,
v2016

CoW Formal Alliances v4.1
CoW Formal Alliances v4.1
Nuclear Weapons - Our
World in Data

Nuclear Weapons - Our
World in Data

CoW MID Dataset

CoW Direct Contiguity v3.2
EUGene
World Bank

Measured with Pearson’s correlation coefficient (Pearson’s r), the structural variables sampled in the modelling
dataset show quite some correlation between them, as is shown in the matrix below. This will create difficulties for
using linear models for prediction, as is explained further in the Modelling and prediction section. Nevertheless,
these correlations are expected due to the concepts the variables reflect.
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Figure 3-3. Correlation matrix structural variables (Pearson’s r)
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First, the alliance variables are positively correlated. This is due to the fact that the broad alliance variable is
essentially a container for the narrow alliance variable. All alliances that are defence alliances also belong to the
category any type of alliance. Second, the contiguity and distance between countries are negatively correlated, as
well as distance and being in the same region. This is because all three in essence measure the concept of
geographical proximity, but by focussing on different aspects. It is therefore not surprising that they are related.
Furthermore, the cluster of geographic variables shows some weak correlation with the alliance and rivalry
variables. This also is not surprising. The farther two countries are apart, the less incentive they have to cooperate
against a common foe, and also the less interactions there are that could make for a long-standing rivalry. Fourth,
possessing nuclear weapons is moderately correlated with being a major power, which is logical, since it is great
powers that can afford, and could afford in the past, the costs of development and maintenance of nuclear weapons,
and that possess the technical capabilities for such an endeavour. Conversely, possessing nuclear weapons increases
a state’s power, contributing to a major power status. It is also due to non-proliferation of nuclear weapons, which
has prevented non-major powers from acquiring nuclear weapons.

A note on dyadic operationalisation

A key component of the research design is the dyad month as the unit of analysis. For monadic variables, such as
economic size, or the number of military conflicts in a nation’s recent history, this means that they must be
formulated alternatively.

Sometimes, a monadic variable can be converted to a dyadic format with ease, e.g., the presence of a major power in
a country-pair. Sometimes however, it is difficult to operationalise a monadic variable dyadically, without losing
information regarding the theorised relation to conflict onset and escalation, or even to operationalise it at all. For
example, when we want to account for the possible effect a nation’s wealth has on its conflict behaviour, we could
use GDP as a continuous variable in a monadic setting, but would have to resort to an artificial construct in a dyadic
format, such as taking only the highest or lowest GDP of the pair, or averaging them out, losing information in the
process.

3.1.2.3 Automatic event data

The other stream of input data is automated event data. Event data are data that captures something happening
somewhere in the world, such as a protest, or an election. These data can be manually collected, as has been the case
for many conflict datasets, for example the COPDAB dataset (Azar, 1980). However, due to internet news articles,
and advances in natural language processing, some projects have automated the collection process of these data,
resulting in large swaths of data capturing things happening around the world. These data are called automatic event
data. The main goal of these data programs is to capture social dynamics.

At this point in time, the most prominent AED projects are ICEWS and the Global Database of Events, Language,
and Tone (GDELT). ICEWS was created as an early-warning system for US Pacific Command, but the data now
stretch globally global and are available on a weekly basis (O’Brien, 2010). ICEWS data stretch back to 1995.

GDELT is a competitor to ICEWS, and its data stretch back to 1979, giving it an edge over ICEWS. However, it has
been revealed that GDELT data were at least in part fraudulently acquired (Leetaru v. Board Of Trustees of the
University Of Illinois, And Guenther, 2013), which damaged the reputation of the quality of the GDELT project. For
this reason, ICEWS is the source used in this project. ICEWS data are available from 1995 onwards, limiting this
project’s time period to 1995 —2014.

Operationalisation and data remarks

The ICEWS data, using the CAMEO coding scheme, distinguish 268 types of events, spread across all categories of
international interaction. Examples are ‘Express intent to cooperate’, or ‘Criticize or denounce’, or even explicitly
violent actions such as ‘Use conventional military force’. The typical format of these data is in the shape ‘actor A
does action X to actor B at time T’. These events were filtered for the time period 1995-2014, for dyadic events,
excluding purely domestic affairs, and for relevant countries. Subsequently, they were transformed from the original
format into a count of events, of a specific category, on a specific dyad month. Aggregation of some sorts of the
individual events is a necessity, since the automatically collected and coded data contain many inaccurately coded
data points (Arva et al., 2013; Douglass et al., 2022).

After filtering, 6,233,223 of the original 14,272,027 events remain. These are good for events on 12,226 dyads, or
70.3% of all possible dyads. However, when we turn to dyad months, the canvas shows a lot more blank space.
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Multiplying all 17391 dyads with 240 months amounts to a total of around 4 million possible dyad months. Of these,
only 9.7% contain an event. This is not surprising however, since the vast majority of dyads do not interact
meaningfully at all.

These event counts were then lagged by one month, since the purpose of the model is to contribute to early action,
and must thus be trained on the relations between the events happening in one month, and the status of conflict a
month later. Eventually, in the final modelling dataset, 4749 out of 9736, or 48.8%, of dyad months contain any
events. Of these, 4297 also experienced conflict. Here it can be seen that the event data do in fact reflect at least
some real-world activity.

Memory issues

The size of some objects in the data manipulation notebooks is substantial and can cause out-of-memory issues.
Although careful choice and design of computations could partially mitigate speed and memory issues, the largest
object comes in at around 8.5 GB of memory space, requiring a prohibitive amount of memory space for various
computations. This object is a dataframe containing all dyad months (around 4 million), and all assigned event
counts (269). To overcome this, Dask was used. Dask is a Python library built on Pandas and offers a similar APL
Unlike Python, it allows dataframes to be partitioned and live on-disk, instead of in-memory. Sometimes, this results
in longer operation times. However, Dask also offers parallel processing, so when available, this enables significant
speed-ups compared to Pandas. The main reason for using Dask however, is its ability to handle data larger than
memory.

Using Dask, combined with a 12-node server with approximately 79 GB of free memory space, was enough for the
necessary computations in data manipulation and modelling.

3.1.3 Modelling dataset

The final modelling dataset is undersampled from the entire population of dyad months, so that the modelling
dataset has a 1:1 ratio of cases of conflict and peace. This is to prevent severe class imbalance, and to improve
performance. Nevertheless, substantial class imbalances remain for the onset and escalation target variables. The
result is a modelling dataset of 9736 rows and 279 features, divided over 11 structural features, and 268 event count
features.

Table 3-4. Distribution of classes, modelling dataset

Occurrence Onset Escalation

0 4868 0 8906 0 (no MID) 4848

1 4868 1 830 1 (threat to use force) 153
2 (display of force) 1258
3 (one-sided use of force) 1280
4 (reciprocated use of force) 1813
5 (interstate war) 364

Total 9736 9736 9736

3.1.3.1 Related features

Whether or not there are relations among the features influences the choice for algorithms, mostly because it
complicates interpretability. When variables are related, interpreting the specific contribution of a feature becomes
more difficult, since features can share an effect on the target variable. How to deal with related features in
interpretation can depend on the algorithm used, therefore we examine whether there are relations in the feature
space, and whether they should influence the model selection.

There are many different approaches to measure relations between variables. One family of approaches consists of
pairwise correlations. Within this group, there are different measures, and which one is most suitable depends on the
variables’ data type. Since the overwhelming majority of the features is continuous (270 out of 279), and checking
assumptions for linearity and homoscedasticity for all pairs is unfeasible, Spearman’s rank correlation (p) is used,
which does not depend on those assumptions. Spearman’s p measures the strength and direction of a monotonic
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relation. In a monotonic relation, when one variable changes, the other variable changes in the same or opposite
direction, but the direction must remain constant. To sum up, Spearman’s pairwise rank correlation is used to
indicate the presence or absence of inter-feature relations.

Figure 3-4 presents the correlation matrix for all features. The measure varies between -1 and 1. In the positive case,
it is considered weak between 0 and 0.39, moderate between 0.4 and 0.59, strong between 0.6 and 0.79, and very
strong between 0.8 and 1, and in the negative case, vice versa. Due to the size of the feature space, only around a
third of the labels are printed, and for the event features, not their names, but their CAMEO codes are printed, so to
prevent lengthy descriptive labels. Finally, the dull grey stripes refer to the nineteen features that do not contain any
event counts in the undersampled dataset, which is the one used for modelling.
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Figure 3-4. Correlation matrix (Spearman’s p)

In the matrix, a few observations are noteworthy. First, one can clearly recognise the eleven structural variables
showing some correlation among each other in the upper-left corner, as in Figure 3-3. Secondly, there are several
smaller clusters, or spots, of correlated event count features. This is not surprising, since the events are thematically
clustered in the CAMEO coding scheme (Schrodt, 2012). For example, the codes 40 to 46 all refer to some type of
consulting between two parties, such as ‘Discuss by telephone’ (41), or ‘Meet at a third location’ (44). It seems
likely that some event types refer to same processes taking place, and are thus correlated. Finally, we can see some
individual bright spots, indicating strong correlations, for example around 860 and around 80. In conclusion, while
the overwhelming majority of features does not show strong correlations, there are some bivariate correlations.

The correlation matrix above presents all bivariate correlations. However, since we can identify several smaller
clusters in the matrix, it is likely that there are correlations between multiple features as well. This condition is
called multicollinearity. Because of the clusters, and since it is good practice, we test for multicollinearity. We do

this by calculating the variance inflation score (VIF) for each feature. The VIF is calculated by regressing a feature
against the other features. The VIF is then #, where R? is the R-squared score of the ordinary least squares
regression using all other features as input. The VIF scores vary between 1, which indicates no correlation with the

rest of the features, to infinity, which signals perfect correlation. Any value above 5 is an indication that
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multicollinearity is present, and above 10 is definitely problematic. Finally, unlike Spearman’s p, the VIF scores rely
on linear regression, so it might miss related features that have nonlinear relations. This is not a grave problem,
however, since the goal is not statistical scrutiny of the input variables, only to assess whether inter-feature relations
exist.

Table 3-5 present the ten highest VIF scores. Indeed, we can see that a decent number of features show
multicollinearity, with the top eight showing near-perfect collinearity with the rest of the feature space. In total, 37
features have a higher multicollinearity than 5, and 15 have a higher score than 10. The entire list of VIF scores
higher than 5 is presented in Appendix A. Data.

Table 3-5. Top ten VIF scores

CAMEO Feature Variance inflation factor
number

252 Appeal for easing of political dissent o0

83 Accede to requests or demands for political reform o0

43 Host a visit 20620.82
42 Make a visit 20586.02
74 Provide military protection or peacekeeping 390.01
861 Receive deployment of peacekeepers 389.97
872 Ease military blockade 341.84
140 Engage in political dissent 316.07
190 Use conventional military force 32.27

10 Make statement 19.51

In conclusion, we can state with confidence that there are relations between the features. Both the bivariate
correlations, as well as the VIF scores show this

3.1.4 Summary data subsection

The data subsection presented the argumentation behind the most influential choices in data collection and data
preparation. The dyad month is the unit of analysis, and the features are operationalised dyadically. Furthermore,
both structural variables and event counts are used to predict on three different target variables, conflict occurrence,
onset and escalation. The former two are binary, and the latter is categorical. The final classes are balanced for
occurrence, severely imbalanced for onset, and quite imbalanced for conflict escalation. Additionally, there are
correlations and multicollinearity in the feature space.

For further details, the reader is referred to Appendix A. Data. This appendix presents the logic behind the choice for
the CoW MID dataset as the unit of analysis, as well as an in-depth overview of the theoretical links between the
target variables and the input variables. The appendix also explains the operationalisation of the input variables in
further detail, and provides a list of VIF scores higher than 5.
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3.2 Modelling and prediction

The modelling task is a binary classification problem for occurrence and onset, and a multiclass classification for the
ordinal escalation target variable. Classification means that models trained on the data predict the classes of a new
data point by evaluating whether the calculated probability is above or under a threshold for class inclusion. The
next subsection will explain the demands classification algorithms must meet to be of use. Subsequently, the
machine learning pipeline is detailed in the following subsection. Finally, the criteria on which the models are
evaluated are presented in the last subsection.

3.2.1 Model selection

The algorithms to be used must meet some project-specific demands.

i.  The model results must be interpretable. It must be clear to some extent which features are important.

ii. The algorithm must be able to predict well on nonlinear relations. It is unknown whether these exist
between the features and the target variables, but due to the size of the feature space (278), it is to be
expected.

iii. The algorithm must be able to handle a high dimensionality. The feature space (278) is rather large for the
number of cases (9736).

iv. The algorithm must be able to handle imbalanced data.

Demands iii and iv lead us to algorithms that are good at finding nonlinearities in large feature spaces. This is a
typical strength of tree-based ensemble methods, but not of linear models. Furthermore, correlation between features
does not invalidate the interpretability of tree-based ensemble model results as much as in linear models!®. Demand
iv rejects the use of KNN-like methods, and demand i for interpretability rejects the use of artificial neural nets,
which would make a good fit were it not for this demand. In conclusion, tree-based ensemble methods are the best
for this task. Within this category, random forest and eXtreme Gradient Boosting (XGBoost) provide two state-of-
the-art methods that are well-implemented in machine learning for the Python language. These are the algorithms
that will be used.

3.2.1.1 Random forest

Random forests (RF) are an ensemble technique based on decision trees. It was formalised in an influential paper by
Breiman (Breiman, 2001) and has since become a very popular algorithm, used across many different fields (Kamiri
& Mariga, 2021).

In a random forest, individual trees are built on different subsets of the training data. These subsets are created by
bootstrapping the data, which is taking random samples with replacement. Additionally, each tree is built on only a
random subset of features. This is to prevent a tree from using the same variable to make splits over and over again.
Subsequently, the separate trees each make a prediction on a new data point. By way of majority voting, the forest
of trees decides on the prediction. The combination of bootstrapping and aggregating votes is known as bagging.

10 The fact that linear models have such limitations does not mean they have not been extensively used in the field of
quantitative political studies (Schrodt, 2014).
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3.2.1.2 XGBoost

Similar to random forest, XGBoost is a tree ensemble method, although the algorithms do have differences, as will
be explained further down this section. XGBoost stands for Extreme Gradient Boosting, and is an implementation of
the gradient boosting algorithm. The implementation is designed to be efficient and flexible, which greatly
contributes to its popularity. It is more recent than random forest, and has become the learner of choice in a variety
of applications (Chen & Guestrin, 2016).

The gradient boosting algorithm, also known as gradient tree boosting, is a form of boosting. In boosting, a
combination of sequential weak learners is used to make a prediction. A weak learner is a model that is only slightly
more accurate than random chance (Rokach, 2009, p. 21). The first successful boosting algorithm was AdaBoost,
which was introduced by Freund et al. (Freund & Schapire, 1996) and Freund and Schapire (1997). The algorithm
uses decision trees as weak learners. Each tree adapts to the mistakes made by the tree before it. It does so by
assigning more weight to the samples that were misclassified, either by changing the training sample weights, or by
resampling the training data. The final prediction is then made by combining the separate predictions of all trees,
where the more accurate trees get more say in the final prediction than the trees that are performing worse.

Gradient boosting is a generalisation of the AdaBoost algorithm invented by Friedman et al. (2000) and Friedman
(2001). Whereas AdaBoost fits its next learner on the tweaked training dataset, gradient boosting fits its next learner
on the gradient of the error of the previous predictions, a procedure called gradient descent. Gradient boosting
refines its predictions one step at a time, until it approximates the minimum of the loss function. The result is that,
whereas AdaBoost is configured with a specific exponential loss function, gradient boosting can use any
differentiable loss function, making the algorithm more robust.

The XGBoost library is an implementation of the gradient boosting algorithm described above. It is optimised for
efficiency and scalability. One example is using weighted quantiles to determine candidate split points for the tree
nodes. Another example would be the possibility for out-of-core and parallel computing. For a more detailed
description of the workings of the gradient boosting implementation in the XGBoost system, see the paper by Chen
and Guestrin (2016), and the documentation at xgboost.readthedocs.io (2022).

3.2.2 Modelling pipeline

The models were applied to the dataset in four steps. First, the dataset was split in a training and a test set, then the
model’s optimal hyperparameters were tuned by cross-validation. Third, the model is fit to the training data, and,
finally, the model’s predictions are evaluated on the test set. All these steps were programmed in the Python
language using the SKLearn and XGBoost libraries.

This workflow was repeated twelve times. All three problems were run with both algorithms, once with the
structural features only, and once with all features combined. The details of the pipeline can be found in the section
below.

Subsection 3.2.2 presents the choices made in the modelling workflow up until the evaluation metrics, which are
presented in subsection 3.2.3.

3.2.2.1 Train/test split

The goal of predictive modelling is always to make accurate predictions on new data, in which we do not know the
outcome of the target variable. However, this constitutes a difficult problem, since these data are never in possession
of the modeller. A standard way to recreate new, real-world cases is to hold out part of the dataset for testing, called
the test set. The model is then trained on the training set, and evaluated on the test set.

The data were thus split in a training and a test set in a 0.67 to 0.33 ratio. Since the specific split of the data
influences the model training, we tested for sensitivity to the training/test split, which is shown in Chapter 4.

3.2.2.2 Hyperparameter tuning

Finding the optimal configuration

Almost all machine learning algorithms have various parameters that can change the learning process of the
algorithm. One can, for example, adjust the number of trees, and the depth of trees in decision trees. These
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parameters are called hyperparameters. To optimise performance, one must find the optimal combination of
hyperparameters, by testing various configurations on unseen data. However, this may introduce a problem called
information leakage. By testing hyperparameter combinations on the held-out test set and selecting the best-
performing combination, we would rely on information from the test set to eventually train our model. This
information leak reduces the test set’s capability to be an objective test of model performance. To counter this
problem, one might hold out another part of the training set. On this validation set, one could then test for the
optimal hyperparameter combination. This would, however, further reduce the size of the valuable training set.

The solution is a procedure called k-fold cross-validation. In cross-validation, the data are split into folds, with k
being the number of folds. Each fold will be used once as a held-out test set, and k-1 times as part of the training set.
The model will thus be trained k times, and its average score across the k training times will be the resulting score.
This way, we achieve a performance indication of a specific configuration of hyperparameter values, and do not
waste any training data in the process.

Subsequently, another advantage of cross-validation vis-a-vis a validation set, is that by using all data in the training
set, the selection of hyperparameters is not dependent on the train/validation split. Finally, the value of k is typically
5 or 10. A higher value may result in better estimates of model performance, but also in significant higher
computational loads. 10-fold cross-validation did not increase model performance above 5-fold, so k = 5 was used.
The procedure for cross-validation is visualised in Figure 3-5.

‘ All Data ‘

‘ Training data ‘ Test data ‘

| Fold1 || Fold2 || Foid3 || Folda || Foids "

spit1 | Fold1 || Fod2z || Foid3 || Folda | Folds |

spiit2 | Fold1 || Fold2 | Fold3 || Fold4 | Folds

spiit3 | Fold1 || Fold2 || Fold3 || Fold4 || Folds |

spit4 | Fold1 || Foid2 || Foid3 || Fold4 | Folds |

> Finding Parameters

spits | Fold1 || Fold2 || Folds || Folda || Folds

Final evaluation { Test data

Figure 3-5. 5-fold cross-validation (scikit-learn, n.d.)

Using k-fold cross-validation, we can test a specific hyperparameter configuration. But we still need to test various
configurations to find the optimal one. One can do this manually by repeating the cross-validation procedure, but
also automatically. The best method to do so is by searching through the entire hyperparameter space (exhaustive
search) for the best configuration. This is computationally very expensive, however. Instead, we use a common
alternative, randomised grid search, where random configurations are sampled from a pre-defined grid of
hyperparameter values, which are then tested in cross-validation. The entire method can thus be summarised as
randomised grid search k-fold cross-validation. The tuning grid is detailed at the end of this subsection, because
first, we should delve into the issue of under and overfitting to the data.

Dealing with overfitting

Every machine learning modelling effort has to consider the effects of the bias-variance trade-off. A highly biased
model contains systematic errors and will not match the training dataset closely. As a result, it is not very sensitive
to the data inputs and its predictions may be oversimplified. On the other end of the continuum are high-variance
models. These models match the training set too closely, and as such will not generalise well to unseen data. A
good model strives to reduce both bias and variance, but will ultimately hit the trade-off. In the former case
described, one would say that a model underfits to the training data, while in the latter case, a model is said to
overfit.
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High variance High bias Low bias, low variance

overfitting underfitting Good balance
Figure 3-6 Bias-variance trade-off (Singh, 2018)

Decision trees, the basis of both random forest and XGBoost, are known to be prone to overfitting (Schaffer, 1993).
Although the bagging and boosting procedures employed in the algorithms do reduce this risk, additional measures
were taken by including regularisation parameters in the tuning grids. By comparing different configurations with
cross-validation, the optimal values for the regularisation parameters are selected, thus reducing overfitting
automatically.

Tuning grids

The tuning grids of random forest and XGBoost contain their hyperparameters and their possible values. This
section details what the hyperparameters represent, why they prevent overfitting in case of regularisation
parameters, and how their grid values have been chosen.

For random forest, 1) the number of estimators refers to how many trees are used in the ensemble. The more trees,
the more accurate the model is, but the more expensive it is to train. 2) The maximum tree depth limits the number
of levels a tree can grow. The more levels, the more it fits to the training data. 3) The maximum number of features
hyperparameter chooses the metric which indicates how many features may be sampled in each bootstrapped data
sample. Since random forest uses feature subsampling, a decision rule must be established to decide how many
features should be subsampled at maximum in a bootstrapped sample. This decision rule is either the square root of
the total number of features, or the log base 2 of this number. Then, 4) the split criterion used for measuring
information gain can be Gini-impurity, entropy, or log-loss. Next, 5) the minimum number of samples per node
places a minimum on a node to be further split. The higher the minimal node sample number, the less the trees are
allowed to overfit. 6) The minimum impurity decrease required refers to the information gain splitting a node must
provide. The higher the minimal decrease, the more restricted the algorithm is in overfitting to the training data.
Finally, 7) scikit-learn offers the possibility to turn off bootstrapping, keeping only random feature selection as a
source of variance for the data samples for the trees to grow on, if this may help the model’s performance.

Table 3-6. Hyperparameter tuning grid - random forest

Hyperparameter Possible values

No. of estimators 200, 400, 600, 800, 1000, 1500, 2000
Maximum tree depth 5,10, 15, 20, 25, 30, 35, 40, 45, 50, 55, None
Maximum no. of features Square root, logz

Split criterion used Gini, entropy, log_loss

Minimum no. of samples to further splitanode 2,3,4,5,6,7,8,9,10
Minimum impurity decrease required for split 0.0, 0.05, 0.1
Bootstrapping True, False

The first two hyperparameters in XGBoost, number of estimators and maximum tree depth, are similar to random
forest. The last two hyperparameters can also be compared to a counterpart in random forest, but are implemented
somewhat differently. First, gamma is comparable to the minimum impurity decrease. It specifies the minimum
reduction in the loss function required for a split. The higher gamma, the more restrained XGBoost is. Second, the
minimal child weight is comparable to the minimum number of samples in a node in random forest. However, it
measures the sum of sample weights in a child node, rather than the number of samples in a potential parent node.
The sum of sample weights is a better choice in the context of XGBoost, since gradient boosting assigns weights to
individual samples, and uses those weights for the next tree. The higher the minimal child weight is, the less the
algorithm fits to the training data.
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Consequently, the other three hyperparameters are only applicable to XGBoost. First, the learning rate, or shrinkage
factor, reduces the effect of new trees added to the model. The corrections proposed by a new tree are scaled down
by the learning rate, effectively slowing down the learning process. The smaller the learning rate, the less likely the
model is to overfit, although it is much more computationally expensive to train.

Then, the last hyperparameters are the alpha and lambda, who respectively represent L1 and L2 regularisation. Both
are methods to reduce the weights of the leaves of the weak learners. They introduce an extra error term into the loss
function, penalising complexity and preventing the model from overfitting. Alpha is strict in its approach, often
reducing the weights to zero, and thus enforcing sparsity. L2 regularization is a softer approach, reducing the
weights, but without preference to reduce them to zero. Higher values translate to a more conservative model for
both alpha and lambda, meaning that the model is less prone to overfitting.

Table 3-7. Hyperparameter tuning grid — XGBoost

Hyperparameter Possible values

No. of estimators 50,100,150, 200, 1000

Maximum tree depth 3,4,5

Learning rate 0.01, 0.05,0.1,0.2,0.35,0.5, 0.7

Alpha 0,0.1,0.4,0.8,1.6,6.4,25.6,102.4, 200
Lambda 0,0.1,0.4,0.8,1.6, 6.4, 25.6,102.4, 200
Gamma 0,05,1,1.5,2,5

Minimal child weight 1,5,10

Finally, for both algorithms, some hyperparameters have a limited number of values. Bootstrapping, for example,
can be either be used or not, without any other options. Others have infinitely many different values, such as the
number of estimators. In this case, we checked whether the grid ranges were wide enough to see whether the grid
search was being constrained unnecessarily. When the optimal value for a hyperparameter was located at the end of
the range, we checked whether expanding the range increased the cross-validation scores. Except for the maximum
tree depth of XGBoost, this was not the case. However, higher XGBoost tree depths increased overfitting, and were
thus limited to 5 at the highest.

3.2.3 Model evaluation

Model evaluation is a critical component of any machine learning project. The subsection below details what
metrics were used to evaluate the different models, and sets out why these metrics are relevant to the problems at
hand. It does so first for the occurrence and onset problems, and then for escalation as well, which as a multiclass
problem requires different metrics. Finally, it describes the concept of feature importance, and how it is used in this
study.

3.2.3.1 Binary classification metrics

For binary classification, the confusion matrix is the starting point, and additionally is the basis of most evaluation
metrics. It provides an overview of the model’s predictions versus their actual value. Below, the metrics used in this
project are set out.
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Figure 3-7. Confusion matrix

Fueta-score

The Fpew-score is the most important evaluation metric for the binary classification task. It is a generalisation of the
popular F1-score, which is the harmonic mean between the precision and the recall. Precision is defined as the ratio
of true positives to all predicted positives, and recall as the ratio of true positives to all actual positives. Since we are
mostly interested in false negatives, recall is the more important aspect of the Frew-score.

Instead of the F1-score, which is already useful since it only focuses on prediction of the positive class, in our case
being dyad months experiencing conflict, the Fyea-score can be customised to put more weight on the recall relative
to the precision. This is done by varying the beta value: a higher score increases the recall’s importance. In this
project, the chosen beta is 2, signifying that not missing any conflict cases is substantially more important than
mistakenly assigning a conflict score to peaceful instances. Finally, similar to the accuracy, the Fiewn-score uses
predicted class scores, not probabilities, and is therefore dependent on the probability threshold chosen for
classifying a conflict as either 0 or 1. In this study, the default threshold value of 0.5 is used. While this is the most
intuitive (a probability higher than 0.5 points to conflict, lower than 0.5 to peace), it might be possible to increase
performance by testing different classification thresholds in cross-validation, like the model hyperparameters.

precision * recall

Foeia = (1
beta ( P ) [32* precision + recall

Average precision (AP)

Although the Fyea-score evaluates the models performance on the false negatives in relation to the positive class in
general, we are also interested in how well the model performs across all probability thresholds. Therefore, we use
the precision-recall curve to evaluate how well the model predicts conflict in general. The average precision (AP) is
the area-under-the-curve of the precision-recall curve and captures the model’s performance in a single metric,
precision-recall curve area-under-the-curve (PRC AUC), or average precision (AP). But, since false negatives are
the costliest misclassification, the Fyea-score is more important when the average precision and Fpew-score are not in
agreement.

Receiver operating characteristic area-under-the-curve (ROC AUC)

The ROC is a curve that evaluates sensitivity and specificity across probability thresholds, and is one of the most
popular metrics to evaluate classification models in the field of conflict prediction, as well as outside of it. However,
it is not the most appropriate score in our case, since it cannot make a distinction between how well the model
predicts the positive and the negative class, and neither on the difference in cost of false negatives, and false
positives. Additionally, the ROC AUC is not suited for imbalanced class problems. The current data setup allows for
a balanced class structure, but once we would like to test for imbalanced structure, this score will not be useful.
Consequently, the main contribution of this score is to create some comparability with other studies.

Matthews correlation coefficient (MCC)

The MCC can be considered the best score of performance across all four confusion matrix categories, especially in
imbalanced datasets, as it accounts for class size. We will use this score to gain an idea of general performance,
instead of the ROC AUC, while noting that general performance is of secondary importance.
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TN XTP — FN X FP

McCC =
J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

3.2.3.2 Multiclass classification metrics

The confusion matrix for multiclass classification is less clear-cut than for the binary case. No conflict still is the
negative class, and the various measures of escalation form the positive class. Within the misclassifications for
these measures, it is not so clear what constitutes a false negative or a false positive. Instead, they are over, or under-
classified. In any case, the goal here is to get the level of escalation correct, and it is less important whether the
model over, or under-classified. This new matrix has some implications for the usage of metrics.

2 FN X TP X X X

3 FN X X TP X X

Actual class

5 FN X X X X TP

0 1 2 3 4 5

Predicted class

Figure 3-8. Confusion matrix multiclass problem

First, instead of the Fpew-score with beta = 2, we use beta = 1, in effect using the Fl-score. This is because, in
contrast to the binary case of onset and occurrence, we are now interested in all misclassifications, not only the false
negatives. In this setting the F1 score is calculated per class. To average the class score into one metric, we use
macro averaging, meaning that each class holds the same importance, as opposed to micro or weighted averaging,
where the final metric would be heavily influenced by the performance of the zero class, since this class by far has
the most cases.

Second, the average precision and the ROC AUC are not very intuitive in a multiclass setting, and are therefore not
used. Specifically the ROC AUC is not very helpful, since it cannot be used to compare with other, binary, studies,
which was the reason for including it in the previous tasks. Therefore, it is replaced by the MCC, which is also
suitable for multiclass classification, and represents the performance of the model across all classes.
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3.2.3.3 Feature importance

The last step in model evaluation is not related to the validity of the model itself, but to the importance of the
features used. This is to gain insight into which factors are important in predicting conflict, as stated in sub question
four. To assess how useful features have been in model training, the feature importance scores are calculated. There
are different ways of arriving at feature importance measures. In this study, the mean decrease in impurity (MDI)
scores are used. The following subsection describes what these feature importances are, how they should be
interpreted, and compares them to similar measures.

In general, feature importance scores evaluate the contribution of individual features to the model’s prediction. This
is different than the coefficients in a method like linear regression. If all statistical assumptions are met, regression
coefficients can be used to make statements about the true data generating mechanism, for example by examining
statistical significance. In contrast, the tree ensemble methods used here do not impose any statistical demands on
the data. However, their feature importance scores should rather be seen as quantifications of how much a feature
played a role in acquiring the prediction accuracy (Debeer & Strobl, 2020). Following these characteristics, feature
importances indicate which variables are important for prediction, and which may be correlated or causally
important as well, but this cannot be deduced from feature importances alone.

The MDI scores used here were originally introduced by Breiman alongside the introduction of the random forest
algorithm (Breiman, 2003). They measure the decrease in impurity by a split of a given variable, across all splits and
all trees. Hence, the name mean decrease in impurity. Since Gini-importance is an oft-used measure of impurity in
classification decision trees, MDI is sometimes also called Gini-importance. This score was used for both random
forest and XGBoost. In short, the MDI scores indicate how valuable a feature has been for model training. It is
computationally inexpensive and offers a look into the black box model that an ensemble of trees otherwise is.
Nevertheless, the MDI scores have noteworthy shortcomings.

First, the MDI scores are calculated with the training sample. This can result in overly optimistic scores for features
which might be less useful in predicting a sample in new, unseen data than others. Second, the method is biased
towards high-cardinality features, i.e., numeric features or categorical features with many classes. This is because
those features, in contrast to low-cardinality features, offer many opportunities for splitting the data sample, which is
what decision trees do. Thus, they will be overrepresented in the model structure, and disproportionally contribute to
impurity decrease, distorting the MDI scores, as shown by Strobl et al. (2007), and further discussed by Boulesteix
et al. (2012). Then, the scores are vulnerable for correlations between the features. This effect is more pronounced
in random forest than in XGBoost, though. Since random forest uses random feature subsampling, correlated
features each show up in aggregations of impurity decreases. As such, they share the responsibility of the underlying
predictive phenomenon, thus reducing their importance proportional to the size of the correlated group. This effect
was called correlation bias by Tolosi and Lengauer (2011). In XGBoost, however, instead of random subsampling,
the next weak learner improves the aggregate function of previous learners. Thus, correlated features do not bring
much new information, and are generally discarded during model training. Finally, the MDI scores only provide an
estimate of the size of an effect, but to not provide directionality. This, however, is common for many other feature
importance techniques as well.

When interpreting MDI scores, one should account for the shortcomings and the character of the technique. In
practice, this means that the absolute, or scaled, value is not precise, and that one can best rely on the ordinal feature
ranking. Secondly, one has to acknowledge the effects of high-cardinality and correlation bias on the features at
hand.

Finally, these shortcomings have long been recognised in the scientific literature, as shown above. Due to the
popularity of machine learning models, including tree-based ensembles, and random forest in particular, much
attention has been paid to making black box models more interpretable'!. While this study uses the MDI scores, it
might be useful to corroborate these with other measures. A first candidate would be permutation feature
importances, also introduced by Breiman (2001). These compute a feature’s contribution by noising up that feature,
and then assessing the model’s performance. Benefits of this approach would be that it can be evaluated on the test
set, and would be less affected by high-cardinality features, although the correlation bias might be more serious than
with MDI scores. A solution to this problem is proposed by Strobl. et al. (2020), although their conditional
permutation feature importance method is as of yet only implemented in R, and not in Python. Another alternative
would be to pre-process the data, by selecting only one feature from each cluster of correlated variables, before

"' For an overview of the state-of-the-art, see Molnar et al. (Molnar, 2022). One key insight is that there is no
consensus on a rigorous definition of model interpretability.
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computing permutation importances. This would come at the cost of potential information loss of the excluded
features however, and is thus inferior to conditional permutation feature importance.

3.3 Conclusions

To predict the phenomenon of interstate conflict, three measures are used, with the undirected dyad month as unit of
analysis. First, the occurrence of conflict, as this offers the best prospects for successful prediction due to the
relatively large number of positive cases. The second measure is the onset of conflict, which is much rarer than
occurrence, since only the actual starting month of any MID in a country pair classifies as conflict onset. Third,
escalation can offer a prediction for the severity of conflict taking place. These three concepts of interest are to be
predicted with a feature set consisting of eleven structural features, and 268 event count features. The feature space
has been shown to contain relations between the features.

Subsequently, each target variable presents a different prediction problem. The first two problems, occurrence and
onset, are binary classification problems. Escalation, however, has an ordinal scale, which calls for a multiclass
classification method. Due to the large size of the feature space, the need for interpretability, and expected
multicollinearity and nonlinearities, random forest and XGBoost are the algorithms selected for the prediction task.

Then, the data are split in a training set and a test set in the ratio 0.67 to 0.33. The training set was used for
hyperparameter tuning via randomized grid search cross-validation. In the tuning grid, regularisation parameters
were included to prevent overfitting of the models. For the binary task, the grid search evaluates the
hyperparameters on the Fpea-score, with beta = 2. For the multiclass task, the macro-averaged F1 score fulfils this
role. The model is then retrained on the entire training set with the optimal hyperparameters, and its performance is
assessed on the test set. Once again, the Fyea and F1 score are the principal evaluation metrics, together with the
average precision.

Finally, impurity-based feature importance scores are calculated to interpret the contributions of individual features,
which, although imperfect, can shed some light of on the inner workings of the models.
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4 RESULTS AND ANALYSIS

This chapter presents and analyses the results of the predictive models. It is structured in four main parts. The reader
is guided through the main results by two questions in the first two sections. First, does including event data
improve predictions of the models? This effect is clarified in the first section. Second, if a model has predictive
power, what are the main variables that drive it? This is set out in the Feature importances section. Both of these
questions refer, in turn, to the three connected but distinct problems this study researches. These are the occurrence,
the onset, and the level of escalation of interstate conflict on any given dyad in any given month. Finally, the third
section discusses the model’s sensitivity to the train/test split and how much the models overfit.
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4.1 Effects of including event data

Does the inclusion of event data into prediction models of interstate conflict based on structural values improve the
predictive power of these models? That is the question at hand in this section. It is evaluated separately for conflict
occurrence, onset, and escalation, in their respective subsections.

For each problem, four different setups were run. Both algorithms were run with, and without added event count
features. Since the confusion matrix, and the ROC and PR curves, available for each model run, can be informative
when plotted, they would clutter the section when all would be reported. Therefore, in each subsection, the
algorithm that performs best on the combined feature space is selected without visual inspection, and only this one is
evaluated and presented visually. This model is then compared to the best-performing model on the structural-only
feature set, using only the confusion matrix for visualisation.

The included event data features are simple counts of the number of events occurred in that dyad month. To evaluate
the contribution of these features, the crux of the comparison is whether the all-feature models score better than the
structural-only models.

4.1.1 Occurrence

Occurrence is operationalised dichotomously. With 4896 dyad months of conflict occurrence, and exactly 4896
negative cases, this is the easiest task of the three, since it has the most data samples available for learning. Since it
is binary, the metrics used for evaluation are the F2-score, the average precision, ROC AUC, and the Matthews
correlation coefficient'?. Of these, the F2-score is the most important, because it places a heavy emphasis on
preventing false negatives. Of secondary importance is the average precision, which places an emphasis on correctly
predicting conflict, but without explicit focus on false negatives. Finally, the ROC AUC and MCC evaluate the
model’s predictions across all categories, which is of less importance than the more focused F2-score and AP.

Below, we will first evaluate performance of the models with all features, before comparing the best model to the
best model using only structural features. All evaluations are on the test set, meaning out-of-sample.

When using all features, both models perform similarly, and both perform quite well. The Fye -score is around 0.97,
and the average precision hovers around 0.99. These are relatively high values which means that the models can
comfortably predict conflict occurrence, without many false negatives. This can also be seen in the confusion
matrix, where it is shown that out of 1616 conflict occurrences, random forest misses only 46 cases. Furthermore,
the number of false negatives is lower than the number of false positives. This is an indication that tuning the
hyperparameters to optimise the F2-score did work to bias the model towards reducing false negatives above false
positives. The reason for this approach is that not predicting an actual conflict is more costly than incorrectly
predicting one. Conflict can cause huge damage to material resources and human lives, which might have been
mitigated if predicted. Incorrectly predicting conflict, on the other hand, will most likely not lead to the same losses,
but rather to a waste of resources spent on conflict prevention or mitigation.

The results of both models are presented in the table below. Neither model substantially outperforms the other,
although the random forest model seems to have a slight edge. The small differences in scoring, however, might as
well be due to the models using this particular training sample as a part of the total data sample. To see the size of
this effect in more detail, the reader is referred to the test of sensitivity of the models to the train/test split, presented
in subsection 4.3.1.

Table 4-1. Comparison algorithms - Occurrence

Metric Random Forest XGBoost
F2 0.970 0.969
Average precision 0.988 0.988
ROC AUC 0.986 0.989
McCC 0.934 0.930

12 For their operationalisation, see section 3.2.3.
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When inspecting the plots for the PRC AUC (equal to average precision) and the ROC AUC, we can see that the
models behave as expected. However, before noting these models’ performance, let us be aware that the more the
curves are pushed into a corner, the upper-right corner for the PRC AUC, and the upper-left for the ROC AUC, the
better the model performs across all probability thresholds and the higher the score is. In agreement with their high
scores, this pattern is shown in both the PRC AUC and the ROC AUC plots. Furthermore, the lines for both graphs
are smooth, indicating that there are multiple features contributing incrementally, and that there is no anomaly in
performance across different thresholds. Finally, we can see that the best model, which is based on the F2-score
prefers to achieve high recall above high precision. This confirms that the F2-score works as intended and that it
focusses on false negatives.
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Figure 4-1. Best model results — occurrence

Having established that the models that use all features perform well in predicting conflict occurrence, let us
compare them to the scores achieved by the structural models. Table 4-2 presents the performance of the best-
performing structural and the best all-features model.

Table 4-2. Comparison all features/structural — occurrence

Random forest  Random forest

Metric (structural) (all features)
F2 0.970 0.970
Average precision 0.993 0.988
ROC AUC 0.992 0.986
McCC 0.928 0.934
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The best algorithm for only structural data was random forest. However, what is interesting, is that the addition of
event data does not improve modelling performance. The average precision and ROC AUC even reported a mild
decrease. Thus, it is impossible to state that adding event counts improves the prediction of conflict occurrence. The
fact that event data counts do not improve performance may be due to the fact that the benchmark of the structural
models is already quite high, but is more likely to be due to other factors. In the onset case, presented in the next
subsection, the event counts fail to deliver any improvements as well, although the structural model benchmark is
much lower for this case.

Further interpreting the structural models, the confusion matrix of the structural models presented in Figure 4-2
shows a pattern that corresponds with the metric outcomes, and which is similar to that of the all-features models.
Most cases have been predicted correctly, and the number of false negatives is higher than the number of false
positives, showing that the algorithm succeeded in prioritising the prevention of false negatives, or ‘missed
conflicts’, above peace instances classified as conflict.
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Figure 4-2. Confusion matrix only structural, RF - occurence

The conclusion here is that the structural variables alone are already quite powerful in predicting conflict
occurrence. Adding event counts as a large basket of features does not improve the models.

4.1.2 Onset

The second problem to be predicted is conflict onset. The target variable is severely imbalanced, even after
undersampling the majority class of non-onset cases. For a total of 9736 cases, there are only 830 onset cases against
8906 non-onset cases. These 830 cases have been split over the training (0.67) and test sets (0.33). The paucity of
conflict onsets makes this problem harder to predict than the previous one. As for the evaluation metrics, the logic is
largely the same as was detailed above for the evaluation of occurrence. One exception is that, due to the class
imbalance, the class-specific metrics (F2, AP) become even more important relative to the general metrics (ROC
AUC, MCC) than they already were. Ultimately, any user interested in conflict onset desires to know how well the
model predicts conflict onset cases. They would not be interested to know that the model can predict the majority of
cases correctly, when that does not provide any information about conflict onsets specifically.

The following paragraphs present and analyse the results of the conflict onset models. It can be stated in advance,
however, that none of the setups yield satisfactory results. Both algorithms are unable to identify conflict onset
effectively, both with structural features and with the combined feature set.
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Table 4-3. Onset prediction results, all features

Metric XGBoost Random forest
(All features) (All features)

F2 0.132 0.114

Average precision 0.255 0.241

ROC AUC 0.784 0.748

MCC 0.201 0.161

The table above lists the performance of both models, using all features. In evaluating performance, the F2 metric is
the most important. For both XGBoost and random forest, the F2 scores are very low, respectively 0.132 and 0.114.
The same goes for the average precision, with values lower than 0.3. The ROC AUC scores are higher, between 0.74
and 0.79. The benchmark score for the ROC AUC, however, is 0.5, which would equate to a coin toss, so these
scores indicate that there is some predictive power in the models. However, this is largely due to the automatic
assignment of non-onset cases. These form a large majority. This translates into higher ROC AUC scores, but this is
not of interest here, because they do not reflect the class of interest.

The distribution of predictions of the most successful all-feature model (XGBoost) is shown below. The model fails
to discern onset cases, and overwhelmingly assigns peace values to conflict episodes. The single positive aspect is
that around half of the predicted conflict cases are actual conflict onsets. This at least gives the model some limited
use as a horizon-scanning tool which misses many onsets, but is 50 per cent sure in the cases it does assign conflict
onset. This could be used to alert policy makers to conduct further analysis, but even then, it remains of limited use.

Predicted MID Onset, XGBoost, all features

2500
w0
g
5o 33
m
L 2000
T
iy
wu
=]
o
Jua)
© - 1500
>
iy
a
1]
=
o]
s - 1000
=
ERe 238 30
o
<
- 500
0 1

Figure 4-3. Confusion matrix all features, XGBoost - onset

Having concluded that the models using the entire feature space do not have much predictive value, the question
now is whether the structural-only models perform worse, indicating a small improvement by the event counts. As
we shall see, this is not the case. Table 4-4 below presents the results for the best structural model, alongside the best
all-feature model already shown in Table 4-3. The structural model also presents poor results.

Remarkable is, however, that the structural model scores are less dissatisfactory than those of the all-feature model.
Event counts seems to slightly worsen performance. This is remarkable, since it runs counter to the expectation that
event counts can capture the short-term dynamics that lead up to conflict onset. If anywhere, they could contribute
here: the structural model scores are poor, so there is much room for improvement by the event counts. One
explanation for the is lacklustre performance of the event count features is that the added features might contain too
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many noise features, in effect driving down the predictive power of the effective predictors. Another is that the
operationalisation as simple counts might be too straightforward. This will be further discussed in section 5.1.

Table 4-4. Comparison all features/structural

, Random forest  XGBoost
Metric

(structural) (all features)
F2 0.254 0.132
Average precision 0.233 0.255
ROC AUC 0.678 0.784
McCC 0.292 0.201

Another explanation for the poor performance across both structural and all-feature models, is the severe class
imbalance. However, testing this idea by running the modelling pipelines for conflict onset with ratios of 1:5, 1:3,
and even 1:2, instead of the ratios of around 1:9 did not increase performance dramatically, although some gains
were made. However, by such severe undersampling, generalisability to the real-world ratio of peace and conflict
will come under pressure, since that distribution is very imbalanced (the CoW data used in this study contains a ratio
of 1:5010 for monthly onsets in the period 1995-2014).

Finally, some attention must be paid to the degree of overfitting in the all-features models, which is severe. Random
forest is most severe, but also XGBoost shows considerably better performance on the training set. Figure 4-4
introduces the in-sample predictions of the XGBoost model. It correctly predicts around forty per cent of the onset
cases, and of the cases it predicts as onset, most indeed are an onset case. Meanwhile, the out-of-sample prediction
set predicted only around ten per cent of onset cases correctly. This large gap in performance between the training
and the test set demonstrates overfitting, meaning that the model does not generalise well. It is good practice to
reduce overfitting, for example through further hyperparameter tuning by targeting specific hyperparameters, or
perhaps other probability thresholds. However, we should not expect this to drastically increase predictive power.
The reason for this is that random forest overfits significantly more than XGBoost, but its predictions are not
significantly worse, leading us to expect marginal gains, but not much more, when reducing overfitting.
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Figure 4-4. In-sample confusion matrix, RF, all features - onset

In conclusion, the performance of both structural and all-feature models is poor for the onset of MIDs on a monthly
scale. The models do not succeed in separating conflict onset cases from cases without conflict onset. Including
event counts as predictors does not improve performance.
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4.1.3 Escalation

The escalation target is an ordinal variable coding for the highest level of escalation experienced during the conflict
the dyad month belongs to. It is a multiclass classification problem, which has different metrics than those for binary
classification!®. The most important metric that is changed, is the F2 score, which is now the F1 score. This means
that in its formula, recall is equally important to precision, thus not prioritising the reduction of false negatives
above the reduction of false positives anymore. This is so, because in predicting escalation, we are not necessarily
mainly interested in the instances where the model assigns escalation levels that are too low, but also where the
model predicts escalation levels that are too high. Therefore, we use the more balanced F1-score. Subsequently, the
other metrics also change somewhat. The ROC AUC and the AP do not make sense in a multiclass setting, since
they are meant to be binary metrics. Therefore, we use the MCC to evaluate general predictive power. Finally,
precision and recall are also reported for completeness.

The target variable distribution in the total data sample is presented below. Four out of six classes have a decent
number of samples, but level 1 and 5 are populated thinly for predictive purposes.

* Excerpt of Table 3-4

Level of escalation No. of cases
0 (no MID) 4896

1 (threat to use force) 153

2 (display of force) 1263

3 (one-sided use of force) 1292

4 (reciprocated use of force) 1824

5 (interstate war) 364

Because it is a multiclass problem, both the averaged and separate class scores are reported. The macro-averaged
model scores are simply the class scores summed and divided by the number of classes. This does not account for
class size, which would skew all scores towards the largest class (‘No MID’). The averaged results are presented in

Table 4-5. This time, both the all-features models, and the best structural model are presented in the same table.

Table 4-5. Results prediction escalation, averaged

Metric Random forest XGBoost Only structural
(all features) (all features) (Random forest)

F1 (macro-averaged) 0.85 0.87 0.90

MCC 0.86 0.88 091

Both algorithms are equally effective when using all features, with a slight edge for the XGBoost model. Similar to
onset, the performance actually increases when event data are left out, contrary to the expectation that event data
improve performance by capturing dynamic processes. However, with and without event data, the models seem, to
an extent, to be capable of predicting the highest level an MID will escalate to.

13 For details, see subsection 3.2.3.
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Below, Table 4-6 presents the prediction scores per class, or level of escalation. The best scores are attained in the
‘No MID’ class, and the ‘Interstate war’ class. These results are further discussed on the basis of the confusion
matrix in Figure 4-5.

Table 4-6. Results prediction escalation, per class (XGBoost, all features)

Level of escalation  precision  recall F1-score Class size
0 0.96 0.97 0.97 1597

1 0.64 0.88 0.74 41

2 0.83 0.77 0.80 416

3 0.84 0.81 0.83 445

4 0.90 0.95 0.93 581

5 0.99 0.95 0.97 133
Macro-averaged 0.86 0.89 0.87 3213

When we zoom in on the specifics of the class predictions from the best model using all features, we can see the
model does a fairly decent job at separating different levels of escalation, except for category 1 (Threat to use force).
Unsurprisingly, this category is by far the smallest of the six. There seems to be a relation between class size and
how well the model can predict the class, which is not surprising. What the model does seem to do rather well,
however, is separating interstate war from other MIDs, as can be seen at the intersection of predicted and actual data
classes for the last class in Figure 4-5. The row and column adjacent to it are almost completely empty.
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Figure 4-5. Confusion matrix escalation, RF, all features (left), and relation class size/model performance
(right)
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4.2 Feature importances

Finally, the MDI feature importance scores are given for each algorithm, based on the full feature space. This
indicates which variables have been most impactful in the models’ predictions, and allows corroborating the results
on the inclusion of event data.

4.2.1 Occurrence

Considering the feature importance scores for the prediction of occurrence in the figure and table below, two things
are remarkable. Namely, that 1) contiguity seems to be the most important predictor, and that 2) either all (random
forest) or most (XGBoost) structural features have higher scores than their event count counterparts.

That the dichotomous contiguity feature in finding 1) was important for model construction is further indicated by
the fact that MDI scores are heavily biased towards numeric variables, as is detailed in subsection 3.2.3. Both
algorithms using contiguity as a top variable indicates it is a useful feature. The feature itself is a proxy for
geographic proximity. Whenever two states share a land border, or are separated by no more than 24 miles of water.
The effect of contiguity on conflict occurrence, and on escalation as well, has long been known in the field of
conflict studies'#, and is confirmed by this study.
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Figure 4-6. Feature importance RF and XGBoost — occurrence

Finding 2) is further corroborated when the feature rankings are summed across both algorithms. The highest-
ranking event count features do not come close to the highest-ranking structural features. This supports the analysis
that ICEWS event counts do not contribute significantly to the performance of conflict occurrence prediction
models.

Table 4-7. A rough measure of averaged feature importance — occurrence

Most important structural features Feature Sum of ranking across both tables
Contiguous 4
Distance 5
Rivalries 7
Major power 7
Most important event features Feature Sum of ranking
Fight with small arms or light weapons 23
Use unconventional violence 28
Use conventional military force 30

14 See, for example, Maoz and Russet (1993).
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4.2.2 Onset

When interpreting the feature importance for onset, we must keep in mind that the onset models had little predictive
power in general. This inhibits drawing conclusions from the feature importances. Breiman, the inventor of the MDI
score used here, said in his Wald Speech: “The better the model fits the data, the more sound the inferences about
the black box are” (Breiman, 2002, p. 4). Conversely in our case, the worse the model fits the data, the less sound
the inferences about the black box are. Therefore, the combined rankings of both algorithms MDI scores are not
calculated for conflict onset, so as not to draw the wrong conclusions.

That being said, it is notable that random forest hinges heavily on the numeric features, while XGBoost includes
contiguity as its main feature. The random forest behaviour likely reflects the bias of the MDI scores towards
numeric features, whereas the XGBoost behaviour presents some further support for the importance of contiguity as

a predictor.
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Figure 4-7. Feature importance RF and XGBoost — onset

4.2.3 Escalation

Similar to onset, distance is the most important variable in the random forest model, but is not used substantially by
XGBoost. But contrary to onset, the escalation models do have predictive power. Once again, however, dyadic
peace years is operationalised numerically, meaning that it offers many possibilities for splits, and it is favoured by
the MDI procedure. It refers to the distance between the capitals or the nearest large city of the dyad members.
Whether this variable is very important, is thus hard to conclude. What can be seen, however, is that contiguity, as in
the MDI scores for the occurrence problem, has an important role in fitting the model to the training data.

As for the event counts, they are used slightly more than in occurrence, but by and large still do not form any
substantive part of the predictive power of the models, further indicating that ICEWS event count features do not
contribute to structural predictive models, as can be seen in the fact that their MDI rankings are substantially lower

than the best-performing structural features.
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Figure 4-8. Feature importance RF and XGBoost - escalation

Table 4-8. A rough measure of averaged feature importance — escalation

Top-ranking features Feature Sum of ranking across both tables
Contiguous 4
Distance 6
Rivalries 7
Major power 8
Most important event features  Feature Sum of ranking
Express intent to meet or negotiate 31
Consult 33

4.3 Model validity

4.3.1 Sensitivity train/test split

The sensitivity to the train/test split was tested by making three separate splits and running the random forest
algorithm for conflict occurrence with all features. The main result is that, although there are some small differences
in the different runs, the maximal difference is a 0.010 score. This indicates that the evaluation results in this report,
although all based on the default split, do not depend heavily on the train/test split made. Nevertheless, it must be
kept in mind that other evaluation outcomes inherently possess some variance, which is not displayed in the results

reported.

Table 4-9 Results sensitivity train/test split (occurrence using random forest)

Default split Alternative 1 Alternative 2
Tuned hyperparameters
n estimators 200 2000 1500
min. samples split 2 2 3
min. impurity decrease 0.0 0.0 0.0
max. features square root square root square root
max. depth 50 55 50
criterion gini entropy entropy
bootstrap true true true
In-sample
F2 1.000 0.999 0.998
AP 1.000 1.000 1.000
ROC AUC 1.000 1.000 1.000
MCC 1.000 0.999 0.997
Accuracy 1.000 0.999 0.998

Out-of-sample
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F2 0.970 0.964 0.967
AP 0.988 0.990 0.990
ROC AUC 0.986 0.988 0.990
MCC 0.934 0.924 0.925
Accuracy 0.967 0.962 0.962

* 5-fold cross-validation, 100 iterations

4.3.2 Overtfitting and other validation measures

The models were checked for overfitting by comparing the results on the training set with the results on the test set.
Of the three, only onset showed serious overfitting. In-sample, the onset results were far better than out-of-sample,
indicating severe overfitting. To a degree, this might mean that the data is not informative enough to fit a predictor.
However, it would be better to use nested cross-validation, instead of the train-test split approach applied here, prior
to drawing that conclusion. The other two problems, occurrence and escalation, show a minor degree of overfitting.
This is not problematic, since it is a general phenomenon that the model fits better to the training data, which it has
used for learning, than on the unseen test data.

Finally, the models were run with a different size of the training and test set. When the training sample comprised
70% of the original data, versus the 67% used in the study, no effect on model performance was seen. This indicates
that the 67% used as training sample is a reasonable choice of sample size.
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S DISCUSSION

5.1 Key findings and interpretation

The main question this study has tried to answer is “How can machine learning techniques and automated event data
be employed to better predict and understand the onset and escalation of militarized interstate disputes?”’. For the
occurrence of interstate conflict, it is clear that it is possible to predict it on a monthly level, instead of the yearly
level that is common, thus far. It is also clear that even on a more disaggregated timescale, it is possible to achieve
better performance then has been achieved until now. The prediction of onset of interstate conflict, however,
remains very much troublesome. Even though there is space for improvement of the models, it is not unthinkable
that this phenomenon cannot be accurately predicted in the shape of a classification problem. What is interesting
however, is that the best occurrence model has only 46 cases of missed conflict, out of around 1500 or so. The best
onset model misses 238 of the 268 conflict onsets. This means that the occurrence models are better at predicting
conflict onset than the onset models. If this finding remains robust, a workaround for onset early-warning systems
may simply be predicting occurrence cases. Finally, for escalation, we have seen that these methods are reasonably
able to distinguish between the various levels of escalation of interstate conflict.

Subsequently, as for the effect of including automated event data in the input data. Can we ‘catch® the short-term
triggers that set off conflict when the conditions are right? Unfortunately, the effect of including the event counts
had a negligible, or slightly negative, effect on the model performances across the prediction of occurrence, onset,
and escalation. The possible reasons for this vary from insufficient testing of different operationalisations to too
much noise in the feature space. More attention is paid to resolve these issues in subsection 5.4.1.

Finally, the feature importance scores indicate that indeed the structural variables do the heavy lifting, even when
paired with AED. Within these variables, the MDI scores do not allow very specific conclusions about the influence
of features, but nevertheless, contiguity is confirmed to be an effective predictor of interstate conflict. It ranks high
in the MDI scores for both conflict occurrence and conflict escalation, the two problems with sufficiently powerful
models to base conclusions on.

5.1.1 Comparison with other studies

The model of occurrence presents a slight upgrade to the state-of-the-art. Stodola et al. (2021) also used CoW data
to predict MIDs with structural variables, and with the random forest algorithm. Contrary to the approach of this
project however, they constructed a dataset out of politically relevant dyads, a scope that is somewhat narrower,
which reduces the amount of noise in the dataset. Additionally, their unit of analysis was the dyad year, not the dyad
month. Finally, the authors did not use the Fyea -score, nor average precision, so to compare the studies the ROC
AUC is the best metric, keeping in mind that this metric does not do justice to the fact that false negatives carry
more consequence than false positives.
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As Table 5-1 shows, the current models constitute a minor upgrade to the latest models.

Table 5-1. Comparison earlier research — occurrence - ROC AUC

Train - test sample 1:1 1:2 1:3
Random forest (all features) 0.976 - -
Stodola etal. (2021) 0.939 0.947 0.945

5.2 Implications for the scientific community and the policy world

The main implication of these findings for a policy application is that the models for conflict onset cannot be used as
the basis of an early-warning system. It misses far too many conflict cases, which defeats its purpose. Additionally,
pushing such a model into production may harm the reputation of conflict early-warning systems, given that policy
makers may be alienated by data-heavy approaches even with functioning models (Sweijs & Teer, 2022).

Secondly, the models for occurrence might be used as an early-warning system. Their performance is good enough.
However, two drawbacks still exist. First, occurrence is a relatively uninformative concept. When conflict has
erupted on a certain dyad, no policy maker will be impressed by the prediction that there will be conflict next month
as well. Second, these models do not identify the drivers of conflict sufficiently well, since the MDI scores do not
provide such information. This does not allow policy makers access to levers for early action. Nevertheless, it has
been shown that predicting occurrence on a monthly level is possible. If this model can be combined with more
reliable feature importance scores, it might provide a workaround for the prediction of onset, with levers for early
action. The application of the escalation models follows the same line as the occurrence models. The concept is not
informative enough to base an early-warning system on, since escalation refers to the highest level of escalation
experienced during an MID, which is not necessarily the level of escalation in the dyad month at hand.

The main finding of relevance for to the academic world is that, counterintuitively, the addition of AED did not
improve any of the predictive models. However, it would be too soon to argue that AED has no role to play in
predicting interstate conflict, as there is much room for improvement in this regard, see subsection 5.4.1. Moving
on, this study does show that there is potential to predict interstate conflict at a more fine-grained level of temporal
aggregation than was previously the case. This holds for both occurrence and escalation prediction. Additionally, it
seems likely that it is possible to predict intraconflict dynamics with the right intraconflict data, when with a cruder
measure of escalation cases of interstate war could be fairly well separated from other levels of escalation.

Finally, this study takes another step into finding out the limits of conflict prediction, as formulated by Chadefaux
(2017). Whether predicting interstate conflict onset and escalation is (im)possible, is too soon to say, but at least
there are indications that further improvements can be made. It seems that in that regard, we are one step closer to
modelling elusive conflict, indicating that they behave as unpredictable clouds, about which we can at least assess
some information about their probability distributions, rather than black swans. Of course, this study considered a
time period without major changes to the international system (1995 — 2014), and all that would be necessary to
invalidate any such hopes would be a black swan event.

5.3 Limitations

The study is subject to a number of limitations, some stemming from the data setup, others from the methods used.
These are outlined below.

First, the model is not tested extensively across all available data. Instead of using different data samples from the
original data, all analyses were run on a single under sampled dataset of around 10,000 dyad months, while the time
period under study comprises more than 4 million. Second, within this sample, all models were then tested using a
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single train/test split, instead of a nested cross-validation procedure. However, the sensitivity to the split was tested
in subsection 4.3.1.

Then, one of the key aims of the study was to provide more insight into what factors are important for conflict
prediction. However, the methodological setup of this study limits the interpretation of feature scores to indirect
effects. This is not enough to decide on the effects of real-world factors. But there are better ways of looking into a
black box. One that is promising is conditional permutation importance (Debeer & Strobl, 2020), with which the
partial effects of variables can be calculated, i.e. the procedure can deal with multicollinearity. This may then be
extended with partial dependence plots, with which one can assess the direction of a relationship, something which
is impossible with feature importances. Alternatively, one can remove the multicollinearity by removing selected
features and using regular permutation importance (Breiman, 2001). To remove multicollinearity, multiple methods
exist, such as recursive correlation pruning or clustering features and selecting only one feature from each cluster.
However, whatever procedure is applied, every explanation of model behaviour constructed from outside the model
must be inherently wrong, in some aspects at least (Rudin, 2019). Otherwise, it would be an exact copy of the
original — black box — model.

Subsequently, an aspect that plagues every data-intensive project, is that data are an imperfect representation of the
real world, and even more so is the model built on it. Within this project, some aspects of the real world are crucially
not incorporated. In part, this is due to the methods used, but nevertheless, there are components that heavily
influence conflict behaviour that were not taken in. First, the dyad month as the unit of analysis precluded
accounting for time structure and the presence of conflicts larger than a single dyad. While naturally, countries and
country pairs are dependent on time, this aspect was removed from the unit of analysis, thus losing the capability to
track conflict on a dyad through multiple dyad months. Normally, conflicts do not take place in isolated dyad
months. The same goes for the spatial aspect. The dyad month format is unable to discern a world war from an
isolated war, for instance. Subsequently, the data format does not account for a link between conflict onset and
escalation and treats them as separable. Of course, an escalation in a relationship or dispute depends heavily on a
previous onset of conflict. This effect was accounted for only indirectly, by measuring the number of dyadic peace
years. Finally, the time period of the data is limited to 1995-2014. This means that the model has not been able to
learn relations between predictors and conflict in the years 2015-2023. It is therefore reasonable to assume that the
model would perform worse on real-time prediction than on the historical data.

5.4 Recommendations

5.4.1 Implementation and model extension

This study has made a first effort at incorporating automated event data into predictive models for interstate conflict
occurrence, onset, and escalation. With the current scores, the model cannot be used for prediction of onset or
intraconflict escalation for an early-warning system. However, there is reason to believe that the onset models can
be sufficiently improved. The same does not go for the escalation models, since the manner in which the escalation
outcome is measured does not allow intraconflict prediction. It is uncertain whether the onset models will be useful
after including the following improvements. Nevertheless, they are the best options for implementing the current
models.

1. Extend AED operationalisation and use feature selection in onset models.

The largest share of potential improvements is with the onset models. To start, the event counts performance may be
improved by any combination of the following measures. First, the event counts might be adapted to account for the
changing volume of recorded events throughout ICEWS history. ICEWS coverage has differed significantly due to
expansion of covered news sources, or due to budget cuts, reducing the data volume. The event counts currently are
distorted by this ever-changing level of coverage. Second, different aggregations of AED might be tried to increase
performance, such as the difference between an event count and a rolling mean of the last months of event counts.
This might better capture abrupt short-term changes. Third, the aggregate Goldstein scores a dyad’s interactions
might be included as a predictor. As an individual predictor, it does improve upon chance, although this is not
presented in this report, so it might add to the AED’s power. Third, a subset of relevant features can be extracted
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before modelling, which reduces the noise in the feature space, and might improve prediction. This is a somewhat
recent development in machine learning and is gaining popularity (Kamiri & Mariga, 2021). When combined with
measures to remove multicollinearity, this will also improve the interpretability of features importances, especially
when permutation feature importances are used (Tolosi & Lengauer, 2011).

Finally, it might be possible to increase general performance in the binary problems by optimising the classification
threshold, much like a hyperparameter. Classification models assign predicted classes to data samples, but this is
based on an underlying probability. In this study, a probability threshold of 0.5 was used, meaning that new data
points that were assigned a probability higher than 0.5, were marked as conflict cases., and vice versa. However, this
split, while intuitive, might not be the best split. Perhaps the models can predict more samples correctly if the
threshold were to be 0.3, or 0.55. This can be evaluated by tuning the threshold in cross-validation!®. Especially for
conflict onset, which suffers from class imbalance, this might improve performance. The improvements, however,
should be expected to be incremental rather than dramatic, since the overall data structure does not change and the
model learning remains similar.

2. Await update CoW MID data

The second recommendation is passive in nature. The Dyadic MID data from the CoW project were last updated in
2021 (Maoz et al., 2019). An update dataset closer to the current time might allow the occurrence models to be used
in real-time to predict next month’s conflict occurrence cases.

3. Implement cost-sensitive training

This extension might offer substantial improvements without the need for changing the data setup, as in final and
last recommendation. In cost-sensitive training, the loss function used by the algorithm differentiates between
different errors, i.e., it assigns different costs to misclassifying different classes. In our case, the loss function should
assign high costs to false negatives, conflicts that did occur, but were predicted as peace. Cost-sensitive training is
different from the approach used in this study. Here, the model parameters were optimised for predicting negative
classes by using the F2-score as the performance metric in cross-validation, but the training phase itself did not
differentiate between false positives or false negatives. By altering the loss function, cost-sensitive training has the
potential to change, and perhaps improve, the classifier substantially (Kuhn & Johnson, 2013, pp. 429-435).

4. Extend test set to real-world ratio of peace and conflict

To increase model validity the trained models should be tested on the full sample of available dyad months. This
would expose the model to the real-world ratio of conflict and peace and would allow for a much more robust
evaluation. The most effort would be required to rewrite the data manipulation code for the structural variables to
allow out-of-memory computation, and to adapt the evaluation metrics to account for severe class-imbalance in the
test set.

5.4.2 Recommendations for future research

1. Use Ensemble Bayesian Model Averaging for interstate conflict onset prediction

Ensemble Bayesian Model Averaging contains two key aspects. It is a model ensemble, and it is a Bayesian
technique. Model ensembles have been gaining traction in the conflict prediction literature with successful
implementations in the state-of-the-art ViEWS project (Hegre, Bell, et al., 2021), and in predicting conflict intensity
in Africa (Ettensperger, 2021). Model ensembles have the advantage that they can combine multiple models, each
with their own strengths, although this comes at a cost of interpretability. Bayesian methods have been shown to be

15 See Williford and Atkinson (2019) for an explanation of the importance of choosing a reasonable threshold in
conflict prediction. They do not optimise the threshold value, but they do showcase its effect on a model’s
behaviour, using the ROC AUC.
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successful as well. They have the advantage that they can include expert knowledge in the form of informative
priors to reduce noise in the model. Williford and Atkinson (2019) used Bayesian model averaging to predict
interstate conflict onsets, with fairly good results.

2. Host a forecasting competition for interstate conflict onset

The number of studies forecasting explicitly interstate conflict onset is still fairly low compared to other forms of
conflict forecasting. A particular recommendation for the Hague Centre of Strategic Studies, or any other policy
modelling institute, is hosting a forecasting competition for the prediction of interstate conflict onset. The VIEWS
project has hosted a competition for predicting escalation of state-based violence in Africa (Vesco et al., 2022).
They found that when combining the heterogeneous models of the participating teams, the resulting ensemble model
performed better than each individual model. Additionally, such a focused effort on a single problem results in many
opportunities for furthering the field.
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6 CONCLUSIONS

The goal of this study was to improve predictive models for interstate conflict. To that end, it tested whether the
addition of automated event data improved upon the current models which rely on structural variables. For all three
problems, conflict occurrence, conflict onset, and conflict escalation, there was no benefit found to including
automated event data. Nevertheless, it cannot be stated that automated event data have no use in interstate conflict
prediction within this setup, because further tests will need to be carried out to confirm this.

The research process started with selecting structural predictors on the basis of theorised causal effects to interstate
conflict. This selection criterion is suitable, since the structural predictors are capable of predicting the occurrence
and escalation of conflict with reasonable accuracy. The predictor with the most robust effect on all problems is
contiguity. The approach used was a machine learning approach with tree ensembles, selected for their flexibility
and a certain measure of interpretability.

The occurrence and escalation models were found to be performing somewhat above the benchmark in the field, but
the models for conflict occurrence do not perform well. Based on the outcomes of this study, the recommendations
for further research are 1) to continue testing automated event data setups, 2) to use model ensemble , more
specifically Bayesian ensembles, given their performance in the field, and 3) to host a prediction competition for
interstate conflict at the Hague Centre of Strategic Studies, or any other policy modelling institution.

The main contribution of this study is that automated event data combined with machine learning and structural data
do not improve interstate conflict prediction. However, there is potential in predicting escalation levels throughout
an interstate conflict, and it also has been shown that it is possible to model interstate conflict on a monthly level
instead of a yearly level.

Early-warning systems accurately predicting conflict onset and its current escalation with a month lead time, linked
to actionable policy levers, remain a goal for the time being. Nevertheless, accurate prediction of conflict
occurrence, possibly linked to early action levers are within reach. Finally, predicting escalation levels does seem to
be possible as well.
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Appendix A DATA

A.1 Target variables

A.1.1 Selecting conflict dataset

The target variable data are sourced from the MID Dyadic dataset. It offers the best distribution of conflict cases
across escalation levels, and has the most convenient format. In the sections below, the conditions used in selecting
a dataset are set out, after which the candidate conflict datasets are each evaluated against those conditions in the
next section

A.1.1.1 Conditions for selection

There are a number of conditions that apply in selecting the dataset to be used. Three of those have a hard boundary,
the dataset either meets or does not meet the condition. One condition has a soft boundary, meaning that the degree
to which the condition is met is the deciding factor. All four, however, are critical to the project’s successful
execution.

The first of these conditions is that 1) the data must contain cases explicitly coded as interstate conflict. There is a
blossoming literature on the prediction of various forms of conflict, such as civil wars, ethnic violence, and intrastate
violence (see for example the VIEWS project, which includes state-of-the-art models for predicting intrastate
violence (Hegre, Bell, et al., 2021), and the Global Conflict Risk Index, the EU early-warning model for intrastate
violence (Halkia et al., 2020). However, this means that not every conflict dataset explicitly measures the interstate
conflict required for this research. Then, 2), the data must allow for disaggregation to the level of the dyad month.
This is the unit of analysis of the project. A start date and an end date for any conflict must be included and must be
accurate to at least the level of a month. Subsequently, 3) the data must allow for constructing a measure of
escalation. In the wider literature, there is no consensus on a measure for the concept of escalation of interstate
conflict. Different studies use different measures, often using the number of fatalities, use of force, or the reciprocity
of a conflict (Braithwaite & Lemke, 2011; Terechshenko, 2020). Therefore, our datasets are judged as to what extent
they offer information on these conflict characteristics. The exact measure used depends on what is available for our
purposes, and on the distribution of the data points through various classes of escalation, as mentioned in condition
four. The choice for final measure is explained in section 3.1.2.1. The last-to-one condition 4) pertains to the size of
the available data. The data must have as many usable data points as possible, when transformed into a dyad month
format. The minimum is a couple of hundred cases, available from 1995 onwards, since this is the starting point of
the ICEWS project data collection, the event dataset that is used. This condition also applies to the different classes
of the escalation scale to be constructed. A dataset that offers a decent distribution across different classes of
escalation offers greater flexibility in successfully predicting various levels of escalation. And finally, 5) the data’s
scope must be global, since the model aims for global prediction, and extend in time as far as possible from 1995
onwards.
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A.1.1.2 Overview of conflict datasets

Given the exact requirements and conditions outlined in the previous section, the MID Dyadic Dataset Version 4.02
is most suited to the research objectives. The following section presents an overview of the candidate conflict
datasets, and the arguments pro and contra using them. These eight datasets were selected after a background study,
and have all been constructed manually. These are in general more accurate compared to their automated
counterpart, because humans are better than machines at taking the context of historical events into account. The
classifying power of the models depends in large part on the target variable’s accuracy, hence this choice for
manually constructed datasets.

CoW Militarized Interstate Dispute Data, version 5.0 (MIDA)

The Correlates of War project’s MID dataset (Palmer et al., 2022) was first published in 1984, and receiving
multiple updates through the years, has become the standard for quantitative research into interstate conflict. It
offers data from 1816 until 2014 on MIDs, which are defined as “united historical cases of conflict in which the
threat, display or use of military force short of war by one member state is explicitly directed towards the
government, official representatives, official forces, property, or territory of another state” (Jones et al., 1996, p.
163). It measures the number of fatalities, whether force was used, and whether a conflict was reciprocated.
Additionally, it offers the starting and ending dates of a conflict.

CoW MID Incidents Dataset, version 5.0 (MIDI)

The MIDI dataset contains the incidents that make up the MIDs described in the MIDA dataset, but only for the time
period 1993-2014. Incidents are the building blocks of MIDs, and they are defined as a “single military action
involving an explicit threat, display, or use of force by one system member state towards another system member
state” (Jones et al., 1996, p. 169). Incident-level data allows prediction of escalation levels within a conflict, similar
to the ICBe data later to be discussed. Nevertheless, as Table A-1 shows, MIDI also has a significant shortcoming in
the fact that the highest escalation class has a very low event count, making effective prediction of escalation to war
impossible. The incident level data does offer an opportunity for future research, focussing on prediction of
escalation through time.

MID Dyadic Dataset, version 4.02

The MID Dyadic dataset is built almost entirely on the MID 5.01 dataset, mentioned above (Maoz et al., 2019). The
most notable difference is that the data are presented in dyad years, instead of on the system level. This allows for
easier transformation into the dyad month format required in this research, and more data points to use. That
argument, combined with the advantages of the underlying CoW MID dataset make this the dataset of choice. For
comparison among the CoW datasets, the table below presents the distribution of escalation classes among the three
datasets discussed.

Table A-1. Usable cases CoW datasets

No. of cases

Level of escalation MIDA MIDI MID Dyadic
(disputes) (incidents) (dyad years)

Threat to use force 9 157 88

Display of force 228 2052 888

Use of force 350 1816 1234

War 4 8 92

Total 591 4033 2302
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International Crisis Behaviour, version 14.0 (ICB)

The ICB codes 257 crisis episodes from 1918 to 2017 (Brecher et al., 2021; Brecher & Wilkenfeld, 2000). However,
only 74 of those episodes took place from 1995 onwards. Furthermore, it includes a variable coding the level of
violence, which could be used as an escalation measure. The dataset is though, very thinly populated.

Table A-2. Usable cases ICB dataset

Level of escalation No. of cases

No violence 20
Minor clash 29
Serious clashes 14
Full-scale war 11
Total 74

ICB events, version 1.0 (ICBe)

The ICBe contains the same episodes as the ICB dataset, but contains a much more detailed description of the intra-
crisis dynamics. It offers the best possibilities for measuring escalation, for example using the variables fatalities
and Jocation (Douglass et al., 2022). However, although it has plenty of accurately coded events, for our purposes,
the amount of crisis episodes, equal to the ICB dataset, is quite low. Additionally, it offers far more granular access
to conflict events than is required for the target variable. While a great asset when analysing specific conflicts, using
this measure will first require aggregation of the specific events into dyad month. Although manageable, this would
create an extra strain on the project resources.

UCDP Georeferenced Event Dataset (GED Global), version 21.1

The UCDP GED dataset is another example of a well-filled accurate event dataset, which has gained prominence in
recent years (Pettersson et al., 2021; Sundberg & Melander, 2013). It contains a total of 261864 events, of which
99% have an associated starting date. However, interstate conflict falls under the wider category of state-based
events, a coding decision which makes it impossible to filter out interstate conflict.

UCDP/PRIO Armed Conflict, version 21.1

The UCDP/PRIO AC is another contender. It contains measures for escalation, and codes explicitly for interstate
conflict (N. P. Gleditsch et al., 2002; Pettersson et al., 2021). Unfortunately, it contains only fifteen useful cases,
representing a mere ten unique conflicts with a specific starting month from 1995 onwards.

Issue Correlates of War, version 1.01 (ICOW)

The ICOW project (Frederick et al., 2017) offers data on salient issues in interstate conflict, of which only the
territorial issues dataset covers the entire world. The datasets are based on the dyadic structure of the CoW MID
datasets. It measures whether violence was used in resolving a territorial claim, but unfortunately, since it only
focuses on territorial claims, we cannot use it for the prediction of the full spectre of interstate conflict, which may
take place outside territorial claims. Additionally, it only contains data up to 2001.

Conflict Barometer - Heidelberg Institute International Conflict Relations Research 2020 (HIIK)

Finally, the HIIK Conflict Barometer datasets are another recently published dataset (Heidelberg Institute
International Conflict Relations Research, 2021). Unfortunately, although it keeps track of conflict intensity, it
contains only twenty-four instances of interstate conflict after 1995, which is far below the required hundreds of
cases.
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Table A-3. Summary of candidate datasets

Appendix A: Data

Codes for Monthly (dis)- Measure of
interstate Relevant cases Time period aggregation escalation
conflict possible possible
MID Data 5.0 Yes 591 MIDs, system level 1816-2014 Yes Yes
MID Incidents 5.0 Yes 4033 incidents, 1992-2014 Yes Yes
system level
MID Dyadic Dataset 4.02  Yes :}S:’rls undirected dyad 1816-2014 Yes Yes
ZA:)D Interstate War Data Yes 24 wars, directed dyads 1816-2014 Yes No
ICBV14 Yes 74 crises, system level 1918-2017 Yes Yes
Yes, but Yes, but
ICBe 1.1 Yes 58761 events 1918-2017 difficult. difficult.
UCDP GED 21.1 No 176861 events, 1989-2020  Yes No
system level
UCDP/PRIO Armed .
Conflict 21.1 Yes 15 undirected dyad years ~ 1946-2020 Yes Yes
ICOW Territorial Clai
1C(§)1 erritorial Claims 830 dyad years 1816-2001  Yes Yes
HIIK 2021 Yes 24 wars, system level 1825-2020 No Yes

Thus, the dataset meeting all four conditions best is the MID Dyadic dataset, with the number of usable cases setting
it apart from most other datasets, and its dyad year format making it the better choice vis-a-vis the MIDA dataset.

A.1.2 Included countries

The countries included in the research are referred to as relevant states. There are 187 relevant states, which existed
for the full period of time between 1995 and 2014, according to the CoW State System Membership dataset.
However, there are eight states that came into existence after 1995. These were discarded to simplify the data
manipulation process. If the number of dyads were allowed to fluctuate through time, the creation of a dyadic
dataset, and adding all subsequent input variables to it would have been greatly complicated. For more details on the
data manipulation process, see the file Data-manipulation_structural.ipynb in the supporting materials folder.

Of these eight excluded countries, four have been involved in an MID, for a total of fourteen MIDs. These are
East Timor, Kiribati, Kosovo (2 MIDs) Montenegro (8 MIDs), Nauru, Palau (1 MID), South Sudan (3 MIDs),
Tonga, and Tuvalu.

Furthermore, there are 26 duplicates in the CoW state list. These represent national ‘rebirths’, such as a liberation
from occupation (Correlates of War Project, 2017). In some cases, this can be a long period of time (e.g., Latvia did
not exist as an independent nation between 1940 and 1991). Fortunately, all of these instances were before 1995,
which means they do not affect this project’s list of relevant states.

Then, one country identified in the MID Dyadic dataset was not found in the state membership data. Uganda is
noted as UGD, which should be the correct CoW abbreviation for Uganda, UGA. The four occurrences of this code
were converted to the standard.

Finally, this leaves us with the 187 relevant countries:

Afghanistan Austria Benin Burkina Faso
Albania Azerbaijan Bhutan Burundi
Algeria Bahamas Bolivia Cambodia
Andorra Bahrain Bosnia and Cameroon
Angola Bangladesh Herzegovina Canada
Antigua & Barbuda Barbados Botswana Cape Verde
Argentina Belarus Brazil Central African
Armenia Belgium Brunei Republic
Australia Belize Bulgaria Chad
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Chile

China

Colombia
Comoros

Congo

Costa Rica
Croatia

Cuba

Cyprus

Czech Republic
Democratic Republic
of the Congo
Denmark
Djibouti
Dominica
Dominican Republic
Ecuador

Egypt

El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia
Federated States of
Micronesia

Fiji

Finland

France

Gabon

Gambia

Georgia

Germany

Ghana

Greece

Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana

Haiti

Honduras
Hungary
Iceland
India
Indonesia
Iran

Iraq

Ireland
Israel

Italy

Ivory Coast
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kuwait
Kyrgyzstan
Laos

Latvia
Lebanon
Lesotho
Liberia
Libya
Liechtenstein
Lithuania
Luxembourg
Macedonia
Madagascar
Malawi
Malaysia
Maldives
Mali

Malta
Marshall Islands
Mauritania
Mauritius
Mexico
Moldova
Monaco

Mongolia
Morocco
Mozambique
Myanmar
Namibia
Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
North Korea
Norway
Oman
Pakistan
Palau
Panama
Papua New Guinea
Paraguay
Peru
Philippines
Poland
Portugal
Qatar
Romania
Russia
Rwanda
Samoa

San Marino
Sao Tome and
Principe
Saudi Arabia
Senegal
Seychelles
Sierra Leone
Singapore
Slovakia
Slovenia
Solomon Islands
Somalia

South Africa
South Korea
Spain

Sri Lanka

St. Kitts and Nevis
St. Lucia

St. Vincent and the
Grenadines

Sudan

Suriname
Swaziland
Sweden
Switzerland

Syria

Taiwan

Tajikistan
Tanzania

Thailand

Togo

Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
Uganda

Ukraine

United Arab Emirates
United Kingdom
United States of
America

Uruguay
Uzbekistan
Vanuatu
Venezuela
Vietnam

Yemen
Yugoslavia*
Zambia
Zimbabwe

* Yugoslavia refers to the pre-2006 Serbia and Montenegro federation, and the post-2006 state Serbia. The state
Montenegro was excluded. The name Yugoslavia was kept for the entire period 1995-2014, following Correlates of

War.
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A.2 Input data — Structural variables

This section presents a detailed overview of the input variables used in the models. All are coded as binary
variables, except for inter-capital distances and dyadic peace years, which are interval variables. All possible dyad
months were assigned a value for these variables. These variables were selected based on a review of the literature
on the causes of interstate conflict.

For every variable, first, the concept it codes for is explained. Then, the grounds on which the variable was included
are discussed. Subsequently, each subsection presents the operationalisation and data source of the variable, as well
as finally, any remarks on data structure or data manipulation. An overview of the variables is given in the table

below.

Table A-4. Structural variables

Variable

Operationalisation

Data source

Political

Security

Geographical

Existing rivalries

Joint democracy

Major power

Alliance (broad)
Alliance (defence pact)

Nuclear weapons (both)

Nuclear weapons (one)

Dyadic peace years

Contiguity
Distance

Regions

1 if two states see each other as a significant threat,
else 0

1 if two states score 6 or higher on the 0-10 Polity
democracy scale, else 0

1 if one state is classified a major power, else 0

1 if a any military alliance exists on the dyad, else 0

1 if a defence pact exists on the dyad, else 0

1 if both dyad states possess nuclear weapons, and 0
otherwise

1 if only one dyad states possesses nuclear weapons,
and 0 otherwise

The number of years since the dyad was last
involved in an MID

1 if contiguous on land, or separated by less than 24
miles of water, 0 otherwise

Distance between the dyad capitals in kilometres

1 when both states are in the same region, and 0

Thompson rivalry dataset,
v2022

Polity5 Project

CoWw State System
Membership dataset,
v2016

CoW Formal Alliances v4.1

CoW Formal Alliances v4.1

Nuclear Weapons - Our
World in Data

Nuclear Weapons - Our
World in Data

CoW MID Dataset

CoW Direct Contiguity v3.2
EUGene
World Bank

otherwise

A.2.1.1 Existing rivalries

Existing rivalries refer to state pairs that see each other as a significant threat, sometimes for lengthy periods of time.
These perceptions lead to tense relations, a heightened sense of insecurity and a higher risk of conflict, which is why
rivalries are used in conflict prediction research (Braithwaite & Lemke, 2011).

Since the emergence of research on interstate rivalries in the 1990s, two data collection efforts have informed the
mainstay of rivalry research. The first of these is the Diehl & Goertz (2000) dataset, which has received several
updates and which now goes by the name of the Peace data (Diehl et al., 2021). This dataset contains information on
an ordinal scale of interstate relations, ranging from ‘severe rivalry’ to ‘positive peace,” and is based on six
measurable underlying concepts, of which one is the frequency of MIDs on that specific dyad. The other dataset was
developed by Thompson (2001), and also recently updated (Thompson et al., 2022). This dataset divides rivalries
into positional, spatial, ideological, and interventionary rivalries, and is not based on measurable inputs, but on a
careful examination of the historical record. Within rivalry research, these two datasets represent different camps in
how to approach rivalry coding. Both are highly acclaimed and could be used for this project without problems. The
Thompson dataset has small advantage, however. The Diehl et al. dataset is partly based on a frequency count of
MIDs, which is quite similar to the dyadic peace year count used as a separate variable in this project, and the MID
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frequency count itself may be easily added to this project as a variable in future research. So, based on the ease of
future additions and variable diversity, this project will use the 2022 update of the Thompson dataset (Thompson et
al., 2022), which qualifies interstate rivalries as two states that “regard each other as competitive or operating more
or less in the same league” (Thompson et al., 2022, p. 2). These dyad instances are coded as 1, the rest as 0.

A.2.1.2 Joint democracy

The idea that democratic states are reluctant to go to war with each other is an old idea in the international relations
field, and a central tenet of the democratic peace theory. It is supported by a wide of range of empirical studies (see,
underpinning the correlation between democratic dyads and peace (Kinsella, 2005; Hegre, 2014) (Kinsella 2005,
Hegre, 2014). Nevertheless, plenty of debate persists regarding the causal pathways underlying this correlation
(Hegre, 2014), with the theory unable to provide definitive answers. To illustrate, some competing explanations are
set out. One explanation, tracing back to Kantian normative philosophy, comprises the assumption that states
externalize norms of political behaviour, and thus are reluctant to solve issues by force (Maoz & Russett, 1993).
Another explanation is that democratic leaders are more constrained in their use of force to the political structure of
their states (Maoz & Russett, 1993; Hegre et al., 2020). Yet another posits that it are various socio-economic
conditions that explain both democracy, and peace (Hegre, 2014). Still, none of these explanations enjoys scientific
consensus. Moreover, some raise doubt that the countries making up the democratic peace will, in the future,
continue to showcase the characteristics that cause this peace (Hobson, 2017), whatever these characteristics may
be, thus reducing the future strength of the correlation. Nevertheless, considering the debate described above, the
democratic peace remains a strong empirical finding and should find its way as a predictor in this model.

Based on this empirical finding, it is expected that a jointly democratic dyad is unlikely to experience MIDs. Yet,
the effect of joint democracy on the level of escalation is less clear. One might expect an adverse effect, since
democratic states would resolve their disputes peacefully, or on the other hand, one might expect that once
democratic states do come into conflict, their conflict must be so severe that even their regime type could not
prevent it, and thus a contributive effect on escalation. Braithwaite et al. (2011) found that the latter is more likely to
be true, but their statistical findings merely point in the direction of this idea, they are not enough to prove it.
Therefore, the effect on escalation is not clear on beforehand.

Operationalisation

The variable joint democracy uses data from the Polity5 Project by the Center of Systemic Peace (Marshall et al.,
2020). This living data effort is the golden standard for measuring regime characteristics in quantitative international
relations research and offers a composite variable coding for the strength of a state’s democracy. A dyad is coded 1
if both states score 6 or higher on this 0-10 democracy scale, and 0 otherwise.

An advantage of this approach is that we can avoid using the problematic middle values of a combined autocracy-
democracy score that ranges between -10 and 10. As the authors of the dataset note in their codebook, presenting all
regime types on a linear scale from perfect autocracy to perfect democracy risks simplifying their characteristics.
Democratic and authoritarian aspects can co-exist, resulting in a wide array of mixed regime types, which are
difficult to capture on a linear scale. Especially the middle-range values of this scale, often termed anocracies, might
not be representable of a state’s exact regime type. Since we are interested in democracies only, the specific
democracy variable can be used. This project follows Reed (2000) by creating a binary variable with the threshold at
6.

A.2.1.3 Major power

The presence of major powers is another well-established predictor for interstate conflict onset (King & Zeng,
2001). Due to their international influence and presence, major powers have extensive interests abroad, and are thus
more likely to come into conflict with another state (Reiter & Tillman, 2002). Therefore, it is expected to correlate
with conflict onset. There is no prior expectation in this research of the correlation between major powers and
escalation.

Like all other variables, this one is coded dyadically. If one of two dyad members classifies as a major power, the
variable is 1, if not, it is 0. The data source for the list of major powers is the standard in the field, the CoW State
System Membership dataset, v2016 (Correlates of War Project., 2017). The major powers in this project are the
United States, United Kingdom, France, Germany, Russia, China, and Japan.
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A.2.1.4 Alliance

escalation, since both states are on friendly terms with each other.

The source data are the CoW Formal Alliance dataset, version 4.1 (Gibler, 2009), which recognises four types of
alliances. Defence alliances refer to defence pacts, neutrality refers to neutrality pacts, nonaggression comprises a
pact where states vow not to attack each other, and last, ententes refer to states that will consult one another in case
of a crisis.

These different types are accounted for in two variables, both coded 1 if an applicable alliance exists, or 0 otherwise.
The broad alliance variable encompasses all types of alliances, and the defence alliance variable refers to defence
pacts only. The reason behind the creation of a separate defence pacts only variable is that defence pacts, the
strongest form of alliances, might be correlated more strongly than the general alliances with conflict onset and
escalation. Including defence pacts separately in the feature space might add additional possibility to the modeling
algorithms to extract relations between features and the target variables.

Data manipulation

Due to the format of the alliance data, special attention has been paid to duplicate values. The original data were
collected at the alliance level, while the desired format is the dyad month level. This means that multiple alliances
can exist next to each other in the same dyad month. An example is the alliance history of the United Kingdom and
Portugal, who share three separate alliances.

Table A-5 Data excerpt showing UK-Portugal alliances

index statel state2 start year endyear = defence Neutra- | nonaggression entente = year
lity

196 United Kingdom Portugal 1816 2012 1 0 1 0 2012

43086 @ United Kingdom Portugal 1988 2012 1 0 0 1 2012

47162  United Kingdom Portugal 1949 2012 1 0 1 0 2012

When coding such cases at the dyad month level, which is required in this project, they create multiple entries per
dyad month. To manage these duplicates, two operations are performed.

1. Drop duplicate rows where the treaty type is similar. Either both defence pacts, or both non-defence pacts.
2. In case of two dissimilar treaties, drop the non-defence pacts row. A defence pact is the most encompassing
deepest of alliance, and presupposes the other types.

In the case of the UK and Portugal, this means that all dyad months will be coded 1 for both Alliance defence, and
Alliance broad.

Finally, since the alliance data stretch back until 2012, dyad months after 2012 were assigned NaN values. Out of
9736 values used for the modeling dataset, 1009, or 10.4% were missing values.

A.2.1.5 Nuclear weapons

Nuclear deterrence theory posits that nuclear weapons have a pacifying effect, due to the apocalyptic consequences
of a nuclear war, a central notion to the doctrine of mutual assured destruction. Although this is a popular notion,
and might very well be true, especially when both states possess nuclear weapons, there is no academic consensus
on the effect of nuclear weapons on conflict onset and escalation. Although the direction and size of these effects,
remain open to debate, they do warrant nuclear weapons possession’s inclusion as a predictor in this study. Two
variables were created, one for mutual nuclear weapons possession, and one for one-sided possession.

When both states on a dyad have nuclear weapons, disputes between them are expected not to escalate, due to the
risk of the apocalyptic consequences of nuclear war. However, dispute onsets are expected to be more frequent,
mainly because nuclear power is correlated with other predictive factors, such as being a major power, and
contiguity (Bennett & Stam, 2004, p. 137). This variable is coded 1 if both dyad states possess nuclear weapons, and
0 otherwise.
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When only one state has nuclear weapons, disputes are also expected to be more frequent, because the nuclear-
armed state enjoys an advantage in knowing that its opponent could not retaliate at the highest level of violence - it
enjoys escalation dominance, the ability to move a conflict up the escalation ladder at a time and setting of one’s
own choosing. Note, however, that it might be the case that states have developed nuclear weapons, precisely
because they were embroiled in conflict, which could make both variables be positively correlated with conflict
onset (Bennett & Stam, 2004, p. 136). This second variable is coded 1 if only one of the dyad states possesses
nuclear weapons, and 0 if otherwise.

Finally, the data were provided by the Our World in Data website (Roser et al., 2013). Of the countries under
consideration, only Gambia was not included. It has, though, never possessed nuclear weapons, and was treated as
such.

A.2.1.6 Dyadic peace years

A history of conflict has consistently been found to be predictor of future conflict (Reed, 2000; King & Zeng, 2001;
Braithwaite & Lemke, 2011). Country pairs that experienced conflict recently are more likely to experience new
conflict than those that did not, a phenomenon termed temporal or duration dependence in the literature. This
variable is operationalised as the number of years that no MID has occurred between two states, starting from 1816,
or the creation of the youngest state. This is calculated from the same MID data that make up the MID cases. Dyads
experiencing repeated conflict show low values for this variable and can be described as dangerous dyads.

Notes on data structure

Only the relevant countries are included, and relatively few dyads extend all the way back to 1816, as can be seen in
Figure A-1. To illustrate the variable construction, Table A-6 shows a sample of the peace years count between the
United States (2) and Vietnam (816) for the dyad years 1995 to 1997.

Table A-6. Sample dyadic peace years variable

index combi year  dyadic peaceyears
12137 2,816 1995 42
12138 2,816 1996 43
12139 2,816 1997 44

The variable is expected to be a strong predictor especially at the ends of the distribution of its values. Those very
few country pairs that did not experience conflict for over a hundred or so years are highly likely to remain peaceful,
whereas those dyads that have zero or one dyadic peace years are expected to experience conflict again.

What is the frequency of dyadic peace year counts since 18167

0 25 50 75 100 125 150 175 200
No. of dyadic peace years

Figure A-1 Value counts of dyadic peace years variable
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A.2.1.7 Contiguity

Contiguous states are more likely to come into conflict, as contiguity allows for intensive contact, both peaceful and
conflictuous, between the two countries. This relation has been known for some time, see for example Maoz and
Russet (1993) and Stodola et al. (2021). The source data for this variable are the CoW Direct Contiguity dataset,
version 3.2 (Stinnett et al., 2002; Correlates of War Project, n.d.). Contiguity is operationalised dichotomously, with
1 if both states are contiguous on land, or separated by less than 24 miles of water, and with 0 otherwise.

A.2.1.8 Distance

Similar to contiguity, distance discourages conflict (Gartzke, 2007), because it limits the interactions of states, and
makes extensive military conflict simple less feasible. Distance is operationalised as the distance between the dyad
capitals in kilometres, using the EUGene software for data and data formatting (Bennett & Stam, 2000).

A.2.1.9 Regions

This is another measure of geographic proximity. A dyad is coded 1 when both states are in the same region, and 0
otherwise. The seven regions are: East Asia and Pacific, Europe and Central Asia, Latin America and Caribbean,
Middle East and North Africa, North America, South Asia, and Sub-Saharan Africa. The data are provided by the
World Bank analytical grouping of countries (World Bank Group, 2018, p. x).
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A.3 Multicollinearity

The following table presents all thirty-seven features out of 279 that have a variance inflation factor higher than 5,
which indicates the presence of multicollinearity. All are event count variables.

Table A-7. VIF scores higher than S

Feature Variance inflation factor
1 Appeal for easing of political dissent o
Accede to requests or demands for political reform ©
Host a visit 20620.82
Make a visit 20586.02
Provide military protection or peacekeeping 390.01
Receive deployment of peacekeepers 389.97
Ease military blockade 341.84
Engage in political dissent 316.07
Use conventional military force 32.27
10  Make statement 19.51
Use unconventional violence 16.97
Employ aerial weapons 14.54
Expel or withdraw peacekeepers 11.33
Const - (constant used in VIF calculation) 11.20
Occupy territory 10.56
Appeal for easing of administrative sanctions 9.87
Impose blockade, restrict movement 9.64
fight with artillery and tanks 9.26
Demobilize armed forces 9.25
20  Reject 8.83
Impose administrative sanctions 8.37
Abduct, hijack, or take hostage 8.29
Give ultimatum 7.86
Grant diplomatic recognition 7.51
Make an appeal or request 7.33
Express intent to de-escalate military engagement 7.24
Threaten 7.00
Accuse 6.85
Demand 6.34
30  Refuse to ease administrative sanctions 6.29
Retreat or surrender militarily 5.93
Express intent to meet or negotiate 591
Consult 591
Mobilize or increase armed forces 5.51
Criticize or denounce 543
37  Violate ceasefire 541
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